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Table S1 | Order of the three conditions in the behavioral experiment. We used a 3 x 3 Latin 23 

square design. The number of sessions for each order is also shown. HU: Hokkaido 24 

University; UT: University of Tokyo. 25 

 26 

Order of conditions Number of laboratory sessions 

1st 2nd 3rd Total HU UT 

Centralized Decentralized Solo 9 4 5 

Solo Centralized Decentralized 7 5 2 

Decentralized Solo Centralized 9 3 6 

 27 
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Model comparisons: Alternative models 29 
We compared five models including the full model (Eqs. (1) – (5) in Methods in the 30 

main text). We describe the four reduced models in the following text.  31 

The random choice model assumes that a participant chooses option 1 with a constant 32 

probability throughout the 80 trials, i.e.,  33 

 34 

𝑃!,#,$ = 𝜀, (10) 
 35 

where 𝜀 ∈ [0, 1]. 36 

The reinforcement-learning (RL) model assumes that the participant follows the full 37 

model but with 𝛾 = 0. In other words, we assume that participants rely only on their own past 38 

experiences via reinforcement learning to make a choice in the current trial. 39 

The social-learning (SL) model assumes that the participant follows the full model but 40 

with 𝛾 = 1. In other words, we assume that the participants rely only on the social 41 

information, i.e., the number of neighboring participants choosing option 1 or option 2. 42 

The reinforcement-learning and proportional social-learning (RLPSL) model assumes 43 

that the participant follows the full model but with 𝜃 = 1. In other words, we assume that, 44 

when the participants rely on the social information, they choose each option with probability 45 

proportional to the number of neighbors who chose the option in the preceding trial. 46 

The WAIC values for all five models (including the full model) are given in Table S2. 47 

  48 
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Table S2 | Model comparison in terms of the WAIC. The full model, shown in bold, yielded 49 

the lowest WAIC, indicating that it was the best-fitting model among the five. 50 

Model WAIC 

Full 69.09 

Random choice 326.66 

RL 70.98 

SL 100.62 

RLPSL 69.62 

 51 
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 53 

Figure S1 | Results of the agent-based simulations for the parameter set estimated from 54 

the behavioral data. We simulated the three conditions. Each filled circle indicates the mean 55 

performance calculated as the average over all agents and the 1000 simulations. The error bar 56 

indicates the standard error of the mean. In the simulation, we assigned to all agents the 57 

group-level means of the four parameters (i.e., 𝛼, 𝛽, 𝛾, and	𝜃) estimated from the behavioral 58 

data (see Table 1 for the group-level mean values of the parameters). In the volatile task 59 

environment (Fig. 1a), each agent was programmed to independently select either option with 60 

the same probability, 0.5, in the first trial and then obeyed the full model in the remaining 79 61 

trials. The centralized and decentralized networks outperformed the solo condition. The 62 

difference between the centralized and decentralized networks was negligible. These results 63 

are qualitatively consistent with the behavioral results shown in Fig. 2a, although the 64 

performance scores for the numerical simulations were lower than those in the behavioral 65 

experiment.  66 
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Additional simulations  68 
To check the robustness of the simulation results reported in the main text, we ran an 69 

additional series of agent-based simulations. Specifically, we systematically varied the 70 

decision parameters𝛼, 𝛽, 𝛾, and	𝜃 to examine how the collective performance in the 71 

centralized and decentralized networks depends on the parameter values, potentially 72 

differentially between the volatile and stationary tasks. In the following text, we first outline 73 

the simulation procedure and then report the results. 74 

For each of the four decision parameters, we equally divided its range into eleven 75 

subranges. Based on the distributions estimated from the behavioral experiment (Fig. 2c), we 76 

set the range of parameter to be [0, 1] for 𝛼, [0.01, 1] for 𝛽, [0, 1] for 𝛾, and [−5, 5] for 𝜃. In 77 

theory, 𝛽 and	𝜃 may take values outside these ranges. However, we chose these ranges 78 

