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A B S T R A C T

One benefit of multisensory integration is the acceleration of responses in a perceptual decision 
task, known as the redundant signals effect (RSE). Based on probability summation, two basic 
principles have been proposed to explain such benefit: the “principle of congruent effectiveness”, 
which suggests maximal RSE when unisensory performances are comparable, and the “variability 
rule”, which proposes that RSE increases when unisensory performances are more variable. Yet, it 
remains unclear whether these principles extend to dynamic multisensory contexts and how they 
manifest in the model architectures proposed to explain RSE. To address these questions, we 
evaluated RSE in a multisensory context featuring transient onsets and offsets using a change 
detection task. Our results showed that both principles predicted the rank of the RSE in this 
dynamic setting, with the principle of congruent effectiveness emerging as the dominant one. 
Model comparison identified two best-performing model architectures that implement distinct 
crossmodal interactions (enhanced evidence accumulation rates or lowered decision criterion) in 
the perceptual process when two unimodal signals race towards their decision criterion. More
over, the key predictors derived from the principles effectively modulate the crossmodal in
teractions in the two models. Together, these findings demonstrate that the principles underlying 
RSE generalize to dynamic multisensory contexts and operate via distinct computational mech
anisms, shedding light on how perceptual systems flexibly integrate multisensory cues to optimize 
decision-making.

1. Introduction

In our daily experiences, we often make perceptual decisions based on multisensory signals, such as the sights we see, the sounds we 
hear, and the textures we touch (Alais et al., 2010; Bizley et al., 2016; Drugowitsch et al., 2014; Franzen et al., 2020; Ghazanfar & 
Schroeder, 2006; Raposo et al., 2012). Imagine you are walking down a street on a densely foggy morning. Either a vague outline of the 
clothing or a fleeting snippet of the voice contributes to your decision that someone is in your path. But when both visual and auditory 
cues are detected, you may reach the decision more quickly, and turn left or right to avoid a collision. In such a context where decision 
can be made based on a single signal alone, combining these signals together (redundant signals) greatly facilitates and accelerates the 
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decision-making process (Gondan & Minakata, 2016; Otto et al., 2013; Otto & Mamassian, 2016; Stevenson et al., 2014), ensuring 
significant information are utilized and prompt reactions are made in a shorter time. This is well-known as the redundant signals effect 
(RSE).

1.1. The principle of redundant signals effect

In classical RSE experiments, observers are required to complete a speeded reaction task by pressing the button as quickly as 
possible when they perceive the stimulus regardless of the modality it comes from. Usually, the reaction time (RT) to detect the 
multisensory stimuli is significantly shorter than to detect its corresponding unisensory components (Chua et al., 2022; Hershenson, 
1962; Innes & Otto, 2019; Otto et al., 2013; Otto & Mamassian, 2012; Plass & Brang, 2021; Raab, 1962; Roberts et al., 2024; Todd, 
1912).

Early electrophysiological studies on cats’ superior colliculus established three canonical principles of multisensory integration: 
signals produce the largest neural enhancements when they are spatially aligned (“spatial rule”), temporally coincident (“temporal 
rule”), or weak in strength so that combination yields proportionally larger gains (“inverse effectiveness”) (Meredith & Stein, 1983; 
Stein & Meredith, 1993; Stein & Stanford, 2008). Since then, these principles have been repeatedly tested on their ability to predict 
behavioral benefits of multisensory integration. However, their direct applicability to RSE—the speedup of reaction time for multi
sensory versus unisensory stimuli—is limited. Empirically, RSE magnitude is largely insensitive to precise spatial alignment (Murray 
et al., 2005), the temporal relation that maximizes facilitation is variable and often occurs with delayed auditory onsets rather than 
strict simultaneity (Hershenson, 1962; Miller, 1986), and evidence for inverse effectiveness is mixed across paradigms 
(Chandrasekaran et al., 2011; Senkowski et al., 2011). Thus, these rules developed from neurophysiology do not straightforwardly 
predict behavioral speeding. Researchers have been seeking for other behavior-sensitive principles that explain the redundancy gains 
in RSE.

In the framework of probability summation, the RSE can be straightforwardly explained by a race between two statistical inde
pendent decision processes completed in each modality. On each trial when redundant signals are simultaneously presented, the RT is 
determined by the faster decision process. Starting from the assumption of statistical independence, Raab demonstrated that the RT 
facilitation increases as the distance between the RTs to the two redundant signals shortened (Raab, 1962). This finding is in 
concordant with the results collected on the same year that the RT facilitation reached maximum when the stimulus onset asynchrony 
(SOA) was approximately equal to the difference in RTs to the visual and auditory stimuli (Hershenson, 1962). Since then, it has been 
broadly accepted that a larger overlap between the RT distributions of redundant signals would increase the RSE.

However, in the original paper of Raab, both the simulation and modelling efforts took little account of the variability of RT 
distributions, assuming equal variance to simplify the algebra (ref to their Eq. (4)). This contrasts with the original equation (ref to 
their Eq. (1)), which is distribution free (Raab, 1962). More recently, Otto et al. (2013) derived two principles from the probability 
summation framework adopted by Raab (1962). One principle, the principle of congruent effectiveness, explicitly quantifies that the 
degree of overlap between the two unisensory RT distributions as the similarity in their mean and variability. The more similar of 
them, the larger the RSE. The other principle, the variability rule, additionally states that when the variability of the two unisensory RT 
distributions are larger, the RSE turns larger.

Along with the simulation, they conducted two empirical experiments to assess the two derived principles (Otto et al., 2013). In the 
first experiment, the SOA between the unisensory signals was varied, as did in (Hershenson, 1962) and other studies (Blurton et al., 
2014; Chandrasekaran et al., 2019; Harrar et al., 2017; Miller, 1986). As predicted by the principle of congruent effectiveness, the 
maximal RSE occurred at the SOA that counteracted the 33-ms differences in RTs to unisensory signals. In the second experiment, each 
unisensory signal was presented at one of three levels of signal strength, allowing the RT being measured at nine combinations in the 
redundant conditions. The observed RSEs were ordered structurally according to the two principles. For example, sound with weak 
strength and motion with medium strength were most similar in their median and variance of RTs (median difference 12 ms, variance 
difference 4 ms) and with relatively larger variances (123 and 119 ms), their combination therefore yielded the greatest RT facilitation 
(67 ms). In contrast, when sound and motion both with strong strength had comparable distances in median and variance of RTs (16 
and 6 ms) but the variances themselves were much smaller (67 and 73 ms), the RSE fell down to 39 ms. However, if there were huge 
distances between median and variance of RTs to sound and motion, the RSE almost vanished (strong sound and weak motion, ref to 
their Fig. 5). Moreover, if the two principles contradicted with each other, for instance, distances in median and variance of RTs to 
unisensory signals enlarged while at the same time their variances grew larger, the RSEs stayed rather constant (data pointed by arrows 
in their Fig. 6).

It is obvious that the key dimensions underlying the two RSE principles are the ultimate relationship between unisensory RT central 
tendency and variability. That said, if any other principles, such as the previously mentioned three generic principles (spatial, temporal 
and inverse effectiveness), modulate the RSE, they do so by altering the overlap between unisensory RT distributions (shaping their 
mean and variability), in accordance with the two principles first proposed by Raab (1962) and later supplemented by Otto et al. 
(2013). Two interesting questions then arise: Can the two principles be generalized to explain the RSEs in other more complicated 
multisensory context? In predicting the RSE, are they of the same weight or does one principle dominate the other?

1.2. Computational models interpreting the redundant signals effect

In the probability summation framework of RSE, processing in each modality competes to arrive at a decision module. The decision 
module computes a logical OR operation: The faster processing that enters it drives a response in the redundant conditions. The model 
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is therefore metaphorically called a race model. It has two core assumptions, statistical independence and context invariance. The first 
assumed that in redundant conditions, the processing in the one modality has little or no influence on the processing in the other 
modality; The second assumed that the processing of unisensory signals in redundant conditions is equal to the processing when they 
are presented alone as single signals. Then, in the race model the cumulative distribution function (CDF) of RTs to the redundant 
signals can be predicted by the CDF of RTs to the single signals, 

PAV(t) = PA(t)+PV(t) − PA(t) × PV(t) (1) 

PAV (t), PA (t), PV (t) refers to the cumulative distribution functions of RTs in audiovisual, auditory, visual conditions.1 Here t is a 
temporal cutoff (i.e. “≤t”); For example, PAV (t) expresses the probability that the RT in an AV trial occurs at or before time t. Derived 
from Eq. (1), the upper bound of RSE in the race model, also known as the Miller’s bound or the race model inequality, is as followed: 

PAV(t) ≤ PA(t)+PV(t) (2) 

However, the race model inequality is frequently violated by observations, falsifying either the model’s two assumptions, or the 
model architecture (A thorough review about the race model inequality test, ref to (Gondan & Minakata, 2016)). Simply speaking, 
there must occur some interactions between the two modalities. Two candidates explain which interaction causes the violation, each 
corresponding to a class of computational implementation (Fig. 1, also see (Colonius & Diederich, 2006; Gondan & Minakata, 2016; 
Miller, 2016; Mordkoff & Yantis, 1991; Yang et al., 2018)).

