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Subsecond temporal perception is critical for understanding time-varying events. Many studies suggest that
subsecond timing is an intrinsic property of neural dynamics, distributed across sensory modalities and brain
areas. However, our recent finding of the transfer of temporal interval discrimination (TID) learning across
sensory modalities supports the existence of a more abstract and conceptual representation of subsecond time
that guides the temporal processing of distributed mechanisms. One major challenge to this hypothesis is that
TID learning consistently fails to transfer from trained intervals to untrained intervals. To address this issue,
here, we examined whether this interval specificity can be removed with double training, a procedure originally
developed to eliminate various specificities in visual perceptual learning. Specifically, participants practiced the
primary TID task, the learning of which per se was specific to the trained interval (e.g., 100 ms). In addition, they
also received exposure to a new interval (e.g., 200 ms) through a secondary and functionally independent tone—
frequency discrimination task. This double training successfully enabled complete transfer of TID learning to the
new interval, indicating that training improved an interval-invariant component of temporal interval perception,
which supports our proposal of an abstract and conceptual representation of subsecond time in the brain.

Public Significance Statement

Accurate timing plays a crucial role in perceiving time-dependent events, like speech and music in our
daily lives. Although training can enhance our sensitivity to short temporal intervals, its generalizability
to untrained intervals has been elusive. In this study, we employed a double training protocol inspired by
studies in visual perceptual learning. Our findings provide compelling evidence that learning temporal
intervals has a fundamental ability to generalize, supporting an abstract and conceptual representation of
subsecond time in the brain. They also offer valuable insights into the brain processes involved in acquir-
ing temporal skills and suggest effective training approaches for real-world applications, such as speech
perception and music learning that require precise timing abilities.
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Accurate timing is crucial in perceiving sensory and cognitive
events that change dynamically with subsecond precision, like
speech and music. Initially, it was believed that subsecond timing

relies on a dedicated centralized clock, acting like a pacemaker
and accumulator to keep track of time (Creelman, 1962; Treisman,
1963). However, subsequent studies revealed that timing is more

Chiara Gambi served as action editor.

Ying-Zi Xiong (2 https://orcid.org/0000-0001-7839-0019

Shu-Chen Guan and Ying-Zi Xiong contributed equally to this work.
Part of the findings has been reported at the annual meeting of Vision
Sciences Society. This research was supported by STI2030-Major Projects
(Grant 2022ZD0204600) and the Natural Science Foundation of China
(Grant 31230030). Ying-Zi Xiong was supported by the National Institutes
of Health (NIH; K99/R00 Grant EY030145) during the writing of the article.
The authors have no conflicts of interest to declare. This work was not prereg-
istered. Also, data and code relevant to this study can be found at https:/osf
.io/rn3ea/.

Shu-Chen Guan served as lead for visualization, contributed equally to con-
ceptualization, and served in a supporting role for formal analysis. Ying-Zi
Xiong served as lead for conceptualization and formal analysis and served in

a supporting role for resources and visualization. Cong Yu served as lead for
conceptualization, funding acquisition, methodology, resources, and supervi-
sion and served in a supporting role for data curation, formal analysis, project
administration, and visualization. Shu-Chen Guan and Ying-Zi Xiong con-
tributed equally to data curation, methodology, and project administration.
Shu-Chen Guan, Ying-Zi Xiong, and Cong Yu contributed equally to valida-
tion, writing—original draft, writing—review and editing, and investigation.

Correspondence concerning this article should be addressed to Ying-Zi
Xiong, Lions Vision Research and Rehabilitation Center, Wilmer Eye
Institute, Johns Hopkins University, 600 Wolfe Street North, Baltimore,
MD 21287, United States, or Cong Yu, School of Psychological and
Cognitive Sciences, Peking University, 5 Yiheyuan Road, Haidian Qu,
Beijing 100871, China; IDG/McGovern Institute for Brain Research,
Peking University, 5 Yiheyuan Road, Haidian Qu, Beijing 100871, China.
Email: yxiong36@jhu.edu or yucong @pku.edu.cn


https://doi.org/10.1037/xhp0001254.supp
https://doi.org/10.1037/xhp0001254.supp
https://doi.org/10.1037/xhp0001254.supp
https://doi.org/10.1037/xhp0001254.supp
https://orcid.org/0000-0001-7839-0019
https://orcid.org/0000-0001-7839-0019
https://orcid.org/0000-0001-7839-0019
https://osf.io/rn3ea/
https://osf.io/rn3ea/
https://osf.io/rn3ea/
mailto:yxiong36@jhu.edu
mailto:yxiong36@jhu.edu
mailto:yucong@pku.edu.cn
mailto:yucong@pku.edu.cn
mailto:yucong@pku.edu.cn
https://doi.org/10.1037/xhp0001254
https://doi.org/10.1037/xhp0001254
https://doi.org/10.1037/xhp0001254

is not to be disseminated broadly.

