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Learning to perform multiple tasks robustly is a crucial facet of human intelligence, yet its mechanisms
remain elusive. Here, we formulated four hypotheses concerning task interactions and investigated
them by analyzing training sequence effects through a continual learning framework. Forty-nine
subjects learned seven tasks sequentially, each of the seven groups following a distinct sequence.
Results showed that subjects learning a task later in a sequence exhibited poorer performance in six
tasks (Contrast, Vernier, Face, Motion, Auditory, and N-back tasks, except for the Shape task)
compared to those who learned this task earlier. Interestingly, sequence position had minimal impact
on forgetting. A complementary dual-task experiment corroborated these findings. Through detailed
analyses of session and block learning curves, we revealed task-specific anterograde interference, but
no retrograde interference. These findings support the integrated reweighting theory and shed light on
the meta-plasticity mechanism governing how human brain balances plasticity and stability.

Humans are not only extremely sensitive in performing a wide range of
simple perceptual tasks but also exceptionally proficient in performing
complicated tasks comprised of multiple perceptual processes'. While some
of our perceptual skills develop during childhood, others are acquired and/
or refined through perceptual learning well into adulthood”™. This “natural”
perceptual expertise underscores our capacity to master multiple perceptual
tasks through perceptual learning. Studies on perceptual expertise in spe-
cialized domain®”’ and perceptual rehabilitation® also highlight the
importance of training across multiple perceptual tasks to achieve profi-
ciency in the real world. Despite strong evidence of learning-induced
plasticity across all perceptual and cognitive domains'’, the brain’s ability to
reconcile the need for plasticity with the maintenance of existing expertise
remains a puzzle'"'. In this study, we investigate interactions across multiple
perceptual tasks learned through sequential training.

We consider four hypotheses regarding task interactions: independence,
facilitation, retrograde interference, and anterograde inference (Fig. 1). To test
these hypotheses, we would employ multiple perceptual tasks and explicitly
manipulate their sequence position in sequential training. The simplest
design would involve two tasks in two sequences: In the first sequence, task A
is trained first, followed by training in task B and testing in task A; and in the
second sequence, task B is trained first, followed by training in task A and
testing in task B. If the two tasks are completely independent'*", the sequence

of training would have no impact on any performance measures of either task
(Fig. 1a). If training facilitates learning, tasks trained later in the sequence
would benefit from the training of tasks earlier in the sequence, resulting in
“learning to learn”--- improved initial performance and/or faster learning'*"*
(Fig. 1b). Retrograde interference'*”’, also known as “catastrophic forgetting”
in artificial intelligence’”, suggests that learning a new task would disrupt
performance in a previously learned task (Fig. lc). Lastly, anterograde
interference™ is defined as the detrimental effect of prior learning on sub-
sequent learning in a new task, manifested as reduced initial performance, a
slower learning rate, or both, while performance in the first-trained task
remains preserved after learning the second task (Fig. 1d).

Although there is evidence for all four types of interactions, most
studies have not used the complete design to fully test these hypotheses. The
closest is a study by Fahle" who trained three hyperacuity tasks sequentially
in all six possible training sequences. He found that the average performance
across the three tasks was slightly better in the first sequence position than
the other sequence positions and conclude that the tasks were mostly
independent, with a trend of anterograde interference. Fahle and Morgan'
trained three-dot Vernier and bisection tasks sequentially in two sequences
and found evidence for anterograde interference. However, because there
was no re-test of the first trained task following the completion of the second
task, we do not know whether there was retrograde interference. Using
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Fig. 1 | Four hypotheses on task interactions in sequential training of two tasks.
a Independence: No effect of training sequence. b Facilitation: Performance in the
task trained later benefits from training of the earlier task. ¢ Retrograde Interference:

Training of a new task disrupts the performance of a learned task. d Anterograde
Interference: Training of a task hinders subsequent training of a new task.

similar tasks with alternating blocks of the two training tasks in two
sequences, Huang et al. ° found that learning of the two tasks was inde-
pendent, with no evidence for any interaction.

Other studies employed two tasks, designating one as the training task
and the other as the transfer task in one training sequence, without explicitly
manipulating the order of the two tasks. These studies found that per-
forming the training task either enhanced the initial performance™”, sped
up the learning rate™, or had no effect on the performance™* of the transfer
task, and overlearning would induce anterograde interference”. Additional
tests on the training task after the completion of the transfer task in some of
these studies found that there was no long-term retrograde interference™*,
and short-term retrograde interference can be avoided by overlearning'
extended time interval between two training phases”’. One study, which
sequentially trained five tasks with a common task structure, demonstrated
that learning rate increased as training experience accumulated”’. While
these studies have revealed some important effects of the training task on the
transfer task, the lack of explicit manipulation of the training sequence of the
trained and transfer tasks renders them inadequate for fully evaluating the
four hypotheses outlined above. For example, although studies have found
that playing action video game could facilitate the performance and learning
in perceptual and cognitive tasks'**, it remains unclear whether training in
these perceptual and cognitive tasks can, in turn, enhance performance in
video game playing.

The more common paradigm trained only one task but included pre-
and post-training tests on additional untrained tasks, while manipulating
the designation of the trained and untrained tasks across groups. These
studies found that the training on one task either had no impact on”, or
benefited the performance of *** the untrained tasks. However, because
they only trained one task, these studies can only uncover the impact of the
trained task on the initial performance of the untrained tasks instead of any
changes of learning dynamics.

The current study employed the learning of multiple tasks and expli-
citly manipulated their sequence position during training to investigate task
interactions. In Experiment 1A, 49 subjects were trained in seven tasks
(Fig. 2), and were evenly divided into seven groups, each receiving training
in a distinct sequence. Additionally, a subset of them also participated in a
re-test of these seven tasks several months later (Experiment 1B). In
Experiment 2, fourteen subjects were trained in Vernier offset discrimina-
tion and visual shape search tasks, with half of them learning one task first,

and the other half learning the other task first. The dataset used in
Experiment 1A includes seven different learning tasks spanning a broad
range of perceptual domains to maximize variability, including low-level
(e.g., contrast detection), mid-level (e.g,, visual shape search), and high-level
tasks (e.g., face view discrimination), as well as tasks across different mod-
alities (visual, auditory, and audiovisual working memory, such as the N-
back task). This diverse task set better approximates real-world learning and
allows us to explore whether tasks of varying complexity and modality share
common or task-specific learning mechanisms, and how they interact.
When we originally collected this data, our goals were to examine (1)
individual differences, (2) the functional forms of learning curves, and (3)
the effects of training sequences in perceptual learning. Experiment 2 was
conducted to validate the key findings in Experiment 1 using a simpler
experimental design. Papers on individual differences™ and the functional
forms of learning curves™ have already been published. In this study, we
implemented session-by-session Linear Mixed-Effects Models (LMMs) and
built a comprehensive block-by-block model to assess the influence of
training sequence position on learning and long-term forgetting processes.

Results

Effects of sequence position in learning seven tasks
(Experiment 1A)

With a total of forty-nine subjects (22 males, 23.4 + 2.5 years) trained in seven
tasks across seven distinct training sequences (Fig. 2a, b), Experiment 1A
employed a two-factor mixed design. Task served as a within-subject factor,
while training sequence acted as a between-subject factor (See “Methods” for
detailed information). Each specific task, such as motion direction dis-
crimination highlighted in red in Fig. 2c, was learned in each of the seven
sequence positions across the seven distinct training sequence groups.

