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Abstract29

How are motor activities linked to their perceptual outcomes? We here test the idea that30

the storage and retrieval of action-effect relations is subject to constraints of associative31

memory. Specifically, we argue that mutual interference between such representations32

should favor the storage and retrieval of unique (one-to-one) action-effect relations as33

compared to overlapping (one-to-many) action-effect relations (uniqueness effect).34

Moreover, we assume that increasing the number of repetitions of action-effect episodes35

facilitates learning and modulates this uniqueness effect. In three experiments, participants36

first produced certain visual effects through motor activities and were later asked to37

retrieve the activity that had produced a certain probed visual effect before. For the most38

part, retrieval performance increased with an increasing number of action-effect repetitions.39

Retrieval performance was higher for unique as compared to overlapping action-effect40

relations if the number of repetitions varied between different action-effect episodes41

(Experiment 3) but not if it was kept constant (Experiment 1). This uniqueness effect in42

Experiment 3 was not substantially modulated by the number of action-effect repetitions.43

Overall, results suggest that the storage and retrieval of action-effect relations are subject44

to certain associative memory constraints. We discuss these findings against the backdrop45

of associative and episodic retrieval accounts.46

Public Significance Statement47

To interact with our environment in a goal-directed manner, we need to remember48

the relation between our actions and the environmental changes they produce (effects).49

Here we find that the extent to which we can remember these relations (or the degree to50

which we integrate actions and effects in memory) depends on how often an action51

produced a certain effect and how many effects an action can produce. For the most part,52

experiencing an action producing an effect more often facilitates remembering of the53

respective action-effect relation. Experiencing that an action can produce several effects54
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impedes memory compared to cases where an action reliably produces only a single effect if55

different action-effect episodes are experienced with different frequencies. These findings56

shed light on the memory processes underlying the representation of action-effect relations.57

Keywords: action-effect learning; action control; associative learning; repetition;58

action-effect mapping59

Word count: 10,23360
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Associative Memory Constraints on the Storage and Retrieval of Action-Effect61

Relations62

Introduction63

Goal-directed interactions with our environment require that we link motor activity64

(actions) to subsequent perceptual environmental changes (effects). For example, when65

learning to play the piano we need to link tones to key presses. When learning how to use66

a machine interface, we may have to learn relations between clicking on or pressing specific67

buttons and windows that open or close subsequently on a screen. That the formation of68

such links between actions and subsequent effects is possible has been repeatedly69

demonstrated (see Moeller & Pfister, 2022, for a review).70

While a large body of research has focused on rather short-term, transient, bindings71

between actions and effects (e.g., Dutzi & Hommel, 2009; Mocke et al., 2025; Moeller et al.,72

2016; Moeller & Frings, 2022), action-effect relations have to be stored in a sustainable73

manner to truly enable goal-directed behavior (cf. Altmann & Trafton, 2002; Schreiner et74

al., 2025). However, the extent of the sustainable storage of action-effect relations has been75

suggested to be quite limited (Watson et al., 2015). In any case, sustainable storage of76

action-effect relations requires their representation in long-term memory (Frings, Foerster,77

et al., 2024; Herwig & Waszak, 2012; Schreiner & Kunde, 2025). This is an important78

auxiliary assumption, as prominent theories of action-effect binding do not readily extend79

to long-term memory phenomena (Frings et al., 2020; Frings, Beste, et al., 2024; Hommel80

et al., 2001; Hommel, 2004).81

It is yet unclear to what extent the storage and retrieval of action-effect relations,82

which support sensorimotor activities, are subject to (associative) memory constraints83

suggested by the broader memory literature. Assuming a common coding principle of84

perception and action (Hommel et al., 2001; Prinz, 1990), memory representations85

involving action features should indeed be subject to general memory constraints, similarly86

to representations involving only perceptual features. On the other hand, the applicability87
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of associative memory principles has been questioned in related work on stimulus-response88

learning and evaluative conditioning (e.g., Giesen et al., 2020; Richter & Giesen, 2026;89

Rudolph & Rothermund, 2025; Schmidt et al., 2020) and research has shown that the90

extent to which features are linked differs regarding whether they relate to stimuli and91

responses (stimulus-response binding) (Rudolph & Rothermund, 2025) or responses and92

responses (response-response binding) (Rothermund et al., 2026).93

We here test the applicability of one memory constraint suggested by the broader94

memory literature, namely the number of effects that are associated with an action. An95

action may sometimes reliably produce only a single effect (one-to-one mapping). For96

example, pressing the left button on a PC mouse prompts a cursor blinking at the clicked97

at position on a computer screen or a guitar chord produces a certain tone. However,98

usually an action can produce several effects [one-to-many mapping]. For example, pressing99

the left mouse button may sometimes produce a warning tone (e.g. when another program100

is operating in the background) or the same grip on a guitar may produce a different sound101

when the tuning has changed. Such one-to-many mappings may result in overlapping102

representations, in which several effects are linked with the same action. From an103

associative learning (e.g., Pearce & Hall, 1980; Rescorla & Wagner, 1972) and memory104

(e.g., J. R. Anderson, 1974; Raaijmakers & Shiffrin, 1980, 1981) perspective, one-to-many105

action–effect mappings should induce competition or interference among associations,106

thereby decreasing the likelihood of retrieving the correct action given cuing with the107

effect, compared to one-to-one mappings. This is because activation from the effect spreads108

to the associated action but, given a one-to-many mapping, also further to other related109

effects, creating associative interference and reducing the net activation of a specific110

action-effect association (i.e., the fan effect, J. R. Anderson, 1974; J. R. Anderson & Reder,111

1999; Radvansky & Zacks, 1991; see also Metzker & Dreisbach, 2009, for an observation of112

the fan effect given different stimulus-response mappings). Furthermore, retrieving a113

specific action-effect association may inhibit competing, overlapping associations,114
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consistent with retrieval-induced forgetting effects (M. C. Anderson et al., 1994). Similar115

predictions can be derived from goal systems theory (Kruglanski et al., 2002, 2015). Goal116

systems theory suggests that when a mean points to multiple goals (multifinality), each117

individual means-goal association can weaken, as the means compete for associative118

strength across several goals (resulting in a fan-like effect), leading to a reduced selection119

probability of a given means for that goal (see also Zhang et al., 2007). A one-to-many120

action-effect mapping essentially represents such multifinality, whereas a one-to-one121

mapping represents unifinality.122

An alternative conceptualization involves the storage of each experience of an123

action-effect episode as an event representation in episodic memory. Previous evidence124

suggesting that action-effect relations, at least in earlier learning stages, are primarily125

represented in explicit (declarative) memory (Schreiner & Kunde, 2026), possibly episodic126

memory (Tulving, 1972, 1983). Indeed, episodic memory involves the binding of different127

event elements (Eichenbaum, 1999; Horner & Burgess, 2013; Schreiner et al., 2023), which128

may readily extend to linking action and effect features experienced in an action-effect129

episode. Given a one-to-many mapping, resulting event representations share overlapping130

features. Consequently, presenting an effect cue primarily activates its corresponding event131

representation but also partially activates other overlapping representations. This132

co-activation may reduce the diagnosticity of the retrieval cue and dilute the signal133

resulting from the activation of corresponding event representations (cf. Shiffrin &134

Steyvers, 1997). However, episodic memory mechanisms may limit such an effect, at least135

to a certain extent. Specifically, overlapping representations may be subject to pattern136

separation, a process through which overlapping representations are made more distinct137

(Bakker et al., 2008; Rolls, 2016), which may consequently reduce interference between138

overlapping representations (Zotow et al., 2020). Note that explanations based on the139

concept of associative strength and those based on episodic memory representations are not140

necessarily mutually exclusive. On the one hand, associative strength may be considered to141
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reflect the strength of a link between an action and an effect in a network-like cognitive142

structure that may be strengthened, for example, by repeatedly experiencing a given143

action-effect episode, with this strength being limited by other links involving the same144

action or effect. On the other hand, associative strength may be considered to reflect the145

strength of the signal resulting from the activation of event representations in episodic146

memory. In this case, repeatedly experiencing an action-effect relation leads to several147

representations that are stored and can be activated, thus increasing the overall strength of148

the signal, but the signal may be diluted due to the activation of partially overlapping149

representations inducing noise. The two outlined accounts make similar predictions and the150

present experiments were not specifically designed to differentiate them. However, hints151

towards reductions in interference for overlapping representations can more easily be152

explained by an episodic memory account given pattern separation processes as a possible153

mechanism for such a reduction.154

There is initial evidence that the type of action-effect mapping affects the155

acquisition of action-effect relations. Watson et al. (2015) found better learning of156

action-effect relations if two actions were uniquely associated with two effects (one-to-one157

mapping) than if two actions were associated with two effects each (one-to-many mapping).158

