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Abstract

Episodic memory theories have postulated that in recognition, a probe is accepted or
rejected on the basis of its global similarity to studied items. Mewhort and Johns (2000)
directly tested global similarity predictions by manipulating the feature compositions of
probes — novelty rejection was facilitated when probes contained novel features even when
other features strongly matched, an advantage dubbed the extralist feature effect, which
greatly challenged global matching models. In this work, we conducted similar experiments
using continuously-valued separable- and integral-dimension stimuli. Analogs of extralist
lures were constructed where one stimulus dimension contained a value that was more
novel than the other dimensions while overall similarity was equated to another class of
lures. Facilitated novelty rejection for lures with extralist features was only found for
separable-dimension stimuli. While integral-dimension stimuli were well described by a
global matching model, the model failed to account for extralist feature effects with
separable-dimension stimuli. We applied global matching models — including variants of
the exemplar-based linear ballistic accumulator (EB-LBA) — that employed different means
of novelty rejection afforded by separable-dimension stimuli, including decisions based on
the global similarity of the individual dimensions and selective attention being directed
toward novel probe values (a diagnostic attention model). While these variants produced
the extralist feature effect, only the diagnostic attention model succeeded in providing a
sufficient account of all of the data. The model was also able to account for extralist
feature effects in an experiment with discrete features similar to those from Mewhort and
Johns (2000).

Keywords: recognition memory; global matching models; exemplar models; extralist

feature effect
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Novelty rejection in episodic memory

When we are asked if we recognize a stimulus, what makes us able to recognize items
we’ve experienced and correctly reject novel ones? And moreover, why are some novel
items easy to reject while others are extremely difficult, sometimes resulting in
endorsements of new items that are nearly as strong as those of true memories (e.g.
Roediger & McDermott, 1995)7

The majority of episodic memory models posit that both acceptance of studied items
and rejection of novel items derive from a probe item’s global similarity to the contents of
memory, which is the basis of the recognition decision. In these models, a measure of global
similarity is produced by a process of global matching (see Clark & Gronlund, 1996; Osth
& Dennis, in press, for reviews), in which the probe item is matched against each item in
memory and the similarity is computed. Subsequently, each of the similarities are
aggregated via summation or averaging, producing a measure of global similarity that
indexes the similarity between the probe cue and the stored memories.

Global similarity can be mapped to recognition decisions by comparing the similarity
value to a decision criterion (e.g., Gillund & Shiffrin, 1984; Hintzman, 1988). More recent
frameworks have used the global similarity to drive a noisy evidence accumulation process
between "old" and "new" decisions that is capable of making predictions about both choice
and response time (e.g., Cox & Shiffrin, 2017; Fox, Dennis, & Osth, 2020; Nosofsky, Little,
Donkin, & Fific, 2011; Osth, Jansson, Dennis, & Heathcote, 2018). In both forms of
decision-making, higher global similarity results in a higher likelihood of making an "old"
decision, as the global similarity is a reflection of the likelihood that the probe item is
located in the contents of memory. In this way, global matching models directly reflect the
encoding specificity principle of Tulving and Thomson (1973), in which successful retrieval
is a function of the similarity between the cues at the time of the retrieval and the contents
of memory. The relevance of global matching as a retrieval mechanism extends beyond

episodic recognition memory, as it has been proposed as a cornerstone of an integrated
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theory of attention, categorization, and memory (Logan, 2002). Variants of global
matching models have also been used to explain other cognitive tasks such as eyewitness
identification (Clark, 2003), inductive reasoning (Hawkins, Hayes, & Heit, 2016; Heit &
Hayes, 2011), lexical access (Wagenmakers et al., 2004), implicit memory (Schooler,
Shiffrin, & Raaijmakers, 2001), spoken word recognition (Goldinger, 1998), and probability

estimation (Dougherty, Gettys, & Ogden, 1999).

According to global matching models, a novel stimulus becomes difficult to reject
when its global similarity to the contents of memory is high, as a high value of global
similarity is indicative of the probe being a target item. This can result from the probe
being highly similar to one stimulus in memory or being moderately similar to a number of
items. Conversely, in global matching models, probes that are easy to reject have low
global similarity, in that they are not similar to any of the stored memories. This account
has been successful in explaining a number of findings in episodic memory research. First,
global matching models are able to account for the category length effect: the finding that
increases in the number of studied items from a common semantic or perceptual category
increases the probability that non-studied items (lures) from the same category are
endorsed (e.g., Cho & Neely, 2013; Robinson & Roediger, 1997; Shiffrin, Huber, &
Marinelli, 1995; Zaki & Nosofsky, 2001). This prediction occurs because the greater
number of items in memory that are similar to the probe increases the global similarity,
which consequently increases the probability that they will be endorsed. A second success
is the model’s ability to account for the list length effect, which is the finding that increases
in the number of studied items degrades performance, usually by increasing the false alarm
rate. The explanation is that a larger number of items in memory results in a higher
likelihood that some of the stored memories will resemble the probe (Brandt, Zaiser, &
Schnuerch, 2019; Cary & Reder, 2003; Fox et al., 2020; Kahana & Sekuler, 2002; Nosofsky
et al., 2011; Strong, 1912). Finally, global matching models have also been found to account

for the high rates of false memory in the Deese-Roediger-McDermott paradigm (Deese,



NOVELTY REJECTION 5

1959; Roediger & McDermott, 1995), in which the study of a large number of associates
produces a very high false alarm rate to a non-studied associate due to the non-studied

associate’s similarity to each of the other studied associates (Arndt & Hirshman, 1998).

A limitation of many studies focused on the consequences of similarity is that they
have employed verbal stimuli. Verbal stimuli are high dimensional entities containing both
perceptual and semantic properties, making it difficult to explicitly control the features
that give rise to similarity. However, such a task is made easier with artificial visual stimuli
— such stimuli were employed by Mewhort and Johns (2000) to more directly test the
relationship between global similarity and the rejection of novel items. In their
experiments, participants studied short lists of colored shapes. The critical manipulation
involved the construction of the lures — the matches and mismatches of the lures to the
study set items were independently manipulated to produce differing levels of global
similarity. An illustration of their paradigm can be seen in Figure 1. Specifically, lures
included 1:1 probes that contained exactly one match to a stimulus on one aspect and one
match to a different stimulus on the other aspect (note that we use the term "aspect' here
instead of dimension, as the underlying dimensional structure of the stimuli may be much
greater; color, for instance, is usually represented with three or more dimensions; Ekman,
1954; Shepard, 1962.). A 1:0 probe, in contrast, is a probe that has one match to a
stimulus on one aspect, while the feature of the other aspect was considered an extralist
feature by virtue of it not being present on the study list. Likewise, a 2:0 probe pairs the

extralist feature with a feature presented twice on the study list.

Global matching models predict that a novel item should become more difficult to
reject as the number of matching features across memories is increased. Because global
similarity is additive across memories when the aggregation consists of summing or
averaging, mismatching features from some memories should merely decrease global
similarity, making the novel item easier to reject. Mewhort and Johns (2000) tested this

prediction by comparing the 1:1, 2:0, 1:0, and 0:0 probes in a Sternberg (1966) recognition



NOVELTY REJECTION 6

memory paradigm. According to global matching models, 1:1 and 2:0 probes should be
equally difficult to reject by virtue of their identical number of matches to study list items
(two), while 1:0 probes should be easier to reject due to their low global similarity.
Contrary to this prediction, mean response time (RT) was longest for 1:1 probes and was
virtually equivalent for 1:0 and 2:0 probes (RT was the relevant dependent variable as
accuracy was close to ceiling), while RT was shortest for 0:0 probes. Mewhort and Johns
dubbed the advantage for extralist features (i.e., the ease of rejecting 1:0 and 2:0 probes)
the extralist feature effect. It was as if the novel information present in the extralist probes
was sufficient to override the matching information; the increase in matches from 1:0 to 2:0
did not appear to make lure probes more difficult to reject, but increasing the number of

extralist features to 2 (on 0:0 probes) facilitated rejection.