To visualize the influence of sequence position on performance, we
calculated the average session-by-session learning curves of subjects who
received training in sequence positions 1, 2, and 3 (“early training”), and
those who received training in sequence positions 5, 6,and 7 (“late training”)
for each task. The results (Fig. 3) showed that, for five out of the seven tasks
(Motion, Vernier, Contrast, Face, and Auditory), subjects who underwent
training in the early sequence position exhibited better performance than
those who received training later for the same task. For the other two tasks
(Shape and N-back), the training sequence position had no discernible
effect.

npj Science of Learning| (2025)10:23


www.nature.com/npjscilearn

https://doi.org/10.1038/s41539-025-00312-7

Article

Motion direction discrimination
Biank

a

Intorval 1 Interval 2 Response

500 ms

Task1 Task2

500ms  200ms

Vernier offset discrimination

Inteval 1 Interval2 Interval 3 Response

6~10

25ms 150 ms 25ms

Training Sequences

Face view discrimination

Interval 1 Blank Inteval 2 Response

100 ms 1400 ms 100 ms

Sequential training design

Task3 Task4 Task5 Task6 Task7

—>

11~15 16 ~20 21~25 26 ~ 30 31~35

Sessions

Position1 Position2 Position3 Position4 Position5 Position6 Position7

Seqi1/Groupi Motion  Vernier Face Contrast ~ Shape Auditory  N-back

Contrast detection

. n . . . . Seq2/Group2  N-back Motion  Vernier Face Contrast ~ Shape Auditory
Visual shape search

neval - Resporse Seq3/Group3  Auditory  N-back Motion Vernier Face Contrast  Shape
Auditory frequency discrimination Seq4/Group4  Shape Auditory  N-back Motion  Verier Face Contrast

A N EA Seq5/Group5  Contrast  Shape Auditory  N-back Motion  Vernier Face
Audiovisual N-back working memory

S v S Seq6/Group6  Face Contrast  Shape Auditory  N-back Motion  Vernier
HI!H!IH!IIII

e H T Jfalfr]Le] s [ e ¥ . _ .

7 Seq7/Group7  Vernier Face Contrast  Shape Auditory  N-back Motion

Aoy targen

Fig. 2 | Design and Procedures (Experiment 1A). a Illustrations of the procedures
of the seven training tasks. The facial images used in the face view discrimination task
were generated using FaceGen software and are entirely synthetic, which do not

depict any real individuals. b Illustration of the sequential training design. ¢ The
seven distinct training sequences. The motion direction discrimination task was
highlighted to depict the seven training sequence positions for each task.
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Fig. 3 | Effects of training sequence position on learning seven tasks (Experiment
1A, N =49). a The averaged session-by-session performances of subjects who
received training in sequence positions 1, 2, and 3 (“early training”, represented by
red dots), and subjects who received training in sequence positions 5, 6, and 7 (“late
training”, represented by blued dots) for each of the seven tasks, along with the

predicted learning curves of the best-fitting LMM model (red and blue solid lines).
Error bar denotes standard error. b Coefficients of sequence position on the initial
performance (pink color) and the general learning rate (lavender color) for the five of
seven tasks that exhibited significant sequence position effects.

To test these observations statistically, we employed LMMs to analyze
the effect of sequence position in each task. Specifically, we compared the fits
of four models to the seven average learning curves of each task, one for each
sequence position. Modeling each learning curve as a linear function with an
intercept (initial performance) and a slope (general learning rate) acting on
log session number. M1 (2 parameters) assumes no effect of sequence
position on both initial performance and learning rate; M2 (3 parameters)
includes modulation (3, ) of initial performance by sequence position; M3 (3

parameters) includes modulation (8,) of general learning rate by sequence
position. M4 (4 parameters), the most saturated model, accounts for both
modulations (3, and f,). Model comparisons identified the best-fitting
model for each task as the one statistically equivalent to M4, outperforming
its reduced versions, and having the fewest parameters (see Methods).
Figure 3 only shows the averaged predicted learning curves from the
best fitting model for the early-training (sequence positions 1, 2, and 3) and
the late-training (sequence positions 5, 6, and 7) conditions. For the motion
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Fig. 4 | Design and results (Experiment 1B, N = 17). a Illustration of the sequential
training design with a re-test. b Average performance of the subjects who received
early training (red bar) and late training (blue bar) in their last training session

(Session 5) and re-test for each of the seven tasks. ¢ The coefficients of sequence
position on the initial performance in three of the seven tasks of the best
fitting model.

direction discrimination, Vernier offset discrimination, contrast detection,
and auditory frequency discrimination tasks, the best fitting model was
M2 (Fig. 3a and Supplementary Table 1). In these tasks, M2 significantly
outperformed M1 (Motion: M2 vs M1, LR (1) =6.35, p=0.01, 95% CI =
[0.007,0.022]; Vernier: M2 vs M1, LR (1)=19.64, p<0001, 95%
CI=[2.53x107°,0.006]; Contrast: M2 vs M1, LR (1) = 4.66, p = 0.03,95%
CI = [0.018,0.039]; Auditory: M2 vs M1, LR (1) =24.74, p <0.001, 95%
CI=[2.53 % 107>, 0.006]), and was statically equivalent to M4 (Motion: M2
vs M4, LR (1) =0.002, p = 0.97, 95% CI = [0.96, 0.98]; Vernier: M2 vs M4,
LR (1)=046, p=0.52, 95% CI = [0.49,0.55]; Contrast: M2 vs M4, LR
(1)=0.05, p=081, 95% CI = [0.78,0.83]; Auditory: M2 vs M4, LR
(1)=0.09, p=0.76, 95% CI = [0.73,0.79]). The negative coefficients of
sequence position on initial performance (Fig. 3b, Motion: 3, = —0.024,
p=0.01,95% CI = [-0.04, —0.005]; Vernier: 8, = —0.022, p <0.001, 95%
CI = [-0.03,—-0.01]; Contrast: 3, = —0.015, p=0.03, 95% CI =
[—0.03,—0.001]; Auditory: B, = —0.033, p<0001, 95% CI =
[—0.05,—0.02]) indicate that subjects who underwent later training
exhibited worse initial performance in those tasks.

For the face view discrimination task, the best fitting model was M3
(M3 vs M1, LR (1) = 6.45, p=0.01, 95% CI = [0.007, 0.022]; M3 vs M4, LR
(1)=0.27, p=0.56, 95% CI = [0.53,0.60]), with a negative coefficient of
sequence position on general learning rate (8, = —0.020, p =0.01, 95%
CI = [—0.035, —0.004]), indicating slower general learning rates for par-
ticipants receiving training later.

For the shape search and N-back tasks, M1 was the best fitting model,
indicating no significant effect of sequence position (Shape: M4 vs M1, LR
(2) =2.77,p=0.26,95% CI = [0.23, 0.29]; N-back: M4 vs M1, LR (2) = 2.47,
p=0.30,95% CI = [0.27, 0.33]).

In summary, these results demonstrate that, for low-level and mid-level
visual and auditory perceptual learning tasks, there was significant ante-
rograde interference (Fig. 1d). Furthermore, the performance in high-level
shape search and N-back working memory tasks was unaffected by
sequence position.

Testing for retrograde interference (Experiment 1B)

To examine whether learning new tasks induces retrograde interference on
previously acquired tasks, Experiment 1B re-evaluated a subset of 18 sub-
jects from Experiment 1A after 3 to 9 months (Mean * SE: 6.67 *
1.78 months) following the completion of the initial experiment (Fig. 4a).
The analysis in the main text only included 17 subjects, excluding one due to
the estimated threshold in the auditory discrimination task being more than

5 standard deviations lower than the average performance of all the other
subjects in the last training session of the task (Excluding the same subject
from the analysis in Experiment 1A had only a very small effect on the
results; see Supplementary Table 2 and Supplementary Fig. 1.)

Similar to Experiment 1A, the average performance of subjects who
underwent early (sequence positions 1, 2, and 3) and late training (sequence
potions 5, 6, and 7) was calculated for their last training and re-test sessions
in each of the seven tasks (Fig. 4b). If retrograde interference had occurred,
one would expect a greater reduction in performance for the early group
compared to the late group when comparing their performance in the last
training session and re-test. However, contrary to this expectation, the
reduction in performance between the last training session and re-test was
comparable between the early and late groups (all p > 0.05).

We employed four LMMs to assess the influence of sequence position
on performance in both the last training and re-test sessions, considering all
sequence positions for each task. N1 represented the most reduced model
without any sequence position effect. N2 considered modulation (y,) of
performance in the last training session by sequence position, while N3
considered modulation (y,) of the amount of performance reduction
between the last training session and re-test by sequence position. Finally,
N4 considered both the modulations of performance in the last training
session (y,) and performance reduction between the last training session
and re-test (y,) by sequence position (see Methods).