They further suggested that the number of possible action-effect relations that can be159

acquired is severely limited. However, other research suggests that this number can be160

quite substantive, especially given intentional learning, even if actions and effects are161

associated in a one-to-many mapping (Schreiner & Kunde, 2026). Nevertheless, given the162

preliminary results by Watson et al. (2015) and considerations based on associative163

memory theories, we expect the retrieval of an action when cued with an effect to be more164

likely if actions and effects are related in a one-to-one mapping than in a one-to-many165

mapping (Hypothesis 1). While in Watson et al. (2015) participants experienced each166

action-effect episode 40 times, we use lower numbers of repetitions and also investigate167

influences of the number of repetitions on the learning of action-effect relations.168
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Short-term action-effect bindings can emerge even after a single encounter of an169

action-effect (e.g., Dutzi & Hommel, 2009; Mocke et al., 2025; Moeller et al., 2016; Moeller170

& Frings, 2022). It has been suggested that, at least if the action is conducted in response171

to a stimulus (i.e., stimulus-response binding), such bindings are a precursor for the172

formation of more sustainable associations in long-term memory and that repeated173

cooccurrence of stimulus and action increases the likelihood of their association being174

stored in long-term memory (Frings, Foerster, et al., 2024) or the probability of retrieval of175

a corresponding stimulus-action episode (Rudolph & Rothermund, 2025). This reasoning176

may well be extended to the learning of action-effect relations. While learning has been177

observed given a high number of approximately 100 repetitions of action-effect episodes178

(Elsner & Hommel, 2001; Herwig et al., 2007; Herwig & Waszak, 2009; Hommel et al.,179

2003), Wolfensteller and Ruge (2011) found successful learning after 12 repetitions.180

Schreiner and Kunde (2025) even found evidence for the learning of action-effect relations181

after single encounters of an action-effect episode, although in this case learning is quite182

limited, but more reliable learning is observed with as little as three repetitions (Schreiner183

& Kunde, 2026). These findings suggest a beneficial effect of repeatedly encountering an184

action-effect episode. Here we systematically vary the number of repetitions of action-effect185

episodes (cf. Wolfensteller & Ruge, 2011), expecting the likelihood to retrieve an action186

when cued with an effect to increase with the frequency of encountering an action-effect187

episode during learning (Hypothesis 2).188

Crucially, we also investigate how the type of mapping and the frequency of189

action-effect episodes interact. Here, different scenarios are conceivable. First, a lower190

frequency may limit the number of successfully learned action-effect relations, limiting191

interference. This would suggest the difference in retrieval probability between one-to-one192

and one-to-many mappings to increase with an increasing number of repetitions of193

action-effect episodes. Second, a higher frequency may strengthen representations of194

action-effect relations, making them less susceptible to interference. This would suggest the195
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difference in retrieval probability between one-to-one and one-to-many mappings to196

decrease with an increasing number of repetitions of action-effect episodes. We therefore197

formulate an undirected hypothesis, expecting the difference in the likelihood of retrieving198

an action when cued with an effect between a one-to-one and a one-to-many mapping of199

actions and effects to differ given varying frequencies of encountering an action-effect200

episode (Hypothesis 3).201

We investigated these questions in three experiments. In Experiment 1, we202

contrasted a one-to-one with a one-to-many mapping while keeping the frequency of203

action-effect episodes constant at three to directly probe an effect of mapping type. In204

Experiment 2, we only used a one-to-many mapping while varying the frequency of205

action-effect episodes between one, three, and five to directly probe repetition effects.206

Finally, in Experiment 3, we crossed these two factors and varied both the type of mapping207

(one-to-one or one-to-many) and the frequency of action-effect episodes (3 or 10).208

Transparency and Openness209

For all experiments, we report how we determined our sample size, all data210

exclusions, all manipulations, and all measures in the studies, and we follow Journal Article211

reporting Standards (Appelbaum et al., 2018). All raw data, analysis scripts, and study212

materials are openly available at the Open Science Framework (OSF,213

https://doi.org/10.17605/OSF.IO/QYXK3). The hypotheses, designs, and analysis plans214

for all experiments were preregistered (Experiment 1:215

https://doi.org/10.17605/OSF.IO/ZW9B8, Experiment 2:216

https://doi.org/10.17605/OSF.IO/T45DX, Experiment 3:217

https://doi.org/10.17605/OSF.IO/4W3MK). According to the ethical guidelines of the218

German Society for Psychology and regulations of the local ethics committee, ethics219

approval is not required for research that provides signed informed consent from study220

participants, collects data anonymously, and has no foreseeable negative impact on221

participants. Since these criteria were met, no explicit ethical approval was required. All222

https://doi.org/10.17605/OSF.IO/QYXK3
https://doi.org/10.17605/OSF.IO/ZW9B8
https://doi.org/10.17605/OSF.IO/T45DX
https://doi.org/10.17605/OSF.IO/4W3MK
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data were collected online via Prolific in 2025. Prolific implements several measures to223

prevent bots and agentic AI from entering their participant pool and also implements224

deterrents for participants to use AI assistance when conducting studies. In addition, We225

used the following software in the conduct of this project: lab.js (Henninger et al., 2022),226

JATOS (Lange et al., 2015), multiTree v0.47 (Moshagen, 2010), R 4.4.2 (R Core Team,227

2024), the tidyverse 2.0.0 R package collection (Wickham et al., 2019), and the R packages228

MPTinR 1.14.1 (Singmann & Kellen, 2013a), papaja 0.1.1 (Aust & Barth, 2024), tinylabels229

0.2.5 (Barth, 2025), ggdist 3.3.2 (Kay, 2024), gghalves 0.1.4 (Tiedemann, 2022), here 1.0.1230

(Müller, 2020), jsonlite 1.8.9 (Ooms, 2014), and mousetrap 3.2.3 (Wulff et al., 2023), and231

SimDesign 2.18 (Chalmers & Adkins, 2020).232

Experiment 1233

In Experiment 1, participants first produced effects through actions in a learning234

phase, whereby actions and effects were related in either a one-to-many mapping (2 actions235

and 20 effects) or a one-to-one-mapping (20 actions and 20 effects), while each action-effect236

episode was experienced three times. In a later test phase, participants were re-presented237

the effects (and some novel lures) and asked to reproduce the corresponding action. This238

experiment allowed to probe Hypothesis 1, that is, whether the retrieval of an action when239

cued with an effect is more likely if actions and effects are related in a one-to-one mapping240

than in a one-to-many mapping. The experiment’s design, hypothesis, and analysis plan241

were preregistered (https://doi.org/10.17605/OSF.IO/ZW9B8).242

Methods243

Participants244

Participants were recruited via the Prolific panel (https://www.prolific.com) and245

received a compensation of £1.95 for the approximately 13-minute experiment.246

Participants were prescreened to speak English fluently and to have normal or247

corrected-to-normal vision and no color vision deficiency. We conducted a simulation-based248

power analysis in multiTree v0.47 (Moshagen, 2010) to determine the required sample size249

https://doi.org/10.17605/OSF.IO/ZW9B8
https://www.prolific.com
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to detect a difference in the retrieval parameters of the one-to-many and the one-to-one250

mapping condition of .07 in a multinomial processing tree analysis (Batchelder & Riefer,251

1999; Erdfelder et al., 2009; Riefer & Batchelder, 1988) with 80% power given a252

significance level of 5%, with parameter values being based on those obtained in previous253

studies (Schreiner & Kunde, 2025, 2026). This analysis suggested a sample size of 100254

participants per condition. To account for possible data exclusions, we oversampled by255

20%, thus aiming for a sample size of 120 participants per condition, resulting in a total of256

240 participants. We excluded participants who reported experiencing technical problems257

(5), who reported taking notes, feeling sick, or having a concentration-related disorder (3),258

who exhibited an error rate over 20% in the learning phase (1), and who exhibited biased259

response behavior (responding with the same button in more than 95% of trials) in the test260

phase (2).1 This may also help to filter out AI responses with little variation. After data261

exclusions, the final sample size was N = 229 participants (113 participants in the262

one-to-many mapping condition and 116 in the one-to-one mapping condition).263

Participants were on average 31.73 years old (SD = 10.22, range = 18-66), 106 participants264

were women, 121 were men, and 2 were non-binary, 190 participants were right-handed, 27265

were left-handed, and 12 were ambidextrous.266

Design267

The experiment employed a two-factorial (mapping condition: one-to-many268

vs. one-to-one × object type: old vs. lure) mixed design, with mapping condition being269

1 We also reran the analyses using a stricter exclusion criterion of responding with the same button in

more than 90% of trials in the test phase. This led to one additional exclusion in Experiment 1, ten

additional exclusions in Experiment 2, and no additional exclusions in Experiment 3. The results remained

largely unchanged, except that the difference in retrieval probabilities between repetition condition 3 and 5

in Experiment 2 reached significance (p = .046).
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manipulated between-participants2 and object type being manipulated within-participants.270

In the one-to-many mapping condition, there were 2 action options, each producing 10271

different effects. In the one-to-one mapping condition, there were 20 action options, each272

exclusively producing a single effect. Participants were randomly assigned to the273

experimental conditions.274

Materials275

Stimuli were 30 object images taken from the bank of standardized stimuli (BOSS,276

Brodeur et al., 2010, 2014). They belonged to the categories building material, clothing,277

decoration & gift accessory, electronic device & accessory, furniture, gamestoy &278

entertainment, hand labour tool & accessory, household article & cleaner, kitchen &279

utensil, musical instrument, skincare & bathroom item, and stationary & school supply.280

