












Cognition 222 (2022) 104997

7

There are several relevant patterns in these results. First, categories 
that are orthogonal with the distributional representations show at- 
chance performance (Fig. 7, values near 0.50 shown in white). Sec
ond, when trained on the II categories with X-Dimension or Y-Dimension 
representations, the model separates the categories based on a single 
dimension, instead of two. For example, the II-Negative/X-Dimension 
panel demonstrates that the categories are separated based on the x- 
dimension. Similarly, when trained on the RB categories with Positive or 
Negative representations, the model separates the categories based on 

two dimensions, instead of one. For example, the RB-X/Negative panel 
demonstrates that the categories are separated based on both x and y 
dimensions across the negative axis. These results demonstrate that the 
model does not struggle to learn in the same way across different types of 
categories. Instead, the reason that the model struggles is directly 
related to how the representation distribution relates to the categories 
being learned. The model is struggling because it is applying its repre
sentational bias during category learning and this bias cannot be over
come based on the feedback received during category learning. 

Fig. 5. Online learning model accuracy and error (loss). 
Note. A. Model accuracy and B. Model error (loss) after 
the single pass through all 200 category exemplars for 
online learning for the four distribution types and four 
category learning environments. Individual runs of the 
model are shown as colored points, the mean performance 
is shown as a black point, and the error bars reflect SEM.   

Table 3 
Accuracy results across training methods  

Representation distribution II-Negative II-Positive RB-X RB-Y 

Batch Learning 
Independent 82.3 [81.3, 83.3] 81.9 [80.3, 83.5] 91.9 [90.9, 92.9] 86.8 [85.5, 88.1] 
Negative 83.1 [81.8, 84.5] 0 [n/a, n/a] 58.9 [57.5, 60.3] 58.2 [56.5, 59.9] 
Positive 0 [n/a, n/a] 83.1 [81.0, 85.2] 61.3 [59.5, 63.1] 58.1 [56.7, 59.5] 
X-Dimension 61.1 [59.2, 63.0] 57.8 [56.0, 59.6] 88.3 [87.0, 89.6] 0 [n/a, n/a] 
Y-Dimension 55.9 [54.7, 57.1] 60.6 [58.3, 62.9] 0 [n/a, n/a] 87.5 [86.0, 89.0]  

Online Learning 
Independent 83.8 [78.0, 89.6] 88.7 [84.4, 93.0] 94.5 [91.9, 97.1] 92.4 [89.2, 95.6] 
Negative 80.4 [70.9, 90.0] 49.5 [48.6, 50.4] 74.6 [68.1, 81.0] 72.6 [66.7, 78.5] 
Positive 41.6 [29.1, 54.1] 92.7 [90.6, 94.8] 70.7 [60.9, 80.5] 70.7 [62.8, 78.6] 
X-Dimension 62.3 [53.4, 71.2] 69.0 [59.8, 78.2] 90.9 [84.0, 97.8] 43.8 [34.6, 53.0] 
Y-Dimension 72.5 [63.0, 82.0] 67.2 [59.2, 75.2] 49.0 [46.7, 51.3] 91.2 [84.2, 98.2] 

Note. Mean accuracy with 95% confidence intervals across ten simulated subjects for batch learning (after final epoch) and online learning. 
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