The results indicated that, for this subset of 17 observers, N2 was the
best fitting model for the auditory frequency discrimination, Vernier offset
discrimination, and face view discrimination tasks (Fig. 4c and Supple-
mentary Table 3), suggesting a negative (ie., anterograde) influence of
training sequence position on performance in the last training session for
these tasks (Vernier: y, =-0.04, t (31)=—2.81, p=0.008, 95% CI=[
—0.07, —0.01]; Auditory: y, =-0.05, t (31) = —4.10, p <0.001, 95% CI =
[—0.08, —0.03]; Face: y, = —0.04, t (31)= —4.15, p<0.001, 95% CI =
[—0.05,—0.02]). For the remaining four tasks, the best fitting model was
N1, indicating no significant effect of sequence position. Notably, in none of
these tasks did sequence position have any significant effect on performance
reduction between the last training session and re-test, as evidenced by
selecting N3 as the best-fitting model. These results suggested that there was
no retrograde interference in learning these seven tasks.

We also conducted the same analysis on the data from all 18 subjects,
which changed the best-fitting model for the auditory frequency dis-
crimination task to N1, while keeping the best-fitting models for the other
tasks the same (Supplementary Table 4 and Supplementary Fig. 2).
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Effects of sequence position in learning two tasks (Experiment 2)
Building on the findings from Experiments 1A and 1B, Experiment 2 aimed
to replicate the observed effects in a simpler design. Fourteen subjects (7
males, 20.5+2.5 years) participated, with half of them (Groupl, S1-7)
receiving training in the Vernier offset discrimination task first, while the
other half (Group2, S8-14) started with the visual shape search task. Sub-
sequently, all subjects received a re-test of the first trained task on the day
following 5 sessions of training for the second task (Fig. 5a). The learning
curves for the two groups in the two tasks, along with the re-rest perfor-
mance of the group that underwent initial training in each task, are depicted
in Fig. 5b and c. To analyze this data, we employed the same four LMMs
used in Experiment 1A.

For the Vernier offset discrimination task, M2 significantly out-
performed M1 (M2 vs M1, LR (1) = 6.66, p = 0.01,95% CI = [0.006, 0.02])
and was statically equivalent to M4 (M2 vs M4, LR (1) =0.08, p =0.78,
95% CI = [0.75, 0.80]). The estimated coefficient of sequence position on
initial performance (f,) was —0.09, indicating a negative influence of
sequence position on initial performance. Moreover, no significant per-
formance reduction was observed in Group 1 during re-test (¢ (6) = 0.002,
p=0.99, Cohen’s d=0.002). For the visual shape search task, M1 was
statistically equivalent to M4 (M1 vs M4, LR (2) =0.76, p =0.68, 95%
CI=[0.69,0.74]), signifying that sequence position had no significant
impact on the shape search task, consistent with Experiment 1A.
Additionally, improved performance was observed in Group 2 in re-test
(t (6)=—2.65, p=0.04, Cohen’s d=0.66), suggesting nonsaturated
learning during the five sessions of training. In summary, anterograde
interference was evident in the Vernier task, while independence was
observed in the Shape task. Furthermore, no retrograde interference was
detected in either task.

A comprehensive model of multitask perceptual learning

Examination of the session-by-session learning curves revealed task-specific
anterograde interference and the absence of retrograde interference in the
sequential learning of multiple tasks. Since previous studies have demon-
strated that block-by-block learning curves in perceptual learning involve
multiple short- and long-term component processes, including general
learning, between-session gain and forgetting, and within-session rapid
relearning and adaptation in perceptual learning®, and that the general
learning rate is significantly influenced by initial performance level, task
characteristic, and individual differences™, we developed a comprehensive
model. This model incorporated sequence position and the determinants of
general learning rate into the multi-component model™ and we applied it to
re-analyze learning curves in Experiments 1A and 2 at a block-by-block

level. In addition, we also added a new long-term forgetting component into
this framework to model the performance during re-test (Experiment 1B).

Figure 6 depicts predictions from a simplified version of the compre-
hensive model for the tasks trained early or late within a sequence of seven
tasks, with a re-test. We applied this model to examine the four hypotheses
(Fig. 1). Specifically, if the tasks in the sequence were independent, there
would be no sequence position effect (Fig. 6a). If there were facilitation
between tasks, performance in the late sequence position would exhibit
better initial performance and/or faster general learning rate (Fig. 6b). If
there were retrograde interference, subjects trained in the early sequence
position would exhibit more forgetting during re-test (Fig. 6¢). If there were
anterograde interference, performance in the late sequence position would
exhibit both worse initial performance and/or slower general learning rate
(Fig. 6d).

Modeling Experiment 1 A

As a baseline, we first fitted the comprehensive model to the 343 block-by-
block learning curves for the seven tasks from forty-nine subjects in
Experiment 1A, without considering the effects of sequence position. The
model consisted of a total of 96 parameters (See Methods) and accounted for
a substantial proportion of variance (Mean + SE: 30.21% * 6%; Supple-
mentary Fig. 3). Subsequently, we employed the forward stepwise regression
approach to assess the sequence position effect (See Methods). The best
fitting model included five additional parameters: coefficients of the
sequence position on the initial performance of the Auditory and N-back
tasks, and on the general learning rate of the Vernier, Contrast, and Face
tasks (Fig. 7b and Supplementary Fig. 4). This model demonstrated statis-
tical equivalence to the full model (32.40% vs 32.49%, F (9,11650) = 1.74,
p=0.08, Cohen’s f=0.001) and was significantly superior to the most
reduced baseline model (32.40% vs 30.21%, F (5,11659) = 75.52, p < 0.001,
Cohen’s f = 0.032).

The predictions of the best fitting model for the average block-by-block
early (sequence positions 1, 2,and 3) and late (sequence positions 5, 6,and 7)
learning curves are depicted in Fig. 7a, alongside the experimental data.
Across the Vernier, Face, Contrast, Auditory, and N-back tasks, the average
learning curves in early positions exceeded those in late positions.

The best-fitting model effectively estimated the initial performance in
each task (Fig. 7c), showing high consistency with the measured initial
performance obtained by averaging the performance of 49 subjects in the
first block (Supplementary Fig. 5a, r > 0.99, p <0.001). More importantly,
sequence position significantly affected initial performance in the Auditory
(A1 = —0.007) and N-back (A1 = —0.091) tasks, as well as the general
learning rate in the Vernier (A2 = —0.014), Face (A2 = —0.007), and
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Contrast (A2 = —0.015) tasks (Fig. 7b), aligning with the anterograde
interference hypothesis (Fig. 6d).

We further estimated the coefficients of task, subject, and initial per-
formance factors on general learning rate (Fig. 7d). While the numerical
values of the coefficients for the task and initial performance factors differed
from those in the original study™ due to the use of raw and normalized data
in the two studies, the subject-specific learning ability, remained highly
consistent (Fig. 7c, Supplementary Fig. 6a, 7 = 0.77, p < 0.001). Additionally,
the estimated short-term and long-term components derived from the
comprehensive model were largely consistent with those in the original
study™ (Fig. 7e-g; Supplementary Fig. 6b, r = 0.58, p = 0.003).

Although the quantitative effects of sequence position on the block-by-
block learning curves derived from the comprehensive model differed from
those obtained through the session-by-session analysis, a consistent pattern
of anterograde interference was observed in some tasks. Specifically, both
analyses revealed independence in the shape search task and negative
sequence position effects on the initial performance of the auditory fre-
quency discrimination task and on the general learning rate of face view
discrimination task.

For Vernier offset discrimination and contrast detection tasks, the block-
by-block analysis identified sequence position effects on the general learning
rate while the session-by-session analysis indicated effects on initial perfor-
mance. In contrast, For the motion direction discrimination task, we found
only a marginal sequence position effect in the block-by-block analysis
(p =0.08), but a significant effect on initial performance in session-by-session
analysis (Fig. 3). Moreover, the block-by-block analysis captured large
sequence position effect on initial performance in the N-back task (Fig. 7b),
which was not evident in session-by-session analysis (Fig. 3). These findings
underscore the importance of considering the temporal grain in analyzing
learning curves, as it can significantly impact the conclusions drawn.

Modeling Experiment 1B

We then applied the comprehensive model to analyze data from Experiment
1B. Employing the same forward stepwise regression approach (see Meth-
ods), we utilized 21 parameters (three for each of the seven sequence
positions) to evaluate the effect of sequence position on initial performance
(A1), general learning rate (A2), and performance reduction between the last
training session and re-test (A3).