They were further selected to have mean visual complexity ratings smaller than 2, mean281

familiarity and object agreement ratings greater than 4, and mean viewpoint agreement282

ratings greater than 3 (rated on a Likert scale ranging from 1 to 5). Twenty randomly283

selected objects were used as effects that participants could produce through their actions284

(old objects). The remaining 10 objects served as novel lures.285

2 While mapping condition could also have been manipulated within-participants, for example by having

half of the possible actions producing several effects and the other half producing only one effect, this

would result in imbalanced action selection frequencies during learning, which may induce confounds such

as response biases. To avoid this, we opted for a between-participants manipulation in which each action

was performed equally often during learning. A downside of this decision is that this results in a higher

number of actions in the one-to-one than in the one-to-many mapping condition and thus more information

that possibly needs to be represented. However, if this has an effect at all, it should work against

Hypothesis 1, where we expect better performance in the one-to-one mapping condition. Our design may

therefore be considered conservative. In addition, note that the number of action-effect relations is the

same for both mapping conditions.
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Procedure286

The experiment consisted of a learning and a test phase (cf. Elsner & Hommel,287

2001). The experimental procedure is shown in Figure 1. In the learning phase,288

participants were told that they would have to operate a machine to produce different289

objects. The “machine” consisted of a white screen (dimension: 350 × 200 px relative to290

the viewport), displayed on a black background, a black initialization button just below the291

screen (dimension: 40 × 40 px), surrounded by a white machine appendix (dimension: 100292

× 60 px), and either 2 (many-to-one mapping condition) or 20 (one-to-one mapping293

condition) light grey buttons (#dddddd) below the machine (each with a dimension of 40294

× 40 px). In the one-to-one mapping condition, buttons were arranged in a 5 × 4 grid295

below the machine. In the one-to-many mapping condition, the two buttons were placed296

horizontally in the center of the space spanned by the grid in the one-to-one mapping297

condition. In each trial, participants first saw this basic setup (see Figure 1) for 500 ms.298

Then, the initialization button turned blue (#0070d9). Participants were told that they299

had to click on the initialization button with the left mouse button to press it and to thus300

initialize the production mode of the machine. This served to calibrate the mouse cursor to301

an approximately equal starting position. Then, a loading symbol appeared on the machine302

screen for 700 ms. Next, one of the machine buttons turned red (#d6341a), indicating303

which button the participant had to press to produce an object. As participants started304

from a common start position, each button press thus encompassed a mouse movement305

with a unique distance, angle, and endpoint from the initialization button, and a mouse306

click. The learning phase was therefore a forced-choice task, in which participants had to307

produce objects through cued actions. Results by Pfister et al. (2011) suggest that free- or308

forced-choice actions do not affect the acquisition of action-effect relations, and there is309

previous evidence for the acquisition of action-effect relation using either a free-choice310

(Schreiner & Kunde, 2025) or forced-choice (Schreiner & Kunde, 2026) task in the learning311

phase. Once participants clicked on the correct button (i.e., performed the correct action),312
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thus pressing it, an object image (the effect, dimension: 160 × 160 px) appeared on the313

machine screen for 2 s. If participants clicked a wrong button, they received error feedback314

for 1 s and the trial was repeated. Participants were not informed that they would later be315

tested or explicitly instructed to remember action-effect relations. Learning was thus likely316

mostly incidental. The learning phase encompassed 20 unique action-effect episodes.317

Twenty objects were randomly drawn from the pool of available stimuli. The remaining 10318

objects served as novel lures in the later test phase. Each action-effect episode was319

repeated three times, resulting in 60 learning trials. Trial order was randomized, with the320

constraint that the same action-effect episode could not be immediately repeated. In the321

one-to-many mapping condition, 10 objects were assigned to the left button and 10 were322

assigned to the right button at random. In the one-to-one mapping condition, each of the323

twenty buttons was assigned one object at random.324

After completion of the learning phase, the test phase commenced. In the test325

phase, participants were instructed that the first part of the study (the learning phase) was326

actually an instructional part for them to learn how to operate the machine and that they327

were now required to produce the objects shown to them. Participants were presented328

object images on the machine screen and had to produce the shown object by pressing the329

correct machine button. They thus had to remember the action they used to produce the330

shown object in the learning phase. In each trial, first, the basic setup (corresponding to331

either the one-to-many or the one-to-one mapping condition) was shown for 500 ms. Next,332

the initialization button turned blue and participants had to press it by clicking on it to333

initialize production mode (which again served to calibrate the mouse cursor to an334

approximately equal starting position). Then, a loading symbol appeared on the machine335

screen for 700 ms. Next, an object image was presented on the machine screen and336

participants had to perform the corresponding action, that is, press the button through337

which they previously produced the shown object by clicking on it. Participants were338

presented all 20 object images from the learning phase (old objects), intermixed with 10339
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Figure 1
Experimental Procedure With an Example Learning and Test Trial

Machine
screen

Initialization
button

Machine
buttons

Learning phase

One-to-one mapping condition (Exp. 1 & 3)

One-to-many mapping condition (Exp. 1-3)

Basic setup Initialization/calibration Loading screen Action cue Effect screen

× repetition condition
(Exp. 1: 3, Exp. 2: 1 vs. 3 vs. 5, Exp. 3: 3 vs. 10)

500 ms until click on
initialization button 700 ms

until click on correct machine button
(otherwise error feedback and restart

from basic setup)
2 s

Test phase (exemplary for one-to-one mapping condition)
Basic setup Initialization/calibration Loading screen Test screen 

(correct response)
Test screen 

(incorrect response)

500 ms until click on
initialization button 700 ms until click on

machine button
until click on

machine button

Notes. In the learning phase, participants were first shown the basic setup, consisting of
a "machine" screen, an initialization button, and either 20 (one-to-one mapping condition)
or 2 (one-to-many mapping condition) machine buttons. Participants had to click on the
initialization button once it turned blue. Subsequently, a loading screen appeared. Next,
one of the machine buttons turned red, indicating the button the participant had to click
on (action cue). Once the participant clicked on the correct button, an object image (the
effect) was shown on the machine screen. The frequency of each action-effect episode was
determined by its repetition condition. In the test phase, participants were again first shown
the basic setup, had to click on the initialization button once it turned blue, and were shown
the loading screen. Then they were shown an object image on the machine screen and had to
click on the machine button through which they produced the shown object in the learning
phase (for old objects) or select a buttom at random (for lure objects [not shown]). Exp. =
Experiment. The displayed object image was taken from the bank of standardized stimuli
(Brodeur et al., 2010).
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novel lure object images, resulting in 30 test trials. Lure objects were used to be able to340

better estimate guessing parameters (see Data analysis section). For lure objects,341

participants were instructed to click a button at random. The trial order was randomized.342

After the test phase, participants received feedback regarding their performance (the343

percentage of correct responses, not considering responses to lures). They were informed344

beforehand that they would receive feedback on their performance and were instructed to345

respond as accurately as possible.346

At the end of the experiment, we collected some additional data regarding347

participants’ awareness regarding the later memory test, as well as their age, gender, and348

handedness. Participants could further indicate whether there were reasons why their data349

should be excluded from the analyses and give general comments regarding the experiment.350

The experiment was implemented using lab.js (Henninger et al., 2022) and data collection351

was managed by JATOS (Lange et al., 2015).352

Data analysis353

We analyzed data using a multinomial processing tree (MPT) model (Batchelder &354

Riefer, 1999; Erdfelder et al., 2009; Riefer & Batchelder, 1988). This model family allows to355

estimate cognitive processes from response frequencies of participants. Importantly, in the356

current case, this allows to control for different guessing probabilities in the two mapping357

conditions. As there were only 2 response options at test in the one-to-many mapping358

condition, the probability to correctly guess the action corresponding to a shown effect is359

much higher than in the one-to-one mapping condition, where there were 20 response360

options. This precluded a comparison based on simple averages of action repetition rates.361

For each condition, there were four possible response categories. For old objects,362

participants could select either the correct (action repetition) or incorrect action (action363

alternation). For lure objects, we categorized responses as either option A (the left button364

in the one-to-many mapping condition or the top left button in the one-to-one mapping365

condition) or another option (the right button in the one-to-many mapping condition or366
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one of the 19 remaining buttons in the one-to-one mapping condition). In total, there were367

thus eight response categories. Response frequencies per category were aggregated across368

trials and participants and were then subjected to an MPT model analysis.369

The model is displayed in Figure 2 and consisted of four trees – one for each370

combination of mapping condition and object type (old or lure). It comprised six371

parameters, reflecting the assumed cognitive processes leading to a participant’s response372

falling into a certain response category. Given that an old object was shown, parameter373

r3,otm reflects the probability of retrieving the action associated with a displayed effect374

image in the one-to-many mapping condition (the 3 in the subscript refers to the number375

of repetitions of each action-effect episode). If retrieval is unsuccessful with probability376

1 − r3,otm, the correct action can be guessed with probability go,otm or an incorrect action377

can be guessed with probability 1 − go,otm. If a lure object is shown, the participant selects378

option A with probability gl,otm or another option with probability 1 − gl,otm. Parameters379

r3,oto, go,oto, and gl,oto reflect the corresponding probabilities in the one-to-one mapping380

condition.381

To make the model identifiable, we had to impose theoretically derived restrictions382

on the model parameters. First, we fixed parameters go,otm and gl,otm to .5, thus assuming383

unbiased guessing in the one-to-many mapping condition for both old and lure objects.384

Fixing the guessing probabilities within one mapping condition was necessary to make the385

model identifiable but this constraint allowed us to freely estimate the guessing probability386

in the one-to-one mapping condition. Second, we applied an equality constraint on387

parameters go,oto and gl,oto, thus estimating an overall guessing parameter goto and assuming388

that the probability to guess the correct action in the one-to-one mapping condition for old389

objects matches the probability to select option A for lure objects.390

To test Hypothesis 1, we fit a baseline model with the aforementioned parameter391

restrictions and compared it with a nested model with an additional equality constraint on392

the retrieval parameters r3,otm and r3,oto. The nested model thus assumes an equal393
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Figure 2
Diagram of the Multinomial Processing Tree Model as Used in Experiment 1. In Experiments
2 and 3, the Model Included Additional Trees Corresponding to the Additional Experimental
Conditions.