The rejection advantage for novel extralist probes has been replicated in subsequent
work (E. E. Johns & Mewhort, 2002, 2003). E. E. Johns and Mewhort (2002) further
generalized the results to novel aspects of the stimuli by simultaneously varying the color,
shape, and texture of the items. They found that if each study list item shared the same
feature on one aspect (e.g., all of the study items were blue), lures with novel features on
that aspect (e.g., a yellow item) were rejected easier even if the other aspects (shape and
texture) strongly matched the studied stimuli. In addition, Experiments 5-7 in the
Mewhort and Johns (2000) article demonstrated that the effect could also be observed with
word stimuli in both short- and long-term recognition paradigms, where matches and
mismatches were manipulated by swapping the initial and terminal letters in the words.
The combined set of results demonstrate that this is a highly replicable and generalizable

phenomenon.

The experiments of Mewhort and Johns constitute what is arguably the strongest
challenge to the global matching retrieval mechanism as they directly manipulated the
global similarity between the lures and the study lists and failed to find the predicted

equivalence between 2:0 and 1:1 lures. It is especially problematic that the findings from
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STUDY LIST LURE PROBES

1:1 Probes
Color matches one item
Shape matches one item
2:0 Probes
Color matches two items
Shape matches zero items
1:0 Probes
Color matches one item
Shape matches zero items

g

0:0 Probes
Color matches zero items
Shape matches zero items

Figure 1. Mustration of the Mewhort and Johns (2000) paradigm. The members of the
study set are on the left, while the right column depicts four of the probe types (1:1, 1:0,

2:0, and 0:0 probes), where the numbers refer to the number of matches to color and shape.

these studies are contrary to the predictions of virtually all global matching models.
Mewhort and Johns (2005) performed simulations with two leading global matching
models, namely the Minerva 2 (Hintzman, 1988) and the retrieving effectively from
memory (REM) model (Shiffrin & Steyvers, 1997), which were both found to be incapable
of producing appropriate predictions for the Mewhort and Johns (2000) paradigm.
Specifically, both models predicted equivalent performance for 2:0 and 1:1 probes along
with a rejection advantage for 1:0 over 2:0 probes. The failure of the REM model to
produce the extralist feature effect demonstrates just how challenging the data pattern is,
given that REM iis able to capture a number of benchmark phenomena that challenged
initial global matching models, including the mirror effect (Glanzer & Adams, 1985) and
the null list-strength effect (Murnane & Shiffrin, 1991; Osth, Fox, McKague, Heathcote, &
Dennis, 2018; Ratcliff, Clark, & Shiffrin, 1990). Since the publication of Mewhort and
Johns (2000), newer global matching models have been developed such as the tensor model
of Osth and Dennis (2015), the dynamic recognition model of Cox and Shiffrin (2017), and

the exemplar-based random walk (EBRW) model (Nosofsky et al., 2011). However, despite
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the advances of these models, none of these models have obvious explanations for the

extralist feature effect.

The reason why the extralist feature effect is challenging to the entire set of global
matching models concerns the global similarity computation itself. While global matching
models differ considerably in the way that similarity is computed — ranging from dot
products between vector representations (Hintzman, 1988; Humphreys, Bain, & Pike, 1989;
Murdock, 1982; Osth & Dennis, 2015), an exponential transformation of the distance
between multidimensional representations (Kahana & Sekuler, 2002; Nosofsky et al., 2011),
to the likelihood ratio that the memory trace is a studied item (Cox & Shiffrin, 2017;
Dennis & Humphreys, 2001; Shiffrin & Steyvers, 1997) — in the majority of models, the
resulting global similarity usually arises by summing or averaging the similarity values.
General predictions for the Mewhort and Johns paradigm can be illustrated if we assume
the similarity between two matching features is X. Ignoring the similarity between
mismatching features for the time being, a summed similarity model predicts that a 1:0
probe has a global similarity value of X due the presence of one feature match, while 2:0
and 1:1 probes both exhibit global similarity values of 2X due to two matching features.
Substituting various similarity metrics can change the absolute values of global similarity
but cannot change the differences in global similarity between 2:0 and 1:1 probes that stem

from the matching features.

Given that lures containing extralist features (e.g., 2:0 lures) can yield the same
global similarity as 1:1 lures, an obvious question that emerges is why novel items with
extralist features are easier to reject. Does this rejection advantage reflect the fact that
additional processes are occurring during recognition decisions to facilitate novelty
rejection? Or is the very notion of recognition being determined by global similarity
flawed? The answer to this question has far-reaching implications, as the abandonment of
such models would undermine their application not just in episodic memory, but other

domains such as categorization, lexical access, and eyewitness memory.
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We address this question in the present article in two ways. Our first aim is to
empirically evaluate the generality of the ease of rejection of novel items containing
extralist features. While the extralist feature effect has been demonstrated with both words
and colored shapes, in our experiments we introduce an additional stimulus manipulation
that is theoretically relevant to the set of models we test, namely the distinction between
integral- and separable-dimension stimuli. In the categorization literature (Algom &
Fitousi, 2016; Ashby & Maddox, 1994; Burns, 2016; Garner, 1974; Nosofsky & Palmeri,
1997; Little, Nosofsky, Donkin, & Denton, 2013; Little, Wang, & Nosofsky, 2016; Shepard
& Chang, 1963), integral dimensions, like the brightness and saturation of a color, refer to
dimensions which are difficult to analyze independently; by contrast, separable dimensions,

like color and shape, can be attended without interference from the other dimension.

As we will discuss, this is a theoretically important distinction because only
separable-dimension stimuli enable the individual dimensions in a probe stimulus to be
accessed differently than they are conventionally treated in global matching models,
enabling other methods of novelty rejection. For instance, instead of calculating the global
similarity of the entire stimulus, it might be the case that global similarity is computed for
each stimulus feature — a probe can be rejected if any feature has sufficiently low global
similarity. This would result in more frequent rejection of 2:0 lures — the extralist feature in
2:0 probes has low global similarity, enabling rejection, whereas both features in 1:1 probes
have higher global similarity. A hybrid account is also possible where global similarity of
the entire stimulus can be used to produce "old" decisions while rejection of novel items can
be based on the global similarity of the individual stimulus features. Such a model implies
that the basis for novelty rejection is fundamentally different than that of recognition of
familiar stimuli. The hybrid model was suggested by Nosofsky et al. (2011) as a possible

explanation for the extralist feature effect but was not implemented or fit to data.

An additional possibility is that selective attention may be directed toward features

that are particularly diagnostic for the evaluation of whether a stimulus is "old" or "new".
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For instance, if additional attention is directed toward the extralist feature in 2:0 probes,
that feature exhibits greater weight in determining the inter-item similarities and can
consequently reduce the global similarity of 2:0 probes relative to 1:1 probes. This account
reflects the idea that similarity between stimuli is not fixed, but context-dependent (e.g.,
Tversky, 1977), and selective attention can vary systematically across conditions to
optimize performance (Nosofsky, 1984, 1986). A selective attention explanation of the
extralist feature effect was originally proposed by Nosofsky et al. (2011), but they did not
provide a mechanism for how attention could be directed toward extralist features in this

fashion.

Both of these mechanisms are only possible when stimulus dimensions are
independently accessible to the participant, and thus would only be feasible for
experiments where separable-dimension stimuli are employed. Thus, if the extralist feature
effect is specifically restricted to separable-dimension stimuli, then it would suggest that
the unique affordances from such stimuli may responsible for the ease of rejecting lures that

contain extralist features.

The second aim in our work is to evaluate whether either of these proposed
modifications to the global matching framework are capable of addressing the enhanced
novelty rejection of lures containing extralist features. In this article, we focus on the
exemplar-based linear ballistic accumulator model (EB-LBA: Donkin & Nosofsky, 2012b),
which combines the global matching architecture of the generalized context model (GCM:
Nosofsky, 1986, 1991) with linear ballistic accumulators (LBA: Brown & Heathcote, 2008)
to produce predictions about both choice and distributions of response times. The
underlying EB-LBA framework is sufficiently generalizable to explore all of the relevant
considered models. The closed-form analytics of the LBA allow for generalization to both
parallel and hybrid coactive-parallel decision architectures, while the selective attention
components allow for constructing models where extralist features attract more attention

than other features. We will elaborate more on the relevance of the GCM family of models
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to the extralist feature effect in the next section.

