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Supplementary Note 1

In this manuscript, we define Overgeneralizers as those participants who generalize less than 70% of their learning even when
encountering the most physically distant stimulus. In Figure 1, Panel A demonstrates that when the most distant distance
measures 68.62 mm in circle diameter, learning decreases by more than 70% when the A value exceeds .0052. Furthermore,
Panel B of Figure 1 illustrates the stimuli similarity between stimuli, where A is set to .0052, ranging from a distance of 0
to 100. Note that the specified boundary for A is sensitive to variations in the range of numerical values considered. It is
important to acknowledge that different ranges may yield different thresholds for the decrease in learning exceeding 70% when
encountering the most physically distant stimulus. Therefore, researchers should be mindful of this sensitivity when interpreting
the results and considering alternative ranges for A in their investigations.
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Supplementary Figure 1. Panel A: The similarity as a function of a changing A for a particular distance: a physically very
different stimulus (distance = 68.62). Panel B: The response decay curve with the upper boundary value for the generalization
rate A of Overgeneralizers

To check how sensitive our results are to the A; boundary value of .0052. We check how many posterior samples of A; are
cling to .0052. It is shown in Figure 2 that most of A posterior samples are not close to the boundary value of .0052.
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Supplementary Figure 2. Histogram of lambda; poterior samples of both Experiment 1 and 2.

Supplementary Note 2

In Figure 3 we show how different values of scaling parameters w0 and w1 will lead to different transformation between the
latent response g and observed response 6.
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Supplementary Figure 3. The transformations between the latent response g and observed response 6 with different
combinations of the base line response parameter w0 and scaling parameter wl.

Supplementary Note 3

From Figure 4 to Figure 8, we show results of group allocation based on different proportion criteria of the group allocation
parameter posterior being sampled to the same value.
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Exp.1: Simple conditioning; Criteria = 0%
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Supplementary Figure 4. The results of group allocation based on the criteria of the most frequent sampling value of the
membership parameter m
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Exp.1: Simple conditioning; Criteria = 0.25%
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Supplementary Figure 5. The results of group allocation based on the criteria that the most frequent sampling value of the

membership parameter m takes more than 25% of the posterior samples.
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Exp.1: Simple conditioning; Criteria = 0.5%
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Supplementary Figure 6. The results of group allocation based on the criteria that the most frequent sampling value of the
membership parameter m takes more than 50% of the posterior samples.
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Supplementary Figure 7. The results of group allocation based on the criteria that the most frequent sampling value of the
membership parameter m takes more than 75% of the posterior samples.

8/30



0.951

0.00+

0.951

o
o
S

o
©
a

Sample proportion

0.00-

S N | {10 | I

0.95

0.00

0.951

0.00-

0.951

o
©
a

Sample proportion

0.00+

0.951

0.00+

Exp.1: Simple conditioning; Criteria = 0.95%
Perceptual Generalizers

10 % I I
| | _ "I | anll_

123456 7 8 91011121314151617 1819 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40
Participant

Exp.2: Differential conditioning; Criteria = 0.95%
Perceptual Generalizers

o©
o
S

123456 7 8 91011121314151617 1819 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40
Participant

[ Non-Learners =~ Overgeneralizers [ll] Physical Generalizers [l Perceptual Generalizers

Supplementary Figure 8. The results of group allocation based on the criteria that the most frequent sampling value of the
membership parameter m takes more than 95% of the posterior samples.

9/30



Participants are allocated to different groups based on the posterior samples of the group membership variable m; (which
can take integer values 1 to 4). Table 1 compares the group allocation result of a stricter criterion (i.e., 75% m; samples on the
same value else labeled unknown) with a more lenient criterion that allocates participants to one of the four latent groups based
on the most frequent sampling value of m; (i.e., maximum probability). To account for this uncertainty, we used the result of
the strict criteria in the final analysis.

As expected, due to the inclusion of a safety cue (CS-) and a higher reinforcement rate, fewer Non-Learners were identified
in Experiment 2 compared to Experiment 1. This implies that less stimulus-driven and more random behavior was observed
in Experiment 1. As for individuals who exhibit some learning and similarity-based generalization patterns in Experiment 1,
more participants were identified as Physical Generalizers than Perceptual Generalizers. In the second experiment, a similar
proportion of participants in the Overgeneralizers group (7.5%) was observed. However, a different pattern concerning the
generalization dimension was found: more people (45%) were classified as Perceptual Generalizers than Physical Generalizers
(27.5%).

