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 a b s t r a c t

To date, no account of lie-truth judgement formation has been capable of explaining how core cognitive mecha-
nisms such as memory encoding and retrieval are employed to reach such judgements. One theory, the Adaptive 
Lie Detector (ALIED: Street et al., 2016) is sufficiently well defined as to be implemented as a cognitively plausi-
ble computational model. Here we describe the first cognitively plausible account of lie-truth judgments and test 
it in three studies. Developed within the ACT-R cognitive theory (Anderson, 2007), the model provides a close 
fit to past data (Study 1), predicts novel learning data (Study 2), and generalises to more complex environments 
with multiple cues (Study 3). In so doing, the cognitive model provides strong support for the assumptions of an 
adaptive theory of lie-truth judgement, and substantiates a unique prediction of ALIED that lie and truth biases 
can be considered as functionally equivalent.

1.  Introduction

The Adaptive Lie Detector account (ALIED: Street et al., 2016) ar-
gues that people make reasonable use of the information available to 
them to reach a lie or truth judgement. While it explains lie-truth judg-
ments and makes novel predictions (see Street, 2015), it has a substan-
tial drawback: it does not explain what cognitive mechanisms are in-
volved in the judgement formation process. No explanation of lie-truth 
judgement formation to date has done so, and yet invariably core cog-
nitive mechanisms such as perception and memory are fundamental to 
the judgement process. In this paper, we develop a cognitively plausi-
ble computational model of lie-truth judgements based on ALIED that 
can account for data from a previous experiment (Study 1). The model 
creates a prediction which is tested with novel data in a second experi-
ment (Study 2). Finally, we generalise the model to account for a more 
complex experiment where multiple cues are present (Study 3).

1.1.  Individuating and context-general cues in lie detection

According to ALIED (Street, 2015), people’s judgements are informed 
by two types of knowledge: information relating to the particular state-
ment under consideration (called individuating information) and infor-
mation that generalises across statements, which can be informed by the 
base rate of honesty (called context-general information). ALIED argues 
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that when individuating information has high diagnosticity in determin-
ing if the statement is a lie or truth (e.g., Pinocchio’s nose growing), 
this has the heavier weight in the final judgement outcome. But when 
individuating information has low diagnosticity (i.e., it gives little to 
no reliable information about veracity), ALIED argues that people do 
not simply guess at random, but rather that their knowledge of context-
general information (e.g., “most people tell the truth in this setting”) 
has the heavier weight in the final judgement outcome. This allows for 
a satisficing judgement in the absence of more diagnostic information 
about the specific statement being considered. The account is considered 
adaptive insofar as it reflects an informed decision-making process.

For example, Coby may have seen CCTV footage of Alesha cheat-
ing on a test. When Alesha claims that she did not cheat, Coby has 
highly diagnostic individuating information available to him (the CCTV 
footage that contradicts Alesha’s claim). This information individuates 
this statement, and as such is called individuating information or an in-
dividuating cue (see Koehler, 1996). Individuating information varies 
in its degree of diagnosticity. If a particular cue has been learnt by the 
individual to be highly diagnostic (such as Coby’s CCTV footage), peo-
ple can use this information to attain high accuracy (Blair et al., 2010; 
Bond et al., 2013; Levine & McCornack, 2014). But individuating cues 
to deception are typically either unavailable (see Luke, 2019) or if they 
are available, have low diagnosticity (DePaulo et al., 2003; Hartwig & 
Bond, 2011; Sporer & Schwandt, 2006, 2007).
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Fig. 1. Proportion of truth judgements on trials for each diagnosticity level of truth cue in the training phase, split by easy and hard game conditions, from the 
experiment reported in Street et al. (2016) (a). The dotted line indicates where the proportion of judgements matches the frequency of the cue being associated with 
honesty. Error bars denote 95% confidence intervals. (b) Data with the hard game condition data transformed (rotated 180 degrees) and superimposed on the easy 
condition data.

When individuating information has low diagnosticity, Coby could 
guess randomly. But Coby may also believe that, in general, when peo-
ple deny cheating, they are more likely to tell the truth because most 
people do not cheat on tests. This generalised knowledge is not directly 
related to Alesha’s specific statement about not cheating, but rather gen-
eralises across statements in this situation (i.e., statements in the con-
text of test cheating). ALIED refers to this as context-general knowledge. 
When judging whether Alesha is lying about not having cheated, Coby 
will combine this context-general knowledge with their consideration 
of specific individuating information. As the learnt diagnosticity of the 
individuating cues is perceived to reduce, ALIED argues that context-
general knowledge will have a heavier weighting in the judgement pro-
cess in order to make an informed—but overgeneralised—judgement.

Because individuating cues typically have low diagnosticity (De-
Paulo et al., 2003), and because the context-general information is in-
formed by the learnt experience that people predominantly tell the truth 
(DePaulo et al., 1996; Halevy et al., 2014; Serota et al., 2010), in most 
situations it is rational to make a truth judgement. This account ex-
plains the frequently observed bias to judge others’ statements as truths 
(known as the truth bias Bond & DePaulo, 2006) as resulting from an 
adaptive decision-making process rather than as an error or default to 
believe.

In situations where lying is more prevalent or where there is a 
widespread belief that people lie (that is, context-general information 
suggests that people will typically lie), ALIED claims that the bias is to 
judge statements as being untruthful, for which there is evidence (e.g., 
Bond et al., 2005; Carr, 1968; DePaulo & DePaulo, 1989; Hartwig et al., 
2004; Masip et al., 2009; Masip & Herrero, 2017; Millar & Millar, 1997). 
The observed truth bias found in typical studies is not a cognitive dis-
position therefore, but rather an adaptive judgement in the absence of 
reliable specific (individuating) information, according to ALIED (see 
Levine & Street, 2024).

1.2.  A test of ALIED

The interactive effect of individuating and context-general cues on 
lie detection has been investigated empirically (Street et al., 2016). They 
demonstrated that people’s judgements are a function of both (a) the 
diagnosticity of individuating cues and (b) the nature of the context-

general information they are given. As this experiment forms the basis 
of the research reported here, we provide a brief summary below.

Participants in this study were to judge whether individuals who had 
recently played a trivia game had cheated (and lied about it) or not (and 
told the truth about not cheating). This was a cover story: In reality, no 
trivia game had taken place. The study took the form of a two-choice 
reinforcement learning paradigm widely used to investigate probability 
and category learning (Estes, 1972; Medin & Schaffer, 1978; Montag, 
2021; Nosofsky, 1986), consisting of a training phase followed by a test 
phase. This experiment differed from typical designs by introducing ad-
ditional context-general information prior to the test phase to measure 
its effect on learned associations.

During the learning phase, participants were presented with a cue 
that appeared somewhere between 20% and 80% (in steps of 10%) of 
the time when the trivia players were being honest, which defines each 
cue’s level of diagnosticity (i.e., between 20% and 80% diagnostic of 
honesty). Participants had to judge whether the trivia game player lied 
or told the truth, and they received feedback on their responses. They 
learnt about four individuating cues in this way. The cues in question 
were listed as being present, and were (i) high pitch of voice, (ii) ap-
pearing facially expressive, (iii) a large number of silent periods in the 
middle of sentences, and (iv) a large number of self-references such as 
‘I’ and ‘me’. The diagnosticity of each cue was randomised between par-
ticipants, meaning that a cue which was 60% diagnostic of honesty for 
one participant, for example, could be 80% indicative of deception for 
another participant.