Context-variant race models. The first class drops the two assumptions, statistical independence and context invariance of the 
race model (Innes & Otto, 2019; Mordkoff & Yantis, 1991; Otto et al., 2013; Otto & Mamassian, 2012; Plass & Brang, 2021; Yang et al., 
2018). A graphic illustration of these context-variant race models is in Fig. 1a. In one deterministic model released by (Otto & 
Mamassian, 2012), the RT is transformed to its reciprocal that can be loosely interpreted as the evidence accumulation rate by adopting 
a linear evidence-accumulating framework in decision-making (the Linear Approach to Threshold with Ergodic Rate model, ref to 
(Noorani & Carpenter, 2016; Reddi et al., 2003), and Eq. (5)). The race model then estimates the evidence accumulation rate in the 
redundant conditions as the maximal evidence accumulation rate in the two single evidence accumulation processes. The authors 
made two critical modifications to this context-invariant race model. First, they included a negative correlation between two uni
sensory signals to capture the history effect especially the modal switching cost (Gondan et al., 2004; Gondan et al., 2007; Shaw et al., 
2020; Spence et al., 2001). Second, they included additional noise to increase the variability of evidence accumulation rates for each 
unisensory signal in the redundant conditions to improve model performance. Clearly, the two modifications abandoned the as
sumptions of the original context-invariant race model.2 The model is then a context-variant one and termed the multisensory noise 
(MN) model in our study (Fig. 1b).

Based on the MN model, Plass and Brang (2021) recently proposed another two context-variant race models by introducing other 
types of crossmodal interaction. In their models, the correlation between unisensory signals is retained but the variability of evidence 
accumulation rate is held constant. One model allows the decision criterion for each unisensory signal to lower down in the redundant 
conditions, while the other allows the evidence accumulation rate to increase (Fig. 1c and d). The former model is named the 
crossmodal pre-potentiation (CP) model, and the latter the crossmodal coactivation (CC) model. Since both the shift of criterion and 
the increase of evidence accumulation rate (or an enhancement of neural activities) have been found in studies of multisensory 
interaction (Kayser et al., 2008; Lakatos et al., 2007; Lippert et al., 2007; Mercier & Cappe, 2020; Regenbogen et al., 2018; Schirillo, 
2011), the two models are behaviorally and neurophysiologically compatible. The two types of multisensory interaction are potentially 
the consequence of phase resetting between sensory cortices (Lakatos et al., 2007; Mégevand et al., 2020; Mercier et al., 2015; Thorne 
et al., 2011). Plass & Brang (2021) collected a large dataset that contained RTs to visual, auditory, tactile, and bimodal stimuli, and 
evaluated the performance of the three context-variant race models (MN, CP, and CC). The results demonstrated that the CP model 
with a positive correlation and decreased decision criterion outperform the MN and CC models.

1 The derivation of Eq. (1) under the two assumptions of race model can be found in (Colonius & Diederich, 2006; Gondan & Minakata, 2016; Otto 
& Mamassian, 2016). Here we briefly described it, as well as the derivation of race model inequality (Eq. 2) from Eq. (1). First, race model assumes 
PAV(t) = P [min(DA in AV ,DV in AV) ≤ t] = PA in AV(t) ∪ PV in AV(t), where D is the decision time and t also represent the cutoff. If statistical indepen
dence is assumed, then PAV(t) = PAinAV(t)+PVinAV(t) − PAinAV(t)×PVinAV(t). If context invariance is additionally assumed, we obtain Eq. (1), PAV(t) =
PA(t)+PV(t) − PA(t)×PV(t). Because P(t) is a non-negative value, PAV(t) is always smaller than PA(t) + PV(t), indicating a negative correlation 
between DAinAV and DVinAV . Only when the correlation reaches maximal, PAV(t) = PA(t) + PV(t). Thus, Eq. (2) denotes statistical dependence between 
the two unisensory processes within a bimodal trial.

2 There is no doubt that the inclusion of additional noise (parameter σ) violates the context invariance assumption of the original race model (Eq. 
(1). However, the negative correlation between unisensory trials due to history effects (parameter ρ) in Otto’s model cannot be simply reduced to a 
violation of statistical independence. Thanks to an anonymous reviewer for bring this critical point to our attention. History effects reliably cause a 
negative correlation between unisensory processing in the two unimodal conditions, and may simultaneously influence the two unisensory pro
cessing in bimodal trials in the same direction. However, the negative correlation arising from history effects (inter-trial dependence) is not 
necessarily equal to the negative correlation between the two unisensory processing in bimodal conditions (within-trial dependence). Conceptually, 
statistical independence refers to within-trial independence in probability theory. Only when the two unisensory processing in bimodal trials ex
hibits a negative correlation that exactly matches the one between unimodal trials, can we safely claim that statistical independence is violated. 
Otherwise, context invariance is also violated under history effects. Thus, inter-trial dependence due to history effects must be strictly distinguished 
from statistical (within-trial) dependence. Notably, not only the parameter ρ in Otto’s model, but also the other parameters in CC and CA models 
may simultaneously violate the two race model assumptions.
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Noteworthy, although the CC model in Plass & Brang (2021) can be considered as a type of coactivation model (Miller, 2016), the 
present study renamed it the crossmodal acceleration (CA) model henceforth to distinguish with other types of coactivation models 
that have been used for decades to explain the violation of the race model inequality (reviewed in the next section). It is also worth to 
mention that in other literature, the context-variant race models are named the parallel interactive race models (Mordkoff & Yantis, 
1991; Yang et al., 2018). For example, in the unequal-weighted parallel model, the interaction between two unisensory evidence 
accumulation processes are assumed asymmetric (Yang et al., 2018), in contrast to the three race models reviewed above.

Coactivation models. The other class of models completely abandon the framework of race model in explaining the violation of 
race model inequality. It instead assumes that the RSE is not caused by a race between two independent or interactive unisensory 
processing but their summation. Specifically, the processing in each modality is pooled into a common channel before arriving at the 
decision module. When the pooled information exceeds the criterion of the decision module, a response is triggered (Fig. 1e). The 

Fig. 1. Two main model architectures for the RSE. (a)(e) The core tenet of context-variant race model class and coactivation model class. Evidence 
in the two modalities are accumulated in a race or pooled together before reaching the decision threshold. (b)–(d) Three specific context-variant race 
models. In the multisensory noise (MN) model, the variability of evidence accumulation rate (σ) increases. In the crossmodal potentiation (CP) 
model, the decision threshold (θ) lowers down, In the crossmodal acceleration (CA) model, the evidence accumulation rate (μ) increases. (f)–(h) 
Three specific coactivation models. (f) Possion Counter model, the pooled evidences are discrete, following the Possion distribution. (g) Diffusion 
Superposition model, the pooled evidences are accumulated in a standard Wiener process with constant drift (a perfect integrator). (h) Ornstein- 
Uhlenbeck (OU) model, the pooled evidences are accumulated in a leaky diffusion process (state-dependent drift, leakage parameter λ). Panels 
(g) and (h) both represent continuous diffusion accumulators; the OU model differs from the Wiener model by the leak term that causes mean- 
reversion of the accumulation. S0 represents the initial state while ST represents the state at the decision threshold.
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coactivation models are also consistent with current neurophysiological and neuroimaging evidence: Multisensory neurons and 
patches activated by inputs from more than one modality are widely distributed in the superior colliculus, primary sensory cortices, 
and association cortices (e.g., the superior temporal sulcus) (Alais et al., 2010; Beauchamp, Argall, et al., 2004; Beauchamp, Lee, et al., 
2004; Ghazanfar et al., 2005; Lemus et al., 2010; Stein & Stanford, 2008; von Saldern & Noppeney, 2013; Werner & Noppeney, 2011).

So far, coactivation models have developed a great variety of examples since Miller (1982), for instance, the Poisson counter model 
(Diederich, 1995; Schwarz, 1989), the parallel grains model (Miller & Ulrich, 2003), and the diffusion superposition model (Blurton 
et al., 2014; Chandrasekaran et al., 2019; Colonius & Diederich, 2020; Diederich, 1995; Diederich & Busemeyer, 2003; Schwarz, 
1994). Shared by common assumptions, these models only differ in their mathematical description of the pooled evidence accumu
lation process. Both the Poisson counter and the parallel grains model assume that discrete impulses (or parallel grains) are generated 
in each modality. A multisensory channel pools these impulses together and submits the count to a decision module which triggers a 
response once the count reaches a criterion (Fig. 1f). By contrast, the diffusion superposition model assumes that the evidence 
accumulation in each modality follows a Wiener process. Evidence particle continuously drifts over time with a certain variance. 
Response is triggered when the particle reaches the absorbing boundary (decision criterion). The evidence accumulation process in 
multisensory conditions is the superposition of the two unisensory processes (Fig. 1g). A particular extension of the diffusion super
position model introduces a leak in the accumulation (Diederich, 1995; Diederich & Busemeyer, 2003), where evidence from the 
remote past leaks the most (i.e., an Ornstein-Uhlenbeck process, Fig. 1h). Notably, the Wiener process is recovered as the zero-leak 
limit of the OUP. Despite their distinct computational approaches, all the coactivation models also demonstrate excellent fit to the 
mean and variance of RT data collected in the redundant conditions.

