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Abstract 

This paper reports a cognitive psychology experiment and a Markov decision process (MDP) model 

of the production effect—higher memory retrieval that follows speaking aloud or writing/typing 

words, as opposed to lower memory retrieval when words are read silently. Current models of the 

production effect draw on the global-matching framework of memory. We identify four limitations 

of these models and present a MDP model (a perceptual active inference model) to causally explain 

a superior production effect of speaking over writing. University students performed a word-

production task comprising speaking and writing conditions, followed by a memory test. The results 

showed main effects of condition on accuracy and response times. The MDP model indicated higher 

sensory precision during memory retrieval in the speaking condition than in the writing condition. 

Through Bayesian model selection, we evaluated whether the MDP model, as a mechanistic active-

inference model, provided higher construct validity than a descriptive linear model (fit via 

Variational Laplace). The MDP model outperformed the linear model, suggesting that production 

modalities are hidden states that cause the visual sensory observation of words that had been 

linguistically produced. Crucially, the MDP model explains both group effects and individual 

variability, confirming the reliability paradox of statistical models. 

Keywords: production effect; language and memory; memory retrieval 

 

1. Introduction 

Repeating someone’s name aloud right after you’re introduced (e.g., “Nice to meet you, Alex!”) 

is a common social interaction strategy in some cultures, and it serves several overlapping purposes. 

First, it signals attention and respect, helping to establish rapport quickly. It also confirms that you 

heard the name correctly and provides a smooth transition into the conversation. 

Saying the name aloud reinforces memory as well. Names are particularly easy to forget because 

they’re arbitrary and carry little inherent meaning but saying them aloud engages multiple contextual 

features at once—e.g., auditory stimulation, articulatory actions, and social bonds—making it far 

more likely that you’ll remember the person later. However, what might otherwise be considered a 

simple manifestation of a cultural or personal preference represents a fundamental cognitive 

phenomenon of language production and memory that has been scarcely investigated: the 

production effect. 

1.1. The Production Effect: Definition and Experimental Evidence 

Visually recognizing words stored in episodic memory—for example, recognizing at test time (t 

= 2) whether a word was visually presented at study time (t = 1)—is facilitated when the target word 

is encoded along with contextual features during the study phase. The cognitive psychology of 

memory, and especially associative cued-retrieval theories, refer to this phenomenon as the encoding 

specificity principle [1,2]. 
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In the area of language and memory, higher accuracy in word recognition occurs when 

participants previously speak a word aloud rather than silently rehearse it. The language and 

memory literature refers to this phenomenon as the production effect [3]. The production effect occurs 

not only in the context of spoken words but also in the context of written words [4]. For example, 

partially typing a word during the study phase negatively affects the production effect at test time 

[5]. However, the strength of the production effect differs across production modalities. Specifically, 

even when a word is entirely typed during the production phase, the production effect is weaker 

than when the word is entirely spoken, constituting a superior production effect of speaking over 

writing. From an evolutionary perspective, this superior effect likely reflects the earlier emergence of 

spoken language compared to the later emergence of written language [6]. 

The distinctiveness account to memory encoding [7,8] applied to the production effect [3,9] 

indicates that, for example, the motoric act or the auditory perception of the spoken word (and 

analogously the tactile perception of key presses) represent distinct item-specific contextual features 

(CF) that the participant encodes along with the target item (I) at study time, constituting joint 

memory traces (CF, I). This implies that the probability of item recognition (IR) given (CF, I) at test 

time is greater than the probability of IR given the encoding of I only: p(IR | I, CF) > p(IR | I). 

Therefore, the distinctiveness account to the production effect positions the production effect as a 

special case of the encoding specificity principle. 

1.2. Towards a Causal Explanation of the Production Effect 

The production effect literature either implicitly or explicitly states a causal relationship between 

contextual features (CF) encoded at study time and item recognition (IR) at test time. For example, 

MacLeod, Gopie, Hourihan, Neary and MacLeod, Gopie, Hourihan, Neary and Ozubko [3] and 

Forrin, MacLeod and Ozubko [4] consistently use causal discourse markers [10], such as “produces” 

and “enhances,” to refer to the production effect. Conforming to this causal discourse, research on 

the production effect has steadily moved from experimental interventions described through linear 

models (e.g., t tests, ANOVA, and regression) to explanatory computational models. The first steps 

in this direction have focused on extensions of models originally formulated within the global-

matching framework of memory retrieval [11], in which the encoding specificity principle is a special 

case.  