At the end of the learning phase, participants were given context-
general information: either that most trivia game players would lie (be-
cause the trivia game is hard and so most people had to cheat and then 
lie about it) or that most would tell the truth (because the trivia game 
was easy and so did not need to cheat and thus could tell the truth about 
not cheating). In a final test phase, participants made lie-truth responses 
with a single cue presented, as per the learning phase, but were given 
no feedback on the accuracy of their responses.

The key dependent measure was the proportion of truth judgements 
in the test phase (PTJ) for each cue diagnosticity. These are shown for 
both the easy and hard conditions in Fig. 1. The difference between 
the easy and hard conditions can be seen in Fig. 1(a). However, the 
patterns of responses in both context conditions (easy, hard) are in fact 
remarkably similar if one is transformed by reflecting along the equality 
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Fig. 2. A conceptual overview of the effect of context-general information on the activation levels of individuating cues in declarative memory.

line and the 0.5 points (as shown in Fig. 1(b)). The correlation and mean 
deviation between the easy and transformed hard data are 0.97 and 0.06 
respectively. An explanation for this similarity is provided below.

Analysis of the data revealed a significant main effect of cue di-
agnosticity, showing that as cues became more indicative of honesty 
the proportions of truth judgements increased. There was also a signif-
icant main effect of context, with more truth judgements being made 
in the easy condition compared to when people were told that the 
game was difficult. The analysis also revealed a significant interac-
tion between cue diagnosticity and context in that the context had a 
greater degree of impact on the final judgement as the cue diagnosticity
reduced.

The experiment provided a quantitative demonstration of how peo-
ple’s judgements result from an interaction between knowledge formed 
from the history of experience underlying the diagnosticity of individu-

ating cues and context-general knowledge about the prevalence of lying. 
The judgements were capable of being modelled as a Bayesian reasoner 
(Street et al., 2016). Questions remain however concerning how the two 
types of knowledge are learned and cognitively represented and what 
the mechanisms of interaction that produce the observed adaptive be-
haviour may be.

In the rest of this paper, we provide an answer to these questions 
in the form of a cognitive process model of adaptive decision making 
that provides a detailed, mechanistic account of the interaction between 
individuating and context-general cues instantiated in the ACT-R theory 
of human cognitive architecture (Anderson, 2007).

ACT-R is a theory of the core components of the human cognitive sys-
tem (including perceptual, cognitive, and motor processes) derived from 
decades of experimental data and theoretical development. It explains 
how these components work together to produce intelligent behaviour. 
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Fig. 3. Control flow of the ACT-R model carrying out a trial of the experiment. Rectangles correspond to actions carried out by production rules, diamonds represent 
junctions in the experiment or model’s behaviour.

A detailed description of the assumptions and functioning of ACT-R is 
provided in the appendix.

We test the ACT-R model in three simulation studies. In Study 1, a 
model of the core principles of ALIED is produced and the model is fitted 
to the data from Street et al. (2016) to assess how well this cognitively 
plausible model of lie-truth judgements explains human responding. In 
Studies 2 and 3, a novel prediction that arises from the model is tested 
with new data: that the lie-truth responses that participants make during 
the training phase is non-linearly predicted by the cue diagnosticity. 
Finally, in Study 3 we show that the model can generalise to situations 
where there are multiple individuating cues available to the decision-
maker, demonstrating that the ALIED model can be generalised to more 
complex environments with multiple cues1

2.  Study 1: An ACT-R model of lie-truth judgements

2.1.  Model control flow

A high-level overview of how the model responds during the test 
phase is offered first. Upon reading a cue, the model attempts to re-
trieve from memory whether the cue is associated with honesty or de-
ception. For each cue there exists two chunks in memory representing 
the possible associations: (i) the cue indicates honesty and (ii) the cue 
indicates deception. Whichever of the two chunks is the more active (as 
a result of prior learning and other factors discussed in the appendix) is 
the chunk that is most likely to be recalled. The recalled chunk forms 
the basis of the lie-truth judgement. This representation approach is 
similar to other instance-based and exemplar-based models of cogni-
tion (e.g., Gilboa & Schmeidler, 1995; Logan, 1988; Medin & Schaffer, 
1978; Nosofsky, 1986), in that individual representations (chunks) exist 
for the different cue-response pairs and responses are determined ac-
cording to similarity-based computations on these representations. Un-
like exemplar-based models of categorisation however, responses are 

1 The ACT-R model code is available to download from GitHub: https://
github.com/djpeebles/act-r-lie-detection-model.

not a function of the summed similarity to all instances of a cate-
gory but are determined by the individual instance most similar to the
cue.

Context-general information acts somewhat like an attenuator dur-
ing this memory retrieval process. Any information that is inconsistent 
with the current context is penalised by lowering its activation (e.g., 
when the context suggests people will mostly lie, chunks that associate 
a cue with telling the truth are penalised, as illustrated in Fig. 2). This 
similarity-based process, known as “partial matching” (see appendix for 
details) is conceptually similar to the Luce-Shepard rule (Luce, 1959; 
Shepard, 1962) in that the probability of a chunk being retrieved is a 
function of its activation strength relative to those of other chunks. For 
this model, the key effect is that chunks that are aligned with the current 
context become more likely to be retrieved. Once a chunk is retrieved, 
the lie-truth judgement is based exclusively on that recalled chunk, e.g., 
if the retrieved chunk indicates that this cue is associated with honesty, 
a truth judgement is made. This process is not deterministic but contains 
a degree of stochasticity so that greater activation increases the proba-
bility of retrieval (outlined in the appendix). The result of this process 
is that context-general information has a stronger effect on the judge-
ment outcome when individuating cues have low (compared to high) 
diagnostic value, as ALIED claims.

This explanation applies equally to situations where the context-
general information either suggests lying or truth-telling will be the 
more frequent. This symmetry accounts for the similarity between the 
easy and hard conditions in the human data revealed in Fig. 1. That is, 
the process underlying the response in both the easy and hard context-
general conditions can be explained as relying on the same process of 
integrating context-general information with individuating cues, mean-
ing that a truth and lie bias arise from the same processes. This is one 
of the more unique claims of ALIED that is not made by competing the-
ories of lie-truth judgements. While it is a controversial claim within 
our field insofar as the truth bias (but not the lie bias) has been ob-
served across many studies (Bond & DePaulo, 2006), it is consistent with 
a Brunswikian lens model and with Bayes theorem, accounts that have 
been successful in explaining judgement formation more generally (e.g., 
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Hartwig & Bond, 2011; Madsen & Pilditch, 2018; Reber & Unkelbach, 
2010)2.

A more detailed control flow of the model executing a single trial (in 
either the training or test phase) of the experiment is illustrated in Fig. 3. 
Reflecting the simplicity of the task, the model is relatively small and 
straightforward, consisting of 15 production rules and two initial declar-
ative chunks to represent the general knowledge (that we assume the 
experiment participants had and which was explicitly reinforced during 
the experiment) that easy games are associated with truth telling and 
hard games with lying.