The Exemplar-Based Random Walk (EBRW) Model and its Proposed

Solutions to the Extralist Feature Effect

Despite the contrary evidence to global matching models that was presented by
Mewhort and Johns (2000), a detailed global matching account of stimulus-specific effects
in recognition memory was developed by Nosofsky et al. (2011) in the form of the EBRW.
The EBRW is the integration of the GCM with a back-end random walk process to
produce decisions, which allowed the model to make predictions about both choice and
response time (RT). In the GCM family of models, the stimulus representations are
specified as points in a multidimensional space — similarity between stimuli can be
calculated as an exponential transformation of the distance between them. Representations
of stimuli can be derived from multidimensional scaling (MDS) solutions or other proximity
data, allowing for detailed, trial-by-trial predictions of summed similarity between probes
and the items on the study list. Nosofsky et al. demonstrated that the model was
successful in accounting for variation in both choice probability and mean RT for each
individual tested item in their Experiment 1, which were patches of Munsell colors. The
EBRW was also successful in accounting for many other benchmarks of the Sternberg

(1966) paradigm, including set size and serial position effects.

A question remains: if the work of Mewhort and Johns (2000) demonstrated that
global matching models are not able to predict the feature composition effects of study
lists, how then was the EBRW able to give such a strong account of individual items in
their experiment? This question is especially relevant when one considers that, according
to the EBRW and other models in the GCM family, the extent to which a lure is easy or
difficult to reject depends entirely on its similarity to other members of the memory set.
For instance, a lure that is difficult to reject is often near the representations of the list

items in the similarity space, making it confusable with the list items and resulting in high
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global similarity, whereas an easy lure is often further away from the representations of the
list items and consequently has low global similarity. In other words, the success of the
EBRW in accounting for the variability in the memorability of individual items can be

directly attributed to its reliance on global similarity computation.

At first glance, the successes of the EBRW are at odds with the evidence of Mewhort
and Johns (2000) against a global matching retrieval mechanism. However, despite the
extensive replication, these demonstrations of the extralist feature effect have often
involved separable-dimension stimuli such as colored shapes or words. Nosofsky et al’s
(2011) Experiment 1 stimuli were instead integral-dimension stimuli, in which each of the
dimensions combine into a holistic stimulus that cannot be disentangled into its component
dimensions. Nosfosky and Palmeri (1997) claimed that the EBRW should be restricted to
experiments containing integral-dimension stimuli, as separable-dimension stimuli make it
possible for participants to make decisions about each dimension independently, either in
serial or in parallel, rather than combining them into a single percept. In fact, subsequent
investigations using systems factorial technology (SFT: Townsend & Nozawa, 1995) have
confirmed that participants in categorization tasks do exactly that — strong evidence has
been found for serial or parallel processing of the stimulus dimensions with
separable-dimension stimuli, whereas integral-dimension stimuli employ coactive decision
architectures, in which information from each dimension is combined into a single
processing channel to make a decision (Fific, Little, & Nosofsky, 2010; Fific, Nosofsky, &
Townsend, 2008; Little, Nosofsky, & Denton, 2011; Little et al., 2013; Moneer, Wang, &
Little, 2016; Griffiths, Blunden, & Little, 2017). One should note that the EBRW, as well
as all other global matching models, is an example of a coactive decision architecture
because information from stimulus dimensions and the memory set items are pooled into a

single memory strength value that drives the decision process (Fific et al., 2010).

If categorization decisions about separable-dimension stimuli have been found to be

based on the individual stimulus dimensions, then it is likely that a similar strategy is
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possible with recognition memory decisions as well. That is, global similarity could be
calculated for each stimulus dimension and a stimulus could be rejected if any of them are
unfamiliar. What is particularly relevant for our purposes is the fact that a dimension that
carries a novel value has lower global similarity than a stimulus dimension which contains a
familiar value, which can potentially result in a rejection advantage for stimuli that contain
extralist features. We will demonstrate later that this account of novelty rejection can be
tractably formalized by making recognition decisions on the basis of each dimension,
producing "old" decisions if all dimensions are recognized (e.g., an exhaustive decision rule),
while the stimulus is rejected as new if a "new" decision is made about any of the
dimensions (e.g., a self-terminating decision rule). The EB-LBA affords construction of a
hybrid account where "new" decisions are made in the same way as described, but "old"
decisions are driven by the global similarity of the entire stimulus. Integral-dimension
stimuli, in contrast, do not allow for parallel or serial operations over dimensions because
the dimensions cannot be disentangled from each other. Thus, the above account makes
the novel prediction that no extralist feature effect should be found if integral-dimension

stimuli were employed in the Mewhort and Johns paradigm.

An additional reason why there is enhanced novelty rejection for lures containing
extralist features is that selective attention is directed to the stimulus dimensions carrying
the extralist feature. The GCM family of models (which includes the EBRW and EB-LBA)
depart from many other global matching models because of their emphasis on selective
attention to the stimulus dimensions. Specifically, attention is divided between each of the
component dimensions of a stimulus and can be unequally alotted between the dimensions.
Devoting additional attention to a particular dimension has the effect of expanding that
dimension in the geometric space, such that two stimuli that were previously proximal can
become further apart in psychological distance. In other words, additional attention to a
particular dimension means that matches on that dimension are more consequential in

determining similarity, whereas matches on the unattended dimension have little influence
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on the resulting similarity. Consequently, consider if in Figure 1, more attention was
devoted to the dimensions that comprise shape than the dimensions that comprise color
during the test phase. This has the consequence that matches on the shape carry more
weight in determining similarity, such that the 2:0 probe’s two matches on color would
carry relatively little weight in the global similarity computation. The 1:1 probe, in
contrast, contains one match on the shape (with high weight) and one match on color (with

little weight), resulting in higher global similarity for the 1:1 probe than the 2:0 probe.

Nosofsky et al. (2011) performed model simulations with the EBRW and
demonstrated that additional attention to dimensions that carry the extralist feature is
sufficient to produce enhanced novelty rejection for such lures. However, they did not
provide a mechanism for how selective attention could be allocated in this fashion. While
attention weight parameters are commonly fit as free parameters in applications of the
GCM family of models, the stimulus aspect or dimensions that carry the extralist feature
vary across trials. Thus, while shape in Figure 1 carries the extralist feature, on a later
trial color could carry the extralist feature. Thus, if extra attention was devoted to shape,
the model would predict the opposite of an extralist feature effect on trials where color
carries the extralist feature, as higher global similarity would be predicted for 2:0 probes
than 1:1 probes. Thus, the attentional account requires a specification of how attention
might vary on the basis of the memory set, the probe type, or some combination thereof on

a trial-by-trial basis.

In this work, we additionally explore a novel account of selective attention where the
attention weight to a particular dimension is determined on the basis of how diagnostic
that particular dimension is in determining whether the stimulus is old or new. Specifically,
the likelihood of the value of each dimension of the probe is compared against the
distribution of values from the memory set, and attention is allocated toward the least
likely values. This makes it such that novel values within the probe, such as extralist

features, receive extra attention due to their relative degree of novelty. A selective
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attention explanation of the extralist feature effect is uniquely allowed by
separable-dimension stimuli, given that individual stimulus dimensions cannot be easily
disentangled in integral-dimension stimuli. There are numerous examples demonstrating
that learning which dimensions to selectively attend occurs easily for separable dimensions
(Nosofsky, 1986; Shepard, Hovland, & Jenkins, 1961) but not integral dimensions
(Nosofsky, 1987; Nosofsky & Palmeri, 1996a). A novel theoretical implication of our work
is that the extralist feature effect also belongs to the class of findings differentiating
separable and integral dimensions (see Griffiths et al., 2017, for a review). An advantage
of the GCM family of models — of which the EB-LBA is an example — is that it allows
for implementations of attentional explanations, as selective attention to stimulus

dimensions has not yet been implemented in other global matching models. !

The Current Experiments

Across four experiments, we test for the presence of the extralist feature effect using
integral- and separable-dimension stimuli. We used a novel design where stimuli are
represented using three continuously-valued dimensions. An advantage of employing
continuous-dimension stimuli is that they allow us to construct study lists where the
distance from the probe to the items in the memory set can be balanced in a principled
fashion between items which do and do not contain an extralist feature. In addition, it
allows us to further manipulate stimulus difficulty in a graded and straightforward fashion
— lures that should be easy to reject are located further from the representations of the
study list items in the multidimensional space. As we will demonstrate later in the paper,
this allows us to test some more fine-grained predictions about whether the extralist
feature effect should or should not occur. Finally, our design also allows us to construct

study lists and lure probes for both integral- and separable-dimension stimuli using the

'While models such as the SAM model have implemented selective attention to the context and item cues
(Clark & Shiffrin, 1987; Gillund & Shiffrin, 1984), we know of no application with the SAM model where

selective attention is divided between the dimensions within a particular item.