Experiment 1 Experiment 2

Strict criteria | Lenient criteria | Strict criteria | Lenient criteria

| |
| Non-Learners | 35% | 35% | 10% | 10% |
| Overgeneralizers | 5% | 7.5% | 7.5% | 12.5% |
| Physical Generalizers |  27.5% | 45% | 275% | 30% |
| Perceptual Generalizers | 12.5% | 12.5% | 45% | 47.5% |
| Unknown | 20% | 0% | 10% | 0% |

Supplementary Table 1. Percentage of model-based group allocation with both strict and flexible criteria. The strict criteria
labels participants as unknown if none of the group allocation variable m; comprises greater than 75% of posterior samples, and
the lenient criteria allocates participants to either of the four latent groups based on the most frequent sampling value.

Supplementary Note 4

In the main manuscript (Figure 4), we have demonstrated, through posterior predictive checks, that the model can effectively
capture and fit the observed generalization data. In this section, we present additional results showcasing the mean posterior
predictive checks at the individual level for two experimental data sets. These results serve to further illustrate that the model
performs well in accurately fitting the data on an individual level.
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Exp.1: Simple conditioning
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Supplementary Figure 9. Posterior predictive checks with the mean of individual observed generalization data for
Experiment 1.
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Exp.2: Differential conditioning
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Supplementary Figure 10. Posterior predictive checks with the mean of individual observed generalization data for
Experiment 2.

Supplementary Note 5

Four MCMC chains were run for the model, with 100000 iterations, 75000 burn-ins, and a thinning factor of 10 for each chain
(i.e., only each 10-th sample was retained). This returns 10000 samples in total for each parameter. Here we show the trace plots
of the person-specific learning rate «, the generalization rate A, the base line response parameter w0, and the scaling parameter
wl. For the group level, we show the trace plots of a,, A, the response noise o, and the group probability p- The parameters
without well mixing chains are the indication of failing convergence. Additionally, we checked the R value of Gelman and
Rubin diagnostics for convergence. The R value close to 1 is deemed to represent stationary distributions. According to the
parameter trace plots and R values, Participant 32 in Experiment 1 and Participant 8 and 25 in Experiment 2 have convergence
problems. With the strict group allocation criteria (75% posterior samples of group membership are the same value), these
participants are labelled as Unknown and were not include in the analysis.
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Supplementary Figure 11. The trace plots for the group mean learning rate ¢y, and generalization rate A, of Experiment 1
and 2.
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Supplementary Figure 12. The trace plots for the response noise parameter ¢ of Experiment 1.
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Experiment 2: Differential conditioning
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Supplementary Figure 13. The trace plots for the response noise parameter ¢ of Experiment 2.
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Supplementary Figure 14. The trace plots for the probability membership parameter p of Experiment 1. p1: Non-Learners;,
p2: Overgeneralizers; p3: Physical Generalizers; p4: Perceptual Generalizers.
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Supplementary Figure 15. The trace plots for the probability membership parameter p of Experiment 2. p1: Non-Learners;
p2: Overgeneralizers; p3: Physical Generalizers; p4: Perceptual Generalizers.
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Supplementary Figure 16. The trace plot for person-specific learning rates & in Experiment 1.
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Experiment 2: Differential conditioning
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Supplementary Figure 17. The trace plot for person-specific learning rate @ in Experiment 2.
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Supplementary Figure 18. The trace plot for person-specific learning rate A in Experiment 1.
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Supplementary Figure 19. The trace plot for person-specific learning rate A in Experiment 2.
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Supplementary Figure 20. The trace plot for person-specific learning rate w0 in Experiment 1.
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Supplementary Figure 21. The trace plot for person-specific learning rate w0 in Experiment 2.
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Supplementary Figure 22. The trace plot for person-specific learning rate w1 in Experiment 1.
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Supplementary Figure 23. The trace plot for person-specific learning rate w1 in Experiment 2.

Gelman and Rubin diagnostics
Gelman and Rubin diagnostics'-? are based on evaluating variances within and between several simulated MCMC chains. A
statistically significant divergence between the two variances indicates non-convergence.

Group-level parameter

Oy Ay o[l] o[2] pll] p[2| 3] pl4
1.001723 | 1.001365 | 1.014066 | 1.008066 | 1.000016 | 1.001448 | 1.000206 | 1.001789

Supplementary Table 2. R values of group-level learning rate oy, generalization rate A, response noise parameter ¢ and
membership probability p of Experiment 1.

Oy Ay o[l] o[2] pll] p[2] 3] pl4
1.017304 | 1.000675 | 1.016618 | 1.000073 | 0.9999526 | 1.034891 | 1.025277 | 1.016461

Supplementary Table 3. R values of group-level learning rate oy, generalization rate A, response noise parameter ¢ and
membership probability p of Experiment 2.