For each training trial of the experiment, the model reads one of four 
cues on the computer screen and uses it to probe its long-term memory 
for a stored fact concerning whether the cue is indicative of telling the 
truth or lying. If the retrieval is successful, then the model responds 
“truth” or “lie” accordingly (by pressing either the “t” or “l” key on the 
keyboard). If no fact is retrieved, then the model “guesses” by selecting 
one of the two responses at random.

On receipt of the model’s response, the experiment software provides 
feedback (“Correct” or “Incorrect”) which the model reads and uses to 
update its knowledge about the cue by encoding (and thereby strength-
ening) the correct response in declarative memory. After a two-second 
delay, the next trial starts.

When the 80 trials of the training phase are complete the model 
is provided with the additional context-general information regarding 
the difficulty of the game: either “easy” (i.e., truth-telling) or “hard” 
(i.e., lying), depending on the condition the model is being run on, and 
then given the 80 test phase trials to complete. The test phase is nearly 
identical to the training phase in that the model is provided with the 
cues again (but this time only 20 of each in random order) and must 
respond whether the cue is diagnostic of truth-telling or lying. As in the 
original experiment, no feedback was provided to the model in the test 
phase.

2.2.  Results and discussion

2.2.1.  Comparing human and model performance
The model was evaluated by running it 150 times (to simulate 150 

experiment participants) for each context condition, and the data for 
each condition was averaged across participants. To fit the model to the 
human data, three parameters that modify the memory retrieval pro-
cess were adjusted. The first is the threshold parameter in the chunk 
retrieval equation (𝜏 in Eq. (A.2), see appendix) which represents the 
retrieval threshold, a psychological construct related to the accessibility 
of information in memory. Essentially, 𝜏 determines whether a chunk 
is to be included in the set of chunks being considered for retrieval by 
setting the minimum amount of activation required for a chunk to be 
retrieved; chunks with activation levels above this threshold are candi-
dates for retrieval, while those below it are effectively inaccessible at 
that moment. The 𝜏 parameter can be interpreted as representing the 
amount of effort that participants are willing to spend on a retrieval. 
This parameter was set to 0.4.

The second is the activation noise parameter (𝑠 in Eq. (A.2) and the 
variance of the logistic function of 𝜖 in Eq. (A.1), see appendix) which 
represents the psychological phenomenon of random fluctuations in the 
accessibility of memory creating trial-by-trial variability in cognitive 
performance. This parameter was set to 0.21. The final parameter is 
the mismatch penalty (𝑃  in Eq. (A.5), see appendix) which represents 

2 That the lie bias is rarely observed, ALIED argues, is because lie detection 
studies tend to use the same methodology: to present participants with low di-
agnostic information and to allow participants to use their experience-based 
context-general information (“most people tell the truth”) to inform that judge-
ment. When the context changes such that most people will lie (e.g., Hartwig 
et al., 2004) or cues become highly diagnostic of deception (e.g., Bond et al., 
2013), lie biases are observed. Studies such as these are the exception rather 
than the norm, and hence the lie bias being less regularly observed.

the cost or difficulty associated with retrieving information that doesn’t 
perfectly match the current context or cues. To do so, this parameter re-
duces the activation level of chunks based on how much they mismatch 
the specified retrieval cues; increasing the penalty makes the probabil-
ity of retrieving a chunk not completely matching the cues. In the case 
of this experiment, it is the mismatch penalty working with the context-
general information in the retrieval cue that differentially affects the re-
trieval of chunks in the two conditions. This parameter was set to 0.65. 
All three parameters were set to values that are well within the typical 
ranges for ACT-R models and the same parameter values were used for 
both context conditions.

To compare the model and human performance, the PTJ in the test 
phase for the easy and hard context conditions are presented in Fig. 4(a) 
and (b) respectively. The fit of the model to the human data for both dif-
ficulty conditions was very close, 𝑅2 (easy) = 0.92, RMSD (easy) = 0.08, 
𝑅2 (hard) = 0.98, RMSD (hard) = 0.04. That is, the ALIED-inspired com-
putational cognitive model provides a very good fit to the judgement 
outcomes of humans.

2.2.2.  Explaining the model’s performance during the test phase
The model’s performance depends primarily on the chunks in declar-

ative memory that are created during the training phase, and which rep-
resent the instances or experiences of the four cues and their association 
with the truth and lie responses (see appendix for greater detail). As the 
model proceeds through the training phase, eight chunks are created—
two for each cue—that represent (in the form of activation) the model’s 
current beliefs regarding the strength of association (i) between each 
cue and a truth response and (ii) between each cue and a lie response. 
Chunk activations are updated through base-level learning on each trial 
and the activation determines the likelihood of truth and lie response 
retrievals at each new cue presentation in subsequent trials. During the 
test phase these chunks are used as the basis for lie-truth judgements, 
with the chunk that has the greater activation level being retrieved.

Fig. 5 reveals that the effect of context-general information is greater 
as the individuating cue diagnosticity decreases, aligning with ALIED’s 
prediction. Given that the model produces lie-truth responses in the 
training phase, one can see this context effect by observing how the PTJ 
during the training phase (i.e., before the model had access to context-
general information) differs to the PTJ during the test phase.

To explain why this happens, consider the easy condition shown in 
Fig. 5(a) where the context-general information suggests that most peo-
ple will tell the truth. When the cue is present on only 20% of the occa-
sions where speakers tell the truth, only eight of the 40 cues in a block 
indicate truth telling whereas 32 experiences of the cue indicate lying. 
During the training phase this results in the lying chunk being highly 
active compared to the truth chunk and consequently being retrieved 
approximately 93% of the time.

One feature of the human data not matched by the model is the drop 
in the PTJ when a highly diagnostic truth cue (0.8) is presented in the 
easy condition, and the increase in the PTJ when a highly diagnostic 
lie cue (0.2) is presented in the hard condition. In fact, the human data 
show that for highly diagnostic individuating cues (0.8 and 0.2), exper-
iment participants produced responses very close to the actual propor-
tions, regardless of the context-general condition.

This pattern is consistent with ALIED’s position that context-general 
information has relatively little effect when highly diagnostic cues are 
present, although ALIED does not suggest a cognitive mechanism for this 
effect. One plausible explanation is that it reflects findings that people 
do not usually treat probabilities linearly but are increasingly sensitive 
to changes in probability as they move towards the two endpoints 0.0 
and 1.0 (Gonzalez & Wu, 1999; Tversky & Kahneman, 1992). In the case 
of the current experiment, this manifests as a floor/ceiling effect that 
occurs when the difference in proportions becomes sufficiently large.

When environmental proportions reach a certain critical size, people 
may be unwilling to respond beyond a certain proportion (i.e., towards 
100% as they know that was not the case during training) and become 
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Fig. 4. Test phase PTJ for each proportion of truth cue condition for human and model respondents, separated by (a) easy condition and (b) hard condition. These 
figures show how both the model (green line) and human participants (red line) respond based on the cue diagnosticity.

Fig. 5. The PTJ during the training phase (before context-general information is provided) and the test phase (after context-general information is provided) in (a) 
the easy condition and (b) the hard condition. In the easy condition (“most people will tell the truth”), the context increases the PTJ having the most noticeable 
effect at low cue diagnosticities, while in the hard condition (“most people will lie”), the context reduces the PTJ most noticeably at lower cue diagnosticities.

more sensitive to the smaller proportion so that the effect of the ad-
ditional context information becomes negligible—or even reverses—by 
making people more aware of the actual environmental proportions.