This document is copyrighted by the Ame
This article is intended solely for the personal use of the individual user ¢

2 GUAN, XIONG, AND YU

likely an intrinsic property of neural dynamics, distributed across
sensory modalities and brain areas (Ivry & Schlerf, 2008; Paton
& Buonomano, 2018). Such distributed timing mechanisms are
supported by psychophysical evidence such as modality- and
duration-specific adaptation (Bruno & Cicchini, 2016; Burr et al.,
2007; Johnston et al., 2006) and perceptual learning (Bratzke et
al., 2012; Lapid et al., 2009; McGovern et al., 2016).

Despite the overwhelming evidence supporting distributed timing
mechanisms, we proposed that there exists a general, abstract, and
conceptual representation of subsecond time in the brain. Our
hypothesis was motivated by the modality-unspecific temporal pro-
cessing manifested in crossmodal interference of duration judgments
(Filippopoulos et al., 2013) and cross-modal transfer of perceptual
learning of temporal interval discrimination (TID; Xiong et al.,
2022; Zhao et al., 2024). For example, Xiong et al. (2022) reported
that modality-specific TID learning can transfer completely across
modalities, as a conceptual representation of subsecond time
would predict, after double training (see the explanation for double
training below). However, it faces additional challenges as TID
learning is also known to be highly specific to the trained temporal
interval, such that learning is unable to transfer from a trained
100-ms interval to a 50- or 200-ms interval (Karmarkar &
Buonomano, 2003; Nagarajan et al., 1998; Wright et al., 1997,
2010). This interval specificity appears to favor distributed timing
mechanisms and is also consistent with the presence of putative
duration channels in the brain (Bruno & Cicchini, 2016; Heron
etal., 2012; Protopapa et al., 2019). Therefore, the apparent discrep-
ancy between the proposed conceptual time representation and
observed interval specificity needs to be resolved.

In this study, we tested the possibility to use double training to
enable TID learning transfer to untrained intervals. Double training
is a procedure we developed originally for visual perceptual learning
research, which can enable location- or orientation-specific learning
to transfer to an untrained retinal location or orientation (Xiao et al.,
2008; J. Y. Zhang et al., 2010). In the current context, it comprises
two distinct components: the primary training focuses on auditory
TID training at a specific time interval and the secondary training
is a tone frequency discrimination (FD) task at an untrained transfer
interval. Additionally, we proved that this secondary task is func-
tionally independent of the primary task and does not significantly
affect TID performance on its own through the control experiments.
The underlying assumption is that if TID learning improves an
abstract and conceptual representation of subsecond timing, the sec-
ondary task could activate specific timing mechanisms that respond
to the untrained interval. This, in turn, would facilitate functional
connections between the training-improved conceptual representa-
tion and temporal inputs associated with the untrained interval,
thereby enhancing TID performance at the untrained interval.

Method
Participants

The data reported in this research were collected between 2016
and 2021, from 16 participants (10 female, 20.6 + 2.4 years) in
Experiment 1, 16 participants (11 female, 20.1 + 2.4 years) in
Experiment 2, and 15 participants (11 female, 19.9 + 1.8 years)
in Experiment 3. All participants had either normal vision or vision
corrected to normal and normal hearing (pure-tone thresholds

<20 dB hearing level across the frequency range of 0.5-6 kHz).
They had no prior experience with psychophysical experiments
and were naive to the study’s purpose. Each participant provided
informed consent prior to data collection. The study was approved
by the Peking University Institutional Review Board and followed
the ethical guidelines of the World Medical Association
(Declaration of Helsinki) throughout the experiments.

Transparency and Openness

We provide a comprehensive account of how we arrived at our
sample size, all exclusions made to the data (if applicable), all
manipulations employed, and the measures taken in our study.
Please note that all data and analysis code can be found at https:/
osf.io/rn3ea/. Data analysis was conducted using the R software
(R_Core_Team, 2015). The design and analysis of this study were
not preregistered.

Sample Size

The sample size estimation was conducted using G*Power soft-
ware. The decision for our sample size was based on a previous
TID learning study by Wright et al. (1997) that utilized similar stim-
uli (their Figure 4, 100 ms—1 kHz condition). To support our statis-
tical analyses based on linear mixed effect (LME) models (see the
Data Analysis section), we used a summary statistics-based power
analysis approach (Murayama et al., 2022) to estimate the minimum
sample size for our primary interest of training effect and its interac-
tion with experimental conditions. In our study, the measures of
learning and transfer first involved comparing pre- and posttraining
thresholds in all experiments. The sample size for each group was
thus determined using the 7 tests family for the difference between
two dependent measures (matched pairs). To achieve 80% power
at a significance level of p =.05, and an effect size of Cohen’s
d =1.34 in Wright et al. (1997), a sample size of seven participants
would be necessary. Additionally, when comparing the learning
effects among the conventional single training, double training,
and control groups, a sample size of seven participants would be suf-
ficient to detect an interaction with a median effect size of 0.4
between the experimental groups and the pre-/posttraining with
80% power at p = .05. To account for potential dropouts among par-
ticipants, we determined a sample size of eight for all experiments.

Apparatus, Stimuli, and Procedures

Experiments were conducted in a soundproof anechoic booth.
The stimuli were diotic sound generated using MATLAB-based
Psychtoolbox software (Pelli, 1997). These stimuli were then pre-
sented to the participants using a pair of Sennheiser HD-499 head-
phones. Two tasks were designed for this study: the TID task and
the tone FD task.