One crucial issue is which class of models is superior at accounting for the RSE. Using generalized race model inequality tests, such 
as the survivor interaction contrast and workload capacity, researchers can distinguish between the underlying model architectures 
using the same set of RSE data (Blunden et al., 2022; Townsend & Ashby, 1983; Townsend & Nozawa, 1995; Yang et al., 2018). 
However, the two classes of models have rarely been parametrically evaluated and compared (but see (Blunden et al., 2022; Egan et al., 
2025; Johansson & Ulrich, 2025)). And it remained unknown whether and how the established RSE principles manifest in the un
derlying computational mechanisms of RSE, or specifically, are the principles associated with the model-assumed processes?

1.3. The present study

There are four objectives of the present study. Firstly, whether the principles of RSE can be generalized to a dynamic multisensory 
context. All previously reported RSEs are constrained in a multisensory onset context (Innes & Otto, 2019; Mercier & Cappe, 2020; Otto 
et al., 2013; Otto & Mamassian, 2012; Plass & Brang, 2021). Considering real-world perceptual decisions often involve temporally 
dynamic signals that fluctuate over time, the present study consisting of three experiments created a dynamic multisensory context to 
mimic these naturalistic sensory fluctuations and to introduce novel dimensions for probing the generalization of RSE principles. In 
this context, not only onset but also offset changes of unisensory signals were included, and their cross-combination formed either 
congruent or incongruent multisensory changes (e.g., a flash onset paired with either a sound onset or offset). Participants completed a 
change detection task irrespective of modality and congruency.

Previous studies have indicated that transient onset and offset changes in sound intensity equally enhance visual detection and 
search for brightness changes irrespective of whether change types are congruent or not between modalities (Andersen & Mamassian, 
2008; Van der Burg et al., 2010). A prior study demonstrated that auditory tone offset paired with visual stimulus onset produced a RT 
facilitation comparable to that with tone onset, confirming intersensory facilitation effects across both stimulus onset and offset 
context (Bernstein & Eason, 1970). Therefore, we expected the RSE occurs in the multisensory onset-offset context, and focused on 
revealing whether the observed RSE rank in this context conforms to the principles of RSE.

By pooling the observations of the three experiments together, the second objective of the present study was to evaluate which 
principle among the two most contributes to the observed RSE rank. Is there a dominant principle or a key predictor in the principle 
that explains RSE to a greater extent? The third objective was to compare the performance of the two classes of computational models 
of RSE, and identify the optimal one using a consistent evaluation metric. Lastly, our fourth objective was to reveal whether and how 
the (dominant) principle and predictor manifest in the optimal models. Specifically, do some processes in the optimal models vary as a 
function of the (dominant) predictors in the principles? A systematic evaluation of the principles and computations underlying the RSE 
in multisensory processing not only consolidates our current understanding of this effect but also shed light on potentially shared 
computational architectures across diverse multisensory integration phenomenon.

2. Experiments

2.1. Methods

Participants. A total of 52 participants was enrolled, with 20 in Experiment 1 (8 men, age: M = 25.3 years, SD = 3.2), 16 in 
Experiment 2 (8 men, age: M = 23.0, SD = 1.0), and 16 in Experiment 3 (10 men, age: M = 23.4, SD = 1.6). The sample size was 
determined based on previous studies on RSE (Innes & Otto, 2019; Otto et al., 2013; Otto & Mamassian, 2012). All but two participants 
were naive to the purpose of the experiment (Tan and Yuan, two of the authors, participating in Experiment 1). The participants had 
normal or corrected-to-normal vision and normal hearing, and gave written informed consent prior to the experiment. The current 
study was conducted in accordance with the Declaration of Helsinki and was approved by the institutional review board of the Institute 
of Psychology, Chinese Academy of Sciences (H21062).
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Apparatus and stimuli. Testing was conducted in a dark, sound-attenuated room. Participants seated their heads on a chin rest at a 
viewing distance of 60 cm. Throughout the experiments, we used radial checkerboards as the visual stimuli, and white noises as the 
auditory stimuli (Fig. 2a). Each radial checkerboard consisted of 4 layers with a periodicity of 13, whose initial phase underwent 
random variations. The radial checkerboards were centrally presented against a grey background (~ 41 cd/m2) on a LCD screen 
refreshed at 60 Hz. The visual angle of the radial checkerboard was kept quasi-equal throughout the experiments (2.98◦×2.98◦ in 
Experiment 1, 2.61◦×2.61◦ in Experiments 2 and 3). Its Michelson contrast in Experiment 1 was ~0.56, with the luminance at its 
darkest and brightest phase equalling ~19.71 cd/m2 and ~69.45 cd/m2, respectively. Its Michelson contrast in the other two ex
periments had two levels. The high and low contrasts were set to 0.57 (darkest: 19.71 cd/m2 and brightest: 71.59 cd/m2) and 0.15 

Fig. 2. The design and procedure of experiments. (a) Procedure of Experiment 1. Transient changes in auditory, visual, and audiovisual modalities 
occurred in a continuous stream. (b)–(d) Types of multisensory changes in each experiment. The blue and red lines represent the auditory and visual 
modality, respectively. The line brightness represents stimulus contrast/intensity. Brighter lines indicate higher visual contrast or auditory intensity.
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(darkest: 35.11 cd/m2 and brightest: 47.07 cd/m2) in Experiment 2, and 0.73 (darkest: 13.58 cd/m2 and brightest: 86.09 cd/m2) and 
0.15 (darkest: 35.11 cd/m2 and brightest: 47.07 cd/m2) in Experiment 3.

The white noises sampled at 44100 Hz were presented binaurally through headphones. In Experiment 1, the white noise was 
presented at an approximate level of 48 dB(A). Experiment 2 included white noises played at two distinct levels, categorized as high 
(46.5 dB(A)) and low (<30 dB(A), as sounds below 30 dB(A) cannot be accurately measured due to environment noises). Similarly, the 
white noise was manipulated to be of either high or low intensity (49 and 36 dB(A)) in Experiment 3. A small white fixation dot (0.36◦

× 0.36◦ in Experiment 1, 0.31◦ × 0.31◦ in Experiments 2 and 3) was displayed at the center of the screen throughout the whole 
experiments. All stimuli were generated by MATLAB (The MathWorks, Natick, MA) together with Psychtoolbox (Brainard & Vision, 
1997; Pelli, 1997).

Design and procedure. To evaluate the two previously established principles, the study manipulated the unisensory RT distri
bution on purpose following Otto et al. (2013). Experiment 1 changed the closeness between unisensory RTs as well as their variability 
by manipulating the types of changes while leaving their strength constant. Experiments 2 and 3 did so by manipulating the strength of 
the auditory and visual stimuli.

In Experiment 1, visual or auditory stimuli could abruptly appear (onset), disappear (offset), suddenly appear-then-disappear 
(onset pulse) in 100 ms or disappear-then-appear (offset pulse) in 100 ms. Cross combinations of these distinctive unisensory 
changes resulted in eight types of multisensory changes (AaVa, AdVd, AaVd, AdVa, AadVad, AdaVda, AadVda, AdaVad, where subscripts a and 
d are short for appear and disappear, similarly subscripts ad and da are short for appear-then-disappear and disappear-then-appear; Fig. 2b). 
The eight types of multisensory changes with their corresponding unisensory changes were presented in pseudo-random order in a 
continuous stimulus stream (Fig. 2a). For instance, after visual and auditory stimuli concurrently appeared (AaVa), six candidates 
occurred in equal probability: the offset of the visual stimulus (Vd), of the auditory stimulus (Ad), or of both (AdVd); the offset pulse of 

Fig. 3. Empirical RT CDFs for each type of changes in each experiments. The RT CDF for auditory (blue), visual (red) and audiovisual (black) 
modalities, along with the Miller’s bound (grey dashed line) plotted for each type of multisensory changes. The grey area enclosed by the AV CDFs 
and fastest unisensory RT CDFs (the Grice’s bound) represents the magnitude of RSE. *p < 0.05, which indicates that cumulative RT at the marked 
quantile in the redundant condition was significantly shorter than that predicted by the Miller’s bound.
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the visual stimulus (Vda), of the auditory stimulus (Ada), or of both (AdaVda). There was a random interval of 2–5 secs between 
consecutive two changes. Participants were instructed to maintain on the fixation dot and detect the changes occurring in either visual, 
auditory or both modalities by pressing a button as quickly as possible. In total, there were 2400 trials divided into 20 blocks, with 100 
trials for each change. Participants received 10 blocks per day, and finished the experiment in 2 separate days.

Experiment 2 tested the RSE when stimuli abruptly disappeared (stimulus offset). The contrast of visual stimuli and the intensity of 
auditory stimuli were set at two different levels, resulting in four combinations of multisensory changes (AhdVhd, AhdVld, AldVhd, AldVld, 
where the additional subscripts d is short for disappear, h and l denote high and low contrast/intensity) and eight corresponding uni
sensory changes (Fig. 2c). Usually, RTs are slowed with a larger variability for stimuli with low contrast/intensity compared to those 
with high contrast/intensity. For example, combining high-contrast visual stimuli and low-intensity auditory stimuli in the AldVhd 
condition would narrow their RT discrepancy but increase the variability compared with combining high-contrast visual stimuli and 
high-intensity auditory stimuli in the AhdVhd condition. At the beginning of each trial, the audiovisual stimuli were immediately 
presented, and lasted for a duration of 1–3 secs before one or two of them sudden disappeared. Participants were required to detect the 
stimulus disappearance as quickly as possible. For unisensory changes, the stimulus in the other modality would also be cleared after 
participants responded to the target modality. The next trial start after a 1-sec blank. The experiment consisted of 1080 trials, with 90 
trials for each change. All trials were randomized and organized in 10 blocks.