More broadly speaking, the context-general effect that serves to bias 
responses may have less of an effect (or maybe reverses) when individ-
uating cues have high diagnosticity. In terms of the ACT-R model, if 
an individuating cue had a diagnosticity of 95% indicative of honesty 
(i.e., very highly predictive of honesty), for instance, the activation of 
that chunk would typically be so high that only a very high mismatch 
penalty and/or noise in the retrieval process would be sufficient to pre-
vent the individuating cue chunk from being retrieved accurately. As 
such, the individuating cue chunk would ultimately drive the decision 
(see Fig. 2 for an overview).

2.2.3.  Explaining the model’s learning during the training phase
Fig. 6 reveals that, as the individuating cue became more diagnostic 

of honesty (i.e., greater than 0.5 on the x-axis of Fig. 6) or more diag-

nostic of deception (i.e., less than 0.5 on the x-axis of Fig. 6), the model 
had an increasing tendency to overestimate how likely the trivia game 
player was telling the truth or lying, respectively, during the training 
phase. It was only when the cue was perfectly non-diagnostic (i.e., when 
the cue was equally associated with telling the truth and lying during 
the learning phase) that the model matched the experimental truth pro-
portions. The discrepancy is approximately equal on either side of the 
0.5 level, reaching a maximum discrepancy at the proportions 0.3 and 
0.7 indicative of honesty.

Street et al. (2016) did not record the participants’ responses during 
the training phase of their experiment, so it is not possible to determine 
to what extent human participants learned the various proportions be-
fore being given the context general information at the start of the test 
phase. To address this, Study 2 replicates the learning phase of Street 
et al. (2016) and collects data to test the model’s prediction regarding 
the discrepancies between actual cue diagnosticity and participants’ re-
sponding during the learning phase.
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Fig. 6. The PTJ made by the model during the training phase, illustrating an 
overestimation of honesty or deception when cues were highly diagnostic of 
honesty or deception, respectively.

3.  Study 2

Study 1 showed that people’s judgements can be explained as being 
affected by both the statistics of the individual cue history combined 
with context-general information, with a high degree of match between 
model and human responses. The model represents an important step 
for the field because it offers novel, quantifiable, and testable predic-
tions of how lie and truth judgements are formed, with the predictions 
arising from a psychologically informed model that details how memory 
encoding and retrieval processes result in the lie-truth judgment. For in-
stance, the model predicts a mismatching between (i) the proportion of 
times that a cue suggesting honesty is present in the environment dur-
ing learning and (ii) the proportion of truth judgements that are made 
during learning. This study provides a test of this model prediction. To 
our knowledge this is an entirely new prediction in this field.

3.1.  Method

3.1.1.  Participants
84 participants took part and were sampled opportunistically from 

University of Huddersfield students. Three participants were excluded 
because 50% or more of their RTs in the test phase were less than 500ms 
(which we interpreted as indicating that they were not engaging ade-
quately with the task), resulting in 81 participants (13 male, 68 female, 
𝑀𝑎𝑔𝑒 = 21.54, 𝑆𝐷𝑎𝑔𝑒 = 5.35) remaining for analysis. No trials were ex-
cluded due to overly long responses (defined as greater than 10 seconds). 
This study was not preregistered.

3.1.2.  Design, materials, and procedure
This study had a test phase that was unrelated to the current topic 

of discussion and so will not be discussed here. The training phase was 
identical to that of Street et al. (2016) except that there were only four 
levels of cue diagnosticity indicative of honesty: 20%, 35%, 65% and 
80%.

3.2.  Results and discussion

To compare the learning of the participants in this study with that 
of the model developed in Study 1, the proportion of truth judgements 
on the last trial of the learning phase for both are plotted in Fig. 7. The 

Fig. 7. The predicted PTJ from the model at the end of the learning phase, 
modelled on the data from Street et al. (2016) (green line), and the actual PTJ 
from human participants at the end of the learning phase from the current study 
(red line).

data show that people are—as the model predicts—maximising their re-
sponses during the learning phase. This result is in accord with previous 
evidence that people do not simply match environmental probabilities 
during probability learning tasks when provided with feedback (e.g., 
Barron & Erev, 2003; Shanks et al., 2002).

This prediction, to our knowledge, has never been made about how 
deception information is learnt. The model’s prediction is novel for the 
field and is supported both by these data and by the empirical literature 
from the broader field of judgement and decision-making research.

4.  Study 3

The model can also be readily generalised to explain more complex 
situations such as when there are multiple indicators in the environ-
ment. In Street et al. (2016), the aim was to provide high control over 
the setting to test a theoretical prediction. To do so, the number of cues 
presented to a participant was limited to a single individuating cue. 
This offered direct and controlled testing of a lie-truth judgement ac-
count that was built on a much noisier previous literature where multi-
ple individuating cues are typically presented to participants via video 
recordings. Video-based studies with no experimental control over the 
available cues make the development and testing of accounts with high 
temporal resolution and mathematical implementation near, if not en-
tirely, impossible. In this study, we also extend the applicability of the 
model to addressing how decisions are made with multiple individuat-
ing cues present.

A key debate in judgement and decision-making research concerns 
whether people integrate multiple cues when making a judgement (a 
compensatory strategy) or whether they ignore most cues and use only 
the more reliable one (a non-compensatory approach: see Pohl (2011) 
for an overview of the debate). Street et al. (2016) attempted to distin-
guish these two approaches through optimisation modelling but found 
that both models performed comparably well in explaining the judge-
ment outcomes. But that study was not designed with the primary aim 
of separating those two approaches. By providing the participant with 
multiple individuating cues with which to contend, this study is de-
signed to test whether people are compensatory or non-compensatory 
decision makers. Both previously (Street, 2015; Street et al., 2016) and 
presently (Study 1), ALIED has taken the position of a compensatory 
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decision maker that uses all the information available to it to form a 
judgement.

If people behave in a non-compensatory way, pairing the most di-
agnostic cue indicating honesty (80%) with either (i) a less diagnostic 
cue also indicating honesty (65%) or (ii) a less diagnostic cue indicat-
ing deception (35%) should have no effect on the judgement. This is 
because a non-compensatory decision maker would ignore the less diag-
nostic cue (35% or 65%) and use only the most diagnostic cue available 
(80%). However, a compensatory decision maker would use all infor-
mation, and so when the highly diagnostic honesty cue is paired with a 
cue that is less diagnostic but suggests deception (80%–35% pairing), 
there should be fewer truth judgements compared to when the highly 
diagnostic honesty cue is paired with a less diagnostic but also truth-
indicative cue (65%–80% pairing). Observing significantly fewer truth 
judgements in the 35%–80% pairing compared to the 65%–80% pair-
ing would be inconsistent with a non-compensatory decision-making 
scheme. This research question is also addressed in this study.

The study also demonstrates proof of principle that the model can 
generalise to situations beyond the presence of a single individuating 
cue. The principles employed can readily be scaled up to any number 
of individuating cues, but by limiting to two individuating cues we are 
able to provide a controlled and parsimonious test of the model’s ex-
planatory power. This study provides an in-principle demonstration of 
the model’s ability to be generalised to more typical lie-truth forma-
tion studies where multiple cues are presented. Additionally, the model 
is fit once again to the training data, as per Study 2, for purposes of 
replicating the effect and demonstrating that the generalisation of the 
model does not undermine its performance relative to the study-specific 
modelling approach of Study 1.