The global-matching framework refers to a class of computational models of recognition 

memory that assume that a retrieval cue (e.g., a target word as a concrete I) is compared 

simultaneously to all stored memory traces and that recognition decisions depend on the aggregate 

(global) similarity between the cue and the entire memory system. In the special case of the 

production effect, producing a word aloud creates a memory trace with a greater number of 

contextual features (CF)—typically operationalized as increased noise-free features or higher 

encoding strength—compared to silently reading it. During recognition, the probe word (i.e., I) 

activates all stored traces, and items encoded aloud produce a larger and more salient match signal 

because their traces are more distinctive. 

Drawing on the global-matching framework, the MINERVA 2 model [12] and the REM model 

[13] have been applied to explain the production effect [14,15]. In MINERVA 2, the activation of 

stored traces is implemented as a more salient and greater echo intensity due to the presence of more 

unique features in aloud-encoded traces, whereas in REM the aloud condition generates higher-

probability feature matches and lower confusion probabilities in the likelihood ratio driving 

recognition decisions. Consequently, in both models, production-enhanced traces are more 

discriminable from lures, leading to higher recognition accuracy. These implementations show that 

the production effect can be modeled as a distinctiveness-driven increase in the mnemonic signal 

produced by aloud-encoded items within an associative global-matching architecture. While the 

global-matching framework has provided an explanatory account of the production effect, relevant 

computational models such as MINERVA and REM have four main limitations.  
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First, both schemes are predictive models of associative memory—mapping stimuli to 

responses—rather than generative causal models comprising latent causal variables (i.e., the 

unobservable cognitive processes that cause memory retrieval). More specifically, they contain 

assumptions about how memory traces correlate with each other, but they do not establish cause–

effect relations in the way generative models do. It is worth noting, however, that their assumptions 

are congruent with the traditional notion of memory retrieval and recognition in the cognitive 

psychology literature [16–19]. 

Second, the application and interpretability of these models are limited to the memory domain 

rather than extending to general cognition and brain function.  

Third, when applied to the production effect, both models focus only on response accuracy. 

Although most production-effect research has relied on response accuracy (e.g., proportion of correct 

probes) as the most important response variable of interest, a few experimental studies have recently 

incorporated recognition time (indexed by response time) as a secondary dependent measure. For 

example, recognition time is shorter in self-produced speaking conditions than when production is 

performed by another participant and faster when compared with silent study [15]. As in any 

memory-related cognitive phenomenon, accuracy and response times are interdependent variables, 

and we cannot understand any generative cognitive process of behavior without considering the time 

these hypothetical processes take [20]. Therefore, relevant computational models are more 

informative when they account for this interdependence (e.g., the drift diffusion model of memory 

retrieval) [21].  

A fourth limitation of these models refers to the fact that they simulate in silico the recognition 

effect of CF on I but are not applied to empirical data. 

Based on the limitations of the global-matching models, a natural next step in the causal agenda 

of the production effect is to address the question of how CF relevant to the production modality 

(e.g., speaking and writing words) cause the retrieval of words in a recognition task. We attempt to 

answer this question experimentally and computationally within the context of perceptual (static) 

active inference and a Markov decision process (MDP). 

1.3. The Current Work 

Within the framework of perceptual active inference (cf. predictive coding for perception) 

[22,23], formalized as a Markov decision process (MDP), we cast cue-dependent retrieval as inference 

over hidden states that encode contextual episodic features—here, whether a word was previously 

encoded in a spoken or written context—given the word as the sensory observation. Driven by the 

task instruction “respond whether you spoke or wrote the word,” the agent embodies a generative 

model of the causes of its sensory input. This generative model comprises hidden states 

corresponding to CF (i.e., speaking and writing production modalities) and outcome modalities 

encoding the observed visual words and the self-observation of responses at test time. Based on these 

observations, the agent updates its beliefs about the latent CF by inverting the generative model, 

selecting the CF state that minimizes variational free energy. From this perspective, what is treated 

as cue-dependent retrieval in the global-matching framework corresponds, in our causal generative 

model, to belief selection that maximizes model evidence by favoring the spoken or written CF state 

whose predicted sensory consequences best account for the observed word and the self-observed 

response. This formulation thus provides an active-inference realization of the encoding specificity 

principle in terms of state estimation under an MDP. 