The best-fitting model included coefficients of sequence position on
initial performance in the Auditory, N-back, Vernier, Face, and Motion
tasks, as well as coefficients of sequence position on the general learning rate
for the Contrast, and Motion tasks (Fig. 8b). This model was statistically
equivalent to the full model (35.81% vs 36.09%, F (14,4789) = 1.48,p = 0.11,
Cohen’s f* = 0.004) and significantly superior to the baseline model (35.81%
vs 31.32%, F (7,4803) =48.03, p <0.001, Cohen’s_)‘2 =0.07). Most of the
coefficients were negative, suggesting that the performance was better if a
task was trained early in the sequence.

The predictions of the best fitting model for the average block-by-block
early and late learning curves during training and re-test are depicted in
Fig. 8a. Due to the notable difference between long-term forgetting (Fig. 8c)
and regular between-session effects (Fig. 8f), our model included separate
parameters for within-session relearning for each task (Fig. 8h) and within-
session adaptation in the contrast detection task during the re-test (Fig. 8i).
The model accurately captured the learning curves for both the five initial
training sessions and the re-test months later, with distinctive variations of
the curves, particularly in the abrupt changes in the shape search and N-back
tasks. Similar to the modeling results in Experiment 1A, the estimated initial
performance for the seven tasks in Experiment 1B (Fig. 8d) closely aligned
with the measured data (Supplementary Fig. 5b, ¥ =0.97, p = 0.002).

In line with the observation in Experiment 1A, where sequence posi-
tion influenced Vernier, Face, Contrast, Auditory, and N-back tasks,
Experiment 1B revealed a similar pattern. Here, early sequence positions
consistently exhibited higher average learning curves compared to their late
sequence counterparts. The best-fitting model revealed that sequence
position impeded the initial performance in the Auditory (A1 = —0.019),
N-back (A1 = —0.240), Vernier (A1 = —0.009), and Face (A1 = —0.015)
tasks, as well as the general learning rate in the Contrast (A2 = —0.009) task.
Notably, the best-fitting model also indicates that sequence position exerted
a negative influence on the general learning rate (A2 = —0.048) but a
positive influence on the initial performance (A1 = 0.085) of the
Motion task.

Importantly, this superior performance of early learners extended
beyond the five training sessions and continued into the re-test session.
Additionally, we observed ubiquitous long-term forgetting across all tasks
(Fig. 8c), unaffected by sequence position, substantiated by the best-fitting
model which was devoid of sequence position-related coefficients for long-
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Fig. 7 | Best fitting comprehensive model (Experiment 1A, N = 49). a Predictions
of the best fitting model for the average block-by-block early (red: sequence positions
1,2,and 3) and late (blue: sequence positions 5, 6, and 7) learning curves for the seven
tasks, along with the experimental data. Estimated coefficients of sequence position
(b) and initial performance (c). Estimated coefficients of factors that influence
general learning rate (d): 7 task-specific parameters (left), 49 subject-specific para-
meters (middle), and 7 task-specific coefficients reflecting the influence of initial

performance. Each task was denoted by one color. e Estimated parameters for
between-session effects in five tasks. f Estimated parameters for within-session
relearning in all seven tasks, with yellow bars indicating the amplitude of relearning
and gray bars indicating the rate of relearning. g Estimated parameters for within-
session adaptation. The five yellow bars represent the amplitude of adaptation in
each session, while the gray bar indicates the rate of adaptation.

term forgetting (Fig. 8b). These findings corroborated the presence of
anterograde interference rather than retrograde interference in learning
these seven tasks (Fig. 6). Furthermore, the coefficients representing the
effect of task, subject, and initial performance on general learning rate show
strong consistency between the 17 subjects and the broader sample of
49 subjects (Supplementary Fig. 7a-c, task: r=0.94, p=0.002; subject:
r=0.96, p < 0.001; initial performance: r = 0.67, p = 0.10). The coefficients of
the short-term components also aligned with those in Experiment
1A (Fig. 8f, g, i; Supplementary Fig. 7d, r=0.73, p < 0.001), validating the
stability of the comprehensive model.

In the session-wise analysis, sequence position influenced the initial
performance of Vernier, Auditory, and N-back tasks, which were replicated
in the comprehensive model analysis (refer to Fig. 4c and Fig. 8b). In

addition, the comprehensive model uncovered negative effects of sequence
position on the general learning rate of the Contrast task and the initial
performance of the Face task, which were not evident in session-wise ana-
lysis. However, the model analysis from Experiment 1A confirmed the
negative influence of sequence position on these two tasks, underscoring the
importance of a finer analysis scale with an ample participant pool.

Modeling Experiment 2

Finally, we applied the comprehensive model to analyze the learning curves
in Experiment 2. Since each subject in this experiment was only engaged in
two tasks, extracting the subject-specific general learning ability was not
feasible. Consequently, we replaced the subject factor with a group factor
(Fig. 9d) to capture the differences between the two groups. Results revealed
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that including a sequence position coefficient for initial performance on the
Vernier task (Fig. 9) led to a statistically equivalent fit as the full model
(30.07% vs 30.09%, F (3,1101) = 0.11, p=0.95, Cohen’s £ = 0.0003), and a
significantly better fit than the most reduced model (30.07% vs 29.76%, F
(1,1104) = 4.87, p = 0.03, Cohen’s f = 0.0044).

The predicted block-by-block learning curves are depicted in Fig. 9. As
illustrated in Fig. 9a, the group that learned the Vernier task first exhibited
better performance, supported by a negative coefficient of sequence position
on its initial performance (Fig. 9b,A1 = —0.014). In contrast, the group that
learned the shape task at the second sequence position (Group 1) showed
better performance than the other group (Group 2). The pattern may
suggest some form of facilitation (Fig. 6b). However, upon considering the
group factor, we found that the patterns of learning curves for the shape task
were reflective of different general learning abilities of the two groups (Fig.
9d: Group 1 vs Group 2: 0.033 vs 0.008) rather than sequence position effects
(Fig. 9b). Additionally, despite Experiment 1A and Experiment 2 involving
different samples of subjects, the task-related components estimated by our

comprehensive model showed high consistency (r=0.80, p=0.002;
Fig. 9c—f and Supplementary Fig. 8).

Discussion

We aimed to investigate interactions across multiple perceptual tasks
learned through sequential training, formulating four hypotheses: inde-
pendence, facilitation, retrograde interference, and anterograde inter-
ference. These hypotheses were tested using two carefully structured
experiments to measure sequence position effects.

In Experiment 1, 49 subjects learned seven tasks sequentially in seven
distinct training sequences (Experiment 1A), with a subset of them re-tested
months later (Experiment 1B) to evaluate retrograde interference. Experi-
ment 2 involved 14 new subjects learning two of the seven tasks sequentially,
followed by a re-test on the first trained task. Using session-by-session
analysis, we found that later sequence position had a negative influence on
the initial performance of motion direction discrimination, Vernier offset
discrimination, contrast detection, and auditory frequency discrimination
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Fig. 9 | Task-specific anterograde interference analysis with the comprehensive
model (Experiment 2, N = 14). a Predictions of the best fitting model for the
average block-by-block learning curves in the first (red) and second sequence
position (blue) for the two tasks, along with experimental data. Estimated coeffi-
cients of sequence position (b), initial performance (c). Estimated coefficients of

factors influencing general learning rate (d): two task-specific parameters (left), two
group-specific parameters (middle), and two task-specific coefficients reflecting the
influence of initial performance (right). e Estimated parameters for between-session
effects. f Estimated parameters for within-session relearning, with yellow and gray
bars indicating the amplitude and the rate of relearning, respectively.

Table 1 | Sequence position effects at both session-wise LMMs and block-wise model analysis

Task Experiment 1 A (N =49) Experiment 1B (N =17) Experiment 2 (N = 14)

Session Block Session Block Session Block
Motion Initial ({) \ \ Initial (}) & Rate (1)
Vernier Initial ({) Rate ({) Initial (}) Initial (}) Initial () Initial (})
Face Rate ({) Rate ({) Initial (]) Initial ({)
Contrast Initial () Rate () \ Rate ()
Shape \ \ \ \ \ \
Auditory Initial ({) Initial (}) Initial ({) Initial (})
N-back \ Initial ({) \ Initial ({)

“Initial” represents sequence position influence on the initial performance while “Rate” represents sequence position influence on the general learning rate for that task. “| ” represents negative influence and
“4* color represents positive influence. “\” represents sequence position exerts no influence on that task.

tasks, while it also slowed the learning in the face view discrimination task
(Experiment 1A). The re-test in Experiment 1B showed sustained negative
effects of later sequence position on the performance at the last training
session in Vernier offset discrimination, face view discrimination, and
auditory frequency discrimination tasks, but no effects on forgetting.
Experiment 2 confirmed that sequence position impeded the initial per-
formance of Vernier offset discrimination task. Intriguingly, the shape
search task remained unaffected by later sequence position in both
experiments.