NOVELTY REJECTION 16

same underlying spatial configurations.

An example of our experimental paradigm can be seen in Figure 2A. In Experiments
1-4, study lists consisted of three stimuli constructed from three dimensions. On each trial,
the three stimuli varied along two dimensions (X and Y in the figure) while the third
dimension (Z in the figure) was fixed across each stimulus. What we term "standard" lures
are lures that took on novel combinations of old and new values along the two varied
dimensions but contained the same value on the fixed dimension. We constructed an
analog to extralist feature ("ELF") lures by constructing stimuli that take a novel value
along the fixed dimension. To manipulate stimulus difficulty, both the standard and ELF

lures had two levels of distance (distance 1 and 2) to the studied list items

One should note that technically speaking, the standard lures in our
continuous-dimension stimuli contain values that could be considered "extralist features" in
that these values are not shared by the study list items — only the fixed dimension is
identical to the study list items. This highlights an important difference between discrete
feature and continuously-valued stimuli — whereas the experiments of Mewhort and Johns
manipulated lure difficulty by varying whether features among lure probes are studied or
unstudied, experiments with continuously-valued stimuli commonly construct lures with
novel values and vary the degree of distance to the studied items, with shorter distances
reflecting higher difficulty due to their greater confusability with the list items (e.g.,
Kahana, Zhou, Geller, & Sekuler, 2007; Visscher, Kaplan, Kahana, & Sekuler, 2007; Zhou,
Kahana, & Sekuler, 2004).

Where the design of our continuous-dimension experiments is conceptually analogous
to that of Mewhort and Johns (2000) is that our ELF lures (a) contain a value that has a
considerably greater degree of novelty than the values among the standard lures, and (b)
ELF lures and standard lures exhibit the same distance on average to the study list items
in the same way that 2:0 and 1:1 lures in Mewhort and Johns design have the same number

of feature matches to the list items, and (c¢) our lure difficulty manipulation is analogous to
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the difference between 2:0 and 1:0 probes).
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how Mewhort and Johns manipulated the number of matching features in lure probes (e.g.,

Integral Dimensions

Vary in amplitude 1, amplitude 2, phase Separable Dimensions
Vary in height, saturation, line position

P o

Figure 2. Examples of how continuous dimension study sets and lure probes were
constructed (panel A). A two-dimensional spatial depiction of the construction of the study
list items, the standard lures, and S-ELF lures (panel B). Example integral-dimension

stimuli (panel C) and separable-dimension stimuli (panel D). See the text for details.

Our Experiments 1 and 2 bear a superficial resemblance to the extralist lures that
were used by E. E. Johns and Mewhort (2002), where one aspect of the stimulus was fixed
on the study list (such as color, shape, or texture) and extralist lures carried a novel value
along that same aspect, whereas the original experiments by Mewhort and Johns (2000)
created extralist features by introducing a new feature on one of the aspects (color or
shape) that varied among the study list items. However, as mentioned, each of these
stimulus aspects are likely represented with multiple dimensions or discrete features, so
there is no guarantee that the extralist feature in the Mewhort and Johns experiments was
always carried by the same psychophysical dimensions as those represented on the study
list.

In addition to lures where the extralist feature is on a novel dimension (ELF lures),



NOVELTY REJECTION 18

in Experiments 2 and 4 we also test lures where the extralist feature is carried by one of
the dimensions that varies among the study list items. We term these lures
same-dimension ELF lures, or S-ELF lures for short. Specifically, for S-ELF lures, the third
dimension is fixed to the same value as the fixed dimension on the study set, similar to the
standard lures. However, while the standard lure probes in Experiments 2 and 4 are
equidistant to the memory set items on both dimensions, the S-ELF lures exhibit values on
one dimension that are proximal to the values of the dimensions of the memory set items,
while the values on the other dimension are further away from the values of the dimensions
of the memory set items. The S-ELF lure probes are continuous analogs to 2:0 lures in the
Mewhort and Johns (2000) paradigm, because the probe dimension that is close to the
memory set items represents a strong match on that dimension (similar to the twice
presented feature in 2:0 probes) whereas the other dimension represents a weak match on
that dimension (similar to the extralist feature in 2:0 probes). An example of an ELF trial
and a S-ELF trial is shown in Figure 3 and Figure 9 while a spatial representation of
S-ELF and standard lures can be seen in Figure 2B, where it can be seen that both S-ELF

and standard lures lie on the same plane, contrary to the novel dimension ELF lures.

Figure 2C and 2D depicts examples of the integral-dimension (Experiments 1 and 2)
and separable-dimension (Experiments 3 and 4) stimuli that we employ. One can see that
the variations among the stimuli are rather subtle in comparison to the experiments of
Mewhort and Johns and consequently, it would be rather difficult to construct labels for
each individual stimulus. In each of our experiments the dimension that is fixed varies from

trial-to-trial to minimize the probability that participants deduce the relevant dimension.

To foreshadow our results, we found no extralist feature effect in Experiments 1 and 2
with integral-dimension stimuli but found a substantial extralist feature advantage with
the separable-dimension stimuli in Experiments 3 and 4 — a result which was unable to be
accounted for by the EB-LBA model. We developed additional variants that employed the

proposed modifications to novelty detection within the model, including parallel decision
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architectures or dynamically varying attention weights, both of which are made possible
with separable-dimension stimuli. The models were jointly constrained by the difference
between standard and extralist lures, but additionally the difficulty of the lures (the two
levels of distance) and the serial position effect — the finding that recently studied items
considerably outperform older studied items (Corballis, 1967; Monsell, 1978). In addition,
the models were constrained by how the complete RT distribution varies across the

stimulus types and difficulty manipulations.

The usage of our continuous-dimension stimuli with psychophysically principled
representations offers two advantageous constraints for our modeling. First, because the
similarity space of the stimuli is known, the EB-LBA models are constrained by the degree
of probe-item similarity on an individual trial basis. Second, because the number of
psychophysical dimensions is known, this allows us to constrain the number of accumulators
in parallel architectures, which involve a race between the stimulus dimensions of the
probe. Appendix B shows the results of MDS studies we performed with a limited set of
stimuli that show that both the integral- and separable-dimension stimuli we employ
conform to the three-dimensional structure we use in our experiments. Furthermore, there
was a very strong correspondence between the MDS estimated coordinates and the
coordinates we employed in our experiments for separable-dimension stimuli.

Correspondence was also found for integral-dimension stimuli but to a weaker degree.

To test the generality of our models to the original Mewhort and Johns (2000) design,
we additionally performed a conceptual replication of the original Mewhort and Johns
experiments with colored shapes that included 1:1, 2:0, 1:0, and 0:0 lures (Experiment 5).
Because we lack psychophysically principled representations of these particular stimuli, our
EB-LBA modeling relied on discrete feature matches and mismatches to each of the
stimuli. Consequently, all mismatches on a particular stimulus dimension all have the same
weight. We found that the models endorsed in our separable-dimension stimuli experiments

similarly performed well with the colored shapres in this experiment, suggesting a
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generality of the account across both continuous and discrete features.

Data from each experiment along with the experiment code and model code can be

found on our OSF page (https://osf.io/b2zyk/) (Osth, Little, & Lilburn, 2019).

Experiments 1 and 2: Integral-dimension stimuli

Experiments 1 and 2 used the same stimuli and study list construction. The only
difference is that Experiment 2 additionally tested same-dimension ELF (S-ELF) lures in
addition to the novel dimension ELF lures and the standard lures. We compensated for the
greater number of trial types in Experiment 2 by having participants complete one
additional experimental session (four sessions in Experiment 2, as opposed to three sessions

in Experiment 1).

Method

Participants. Participants were 31 members of the University of Melbourne
community (15 in Experiment 1, 16 in Experiment 2), with normal or correct-to-normal
vision. In Experiment 1, participants completed in three one-hour sessions, with the
exception of one participant who discontinued before completion of the first session and
was excluded from the analysis. In addition, three participants were not able to complete
all three sessions: one participant only completed one session, while the two others
completed two, but their data was included in the analysis.