The current work builds on previous findings showing that recognition accuracy is higher for 

spoken than for written words [4,6]. Extending these results, we incorporate within a single model a 

parameter capturing the hypothesis that the stronger production effect observed in the spoken 

modality is also associated with shorter response times (RTs). We reiterate that influential cognitive 

models of memory recognition such as the drift diffusion model [21] account for both accuracy and 

response times within a unified framework, reflecting their interdependence (e.g., the speed–

accuracy trade-off). Accordingly, we test the hypothesis that RTs are shorter when recognizing words 
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encoded in the spoken CF than in the written CF. In essence, by specifying a single perceptual model, 

we simultaneously test the novel hypothesis that recognition is faster in the speaking condition than 

in the writing condition and that a causal generative model provides a better explanation of the data 

than simple statistical linear models. 

2. Materials and Methods 

2.1. Participants 

Under laboratory conditions, 16 undergraduate students (6 biological males and 10 biological 

females; M age = 22.5, SD = 6.22) from Brandon University were recruited via campus advertisements. 

Sample size estimation was based on sequential analysis and optional stopping [24,25] (described 

below). Participation was voluntary, and all individuals provided written informed consent prior to 

the initiation of the experiment. All participants received a $50 gift card as compensation for their 

time. The study was approved by the Brandon University Research Ethics Committee. 

Optional Stopping for Sample Size Definition 

After collecting data from 10 participants, we fit Bayesian ANCOVA models to the RT and 

accuracy data, including condition as a fixed effect, participant as a random effect, and word 

frequency as a covariate. All ANCOVA models were implemented in JASP [26]. We defined a 

stopping criterion based on BF₁₀ > 10, indicating strong evidence in support of shorter RTs and higher 

accuracy in the speaking condition compared with the writing condition. Data collection proceeded 

one participant at a time, with BF₁₀ recomputed after each addition, until the threshold was reached. 

2.2. Stimuli 

Our stimuli consisted of an experimental word list of 180 nouns with the highest academic 

frequency selected from the Strathy Corpus of Canadian English [27]. For each participant, the order 

of the 180 words was randomized, and the list was split into two sublists (one per condition) of 90 

words each. This randomized order was used to assign each word, without replacement, to a 

language condition (writing or speaking). Nine block lists of 20 words each were then created, with 

words randomly drawn from the speaking and writing sublists (10 words per condition). 

2.3. Procedure 

Participants were seated at a computer and wore noise-cancelling headphones throughout the 

experiment. Each participant completed nine blocks, each consisting of a language production phase 

followed by a memory phase (Figure 1). After completing each block, participants took a break and 

were free to decide when to begin the next block by pressing the space bar. The experiment began 

with four familiarization trials (two per condition). In the production phase of each block, 

participants were presented with 20 words for 5 s each, displayed either in red ink (speaking 

condition) or green ink (writing condition). The color of the word cued participants to either speak 

or type the word, respectively. The color–condition association was counterbalanced across 

participants, with the mapping reversed for half of the sample. Each word presentation was preceded 

by a “be prepared” slide displayed for 4.5 s. After completing the language production phase, 

participants performed the memory phase using the same words presented during the production 

phase. Probe words were displayed in black ink on a white background for 5 s, unless a response was 

recorded earlier. Feedback was then provided (“correct,” “incorrect,” or “no response recorded”) for 

5 s before the next trial began. The task was built using PsychoPy, which recorded accuracy, reaction 

times, and word production. Accuracy of word production (i.e., whether the participant actually 

spoke or wrote the target word was confirmed via PsychoPy output (for written registers) and 

spectrogram analysis (for spoken registers). 
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Figure 1. Experimental task block. Participants performed 9 blocks of 20 trials in two phases: language 

production phase and memory phase. As shown in the production phase, the language modality was cued by 

the word color (speaking in red, writing in green) counterbalanced across participants. In the memory phase, 

participants responded by pressing relevant keys whether the word was spoken or written (colored buttons 

do not represent the actual response keys which where “S” for speaking and “W” for writing). 

