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Abstract 

Despite the prevalence of social learning in humans, the 
cognitive mechanisms underlying social transmission of 
behavior are not fully understood. We refine and expand a 
recently-developed paradigm, the Social Multi-Armed Bandit 
(SMAB) task, to systematically manipulate social information 
and measure its effects on human decision-making during 
predictive learning. We compared a dyadic task, in which 
social influence is maladaptive, to a control task in which 
participants receive no task-related social information. We 
found that misleading social information resulted in more 
maladaptive choices in the Dyadic than the Control condition, 
confirming findings from a prior study (Adrian et al., 2019). 
Although the maladaptive Dyadic social effect attenuated 
across trials and between two "games" (100 trials each), 
correlations between partners’ higher-order response patterns 
persisted across games. These correlated response patterns 
between individuals within dyads suggest a tendency to 
emulate higher-order patterns (i.e., heuristics or strategies). 
The results imply that adults sometimes emulate decision 
strategies even when the outcome is disadvantageous. They 
also suggest that social learning may be reflected in higher-
order response patterns even after people learn that imitating 
specific actions is maladaptive. 

Keywords: imitation; misinformation; probability learning; 
reward learning; social learning; decision-making 

Introduction 

Decision-making and action selection by humans often 

occurs in a social context (Rilling & Sanfey, 2011). Our 

decisions are guided by predictions informed by 

contingencies learned from prior experience (Schultz et al., 

1997). A general question is how experiences alter predictive 

representations and action decisions. These experiences 

typically include social interactions (Whiten & van de Waal, 

2018). Social information can boost learning if individuals 

represent others' actions as they plan their own actions 

(Iacoboni, 2005; Heyes, 2012). Moreover, the values of both 

social and nonsocial outcomes might be encoded in common 

neural representations (Nicolle et al., 2012; Ruff & Fehr, 

2014). However, the mechanisms by which social 

observations guide prediction and action selection have yet to 

be fully characterized due to the inherent complexity of social 

dynamics, as well as limited integration across disciplines 

(Olsson et al., 2020). 

Effects of social information, including contingency 

patterns, on learning and decision-making can be seen even 

in infancy and childhood (e.g., Chang & Deák, 2020; Plate et 

al., 2019; Sebanz et al., 2006). In children and adults, joint 

action involves social information sharing during goal-

directed activity (e.g., Kourtis et al., 2019). 

Social information can influence decision-making under 

uncertainty. This can be explored by modifying probabilistic 

learning paradigms such as the multi-armed bandit (MAB; 

Daw et al., 2006). MAB tasks present multiple options 

("arms") with reward probabilities unknown to the decision-

maker. Participants choose actions that either explore the 

environment, or exploit (i.e., repeat) previously-rewarded 

actions. In stable environments with discernible optimal 

choices, individuals typically converge toward an optimal, or 

maximizing strategy, favoring the historically most-

rewarding arm (Cohen et al., 2007; Speekenbrink & 

Konstantinidis, 2015).  

We refined and expanded a recently-developed paradigm, 

the Social Multi-Armed Bandit (SMAB; Adrian et al., 2019), 

that systematically introduces social information and 
quantifies its effects on decisions. In a Dyadic condition, two 

participants alternate their choices, with outcomes 

determined by different hidden reward contingencies that are 

manipulated to make direct imitation (i.e., repetition of a 

partner's last response, or "copying the form of an action"; 

Whiten et al., 2009) unfavorable. In this paradigm, the other 

participant's actions become a potential source of 

interference. This allows us to study how potentially 

misleading social information affects decision-making. 

In probabilistic learning in social environments, early 

exploration may entail copying another person’s actions, 

ostensibly as a learning strategy (Kendal et al., 2004). 

Unexplored strategies might be gleaned from observing 

others' actions (Cohen et al., 2007). Previous social 

probability learning studies show that socially gleaned 

information can improve individual performance. For 

example, Schulze and Newell (2016) found that 

disadvantageous matching responses were generally avoided 

when participants made decisions collaboratively, compared 

to a single-player condition. Similarly, Witt et al. (2024) 

showed that participants flexibly integrated social 

information to guide decisions under uncertainty, leading to 

enhanced outcomes despite individual differences in reward 

valuation. Social influence can, however, be either adaptive 

or maladaptive, depending on factors such as the 

appropriateness of the other person’s actions, the goal of the 

task, task constraints, and participants' respective valuations 

of outcomes. In the current SMAB task, it was 
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disadvantageous for participants to imitate their partner 

because the partner had incompatible reward contingencies. 