TID Task

In the TID task, the stimuli consisted of two 15-ms tone pips sep-
arated by various intervals. Each tone pip had a 5-ms cosine ramp at
both ends and remained constant at 1 kHz and 86 dB sound pressure
level. The specific interval length was determined by calculating the
difference between the offset of the first stimulus and the onset of
the second stimulus. The TID thresholds were assessed using the
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method of constant stimuli. In each forced-choice trial, a visual fixation
point appeared at the center of the computer screen for 300 ms. Then,
two pairs of stimuli were presented in random order, with one pair con-
taining a standard interval (SI) and the other pair containing a compar-
ison interval (SI+ Al). There was a 900-ms interinterval time gap
between the presentation of these two pairs (see Figure 1A for details).
The SI varied at 100, 200, or 400 ms depending on the experimental
condition. Participants were required to press either the left or right
arrow key on the computer keyboard to indicate whether the first or
the second pair of stimuli had a longer interval. Following each
response, a happy or sad cartoon face appeared on the screen, indicat-
ing whether the response was correct or incorrect. A blank screen was
then shown for a random duration of 500—1,000 ms before the start of
the next trial. The Al was individually adjusted at six levels for each
condition, ensuring an adequate range of correct response rates.
Before starting the experiment, each observer underwent a quick prac-
tice session. This session provided an initial threshold for the partici-
pant, enabling the experimenters to define six levels of Al These
levels aimed to cover a probability range from 20% to 80%. For
most participants, during the pretraining session, the task at 100-ms
intervals typically featured a range of six levels varying from +20%
to +31%, with two logarithmic steps in negative and positive direc-
tions, respectively. Daily thresholds were calculated for each partici-
pant during training, and the range of six levels was adjusted for the
next day. For tasks at 200- and 400-ms intervals, which had lower
thresholds, the pretraining ranges were set at +15% to +22% and
+12.5% to +18.75%, respectively. Each level was repeated 10
times within a block of 60 trials. Following the training session, we cal-
culated the daily threshold for each participant and adjusted their six-
level range based on the previous day’s threshold.

For each session, the accuracy data cross the six levels of Al were
pooled, and a psychometric function was fitted with the equation
P =1/1+4 e 0x@I-2b) " yhere P represents the rate of reporting
the comparison interval being longer at each Al, k represents the
slope, and Al represents the point of subjective equivalence. A
root mean square error value was calculated for each fitted psycho-
metric function as an indicator of goodness of fit. Across all sessions,
the root mean square errors range from 0.01 to 0.11, indicating sat-
isfactory data fitting. The TID threshold was defined as half the inter-
quartile range of the function: threshold = (Aly 75 — Al 25)/2. This
threshold represents the Al at which participants perceived the com-
parison interval as shorter than the SI'in 50% of the trials and longer
than the SIin the remaining 50% of trials. Individual pretraining and
posttraining psychometric functions are provided in Figures S1-S6
in the online supplemental materials.

FD Task

In the FD task, the stimuli were identical to those used for the TID
task, except that the frequency of the comparison tone pip pair was
varied, while the temporal interval remained fixed. In each trial, two
pairs of tone pips were presented in a random order: one pair at a
standard frequency of 1 kHz and the other pair at a higher compar-
ison frequency (1 kHz + Af). Participants indicated whether the
first or second pair of tone pips had a higher frequency by pressing
the left or right arrow key. The FD thresholds were assessed with a
temporal two-alternative forced choice staircase procedure. Initially,
the frequency difference (Af) between the standard and comparison
stimuli was set at 50%. This difference decreased by a factor of 2

after every correct response until the first incorrect response
occurred. Subsequently, the Af was adjusted by a factor of 1.414 fol-
lowing a 3-down-1-up staircase rule, aiming for a 79% correct rate.
Each staircase terminated after 60 trials. The threshold value was
determined as the mean of the last 40 trials.

Procedure

In Experiment 1, the participants were randomly assigned to
one of two groups with equal numbers. One group of participants
(N = 8) was trained with a 100-ms interval and assessed for transfer
effects at a 200-ms interval. Another group (N = 8) was trained with
a 200-ms interval and assessed for transfer effects at both 100 and
400-ms intervals. Participants completed a pretraining session
with TID tasks at both the training and transfer intervals, consisting
of five blocks for each interval. They then underwent five training
sessions, each comprising 16 blocks of the TID task at the training
interval, lasting approximately 1.5 hr. A posttraining session identi-
cal to the pretraining session followed. All sessions were conducted
on separate days (Figure 1B), with blocks in each session counterbal-
anced across intervals. The entire experiment was completed within
7-13 days, with gaps no more than 2 days between daily sessions.

In Experiment 2, the transfer of TID learning from the 100-ms
interval to the 200-ms interval was assessed using a double training
approach. The double training group (N = 8) underwent a pretrain-
ing session, followed by five double training sessions, a posttraining
session, and three further training sessions. The pre- and posttraining
sessions were the same as those in Experiment 1 (the 100-ms training
group). Each double training session, lasting approximately 2 hr,
included both the primary task (TID at a 100-ms interval) and the sec-
ondary task (FD at a 200-ms interval), with 10 blocks of each task
alternated and counterbalanced. Each further training session involved
16 blocks of TID task at the 200-ms transfer interval. The control
group (N =8) underwent the same pre- and posttraining sessions
but solely completed the FD task at the 200-ms interval during five
training sessions, with 16 blocks per session. Unlike the double train-
ing group, the control group did not undergo any further training.