2.4. MDP Model 

We used SPM12 (http://www.fil.ion.ucl.ac.uk/spm/) and modified scripts provided by Smith, et 

al. [28] and Smith, et al. [29] to specify and estimate the parameters of a two-timestep MDP model 

that mirrored the experimental task. The model included one state factor, two outcome modalities, 

and one state transition matrix. The state factor comprised three states: a start state, a speaking 

context, and a writing context (as CF). The first outcome modality comprised three possible 

observations: no response, spoken word, and written word. The second outcome modality comprised 

self-observations of correct and incorrect responses. The state transition matrix encoded equal 

probabilities of transitioning from the start state to either the speaking or writing context. Transitions 

between language-production contexts were modeled as absorbing states; once the agent transitioned 

from the start state into a context state, it remained there. Figure 2 illustrates the factor graph and 

matrices of the MDP model. 
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Figure 2. Factor graph of the MDP model. LR (L-Response parameter), LW (L-Word parameter). D matrix 

(state beliefs at t=1), B matrix (state transition probabilities between t=1 and t=2), A matrices (likelihood 

matrices of two outcome modalities). 

The response model assumed a stochastic action-selection process in which the choice of a 

language-production modality (i.e., CF) corresponded to sampling from the posterior distribution 

over the hidden (true) state given the observations (spoken or written word and response accuracy). 

Based on our hypothesis that the speaking CF causes faster recognition times than the writing CF, 

the response model followed the rule that, as the posterior probability of being in the speaking-CF 

state—as the cause of visual word recognition—approached 1 after observing a probe word and self-

observing an accurate response, the probability of an early response increased relative to the 

probability of a late response, and vice versa. 

For improved computational tractability and interpretability of the MDP results, we discretized 

participants’ response times (RTs) into two categories: early and late responses. At the participant 

level and across conditions, we used the median of the RT distribution as the cutoff point. In forced-

choice decision-making tasks, RTs typically follow an ex-Gaussian distribution. Discretizing RTs 

drawn from an ex-Gaussian distribution using the median provides a practical method for converting 

highly skewed continuous variables into categorical observations. The ex-Gaussian RT distribution 

combines a Gaussian component with a positively skewed exponential tail. In this type of 

distribution, the median serves as a robust measure of central tendency that is insensitive to extreme 

values in the exponential tail, ensuring that the resulting early- versus late-response categories reflect 

the empirical structure of the data rather than being disproportionately influenced by outliers. 

Moreover, median-based discretization is particularly convenient in perceptual active-inference 

models, where RT categories serve as outcome modalities. This approach enhances model 

interpretability while preserving meaningful information inherent in the original RT data. 

3. Results 

Behavioral Results 

Table 1 summarizes the behavioral results. Mean RT was shorter in the speaking condition than 

in the writing condition. Similarly, the mean proportion of correct responses was higher in the 
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speaking condition than in the writing condition. Bayesian ANCOVA models confirmed these 

differences and ruled out an effect of word frequency (i.e., the model including the covariate received 

less support, BF₁₀ = 1390, than the model without the covariate, BF₁₀ = 3899; Figure 3). A similar 

Bayesian ANCOVA model confirmed the accuracy difference and again ruled out an effect of word 

frequency (BF₁₀ = 325 vs. BF₁₀ = 59, respectively; Figure 3). We further fit a third ANCOVA model to 

confirm that the response-time difference between conditions remained after discretization (BF₁₀ = 

3948); the model including word frequency as a covariate was less supported by the data (BF₁₀ = 335; 

Figure 3). 

Table 1. Descriptive Statistics. 

 Speaking (M ± SD) Writing (M ± SD) 

Number of Trials 82.50 ± 8.76 82.94 ± 8.07 

Reaction Time (s) 1.64 ± 0.38 1.77 ± 0.40 

Proportion Correct 0.88 ± 0.07 0.81 ± 0.12 

Proportion Incorrect 0.12 ± 0.07 0.19 ± 0.12 

Note. Values represent subject-level means (M) and standard deviations (SD). 

 

Figure 3. Parameter estimates of Bayesian ANCOVA models. Effect of condition on RT (top left), effect of 

condition on response (word memory retrieval) accuracy (top right). Difference in response time held after 

discretization (bottom left). Bottom right panel shows the group-mean proportions of early (discretized) 

responses in the speaking and writing conditions, mirroring the behavioral pattern of the raw RTs. 