In Experiment 2, participants completed four one-hour sessions. Three participants
did not complete all four sessions: one participant completed only a single session while the
other two completed two sessions. All three participants’ data were still included in the
analyses. Due to the impact of COVID-19, we were not able to test all of the participants
in Experiment 2 in an isolated testing booth. Instead, several of our participants
downloaded the experimental software and performed the experiment on their home

computers. Our integral dimensions all involve aspects of shape and should not be affected
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too severely by changes in lighting conditions or monitor position (e.g., unlike color
dimensions which would vary greatly between viewing conditions).

Participants were renumerated at a rate A$15 per session. Human testing was
approved by the Melbourne Human Research Ethics Committee (Approval number:
1034866).

Materials

The stimuli were blob-shaped radial frequency patterns (see Figure 2) generated by
convolving three sine waves plotted in polar coordinates. One sine wave varied in
amplitude and phase angle and a second varied only in phase angle. The amplitude of the
second and third sine waves was fixed at .5, and the phase angle of the third sine wave was
fixed at 0. Previous experiments using these stimuli have found results consistent with the
notion that these dimensions are integral (Op de Beeck, Wagemans, & Vogels, 2003;
Cortese & Dyre, 1996; Lewandowsky, Roberts, & Yang, 2006). For instance, Lewandowsky
et al. (2006) (2006) found that similarity ratings of pairs these stimuli were better captured
by a Euclidean distance metric rather than a city-block distance metric. Op de Beeck and
colleagues found no evidence of dimensional learning for these dimensions consistent with
integrality (Op de Beeck et al., 2003).

Study list items varied on three dimensions: Amplitude, Phase Angle 1, and Phase
Angle 2. Table 1 shows the range of values that were used to generate the study list items
and lures.? Study list generation is described in Appendix C. After setting the values of

the study list, the order of study list presentation was then randomized. Ignoring

2To determine the psychologically differentiable step-size within each dimension (i.e., the just-noticiable
difference, JND), we used the psi method (Kontsevich & Tyler, 1999; Prins, 2006) in a separate calibration
study. Two participants were tested, and their JNDs were similarly found to be .065 for amplitude and .12
radians for phase angle. See Appendix A for more details. Although we varied the physical coordinates
of the stimuli, we confirmed using multidimensional scaling (MDS) that these dimensions captured the

psychological representation of the stimuli (see Appendix B).
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presentation order, there were 697 unique study lists in Experiment 1 and 742 unique lists

in Experiment 2.

Table 1

Range of values (in steps of JND) used to generate study list items and lures.

Integral Dimensions Separable Dimensions

Index Phase Angle Amplitude Saturation Height Bar Position

1 -1.92 0.13 2 12 24
2 -1.68 0.26 4 24 36
3 -1.44 0.39 6 36 48
4 -1.20 0.52 8 48 60
5 -0.96 0.65 10 60 72
6 -0.72 0.78 12 72 84
7 -0.48 0.91 14 84 96
8 -0.24 1.04 16 96 108
9 0.00 1.17 18 108 120
10 0.24 1.30 20 120 132
11 0.48 1.43 22 132 144
12 0.72 1.56 24 144 156
13 0.96 1.69 26 156 168
14 1.20 1.82

15 1.44 1.95

Note: Step size for the integral dimension stimuli in Experiment 2 was 4 x JND;

hence, the values in this table should be multiplied by 2 for Experiment 2.

In Experiment 1, test items were either (a) old target items (sampled randomly from

the study list), (b) new items in the with the same fixed dimension as the memory set
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(standard lure probes), or (c¢) novel dimension extralist feature (ELF) lure probes. Lures
were generated at two distances from the memory set: for distance 1, the lure had a
minimum Euclidean distance of 2 JNDs to any list item. For distance 2, the lure had a

minimum FEuclidean distance of 4 JNDs to any list item.

Standard lures were generated by extending a vector perpendicular to the vector
formed by the study list within the plane formed by the fixed dimension. For instance, if
the variable study list dimensions had index values of [4, 7], [6, 5], and [8, 3] (see the second
to last row of Table C1), the varied dimensions of the lure would have index values of [6.59,
1.59] (or at the same distance but in the other perpendicular direction, [9.41, 4.41]). These
indices were linearly interpolated into the values listed in Table 1 to set the dimensional
values for the lure. The fixed dimension of the standard lure was therefore equal to the
fixed dimension of the study list. The length of the vector was either 2 x the JND

(distance-1) or 4 x the JND (distance-2). Further representative lists are shown in Table 2.

ELF lure probes were generated by projecting a vector of the same length as the
standard lures but perpendicular (normal) to the plane of the study list items. Hence, the
distance of the extralist feature lures to the study list was adjusted to be equivalent to the

distance of the lures to the memory set (see Table 2).

In Experiment 2, to generate the standard and S-ELF lures for each distance, we
generated all possible dimensional combinations that were of a specific distance from the
memory set space (i.e., that varied in the same dimensions varying in the memory set).
Standard lures were chosen such that the absolute difference between the distances for
dimension 1 and dimension 2 was equal (less than .05 JND). For S-ELF lures, the absolute
difference between the distances for dimension 1 and dimension 2 was constrained to be
asymmetric (greater than .05 JND). Hence, standard lures have roughly equivalent
distance to the study list on both dimensions (and hence, roughly equivalent similarity);
S-ELF lures have asymmetric similarity to the study list on both dimensions. ELF lures

were found in the same way as Experiment 1, first by projecting a vector normal to the
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plane of the study list and then adjusting the length of that vector using an optimization
procedure to vary the fixed dimension distance, equating it to the standard and S-ELF lure

distance. Examples of each of the probe types are shown in Figure 3.
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Table 2

Representative lists and lure indices for Experiments 1 and 2

Integral Dimensions

Fixed
Distance Dimension M1 M2 M3 Lure Type  sum(1/d)

1 1 [4,3,8] [4,5,6] [4,7, 4] 4, 6, 7] standard 1.00
1 1 4,3,8] [4,56 [4,7, 4] 4, 7, 6.4] S-ELF 1.01
1 1 4,3,8  [4,5,6] [4,7, 4] [5.55, 5, 6] ELF 1.01
1 2 [4,3,6] [6,3,8 [8,3,10] 6.8, 3, 7.8]  standard 1.01
1 2 4,3,6] [6,3,8 8,3, 10] 2.6, 3, 6] S-ELF 1.01
1 P [4,3,6] [6,3,8 [83, 10  [6,4.55, 8| ELF 1.01
1 3 3,4,10] [5,6,10] [7,8,10] [3.6,7.4,10] standard  0.86
1 3 3,4,10] [5,6,10] [7,8, 10] 6, 4, 10] SELF 087
1 3 3,4,10] [5,6,10] [7,8,10] [7,8 11.725]  ELF 0.86

1 7,4,10] [7,6,8 [7,8,6] 7,9, 5] standard 0.77

1 7,4,10] [7,6,8 [7.8, 6] 7, 4, 12] SELF 077

1 7,4,10] [7.6,8 [7,8,6]  [9.24, 6, §| ELF 0.77

6,10, 5] [8,10,7] [10,10,9] [10.4,10,4.6] standard  0.63
6, 10,5 [8,10,7 [10,10,9] [10,10,4.2]  S-ELF 0.63

6, 10,5 [8,10,7] [10,10,9] [10,12.63,4.6] ELF 0.63
[4,8,6] [6,6,6] [8, 4,6 3, 9, 6] standard  0.77
[4,8,6] [6,6,6] [8, 4,6 8, 7.8, 6] S-ELF 0.76
[4,8,6] [6,6,6] [8,4,0] 6, 6, 8.24] ELF 0.77

Participants were tested in sound- and light-attenuated testing booths on Linux OS
machines running Matlab and Psychophysics toolbox (Brainard, 1997; Pelli, 1997; Kleiner
et al., 2007). A mid-gray background (RGB: [128 128 128]) was used. Response times were

recorded using a calibrated RT Box (Li, Liang, Kleiner, & Lu, 2010).
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Figure 3. Illustration of the list types used in Experiments 1 and 2. The members of the
study list are on the left, while the right column depict the lure types. Refer to the text for

descriptions of how the lures were generated.