Experiment 3 included both onset and offset stimulus changes and set both the contrast of visual stimuli and the intensity of 
auditory stimuli at two levels. Four combinations of multisensory changes were created by cross combinations of distinctive unisensory 
changes (AhdVld, AlaVha, AhaVld, AldVha, where the additional subscripts h and l denote high and low contrast/intensity and subscripts a 

Fig. 4. Relationship between ΔMd, ΔVar, minVar and RSE magnitude in all experiments. The covariation between RSE magnitude and ΔMd (a)–(c), 
between RSE magnitude and ΔVar (d)–(f), between RSE magnitude and minVar (g)–(i) in the three experiments. The types of multisensory changes 
were sorted in a descending order according to each predictor in the panels. Error bars indicate the standard error. * p < 0.05, ** p < 0.01.
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and d denote appear and disappear; Fig. 2d). In Experiment 3, the onset and offset changes with different contrast/intensity were 
smoothly transformed to construct a continuous stimulus stream. For the offset changes, the stimulus gradually ramped up to its full 
contrast/intensity over 1.5 secs, and then suddenly disappeared after maintaining on for 0.5–1.5 secs, followed by a 1.5-sec blank. 
Conversely, for the onset changes, the stimulus abruptly appeared after a blank of 2–3 secs, and then gradually faded over 1.5 secs. 
Participants were told and practiced to only respond to those abrupt changes irrespective of modalities. There were totally 1080 trials, 
organized in 10 blocks, each of 90 trials.

Analysis and statistics. Trials with RTs outside the range of 100–2000 ms and those with missed responses were excluded from the 
dataset of each participant. On average, the percentage of excluded trials was 0.98 ± 0.91%.

Race model inequality test. As reviewed in the introduction, the race model inequality test (the Miller’s bound, Eq. (2)) is routinely run 
to evaluate whether the RT facilitation for multisensory stimuli can be predicted by probability summation of the unisensory RT 
distributions (a statistical facilitation). We performed such test following the approach described in several literature (Gondan & 
Minakata, 2016; Miller, 1982; Otto, 2019; Otto et al., 2013; Otto & Mamassian, 2016; Plass & Brang, 2021; Stevenson et al., 2014). 
Specifically, for each participant, we sorted their RTs for each type of changes in ascending order and segmented these RTs into 20 
quantiles to obtain the CDF. Then, we compared the observed CDF in multisensory conditions (black solid line in Fig. 3) and the 
calculated Miller’s bound (grey dash line in Fig. 3) at each quantile using a T-max permutation test (Gondan, 2010; Shaw et al., 2020). 
The tests were conducted using the PERMUTOOLS, an open-source package available at https://github.com/mickcrosse/ 
PERMUTOOLS. If the audiovisual RTs empirically observed are significantly faster than that theoretically derived at one quantile 
at least, it can be concluded that the RSE in the multisensory condition cannot be explained by statistical facilitation but some form of 
interaction between modalities.

Quantification of the RSE magnitudes. We quantified the magnitude of the RSE for each type of multisensory changes by the area (Eq. 
(3)) enclosed by its empirical CDF of RT (black lines in Fig. 3) and the faster out of the two corresponding unisensory changes (Eq. (4), 
documented as the Grice’s bound) (Gondan & Minakata, 2016; Grice et al., 1984; Otto, 2019; Otto & Mamassian, 2016; Stevenson 
et al., 2014): 

RSE magnitude =

∫

(PAV(t) − PGrice(t) )dt (3) 

Fig. 5. The results of LMM analysis for all experiments. (a) The overview of the LMMs. The blue and red lines represent RT distribution for auditory 
and visual stimuli, respectively. Predictor ΔMd, ΔVar, minVar, and their combinations formed six LMMs. (b) ΔBIC of the other five LMMs compared 
to the M0 model. The smaller the ΔBIC, the better the model performance. (c) The correlation between RSE magnitude and ΔMd, ΔVar, minVar (z 
score). The large solid circles represent the mean RSE magnitude for each type of multisensory changes, while the small hollow circles represent the 
individual RSE magnitude.
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PGrice(t) = max[PA(t),PV(t)] (4) 

Quantification of the principle predictors. Three predictors were calculated according to the two derived principles in Otto et al. 
(2013). The absolute differences of median RT (Md) and median absolute deviation (MAD, another measure of variability) between the 
two unisensory RT distributions (ΔMd and ΔVar) was utilized to measure their similarity as the principle of congruent effectiveness 
indicates, while the minimum of their MAD (minVar) was utilized to represent the lower boundary of their variability as the variability 
rule indicates.

Repeated-measures Analysis of Variances (rmANOVA). To examine whether the RSE magnitude varies across multisensory stimuli as 
the two principles predict at the group level, we conducted two one-way rmANOVAs for each experiment. The first one tested whether 
the predictor values significantly differ across multisensory stimuli, while the second tested whether the RSE magnitude significantly 
differs across multisensory stimuli. Their covariation observed in the two rmANOVAs and corresponding post-hoc analyses were 
illustrated in Fig. 4. For all ANOVA results, Greenhouse–Geisser corrected p values were reported when the sphericity assumption was 
violated. All the post-hoc analyses were corrected by the False Discovery Rate (FDR) method, with a significance threshold set at α =
0.05. The statistical analysis was performed in MATLAB and SPSS (IBM, Armonk, NY).

Linear mixed model analysis. Linear mixed models (LMMs) were employed to quantitatively assess the contribution of the two 
principles that account for the rank of the RSE magnitudes across experiments. A total of six LMMs were constructed with separate 
predictors representing the RSE principles, as listed in Fig. 5a and Table 1. By comparing the model predictability, we could discover 
which principle and predictor dominates the other. The LMM analysis were performed in MATLAB using the fitglme function, with 
participants as random effect and all the other effects fixed. The predictor variables were normalized before entering into the LMMs.

According to probability summation framework, it is assumed that the RSE magnitude in multisensory cases can be predicted given 
all the information of the unisensory RTs (Raab, 1962). Hence, the reference model M0 included all the parameters that characterized 
the auditory and visual RT distributions (MdA, MADA, MdV, MADV) as predictor variables. Other three predictor variables came from 
the principle of congruent effectiveness and the variability rule. The M1 model included ΔMd, ΔVar, and minVar to test the two 
principles as a whole, while the M2 and M3 models focused on the principle of congruent effectiveness (ΔMd and ΔVar) and variability 
(minVar) rule separately. The M4 and M5 models independently assessed the predictability of ΔMd and ΔVar, respectively. The 
multicollinearity among the three predictors (ΔMd, ΔVar, and minVar) was measured using variance inflation factors (VIF). A VIF 
value of 1 indicates no multicollinearity and a value below 5 indicates not severe, acceptable multicollinearity. The Bayesian infor
mation criterion (BIC) for each model was calculated. A lower BIC score signifies a model with superior performance. The most 
influential principle and predictor was the one that minimally inflated the BIC of the M0 model.

3. Results

3.1. Robust RSEs in the dynamic multisensory context irrespective of congruency

Fig. 3 illustrated the CDF of observed RTs in both single and redundant conditions of the three experiments. The race model 
inequality test showed that the RT CDF from most multisensory changes (the black solid line) significantly surpasses the Miller’s bound 
at one quantile at least (the grey dash line), concluding that the fastened reaction to multisensory stimuli compared to their unisensory 
components cannot be explained by statistical facilitation but by some form of crossmodal interaction. The results thus demonstrated 
robust RSEs for most multisensory changes, irrespective of congruent or incongruent.

3.2. The principle of congruent effectiveness and the variability rule in explaining the RSE at the group level

To check whether the RSE rank yielded by distinct types of multisensory changes is concordant with the previously derived two 
principles (Otto et al., 2013), we examined whether the predictors in the principle of congruent effectiveness and variability rule 
significantly varied across conditions, and whether the RSE magnitude significantly covaried with the predictors.

The principle of congruent effectiveness is expressed by the similarity in median and variability between the two unisensory RT 
distributions (ΔMd and ΔVar), while the variability rule is expressed by the lower boundary of the two unisensory RT variability 
(minVar). For all the three predictors in the two principles, significant effects were found by one-way repeated-measures ANOVAs 

Table 1 
The results of linear mixed models.

Models Predictor (β) BIC adjusted R2

ΔMd ΔVar minVar

M0 ​ ​ ​ 691.81 0.51
M1 − 0.52** 0.26** 0.42** 636.86 0.58
M2 − 0.50** 0.40** ​ 705.48 0.44
M3 ​ ​ 0.48** 767.95 0.29
M4 − 0.52** ​ ​ 756.13 0.35
M5 ​ 0.39** ​ 791.78 0.21

** p < 0.01.
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across multisensory changes for all experiments (for ΔMd: Fs > 4.82, ps < 0.003, ηp
2 > 0.20; for ΔVar: Fs > 3.50, ps < 0.011, ηp

2 > 0.16; 
for minVar: Fs > 6.41, ps < 0.003, ηp

2 > 0.25). All significant pairwise comparisons were shown in Fig. 4, the white bars.
The magnitudes of the RSE were quantified as the distance between the multisensory CDF and the Grice’s bound (the grey area in 

Fig. 3), and compared across the types of multisensory changes by the same one-way repeated-measures ANOVA for each experiment, 
respectively. Significant effects were found for all experiments (Experiment 1: F (7, 133) = 2.63, p = 0.040, ηp

2 = 0.12; Experiment 2: F 
(3, 45) = 28.90, p < 0.001, ηp

2 = 0.66；Experiment 3: F (3, 45) = 15.44, ps < 0.001, ηp
2 = 0.51). Although not all pairwise comparison 

reached significance after FDR correction, the rank of RSE magnitudes appeared to be predicted by the rank of two predictors (ΔMd 
and minVar).