4. Computational Model Results, Linear Model Under VL, and BMS 

Table 2 shows the parameter estimates of the MDP model. The mean parameter estimate for L-

Word was 0.55 (SD = 0.06), whereas the mean parameter estimate for L-Response was 0.54 (SD = 0.04). 
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Bayesian one-sample t tests (implemented in JASP) confirmed that both parameters differed from 0.5 

(BF₁₀ = 9.34 and BF₁₀ = 84, respectively, Figure 4). 

 

Figure 4. Parameter estimates of the MDP model (group level). Error bars correspond to the 95% credible 

interval. 

Because the MDP embodies the theoretical construct that production modality is a hidden cause 

of the observations, we assessed the construct validity of this model by comparing it against a simple 

linear model fit under VL [30] to discretized response times, with condition and accuracy as 

predictors. Crucially, VL allows for the comparison of models with different likelihood functions 

using Bayesian model selection. Therefore, we adjudicated between the causal generative model and 

the linear model based on their free energies. Bayesian model selection supported the MDP, yielding 

a protected exceedance probability of 0.94 and a Bayesian omnibus risk (BOR) of less than 0.001. 

Table 2. Parameter estimates of the MDP model. 

Participant L-Word L-Response 

001 0.48 0.55 

002 0.65 0.56 

003 0.57 0.60 

004 0.56 0.59 

005 0.58 0.46 

006 0.50 0.50 

007 0.56 0.53 

008 0.52 0.54 

009 0.58 0.57 

010 0.59 0.51 

011 0.56 0.50 

012 0.35 0.57 

013 0.53 0.59 

014 0.55 0.52 

015 0.57 0.52 

016 0.58 0.55 

5. Discussion 

We put forward the idea that the MDP embodies the theoretical construct that production 

modality is a hidden cause of word memory retrieval. The superior model evidence for the MDP, 
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relative to a simple statistical description model, provides computational support for the construct 

validity of this hidden-state formulation. The reported MDP model also provides evidence that 

speaking words aloud reduces word retrieval time compared to typing words. To our knowledge, 

this is the first attempt to explain the production effect using computational models specified within 

the active inference framework, albeit at the level of static perception or predictive coding. 

Within the field of computational models of cognition, many authors argue that such models 

provide a deeper understanding of cognitive phenomena than descriptions based solely on statistical 

models [31–35]. However, direct comparisons between computational models and statistical models 

remain scarce. Crucially, this study provides the first direct model comparison of the production 

effect and, to our knowledge, the first comparison between linear models estimated using VL and 

MDP evaluated via Bayesian model selection. 

Crucially, the MDP model confirms  the reliability paradox of statistical models, whereby 

consistent group effects [….] do not accurately reflect individual differences [33]. The 95% credible 

intervals for both the L-Word and L-Response parameters indicate that the group-level parameters 

exceed p = 0.5. Although the effect sizes appear small when expressed in terms of probabilities, they 

correspond to moderate-to-large and large effects in standardized terms. For context, consider the 

equivalent frequentist null-hypothesis tests at the group level: for L-Word, t(15) = 4.1, p < 0.001, CI 

[0.02, 0.06]; and for L-Response, t(15) = 2.8, p = 0.012, CI [0.012, 0.081]. The corresponding Cohen’s d 

values are 0.71 for the L-Word parameter (medium-to-large effect size) and 1.03 for the L-Response 

parameter (large effect size). The robust group-level effect sizes do not mask individual variability. 

Specifically, we identified two participants who showed higher precision in the writing contextual 

state and one participant who showed higher precision in the self-observation of incorrect responses 

(Table 2). These individual differences raise at least two questions regarding the production effect. 

First, differences in the L-Response parameter indicate inter-individual variability in the 

precision of self-monitoring of response outcomes. Most participants showed relatively reliable 

inference about their own performance, whereas two participants exhibited noisier self-evaluation. 

Such results provide a basis for characterizing individual cognitive phenotypes. One possible 

interpretation is that these participants are more prone to detecting their errors than their successes 

during language production, a distinction that, as elaborated upon below, is particularly relevant in 

the context of language learning. 

In the second language acquisition (SLA) literature, learners differ systematically in their 

sensitivity to negative evidence, with some individuals exhibiting an error-oriented self-monitoring 

style in which deviations from target forms are more salient than successful productions. This 

phenomenon has been discussed under labels such as heightened responsiveness to negative 

evidence, over-monitoring, and differential noticing of errors, particularly in research on focus on 

form and feedback processing [36–40].  