In Experiment 3, the transfer of TID learning from the 200-ms
interval to the 400-ms interval was assessed using a double training
approach. The double training group (N = 8) underwent the same
protocol as did the double training group in the Experiment 2 but
with difference in the training (200 ms) and transfer (400 ms) inter-
vals. The control group (n = 7) was trained solely on the FD task at
the 400-ms interval during five training sessions, following a similar
protocol to the control group in Experiment 2.

Table S1 in the online supplemental materials summarizes the
stimulus information for each pretest, training, and posttest sessions.

Statistical Analysis

The TID thresholds were initially log-transformed to ensure nor-
mal distributions (prelog-transformation Shapiro—Wilk test: p < .01
for TID thresholds at 100, 200, and 400-ms intervals; postlog-
transformation Shapiro—Wilk test: p =.37, .10, and .57, respec-
tively, for corresponding TID thresholds).

To minimize Type I error, data from all three experiments were
combined into a single LME model to analyze the effects of TID
training and transfer. This analysis utilized the “Imer” function
from the “lme4” package (Pinheiro & Bates, 2000). The model
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Figure 1
Experimental Task and Design

A A temporal interval discrimination trial

Standard interval pair
[ l

300 ms 5

i 15 ms : . .
Fixation Tonabh tms Comparison interval pair
Interval 15 ms l 1
Tone pip 900 ms

Blank

15ms

t+Atms

Interval 15 ms
Tone pip
Response 500 ms

Feedback  500-1000 ms

- TID task at a training interval |:| FD task at a transfer interval
- TID task at a transfer interval 60 trials per block
Pre-training Training: 5 sessions Post-training
Single
training
Pre-training Training: 5 sessions Post-training Further-training: 3 sessions
DBL
training

Pre-training Training: 5 sessions Post-training

-~

Note. (A) The procedure of a TID trial. The SI pair included two 15-ms tone pips (1 kHz) separated by a SI, whereas the comparison interval pair included
the same two-tone pips separated by an SI + Al interval. In each trial, the standard and comparison pairs were presented in a random order with a 900-ms
time gap. Participants had to determine which pair had a longer interval. For FD trials only conducted in Experiments 2 and 3, the procedure was nearly the
same. However, both pairs had an interval identical to the transfer interval (e.g., 200 ms in Experiment 2 and 400 ms in Experiment 3), with one pair having
tone pips at a standard frequency (1 kHz) and another pair having tone pips at a higher comparison frequency (1 kHz + Af'). Participants were required to
select the pair with a higher frequency. (B) The protocols for three experimental conditions. The pretraining and posttraining sessions were identical across
all three conditions. These sessions involved TID tasks at the trained and transfer intervals. During the training phase, two single-training groups
(Experiment 1) completed five training sessions of the TID task at the training interval. The two double training groups (Experiments 2 and 3) underwent
five training sessions that encompassed both the TID task (at the training interval) and the FD task (at the transfer interval). Finally, the two control groups
(Experiments 2 and 3) completed five training sessions that solely focused on the FD task at the transfer interval. In addition, after the posttraining session,
the double training groups underwent three additional sessions of TID training at the transfer interval. This step aimed to evaluate the extent of transfer
achieved. The detailed training schedules are provided in Table S1 in the online supplemental materials. TID = temporal interval discrimination; FD =

frequency discrimination; DBL = double; SI = standard interval; Af = frequency difference.



https://doi.org/10.1037/xhp0001254.supp

lied publishers
isseminated broadly.

one of
is not to be d

This document is copyrighted by the American Psychol
This article is intended solely for the personal use of the individual user

INTERVAL-INVARIANT REPRESENTATION OF TIME 5

considered threshold as the dependent variable and included group (all
six groups across Experiments 1, 2, and 3), interval (100, 200, and
400 ms), and test (pre- and posttraining) as fixed effects. Individual
variations in threshold across intervals and tests were modeled as a ran-
dom effect. We started with a full model in which interval and test
were each nested within participant. We then constructed reduced
model with only interval or only test nested within participant. The
full model and reduced models were compared using the likelihood
tests to examine which model explained most variations. The best
model, in this case the full model, was submitted for analyzing the
main effects of the fixed factors. The significance of the fixed effects
was assessed by the analysis of variance function in the “IlmerTest.”
Post hoc analyses were conducted based on the best fitting model,
examining the learning and transfer effects through pair-wise compar-
isons between pre- and posttraining thresholds for each condition in
each experiment. Bonferroni correction was applied using the
“emmeans” package (Piepho, 2004) during the post hoc analysis. It
is important to note that the absence of significance in the post hoc
analysis does not necessarily suggest the acceptance of the null
hypothesis. A Bayesian analysis was thus conducted using Jeffery‘s
Amazing Statistics Program to calculate the Bayes factor (BFg),
which quantifies evidence for the alternative hypothesis (H1) over
the null hypothesis (HO) from Bayesian ¢ tests and analysis of vari-
ance. A BF)( above 1 suggests evidence for H1, a BF,q of 1 implies
equal support for both hypotheses, and a BF;y below 1 favors HO.