4.1.  Method

4.1.1.  Participants
Participants were 130 undergraduate psychology students at the Uni-

versity of Huddersfield who took part for course credit. Participants’ age 
and (binary) gender were requested but not compulsory and 92 students 
reported both details while the remainder reported neither. The mean 
age of those who did provide information was 20.15 (𝑆𝐷 = 3.85) and 
81 were female. This study was not preregistered.

From the 130 participants, data from 𝑛 = 25 were excluded, 𝑛 = 12
because 50% or more of their RTs in the test phase were less than 500ms 
(which we interpreted as indicating that they were not engaging ad-
equately with the task), 𝑛 = 12 when it was discovered that they had 
taken part in the experiment twice, and 𝑛 = 1 because they did not read 
the instructions. All test phase trials with an RT greater than 10s (which 
is greater than 4 standard deviations from the mean) were not included 
in the analysis. This procedure removed 172 trials (1.37% of the total 
number of trials) from 66 participants from the test phase with no more 
than nine trials being excluded from an individual participant. This rule 
resulted in no exclusions from the training phase data.

4.1.2.  Materials and procedure
The experiment was identical to Street et al. (2016) in all but two 

respects. First, in the training phase, there were only four levels of cue 
diagnosticity indicative of honesty: 20%, 35%, 65% and 80%, identi-
cal to Study 2 above. Second, in the test phase participants saw each 
cue paired with another cue 20 times, creating six combination con-
ditions: 20%/35%, 20%/65%, 20%/80%, 35%/65%, 35%/80% and 
65%/80%. To create the test phase blocks the 120 trials were randomly 
ordered and then presented as a single batch with breaks interspersed 
after every 40th trial. In a test trial the two cues were presented simul-
taneously, one above the other on the screen.

4.1.3.  Generalising the model
The model described here remains unchanged apart from modifi-

cations that allow two cues to be used for retrievals during the test 

phase. Like the previous models, the context-general response bias in 
this model is a slot value in retrieval requests during the test phase, influ-
encing retrieval through the partial matching mechanism: cue-response 
chunks whose response slot matches the bias associated with the current 
context have higher activation, while mismatching chunks are penalised 
according to ACT-R’s mismatch penalty equation.

Unlike the previous models however, in this model cues are not used 
with the response bias as a direct retrieval constraint, but remain as 
chunks in the imaginal buffer, influencing retrievals via ACT-R’s spread-
ing activation mechanism (see appendix for details). This different ap-
proach is required because using multiple cues as slot constraints makes 
retrieval requests overly specific and because spreading activation al-
lows both cues to influence retrieval by increasing the retrieval likeli-
hood of any chunk in memory that is related to the two individuating 
cues. This graded, probabilistic contribution better reflects how multiple 
sources of information influence memory retrieval without requiring ex-
act structural matches, and remains consistent with the underlying claim 
that retrieval is probabilistically influenced by learned cue–response as-
sociations and context.

4.2.  Results and discussion

4.2.1.  Behavioural results
Fig. 8 shows the proportion of truth judgements for each diagnos-

ticity combination for both the easy and hard conditions (that is, the 
context suggested most would tell the truth or that most would lie, re-
spectively).

The core behavioural research question is whether people inte-
grate multiple cues to make their judgement (a compensatory ap-
proach) or whether they ignore some cues and use only the more re-
liable ones (a non-compensatory approach). Consistent with a com-
pensatory decision-making scheme, the 65%–80% cue pairing re-
sulted in a higher proportion of truth judgements (𝑀 = 0.693, 𝑆𝐷 =
0.250) compared to the 35%–80% cue pairing (𝑀 = 0.536, 𝑆𝐷 = 0.273), 
𝑡(104) = 5.38, 𝑝 < 0.001, 𝑑 = 0.53, 95% CI on 𝑑[0.32, 0.73]. Similarly, the 
20%–35% cue pairing resulted in a lower proportion of truth judge-
ments (𝑀 = 0.284, 𝑆𝐷 = 0.244) compared to the 20%–65% cue pairing 
(𝑀 = 0.426, 𝑆𝐷 = 0.292), 𝑡(104) = 4.33, 𝑝 < 0.001, 𝑑 = 0.42, [0.22, 0.62].

A secondary analysis tested whether the context-general information 
had the greatest effect when the joint probability of honesty resulting 
from the individuating cues was nearer chance and the least effect when 
the joint probability of honesty or deception was above chance. This 
prediction arises from ALIED’s claim that people show greater reliance 
on context-general information as the individuating cues become less 
diagnostic.

A reasonable prediction is that context would have the greater ef-
fect (i.e., the difference in PTJ between the context conditions would 
be greatest) when the individuating cue pair had a joint low diagnostic-
ity (i.e., the 35%–65% cue pair). The difference in PTJ between con-
text conditions was predicted to be smallest when the individuating 
cue pairs were highly diagnostic of a particular decision—i.e., either 
20%–35% (both suggesting deception) or 65%–80% (both suggest-
ing honesty). This integration of the two cues assumes a compensatory 
decision-making scheme, which is reasonable given the above results. 
But the same prediction is also consistent with decision-makers using a 
non-compensatory strategy who select only the most reliable individu-
ating cue and only use context when the most diagnostic individuating 
cue available has low diagnosticity.

A 2 (context, between subjects: hard and easy) × 3 (cue pair, 
within subjects: 20%–35%, 35%–65%, and 65%–80%) mixed ANOVA 
was conducted with the PTJ as the dependent variable. The key pre-
dicted interaction was non-significant, 𝐹 (1.81, 185.98) = 0.71, 𝑝 = 0.477, 
𝜂2 = 0.007. There was a linear main effect of cue pair such that the 
smallest observed PTJ was when the 20%–35% cue pairing was pre-
sented (estimated marginal mean, or 𝐸𝑀𝑀 = 0.286, 𝑆𝐸 = 0.024) and 
the largest observed PTJ was when the 65%–80% cue pairing was
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Fig. 8. PTJ in the test phase for each proportion of truth cue conditions in the training phase separated by easy and hard game conditions, Study 2. Error bars denote 
95% confidence intervals.

Fig. 9. Proportion of truth judgements for proportions of truth cue conditions 
on the last trial of the learning phase, humans and model, Study 3.

presented (𝐸𝑀𝑀 = 0.696, 𝑆𝐸 = 0.024), 𝐹 (1.81, 185.98) = 68.47, 𝑝 <
.001, 𝜂2 = 0.399. A main effect of context was also observed: 
participants made more truth judgements in the easy condition 
(𝐸𝑀𝑀 = 0.544, 𝑆𝐸 = 0.021) compared to the hard condition (𝐸𝑀𝑀 =
0.453, 𝑆𝐸 = 0.020), 𝐹 (1, 103) = 9.97, 𝑝 = .002, 𝜂2 = 0.088. Thus, it would 
appear that there is evidence to reject the lack of an effect of context and 
to reject the lack of an effect of cue-pairing, but there was no evidence 
regarding whether context and cue pairing interacted.