Procedure

On each trial, a fixation cross was presented for 1 s, followed by a blank interval of 1
s. Study items were then presented sequentially for 1.75 s each with an intervening interval
of .25 s. Following the presentation of the last item, a second fixation cross was displayed
for 1 s followed by the test item, presented until a response was made (or until 10 s).

In Experiment 1, each session yielded 336 trials: 168 target trials along with 42 trials
of each of the four lure types (standard lures at distance 1 and 2 along with extralist
feature lures at distance 1 and 2). For the target trials, there were an equal number (i.e.,
56) trials in which the test item matched the first, second, or third presented study item.
The fixed study set dimension was varied randomly from trial to trial with a total of 112
trials for each fixed dimension.

In Experiment 2, in each session there were 189 target trials and either 32 trials of
each lure type (standard lures at distance 1 and 2, ELF lures at distance 1 and 2, and

S-ELF lures at distances 1 and 2) or 31 trials of each lure type. There were 2 sessions of
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each frequency making 4 sessions in total of either 381 or 375 total trials. For the target
trials, there were 63 trials in which the test item matched the first, second, or third
presented study item. The fixed study set dimension was varied randomly from trial to

trial with a total of 127 or 125 trials for each fixed dimension depending on the session.

This study (and all other experiments in this article) was not preregistered.

Results

Experiment 1. One participant was excluded from the analysis for performing
extremely close to chance levels (d' = .017). In addition, responses with RTs less than .2 or
greater than 4 seconds were excluded, which resulted in the exclusion of 1.94% of the data.

Results for Experiment 1 can be seen in Figure 4, with the top row (A) showing the
results for each target serial position and lures separated by distance. One can see that
error rates are considerably higher than in many studies in the Sternberg procedure where
study lists are composed of digits or letters, where accuracy is usually at ceiling (e.g.,
Sternberg, 1966; Monsell, 1978). However, it is important to note that when studies have
been conducted with confusable continuous dimension stimuli, error rates are considerably
higher and within the range found in these experiments (e.g, Kahana & Sekuler, 2002;
Nosofsky & Kantner, 2006; Nosofsky et al., 2011).

A typical recency effect was found, with lower error rates found for the third and final
item (M = .169, SEM = .023) from each study list as opposed to the second
(M = .330,SEM = .023) or first item (M = .422, SEM = .022), which is consistent with
many previous studies using the Sternberg paradigm (e.g., Corballis, 1967; Monsell, 1978).

We focused on responses to lure stimuli using 2 x 2 x 3 ANOVAs with lure difficulty
(distance 1 or 2), lure type (standard and ELF), and fixed dimension (amplitude of sine
wave 1, phase angle of sine wave 1, and phase angle of sine wave 2) as factors. The critical
effects in the data were most evident in the error rates (p(error)). Distance 1 lures

exhibited much higher false alarm rates (FAR, M = .512, SEM = .022) than lures at
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distance 2 (M = .269, SEM = .031), BFy = 6.846e + 20. No extralist feature effect was
found, as roughly equivalent FAR were observed for standard lures

(M = .393,SEM = .025) and ELF lures (M = .389,SEM = .024), BFy, = .170. The
dimension that was fixed in the study set had little effect on the FAR, BF}o = .403, with
similar FAR for phase-1 (M = .408, SEM = .026) and phase-2 (M = .416, SEM = .029)
dimensions, although FAR was noticeably lower for the amplitude-1 dimension

(M = .349, SEM = .020).

An interaction between lure type and the fixed dimension was found, as evidenced by
the fact that the model that included such an interaction along with all three main effects
was the preferred model, BF); = 18.706. The results separated by each fixed dimension
can be seen in Figure 4B. The interaction is due to the fact that there was an extralist
feature effect when amplitude-1 was the fixed dimension (lure FAR
M = 458 SEM = .026, ELF FAR M = 242, SEM = .021), whereas there was a inverse
extralist feature effect for phase-1 (lure FAR M = .341, SEM = .031, ELF FAR
M = .475,.025) and phase-2 (lure FAR M = .379, SEM = .027, ELF FAR
M = 454, SEM = .035) were the fixed dimensions. Recall from the Introduction that
extra attention to one of the stimulus dimensions produces exactly this pattern — an
extralist feature effect on the attended dimension, along with an inverse extralist feature
effect on the other dimensions. Below, we discuss converging evidence from both the data

and the modeling that supports this possibility.

Parallel analyses were conducted on the mean RTs on correct trials. Mean RTs were
longer for distance 1 (M = 1.21, SEM = .078) than distance 2 lures (M = 1.12,
SEM = .063), BFyy = 37.92. Mean RTs were nearly equivalent for ELF lures (M = 1.14,
SEM = .065) than standard lures (M = 1.17, SEM = .073), BFjo = .276. Mean RTs were
slightly different depending on the fixed dimension (Mampiitude—1 = 1.10,
SEM ampiitude—1 = 068, Mppase—1 = 1.20, SEMppase—1 = 074, Mppgse—2 = 1.17,

SEMppase—2 = .066), although the Bayes Factor revealed only weak evidence for this
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Experiment 1: Integral-Dimension Stimuli
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Figure j. Group-averaged error rates (left panel) and correct and error RT distributions

(middle and right panels, respectively) for the data from from Experiment 1 with
integral-dimension stimuli. RT distributions are summarized using the .1, .5, and .9
quantiles. The top row (A) shows targets separated by serial position and lure results

separated by distance. The bottom row (B) shows the results separately for each fixed

29

dimension in the probe stimulus. Model predictions are group-averaged posterior predictive

distributions from the EB-LBA model. Error bars depict the 95% highest density interval

(HDI). Note: D1 = distance 1, D2 = distance 2, A = amplitude of sine wave 1, P1 = phase

angle of sine wave 1, P2 = phase angle of sine wave 2.
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difference, BFy = 1.619.

These data appear to be congruent with the predictions of global matching models.
No extralist feature effect was found — instead, memory performance was well described
by the global similarity of the probes to the list items, as evidenced by the very large effect
on performance of the distance between the lures and the study set items. In the next
section, we describe the details of the EB-LBA model and its application in order to

evaluate its quantitative correspondence with the data.

Experiment 2. Due to a bug in the experimental code, on 487 trials (1.37% of the
data) no probe stimulus was presented. These trial were removed prior to further anlaysis.
Three participants were excluded for exhibiting a very large proportion of slow RTs (>20%
of responses slower than 4 seconds) and an additional participant was excluded for
exhibiting poor performance (d’ = .16). The large proportion of slow RTs could be due to
poor compliance from the participants performing the experiments on their home

computers.

Results can be seen in Figure 5. FAR were considerably higher for distance 1 lures
(M = .469, SEM = .0239) than distance 2 lures (M = .214, SEM = .0244),
BFyy = 1.30 x 10?8, Consistent with the results of Experiment 1, there were no differences
in FAR between the different lure types, BFjy = .670. While the Bayes Factor did not
yield decisive evidence for a null effect, inspection of Figure 5 reveals that while the FAR
are approximately equal for each lure type for the distance 2 lures, there do appear to be
FAR differences for the relatively difficult distance 1 lures. However, they are in the
opposite direction of an extralist feature effect: compared to the standard lures (M = .421,
SEM = .0249), FAR are higher for the novel-dimension ELF lures (M = .474,
SEM = .0248) and the same-dimension ELF lures (M = .513, SEM = .0329). This
observation is corroborated by support for an interaction between lure type and distance,
which is indicated by the fact that such an interaction is included in the preferred model,

which additionally includes an interaction between lure type and the fixed dimension, in
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addition to main effects of lure type, distance, and dimension type (BF); = 23.582 for the

preferred model).

