






adaptively scheduled. In the ​Active Only condition, all trials         
were adaptively scheduled. 

The ARTS algorithm determined the adaptive scheduling        
for active trials. After every response, ARTS calculates a         
priority score for each learning item and compares scores         
across items to determine which item will be presented next.          
Equation 1 shows the priority score calculation.  

     P​i​ = a​( ​N​i​ - D ​)[​b​(1 - ​α​i​) ​Log​(​RT ​i​ ​⁄ ​r ​) + ​α​i​W​] (1)  

Detailed description of the ARTS algorithm can be found          
in Mettler, Massey & Kellman (2011, 2016). ARTS        
parameters were the following: the enforced delay ​D ​was set          
to 2 trials, the incorrect penalty ​W was set to 20, parameters            
a​, ​b​, ​r ​were set to 0.1, 1.1, and 1.7 respectively, and the             
timeout was 30 seconds.  

Learning for each category continued until 5 out of the last            
6 presentations were correctly answered with all correct        
response times less than 7 seconds. Learning criteria,        
adopted from previous studies, included both speed and        
accuracy, where speedy responses also ensured that final        
presentations were widely spaced. 

Participants were assigned to Condition using a pretest         
balancing algorithm (similar to a procedure called       
Minimization; Pocock & Simon, 1975; Mettler et al., 2018).         
The condition balancing algorithm was constrained so that,        
across conditions, the largest difference in number of        
assigned participants never exceeded one. There were       
exactly 30 participants in each of the 4 conditions. 
 
 

 
 

Figure 2:  Learning Efficiency in Immediate and Delayed 
Posttest by Test Item Familiarity. (Violin plot shows mean, 

+/- 1 standard error of the mean, density estimate  
and individual data points). 

 

Dependent Measures and Data Analysis 
Because all adaptive conditions used learning to criterion,         

our primary measure was learning ​efficiency​, defined as        
accuracy gain from pretest to posttest divided by the number          
of trials invested in learning. Efficiency gives a way of          
measuring learning that incorporates both variations in       
posttest performance, and variations in the number of        
learning trials required to reach the learning criteria. It may          
be thought of as a rate measure, indicating performance         
improvement per trial. The number of passive trials was         
determined based on pilot work to be roughly equal to the           
number of trials needed to reach mastery in active         
conditions. In the two conditions combining passive and        
active trials, all trials were included in trial and efficiency          
calculations.  

In addition to efficiency we measured change in accuracy          
and reaction time. All measures were assessed using        
standard parametric statistics, such as ANOVA. Because we        
sought to compare differences across learning conditions,       
we conducted planned comparisons between pairs of       
conditions. All statistical tests were two-tailed, with a 95%         
confidence level, all effect sizes d are Cohen’s d, and all           
error bars in graphs show +/- 1 standard error of the mean. 

 

Results 
 
Pretests A 4x2x2 ANOVA on Condition, Assessment List        
and Familiarity showed no significant main effect of        
Condition (F(3,112)=0.213, p=.887, η​p​2​=.006), Assessment     
List (F(1,112)=0.457, p=.500, η​p​2​=.004) or Familiarity      
(F(1,112)=2.395, p=.125, η​p​2​=.021). 
  
Efficiency ​Efficiency​, defined as posttest accuracy gain       
from pretest divided by learning trials to criterion, is shown          
in Figure 2 for each of the posttests, the 4 learning           
conditions and for familiar vs. unfamiliar test items. The         
Passive Initial Blocks ​condition appeared to have higher        
efficiency at immediate posttest and highest numerical       
efficiency at delayed posttest. A 4x2x2x2 mixed factorial        
ANOVA on Passive/Active Scheduling Condition, Test      
Phase (Immediate vs. Delayed Posttest), Item Familiarity       
(Test exemplar seen vs. withheld in training) and        
Assessment List (1 vs 2) showed a significant main effect of           
Condition (F(3,112)=2.921, p=.037, η​p​2​=.073) a significant      
main effect of Test Phase (F(1,112)=277.127, p<.001,       
η​p​2​=.712), a significant main effect of Familiarity       
(F(1,112)=17.832, p<.001, η​p​2​=.137), and no significant      
main effect of Assessment List (F(1,112)=0.018, p=.893,       
η​p​2​<.001). Interactions were not significant (ps>.127) but       
there was a marginally significant interaction between       
Condition and Phase (F(3,112)=2.197, p=.092, η​p​2​=.056)      
and Assessment List and Familiarity (F(1,112)=3.391,      
p=.068, η​p​2​=.029). 