Subsequently, we developed a comprehensive model to jointly model
sequence position effects, along with many factors that affect the general
learning rate” and multiple short-term and long-term component
processes ™. This model was then applied to perform block-by-block analysis
of the data from both experiments. In Experiment 1A, we found that
sequence position had a negative influence on the initial performance of
Auditory and N-back tasks, as well as the general learning rate of Vernier,
Contrast, and Face tasks. In Experiment 1B, these negative effects of later
sequence position on the initial performance of Auditory and N-back tasks,
and on the general learning rate of the Contrast task, were replicated.

Additionally, sequence position negatively impacted the initial performance
of Vernier and Face tasks, and impeded the general learning rate but
facilitated the initial performance of Motion task. In Experiment 2, sequence
position consistently imposed a detrimental role on the initial performance
of the Vernier task. Interestingly, the impact of sequence position on the
Shape task remained consistent across subject sizes and various analyses,
whether analyzed in session-wise or block-wise analysis.

Although the two types of analysis yielded different quantitative results,
they were consistent in terms of the major effects (Table 1), particularly
regarding the negative effect of later sequence position on tasks such as
Vernier, Face, Contrast, Auditory, and N-back tasks. The block-wise
approach provided a more sensitive measure of sequence position effects on
the general learning rate, whereas the session-wise analysis might attribute
this effect to initial performance due to averaging over rapid learning pro-
cesses, echoing findings from ref. 17.

These findings indicate that training on a specific task can both
enhance performance on that task and cause anterograde interference in
subsequent tasks, though some tasks may remain unaffected. Previous
studies have primary reported short-term anterograde interference when
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Fig. 10 | A schematic representation of a neural network that can yield asym-
metric interactions in learning two tasks. a The initial state of a neural network
before learning task A and B (top), along with the model’s initial decision boundary
on the four features involved in the two tasks (bottom). b The state of the network
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after learning task A first and task B second (top) and the corresponding decision
boundaries (bottom). ¢ The state of the network after learning task B first and task A
second (top) and the corresponding decision boundaries (bottom). Red represents
change for task A and blue for task B.

two tasks are training consecutively within short intervals, emphasizing the
role of the post-training period in consolidating existing memory traces and
forming new memories'>”**. Magnetic resonance spectroscopy (MRS)
studies have shown that rapid neurochemical processes, particularly the
excitatory-to-inhibitory (E/I) ratio of glutamate to GABA, regulate brain
state transitions between plasticity and stability'>”. An increased E/I ratio
promotes a plastic brain state conducive to memory formation, while a rapid
decrease in the E/I ratio fosters a stable state for memory consolidation,
which can hinder new task learning and lead to anterograde interference. In
contrast, our study spaced training sessions by at least 6 h—often across
separate days—a duration sufficient for memory consolidation”. Despite
this interval, which we expected would minimize short-term interference,
we consistently observed robust interference, suggesting a competitive
process involving long-term memory traces. In both experiments, the
Vernier task exhibited anterograde interference, while the Shape task
remained independent. Although asymmetric interference is rarely reported
in interference studies, it aligns with facilitation, the second interaction we
have proposed (Fig. 1b). For instance, McGovern et al. found that training
on an orientation discrimination task improved performance on a curvature
task but less on a global form task, while training on the global form task
enhanced curvature task performance but not orientation task
performance”. Despite their opposing behavior outcomes, facilitation and
interference share underlying processes®, supporting the notion that per-
ceptual learning across tasks involves distinct plastic sites with compatible or
incompatible overlapping weight structures*’.

The asymmetric interference pattern across tasks of varying com-
plexity suggests that perceptual learning engages distinct neural sites with
task-specific weights. Low-level tasks, such as Vernier offset discrimination,
primarily activate lower-level regions (e.g., V1 and V4**), while visual shape
search tasks involve both early (retinotopic cortex) and higher-level areas

(lateral occipital cortex)*. This may create incompatible weight structures in
the primary visual cortex, though shape search tasks, relying on flexible
higher-level regions, may reduce interference by adjusting connections
between these areas. Future research integrating deep neural network
modeling with fMRI could identify overlapping brain regions, deepening
insights into the neural mechanisms of anterograde interference.

We devised a neural network architecture to elucidate the asymmetrical
anterograde interference (Fig. 10). The network comprises an input layer,
hidden layers, and an output layer with output nodes for task A and task B
(Fig. 10a). The two tasks share some nodes in the input and hidden layers on
the left side of the network, with additional hidden units on the right side
specific to task B. Prior to learning, the decision boundary between the four
types of features used in the two tasks is able to support some level of per-
formance in both tasks. If the model learns task A first, all the relevant
connection weights for task A are adjusted to enhance performance in this task
(Fig. 10b). Consequently, the decision boundary is optimized for distin-
guishing the two features used in task A. To ensure that subsequent learning of
task B does not degrade performance in task A, the learned task A-specific
weights are protected from further modification. Instead, the weights invol-
ving only non-overlapping nodes on the left side of the network and the
additional hidden units on the right side of the network are modified to enable
learning of task B. This allows task B to be learned without being affected by
sequence position, reflecting our observations on the shape search task.

In contrast, if the model learns task B first, all the relevant weights for
task B are adjusted to enhance performance in that task (Fig. 10c). Thus, the
decision boundary is optimized for learning task B. Similar to the previous
scenario, the learned task B-specific weights are protected from further
modification to maintain performance in task B when learning task A.
However, the weights involving only non-overlapping nodes on the left side
are allowed to change, which prevents the network from developing the
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optimal decision boundary for task A, resulting in anterograde interference
similar to those observed in the experiments.

The current study suggests that models of perceptual learning might
incorporate shared and independent hidden layers that preserve weight
structures from learned tasks. The Integration Reweighting Theory and
related reweighting models propose that learning involves optimizing con-
nection weights between stable stimulus representation and task decisions***.
While these theories and models have primarily been applied to investigate
perceptual learning and transfer in single tasks, our investigation of sequential
learning across multiple tasks may involve shared and independent hidden
layers as well as preservation of the weight structure from learned tasks. Such
kind of network is crucial for understanding task interactions, particularly in
the case of asymmetric effects, as well as for developing accurate models
capable of acquiring multiple perceptual expertise.

Furthermore, these findings hold significant implications for developing
artificial networks capable of learning multiple tasks. While neural networks
excel in single-task performance™, artificial general intelligence struggles with
catastrophic forgetting when learning multiple tasks sequentially”. Our
results revealed that while human memory experiences natural decay over
time’, it does not suffer retrograde interference due to being trained in a later
sequence position. This finding is also consistent with existing literature™*,
which demonstrates that a time interval of several hours between two training
sessions is sufficient for memory to consolidate. In our study, the training
sessions were typically spaced a day apart or, at minimum, separated by 6 h.
Inspired by human memory processes, several studies have implemented
strategies such as strengthening old memories through techniques like
replay”* and off-line consolidation™, or dynamically adjusting plasticity”"*’
to avoid forgetting. Our results supported the potential meta-plasticity
strategy for balancing plasticity and stability: reducing plasticity in previously
engaged neural regions as a protective mechanism for preserving established
learning. This strategy could be more energy-efficient and task-autonomous*
particularly when learning a considerable number of tasks sequentially.

Our current study has provided compelling evidence for the presence
of anterograde interference when learning multiple tasks sequentially, even
when considering multiple factors affecting general learning process and the
detailed temporal dynamics of the learning process. Asymmetric inter-
ference suggests that perceptual learning engages distinct plastic sites with
compatible or incompatible overlapping weight structures”, necessitating
meta-plasticity mechanism to balance between plasticity and stability. Tasks
reliant on low-level sensory features were more prone to interference,
possibly due to greater adjustments in overlapping neural pathways.
Alternatively, overtraining to an expert level may automate processing,
causing synaptic pruning™>"', which could reduce overlap and interference.
These studies highlight that synaptic plasticity may be energy-efficient and
task-autonomous during multitask learning®.