To assess whether the interaction effect demonstrated evidence that 
shifts belief towards the null rather than a lack of sufficient information, 
a default Bayes factor was calculated using a Cauchy prior centred on 
zero and scaled over Cohen’s 𝑑 scaled at 𝑟 = 0.50 to determine the prob-

ability of the evidence under a model of just the main effects of context 
and cue-pair compared to a more complex model that also included their 
interaction. The Bayes factor indicates that a shift in credibility towards 
the simpler model (without the interaction) is warranted by a factor of 
8.36.

Street et al. (2016) developed two models of the judgement process: 
a compensatory decision-making interpretation of ALIED (i.e., where 
multiple cues are weighted and integrated into the judgement, in this 
case using Bayes theorem) and a non-compensatory decision-making in-
terpretation of ALIED (i.e., where only the most diagnostic cue is used in 
the judgement and all other cues are ignored). Both models fit the data 
relatively well and it was not possible to distinguish these accounts. 
The behavioural data from the current study is difficult to align with 
a non-compensatory strategy, contributing to the compensatory versus 
non-compensatory decision-making debate in the domain of lie-truth 
judgement formation (see Pohl, 2011).

4.3.  Model results

To fit the model to the human data, four parameters were ad-
justed. The first three (retrieval threshold, activation noise, and mis-
match penalty) were described in relation to the previous model and 
were set to 0.4, 0.3, and 0.6 respectively. These values are very similar 
to the earlier model (0.4, 0.21, and 0.65 respectively). The fourth pa-
rameter relates to the additional spreading activation mechanism used 
for this model in the chunk activation equation (𝑆 in Eq. (A.1), see ap-
pendix). This parameter determines the strength of association between 
chunks in the retrieval request and the chunks in memory (i.e., how 
much weight the cues have in retrieving a chunk relative to the chunk’s 
current base-level activation determined by its history of use). This pa-
rameter was set to 3.0. As with the previous model, all of these values are 
well within the typical ranges for ACT-R models and the same param-
eter values were used for both experiment (easy and hard trivia game) 
conditions. The model was evaluated by running it 60 times for each 
experiment condition and the data for each condition averaged.

The PTJ on the last trial of the learning phase for the human and 
model responses are plotted in Fig. 9. The data show that people
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Fig. 10. Proportion of test phase truth judgements for each proportion of truth cue conditions in the training phase, human and model, Study 3, easy condition (a), 
hard condition (b).

are—as the model predicts—maximising their responses during the 
learning phase (𝑅2 = 0.80, 𝑅𝑀𝑆𝐷 = 0.31). This result replicates Study 2 
and is in accord with previous evidence that people do not simply match 
environmental probabilities during probability learning tasks when pro-
vided with feedback (e.g., Newell et al., 2013).

The mean proportion of truth judgements as a function of cue diag-
nosticity in the training phase for ACT-R model and the human par-
ticipants are compared for the easy and hard experiment conditions 
in Fig. 10(a) and (b) respectively. The fit of the model to the hu-
man data for both difficulty conditions was very close, 𝑅2(𝑒𝑎𝑠𝑦) = 0.99, 
𝑅𝑀𝑆𝐷(𝑒𝑎𝑠𝑦) = 0.03, 𝑅2(ℎ𝑎𝑟𝑑) = 0.93, 𝑅𝑀𝑆𝐷(ℎ𝑎𝑟𝑑) = 0.05. By main-
taining the model’s core structure but making a small adaptation to gen-
eralise the model to handle multiple individuating cues, the model has 
been able to be applied to more complex tasks. Importantly, the model 
has been able to provide a close fit the human data and capture novel, 
non-linear behaviour to provide an explanation of lie-truth judgements. 
To date, there exists no theory of lie detection that can make predictions 
at this level of explanation.

4.3.1.  Explaining the model’s performance during the test phase
For the training phase of Study 3, the model is identical to that for 

Study 1 apart from a generalisation to allow encoding of multiple cues. 
As with the previous model, the training phase creates eight trial chunks 
in long-term memory, two for each cue—one associated with truth, 
the other associated with lie. After the training phase the model was 
provided with the experiment condition information, “easy” or “hard”, 
and before starting the test trials the model retrieved from memory the 
context-general response bias associated with each (“truth” or “lie” re-
spectively)3. Once retrieved, this response bias then became an element 
of the goal which was used as an additional probe in subsequent memory 
retrieval requests for individuating cues.

The effect of this additional probe is to change the dynamics of the re-
trieval process and this is where the partial matching mechanism plays a 
crucial role. Partial matching ensures that all eight cue chunks in declar-
ative memory (the lie and truth response associated to each of the four 
cues) are entered into the retrieval process. Each chunk’s mismatch score 
is computed according to its similarity to the probe on the two elements 
(cue name and context-general response bias). This mismatch score is 
then used to reduce the activation of chunks according to their degree 
of dissimilarity.

3 Note that it is the context-general information that is being retrieved from 
memory at this stage. This should not be confused with retrieving an individu-
ating cue response.

The outcome of this process is that the chunk with the highest ac-
tivation is still the one retrieved, but that chunk may not be an exact 
match to the elements specified in the retrieval request. It also biases 
the retrievals of individuating cues in favour of those chunks containing 
the same response as that associated with the context-general condition, 
increasing and decreasing the probability of a “truth” response in the 
easy and hard conditions respectively. The additional piece of context-
general knowledge informing memory retrieval in the test phase aptly 
represents the bias towards truth responses in the easy condition and 
towards lie responses in the hard game condition.

5.  General discussion

We present the first cognitively plausible computational model of 
lie-truth judgements by implementing it within the ACT-R cognitive ar-
chitecture. Our model provides a close fit to human performance data 
across three studies. It successfully accounts for how individuating cues 
(specific to a statement) interact with context-general information (base 
rates of honesty) to influence judgements. The model demonstrates that 
both truth and lie biases emerge from the same underlying memory 
mechanisms, challenging traditional views that these biases have dif-
ferent cognitive origins (cf. Gilbert et al., 1990; Levine, 2014). Our sim-
ulations closely aligned with human data, accurately predicted novel 
behavioural outcomes validated through empirical tests (Studies 2 and 
3), and successfully generalised to scenarios involving multiple individ-
uating cues.

Integrating ALIED with ACT-R bridges computational and algorith-
mic levels of explanation (Cooper & Peebles, 2015), providing a mech-
anistic account of how lie-truth judgements form. By grounding ALIED 
in established cognitive principles of memory encoding, activation, and 
retrieval, we move beyond descriptive accounts to explain precisely how 
people process deception cues. This implementation shows how ALIED’s 
higher-level Bayesian description translates to specific memory opera-
tions that produce adaptive judgement patterns observed in humans. 
The rigorous constraints imposed by ACT-R provide valuable mechanis-
tic insights into cognitive processes that previously remained unspeci-
fied within ALIED.

Our model generated the novel prediction that people maximise 
rather than match response probabilities during cue learning. Study 
2 confirmed this prediction, showing that participants overestimate 
the diagnosticity of cues during training. The model also predicted 
the functional equivalence of truth and lie biases, supported by 
the symmetrical pattern of responses observed when context-general 
information was transformed between conditions. These successful
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predictions highlight the predictive power of the model beyond simply 
fitting existing data, offering robust empirical support for our theoretical 
claims.

The model clarifies how people balance individuating and context-
general information when forming judgements. When individuating 
cues have high diagnosticity, their memory activation strongly drives 
the judgement, minimising context effects. As cue diagnosticity de-
creases, context-general information exerts greater influence through 
partial matching in memory retrieval. This explains why context has 
stronger effects when individuating information is ambiguous, provid-
ing a cognitive mechanism for ALIED’s core claims.