From the perspective of static perception or predictive coding, however, such individual 

differences do not need to be framed as strategic choices or motivational dispositions, but can instead 

be understood as differences in the precision-weighting of self-generated prediction errors during 

perceptual inference [41,42]. In a perceptual Markov decision process, self-evaluative outcomes—

such as perceived correctness or incorrectness of a response—are treated as observations generated 

by latent performance states. Learners who are more error-oriented can thus be modeled as assigning 

higher precision to error-related self-observations, such that prediction errors signaling incorrect 

performance exert a stronger influence on posterior beliefs than signals of success. Conversely, 

learners who are less focused on errors effectively down-weight these prediction errors, treating them 

as noisier or less informative. This computational account reframes SLA notions of error orientation 

and sensitivity to negative evidence not as a bias toward negative outcomes per se, but as principled 

differences in perceptual precision within a Bayesian generative model, thereby providing a 

mechanistic explanation for individual differences in self-monitoring during second language 

learning. 
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Second, most participants were more likely to infer the production modality of spoken words 

than that of written words, as indicated by the group-level L-Word parameter, leading to faster 

recognition times. Why, then, did participants take longer to recognize written words? As noted in 

the Introduction, evolutionary and cultural factors may help explain the superior production effect 

of spoken words, for which fast and brief utterances are common. Written language, by contrast, was 

not culturally developed to facilitate rapid communication. Writing is inherently time-consuming 

because it is closely tied to the exploration and generation of knowledge. In other words, spoken 

language tends to be less elaborate and typically shorter in informational content and lexical density 

than written texts such as textbooks and academic prose [43].  

Furthermore, although retrieving individual words is a prerequisite for language production, it 

is not necessarily indicative of knowledge generation, which is a core function of written language. 

Writing is therefore a slower process, a property that is congruent with active inference accounts 

emphasizing exploratory behavior. A natural follow-up question is whether producing more 

complex registers (e.g., sentences combining multiple words) in spoken language confers advantages 

over writing [44] in memory retrieval of individual words. That is, language users may be more 

accustomed to producing written registers to communicate extended bodies of knowledge or to 

generate new knowledge. While this explanation offers a computational perspective on evolutionary 

and cultural differences across language modalities, it also opens the possibility that slower 

recognition times in the writing condition constitute a computational advantage from the perspective 

of the exploration–exploitation dilemma. In this view, the few participants who showed faster 

recognition times in the writing modality may have resolved this dilemma in line with their 

individual preferences. This point highlights one of several limitations of the current model and 

experimental task, which speaks to future improvements.  

First, as a static perceptual model, it does not exploit the full computational and theoretical 

capabilities of the active inference framework, particularly the possibility of a speaking–writing 

trade-off between exploration and exploitation. Addressing this trade-off would require introducing 

a third timestep in the model, in which participants could choose not to respond at t = 2 and respond 

at t = 3 (corresponding to late responses), or respond at t = 2 (corresponding to early responses). 

Incorporating these possible actions would also require specifying at least two shallow policies (i.e., 

wait and respond). Future work should explore this extended active inference scheme. 

Second, we discretized response times (RTs). However, the memory research literature has long 

emphasized the value of analyzing the full RT distribution. This is feasible within the active inference 

framework. Future work could, for example, directly compare a model using discretized RTs with a 

continuous-state model. 

Third, the present study compared a perceptual model with a linear model, demonstrating a 

better account of the data and stronger causal construct validity. However, this model should also be 

directly compared with established memory models of the production effect (e.g., MINERVA and 

REM). 

Finally, from an experimental task design perspective, this study focused on a specific 

hypothesis concerning the superior production effect of speaking over writing (i.e., a relative 

production effect). However, it did not address the absolute production effect of either modality by 

including a control condition (e.g., silently reading words). 

Conclusions 

While previous research has provided experimental evidence for the production effect and 

initial computational accounts of its dynamics, the present work advances the understanding of this 

language and memory phenomenon by proposing a generative model of the causes underlying faster 

retrieval times for spoken compared with written words. The study also provides direct evidence for 

the superior explanatory power of active inference models relative to simpler statistical models. 

Notably, this comparison represents the first use of a linear model estimated under the VL scheme 

for this purpose. Importantly, the proposed model simultaneously identifies group-level parameters 
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that capture the general dynamics of the production effect and reveals individual differences in 

parameter estimates, with potential implications for language learning and knowledge generation 

through writing. 
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