This potentially conflict-inducing paradigm was designed 

(Adrian et al., 2019) to reveal the limits of human social 

learning as participants accrue evidence that imitation is 

maladaptive.  

A prior study (Adrian et al., 2019) found reduced 

maximizing in the Dyadic condition compared to a single-

player control version of the task. This was presumably due 

to the conflicting feedback from the player's own decision-

outcome contingencies and their partner's action-outcome 

contingencies. Specifically, participants' highest-reward-

probability option was their partner's lowest-reward option, 

and vice versa. In this situation, any persistent copying of the 

partner's previous action might reflect habitual imitation 

(Heyes, 2011). A third, intermediate-reward-probability 

option was identical for both partners, making the "switched" 

reward contingencies less obvious. The present study 

expands on this paradigm with several changes: First, an 

improved Control condition was similar to the Dyadic 

condition except that a confederate (rather than a naive 

partner) made an invariant, non-contingent action in between 

the participant's decisions. This controlled for the presence of 

another person (Golland et al., 2015), the pacing of trials, and 

seeing another hand touch the screen in between trials. Thus 

the Control condition is similar to the Dyadic condition 

except that the “partner” makes no game-relevant decisions 

and receives no outcomes. The present study also uses a 

between-subjects design, improved stimuli, a second block of 

trials, and analyses of decision sequences over all trials, 

including similarity of sequences within dyads.   

We hypothesized that suboptimal performance would be 

greatest early in the task (Schulze & Newell, 2016). Given 

the uncertainty of the paradigm, participants might initially 

rely on observing their partner’s actions and outcomes, 

leading to fewer rewards (Sebanz et al., 2006). As 

participants learn their own underlying response 

contingencies, they might increasingly ignore social 

information to optimize outcomes. Aside from directly 

imitating a partner's choices, partners might demonstrate 

social influence by adopting parallel response distributions. 

Similarities in higher-order patterns could suggest emulation: 

reproducing another's strategies or policies without copying 

specific actions (Tomasello, 1993; Whiten et al., 2009). In 

reward learning paradigms like SMAB, emulation would 

entail modeling the partner's action-contingency patterns, and 

selecting similarly-distributed actions for a similar outcome 

pattern (Ng & Russell, 2000). Whereas imitation in the 

SMAB would entail choosing the identical arm as the partner, 

emulation would entail making similar distributions of 

choices as the partner, across non-identical arms that yield 

commensurate reward probabilities. Thus, we measure 

emulation by examining within-dyad similarity in strategy 

use. Emulation is not inherently adaptive or maladaptive in 

the SMAB—that depends on the partner's strategy (Whiten et 

al., 2009). We hypothesized that emulation would occur to 

some degree within dyads. 

In sum, we manipulated social information and measured 

its effects on decisions in a social MAB task wherein social 

information would be misleading. We compared the dyadic 

task to an individual control task. We assessed learning 

within and between games by examining decisions across 

trials. We also examined dyadic participants' tendency to 

match their partner's specific decisions ("imitation") or to 

converge on similar strategies ("emulation"). 

Materials and Methods 

Participants 

Participants were 61 right-handed, English-fluent 

undergraduates (Dyadic condition: n = 32, Control: n = 29) 

at UC-San Diego. Dyadic participants (18 f, 13 m, 1 

nonbinary) averaged 20.7 years (range: 17.7-26.6), and self-

identified as 17 Asian, 2 Black, 4 Hispanic/Latinx, 4 White, 

4 multi-racial, and 1 "other." Control participants (17 f, 12 m) 

averaged 19.7 years old (range: 17.5-24.1) and self-identified 

as 13 Asian, 8 Hispanic/Latinx, 4 White, 3 multi-racial, and 

1 “other.” Three control participants were excluded from 

Game 1 and three (1 control; 1 dyad) from Game 2 due to 

data recording problems. Each participant received course 

credit plus a small payment (i.e., $0.05 USD/reward, mean 

total = $7.07/participant). 