Results

Since all experiments (1, 2, and 3) were analyzed together
using a single LME model (see the Statistical Analysis section),
we first present the overall effects here. The LME results show sig-
nificant main effects of interval, F(2, 18)=32.63, p <.001, and
test, F(1, 36) =29.65, p <.001, but no significant main effect of
group, F(5, 38) = 1.18, p = .34. Additionally, there were significant
interactions between interval and test, F(2, 30) = 8.69, p =.001, as
well as among group, interval, and test, F(3, 30) =3.94, p =.017.
These interactions indicate that the amount of improvement in the
posttest is dependent on the task interval and experimental groups.
We report experiment-specific effects below.

Experiment 1: Interval Specificity in TID Learning With
Conventional Single Training

We first replicated the interval specificity of TID learning in two
single-training groups. In the single-training group with a 100-ms
TID (n = 8), training led to a significant reduction in TID thresholds
at the 100-ms interval (the individual data in Figure S1 in the online
supplemental materials). Specifically, the thresholds decreased by 0.29
=+ 0.07 log units, = —4.62, p < .001, Cohen’s d = 1.63, 95% confi-
dence interval (CI) [—0.41, —0.16], BF;(=272.94 (red circles in
Figure 2A and 2B). However, training had little impact on TID at
the 200-ms interval, reducing the thresholds by merely 0.08 + 0.04
log units (r=—1.25, p=.22, Cohen’s d=0.44, 95% CI [-0.20,
0.05], BFo = 1.48; green triangles in Figure 2A and 2B), which rep-
licates the well-established interval specificity in TID learning.

In the single-training group with a 200-ms TID (n = 8), training
significantly reduced TID thresholds at the 200-ms interval by
0.17 + 0.05 log units (t=—2.75, p=.008, Cohen’s d=0.97,
95% CI [-0.29, —0.05], BF;p=33.63; green triangles in

Figure 2C and 2D and individual data are provided in Figure S2 in
the online supplemental materials). On the other hand, TID thresh-
olds at the 400-ms interval were barely changed. The thresholds
were only reduced by 0.02 + 0.04 log units (t=—0.39, p=.70,
Cohen’s d=0.14, 95% CI [-0.15, 0.10], BF,o=0.42; yellow
squares in Figure 2C and 2D and individual data are provided in
Figure S2 in the online supplemental materials), which again dem-
onstrates the interval specificity. Interestingly, training also resulted
in a reduction in TID threshold at the 100-ms interval by 0.12 +
0.05 log units (t=—1.90, p=.063, Cohen’s d =0.67, 95% CI
[—0.24, 0.01], BF;o = 7.00; red circles in Figure 2C and D). This
reduction was replicated using nonlog-transformed raw thresholds
(threshold reduction = 3.73 ms, t = —1.87, p = .066, Cohen’s d =
0.66). Therefore, the learning from the 200-ms TID task partially
transferred to the 100-ms interval, which was approximately 40%
of the direct training effect observed with the 100-ms TID task
(red circles in Figure 2B and individual data are provided in
Figure S2 in the online supplemental materials).

Experiment 2: TID Learning Transfer From a 100-ms
Trained Interval to a 200-ms Interval With Double
Training

Consistent with our hypothesis, we found a significant transfer
effect from 100 to 200 ms after double training. Double training
resulted in a significant reduction in 100-ms TID thresholds by
0.27 + 0.06 log units (= —4.30, p <.001, Cohen’s d=1.52,
95% CI [—0.39, —0.14], BF,( =956.31; red circles in Figure 3A
and 3C and individual data are provided in Figure S3 in the online
supplemental materials). Notably, 200-ms TID thresholds also
exhibited a reduction of 0.18 + 0.03 log units (r=-—2.91,
p=.005, Cohen’s d=1.02, 95% CI [-0.30, —0.06], BF,(=
120.19; green triangles in Figure 3C and individual data are provided
in Figure S3 in the online supplemental materials). This reduction
was not significantly different from the threshold reduction observed
during direct 200-ms TID training in Figures 2D and 4C (green
triangles), F(2, 21) = 0.43, p = .66, BF ;o = 0.43.

To explore whether the transfer effect had reached its maximum, a
subgroup of seven participants engaged in an additional three sessions
of practicing 200-ms TID, consisting of 16 blocks per session.
However, these additional sessions failed to further enhance TID per-
formance at this interval (TID 200 cont. train [continuous training] in
Figure 3C; by 0.001 + 0.06 log units), #(6) = 0.01, p = .99, Cohen’s
d=0.003, BF;,=0.35. These results collectively suggest that the
performance of 200-ms TID reached its peak after a combination of
both 100-ms TID training and 200-ms tone frequency training in
the double training paradigm, despite the fact that it was unaffected
by 100-ms TID training alone (green triangles in Figure 2A and 2B).