Person-specific parameter
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Supplementary Table 4. R values of person-specific learning rate o, generalization rate A, base-line response parameter w0
and scaling parameter w1l in Experiment 1
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Supplementary Table 5. R values of person-specific learning rate o, generalization rate A, base-line response parameter w0
and scaling parameter w1l of Experiment 2
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From Figure 24 to 36, we present the plots that represent distribution of both group-level and individual-level parameters.

Group-level parameter

A1 A2
Experiment 1: Simple conditioning Experiment 1: Simple conditioning
a_y A_p
1250
1000 900
w 750 -
5 < 600
S 500 3
300
250
0 — 0 —
. 0.3 0.2 0.3 Chain
value value
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Supplementary Figure 24. The posterior distributions for the group mean learning rate o, and generalization rate A, of
Experiment 1 and 2.
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Supplementary Figure 25. The posterior distributions for the response noise parameter ¢ of Experiment 1.
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Experiment 2: Differential conditioning
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Supplementary Figure 26. The posterior distributions for the response noise parameter ¢ of Experiment 2.
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Supplementary Figure 27. The posterior distributions for the probability membership parameter p of Experiment 1. pl:

Non-Learners; p2: Overgeneralizers; p3: Physical Generalizers; p4: Perceptual Generalizers.
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Experiment 2: Differential conditioning
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Supplementary Figure 28. The posterior distributions for the probability membership parameter p of Experiment 2. p1:

Non-Learners; p2: Overgeneralizers; p3: Physical Generalizers; p4: Perceptual Generalizers.

Person-specific parameter
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Supplementary Figure 29. The posterior distributions for person-specific learning rates o in Experiment 1.
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Experiment 2: Differential conditioning
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Supplementary Figure 30. The posterior distributions for person-specific learning rate & in Experiment 2.
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Supplementary Figure 31. The posterior distributions for person-specific learning rate A in Experiment 1.
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Supplementary Figure 32. The posterior distributions for person-specific learning rate A in Experiment 2.
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Supplementary Figure 33. The posterior distributions for person-specific learning rate w0 in Experiment 1.
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Supplementary Figure 34. The posterior distributions for person-specific learning rate w0 in Experiment 2.
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Supplementary Figure 35. The posterior distributions for person-specific learning rate wl in Experiment 1.
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Experiment 2: Differential conditioning
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Supplementary Figure 36. The posterior distributions for person-specific learning rate w1 in Experiment 2.

Supplementary Note 6

Parameter recovery investigates the correspondence between the true parameters (i.e., that have been used to generate the
200 synthetic participants’ data) and the estimated parameters obtained from fitting the model to the synthetic data. The four
groups (m; = 1,...,4) are analogous to four sub-models with different data-generating processes. By examining the result of
parameter recovery, it is possible to determine whether the parameters of interest (i.e., the person-specific generalization rate A;
and learning rate ;) simulated by distinct sub-models are identifiable by the mixed model. Figure 37 shows that the mixed
model can greatly recover A; simulated by all of the sub-models; nevertheless, it was unable to recover some of the o; values
simulated by the model of Overgeneralizers. The cause of the recovering problem for some ¢; is due to the label-switching
problem ¢ between Non-Learners and Overgeneralizers. When J; is exceedingly small, all responses are shrunk to the same
point, regardless of the o; value, making A; and o indistinguishable. This implies that participants with an exceptionally flat
response gradient will always be classified as Non-Learners because there is no indication of learning from the data.

“During MCMC sampling, label switching is a common identifiability issue with mixture models. Because the labels attached to the components are
arbitrary, any permutation is allowed. The problem is particularly a problem if the components are hard to distinguish a priori (e.g., a normal mixture with two
components and free means and variances). However, in the current study, label switching may not be a large problem because the components Non-Learners
and Overgeneralizers are very strictly defined. If the problem nevertheless occurs for some participants, they will be excluded from the final analysis.
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Supplementary Figure 37. The recovery plots for the generalization rate parameter A; (panel A) and learning rate ; (panel

B).

Supplementary Note 7

As illustrated in the manuscript, we simulated 50 participants for each latent group to investigate how well the model can
identify different behavior patterns. In Figure 38, we can see that the model can very well identify the correct latent groups in
most posterior samples. The problem occurs in some scenarios. First, the model will identify individuals as Non-Learners when
the response gradient is extremely flat even though the flatness is actually caused by extremely strong generalization tendency.
Second, the model will have problems disentangling Overgeneralizers and Physical Generalizers when the generalization rate

is very closed to the .0052 boundary value.
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Supplementary Figure 38. Posterior samples for the group allocation parameter. Participants are deemed to have effectively
allocated to one group when greater than 75% (the black dashed line) of posterior samples are observed in the same group.
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