Materials 

The Social Multi Arm-Bandit (SMAB) task was displayed on 

an 58.5 x 32.5 cm ELO touchscreen monitor mounted in a 

table. The game was programmed in Python (tkinter; Lundh, 

1999). The three arms were represented as uniquely shaped 

“ice holes” (Figure 1).  

Procedure 

The task was presented as an “ice fishing game.” Three "ice 

holes" were assigned hidden reward probabilities of 30% 

(low arm), 60% (medium arm), and 90% (high arm). 

Participants were told to earn as many points as possible by 

selecting one arm per trial and that they would earn $0.05 for 

each point, with no further information. In each trial 

participants chose an arm by touching an ice hole, prompting 

either a reward of one point (green fish) or non-reward (red 

“X”: Figure 1A-B). Each player's cumulative reward count 

was displayed on the monitor as their respective scores. Each 

participant completed two rounds of 100 trials (i.e., Games 1 

and 2). 

In the Dyadic condition, participants were tested in pairs in 

a sound-attenuated, isolated testing room seated across from 

each other on either side of a touchscreen table. Participants 

alternated with their partner in choosing ice holes (Figure 

1A). The arms with reward probabilities of 30% and 90% 

were reversed between paired participants (Figure 1C), 

thereby imposing potentially maladaptive social interference. 

Control condition sessions occurred in the same setting and 

were designed to control for the presence of another person 

(Golland et al., 2015), the pacing of trials, and seeing another  
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person’s hand touch the screen in between trials. Participants 

completed trials identical to the Dyadic condition, but in 

between each trial a confederate (seated across from the  

participant, like Dyadic partners) pressed a “Next” button, 

and a blue oval appeared (Figure 1B). That is, unlike the 

Dyadic condition, the confederate’s actions were game-

irrelevant and had no differential outcomes (i.e., they always 

pressed the “Next” button). 

The shapes and reward probability of ice holes were 

randomized. The shapes differed in Games 1 and 2. The 

reward probabilities changed locations in Game 2 for half of 

participants—the "Different" condition—but not for 

participants assigned to the other, "Same" condition (Figure 

1C). This manipulation (which yielded no significant 

differences) was intended to examine the effect of changing 

reward contingencies (Cohen et al., 2007).  

All procedures were approved by the UCSD IRB. 

Data Analysis 

The course of choices within and across games was analyzed 

using growth curve analysis (Mirman, 2014) of cumulative 

proportions of high (90%) reward-probability and of low 

(30%) reward-probability choices. The former suggests a  

maximizing strategy, and the latter suggests maladaptive 

imitation of social information. Linear mixed-effects (LME) 

models (suitable for repeated measures [RM], data) were 

fitted using lme4 1.1.29 (Bates et al., 2015) in R 3.6.3. 

The model included fixed effects for trial and game (both 

within-subjects), condition (between: Dyadic; Control), 

mapping (between: Same; Different), and their interactions, 

as shown in equation (1). The models were fitted using 

REML and a maximal random effects structure (Barr et al., 

2013; Lüdecke, 2021; Luke, 2017) with a random intercept 

for participant, a linear effect of participant over trials (i.e., 

random slope), and random participant-by-game effects. To 

handle non-convergence, the trial variable was rescaled and 

the random effects structure was simplified. Fixed effect 

coefficients' were evaluated using Satterthwaite's (1946) 

approximated dfs. 

1 Cumulative % of choices to arm (30/90) = 

trial_scaled * condition * game * mapping + 

(trial_scaled  * game|participant )  

Because the mapping effect and all interactions with 

mapping were non-significant in both models, the “Same” 

Figure 1: Ice fishing task trials. In both conditions a quasi-random trial sequence (A, B) repeats 100 times per game 

(total=200 trials). A green fish indicates a reward (one point); a red "X" indicates no reward. Dyadic (Social) Condition (A): 

Two players alternate selections. Control Condition (B): A confederate presses the Next button between trials, prompting a 

blue oval. Arm Shapes and Probability Mappings (C): Shapes are randomly assigned to "arms" (left, middle, right) with 

different shapes in Games 1 and 2. Reward probabilities are quasi-randomly assigned in Game 1; these remain the same in 

Game 2 ("Same" condition) or are re-assigned ("Different" condition). In the Dyadic condition, 30% and 90% arm-

assignments are reversed for Players 1 and 2. 
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and “Different” conditions were pooled for subsequent 

analyses.  