Since the double training paradigm introduced a new task, it is
important to exclude the possibility that the new task per se led to
the TID improvement at the 200-ms interval. To account for this alter-
native possibility, a separate control group (N = 8) only practiced tone
FD at the 200-ms interval between the pre- and posttraining sessions.
The FD training resulted in a significant improvement in 200-ms
tone FD, indicated by an improvement of 0.18 + 0.07 log units
(brown dashed line in Figure 3B). However, this practice did not
yield a significant impact on 200-ms TID thresholds (—0.01 + 0.11
log units; t=—0.20, p = .84, Cohen’s d =0.07, 95% CI [-0.14,
0.11], BF;9=0.34; green triangles in Figure 3B and 3C and
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Baselines: Interval Specificity in TID Learning With Conventional Single Training
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(A) The averaged learning curve for the 100-ms TID task, as well as the pre- and posttraining 200-ms

TID thresholds. (B) The averaged and individual performance improvements for the trained 100-ms TID
task and the untrained 200-ms TID task. (C) The averaged learning curve for the 200-ms TID task, along
with the pre- and posttraining thresholds for the 100- and 400-ms TID tasks. (D) The averaged and individual
performance improvements for the trained 200-ms TID, as well as the untrained 100- and 400-ms TID tasks.
In the plots, the error bars represent + 1 SE of the mean, and the red, green, and yellow symbols correspond
to the 100-, 200-, and 400-ms TID tasks, respectively. In (A) and (C), hollow symbols represent untrained
tasks that were only performed during Session 1 and Session 7, while solid symbols represent the trained
tasks that were performed daily. TID = temporal interval discrimination. See the online article for the

color version of this figure.

individual data are provided in Figure S4 in the online supplemental
materials). The outcomes of double training and the control group
imply that the combination of 100-ms TID training and 200-ms tone
frequency training actuated complete transfer of TID learning from a
100-ms interval to a 200-ms interval, despite the absence of significant
transfer in the single-training condition.

Experiment 3: TID Learning Transfer From a 200-ms
Trained Interval to a 400-ms Interval With Double
Training

We further validated the double training effect by showing a
transfer effect from 200 TID to 400-ms TID. Double training

resulted in a significant change of 200-ms TID, with an
improvement of 0.23 + 0.07 log units (t=—-3.76, p <.001,
Cohen’s d =1.33, 95% CI [-0.36, —0.11], BF;y =52.29; green
triangles in Figure 4A and 4C and individual data are provided
in Figure S5 in the online supplemental materials). Similar to
the earlier double training experiment, the untrained 400-ms
TID task also displayed improvement, with a reduction of TID
thresholds by 0.12 + 0.05 log units. This transfer effect was not
statistically significant (t= —1.88, p=.065) but had a medium
effect size and a large Bayes factor (Cohen’s d =0.67, 95% CI
[—0.24, 0.01], BF,o = 3.24; yellow squares in Figure 4A and 4C
and individual data are provided in Figure S5 in the online supple-
mental materials).
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Figure 3
Transfer of TID Learning From 100 to 200 ms With Double Training
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Note. (A) The averaged learning progress of double training for the 100-ms TID task (Sessions 1-7, the

curve with red circles) and the 200-ms FD task (Sessions 26, the curve with brown dashed line). The eval-
uation of the 200-ms TID task was conducted during the initial and final double training sessions (Sessions 1
and 7, green triangles). Additionally, the participants practiced the 200-ms TID task for additional three ses-
sions (Sessions 8—10). (B) The effect of exclusive 200-ms FD training (the curve with brown dashed line) on
200-ms TID thresholds (green triangles), serving as a control measure. (C) The averaged improvements and
individual progressions resulting from double training (100-ms TID and 200-ms TID) and the control con-
dition (200-ms TID). To facilitate comparison, the earlier single-training data for the 100-ms TID task in
Figure 2B were replotted here). The error bars represent + 1 SE of the mean. TID = temporal interval dis-
crimination; DBL = double; FD = frequency discrimination; cont. train = continuous training. See the

online article for the color version of this figure.

To assess the completeness of the transfer effect, all participants
underwent three additional practice sessions for the 400-ms TID,
with each session containing 16 blocks of trials. Despite these addi-
tional sessions, we observed no significant improvement in TID per-
formance for the 400-ms interval, with the threshold reduced by
0.02 + 0.02 log units, #(7) = —0.24, p = .82, Cohen’s d=0.08,
BF;o=0.35 (TID 400 cont. train in Figure 4C). The outcomes indi-
cate that the learning from 200-ms TID effectively transferred to and
optimized the performance of the 400-ms TID following the double
training sessions.