One-to-many mapping, 
old object

r3,otm action repetition

1 - r3,otm

go,otm action repetition

1 - go,otm action alternation

One-to-many mapping, 
lure object

gl,otm A

1 - gl,otm ¬A

One-to-one mapping, 
old object

r3,oto action repetition

1 - r3,oto

go,oto action repetition

1 - go,oto action alternation

One-to-one mapping, 
lure object

gl,oto A

1 - gl,oto ¬A

Notes. Model parameters: r3,otm = probability to retrieve the action associated with the
effect in the one-to-many mapping condition, r3,oto = probability to retrieve the action as-
sociated with the effect in the one-to-one mapping condition, go,otm = probability to guess
the correct action for old objects in the one-to-many mapping condition, gl,otm = probability
to select response option A for lure objects in the one-to-many mapping condition, go,oto =
probability to guess the correct action for old objects in the one-to-one mapping condition,
gl,oto = probability to select response option A for lure objects in the one-to-one mapping
condition.
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probability of action retrieval in the two mapping conditions, whereas this probability can394

vary between conditions in the baseline model. We then tested whether this additional395

model restriction lead to significantly worse model fit by evaluating the difference in the396

goodness-of-fit statistics (∆G2) of the two models, which under the null hypothesis follows397

a χ2 distribution with 1 degree of freedom, via a conditional likelihood-ratio test. We398

further tested whether there was general evidence for action retrieval in the two conditions399

by comparing the baseline model with a nested model with either parameter r3,otm or400

parameter r3,oto fixed to zero in the same manner. The MPT model analyses were401

conducted using the R package MPTinR 1.14.1 (Singmann & Kellen, 2013b), using a402

significance level of 5%.3403

Results404

Participants correctly reproduced the action through which they previously405

produced the effect image with an average proportion of .61 (SD = .15) in the one-to-many406

mapping condition and with an average proportion of .28 (SD = .29) in the one-to-one407

mapping condition. Figure 3 shows a raincloud plot (Allen et al., 2021) of the individual408

3 Note that, given the aggregation of response frequencies across participants, this assumes no person

heterogeneity in responses (Matzke et al., 2015). While Bayesian hierarchical MPT models allow to analyze

data based on individual response frequencies, thus allowing to account for person heterogeneity (e.g.,

Klauer, 2006), they require models to be identified within each between-participant condition. For the

restrictions we employed, this would have resulted in a saturated model for which model fit can not be

assessed. We therefore decided for an aggregated MPT model analysis. Note that the model we used is

structurally aggregation invariant. We further conducted a recovery simulation in which we sampled

individual response frequencies from the baseline model, aggregated them, and fit the model to the

aggregated simulated data. This simulation showed that parameters are recovered with high precision and

reliability when data is aggregated, suggesting empirical aggregation invariance of the model. This was the

case for all experiments and also when explicitly introducing between-person heterogeneity in parameters

(though uncertainty may sometimes be underestimated given heterogeneity). Therefore, parameter

estimates are robust to aggregation (Erdfelder et al., 2024). Recovery simulation results are available in the

associated OSF repository.



LEARNING ACTION-EFFECT RELATIONS 21

proportions of action repetitions. Aggregated response frequencies are shown in Table A1409

in Appendix A. The parameter estimates of the baseline MPT model are shown in Figure410

4, with specific values being reported in Table B1 in Appendix B. As can be seen in Table411

1, the baseline model yielded good model fit, indicated by a non-significant likelihood-ratio412

test. The guessing parameter estimate of goto = .07 was close to to the value .05 reflecting413

unbiased guessing, although the 95% CI did not include this value, suggesting a small414

guessing bias in the one-to-one mapping condition. The slightly higher estimate may415

possible represent a weak tendency to select the top left action option (i.e, option A) when416

guessing. Restricting either parameter r3,otm or r3,oto to zero significantly worsened model417

fit as indicated by conditional likelihood-ratio tests (see Table 1). This suggests successful418

learning of action-effect relations in both the one-to-many and the one-to-one mapping419

condition. However, applying an equality constraint on parameters r3,otm and r3,oto did not420

significantly worsen model fit as indicated by a conditional likelihood-ratio test (see Table421

1). This is inconsistent with Hypothesis 1 and suggests no difference in retrieval422

probabilities between the two different types of action-effect mappings.423
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Figure 3
Raincloud Plot Depicting the Proportion of Action Repetitions for Old Objects per Participant
by Mapping and Repetition Condition in all Experiments
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Notes. Dots within the boxplots depict the condition-specifc means across participants.
Dashed horizontal lines represent the chance level in the one-to-many mapping condition
(.50 given two response options at test). Dotted horizontal lines represent the chance level
in the one-to-one mapping condition (.05 given 20 response options at test).
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Figure 4
Parameter Estimates of the Baseline Model for all Experiments

Experiment 3
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Notes. Error bars represent 95% CIs. Colors code the number of repetitions (gray for guessing
parameters). Experiment 1 (always three repetitions): r3,otm = probability of action retrieval in the
one-to-many mapping condition, r3,oto = probability of action retrieval in the one-to-one mapping
condition, goto = probability to guess the correct action for old objects or select response option A
for lure objects in the one-to-one mapping condition. Experiment 2 (only one-to-many mapping):
r1,otm = probability of action retrieval in repetition condition 1, r3,otm = probability of action
retrieval in repetition condition 3, r5,otm = probability of action retrieval in repetition condition 5.
Experiment 3: r3,otm = probability of action retrieval in repetition condition 3 in the one-to-many
mapping condition, r10,otm = probability of action retrieval in repetition condition 10 in the one-
to-many mapping condition, r3,oto = probability of action retrieval in repetition condition 3 in the
one-to-one mapping condition, r10,oto = probability of action retrieval in repetition condition 10
in the one-to-one mapping condition, goto = probability to guess the correct action for old objects
(across repetition conditions) or select response option A for lure objects in the one-to-one mapping
condition.
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Table 1
Model Fit Indices (G2) for the Baseline Model and for the Nested Models with Additional
Parameter Restrictions and Differences in Model Fit Indices (∆G2) Between Nested Models
and the Baseline Model (Nested Model - Baseline Model) for all Experiments

Experiment 1

Additional Restriction G2 df p ∆G2 ∆df p

baseline 0.60 1 .44

r3,otm = 0 120.39 2 < .001 119.79 1 < .001

r3,oto = 0 237.53 2 < .001 236.93 1 < .001

r3,oto = r3,otm 0.64 2 .73 0.04 1 .84

Experiment 2

Additional Restriction G2 df p ∆G2 ∆df p

baseline 0.13 1 .71

r1,otm = 0 20.81 2 < .001 20.68 1 < .001

r3,otm = 0 102.09 2 < .001 101.96 1 < .001

r5,otm = 0 164.29 2 < .001 164.15 1 < .001

r1,otm = r3,otm 15.71 2 < .001 15.57 1 < .001

r1,otm = r5,otm 34.83 2 < .001 34.69 1 < .001

r3,otm = r5,otm 3.92 2 .14 3.79 1 .05

Experiment 3

Additional Restriction G2 df p ∆G2 ∆df p

baseline 0.26 1 .61

r3,otm = 0 19.10 2 < .001 18.83 1 < .001

r10,otm = 0 76.18 2 < .001 75.92 1 < .001

r3,oto = 0 421.39 2 < .001 421.12 1 < .001

r10,oto = 0 707.70 2 < .001 707.44 1 < .001

r3,otm = r3,oto & r10,otm = r10,oto 91.04 3 < .001 90.77 2 < .001

r3,otm = r3,oto 43.41 2 < .001 43.15 1 < .001

r10,otm = r10,oto 50.29 2 < .001 50.03 1 < .001

r3,otm = r10,otm & r3,oto = r10,oto 53.23 3 < .001 52.96 2 < .001

r3,otm = r10,otm 10.00 2 .007 9.73 1 .002

r3,oto = r10,oto 43.49 2 < .001 43.23 1 < .001

Notes. otm = one-to-many mapping condition, oto = one-to-one mapping condition, 1 =
one repetition, 3 = three repetitions, 5 = five repetitions, 10 = ten repetitions.