As predicted by the principles of congruent effectiveness, when the central tendency of RTs from the two unisensory conditions was 
more similar (conditions with smaller ΔMd), the RSE magnitude was larger (Fig. 4a–c). The similarity in unisensory RT variances 
(ΔVar) is expected to negatively correlate with the RSE magnitude as the principle of congruent effectiveness predicted, but a positive 
relationship was illustrated (Fig. 4d–f). Regarding the variability rule, an expected positive relationship between minimal unisensory 
RT variance (minVar) and the RSE magnitude across the three experiments can been seen from Fig. 4g to i. Overall, the results 
demonstrated the effectiveness of the two principles in predicting the magnitude of RSE in the dynamic multisensory context. Given 
the weak yet observable correlations among the three predictors across conditions at the group level (especially in Experiments 2 and 
3), we further conducted a LMM analysis to assess their contribution and examine which one is dominant in explaining the RSE at the 
individual level.

3.3. The principle of congruent effectiveness and the variability rule in explaining the RSE at the individual level

To assess the contribution of the previously derived two principles (Otto et al., 2013) and its separate predictors in explaining the 
RSE rank observed in the dynamic multisensory context, six LMMs were constructed using data from individual observation. Each 
LMM represents a separate principle or predictor. Table 1 and Fig. 5a showed all the predictors in the six LMMs. To summarize, model 
M0 included all the parameters from the two unisensory RT distributions (MdA, MADA, MdV, MADV), serving as a reference model. The 
principle of congruent effectiveness expressed by ΔMd and ΔVar is submitted to M2 model, while the variability rule expressed by 
minVar is submitted to M3 model. The M1 model included the ΔMd, ΔVar and minVar to test the predictability of the two principles 
together, whereas the M4 and M5 each contained ΔMd or ΔVar to elucidate their independent predictability.

The VIF value ranged from 1.22 to 1.48, indicating no significant multicollinearity among the three predictors in our LMMs. Table 1
and Fig. 5b–c display the results. First, the M1 was the best performed models with the lowest BICs, even better than M0 that included 
the original two unisensory RT distributions. It demonstrates that the the principle of congruent effectiveness and the variability rule, 

Fig. 6. Schematic diagrams and modelling results. (a) Schematic diagram of the six context-variant race models and their parameters. (b) Schematic 
diagram of the two coactivation modes and their parameters. (c) ΔBIC of all eight models compared to M0 model. Context-variant race models and 
coactivation models are colored grey and white, respectively. (d) The predictive curves of the best models in the context-variant race model class 
(MN + CA model) and in the coactivation model class (OU model), and the observed CDFs, averaged across participants in the AaVa condition.
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derived from the unsensory RT distributions, provide excellent predictive power for the magnitude of RSE. Second, the variability rule 
plays a less important role in predicting the RSE, evidenced by a relatively large BIC for M3, and a relatively small deterioration when 
minVar was excluded from M1 (BICM2− BICM1 = 68.62). By contrast, the principle of congruent effectiveness owns a higher predictive 
power, as it performed better than the variability rule (BICM2− BICM3 = − 62.47) and removing it severely reduced the model per
formance (BICM3− BICM1 = 131.09). The LMM analysis further revealed that ΔMd weights more than ΔVar in the principle of 
congruent effectiveness (BICM4− BICM5 = − 35.65).

To conclude, the principle of congruent effectiveness dominates the variability rule in explaining the RSE rank in our dynamic 
multisensory context; among the three independent predictors in the principle, the closeness between the central tendency of uni
sensory RTs (ΔMd) dominates the other two. Noteworthy, the prediction of ΔVar at the individual level also contradicts with the 
prediction by the principle of congruent effectiveness, the same to the findings at the group level.

4. Computational modelling

Having confirmed the generalization and dominance of RSE principles in the dynamic multisensory context, we examined whether 
and how the principle reflects in the computational models proposed to explain the RSE. As reviewed in the Introduction, there are two 
main classes of computational models, the context-variant race model and the coactivation model, each developing different mech
anisms to explain the RSE (Colonius & Diederich, 2020; Diederich, 1995; Diederich & Busemeyer, 2003; Otto & Mamassian, 2012; 
Plass & Brang, 2021). Here using data from all the three experiments, we constructed six representative context-variant race models 
and two representative co-activation models to evaluate their performance, and explored whether and how the principles are linked to 
the optimal model.

4.1. The procedure of model fitting

The six context-variant race models we constructed each assumes distinct types of interaction between unisensory changes (Fig. 6a, 
(Otto & Mamassian, 2012; Plass & Brang, 2021)). First of all, in the framework of evidence accumulation, the evidence accumulation 
process in the single condition can be simply approximated using the Linear Approach to Threshold with Ergodic Rate (LATER) model 
(Noorani & Carpenter, 2016; Reddi et al., 2003): 

RTi ∼
1

N
(
μi, σ2

i
), where i = A or V (5) 

With initial evidence state 0 and the decision threshold 1, the RT can be loosely interpreted as a reciprocal of the evidence 
accumulation rate (or drift rate) that follows a normal distribution with mean μ and variance σ2. For all subclass of race models, the RT 
in redundant condition is consistently determined as the minimum of the decision time in the single conditions, which corresponds to 
the reciprocal of the maximum of the two drift rates in the single conditions: 

RTAV ∼
1

max[N(μA, σ2
A),N(μV , σ2

V) ]
(6) 

where the maximum of two normal distributions on the denominator is analytically solved following Eq. (1) and (2) in (Nadarajah & 
Kotz, 2008). Readers can also refer to Eq. (S1) and (S2) in Otto & Mamassian (2012)’s supplementary information, and Eq. (10) in Yang 
et al. (2018).

The six context-variant race models are built on Eq. (5) with the parameters (μA, μV, σA, and σV) fixed for deriving multisensory RT 
distributions through solving Eqs. ((6)–(11)) in the same manner. Of the six models, the reference model M0 assumes a correlation 
between two normal distributions of unisensory evidence accumulation rates (parameter ρ in Eqs. (S1) and (S2) in Otto & Mamassian 
(2012)). It is the only free parameter that awaits optimization.

The MN model includes another free parameter additional noise (σc) into the M0 model (Otto & Mamassian, 2012), which allows 
the variability of the evidence accumulation rates for unisensory components to vary in the redundant condition: 

RTAV ∼
1

max
[
N
(

μA, (σA + σc)
2
)
,N
(

μV , (σV + σc)
2
) ] (7) 

By contrast, the CP model adds an alternative free parameter (θc) into the M0 model to represent a lowered decision criterion, while 
the CA model adds an alternative free parameter (μc) into the M0 model to represent an increased evidence accumulation rate: 

RTAV ∼
1 − θc

max[N(μA, σ2
A),N(μV , σ2

V) ]
(8) 

RTAV ∼
1

max[N(μA + μc, σ2
A),N(μV + μc, σ2

V) ]
(9) 

The remaining two models, MN + CP and MN + CA, each simulates two types of interaction, with the multisensory RT distribution 
can be estimated as: 
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RTAV ∼
1 − θc

max
[
N
(

μA, (σA + σc)
2
)
,N
(

μV , (σV + σc)
2
) ] (10) 

RTAV ∼
1

max
[
N
(

μA + μc, (σA + σc)
2
)
,N
(

μV + μc, (σV + σc)
2
) ] (11) 

For MN + CP model, free parameters are ρ, σc and θc; For MN + CA model, free parameters are ρ, σc and μc.
The two coactivation models we constructed are the diffusion superposition model and the Ornstein-Uhlenbeck (OU) model 

(Fig. 6b, (Colonius & Diederich, 2020; Diederich, 1995; Diederich & Busemeyer, 2003)). The diffusion superposition model assumes a 
straightforward sum of the evidence accumulation across unisensory modalities (Eqs. (12) and (13)), while the OU model incorporates 
a leaky integration of the sum (leak parameter λ, in Eq. (14)): 

μAV = μA + μV (12) 

dX(t) = μAV + σAVdW(t) (13) 

dX(t) = μAV − λX(t)+ σAVdW(t) (14) 

where μAV is the evidence-accumulation drift rate for the multisensory accumulator, which is the sum of unisensory drifts μA and μV 
(Eq. (12)). The σAV is the diffusion coefficient controlling trial-to-trial variability of the accumulation process. And W(t) indicates the 
standard Wiener process. The same to the race models, the decision or absorbing boundary is fixed at 1 and the accumulation starts 
from 0 in the two coactivation models. The evidence accumulation process for single modalities can also be simulated by Eq. (13) but 
with only one drift rate left (μA, or μV) and with the diffusion coefficients replaced with σA,or σV. With the above parameter set, both 
the unisensory and multisensory RT distributions generated by the diffusion superposition model (Eq. (13)) have analytic solution, 
equalling to a Wald distribution or an inverse Gaussian distribution (Chandrasekaran et al., 2019): 

f(t|μAV , σ2
AV) =

1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
2πσ2

AVt3
√ × exp

(

−
(1 − μAVt)2

2σ2
AVt

)

(15) 

F(t|μAV , σ2
AV) = ϕ

(
μAVt|σ2

AVt
)
+ exp

(
2μAV

σ2
AV

)

ϕ
(
− μAVt|σ2

AVt
)

(16) 

here t denotes the first-passage time of the evidence particle reaching the absorbing boundary (i.e., RT). The f is the probability density 
function of RT, while F is the cumulative probability function of RT. Φ denotes the cumulative normal distribution, evaluated at μAVt 
with variance σ2

AVt. Note that we did not allow σ2
AV = σ2

A +σ2
V +2ρAVσAσV in the two coactivation models and did not include a motor 

variance, which differs from previous studies (Blurton et al., 2014; Chandrasekaran et al., 2019; Schwarz, 1994). The reason for this 
choice was stated in the Discussion.