In addition to examining choice behavior across trials, we 

examined choice behavior summarized over entire games 

using overall maximization rate. This was calculated for each 

game for a given participant as the proportion of choices of 

the high arm across all test trials. We examined the similarity 

of strategy use between Dyadic condition partners (i.e., 

emulation) by correlating maximization rates between 

partners within dyads.  

Results 

We compared choice trajectories between Dyadic and 

Control conditions across two games. A positive trajectory of 

high-reward-arm choices and negative trajectory of low-

reward-arm-choices across trials would indicate adaptive 

learning. A higher overall proportion of low-arm choices in 

the Dyadic condition than the Control condition would 

indicate a maladaptive social influence. Growth curve models 

of high- and low-arm choices largely confirm both results: a 

learning trend, and a maladaptive effect of misleading social 

information which, as explained below, was transitory.  

High-arm choices increased and low-arm choices 

decreased over trials in both conditions (Figure 2, Table 1), 

confirming the predicted learning effect: participants shifted 

towards adaptive choices. Specifically, the low-arm initial 

mean choices averaged 21.7% (95% CI [17.9, 25.5], p < .001, 

df = 59), with a significant decrease of 2.52% per trial (95% 

CI [-4.2, -0.9], p = .003, df = 57). Conversely, high 

probability (90%) arm initial mean choices averaged 47.7% 

(95% CI [41.0, 54.4], p < .001, df = 59), with a significant 

increase of 3.50% per trial (95% CI [1.0, 6.0], p = .006, df = 

57). 

Trajectories were not equivalent between groups, however. 

Dyadic participants made significantly (8.18%) more low-

arm choices, than Control participants (95% CI [3.0, 13.4], p 

= .003, df = 58), and marginally fewer (-8.95%) high-arm 

choices (95% CI [-18.0, 0.1], p = .053, df = 58). 

There was a significant condition-by-game interaction in 

low-arm choices due to a larger (11.16%) decline from Game 

1 to Game 2 in the Dyadic than the Control conditions (95% 

CI [-20.5, -1.8], p = .020, df = 59). This underscores the 

impact of condition over time: Dyadic participants chose the 

low arm more especially in the initial game (i.e., Dyadic 1 

trend in Fig. 2). 

We also examined choice behavior summarized over entire 

games. The similarity of Dyadic partners' strategy-use (a 

possible index of emulation) was quantified as correlations in 

maximization rates (Figure 3C,D). These were moderate to 

high: Game 1 r = .778, p < .001; Game 2 r = .613, p = .015. 

Notably, because partners' responses were independent and 

non-contingent, we could have found null or even negative 

correlations. See the supplement for additional analyses: 

https://osf.io/pdgbs/?view_only=334bc22ab8ba437380b080

ef4e9aee80  

Discussion 

We used the Social Multi-Armed Bandit (SMAB), to 

manipulate social information and measure its effects on 

predictive learning for decision-making. Results show 

increased maladaptive behavior in a dyadic task when the 

partner's actions and outcomes are misleading, indicated by 

more low-reward arm selections compared to an individual 

control condition. This was presumably due to seeing the 

partner's frequent rewards from choosing that arm. This 

finding generally replicates Adrian et al. (2019)’s behavioral 

findings of more maximization in a single-player block of 

SMAB than in a dyadic block (in a within-subjects design).  

The current results show that this effect (i.e., more dyadic 

low-arm selections) attenuated with experience, decreasing 

in Game 2. This suggests that participants eventually learned 

to reduce maladaptive imitation of misleading observed 

actions. A social influence was also seen in the above-chance 

similarity of strategies adopted by individuals within a dyad; 

that is, an "emulation" effect.  