Study 3 addressed whether people integrate multiple cues (com-
pensatory decision-making) or rely solely on the most diagnostic cue 
(non-compensatory decision-making). Results showed that participants’ 
judgements were affected by both cues in a pair, even when one cue 
was more diagnostic than the other. The model captures this integration 
through spreading activation in memory, where multiple cues simulta-
neously influence retrieval probability. This addresses ongoing debates 
in the field, supports ALIED’s position and aligns with broader research 
in judgement and decision-making, confirming that people generally 
utilise all available information adaptively to make informed judge-
ments.

One response to this claim is that, rather than providing evidence for 
the integration of multiple cues within a trial, the human data may re-
sult from the averaging of single cue responses across trials. While Study 
3 is consistent with compensatory integration of individuating cues, we 
cannot definitively rule out a non-compensatory process where the most 
diagnostic cue dominates on each trial and the aggregate pattern mimics 
integration. This distinction parallels a broader issue in memory mod-
elling: ACT-R’s fan effect model (e.g., Anderson, 1974) assumes graded 
averaging of evidence from multiple features, whereas other paradigms 
such as Extra-List Feature Effect (Mewhort & Johns, 2000) suggest a 
winner-takes-all strategy. Future experimental work could build on this 
contrast to more precisely test whether cue integration in lie-truth judge-
ment is genuinely compensatory or reflects cue selection under uncer-
tainty. Such work would not only refine models of deception judgment 
but also contribute to our understanding of cue weighting in memory-
guided decision making more generally.

Our ACT-R implementation imposes rigorous cognitive constraints 
on the model, including realistic memory dynamics and processing lim-
itations. The model operates on the same 50ms processing cycle as 
other models of human cognition, with all parameters within established 
ranges for ACT-R models. This computationally explicit representation 
of cognitive operations significantly advances theoretical explanations 
beyond heuristic or descriptive accounts, making the cognitive plausi-
bility of ALIED explicit and testable.

It is possible to develop a model of this task that would rely on 
ACT-R’s procedural mechanisms rather than declarative memory, and 
individual differences in strategy could give rise to greater reliance or 
emphasis on different memory systems (Yang et al., 2024). However, 
our declarative memory based model was guided by both theoretical 
and empirical considerations, specifically ALIED’s assumption that per-
formance is based on the retrieval and weighting of individuating and 
context-general information. In contrast, a procedural model would re-
quire abstracting cue-judgement associations into production utilities, 
which would obscure the underlying memory-based representational 
structure that ALIED presupposes. Moreover, the model’s predictions 
about learning trajectories depend on base-level activation dynamics in 
declarative memory, effects that would be less naturally or transparently 
captured in a procedural, utility-based approach.

This work also supports the conception of lie-truth judgements as 
adaptive rather than error-prone. Critically, our model demonstrates 
that lie and truth biases can emerge from identical cognitive opera-
tions, challenging traditional perspectives which consider these biases 
as fundamentally distinct or default psychological states (Gilbert et al., 
1990; Levine, 2014). If biases emerge from optimal use of available in-

formation, improving lie detection may require enhancing cue diagnos-
ticity rather than attempting to overcome presumed cognitive biases. 
The model suggests that low accuracy in lie detection stems primar-
ily from poor individuating cue diagnosticity in typical environments 
rather than faulty cognitive processing, aligning with ecological ratio-
nality perspectives.

While our model makes significant theoretical contributions, future 
research should address limitations related to ecological validity by ex-
ploring contexts closer to real-world lie detection scenarios. Future work 
should incorporate emotional and social interactive factors in decision-
making and test the model with richer, more complex stimuli (Ask et al., 
2020). The current model focuses on memory-based processes but could 
be expanded to include perceptual and attentional mechanisms that in-
fluence cue selection. Longitudinal studies could test how cue-response 
associations develop over time and across varied contexts, further vali-
dating the adaptive nature of lie-truth judgements in real-world settings. 
Finally, future experiments should explicitly test the robustness of com-
pensatory cue integration in more complex, realistic settings with mul-
tiple competing cues and greater environmental uncertainty.
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Appendix A.  Details of the modelling approach

The cognitive process model described in this paper provides a de-
tailed, mechanistic account of adaptive decision making resulting from 
the interaction between individuating and context-general cues. The 
model is instantiated in the ACT-R theory of human cognition (Ander-
son, 2007) and so in this appendix we introduce the ACT-R cognitive 
architecture, detailing the mechanisms relevant to the model.

The ACT-R cognitive architecture

ACT-R is a theory of the core components of the human cognitive 
system (including perceptual, cognitive and motor processes) and how 
these components work together to produce intelligent behaviour. Like 
many other cognitive architectures, ACT-R aims to provide a rigorous, 
formal, information processing level of description that bridges the gap 
between the theories of neuroscience and those of the behavioural sci-
ences (Cooper & Peebles, 2015). It incorporates well established princi-
ples of declarative and procedural knowledge representation, cognitive 
control, and learning, derived from decades of experimental data and 
theoretical development, to create complete, integrated processing mod-
els of cognition. An important feature of ACT-R is that it is implemented 
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Fig. A.11. Functional components of the ACT-R cognitive architecture.

as a software system so that cognitive models can be built, run and com-
pared with human performance data. In addition, it incorporates mod-
els of vision and motor control which can be connected to—and interact 
with—external task and simulation environments.

ACT-R consists of a set of modules (shown in Fig. A.11). A module 
for declarative memory codes a network of knowledge ‘chunks’, where 
a chunk may be, for example, “liars avoid eye contact”. The procedural 
memory module is represented by sets of production rules that encode 
knowledge about behaviour, e.g., when a behavioural cue is detected, 
retrieve from memory whether this cue is associated with deception or 
honesty. Other modules for vision and motor control are also specified.

Cognition is goal driven and proceeds in ACT-R through a set of if-
then rules (called production rules) which are triggered by a match with 
information in the cognitive system. For example, in order to be exe-
cuted, a particular if-then production rule may require that a word has 
been read from the computer screen. If this condition is true, then the 
rule “fires” and its actions will take effect (e.g., if a word has been seen 
on the screen, then look up the meaning of the word in memory). The re-
sult of this production rule will change the state of the cognitive system 
(i.e., the meaning of the word will now be available), and so different 
production rules may match the new state of the system. Tasks are per-
formed through the successive sequential actions of production rules 
and the cycle in which buffers hold representations, patterns in these 
buffers are matched, a production fires, and the buffers are then updated 
for another cycle takes 50 ms (a value shared by several other influen-
tial cognitive architectures, including EPIC (Meyer & Kieras, 1997), Soar 
(Newell, 1990), and CAPS (Just & Carpenter, 1992).

There are two key values that affect the learning and retrieval of 
information in the system: chunk activation and production rule util-
ity. Chunk activation determines the probability and speed of retrieving 

information or chunks from long-term memory. The utility of a produc-
tion rule is used to resolve conflicts in production selection when two 
or more production rules match the state of the cognitive system.

Chunks
ACT-R is a hybrid architecture that combines the symbolic knowl-

edge level system with a subsymbolic system which computes numerical 
values related to the symbolic level entities in long-term memory. Two 
key values are knowledge chunk activation which determines the prob-
ability and speed of chunk retrieval and production rule utility which 
is used to resolve conflicts in production selection when two or more 
production rules match the state of the cognitive system.