The multisensory RT distributions generated by the OU model are numerically approximated using Eqs. (39), (40), (59), and (28) in 
(Smith, 2000). When deriving the RT distribution in the redundant conditions, we fixed two unisensory parameters μA and μV as did for 
the race models. Thus, for the diffusion superposition model, only the parameter σAV is free, and for the OU model, the two free 
parameters are σAV and λ.

Specifically, the model fitting procedure had been divided into two steps. First, we fitted the corresponding unisensory RT dis
tributions with the LATER model (Eq. (5)) or the diffusion model (Eq. (13), but entered the unisensory drift and diffusion coefficients) 
for each type of multisensory changes and each participant, and acquired their best parameters (μA,μV ,σA,σV). Subsequently, we fitted 
the multisensory RT distributions for the six context-variant race models and the two coactivation models. As described above, we 
fixed the four unisensory parameters throughout the fitting of multisensory RT distributions for the eight models. This pipeline can 
identify the model that best predicts the multisensory responses given the unisensory responses, and ensure that the model perfor
mance reflects genuine cross-modal interactions rather than re-scaling of unisensory parameters. Multisensory RT distributions pre
dicted by the context-variant race models were generated by Eqs. ((6)–(11)) using Eqs. (S1) and (S2) in Otto & Mamassian (2012) with 
customized scripts adapted from the RSE-box (Otto, 2019). Multisensory RT distributions predicted by the diffusion superpostion 
model were generated by Wald distribution, while multisensory RT distributions predicted by the OU model were generated by nu
merical algorithm in (Smith, 2000) using custom scripts. The link of all the codes used in the modelling can be found in the Data and 
Code Availability.

Given the RTs in the redundant conditions were generated differently in the race models versus coactivation models, and conse
quently some have analytic solutions while others do not, we opted not to use maximum likelihood estimation to optimize the model 
performance. Instead, we adopted an alternative approach commonly employed in RT modelling (Johansson & Ulrich, 2025; Ratcliff & 
Smith, 2004): A statistic G2 was calculated to minimize the error between the observed and predicted RT distributions: 

G2 = 2
∑

i
Npiln

(
pi

πi

)

(17) 
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where N is the number of observations grouped into bins, pi is the proportion of the observations in the ith bin and πi is the proportion 
in the bin predicted by the model (Ratcliff & Smith, 2004). In our fits, RTs from each type of multisensory change and each participant 
in all three experiments were segmented into 20 quantiles for both its empirical and predicted proportions. For simplicity, we set N to 
100. We utilized the fmincon function in MATLAB to maximize the G2. Specifically, we provided a plausible range of each parameter, 
and selected five parameter combinations that generated the highest G2 scores among several random combinations within the range. 
We then used these five combinations as initial points to maximize G2. The parameter combination with the highest G2 scores was 
finally defined as the best parameters for the model fitted.

To determine the most suitable model for interpreting the data, we computed the BIC score for each model, which was transferred 
from G2 using the following formula: 

BIC = G2 − 2
∑

i
Npiln(pi)+Mln(N) (18) 

where pi and πi are the same as in Eq. (17) and M represents the number of free parameters in the model. We then averaged the BIC 
scores across types of multisensory changes and participants to obtain a mean score for each model (Table 2). For further clarification, 
we calculated ΔBIC, which represents the difference between the BIC scores of other candidate models and the M0 model (Fig. 6c). We 
also calculated Bayesian Factor (BF) between any two models to further assess the significance of their differences. A BF score greater 
than 3 or less than 1/3 indicates a significant difference in fitting performance between them (Table 3).

To examine the variability of the fitness of the eight candidate models, we performed two more analysis. First, we checked whether 
the best model varies individually (Fig. 7a). We averaged the BICs across types of multisensory changes for each model and each 
participant, and calculated the BIC weights: 

Δi(BIC) = BICi − BICmin (19) 

Wi(BIC) =
exp
{

− 1
2Δi(BIC)

}

∑k
k=1exp

{

− 1
2Δk(BIC)

} (20) 

where BICmin represents the lowest BIC among all models for each participant, and Wi(BIC) represents the probability that Model i is 
the best fit for each participant given the data and the set of candidate models, and k denotes the total number of models 
(Wagenmarkers & Farrell, 2004).

Second, we examined whether the best model varies with the types of multisensory changes (Fig. 7b). The analysis procedure is the 
same as the one described above, except that we averaged BIC across participants instead of types of multisensory changes. The BICmin 
now represents the lowest BIC among all models for each type of multisensory changes, and the Wi(BIC) represents the probability that 
Model i is the best fit for each type of multisensory changes given the data and the set of candidate models.

5. Results

5.1. The RSE can be best accounted for by two context-variant race models

Our model fitting results showed that the context-variant race models performed better than the co-activation models (Fig. 6c, 
Tables 2 and 3). Among the six context-variant race models, MN + CP and MN + CA were superior to others, while within the two 
coactivation models, OU was the best. Fig. 6d plotted the fitting curves of the MN + CA model and the OU model for the AaVa condition 
as an example, which graphically illustrates that the MN + CA model provided a better fitness compared to the OU model (BICMN+CA- 
BICOU = − 9.53, BF = 117.39). We also assessed the variability of the model fitness for each model. The BIC weight was calculated, 
which represents the probability for one model to be the best fit given the data from all candidate models. It was found that the MN +

Table 2 
Best fit parameters for all computational models.

Models Fixed parameter Parameters BIC

μA σA μV σV ρ σc θc μc σAV λ

Race Model 3.46 0.72 2.60 0.42 ​ ​ ​ ​ ​ ​ ​ ​
M0 ​ ​ ​ ​ ​ 0.09 ​ ​ ​ ​ ​ 696.17
MN ​ ​ ​ ​ ​ 0.04 0.06 ​ ​ ​ ​ 687.28
CP ​ ​ ​ ​ ​ 0.24 ​ 0.03 ​ ​ ​ 686.12
CA ​ ​ ​ ​ ​ 0.36 ​ ​ 0.13 ​ ​ 685.76
MN + CP ​ ​ ​ ​ ​ 0.51 − 0.06 0.04 ​ ​ ​ 682.20
MN + CA ​ ​ ​ ​ ​ 0.55 − 0.05 ​ 0.14 ​ ​ 681.92

Coactivation Model 3.29 ​ 2.52 ​ ​ ​ ​ ​ ​ ​ ​ ​
Diffusion ​ ​ ​ ​ ​ ​ ​ ​ ​ 1.29 ​ 945.04
OU ​ ​ ​ ​ ​ ​ ​ ​ ​ 0.33 3.99 691.45
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CP and MN + CA models are the top two models not only for almost every participant (Fig. 7a) but also for every type of multisensory 
changes (Fig. 7b). The results of BIC weight analysis substantiated the stability of model fitness.

5.2. The predictors in the two principles closely links with the crossmodal interactive processes in the optimal models

To investigate whether and how the principles of RSE manifest in the optimal computational models (MN + CP and MN + CA), we 
further quantified the relationships between parameters in the models (θc, μc, and σc) and predictors in the principles of RSE (ΔMd, 
ΔVar, and minVar). How these parameters were modulated by the predictors were assessed across change types using LMM analysis 

Table 3 
The Bayes factors of each pair of computational models.

Models Bayes factors

MN CP CA MN + CP MN + CA OU Diffusion

M0 0.01 s 0.01 s 0.01 s 9.25e-4s 8.06e-4s 0.09s 1.10e+54s

MN ​ 0.56 0.47 0.08s 0.07s 8.07s 9.41e+55s

CP ​ ​ 0.84 0.14s 0.12s 14.40s 1.68e+56s

CA ​ ​ ​ 0.17s 0.15s 17.18s 2.00e+56s

MN + CP ​ ​ ​ ​ 0.87 102.25s 1.19e+57s

MN + CA ​ ​ ​ ​ ​ 117.39s 1.37e+57s

OU ​ ​ ​ ​ ​ ​ 1.17e+55s

s Bayes factor greater than 3 or less than 1/3 indicates a significant difference between the two models.