The attenuation of maladaptive social influence between 

games supports characterizations of human social learning as 

flexible and multidimensional (Toyokawa et al., 2019). This 

study adds to a growing body of recent findings that shed 

light on the high degree of flexibility present in human social 

learning (Charpentier et al., 2020; Witt et al., 2024). 

Although social learning is endemic, it is not always 

beneficial, and selectivity of social learning is important for  

Figure 2: Dyadic vs. control group cumulative choices of 

each  arm. Mean cumulative response percentages for each 

arm: (A) low (30% reward-probability) arm, (B) medium 

(60%) arm, and (C) high (90%) arm (i.e., 

maximization rate). Cumulative choices for each arm are 

shown separately for Games 1 and 2 in each condition. 

Error clouds: SEmean.
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adaptive learning (Kendal et al., 2018). The social learning 

strategies (SLSs) concept defines the actors (‘who’), 

behaviors (‘what’), and circumstances (‘when’) that bias an 

individual’s social learning tendencies (Kendal et al., 

2018)—for example, strategies like 'copy when uncertain,'  

'copy the majority,' and 'copy if better' (Laland, 2004). Due 

to discrepant reward contingencies between partners in 

SMAB, a copy when uncertain strategy might have biased  

participants to make suboptimal choices in Game 1. As 

participants learned the reward probabilities for their own 

choices, they adaptively reduced their use of social 

information later in the task. 

The results also imply flexibility of imitation versus 

emulation. Although imitative responses attenuated across 

games, partners used social information by adopting similar 

response strategies (i.e., emulation; Tomasello, 1993)— 

specifically, choosing respective arms with analogous reward 

probabilities at similar rates, which entailed reversing their 

partner's selection-rates for two of the arms.  

Emulation allows agents to modify behaviors to 

approximate another person’s goals or strategies, whereas 

imitation entails transmission of specific actions (Whiten et  

al., 2009). Situational factors might make either emulation or 

imitation more appropriate (Williamson & Meltzoff, 2011).  

To our knowledge, this is among the first studies to find 

evidence of adaptive, probabilistic emulation of choice 

distributions in a predictive learning task where imitation is 

maladaptive. This suggests a tendency to adaptively utilize 

social information at multiple levels from affiliated 

individuals. That tendency might reduce potentially costly 

exploration (Witt et al., 2024), lower cognitive load when 

adopting strategies (Hinsz et al., 1997) and flexibly modulate 

individuals' responses to observed choice outcomes (Li et al., 

2010). These findings echo recent work by Charpentier et al. 

(2020) who showed that individuals dynamically arbitrate 

between imitating observed actions and emulating goal-

directed policies based on task structure and contextual 

demands. More broadly, the results suggest that social 

probability-learning tasks can illuminate social adaptation 

during learning at multiple levels—i.e., individual decisions, 

and strategic policies across multiple decisions.  

Few studies have examined the dynamics of "live" dyadic 

social interactions in probability learning tasks, and some of 

those were virtual or "distance" studies. Such methods, 

Table 1.  Results of Growth Curve Models for the Cumulative Percentage of Low Probability Arm and High 