While extensive studies have focused on mechanisms underlying
learning a single task, extending this inquiry to the dynamic processes
involved in multitask learning could yield significant insights into the
plasticity and stability balance of the human brain, especially considering the
complex environment and multifaceted tasks we encounter in everyday life".
The observed task-specific anterograde interference in our study could
provide valuable inspiration for designing training protocols aimed at
enhancing training efficiency. For instance, placing low-level perceptual
tasks early in the training sequence, particularly for clinical and expertise
training requiring the acquisition of multiple proficient skills, could opti-
mize learning outcomes. By integrating our behavioral results and ongoing
investigations into the neural networks of the human brain™, we can deepen
our understanding of the strategies employed by the biological brain to
navigate the complex and dynamic real world.

Methods

Subjects

A total of 63 naive subjects recruited from Chinese universities took part in
the study. Experiment 1A involved 49 young adults (22 males, age range
20-30, mean age 23 years old), with 18 of them returning for a follow-up

retention test (Experiment 1B) after 3 to 9 months (Mean * SE: 6.67 +
1.78 months). One subject from Experiment 1B was omitted from the
analysis represented in the main text due to the estimated threshold in the
auditory discrimination task being more than five standard deviations lower
than the average performance of all the other subjects in the last training
session of the task. Analysis including this subject in the Supplementary
materials yielded consistent results with the main text. The remaining 14
undergraduate or graduate students (7 males, age range 18-28, mean age 20
years old) took part in Experiment 2. All subjects provided informed con-
sent prior to the studies and were paid for participation. They all had normal
or corrected-to-normal vision and wore their corrective glasses, if necessary.
None reported any psychiatric or neurological disorder. The study was
approved by the Ethics Committee of Institute of Psychology, Chinese
Academy of Sciences (Project ID Number: H20058). The facial images used
in this study were generated using FaceGen software and are entirely syn-
thetic. As these images do not depict any real individuals and do not contain
any identifying information, obtaining written informed consent was not
applicable.

Apparatus

Two SONY G220 color monitors, with a resolution of 1600 x 1200 pixels
and a refresh rate of 85 Hz and a DELL E1912Hc LCD monitor, were used in
the study. To enhance gray-level resolution, we employed a specialized
circuit that combined two 8-bit output channels of the graphics card, hence
enabling a 14-bit gray-level resolution™. The experiment was programmed
using MATLAB (Mathworks, Natick, Massachusetts) with PsychToolbox

54,55

extensions’

Experimental design

In Experiment 1A, all subjects underwent sequential training of seven tasks,
including motion direction discrimination, Vernier offset discrimination,
face view discrimination, contrast detection, visual shape search, auditory
frequency discrimination, and audiovisual N-back working memory tasks.
Each task was trained in five consecutive sessions, each lasting ~40 to 60 min
(Fig. 2b). Most sessions were conducted on separate days, although in some
cases, two consecutive sessions occurred on the same day with a minimum
interval of six hours between them”. For Vernier offset discrimination, face
view discrimination, contrast detection, and auditory frequency dis-
crimination tasks, we used a single staircase method*’. The initial parameter
was identical for all subjects in the first block of the first session, set to be easy
for quick adaptation. Subsequent sessions started at 1.2 times the previous
day’s average threshold, and within sessions (except the first block), the
starting value matched the previous block’s final trial. For global motion
discrimination and visual shape search tasks, we used the constant stimulus
method. For the N-back task, we applied a modified paradigm™ over 5 days,
with 2 daily mini-sessions of 15 mini-blocks each. The Nlevel began at 1 for
the first 3 mini-sessions and 2 for the remaining seven. The N-back task
included 30 blocks, each with 20 + N trials; the other six tasks had 7 blocks
per session, with 96 or 100 trials per block.

In Experiment 1B, subjects completed seven re-test sessions, adhering
to their original trained sequence, typically on separate days, with a mini-
mum 6-h interval if on the same day. For Vernier offset discrimination, face
view discrimination, contrast detection, and auditory frequency dis-
crimination tasks, the initial parameter of the first trial in the first block
during the re-test was set to the same value as at the start of training. For the
remaining six blocks, the starting value of each block’s first trial was the
previous block’s final trial value, using a 3-down/1-up staircase’ to adjust
stimulus levels within blocks. This consistent initial parameter across sub-
jects facilitated quick re-familiarization with easy trials. For the N-back task,
subjects completed two mini-sessions during the re-test: the first started at
N=1, the second at N =2, with N adjusted per mini-block based on per-
formance. For global motion discrimination and visual shape search tasks,
we used the same constant stimuli method as in training,

In Experiment 2, 14 subjects were trained on the visual shape search
and the Vernier offset discrimination tasks sequentially, each across five

npj Science of Learning| (2025)10:23

11


www.nature.com/npjscilearn

https://doi.org/10.1038/s41539-025-00312-7

Article

daily sessions. Half began with the Vernier task, while the other seven started
with the Shape task. Upon completing the second task, subjects underwent
re-test on the first trained task on the following day. For both tasks, each
session involved 8 blocks of 96 trials.

Tasks

In the global motion discrimination task, subjects performed a two-interval-
forced-choice (2IFC) global motion direction discrimination task (Fig. 2a).
The task involved observing two sets of 400 moving dots (0.18° x 0.18° each)
with the same speed (10°/s), same circular aperture (8° in diameter), and
either the same (both at 0°) or different (0° vs 2.5° or —2.5°) moving
directions. Subjects reported whether the moving directions of the two
stimuli were identical or different, with the correct response accompanied by
an auditory beep. The probability of the dots moving in either identical or
varying directions was evenly balanced. Performance was assessed by
monitoring the percentage of correct responses.

In the Vernier offset discrimination task, subjects performed a two-
alternative-forced choice (2AFC) Vernier offset discrimination task (Fig. 2a).
The Vernier stimulus, consisting of two Gabor stimuli (contrast =045,
spatial frequency =3 cycle per degree, and o =0.29°), was presented at 5°
retinal eccentricity in the upper left visual quadrant for 200 ms. A slight
position jitter (within 0.25°) was added to the stimulus position in each trial.
To ensure fixation, nine black letters (1.56°x 1.56°) were displayed
sequentially in the fovea in the stimulus interval. Subjects reported both the
foveal letter (H or N) and the offset direction of the Vernier stimulus:
whether the lower Gabor was to the left or right of the upper Gabor, with an
auditory beep followed each correct response. The offset of the Gabor was
controlled by a 3-down/1-up staircase that converges to 79.4% correct”, and
the step size of the offset change was set to 10%. The threshold for each block
was computed by calculating the arithmetic mean of the remaining even
number of reversals after excluding the first four or five reversals within that
block. The initial offset was 12.5 arcmin for all subjects.

In the face view discrimination task, a three-dimensional (3D) face
model without hair was obtained from FaceGen Modeler 3.1 (http://www.
facegen.com/). This 3D face model was then rotated along various in-depth
angles to the monitor plane, with the front view (0°) as the initial position.
This rotation generated a range of face-view stimuli*’. Subjects performed a
2IFC face view discrimination task (Fig. 2a). One 100-ms stimulus interval
contained a face at 30° and the other stimulus interval contained a face at
30°+6° with the order randomized and position jittered within a
1.43° x 1.43° area across trials. Subjects reported whether the second face
was titled left or right relative to the first face, with auditory feedback
following each correct response. The initial difference was 8° and a 3-down/
1-up staircase controlled the difference between the two face views”.

In the contrast detection task, subjects performed a 2IFC contrast
detection task (Fig. 2a). The task involved detecting a target vertical sinu-
soidal grating (with a spatial frequency of 24 cycle/degree and a random
phase), which occupied a 2° X 2° visual angle and was windowed with a
Gaussian ramp (o = 0.25°). Subjects were required to judge which interval
contained the grating, with correct response accompanied by an auditory
beep. Stimulus contrast was controlled by a 3-down/1-up staircase’’. The
initial contrast level was set at 0.60.

In the visual shape search task, subjects performed a Yes-or-No visual
shape search task. The stimuli consisted of a central fixation dot and 24
triangles of four possible orientations (left, right, up, and down) and were
evenly spaced on a 5x 5 grid (3.42° x 3.42° Fig. 2a)”’. After the 800 ms
stimulus presentation, subjects reported if they detected a triangle of
downward orientation (target) among the 24 triangles, with auditory
feedback following each response. The probability of target presence was
0.75 and the target was evenly presented to the 24 possible locations in the
target-presence trials. Percent correct was monitored throughout training.