Again, a control experiment was also conducted to test the alter-
native possibility that the secondary task per se may lead to TID
improvement at the 400-ms interval. The control group (N=7)
underwent the tone FD training at the 400-ms interval

and demonstrated an improvement in the FD performance by
0.15 £+ 0.05 log units (brown dashed line in Figure 4B) but a
minimal change of the 400-ms TID thresholds by 0.01 + 0.05
log units (t=—0.10, p = .92, Cohen’s d =0.26, 95% CI [—0.14,
0.13], BF,( = 0.36; yellow squares in Figure 4B and 4C and indi-
vidual data are provided in Figure S6 in the online supplemental
materials). This implies that the improvement observed in the
400-ms TID improvement was indeed because of double training
and was not the result of the 400-ms FD training alone. The pre-
training 400-ms TID threshold (yellow squares of Session 1 in
Figure 4B) for the control group appeared to be lower than that
of the double training group (yellow squares of Session 1 in
Figure 4A). This difference was mainly attributable to one partic-
ipant who had an exceptionally low pretraining threshold at 4.1%.
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Figure 4
Transfer of TID Learning From 200 to 400 ms With Double Training
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Note. (A) The averaged learning curves for double training, which included 200-ms TID (Sessions 1-7,

curve with green triangles) and 400-ms FD (Sessions 2—6, curve with brown dashed line). The 400-ms
TID thresholds were assessed in both pre- and postdouble training sessions (Sessions 1 and 7, yellow
squares), and additional practiced for 400-ms TID occurred over three sessions (Sessions 8—10, curve
with yellow squares). (B) The impact of 400-ms FD training (curve with brown dashed line) alone on
400-ms TID thresholds (yellow squares), which served as a control measure. (C) The averaged and individ-
ual improvements resulting from double training (200-ms TID and 400-ms TID, left side), as well as the
control condition (400-ms FD, middle). The previous data on 200-ms TID single training were replotted
from Figure 2D for comparison. The error bars indicate + 1 SE of the mean. TID = temporal interval dis-
crimination; DBL = double; FD = frequency discrimination; cont. train = continuous training. See the

online article for the color version of this figure.

Upon excluding this participant’s data from the analysis, the stat-
istical conclusions remain consistent.

Discussion

In this study, we first replicated the specificity of TID learning,
observing that training at 100- and 200-ms intervals did not transfer
to untrained 200- and 400-ms transfer intervals, respectively
(Experiment 1). However, a double training paradigm, in which
the primary TID task at the trained interval was combined with a sec-
ondary FD task at the transfer interval, led to complete transfer of
TID learning (Experiments 2 and 3). Furthermore, control experi-
ments showed that the secondary FD learning task per se could
not explain the transfer effect (Experiments 2 and 3).

Time interval information after initial processing by distributed
mechanisms such as hypothesized duration channels (Bruno &
Cicchini, 2016; Heron et al., 2012; Protopapa et al., 2019) requires

subsequent readout by more centralized decision units (B. Bueti &
Buonomano, 2014; Paton & Buonomano, 2018). According to var-
ious reweighting theories of perceptual learning (e.g., Dosher & Lu,
1998), training in TID would be expected to enhance the readout of
time information by assigning more weight to temporal inputs that
best match a stimulus template representing the trained interval.
Here, the stimulus template is supposedly interval specific, thus pre-
dicting interval specificity in TID learning. However, the observa-
tions of cross-interval transfer of TID learning in the current study
suggest a more general interval-invariant time representation,
which is probably a higher-level process than the rigid templates rep-
resenting specific intervals.

Specificities in perceptual learning have been used to infer the
neural mechanisms underlying learning (Sagi, 2011; Watanabe &
Sasaki, 2015). In time perception, the interval and modality specific-
ities in TID learning were also interpreted as evidence against a
centralized clock and for distributed mechanisms (B. Bueti &
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Buonomano, 2014). However, double training results suggest that
such specificities likely arise from particular single-training proce-
dures rather than being inherent properties of temporal learning.
One possible cause for learning specificity might be various degrees
of overfitting during training (Mollon & Danilova, 1996; Sagi,
2011). According to this account, the participants during training
may learn to attend to various peculiarities that are associated with
the training condition but are not necessarily relevant to the trained
task. Because of overfitting, learning cannot transfer to new condi-
tions where the same peculiarities may not exist. Similarly, we pro-
pose that as training requires full attention to the trained condition, it
may suppress or ignore untrained conditions that are neither attended
nor stimulated (Xiao et al., 2008; Xiong et al., 2016). As a result,
high-level conceptual and transferrable learning cannot functionally
connect to sensory inputs from transfer conditions, such as time
inputs originating from a different modality or representing a differ-
ent interval, to enable learning transfer (e.g., Xiao et al., 2008; Xiong
et al.,, 2016, 2022; J. Y. Zhang et al., 2010).

Double training enables learning transfer within the same task,
such as from one orientation to another orientation or from one
retinal location to another retinal location in an orientation or con-
trast discrimination task, but it fails to make learning transfer
across tasks, such as from contrast discrimination to orientation
discrimination and vice visa (Cong et al., 2016). These results
provide further constraint that learning is specific to a sensory
concept, such as an orientation or contrast concept. Following
the discovery of the double training effect, other experimentally
introduced factors, such as attention (Donovan & Carrasco,
2018; Donovan et al., 2015; Xiong et al., 2016), stimulus variabil-
ity (Manenti et al., 2023; Xie & Yu, 2020), and even subconscious
stimulation (Xiong et al., 2016), have also been found effective to
actualize learning transfer. While stimulus variability prevents
overfitting, the secondary task in double training may override
overfitting by informing the brain to ignore task-irrelevant pecu-
liarities learned in the primary training task. Neural network
wise, the secondary task, as well as top-down attention and
bottom-up stimulation, can activate neurons responding to the
transfer condition, so that functional connections between high-
level conceptual learning and new sensory inputs can be estab-
lished or strengthened to achieve learning transfer (Xiao et al.,
2008; Xiong et al., 2016). Such functional connections have
been suggested by vent-related potential evidence that significant
occipital P1-N1 changes are associated with learning transfer to a
transfer location but are absent when learning fails to transfer
(G. L. Zhang et al., 2013).