424
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Experiment 2425

In Experiment 2, actions and effects were always related in a one-to-many mapping426

(2 actions and 30 effects) and we varied the number with which each action-effect episode427

was repeated (one, three or five repetitions). This experiment allowed to probe Hypothesis428

2, that is, whether the likelihood of retrieving an action when cued with an effect increases429

with the frequency of encountering an action-effect episode during learning. The430

experiment’s design, hypothesis, and analysis plan were preregistered431

(https://doi.org/10.17605/OSF.IO/T45DX).432

Methods433

Participants434

A new group of participants was recruited via the Prolific panel435

(https://www.prolific.com) and received a compensation of £2.70 for the approximately436

18-minute experiment. They were again prescreened to speak English fluently and to have437

normal or corrected-to-normal vision and no color vision deficiency. We conducted a new438

simulation-based power analysis in multiTree v0.47 (Moshagen, 2010) to determine the439

required sample size to detect a difference in the retrieval parameters between the different440

repetition conditions of .08 in an MPT analysis with 80% power given a significance level of441

5%, with parameter values being based on those obtained in the one-to-many mapping442

condition of Experiment 1. This analysis suggested a sample size of 239 participants. To443

account for possible data exclusions, we oversampled by 10% and thus collected data from444

263 participants. The data of one participant were not transmitted due to a technical445

error. We excluded participants who reported experiencing technical problems (3), who446

indicated that they did not follow instructions (1), and who exhibited biased response447

behavior (responding with the same button in more than 95% of trials) in the test phase448

(15). This resulted in a final sample size of N = 243 participants. Participants were on449

average 31.82 years old (SD = 11.44, range = 18-74), 118 participants were women, 122450

were men, and 3 were non-binary, 204 participants were right-handed, 34 were left-handed,451

https://doi.org/10.17605/OSF.IO/T45DX
https://www.prolific.com
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and 5 were ambidextrous.452

Design453

The experiment employed a two-factorial (repetition condition: 1 vs. 3 vs. 5454

repetitions, and object type: old vs. lure) within-participants design. Note that the two455

factors were not crossed, as lure objects could not be repeated. Each action-effect episode456

was either experienced only once or was repeated three or five times, depending on the457

repetition condition. Other than that, the experiment corresponded to the one-to-many458

mapping condition of Experiment 1.459

Materials460

Stimuli were 40 object images taken from the BOSS (Brodeur et al., 2010, 2014).461

They encompassed the 30 object images used in Experiment 1 and 10 additional object462

images that were selected based on the same criteria as in Experiment 1. Thirty randomly463

selected objects were used as effects that participants could produce through their actions464

(old objects). The remaining 10 objects served as novel lures.465

Procedure466

The procedure (see Figure 1) was identical to the one of the one-to-many mapping467

condition of Experiment 1, with the following exceptions. The learning phase encompassed468

30 unique action-effect episodes. Thirty objects were randomly drawn from the pool of469

available stimuli (the remaining 10 objects again served as novel lures in the later test470

phase). Each action-effect episode occurred either once, three or five times, depending on471

the repetition condition, resulting in 90 learning trials. The assignment of the repetition472

condition was counterbalanced across the two possible actions (buttons). Fifteen objects473

were randomly assigned to the left button and fifteen were assigned to the right button at474

random. In the test phase, participants were presented all 30 object images from the475

learning phase (old objects), intermixed with 10 novel lure object images, resulting in 40476

test trials.477
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Data analysis478

We again analyzed response frequencies using an MPT model (Batchelder & Riefer,479

1999; Erdfelder et al., 2009; Riefer & Batchelder, 1988). The model was similar to the480

model trees corresponding to the one-to-many mapping condition in Experiment 1 (see481

Figure 2), but given that old objects could belong to the three different repetition482

conditions, there were three trees for old objects (one per repetition condition) and one tree483

for lure objects, resulting in a total of four trees. The model comprised six parameters: one484

retrieval and one guessing parameter for old objects within each of the tree repetition485

conditions and one additional guessing parameter for lure objects. Specifically, parameters486

r1,otm, r3,otm, and r5,otm reflect the probability of action retrieval in the three repetition487

conditions (i.e., given one, three or five repetitions of action-effect episodes), respectively.488

Parameters go,1, go,3, and go,5 reflect the probability to guess the correct action for old489

objects in the three repetition conditions, and parameter gl reflects the probability to select490

option A (i.e., the left button).491

To make the model identifiable, we again had to impose restrictions on the model492

parameters. We fixed all guessing parameters (go,1, go,3, go,5, and gl) to .5, thus assuming493

unbiased guessing for old objects (in all repetition conditions) and for lure objects. At the494

same time, this entails the assumption that the probability to guess the correct action for495

old objects matches the probability so select option A for lure objects.496

To test Hypothesis 2, we again first fit a baseline model with the aforementioned497

parameter restrictions and compared it with nested models with additional equality498

constraints on the retrieval parameters r1,otm, r3,otm, and r5,otm via conditional499

likelihood-ratio tests. To test for a difference in retrieval probabilities between repetition500

conditions 1 and 3, we applied an equality constraint on parameters r1,otm and r3,otm. To501

test for a difference in retrieval probabilities between repetition conditions 1 and 5, we502

applied an equality constraint on parameters r1,otm and r5,otm. To test for a difference in503

retrieval probabilities between repetition conditions 3 and 5, we applied an equality504
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constraint on parameters r3,otm and r5,otm. We further tested whether there was general505

evidence for action retrieval within each repetition condition by comparing the baseline506

model with a nested model with parameter r1,otm, r3,otm or r5,otm fixed to zero in the same507

manner. We again used a significance level of 5% for all tests.508

Results509

Participants correctly reproduced the action through which they previously510

produced the effect image with an average proportion of .55 (SD = .17) in repetition511

condition 1, with single encounters of action-effect episodes, with an average proportion of512

.60 (SD = .18) in repetition condition 3, with three repetitions of each action-effect513

episode, and with an average proportion of 0.63 (SD = 0.18) in repetition condition 5, with514

five repetitions of each action-effect episode. Figure 3 shows a raincloud plot (Allen et al.,515

2021) of the individual proportions of action repetitions. Aggregated response frequencies516

are shown in Table A1 in Appendix A. The parameter estimates of the baseline MPT517

model are shown in Figure 4, with specific values being reported in Table B1 in Appendix518

B. As can be seen in Table 1, the baseline model yielded good model fit, indicated by a519

non-significant likelihood-ratio test. Restricting any of the parameters r1,otm, r3,otm or r5,otm520

to zero significantly worsened model fit as indicated by conditional likelihood-ratio tests521

(see Table 1). This suggests successful learning of action-effect relations in all repetition522

conditions.523

Applying an equality constraint on parameters r1,otm and r3,otm significantly524

worsened model fit as indicated by a conditional likelihood-ratio test (see Table 1),525

suggesting a higher retrieval probability in repetition condition 3 than in repetition526

condition 1 (cf. Figure 4). Similarly, applying an equality constraint on parameters r1,otm527

and r5,otm also significantly worsened model fit, suggesting a higher retrieval probability in528

repetition condition 5 than in repetition condition 1. However, applying an equality529

constraint on parameters r3,otm and r5,otm did not significantly worsen model fit, suggesting530

no significant difference in retrieval probabilities between repetition condition 3 and 5531
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(although, descriptively, the retrieval probability was slightly higher in repetition condition532

5).533

Together, the results suggest an increase in retrieval probabilities with an increasing534

frequency of encountering an action-effect episode. The increase in retrieval probability was535

much larger though, when contrasting conditions in which action-effect episodes were only536

encountered once and in which they were encountered three times, and smaller and537

nonsignificant when contrasting conditions in which action-effect episodes were encountered538

three times and in which they were encountered five times. These results are largely539

consistent with Hypothesis 2, but suggest a nonlinear increase in retrieval probabilities540

with an increasing frequency of encountering an action-effect episode.541

Experiment 3542

In Experiment 3, we crossed the action-effect mapping with the number of543

repetitions of action-effect episodes. Actions and effects were related in either a544

one-to-many or a one-to-one mapping, as in Experiment 1. In addition, each action-effect545

episode could either be experienced 3 or 10 times. Given the rather small difference in546

retrieval probabilities between 3 and 5 repetitions in Experiment 2, we increased the547

number of repetitions in one repetition condition to facilitate the effect and to investigate548

an additional frequency. Experiment 3 allowed to again probe Hypothesis 1, that is,549

whether the retrieval of an action when cued with an effect is more likely if actions and550

effects are related in a one-to-one mapping than in a one-to-many mapping, and551

Hypothesis 2, that is, whether the likelihood of retrieving an action when cued with an552

effect increases with the frequency of encountering an action-effect episode during learning.553