In the auditory frequency discrimination task, subjects performed a
2IFC auditory frequency discrimination task (Fig. 2a) binaurally with
Sennheiser HD600 headphones in a quiet room. One stimulus interval
contained a 100-ms tone with a fixed frequency of 1000 Hz, and the other

interval, following an inter-stimulus interval of 500 ms, contained a 100-ms
tone with a frequency of 1000 + A Hz. The sequence of the two tones was
randomized. Subjects reported which interval contained the higher tone,
with 100-ms visual feedback after each response indicating the accuracy of
their response. Tone bursts, including 10-ms rise-falls, were generated with a
16-bit digital-to-analog converter (sample rate = 44.1 kHz) and modulated
by a raised cosine function. A 3-down/1-up staircase controlled the fre-
quency difference between the two tones”. The initial frequency difference
was 30 Hz for all subjects.

In the audiovisual N-back working memory task, a sequential audio-
visual N-back paradigm was adopted®. The auditory materials were deliv-
ered via Sennheiser HD600 headphones. In each trial, subjects
simultaneously viewed a visuospatial stimulus (a 2° x 2° blue square) dis-
played for 500 ms at one of eight screen locations, and listened to an English
consonant that was selected from the set [C,H, K, L, Q, R, S, T] (Fig. 2a). The
inter-trial interval was 2500 ms, during which subjects judged if the current
visual/auditory stimulus matched the one from N trials prior. No response
was required for non-target trials. A mini-block included 20 + N'trials and 6
targets per modality, occurring randomly in the two stimulus streams. The
N level was disclosed before the start of each mini-block. If a subject erred
less than three times in both modalities, N was increased by 1 in the next
mini-block; if five or more errors were registered, N was decreased by 1.
Otherwise, N remained unchanged. The N-back training spanned 5 days,
consisting of 30 mini-blocks each day. In the first 3 mini-sessions, the level of
N started from 1; all other mini-sessions started with N = 2.

Learning performance transformation

For contrast detection, Vernier acuity, face view discrimination, and audi-
tory frequency discrimination tasks, block-by-block and session-by-session
thresholds were estimated using a maximum likelihood estimation
method™*"". The estimated thresholds were then transformed into percep-
tual sensitivities by taking their reciprocals. For motion direction dis-
crimination and visual search tasks, we assessed performance in terms of d’
derived from percent correct responses. In the N-back working memory
task, we evaluated performance for each block by calculating the average N-
level across five mini-blocks. The performance for each session was deter-
mined by averaging N-level from every three blocks.

Session-wise analysis with LMMs
In order to take individual’s performance into consideration when analyzing
the impact of sequence position, we fitted four fixed effect models using
MATLAB function fitlme and conducted model comparison with function
compare. The fitlme function uses M-estimation to formulate the model
equations and solves them through iterative reweighted least squares (IRLS).
The compare function enables the comparison of two nested linear mixed-
effects models with a likelihood ratio test. We used a simulated likelihood
rate test with 1000 replications to estimate the 95% confidence interval.
The learning curves have been more accurately depicted by power law
or exponential forms, rather than a linear model”. Hence, we logarith-
mically transformed performances (sensitivity, d, N-level) and training
sessions to facilitate the fitting and comparing of learning curves using
LMMs. For each task, we fitted four models:

log10(y, ;) = intercept + log 10(j) X slope (1)
log10(y, ;) = intercept X 8, X position(s) + log10(t) X slope )
log 10 (5}&1) = intercept + log 10(t) X slope X f3, X position(s)  (3)

log 10(y ;) = intercept X B; X position(s) + log 10(¢) X slope X B, X position(s)
4)

J; represents the predicted performance of the sth subject (s=1,2, ...,
49) during the jth session (j=1, 2, 3, 4, 5). intercept signifies initial
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performance, while slope represents the learning rate. Coefficients 8, and 3,
denote effects of sequence position on the intercept and slope, respectively.
Although we only modeled the average performance of the participants in
each group, the raw performance data from all subjects were utilized.

In M1, the most reduced model, comprised only two parameters
(intercept and slope). In M2, we introduced an additional parameter (f3,) to
represent the effect of sequence position on intercept. For M3, we also
included three parameters. Here, f3, represents the effect of sequence posi-
tion on slope. M4, the full model, consisted of four parameters, in which both
initial performance and learning rate are functions of sequence position.

For the retention experiment, we fitted four similar models to the per-
formance of 17 subjects in the 5th training session and the retention session:
N1, there is no influence of sequence position on performances; N2, the effect
of sequence position is a function of initial performance, which is the per-
formance in the 5th session; N3, the effect of sequence position is a function of
the magnitude of forgetting, which is the performance difference between the
5th and re-test session; N4, the effect of sequence position is influenced by
both the performance in the 5th session and the magnitude of forgetting.

Here, the variable intercept and slope represent the initial performance
(estimated from the 5th session) and the magnitude of forgetting (estimated
from the difference between the 5th session and the re-test session). The two
coefficients y, and y, represent the influence of sequence position on the
intercept and slope.

log10(y, ;) = intercept 4 logl0(j) X slope (5)
log10(y, ;) = intercept X y, X position(s) + 1og10(t) X slope  (6)
log10(y, ;) = intercept + log10(t) X slope X y, X position(s) 7)

log 10(J, ;) = intercept X y, X position(s) + log 10(t) X slope X y, X position(s)

®)

Model comparison
An F test was employed to statistically compare the goodness of fit between
any two nested models:

(szuzz - Rzeduced> /df,
(1 - Ra) /df,

F(df,,df,) = ©

where df1 = kpy — Kyeguee» df2 =1 — kpy ky and ki, are the
numbers of parameters of the full and reduced models, respectively. # is the
number of data points, and Rfuﬂ and R% ., represent the goodness of fit of
the full and reduced models, respectively. If the reduced model is found to be
statistically equivalent to the full model, the omitted factors in the reduced
model are deemed as redundant. Otherwise, the superiority of the full model

would suggest that those factors are necessary in explaining the data.

Block-wise analysis with comprehensive model

To model the impact of sequence position on both initial performance and
learning rate, we integrated the multicomponent model and multivariate
model developed in ref.”” to fit raw performances in each block. Specifically,
we model the general learning component in the multicomponent model as
functions of subject, task, and task-specific initial performance. Next, we
assumed that all subjects shared the same short-term components derived
from the best-fitting model based on the averaged learning curves for each

task, based on previous work™. Thus, the model is written as:

T(£5), k) = a(e) % (block(j — 1) + k)™ + 51 (£, )
+52(t,) (k — 179 — 3(¢, j)(k — 1)
1(t, s) = task(t) + subject(s) + coeff,,(t) * a(t)
s1(t,j) =0,8,8,8,g(forj =1~ 5)
s2(t,j) =0,r,r,r,r(forj=1~5)
s3(t,j) = al,a2,a3, a4, a5(forj = 1 ~ 5)
To(t,j) = 0,77,y Wforj=1~5)
75 (t,j) = B, B, B, B, B(forj = 1~ 5)

(10)

~. .

where ¢ represents the tth task (£ = 1,2, ...,7), s represents the sth subject (s = 1,
2, ...,449), j represents the jth session (j= 1,2, ...,5), k represents the kth block
in the current session (k=1, 2, ...,6/7), and block represents the number of
blocks in each session (block = 6 for N-back task, and = 7 for the other 6 tasks).

T ( tjs\,] , k) represents the predicted performance of the sth subject in the kth

block during the jth session in the tth task. a(t) denotes the initial perfor-
mance of the general learning component for the tth task. 7(¢, s) represents
the learning rate of the general learning component for the sth subject in the
tth task. s1(t,) represents the magnitude of between-session gain (positive
value) or forgetting (negative value) that occurs between the (j-1)th session
and the jth session in the fth task. s2(t,j) and 7,(¢,j) represent the
magnitude and rate of within-session relearning during the jth session for the
tth task. We kept s1(¢, ), s2(t,j) and 7, (¢, §) unchanged across sessions, in
alignment with the previous study which showed that these three components
Wwere constant across sessions. In addition, s3 (¢, j) and 7 (¢, j) represent the
magnitude and rate of within-session adaptation during the jth session for the
tth task, specific to the contrast detection task. The magnitude of adaptation
varied across sessions, while the rate remained constant.