Experiment 2: Integral-Dimension Stimuli

A Error Rates Correct RTs Error RTs
0.6 2.5 2.5
ff 2.0 + 2.0 H
0.4 +f _’g ;*. () .; )
< 2 1.5 - 1.5 4 *
= |t Sl e fefr L., pett i
L 0
g ¥ =~ 1.0 1 1.0 1%
0.2 1 LR p®?PRRR L *****"’"
» I o % %
® o B 'R X P hH
~e- Data 0.5 1% 057
—de— Model
00 T T T T T T T T T 00 T T T T T T T T T 00 T T T T T T T T T
Mm N 4 4 4 N NN Mm N = 4 4 4 N N N Mm N = 4 4 4 N N
45*645000000 45*645000000 JagJaDDDDDD
ooy Yy Yy [ U S e T T e ooy L Py Y
B T © © 5 W W 5 w w C © ®© S5 W w 35 w w T © © 5 W w 35 w w
245 - A === 23 - A == -5 A
0.6 2.5 2.5
ft 2.0 - 2.0 -
0.4 ‘F f 0 ° ;;; ‘e ®q
= e 1.5 - 1.5 4 + {
S P ? ? S ,Qt;*;*f*fff e +¥ ++f
g » 1 3 TR 2 1.0 1 R PO S
0.2 - & ARRO S Lo Pyn® L bt
s emeP R eraRean (PRt bbbty
00 T T 1T 17T 17T 17T 17T 17T 1T 1T°7°1 00 T 17T 1T 17T 17T 17T 17T 1T 1T 1T°71 00 T T 1T 17T 17T 17T 17T 17T 1T 1T°7°1
RN NN sESgsfzaapey sEagirerEeee
B8 5d gy oy DB S5dgoyy oy o8B SHgeuyeyy
EE’E’—’#,UJEUJUJEUJ“J 599.:5)5"'"3mu.13u.|m EE’E’—Jﬁwamuamm
kS ) 0 Fe o ” ) Fee o o

Figure 5. Group-averaged error rates (left panel) and correct and error RT distributions
(middle and right panels, respectively) for the data from from Experiment 2 with
integral-dimension stimuli. RT distributions are summarized using the .1, .5, and .9
quantiles. Model predictions are group-averaged posterior predictive distributions from the
core EB-LBA model. Error bars depict the 95% highest density interval (HDI). Note: D1

= distance 1, D2 = distance 2, A = amplitude of sine wave 1, P1 = phase angle of sine

wave 1, P2 = phase angle of sine wave 2.

The interaction between lure type and the fixed dimension is consistent with the
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results of Experiment 1, where higher hit rates and false alarm rates were found for probes
where the amplitude was the fixed dimension. As can be seen in Figure 5B, we found
similar results here — when amplitude-1 was the fixed dimension, FAR were substantially
lower for novel-dimension ELF lures (M = .211, SEM = .0269) than for same-dimension
ELF stimuli lures (M = .452, SEM = .0251) and standard lures

(M = .478, SEM = .0282). However, the opposite results are found when phase-1 or
phase-2 was the fixed dimension: FAR to novel-dimension lures were highest when either
phase-1 (M = .416, SEM = .0273) or phase-2 (M = .400, SEM = .0228) was the fixed
dimension, relative to same-dimension ELF lures (phase-1 M = .313, SEM = .0217,
phase-2 M = .323, SEM = .0280) and the standard lures (phase-1 M = .233,

SEM = .0228, phase-2 M = .233, SEM = .0319). As with Experiment 1, we will
demonstrate below that these results are due to a great deal of attention being placed on
the amplitude-1 dimension. Evidence for this stems from the fact that hit rates are higher
to targets when amplitude-1 was the fixed-dimension (M = .756, SEM = .0450) compared
to the other two dimensions (phase-1 M = .662, SEM = .0363, phase-2 M = .664,

SEM = .0430).

Similar to Experiment 1, analyses of the mean RTs of correct trials revealed many of
the same trends as the error rates. Mean RTs were longer for distance 1 (M = .971,
SEM = .0375) than distance 2 (M = .908, SEM = .0418) lures, BFyjy = 16,094. Little
difference was found in the mean RT to the different lure types — standard lures (M = .914,
SEM = .0412), ELF lures (M = .937, SEM = .0394), and S-ELF lures (M = .945,
SEM = .0406) all exhibited similar mean RTs, although the Bayes Factor did not reveal
strong evidence for equivalence, BFy = .355. Unlike Experiment 1, no differences in mean

RT were found for each fixed dimension, BF}q = .169.

A strong recency effect was again found, with the lowest error rate found for targets
in the third serial position (M = .162 , SEM = .0465) compared to the second (M = .338,
SEM = .0423) and first (M = .418, SEM = .038) position.
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EB-LBA Modeling

The data from both Experiments 1 and 2 appear to be congruent with the
predictions of global matching models. No extralist feature effect was found — instead,
memory performance was well described by the global similarity of the probes to the list
items, as evidenced by the very large effect on performance of the distance between the
lures and the between the probe and the study set items. In this section, we describe the
details of the EB-LBA model and its application in order to evaluate its quantitative
correspondence with the data.

Description of the model. A complete illustration of each of the EB-LBA model
can be found in Figure 6. In the EB-LBA model, each item on our study list is represented
as a point in a three-dimensional space (a simplified two-dimensional Euclidean space is
depicted in Figure 6 for the ease of visualization). In Experiments 1 and 2, these
dimensions correspond to amplitude 1, phase angle 1, and phase angle 2, and the values of
each of these dimensions are the same as the indices used to generate the stimuli. Each
exemplar is assumed to be encoded perfectly into memory. At test, the probe stimulus i is
compared to each of the exemplars stored in memory. This comparison process involves the
calculation of the distance between the probe 7 and the exemplar in memory j, which is

denoted as:

3
dij = [D_ welwa — x5/7)"? (1)
k=1

where z;; is the value of the ¢th item’s dimension k. p defines the distance metric of the
space, with p = 2 for Euclidean distance and p = 1 for city-block distance. We follow
previous convention and employ Euclidean distance for integral-dimension stimuli and
city-block distance for separable-dimension stimuli (e.g., Garner, 1974; Nosofsky, 1984;
Shepard, 1964). wy (0 < wg, > wg = 1) is the attention weight given to dimension k.

Changes in the attention weights have the effect of expanding or decreasing the attention
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Figure 6. Illustration of the EB-LBA model using a simplified two-dimensional space. This

includes (a) calculating the distance between the probe ¢ and the members of the study set

(My, My, and Ms3), (b) conversion of the distances to similarities using an exponential

transformation, (c) calculating a weighted summed similarity, (d) converting the weighted

summed similarity values to mean drift rates, and (e) using the mean drift rates to drive a

pair of linear ballistic accumulators to produce predictions about choice and response time.

See the text for more details.
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given to a given dimension, with a given dimension having no effect on the similarity
calculation as wy approaches zero.
The similarity of the test probe ¢ to a studied item j is an exponentially decreasing

function of their psychological distance (Shepard, 1987):

si5 = exp(—c;d;j) (2)

c; is a sensitivity parameter associated with item j. The sensitivity parameter governs the
steepness of the exponential function — examples depicting three different values of ¢ are
depicted in panel B of Figure 6. As ¢ increases, memory set items that are further from the
probe stimulus yield similarity values that are closer to zero. For instance, in Figure 6B
one can see that when ¢ = 2.0, all distances of 2.0 or greater result in a similarity value
that is close to zero. However, when ¢ = .5, there are still substantial differences in
similarity between distances of 2.0 (s = .367) and 4.0 (s = .135). Thus, as ¢ increases, the
summed similarity computation is dominated by exemplars that are closer to the probe.
Because the distance between an item and itself is always zero, the similarity between a
probe item and its own representation in memory is always one regardless of the value of c.
We follow previous convention and allow ¢ to vary with serial position (Nosofsky et al.,
2011). We obtained reasonable fits with just two parameters: one for the most recent item
(c3) and another for the first two items (cq2)

Similarity values are subsequently converted to summed similarity A of the probe

item ¢ using the following equation:

Ai = Z ijZ'j (3)
J

where m; is the memory strength associated with serial position j. Memory strength
parameters vary by serial position to capture recency effects in recognition memory tasks

(e.g., McElree & Dosher, 1989; Monsell, 1978). It is conventional to fix one of the m
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parameters to 1.0 — this was done for the most recent item, while m; and ms were
estimated as free parameters that were constrained to be less than 1.0. The fact that
information is pooled across both the dimensions and each of the memory exemplars into a
single underlying decision variable (A) is why the standard implementation of the EB-LBA
can be considered a coactive model.

Activation values were subsequently converted to drift rates for the "old" and "new"

accumulators using the following equation:

Voia,i = Aif/ (Ai + K) (4)
Unew,i = 1— Vold,i (5)

where K is a drift criterion parameter. Increases in A or decreases in K have the effect of
increasing drift rate for the "old" accumulator while decreasing the drift rate for the "new"
accumulator. Thus, even though there are two independent accumulators, increases in
global similarity produce increases in v,y and simultaneous reductions in vy, producing
more frequent and faster "old" decisions.