Fig. 7. The BIC weights of candidate computational models. (a) The BIC weight of each candidate model computed and drawn for each participant. 
(b) The BIC weight of each candidate model computed and drawn for each type of multisensory changes. Note, the diffusion model was not included 
due to its extremely small BIC weight; some multisensory types were tested multiple times in different experiments, while others were tested once 
only in one experiment. Each color represents one candidate model. Indicated by the bar area, the MN + CP and MN + CA models are the best two 
models, not only consistent across participants but across types of multisensory changes.
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similar to the aforementioned. A significant coefficient may inform us of the model processes that the predictors in the principles 
modulates, which may in turn lead to RT facilitation in redundant conditions. As shown in Table 4, we found that for the two best- 
fitting race models (MN + CP and MN + CA models), the parameter σc was positively modulated by ΔVar (β = 0.43/0.42, ps <
0.01), while negatively modulated by minVar (β = − 0.36/-0.29, ps < 0.01). The parameter θc in the MN + CP model and the parameter 
μc in the MN + CA model was both negatively modulated by ΔMd (β = − 0.47/-0.48, ps < 0.01), and positively modulated by minVar (β 
= 0.31/0.25, ps < 0.01). The relationships between predictors and model parameters in the MN + CA model were illustrated in Fig. 8. 
Noteworthy, in the two models, parameters μc and θc were more effectively modulated by the three predictors especially by ΔMd and 
minVar than parameter σc in terms of predictive power (refer to BIC and adjusted R2 in Table 4). In short, the results indicate that when 
two signals have more similar central tendencies or larger variability in their RTs, combining them together in a redundant condition 
may further lower the decision criterion or increase the accumulation rate.

Although coactivation models were not the best fits, we found in the OU model, the leakage of evidence (λ) was negatively 
modulated by ΔVar (β = − 0.40, p < 0.01) and minVar (β = − 0.54, p < 0.01), while the diffusion coefficient (σAV) was positively 
modulated by ΔMd (β = 0.28, p < 0.01) and minVar (β = 0.52, p < 0.01). The parameter λ was more effectively modulated than σAV 
(Table 4, BICσAV = 710.38, BICλ = 511.06). A larger λ indicates more leakage and smaller RSE magnitude. Thus, the prediction of ΔVar 
for λ still contradicts with the principle of congruent effectiveness, a finding consistent with our experimental results. However, the 
predictor in the variability rule (minVar)—combining together two signals with larger variability in their RTs—may strongly reduce 
the leakage of integrated evidence, demonstrating that the principle can operate in a totally different model architecture.

6. Discussion

Overall, the present study demonstrates the generalization of established RSE principles to a dynamic multisensory onset-offset 
context. Greater overlap as well as larger variability of the unisensory RT distributions leads to larger RSE, as stated in the princi
ple of congruent effectiveness and the variability rule (Otto et al., 2013). Crucially, our results further show that the principle of 
congruent effectiveness plays a dominant role compared to the variability rule in explaining the RSE rank, and the similarity in the 
central tendency of unisensory RT distributions dominates the other two predictors concerning the variability of unisensory RT dis
tributions. An evaluation of two classes of computational mechanisms reveals that the context-variant race models outperform the 
coactivation models in explaining the RSE. Among the three predictors, the similarity in the central tendency of unisensory RTs most 
strongly modulates the assumed crossmodal interaction in the winning computational architectures (e.g., enhancing the evidence 
accumulation rates, or lowering the decision criterion in the context-variant race models).

6.1. Possible reasons the principle of congruent effectiveness outweighs the variability rule

Raab (1962) had concluded that the similarity between RT distributions of single signals determines the RT facilitation in 
redundant conditions. However, until Otto et al. (2013), the role that the variability in RT distributions of single signals played 
received less attention than their mean. In their study, the authors confirmed that variability in unisensory RTs is able to modulate the 
RSE via rigorous mathematical simulations and experimental data. This is also supported by evidence from both the group and the 
individual levels in the present study. But in general, as our results showed, the principle of congruent effectiveness (ΔMd + ΔVar) 
overwhelms the variability rule (minVar) in explaining the RSE. Moreover, neither the similarity in the variability of unisensory RTs 
(ΔVar) nor the variability itself (minVar) were as effective as the similarity in the central tendency of unisensory RTs (ΔMd). In 
addition, ΔVar positively predicted the RSE magnitude (Table 1), challenging the validity of the principle’s claim.

However, manipulations of stimulus strength or type rarely change the variance of RT distributions alone without also shifting their 
central tendency. Empirically and theoretically, the mean and variance of the reaction-time distribution covary: sequential-sampling 
models predict systematic co-variation between the across-trial mean (or median) RT and the across-trial dispersion (variance) when 
core parameters (e.g., drift rate) are altered (Ratcliff, 1978; Wagenmakers & Brown, 2007), and this prediction is consistently sup
ported by descriptive fits of empirical data (e.g., ex-Gaussian), which show that experimental manipulations typically affect both 

Table 4 
Fit parameters in the best models modulated by RSE predictors.

Models Predictor (β) BIC adjusted R2

ΔMd ΔVar minVar

Race Model ​ ​ ​ ​ ​ ​
MN + CP σc 0.01 0.43** − 0.36** 786.32 0.19

θc − 0.47** 0.12* 0.31** 745.79 0.33
MN + CA σc − 0.02 0.42** − 0.29** 795.84 0.16

μc − 0.48** 0.10 0.25** 754.50 0.30

Coactivation Model ​ ​ ​ ​ ​
OU σAV 0.28** − 0.05 0.52** 710.38 0.39

λ 0.07 − 0.40** − 0.54** 511.06 0.76

* p < 0.05,** p < 0.01.
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location and shape parameters of RT distributions (Heathcote & Popiel, 1991). This means we cannot independently manipulate the RT 
variability and experimentally isolate its role in modulating the RSE, as we can with the central tendency of RTs by manipulating the 
stimulus onset asynchrony (SOA) between two unisensory signals (e.g., Raab (1962) and Experiment 1 in Otto et al. (2013)). Addi
tionally, in these experiments manipulating stimulus strength or type, it is more difficult to anticipate the changes in RT variability 
(ΔVar and minVar) compared to the changes in its central tendency (ΔMd). This explains why the present study observed significant 
RSE changes as a function of the RT variability (Fig. 4), whereas in Otto et al. (2013)’s, its effectiveness was only demonstrated by its 
ability to cancel out the expected RSE based on the principle of congruent effectiveness. By and large, it is the characteristics of the 
unisenosry RT distributions that ultimately determines the RSE. Which principle is dominant may flexibly depend on these RT dis
tributions. Given that changes in the similarity of RT central tendency are more reliably expected in most contexts, the present study 
supports a simplification of the two principles into a single key predictor for a more parsimonious explanation.

6.2. Other constraints on the principles of RSE

Effects of multisensory integration are robust when crossmodal stimuli appear at the same time, at the same location and are of the 
same category (Andersen & Mamassian, 2008; Diaconescu et al., 2011; Frassinetti et al., 2002; Roberts et al., 2024). In our study, 
however, crossmodal stimuli with transient onsets and offsets—whether congruent or incongruent—elicited comparable RSEs. In RSE, 
signals are redundant as long as each of them is sufficient for a correct response. Therefore, when task is defined by change detection, 
the timing of the change matters more than its type. Consistently, previous studies also uncovered that stimulus congruency between 
physical changes did not remarkably influence multisensory decision-making (Andersen & Mamassian, 2008; Bernstein & Eason, 1970; 
Van der Burg et al., 2010), potentially indicating that onset and offset changes share a fundamental crossmodal communication 
mechanism, such as phase resetting (Brang et al., 2022; Mégevand et al., 2020; Mercier et al., 2013; Mercier et al., 2015; Thorne et al., 
2011). But it cannot be simply inferred that other stimulus congruency, especially the semantic congruency, is unable to modulate the 
RSE (Diaconescu et al., 2011; Laurienti et al., 2004; Roberts et al., 2024), and reformulate the RSE principles, which awaits further 
examination in the future.

In addition to stimulus congruency, another famous principle in multisensory research is the inverse effectiveness principle, which 
states bimodal stimuli with low or mediate intensity elicit more significant integration effect than bimodal stimuli with higher intensity 
(Meredith & Stein, 1983; Stein & Stanford, 2008; von Saldern & Noppeney, 2013). In RSE, this principle is challenged by the fact that 
the rank of RSE is not determined by the absolute intensity of crossmodal stimuli but by their relative intensity (their similarity), 
summarized in the principle of congruent effectiveness. However, considering that unisensory RTs vary as a function of signal in
tensity, combination of too strong or too weak unisensory stimuli in the redundant condition still imposes influence on the RSE and its 
principles. For example, when the signal strength of unisensory stimuli continuously increases, the RTs gradually shorten until they 
reach a minimum which is constrained by perceptual and motor ability. Even unisensory RTs have identical median and variability at 
this time, the RSE would unavoidably decrease to zero. Conversely, when signal strength of unisensory stimuli continuously decrease, 

Fig. 8. MN + CA Model Predictions. (a) and (b) A graphic illustration of the prediction of ΔMd, ΔVar, minVar for parameters σc, μc in the MN + CA 
model, respectively. Circles represent corresponding data from Experiment 1, squares from Experiment 2, and rhombuses from Experiment 3. * p <
0.05, ** p < 0.01.
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the RTs gradually lengthen until they are not able to be processed in parallel but in serial when combined together. At this time, the 
RSE would turn zero too. Therefore, it is obvious that the RSE principles are probably constrained by stimulus intensity. In line with 
this, other factors such as task difficulty, workload capacity (Blunden et al., 2022; Townsend & Ashby, 1983; Townsend & Nozawa, 
1995; Yang et al., 2018) may impose constraints on the RSE and its principles in the same manner.