The marginally significant interaction between Condition      
and Test appears to be driven by the clear superiority of           







(F(1,176)=236.08, p<.001, η​p​2​=0.573). There was one      
significant interaction, between Condition and Test phase       
(F(1,176)=6.38, p=.012, η​p​2​=.035), and a marginally      
significant interaction of Condition x Similarity group       
(F(1,176)=3.79, p=.053, η​p​2​=0.021). As with     
within-category relations, paired comparisons showed that      
between-category similarity modulated the effects of      
Condition. In the ​Active Only condition, there were        
significant differences in efficiency between high      
between-category similarity and low between-category     
similarity (t(238)=4.26, p<.001, d=0.55), between medium      
and low similarity (t(238)=2.36, p=.019, d=0.31), and a        
marginally significant difference between high similarity      
and medium similarity (t(238)=1.94, p=.054, d=0.25). In       
the ​Passive Only condition, there was one significant        
difference between the medium and low similarity       
conditions (t(238)=2.43, p=.016, d=0.31) and a marginally       
significant difference between high and low similarity       
conditions (t(238)=1.76, p=.080, d=0.23). 

Discussion 
The synergy of passive and active presentations in        

perceptual learning was remarkably similar to that found        
previously in factual learning (Mettler et al., 2018). In both          
studies the following conditions were compared: 1) passive        
presentations alone, 2) initial blocks of passive presentations        
followed by active, adaptive learning, 3) initial passive        
presentations for each category that unlocked later adaptive        
learning, or 4) active, adaptive learning alone with no         
passive presentations. In this experiment the learning       
consisted of perceptual learning across multiple categories       
(butterfly genera). We found an advantage for combining        
passive with active presentations such that initial passive        
presentations, especially when grouped into initial blocks of        
passive trials in which all learning categories were        
interleaved, resulted in the greatest efficiency of category        
classification at posttest. Learning persisted across time as        
measured by a 1-week delayed test. In addition, the benefits          
of passive and active combined schedules generalized to        
unfamiliar category exemplars that had not been shown        
during the learning phase. Unsurprisingly, combinations of       
passive and active presentations were better than passive        
presentations alone. More important, combinations of      
passive and active trials were much more effective than         
active, adaptive presentations alone: a few initial       
presentations (1 or 2 presentations for each category) was         
enough to generate learning gains beyond those found with         
purely active, adaptive schedules. Passive block and       
adaptive trial synergy was so strong that the ​Passive Initial          
Blocks ​condition at delayed test was not statistically        
different from the ​Active Only condition performance at        
immediate test. Further analysis of trial-by-trial learning       
data including sequences of correctness supported the idea        
that the benefits of a ​Passive Initial Blocks ​condition         
extended well into the active, adaptive learning component. 

In addition to these results, we investigated the effect of          
category similarity on passive + active synergies. The        
overall apparent lower performance in the ​Active Only        
condition compared to the ​Passive Only condition appears        
to hold only when similarity between categories is high or          
when within-category similarity is low. For lower levels of         
between-category similarity and for greater levels of       
within-category similarity, ​Active Only conditions fared      
better than passive presentations. These effects of category        
similarity are somewhat different than results by Carvalho        
& Goldstone (2015) who showed that passive presentations        
result in slightly worse performance when categories have        
relatively low within-category similarity. Unlike Carvalho      1

& Goldstone, we found that active presentations had the         
greatest benefit when between-category similarity was      
lowest and when within-category similarity was highest. By        
one interpretation, high similarity between categories      
implies greater difficulty of making category      
discriminations. Thus active presentations are best when       
categories are more discriminable from each other. A        
natural interpretation of the effects in adaptive category        
sequencing is that with low within-category similarity (and        
potentially with high between-category similarity)     
assessments of category learning strength gotten from each        
active trial by the adaptive algorithm are less reliable when          
category instances are more diverse, making learning less        
efficient. 

To conclude, we investigated the contribution of       
including passive presentations with interactive, adaptive      
learning. We found that combining passive with active        
presentations such that an initial passive phase (passive        
blocks) in which passive presentations were given for all         
learning categories resulted in the greatest retention       
performance at posttest. In perceptual learning, the effects        
of passive presentations appear to temper differences in        
category structure across variable within and      
between-category relations, and to enhance active, adaptive       
learning with fewer errors throughout the learning session. 

Adaptive learning frameworks that leverage learner      
performance data to arrange spacing and sequencing in        
learning substantially improve learning across diverse types       
of learning, including perceptual learning. These benefits       
are further enhanced by combining active responding with        
passive modes of learning at the start of learning. The          
present results may help lead to a theoretical understanding         
of the mechanisms that enable passive + active synergies         
across different types of learning, and they contribute to a          
practical understanding of how to optimize these effects in         
instructional technology. 

 

1 ​It should be noted that blocking in Carvalho and Goldstone 
referred to massing exemplars from the same category, whereas in 
our Passive Initial Blocks condition all of the passive trials were 
presented as a block, but we interleaved exemplars from every 
category consistently in all conditions. 
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