Is it possible that double training-enabled learning transfer is actu-
ally a result of joint activations of a certain mechanism by the pri-
mary and secondary tasks, even if neither task can enable the
learning transfer on its own? Previously, we have discovered an
order effect of double training. That is, perceptual learning of visual
orientation discrimination and auditory tone FD only transfers when
the secondary training is conducted either simultaneously with the
primary training or at a later time but not ahead of it (Xiong et al.,
2020; J. Y. Zhang et al., 2010). These findings may be inconsistent
with a jointly activated mechanism to underlie double training,
unless the mechanism also requires some specific order of activa-
tions. We rather interpret the order effect as an indication that percep-
tual learning of the primary task needs to take place before it
transfers (Xiong et al., 2020; J. Y. Zhang et al., 2010).

The thresholds for 100-ms TID were about twice as high as those
for 200-ms TID (Figure 2A), suggesting less precision and higher
uncertainty. Notably, even the posttraining 100-ms TID thresholds
remained higher than the pretraining 200-ms TID thresholds.
Therefore, learning with a less precise and more uncertain 100-ms
TID task cannot be directly mapped to 200-ms TID. Similarly,
because of these precision or uncertainty differences, neither
enhanced attention to nor improved memory of the trained temporal
intervals resulting from TID training can be directly responsible for
the learning transfer from 100 to 200 ms. Furthermore, the improve-
ment of this temporal perception is likely task specific, as we did not
observe an improvement of TID task after FD training (Figures 3B
and 4B), which excludes the possibility that TID learning transfer
is caused by training-improved general decision-making capability,
as well as general auditory attention (both are auditory tasks).
Instead, the cross-interval learning transfer suggests that training
enhances some fundamental knowledge of temporal interval infor-
mation. This interpretation is consistent with, and thus offers further
support to, our proposition that TID training improves an abstract
and conceptual representation of subsecond time.

Although the interval and modality specificities of TID learning
have been used to dispute a centralized clock, double training-enabled
TID learning transfer across intervals and modalities may not neces-
sarily support a dedicated centralized clock. While a centralized
clock is assumed to measure time, a conceptual representation of sub-
second time lacks the ability to do so since it only involves abstracted
time information. Therefore, time needs to be measured by specific
timing mechanisms. Furthermore, training of a TID task at higher
thresholds (e.g., 100-ms TID) would have no impact on the machinery
of the hypothesized centralized clock that is capable of handling more
precise timing tasks (e.g., TID at 200 ms) not supporting the idea of a
centralized clock either.

D. Bueti et al. (2012) found that visual cortices may directly con-
tribute to the representation of time in vision modality. In contrast,
the insula appears to be involved in “high-level” processing of tem-
poral information that is modality unspecific (D. Bueti et al., 2012).
The detailed brain mechanisms specific to the transfer of TID
learning across intervals may be uncovered through future imaging
studies. These mechanisms would involve cortical or subcortical
structures with an improved ability to decode time interval informa-
tion after training and effective connections from these structures to
sensory areas (e.g., V1 or A1) that facilitate learning transfer.

Conclusion

In this study, we successfully demonstrated the complete transfer
of TID learning from trained to untrained new intervals using a dou-
ble training approach, even when the same learning was initially
interval specific with conventional (single) training. These findings
provide strong evidence for the existence of an interval-invariant
representation of subsecond time and its precision being enhanced
through learning. Prior evidence has already suggested that subsec-
ond time perception is not constrained by sensory modalities (Barne
etal., 2018; Filippopoulos et al., 2013; Stauffer et al., 2012; Xiong et
al., 2022). However, being general across these nontemporal features
is necessary but not sufficient for a general representation of subsec-
ond time, as training-improved precision of this representation shall
apply to different time intervals, which would predict cross-interval
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transfer of temporal learning. This prediction is finally proved by our
current findings.

Constraints on Generality

Our participants were convenient samples of Chinese college
students with normal hearing and learning abilities from a diverse
background of majors. We expect our findings to generalize to a
broad population of adults with normal hearing and learning abili-
ties. However, the learning and transfer effects we observed in this
study may not be replicated in subjects with hearing loss, learning
disabilities, or cognitive decline. We determined the numbers and
durations of the training sessions based on our prior experience in
visual and auditory perceptual learning. However, individuals with
hearing loss or who are older in age may require longer training
courses and exhibit smaller learning and transfer effects. We recom-
mend that the best practice to examine whether a transfer effect is
complete is to conduct continuous training to observe whether fur-
ther improvement can be achieved. We have no reason to believe
that the results depend on other characteristics of the participants,
materials, or context.
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