6.3. Comparison between two classes of computational architectures underlying RSE

The two classes of computational models underlying the RSE rely on distinct implementations of how redundant signals are in
tegrated to facilitate decision-making (Colonius & Diederich, 2020; Diederich, 1995; Diederich & Busemeyer, 2003; Otto & 
Mamassian, 2012; Plass & Brang, 2021). The present study evaluated the performance of eight representative models and discovered 
that the RSE data in the dynamic multisensory context is optimally fitted by two context-variant race models (MN + CA/CP models). 
But it should be noted that with noise (σc) as a free parameter, the MN + CP model that fixes the evidence accumulation rate (μc) while 
adjusts the decision criterion (θc, Eq. (10) is mathematically equivalent to the MN + CA model that fixes the decision criterion (θc) 
while adjusts the evidence accumulation rate (μc, Eq. (11).

The three race models that only free one candidate process (MN, CP and CA) had nearly equal performance, which is in contrast to 
Plass & Brang (2021) who found the CP model is the best. Since Plass & Brang (2021) tested the RSE in a context consisting of onset 
signals in auditory, visual, and tactile modalities while we tested the RSE in a context consisting of diverse types of signal changes in 
the audiory and visual modalities, currently the causes underlying the discrepancy in the model performances remain inconclusive. 
Nevertheless, the three models performed worse than the two more flexible models (MN + CA/CP models) even with penalties for 
model complexity. Therefore, for redundant signals in dynamic settings, crossmodal talk potentially increases the evidence accu
mulation rate or lowers the decision criterion, simultaneously reducing the noise in evidence accumulation (positive μc and θc, with a 
negative σc in Table 2).

The noise reduction process in the race models indicates the evidence accumulation process has smaller variability and higher 
reliability. Given the behavioral and neural evidence collectively support reduced rather than enhanced variability in multisensory 
integration (Kayser et al., 2010; Murray et al., 2019; Plass & Brang, 2021), the noise reduction in the two optimal race models seems 
more explainable and plausible. This result was also reported in Plass & Brang (2021)’s MN model, however, a noise increase was 
found in Otto et al. (2013)’s and even in our own MN model. So as to the correlation parameter (ρ) that characterizes the correlation 
between unisensory RT distributions, our fitting results demonstrated a positive relationship among all the race models, Due to history 
effect, the correlation is assumed negative. A positive one probably indicates that the cost of modal switching is overwhelmed by 
crossmodal talk that realigns the neural oscillatory phases to a similar excitability (Lakatos et al., 2007; Mégevand et al., 2020; Mercier 
et al., 2015; Thorne et al., 2011). The results are consistent with Plass & Brang (2021)’s CA and CP models but contradictory with most 
models in Otto et al. (2013)’s.

The coactivation models, albeit having provided excellent fit for the mean and variance of RTs in redundant conditions with 
different SOAs (Blurton et al., 2014; Chandrasekaran et al., 2019; Diederich, 1995; Schwarz, 1989; Schwarz, 1994), did not perform as 
well as the context-variant race models in fitting the RT distributions in our dynamic onset-offset context. The less competitiveness of 
the coactivation model is not because the diffusion coefficient was freed in the fitting procedure. If the diffusion coefficient in the 
redundant conditions was composed by those from the single conditions (e.g., σ2

AV = σ2
A + σ2

V + 2ρAVσAσV), the model performance 
would not be better. However, introducing an additional leaky process during evidence accumulation (the OU model) significantly 
improved the model performance compared to the standard diffusion model, which highlights the importance of model architecture 
rather than fitting procedure. The leaky process in the OU model is initially proposed to simulate a lost of evidence during accu
mulation. In the framework of crossmodal interaction, it can be explained as subadditive responses to bimodal stimuli, i.e., the re
sponses to bimodal stimuli are smaller than summed responses to unimodal stimuli (Michail et al., 2022; von Saldern & Noppeney, 
2013; Werner & Noppeney, 2011). It can be alternatively explained as a crossmodal inhibition: during evidence accumulation, the 
unimodal channels suppress each other’s evidence accumulation rates so that the pooled evidence in the common channel accumulate 
more slowly. Otherwise, the RT in the redundant conditions is too short to be observed in the empirical data. Crossmodal inhibition has 
recently been included in artificial network models to interpret the behavioral facilitation in RSE (Cuppini et al., 2020; Vastano et al., 
2022).

In brief, our model comparison results favor the context-variant race models relative to the coactivation models. Consistently, other 
studies employing similar modelling comparison procedure or other analysis methods (e.g., survivor interaction contrast analysis, and 
capacity analysis in systems factorial technology) using data from other representative OR-decision tasks (e.g., a Go/No-Go task) also 
support race models: for context-invariant ones, see (Blunden et al., 2022; Johansson & Ulrich, 2025); for context-variant ones, see 
(Mordkoff & Yantis, 1991; Yang et al., 2018). Note in these studies, the context-invariant/variant race model is equivalent to the 
independent/interactive parallel processing models with unlimited capacity and self-terminating stopping rules. Even with converging 
evidence of modelling, it should be very cautious in adjudicating between the two classes of models. For instance, a newly published 
study combining RTs and neural indices reported that a subadditive coactivation model outperformed a series of context-variant race 
models when greater parametric flexibility was allowed (e.g., the decision criteria in single and redundant conditions were free pa
rameters during fitting)(Egan et al., 2025). And as previous neurophysiological and neuroimaging studies have revealed, the neural 
mechanisms underlying the two classes of models could be flexibly deployed to cope with different task demands (van Atteveldt et al., 
2014). A promising direction in the future is to integrate these two classes of computational implementation into a unified architecture.
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6.4. The computational models flexibly adapt to dynamic multisensory contexts

We found that the key predictor derived from the RSE principles most effectively modulates the evidence accumulation rate or 
decision criterion in the two optimal race model architectures, while its influence on the noise reduction is not significant. In other 
words, when unimodal stimuli are more similar in their central tendency of RTs, their combination increases evidence accumulation 
rates or decreases decision criteria, leading to a larger RSE. Other predictors, such as the lower boundary of RT variability, also 
significantly modulates the evidence accumulation rate or decision criterion in these two models. Additionally, the two predictors 
relating to RT variability influence the noise reduction process in these models. For instance, larger unisensory RT variability is 
associated with greater noise reduction (σc becomes more negative). However, the explanatory power of these predictors is much lower 
than that of the key predictor. These results demonstrate that the race models can adaptively tune their underlying processes—such as 
increasing the evidence accumulation rate, lowering the decision criterion, or reducing the noise in evidence accumulation—to 
optimize performance based on the characteristics of redundant signals.

By contrast, in Otto et al. (2013)’s study, the race model (the MN model) fitted in one redundant condition can perfectly predict the 
observed RSE in other redundant conditions, indicating that no additional adjustment of the noise was needed to adapt to conditions 
with varying unisensory RT distributions. However, the same model in our study required adjustment of the noise reduction process to 
optimize its performance, suggesting that models with flexible underlying processes are more adaptive to diverse contexts. More 
intriguingly, we notice that the RSE principles, although derived based on probability summation framework, could modulate the 
processes in the other model architectures have no relationship with the framework. For example, in the OU model, both the leaky and 
the diffusion process are modulated by predictors from the RSE principles. The association of the RSE principles with the computa
tional architecture of coactivation models further demonstrates the generality and flexibility of these principles.

7. Limitations

First, having been investigated for more than a hundred years, the redundant signals effect was not merely an effect across mo
dality, it has also been observed across features in one modality (Blunden et al., 2022; Fischer & Miller, 2008; Mordkoff & Yantis, 1991; 
Townsend & Nozawa, 1995). The current report and conclusion about the principles and computational models were based on 
evaluation in dynamic multisensory onset-offset contexts. Its ubiquity has not been examined across other contexts, including the 
semantic one. Second, for the sake of simplicity, the present study did not include the motor or non-decision time in the model fitting. 
Since a fair comparison between the two classes of models should assume a constant non-decision time, including it or not would not 
affect the outcome. But a more unified model that simultaneously consider all the processes should be considered in the future. Third, 
the present adopted a model comparison approach to assess the predictability of the two classes of models. However, there is another 
approach capable to distinguish the underlying model architecture of RSE, such as, the systems factorial technology (Blunden et al., 
2022; Townsend & Ashby, 1983; Townsend & Nozawa, 1995; Yang et al., 2018). A more systematic investigation unifying the two 
approaches may provide more information about the model architecture.

8. Conclusion

The present study confirms the generalization of RSE principles to a dynamic multisensory onset-offset context, where the principle 
of congruent effectiveness—mainly driven by the similarity in the central tendency of unisensory performances—dominates in pre
dicting RSE, outperforming the variability rule. Moreover, context-variant race models provide a better account of RSE than coac
tivation models, and the key predictor adaptively modifies the crossmodal interactive processes in the optimal race models. 
Collectively, our findings provide valuable insights into how we integrate redundant unisensory signals to make quick decisions and 
lay a solid foundation for future exploration of its neural mechanisms.
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