Probability Arm Choices 

Variable Low Probability (30%) Arm High Probability (90%) Arm 

Estimates CI p  df Estimates CI p df 

(Intercept) 21.69 [17.9, 25.5] < .001 59 47.67 [41.0, 54.4] < .001 59 

Trial -2.52 [-4.2, -0.9] .003 57 3.50 [1.0, 6.0] .006 57 

Condition 8.18 [3.0, 13.4] .003 58 -8.95 [-18.0, 0.1] .053 † 58 

Game 0.83 [-6.4, -8.1] .818 60 7.47 [-4.1, 19.1] .203 60 

Mapping -6.69 [-15.7, 2.3] .142 56 2.83 [-11.6, 17.2] .695 55 

Trial * Condition 0.55 [-1.7, 2.8] .619 57 -0.30 [-3.6, 3.0] .856 57 

Trial * Game -3.76 [-7.3, -0.2] .039 64 2.15 [-3.3, 7.6] .430 70 

Condition * 

Game 

-11.16 [-20.5, -1.8] .020 59 5.54 [-9.5, 20.5] .463 59 

Trial * Mapping 3.90 [-0.3, 8.1] .068 † 54 -1.98 [-8.0, 4.0] .513 54 

Condition  * 

Mapping 

8.88 [-3.4, 21.2] .154 55 -3.23 [-22.9, 16.4] .742 54 

(Trial * 

Condition) * 

Game 

1.19 [-3.5, 5.8] .611 62 1.80 [-5.3, 8.9] .614 69 

(Trial * 

Condition) * 

Mapping 

-1.12 [-6.9, 4.7] .700 54 -1.13 [-9.4, 7.2] .785 54 

ICC 0.76 0.88 

N Participant 61 61 

Observations 11570 11570 

Marginal R2 
/Conditional R2

0.132 / 0.795 0.109/ 0.891 
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though convenient, limit the types of embodied social cues 

that can be studied (e.g., facial and vocal expression and other 

nonverbal behaviors; Walther et al., 2005). More generally, 

such methods preclude information carried by real-time, 

spatially contiguous interactions in shared physical 

environments (Ickes & Gonzalez, 1994). Future research 

could explore how physical versus virtual presence of others 

influences the use of social information in decision-making 

under uncertainty. 

A limitation of this study is that we cannot specify the 

mechanisms driving the observed social effects. For example, 

we cannot pinpoint the exact mechanism of the transitory, 

maladaptive presumably-imitative effect. Similarly, strategy 

emulation may perhaps be due to a generalized, 

developmentally canalized orientation to social cues (Whiten 

et al., 2009). Prosociality bias has been reported in some 

contexts (Zaki & Mitchell, 2013), and motor synchrony, or 

simply shared attention, can enhance prosociality and action 

coordination (Valdesolo & DeSteno, 2011; Wolf et al., 2016). 

Further, vicarious prediction learning engages similar brain 

areas and computations as first-hand learning (Burke et al., 

2010; Cooper et al., 2012; Ruff & Fehr, 2014). This suggests 

that we might automatically incorporate observed rewards 

into our representations of reward contingencies. Prosociality 

might also drive emulation if dyadic participants temper or 

increase maximization with a bias to maintain parity (i.e., 

reward equity) with their partner (e.g., Ruffle, 1998; Ulber et 

al., 2017). Alternatively, strategy emulation might be driven 

by participants conditionalizing their partner's rewarded 

actions versus their own rewarded actions, consistent with a 

copy-if-better strategic heuristic (Laland, 2004).  

Future studies could modify the SMAB paradigm to 

specify the nature of emulation. For example, participants 

could be paired with confederates who adhere to either 

maximizing or to a less optimal (e.g., matching) strategy. If 

emulation is independent of the partner's strategy, it may 

reflect a robust cross-situational tendency; if emulation varies 

by strategy efficacy, it would suggest a conditional tendency, 

consistent with a "emulate-if-better" heuristic (Laland, 2004). 

SMAB could also be used to examine socially-informed  

predictive learning in specific populations, such as 

individuals with neuroatypicalities (e.g., Harlé et al., 2017) or 

children of different ages. For example, we could examine 

whether children's tendency to over-imitate in some contexts 

leads to prolonged imitation of a misleading social partner 

(Lyons et al., 2007). More generally, it would be useful to 

study the conditions that facilitate or discourage either 

specific action imitation, policy emulation, or both.  

A strength of the current method is that the Control 

condition allowed us to more precisely specify the social 

influence on probabilistic learning. By using a confederate, 

we limited the difference between conditions to seeing a 

partner's game-relevant choices and outcomes. 

In conclusion, we compared individual and dyadic versions 

of a probabilistic learning task in which imitation of a 

partner's rewarded actions was maladaptive. This social 

information temporarily increased maladaptive choices. 

Although this effect attenuated over time, within-dyad 

correlations in decision patterns, suggesting emulation, 

persisted. These results suggest that social influence on 

predictive learning is reflected in a flexible tendency to 

imitate as well as a tendency to emulate choice patterns. 

Figure 3: Trends and correlations in dyadic condition games. (A, B) Maximization changes across trials in Games 1 and 2 

for each dyad, with solid/dotted lines for each participant. (C, D) Correlation of within-dyad maximization rates in Games 1 

and 2, with r values as Pearson coefficients. Lines show linear regression; error clouds represent SEmean. 
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