In addition, it allowed to probe Hypothesis 3, that is, whether the difference in the554

likelihood of retrieving an action when cued with an effect between a one-to-one and a555

one-to-many mapping differs given varying frequencies of encountering an action-effect556

episode. The experiment’s design, hypothesis, and analysis plan were preregistered557

(https://doi.org/10.17605/OSF.IO/4W3MK).558

https://doi.org/10.17605/OSF.IO/4W3MK
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Methods559

Participants560

A new group of participants was recruited via the Prolific panel561

(https://www.prolific.com) and received a compensation of £2.55 for the approximately562

17-minute experiment. They were again prescreened to speak English fluently and to have563

normal or corrected-to-normal vision and no color vision deficiency. We conducted a564

simulation-based power analysis in multiTree v0.47 (Moshagen, 2010) to determine the565

required sample size to detect a difference in the retrieval parameters of the one-to-many566

and the one-to-one mapping condition of .07 in an MPT analysis with 80% power given a567

significance level of 5%, with parameter values being based on those obtained in568

Experiments 1 and 2. Testing for a main effect of mapping condition yielded the highest569

demand in sample size, specifically, 121 participants per mapping condition. To account for570

possible data exclusions, we oversampled by 10%, thus aiming for a sample size of 134571

participants per condition, resulting in a total of 268 participants, though 269 participants572

participated in the experiment before data collection was stopped. We excluded573

participants who reported experiencing technical problems (9), who reported having an574

attention-related disorder or experiencing interruptions (3), and who exhibited biased575

response behavior (responding with the same button in more than 95% of trials) in the test576

phase (2). This resulted in a final sample size of N = 255 participants (123 participants in577

the one-to-many mapping condition and 132 in the one-to-one mapping condition).578

Participants were on average 32.35 years old (SD = 11.65, range = 18-81), 118 participants579

were women, 135 were men, and 2 were non-binary, 236 participants were right-handed, 17580

were left-handed, and 2 were ambidextrous.581

Design582

The experiment employed a three-factorial (mapping condition: one-to-many583

vs. one-to-one × repetition condition: 3 vs. 10 repetitions, and object type: old vs. lure)584

mixed design, with mapping condition being manipulated between-participants and585

https://www.prolific.com
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repetition condition and object type being manipulated within-participants. Note that586

object type was crossed with mapping condition but not with repetition condition, as lure587

objects could not be repeated. In the one-to-many mapping condition, there were 2 action588

options, each producing 10 different effects. In the one-to-one mapping condition, there589

were 20 action options, each exclusively producing a single effect. Each action-effect590

episode was either repeated 3 or 10 times, depending on the repetition condition.591

Participants were randomly assigned to the mapping conditions.592

Materials593

Stimuli were 30 object images taken from the BOSS (Brodeur et al., 2010, 2014)594

and were identical to the ones used in Experiment 1.595

Procedure596

The procedure (see Figure 1) was identical to the one of Experiment 1, with the597

following exceptions. Instead of repeating each of the 20 unique action-effect episodes 3598

times in the learning phase, as in Experiment 1, each action-effect episode was repeated599

either 3 or 10 times, depending on the repetition condition, in both the one-to-many and600

the one-to-one mapping condition. Ten old objects were randomly assigned to repetition601

condition 3 and 10 were assigned to repetition condition 10. Therefore, the learning phase602

encompassed 130 trials. In the one-to-many mapping condition, within each repetition603

condition, five objects were assigned to the left button and five were assigned to the right604

button at random. In the one-to-one mapping condition, each of the 20 buttons was again605

assigned one object at random.606

Data analysis607

We again analyzed response frequencies using an MPT model (Batchelder & Riefer,608

1999; Erdfelder et al., 2009; Riefer & Batchelder, 1988). The model extends the one used in609

Experiment 1 (see Figure 2) by including an additional tree for repetition condition 10 for610

both the one-to-many and the one-to-one mapping condition. Therefore, the model611

consisted of six trees – one for old objects in each of the four experimental condition612
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resulting from crossing the mapping and repetition conditions, and one for lure objects in613

each of the two mapping conditions. The model comprised 10 parameters: one retrieval614

and one guessing parameter for each of the four experimental conditions and one additional615

guessing parameter for lure objects in each of the two mapping conditions. Specifically,616

parameters r3,otm and parameters r10,otm reflect the probability of action retrieval in the two617

repetition conditions of the one-to-many mapping condition (i.e., given 3 or 10 repetitions618

of action-effect episodes), parameters r3,oto and parameters r10,oto reflect the probability of619

action retrieval in the two repetition conditions of the one-to-one mapping condition,620

parameters go,3,otm and go,10,otm reflect the probability to guess the correct action for old621

objects in the two repetition conditions of the one-to-many mapping condition, parameters622

go,3,oto and go,10,oto reflect the probability to guess the correct action for old objects in the623

two repetition conditions of the one-to-one mapping condition, and parameters gl,otm gl,oto624

reflect the probability to select option A in the two mapping conditions, respectively.625

To make the model identifiable, we again had to impose restrictions on the model626

parameters. First, we fixed parameters go,3,otm, go,10,otm, and gl,otm to .5, thus assuming627

unbiased guessing in the one-to-many mapping condition for both old and lure objects.628

Second, we applied an equality constraint on parameters go,3,oto, go,10,oto, and gl,oto, thus629

estimating an overall guessing parameter goto and assuming that the probability to guess630

the correct action in the two repetition conditions of the one-to-one mapping condition for631

old objects matches the probability to select option A for lure objects in the one-to-one632

mapping condition.633

To test Hypothesis 1, we fit a baseline model with the aforementioned parameter634

restrictions and compared it with a nested model with additional equality constraints on635

the retrieval parameters r3,otm and r3,oto, and on the retrieval parameters r10,otm and r10,oto636

via a conditional likelihood-ratio test. The nested model assumes equal retrieval637

probabilities in the two repetition conditions within each mapping condition (while638

allowing them to vary between repetition conditions). This allows to test what is639
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essentially a main effect of mapping condition.640

Similarly, to test Hypothesis 2, we compared the baseline model with a nested641

model with additional equality constraints on parameters r3,otm and r10,otm, and on the642

retrieval parameters r3,oto and r10,oto. This nested model assumes equal retrieval643

probabilities in the two mapping conditions within each repetition condition (while644

allowing them to vary between mapping conditions). This allows to test what is essentially645

a main effect of repetition condition.646

To test Hypothesis 3 (i.e., an interaction between mapping and repetition647

condition), we employed the approach described in Kuhlmann et al. (2019) for testing648

interactions in MPT models.4 We therefore created and fit a reparameterized version of the649

baseline model by imposing parametric order constraints (see also Knapp & Batchelder,650

2004; Moshagen, 2010), specifically, r3,otm < r3,oto and r10,otm < r10,oto. In the resulting651

reparameterized model, parameters r3,otm and r10,otm are replaced by shrinkage parameters652

s3 and s10 representing the reduction in retrieval probability from the one-to-one to the653

one-to-many mapping condition within the two repetition conditions. The former654

parameter r3,otm is thus now represented as r3,oto × s3 and the former parameter r10,otm is655

now represented as r10,oto × s10. We then fit a nested model with an equality constraint on656

shrinkage parameters s3 and s10. This nested model assumes an equal reduction in retrieval657

probability in the one-to-many compared to the one-to-one mapping condition within both658

repetition conditions and therefore no interaction of the two factors. We then compared659

this nested model with the reparameterized baseline model via a conditional660

likelihood-ratio test.661

We further tested whether there was general evidence for action retrieval within662

each experimental condition by comparing the baseline model with a nested model with663

parameter r3,otm, r10,otm, r3,oto or r10,oto fixed to zero via conditional likelihood ratio tests.664

4 We thank a reviewer for suggesting this approach, which we consider more approriate than the

preregistered analysis strategy.
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We again used a significance level of 5% for all tests.665

Results666

In the one-to-many mapping condition, participants correctly reproduced the action667

through which they previously produced the effect image with an average proportion of .56668

(SD = .17) in repetition condition 3, with 3 repetitions of each action-effect episode, and669

with an average proportion of .62 (SD = .20) in repetition condition 10, with 10 repetitions670

of each action-effect episode. In the one-to-one mapping condition, participants correctly671

reproduced the action through which they previously produced the effect image with an672

average proportion of 0.37 (SD = 0.36) in repetition condition 3, and with an average673

proportion of 0.49 (SD = 0.37) in repetition condition 10. Figure 3 shows a raincloud plot674

(Allen et al., 2021) of the individual proportions of action repetitions. Aggregated response675

frequencies are shown in Table A1 in Appendix A. The parameter estimates of the baseline676

MPT model are shown in Figure 4, with specific values being reported in Table B1 in677

Appendix B. As can be seen in Table 1, the baseline model yielded good model fit,678

indicated by a non-significant likelihood-ratio test. The guessing parameter estimate of goto679

= .06 was close to to the value .05 reflecting unbiased guessing and this time the 95% CI680

also included this value, suggesting unbiased guessing in the one-to-one mapping condition.681