because all data points inferred from the behavioral experiment were contained in these 79 

ranges of 𝛽 and	𝜃. Furthermore, these ranges are also quantitatively similar to those used in 80 

previous simulation studies1. For each parameter, we used 11 values that were equally spaced 81 

within its range. For example, we set 𝛼 = 0, 0.1, …, 1. We scanned all possible combinations 82 

of the values of the four parameters, which yielded 14,641 (=11×11×11×11) combinations in 83 

total. We conducted 100 simulations for each of the 14,641 combinations of the parameter 84 

values, each network (centralized and decentralized), and each task environment (volatile and 85 

stationary). Therefore, we ran 100 × 14,641 × 2 × 2 simulations in total.  86 

Figure S2a compares the performance in the stationary and volatile tasks, separately 87 

for the centralized and decentralized networks. Each dot corresponds to one combination of 88 

the values of the four parameters and represents the performance averaged over the 10 agents 89 

in the network and over the 100 simulations. Thus, each panel contains 14,641 dots. In both 90 

centralized (left panel in Fig. S2a) and decentralized (right panel) networks, the mean 91 
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performance was greater in the stationary task than in the volatile task for most parameter 92 

combinations; the percentage of the dots located below the diagonal was 90.83% and 94.05% 93 

for the centralized and decentralized networks, respectively. This result is consistent with 94 

those reported in the left and middle panels of Figs. 3a and 3b. There was also an 95 

intermediate correlation between volatile and stationary task performance (centralized: r = 96 

0.5, decentralized: r = 0.43). 97 

We next compared the magnitude of the network effect between the volatile and 98 

stationary tasks (Fig. S2b). As in the main text (Fig. 3), we defined the magnitude of the 99 

network effect in each task as the ratio of the performance in the decentralized network to 100 

that in the centralized network. Figure S2b indicates that the network effect is fairly small for 101 

the volatile task, with the ratio close to 1 as we vary the parameter values. In contrast, the 102 

network effect is considerably far from 1 for many parameter combinations in the case of the 103 

stationary task. This difference between the volatile and stationary tasks is consistent with the 104 

results reported in the right panels of Figs. 3a and 3b. We note that the ratio in the case of the 105 

stationary task can be notably larger or smaller than 1 depending on the parameter values. 106 

Therefore, the centralized network may enhance collective performance compared to the 107 

decentralized network or vice versa. In addition, there was little correlation between the ratio 108 

in the volatile task and that in the stationary task (r = 0.05). This result suggests that, even if 109 

the agents in the volatile task adopt the same learning strategies as those in the stationary 110 

task, the magnitude of the network effect in the stationary task poorly informs that in the 111 

volatile task and vice versa. 112 

We show the distribution of average performance in the case of the volatile task in 113 

Fig. S2c, where we calculated the distribution, separately for the centralized and 114 
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decentralized networks, by regarding each parameter set as a sample. The arrows in the figure 115 

indicate the simulated performance with the parameter set that is closest to the group mean 116 

estimated from our behavioral data (see Table 1 for the group mean values). We find that, in 117 

both centralized and decentralized networks, the participants in the behavioral experiments 118 

behaved fairly well, if not optimal, in terms of mean performance. 119 

  120 
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 121 

Fig. S2 | Results for the additional simulations. (a) Relationship between the mean 122 

performance in the stationary task and that in the volatile task. Each dot represents one of the 123 

14,641 parameter sets. Below the diagonal, the agents perform better in the stationary than 124 

the volatile task on average. (b) Relationship between the magnitude of the effect of network 125 

structure in the stationary task and that in the volatile task. The dashed lines show the ratio 126 

equal to 1. If the ratio is larger than 1, the agents perform better in the decentralized than 127 

centralized networks, and vice versa. (c) Distribution of the mean performance under the 128 

volatile task on the basis of the 14,641 parameter sets, separately for the centralized and 129 

decentralized network. The arrow in each panel indicates the simulated performance with the 130 

parameter set that is closest to the group mean estimated from our behavioral data. 131 
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