In summary, the comprehensive model encompassed a total of 71
parameters for the general learning component (including 7 parameters for
initial performance in each task, 64 for learning rate, which included
49 subject factors, 7 task factors, and 7 task-specific initial performance fac-
tors, along with 1 constant) and 25 parameters for the 4 short-term com-
ponents (including 14 parameters related to within-session relearning (7
parameters for the magnitude and 7 for the rate in each task), 3 parameters for
between-session forgetting (Vernier, Face, and Auditory), 2 parameters for
between-session off-line gain (Shape and Contrast), and 6 parameters for
within-session adaptation (5 parameters for the magnitude in each session
and 1 parameter for the rate of adaptation)). The 96-paramater model serves
as the most reduced model, assuming that once all factors affecting learning
rate and all short-term effects had been accounted for, neither initial per-
formance nor learning rate was affected by sequence position.

To assess the influence of the sequence position, we introduced 14
additional parameters to the above model (Eq. 10). Among these, 7 para-
meters represent coefficients of sequence position affecting initial perfor-
mance and 7 represent the coefficients for learning rate in each task in the
general learning component. Hence, in the full model,

T(tfs\,]} k) = AL(¢) * position(t, s) * a(t) * (block(j - 1) + k)AZU)*POSMM(t‘s)*f(t‘s)

s1(8,7) + 52(8,7) (k — 1)) — 538, j)(k — 1))
7(t, s) = task(t) + subject(s) + coeff,;,(t) * a(t)
7(t,5) = 0,8,8,8 8 (forj=1~5)
sZ(t,j) =0,r,r,r,r(forj=1~15)
s3(t,j) = 1,a2,a3,a4,a5(forj =1~ 5)
75(17) = 0,97, y,y(Jorj =1~5)
75(t,7) =, B, B, B, B (forj =1~ 5)
(11)
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where position(t,s) denotes the sequence position of the sth participant in the
tth task, A1(¢) is the coefficient for initial performance and A2(¢) is the
coefficient for learning rate.

Forward stepwise regression

We used a forward regression approach to test the necessity of the 14
parameters related to sequence position. These steps were followed: (1) in the
first iteration, each of the 14 parameters was added to the Comprehensive
Model and the one that maximized the goodness of fit R* was selected; (2)
Starting with the Comprehensive Model and the selected parameter from
the first iteration, we tested the contribution of the remaining 13 parameters
and identified the parameter with the second-largest contribution; (3) This
iterative procedure was repeated until all 14 parameters were ranked by their
individual contributions on the model’s performance. The best-fitting
model must be statistically equivalent to the full model and significantly
superior to the most reduced model while using the fewest parameters.

Applying the Comprehensive Model to the retention dataset
When analyzing the retention dataset from the subset of 17 subjects, we used
their performance from both the 5 training and re-test sessions. To tailor the
comprehensive model to this dataset, we added an additional long-term
forgetting component to estimate the magnitude of forgetting that could
occur between the 5th session and re-test session. In addition, we introduced
separate parameters to account for within-session relearning during the re-
test session, instead of using the same parameters for describing these effects
in the five training sessions. Now the model without the effect of sequence
position is:

T(t,/é\,j, k) = a(t) * (block(j— 1) + k)r(t"s)

s1(8,7) + s2(4,7) (k = 1= — 3(8, 1) (k — 1)) — s4(r)
7(t, s) = task(t) + subject(s) + coeff,,(t) * a(t)
s1(t,j) = 0,¢,8,8, g (forj=1~5)
sZ(t,j) =0,r,r,r,r,7 (forj=1~6)
s3(t,j) =al,a2,a3,a4,a5,a6(forj =1~ 6)
7o (t.) = 0,7,7.7,7.¥ (forj =1~ 6)
75(t.j) = B.B.B.B. B B(forj=1~6)

(12)

where s4(t) represents the magnitude of long-term forgetting between the
5th and retention sessions in the tth task. The independent parameters for
within-session short-term effects consist of the magnitude of relearning r’
and the rate of relearning y'.

To examine the influence of sequence position on both the learning
process and the extent of forgetting, we introduced 21 additional parameters
to the above model (Eq. 12). Among these, seven parameters represented the
coefficients of sequence position on initial performance in each task, seven
represented the coefficients of sequence position on the learning rate in each
task within the general learning component, and the remaining seven
represented the coefficients of sequence position on the magnitude of long-
term forgetting in each task. Hence, in the full model,

T(tTJ k) = M1(t) * position(t, s)  a(t) # (block(j — 1) + k) 2Opodtiont-=rit

s1(t,5) 4 s2(t,7) (k — 1= — 3(8,7) (k — 1) ()
—(1 4 A3(¢) * position(t, s)) * s4(t)
7(t, s) = task(t) + subject(s) + coeff,,.(t) * a(t)
s1(t,j) = 0.4.8,8. g (forj=1~5)
sZ(t,j) =0,r,r,r,1r,r (forj=1~6)
s3(t,j) =al,a2,a3,a4,a5,a (forj=1~6)
7o (t.) = 0.7, 7,9, (forj =1~ 6)
Ts3(t’j) = ﬁvﬁvﬁvﬁ:ﬁ:ﬁ/(forj =1~6)
(13)

where position(t,s) denotes the position of sequence of the s subject in the £
task, A1(¢) is the coefficient of the influence of sequence position on initial
performance, A2(¢) is the coefficient of the influence of sequence position on
learning rate within the general learning component, and A3(t) is the
coefficient of the influence of sequence position on the magnitude of for-
getting of the long-term forgetting component. Similarly, we used a forward
regression approach to test the necessity of the 21 parameters related to
sequence position.

Applying the Comprehensive Model to the dual-task experiment
For the dual-task experiment, the comprehensive model encompassed a
total of 15 parameters, including 9 parameters for the general learning
component (2 parameters for initial performance in each task, 7 for learning
rate consisting of 2 group factors, 2 task factors, and 2 task-specific initial
performance factors, along with 1 constant) and 6 parameters related to
between-session effect (2 parameters) and within-session relearning com-
ponents (4 parameters) in the two tasks. The model without the effect of
sequence position is:

T (.. k) = o) (block(G — 1)+ k)™ 51 (t,) + 2(£,]) (k — ™)
7(t, s) = task(t) 4 group(m) + coeff ,(t) * a(t)
s1(t,j) =0,g,8,8,g(forj=1~5)
sz(t,j) =0,r,r,r,r(forj=1~5)
Ty (t7j) = 07)’7 Vs )’a)/(forj =1~ 5)
(14)

where f represents for the tth task (t = 1,2, ...,7), m represents the mth group
(m=1, 2), j represents the jth session (j=1, 2, ...,5), k represents the kth
block in the current session (k = 1,2, ..., 8), and block represents the number

of blocks in each session (block = 8). T (t,/m\, s k) represents the predicted

performance of the mth group of subjects in the kth block during the jth
session in the tth task. a(f) denotes initial performance of the general
learning component for the th task, and (¢, m) represents the learning rate
of the general learning component for the mth group at the tth task.

To evaluate the influence of sequence position, we also used the for-
ward regression approach to test the necessity of A1(t) and A2(t). The full
model can be written as:

T (£;mj, k) = M(¢) * position(t, s) % a(t) % (block(j — 1) 4 k)@ Posiontrerttm
+s1(8,7) + s2(t,§) (k — 1)7(t)
7(t, s) = task(t) + group(m) + coeff ;,(t) * a(t)
s1(t,) = 0.8.8.8.g (forj=1~5)
s2(t,j) = 0,r,r,r,r(forj=1~5)
Tsz (t]) = 0# y7 Y! % Y(forj =1~ 5)
(15)

Data availability

The behavior data reported in this study is publicly available in the study’s
Open Science Framework repository (https://osfio/t6jxb/). Data from
Experiment 1A and Experiment 2 has been used to investigate (1) individual
differences (https://osfio/dgqxv/), (2) the functional forms of learning
curves (https://osf.io/sbnyr/). No part of the analyses reported in this study
was preregistered before the research was conducted.

Code availability

The code used for the current analysis is publicly available in the study’s
Open Science Framework repository (https://osf.io/t6jxb/). All statistical
analyses within this manuscript were conducted in MATLAB
(MATLAB 2022a).
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