The slightly higher estimate may possibly represent a weak tendency to select the top left682

action option (i.e, option A) when guessing. Restricting any of the parameters r3,otm,683

r10,otm, r3,oto or r10,oto to zero significantly worsened model fit as indicated by conditional684

likelihood-ratio tests (see Table 1). This suggests successful learning of action-effect685

relations in all experimental conditions.686

Applying an equality constraint on parameters r3,otm and r3,oto, and on parameters687

r10,otm and r10,oto significantly worsened model fit as indicated by a conditional688

likelihood-ratio test (see Table 1). This indicates a main effect of mapping condition, with689

higher retrieval probabilities in the one-to-one than in the one-to-many mapping condition690

(see Figure 4), which is consistent with Hypothesis 1. We followed up on this finding by691
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testing whether this pattern held within each of the two repetition conditions. Indeed,692

applying an equality constraint on parameters r3,otm and r3,oto or on parameters r10,otm and693

r10,oto lead to significantly worse model fit in both cases (see Table 1), suggesting a higher694

retrieval probability in the one-to-one than in the one-to-many mapping condition in both695

repetition condition 3 and repetition condition 10.696

Applying an equality constraint on parameters r3,otm and r10,otm, and on parameters697

r3,oto and r10,oto also significantly worsened model fit as indicated by a conditional698

likelihood-ratio test (see Table 1). This indicates a main effect of repetition condition, with699

higher retrieval probabilities in repetition condition 10, with 10 repetitions of each700

action-effect episode, than in repetition condition 3, with 3 repetitions of each action-effect701

episode (see Figure 4), which is consistent with Hypothesis 2. We again followed up on this702

finding by testing whether this pattern held within each of the two mapping conditions.703

Indeed, applying an equality constraint on parameters r3,otm and r10,otm or on parameters704

r3,oto and r10,oto lead to significantly worse model fit in both cases (see Table 1), suggesting705

a higher retrieval probability in the repetition condition 10 than in repetition condition 3706

in both the one-to-many and the one-to-one mapping condition.707

Finally, we compared the reparameterized baseline model with a model with an708

equality constraint on shrinkage parameters s3 and s10. Applying the equality constraint709

on the shrinkage parameters did not significantly worsen model fit as indicated by a710

conditional likelihood-ratio test (∆G2(1) = 2.17, p = .14). This is inconsistent with711

Hypothesis 3 and suggests the difference in retrieval probabilities between the one-to-one712

and the one-to many mapping condition to not significantly vary across the two repetition713

conditions.714

Together, the results suggest higher retrieval probabilities if actions and effects are715

related in a one-to-one compared to a one-to-many mapping but no significant difference in716

the increase or decrease in retrieval probabilities from the one-to-many to the one-to-one717

mapping condition between repetition conditions.718
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Discussion719

We investigated how the learning of action-effect relations is influenced by the type720

of mapping between actions and effects, and by the number of repetitions of action-effect721

episodes during acquisition in three experiments. Participants operated a virtual “machine”722

through which they produced different effects (object images) through discrete actions723

(clicking on different machine buttons) in a forced-choice learning phase. Each action724

uniquely produced either one effect or several effects (Experiments 1 and 3). In addition,725

each action-effect episode was experienced either once (Experiment 2) or 3 (Experiments726

1-3), 5 (Experiment 2) or 10 (Experiment 3) times. In a later test phase, participants were727

shown the effect images and asked to reproduce the corresponding actions.728

Akin to associative memory phenomena, we hypothesized that effect-based action729

retrieval might be reduced with a one-to-many action-effect mapping, as compared to a730

one-to-one mapping. This would be in line with mutual interference or inhibition between731

various linkages of the same action to different outcomes in memory (cf. J. R. Anderson,732

1974; J. R. Anderson & Reder, 1999; M. C. Anderson et al., 1994; see also Kruglanski et733

al., 2002, 2015). This pattern was observed in Experiment 3 but not in Experiment 1.5 At734

present, we can only speculate about less likely and likely reasons for this discrepancy. An735

5 To further corroborate this observation, we performed a post-hoc joint analysis for Experiments 1 and 3,

testing for an interaction between experiments in terms of a varying difference in retrieval probabilities

between the one-to-one and one-to many mapping conditions given three repetitions of action-effect

episodes. For this analysis, we created a joint MPT model with different trees for the two experiments. We

then again used the approach described in Kuhlmann et al. (2019), as outlined in the data analysis section

of Experiment 3, thus creating a reparameterized version of the model with shrinkage parameters

representing a reduction in retrieval probability from the one-to-one to the one-to-many mapping condition

for repetition condition 3. According to a conditional likelihood-ratio test, applying an equality constraint

on these shrinkage parameters lead to significantly worse model fit (∆G2(1) = 21.88, p < .001). This

suggests the difference in retrieval probabilities between the one-to-one and the one-to-many mapping

conditions in repetition condition 3 of Experiment 3 to be substantially larger than the corresponding

difference in Experiment 1.
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unlikely reason is general performance differences between experiments and possible ceiling736

effects. When looking at Figure 3, it seems that performance specifically in the one-to-one737

mapping condition was considerably above the level of the corresponding condition of738

Experiment 1, with some participants reaching near-perfect performance. However, even739

when participants with accuracy above 90% correct in either of the conditions are740

excluded, the data pattern remains. We here provide two more tenable, and theoretically741

more interesting, albeit not necessarily mutually exclusive accounts that may explain this742

discrepancy. The first account relates to strength-dependent interference (see Figure 5A for743

an illustration). While in the one-to-many mapping condition of both experiments, each744

action produced a certain effect three times, the same action produced another effect ten745

times in Experiment 3. Assuming that not only associative strength grows with number or746

repetitions but that also stronger associations interfere with weaker associations more than747

vice versa (cf. Verde, 2009; Verde & Rotello, 2004), it is no wonder that an already weaker748

action-effect linkage suffers more when embedded in a context of stronger associations.749

Another possible explanation is cumulative interference (see Figure 5B for an illustration).750

If one assumes that the amount of interference operating on each association is751

proportional to the sum of the associative strength of an action and its associated effects752

(cf. Rescorla, 1999; Todd et al., 2014) and that, for retrieval to be successful, the activation753

of an association needs to exceed a certain threshold (cf. Kempnich et al., 2017; Zhou et754

al., 2021), the strengthening of some associations would increase overall interference, which755

may cause the activation of weaker associations during retrieval to fall beneath a retrieval756

threshold. The assumption of a retrieval threshold can also be incorporated into the757

strength-dependent interference account. Similarly, the assumption of strength-dependent758

interference can be incorporated into the cumulative interference account. However, more759

research is needed to unveil the mechanisms underlying the observed discrepancy between760

Experiment 1 and 3. For example, given the outlined strength-dependent interference761

account, one may expect a uniqueness effect to also emerge for stronger associations when762
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embedded in the context of even stronger associations (but not given associations of763

comparably high strength). Given the outlined cumulative interference account, a764

uniqueness effect may at some point disappear as associations become strong enough to765

remain above the retrieval threshold despite the interference operating on them.766

The idea of associative strength has been critically discussed in recent related work767

on stimulus-response learning and evaluative conditioning. Specifically, it has been768

suggested that repetition of episodes does not increase the associative strength between the769

components of such episodes (e.g., Richter & Giesen, 2026; Rudolph & Rothermund, 2025).770

Instead, and applied to the current context, these accounts propose that each action-effect771

episode is stored as a separate episodic instance and that performance reflects the772

probability of retrieving one of these episodes when one of its features is re-encountered773

(Hommel, 2004; see also Logan, 1988). Such a frequency-based episodic retrieval account774

suggests repetition effects to arise due to a larger number of stored episodes increasing the775

probability that the effect cue retrieves at least one of the prior episode containing that776

effect, which can readily explain the repetition benefits we observed in the present777

experiments. However, if such episodes are truly stored in a separate independent way, the778

effect cue should retrieve the action of these episodes irrespective of whether that action779

was linked to another effect (one-to many mapping) or not (one-to-one mapping, i.e., no780

uniqueness effect). Yet, Experiment 3 shows that this is not the case, suggesting some781

crosstalk between linkages between effects of the same action. This can only be explained if782

one additionally assumes that activation of one episode can spread to other, related783

episodes. In this latter case, such a frequency-based account is essentially equivalent to an784

episodic memory account, such that retrieval is proportional to the strength of the signal785

arising from the activation of different event representations. As outlined in the786

introduction, such an account can be aligned with the concept of associative strength. It787

should be noted that the observed influences of mapping type and frequency on retrieval788

probabilities can arise due to these factors either affecting storage or retrieval processes, or789
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Figure 5
Illustration of a Strength-Dependent Interference Account (A) and a Cumulative Interference
Account (B) with Four Effects Linked with One Action in a One-to-Many Mapping Given
Either Only Weak Associations or a Mixture of Strong and Weak Associations