Learning in ACT-R occurs in two ways. The first is in the creation of 
new knowledge (both chunks and production rules) in long-term mem-
ory during the course of task execution. The second is through the grad-
ual adjustment of activation and utility values over time which affects 
the likelihood of symbolic entities being utilised in the future. As this lat-
ter form of learning for chunks is crucial to the operation of the current 
model, declarative memory and learning is now described in detail.

Declarative memory
The three mechanisms underlying the cognitive model we describe 

below are: (a) the activation of declarative knowledge and how that 
activation affects the probability of choices over time, (b) the learning 
mechanism that adjusts a chunk’s activation to reflect its history of use, 
and (c) partial matching during retrieval.

When chunks are created in declarative memory, they have an ini-
tial level of activation which decays over time and which determines 
the probability that they can be subsequently retrieved for future pro-
cessing. In the case of the current experiment, chunks represent whether 
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an individuating behavioural cue is indicative of honesty or deception. 
Memory retrieval in ACT-R occurs when a production rule contains a 
retrieval request to the declarative memory module containing one or 
more cues. For example, if a production contains the features of an ob-
ject (e.g., [object = umbrella, colour = red]) then it may probe declara-
tive memory for a chunk using these features to retrieve additional pre-
viously stored items of information related to this object (e.g., [location 
= hallway]), if it has sufficient activation to be retrieved.

The activation of a chunk is the sum of three components: a base-
level activation, reflecting the history of the chunk’s use, an associative
activation, reflecting its relevance to the current context, and a noise 
component, 𝜖, generated from a logistic function with mean zero and 
variance 𝑠. The activation of a chunk 𝑖, 𝐴𝑖 is defined as
𝐴𝑖 = 𝐵𝑖 +

∑

𝑗∈𝐶
𝑊𝑗𝑆𝑗𝑖 + 𝜖 (A.1)

where 𝐵𝑖 is the base-level activation of chunk 𝑖, 𝐶 is the context (i.e., 
the set of elements, 𝑗 currently in the ACT-R buffers which constitute 
the current state of the system), 𝑊𝑗 is the attentional weighting given 
to element 𝑗, 𝑆𝑗𝑖 is the strength of association between element 𝑗 and 
chunk 𝑖, and 𝜖 is a noise component.

The retrieval probability of each chunk 𝑖, 𝑃𝑖 is a function of its acti-
vation, 𝐴𝑖 with increasing activation resulting in increased probability 
of recall. Retrieval probability is defined as

𝑃𝑖 =
1

1 + 𝑒
−
(

𝐴𝑖−𝜏
)

𝑠

(A.2)

where 𝑠 is a noise parameter that tempers the relationship between ac-
tivation and recall probability and 𝜏 is the threshold activation below 
which chunks will not be retrieved. For a set of chunks that match a 
retrieval request, the probability of chunk 𝑖 being selected, 𝑃𝑖, becomes 
a function of its activation, 𝐴𝑖 relative to the activations of the others 
according to the Boltzmann softmax equation

𝑃𝑖 =
𝑒𝐴𝑖∕𝑠

∑

𝑗 𝑒
𝐴𝑗∕𝑠

(A.3)

The chunk with the highest activation among those that match the 
request is the one most likely to be retrieved. If no chunk has an activa-
tion greater than the retrieval threshold then no chunk will be retrieved 
and a retrieval failure will be signalled.

Base-level learning
A chunk’s base-level activation decays as a power function of time 

but is increased with each ‘presentation’ (i.e., when a chunk initially 
enters into declarative memory or when an existing chunk’s activation 
is increased by each additional experience of that chunk). The learning 
of base-level activation for a chunk 𝑖 is described as

𝐵𝑖 = ln

( 𝑛
∑

𝑗=1
𝑡−𝑑𝑗

)

(A.4)

where 𝑛 is the number of presentations for chunk 𝑖, 𝑡𝑗 is the time since 
the 𝑗th presentation, and 𝑑 is the parameter determining the activation 
decay rate.

Base-level activation learning is the mechanism by which ACT-R is 
able to produce behaviour that is governed by past experience and the 
accumulation of evidence and explain a wide variety of memory phe-
nomena including the power laws of learning and forgetting, and the 
effects of frequency and recency on recall probability (e.g., Anderson & 
Schooler, 1991; Pavlik & Anderson, 2005).

Partial matching
As described above, the declarative retrieval mechanism is rather 

rigid in that if no chunk is an exact match to the items in the retrieval 
request, then no retrieval will occur and a retrieval failure will be sig-
nalled. This is the simplest option but ACT-R has more sophisticated 

mechanisms to capture the flexibility of human memory and also com-
mon human retrieval errors, for example when an incorrect (but quite 
similar to the probe) chunk is recalled.

One approach is to not treat cue-chunk similarity as a binary all or 
none affair but to use a partial matching mechanism to compute the simi-
larity between the probe and memory chunks. With partial matching all 
chunks of the same type as the probe are taken into consideration and 
the activation of each chunk, 𝑖 is modified in proportion to its similarity 
to the probe according to ACT-R’s partial matching equation
𝑃𝑖 =

∑

𝑘
𝑃𝑀𝑗𝑖 (A.5)

In this equation, the partial matching value of chunk 𝑖, 𝑃𝑖 is computed as 
the sum of the similarity between each of its slots with the corresponding 
slot 𝑗 in the probe, 𝑀𝑗𝑖 multiplied by a mismatch penalty value, 𝑃  (which 
is constant over all slots). 𝑀𝑗𝑖 is typically set to 0 when slot values are 
equal and −1 when they are not so that the reduction in a chunk’s acti-
vation is proportional to the number of mismatching slots. The effect is 
that when a chunk in declarative memory does not match information 
in the retrieval request, a penalty is applied to its activation, the sever-
ity of which is proportional to the number of mismatching slots. This 
reduces the likelihood of the chunk subsequently being recalled. This is 
critical to implementing ALIED’s context-general information use.

Spreading activation
Recall that in Eq. (A.1) the activation of a chunk 𝑖 in declarative 

memory, 𝐴𝑖 is affected, in part, by an associative component that reflects 
its relevance to the current context 𝐶 (i.e., all the chunks 𝑗 currently 
held in ACT-R’s buffers). By default only chunks in the imaginal buffer 
influence a retrieval in this way.

During a retrieval request, if spreading activation is engaged, the 
chunk in the imaginal buffer spreads activation to each training trial 
chunk 𝑖 in declarative memory based on the contents of its slots 𝑗 (in 
this case the two cues). The amount of activation spread by a cue 𝑗 to 
chunk 𝑖 is based on the strength of association, 𝑆𝑗𝑖 and the attentional 
weighting given to element 𝑗, 𝑊𝑗 . Associative strength is defined as

𝑠𝑗𝑖 =
{

0 If𝑗 ≢ 𝑖and𝑗is not in a slot of chunk𝑖
𝑆 − ln(fan𝑗𝑖) If𝑗 ≡ 𝑖or chunk𝑗is in a slot of chunk𝑖 (A.6)

where 𝑆 is the maximum associative strength and fan𝑗𝑖 is a measure of 
how many chunks are associated with chunk 𝑗 (Anderson, 1974).
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