Notes. E = effect. Strength-dependent interference: The amount of interference I an association a exerts
on another association a’ is proportional to its associative strength s. The retrieval probability r of an
association a is proportional to its associative strength s minus the amount of interference I operating on
it. Cumulative interference: The amount of interference I operating on an association a is proportional to
the sum of the associative strength s of all associations. The retrieval r of an association a is successful if
its associative strength s minus the amount of interference I operating on it exceeds or matches a retrieval
threshold t and unsuccessful otherwise.
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both (see the binding and retrieval in action control framework, Frings et al., 2020, which790

addresses this distinction). The present experiments were not designed to differentiate791

between influences on storage and retrieval processes. We thus refer to retrieval792

probabilities as an observable metric, without making strong causal claims about whether793

variations in retrieval probabilities arise due to storage or retrieval processes, which we794

thus have to delegate to future research.795

A different class of episodic retrieval accounts emphasize recency rather than796

frequency (e.g., Giesen et al., 2020; Schmidt et al., 2020). Applied to the current context,797

such an account suggests that encountering an effect cue retrieves the most recently798

encoded episode involving that effect, with earlier episodes only contributing minimally if799

at all. Such a recency-based episodic retrieval account, however, can neither account for800

the observed repetition benefit, nor can it account for the difference in retrieval801

probabilities of one-to-one over one-to-many mappings in Experiment 3, unless we assume802

that the encoding of the most recent episode is affected by contextual factors such as the803

overall mapping structure in a yet unknown manner. Specifically, if the effect cue simply804

triggers retrieval of the most recent action-effect episode, it should be insensitive to the805

broader mapping structure. This was not the case in Experiment 3. Furthermore, the806

uniqueness effect observed in Experiment 3 can also not be be accounted for by a simple807

contingency learning account, as each effect was uniquely mapped to one action and there808

was thus no difference in the contingency of an action given a specific effect (i.e.,809

P(action|effect) = 1 in all cases).810

Taken together, we thus lean towards associative strength (either understood as the811

strength of links within a network-like representational structure or the signal strength812

arising from multiple episodic traces) as a more parsimonious explanation for the observed813

effects of the action-effect mapping and repetition, suggesting that the storage and retrieval814

of action-effect relations is subject to at least some general (associative) memory-based815

constraints (see also Schreiner & Kunde, 2025). That action-effect repetitions increase816
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effect-based action retrieval probability is generally in line with similar assumptions817

described for stimulus-response binding (Frings, Foerster, et al., 2024) and with previous818

findings (Wolfensteller & Ruge, 2011). It is noteworthy though, that the increase of action819

retrieval probability appears to be non-linear, with an increasing number of repetitions820

having an increasingly smaller influence. In this respect, it is interesting to note that, at821

least descriptively, retrieval probabilities in the one-to-many mapping condition appear to822

plateau around 25% in the present research. Even with ten repetitions in Experiment 3, the823

retrieval probability was comparable to the one given five repetitions in Experiment 2, and824

only slightly larger than the one given three repetitions in Experiments 1 and 2. This may825

suggest that the number of effects than can be linked with an action in a given context is826

limited (see also Watson et al., 2015), which should be investigated more systematically in827

future research. It is further noteworthy that we replicated action-effect learning even with828

single encounters of an action-effect episode (cf. Schreiner & Kunde, 2025).829

Finally, the unexpectedly non-significant interaction between the frequency of830

encountering an action-effect episode and the action-effect mapping, which was also831

descriptively small, is inconsistent with an assumed reduction in interference due to a832

higher frequency strengthening representations of action-effect relations or due to a lower833

frequency limiting the associative strength or the number of successfully learned834

action-effect relations. It is possible, though, that both mechanisms play a role and835

mutually eliminate their respective influence. The lack of an interaction may also be836

explained by pattern separation processes reducing interference between overlapping837

representations in the one-to-many mapping condition (Bakker et al., 2008; Rolls, 2016;838

Zotow et al., 2020). This can be more easily accommodated by an episodic memory839

account of associative strength. Nevertheless, future research with a more optimized design840

is necessary to test these possible explanations.841
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Constraints on Generality842

The present findings are based on a set of three online experiments, with adult843

participants recruited via the Prolific panel. All participants were fluent English speakers844

with normal or corrected-to-normal vision and no color vision deficiency. Samples were845

diverse in terms of age, gender, and handedness. Considering the composition of the846

Prolific panel, the samples are likely to be more diverse than samples from traditional847

laboratory-based studies in terms of of other demographic characteristics, too, such as848

nationality and education. However, it should be noted that participants on Prolific are849

typically very experienced in conducting behavioral studies. The experiments were850

conducted in unsupervised online settings on participants’ own devices, demonstrating that851

these effects can emerge outside of controlled laboratory settings. Unlike much previous852

related research that involved keypress actions, participants here performed mouse853

movements from a fixed starting position to various target positions. Such actions may854

arguably be more complex than simple keypress actions. Notably, at least regarding effects855

of the repetition of action-effect episodes, our results generally converged with previous856

ones involving keypress actions (e.g., Wolfensteller & Ruge, 2011; see also Elsner &857

Hommel, 2001; Schreiner & Kunde, 2025), suggesting generalizability across different types858

of actions. Action effects were visual and encompassed images of everyday objects taken859

from a standardized stimulus set (Brodeur et al., 2010, 2014). Taken together, we expect860

our findings to broadly generalize to healthy populations. However, generalization to861

individuals with sensory or motor impairments and settings using different action or effect862

modalities, and possible cultural modifications of the observed effects, should be863

investigated in future research.864
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Appendix A

Response Frequencies

Table A1
Aggregated Response Frequencies for all Experiments

Experiment Mapping condition Repetition condition Object type Response category n Frequency

1 one-to-many 3 old action repetition 113 1389

1 one-to-many 3 old action alternation 113 871

1 one-to-many lure A 113 552

1 one-to-many lure ¬A 113 578

1 one-to-one 3 old action repetition 116 645

1 one-to-one 3 old action alternation 116 1675

1 one-to-one lure A 116 80

1 one-to-one lure ¬A 116 1080

2 one-to-many 1 old action repetition 243 1327

2 one-to-many 1 old action alternation 243 1103

2 one-to-many 3 old action repetition 243 1463

2 one-to-many 3 old action alternation 243 967

2 one-to-many 5 old action repetition 243 1529

2 one-to-many 5 old action alternation 243 901

2 one-to-many lure A 243 1206

2 one-to-many lure ¬A 243 1224

3 one-to-many 3 old action repetition 123 691

3 one-to-many 3 old action alternation 123 539

3 one-to-many 10 old action repetition 123 767

3 one-to-many 10 old action alternation 123 463

3 one-to-many lure A 123 552

3 one-to-many lure ¬A 123 578

3 one-to-one 3 old action repetition 132 484

3 one-to-one 3 old action alternation 132 836

3 one-to-one 10 old action repetition 132 651

3 one-to-one 10 old action alternation 132 669

3 one-to-one lure A 132 73

3 one-to-one lure ¬A 132 1247

Notes. n = number of participants per mapping condition. Experiment 1: 20 objects per experimental
condition and 10 lures, Experiment 2: 10 objects per experimental condition and 10 lures, Experiment
3: 10 objects per experimental condition and 10 lures.
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Appendix B

Baseline Model Parameter Estimates

Table B1
Parameter Estimates of the Baseline Model for all Experiments

Experiment 1
Parameter Estimate 95% CI
r3,otm .23 [.19, .27]
r3,oto .22 [.20, .25]
gotm = .5
goto .07 [.05, .08]

Experiment 2
Parameter Estimate 95% CI
r1,otm .09 [.05, .13]
r3,otm .20 [.17, .24]
r5,otm .26 [.22, .30]
g = .5

Experiment 3
Parameter Estimate 95% CI
r3,otm .12 [.07, .18]
r10,otm .25 [.19, .30]
r3,oto .33 [.30, .36]
r10,oto .46 [.43, .49]
gotm = .5
goto .06 [.04, .07]
Notes. Experiment 1 (three repetitions): r3,otm = probability to retrieve the action associated
with the effect in the one-to-many mapping condition, r3,oto = probability to retrieve the action
associated with the effect in the one-to-one mapping condition, gotm = probability to guess the
correct action for old objects or select response option A for lure objects in the one-to-many mapping
condition, goto = probability to guess the correct action for old objects or select response option A
in the one-to-one mapping condition. Experiment 2 (one-to-many mapping): r1,otm = probability
to retrieve the action associated with the effect in repetition condition 1, r3,otm = probability
to retrieve the action associated with the effect in repetition condition 3, r5,otm = probability to
retrieve the action associated with the effect in repetition condition 5, g = probability to guess the
correct action for old objects or select response option A for lure objects. Experiment 3: r3,otm =
probability to retrieve the action associated with the effect in repetition condition 3 of the one-to-
many mapping condition, r10,otm = probability to retrieve the action associated with the effect in
repetition condition 10 of the one-to-many mapping condition, r10,oto = probability to retrieve the
action associated with the effect in repetition condition 10 of the one-to-one mapping condition,
gotm = probability to guess the correct action for old objects or select response option A for lure
objects in the one-to-many mapping condition, goto = probability to guess the correct action for
old objects or select response option A in the one-to-one mapping condition. An equal sign in the
"Estimate" column indicates that the parameter was fixed to the indicated value.
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