The drift rate parameters are used to drive a pair of linear ballistic accumulators
(LBA: Brown & Heathcote, 2008), which are illustrated in panel E of Figure 6. In the
LBA, each response option is associated with its own accumulator that is racing toward its
associated response threshold, denoted by b. Whichever response’s threshold is reached
first results in the corresponding response being made, and the time taken to reach the
threshold is the RT plus some additional time ¢3 which corresponds to the time taken to
encode the stimulus and make the associated motor response (nondecision time). Evidence
accumulation is linear and noiseless: the slope of the line is denoted by the drift rate,
which is a sample from a normal distribution with mean v and standard deviation sv.
Evidence begins to accumulate at a randomly sampled point from a uniform distribution
with height a (we adopt the lowercase notation to avoid confusion with the activation

values in Equation 3). B corresponds to the distance between the top of the starting point
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distribution and the response boundary b, and provides for more efficient parameter
estimation because it prevents any cases where a > b. In all of our fits, separate B

parameters were estimated for the "old" and "new" accumulators to allow for bias.

The combination of variability in starting point (a) and drift rate over trials (sv)3

allows the LBA to capture the shapes of RT distributions for correct and error responses
across a range of conditions, and the LBA has generally been successful in accounting for
data from recognition memory paradigms (Donkin & Nosofsky, 2012b, 2012a; Osth, Bora,
Dennis, & Heathcote, 2017; Rae, Heathcote, Donkin, Averell, & Brown, 2014). The
EB-LBA model more specifically has been successful at accounting for data from short-term
recognition memory (Donkin & Nosofsky, 2012a), categorization (Little et al., 2016), and

long-term recognition memory and inductive generalization (Hawkins et al., 2016).

Applying the Model to Data. Throughout the article, we applied the model to
data using hierarchical Bayesian techniques. A distinct advantage of hierarchical Bayesian
implementation of cognitive models is that it allows for the simultaneous estimation of
group- and participant-level parameters. This avoids averaging artifacts associated with
fitting group data (e.g., Estes & Maddox, 2005; Liew, Howe, & Little, 2016) but
simultaneously allows for "pooling" information across individuals, such that parameter
estimates from one participant are influenced by the group-level parameters (Shiffrin, Lee,
Kim, & Wagenmakers, 2008). Parameters were sampled using differential evolution Markov
chain Monte Carlo (DE-MCMC) methods, which are robust to correlations among model

parameters (Turner, Sederberg, Brown, & Steyvers, 2013).

The model was fit to the responses and RTs from all individual trials in the

31t may seem somewhat strange that there is variability in drift rate that is not generated by memory
retrieval in the model. However, in a previous application of the EBRW, Nosofsky and Stanton (2006)
found that additional variability outside of the variability in summed similarity across items was necessary
to account for errors that are slower than correct responses. In that work, they were able to produce such
variability by varying the sensitivity parameter c across trials within a mixture model. However, the usage

of the ad hoc sv parameter within the LBA can accomplish the same goal in a simpler fashion.
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experiment. Specifically, in each iteration of MCMC, the likelihood of each response and
RT was calculated according to the LBA’s likelihood function (where the mean drift rates
for the LBA are determined by the equations described above), similar to maximum
likelihood estimation (MLE) — closer matches between the data and model predictions are
reflected in higher likelihoods. However, hierarchical Bayesian parameter estimation differs
from MLE in three important ways. First, the sum of the log likelihood of each data point
is summed with the log likelihood of the participant parameters under their respective
group-level distributions. This is how the "pooling" occurs in hierarchical Bayesian models:
higher likelihoods are assigned to participant parameters that are closer to the group-level
distributions. Second, likelihoods of the parameters that define the group-level
distributions are also calculated on each iteration. Third, MCMC does not result in a
single set of parameter values with the highest likelihood, but instead collects a distribution
of parameters referred to as the posterior distribution, where parameter values with higher
likelihoods are represented more strongly in the posterior distribution. In addition, the
width of a posterior distribution for a given parameter corresponds to the uncertainty with
which the given parameter is estimated. A complete description of the technical details of
applying the models to data can be found in Appendix D. Readers seeking more detail on

MCMC methods should consult van Ravenzwaaij, Cassey, and Brown (2018).

The representations of both the studied items and lure probes were specified using
three-dimensional representations. The coordinates were represented as values along ideal
orthogonal dimensions scaled in terms of the JNDs. 12 parameters were estimated for each
participant, including two memory strength parameters (m; and my), two sensitivity
parameters (0172 and c¢3), two attention weight parameters (w+; and wxs, see Appendix D
for how w can be derived from the w* parameters), the drift criterion K, and five LBA
parameters (sv, Byes, Byo, @, and tp). While this may seem like a large number of

parameters, no parameters explicitly varied across the different lure types in the experiment.
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Model Fitting Results for Experiments 1 and 2. Group-averaged posterior
predictives from the EB-LBA to the data from Experiments 1 and 2 can be seen in Figure
4 and 5, respectively, which not only depict predicted choice proportions for each trial type
(targets from each serial position, standard lures, ELF lures, and S-ELF lures in
Experiment 2) but also depicts predicted correct and error RT distributions for each trial
type. Throughout the article, we summarize the RT distributions using the .1, .5, and .9
quantiles, which respectively are the 10th, 50th, and 90th percentiles. One should note
that these quantiles are purely used to summarize the data and posterior predictives — the
fitting procedure instead fits each individual response and RT combination from each
participant. Uncertainty in the group averages is depicted using the 95% highest density
interval (HDI).

Figures 4A and 5A reveal that the model appears to provide an excellent account of
the choice probabilities and predicts no extralist feature effect: roughly equivalent FAR for
standard lures and ELF lures are predicted at both distances due to both trial types
having equal global similarity. For Experiment 2, the EB-LBA also captures the equivalent
FAR between standard lures and S-ELF lures. In addition, the model is generally
providing a strong account of the RT distributions for each trial type, although the model
appears to underpredict the slowness of the errors for the distance 1 lures. In addition, the
model capably addresses the recency effect seen in the data, demonstrating higher HR and
faster RT for targets in the third serial position as opposed to targets in the first or second
serial position. A minor shortcoming is that the model underpredicts the slowest correct

RTs (the .9 quantile) for targets in the second and third serial position.

Analyses of Experiments 1 and 2 revealed that there was little difference in mean RT
between each of the lure types. The EB-LBA’s posterior predictives in Figures 4 and 5
demonstrate that the model predicts very little difference in the .1 and .5 quantiles across
each of the stimulus types. Instead, the differences are most apparent in the .9 quantile,

where it can be seen that distance 1 lures exhibit a slower .9 quantile than the easier
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distance 2 lures, similar to what is seen in the data. Why does the model show this
pattern? In the EB-LBA model, each of these stimulus classes only show differences in the
drift rate. A counter-intuitive property of evidence accumulation models is that changes in
drift rate show the most pronounced differences in the slowest RTs, with very little
difference in the fastest or median RTs (e.g., Ratcliff & McKoon, 2008; White & Poldrack,
2014).

Figures 4B and 5B depict the data and model fits to the three probe types (targets,
standard lures, and ELF lures) separated by each of the fixed dimensions (amplitude of
sine wave 1, phase angle of sine wave 1, and phase angle of sine wave 2). This demonstrates
the model is actually capable of addressing the extralist feature effect present when
amplitude-1 is the fixed dimension (ELF FAR < standard lure FAR) and the inverse
extralist feature effect when the other two dimensions are the fixed dimensions (ELF FAR
> standard FAR). How does the model accomplish this? Analysis of the group means of
the attention weight parameters reveals that attention is largely fixated on the amplitude-1
dimension in both experiments (Experiment 1: M = .663, 95 % HDI = [.610, .713],
Experiment 2: M = .660, 95% HDI = [.609, .710])), while attention is almost equally
divided between the other two dimensions (Experiment 1: phase-1 M = .154, 95% HDI =
[.125, 1.83], phase-2 M = .182, 95% HDI = [.137, .227|, Experiment 2: phase-1 M = .167,
95% HDI = [.143, .191], phase-2 M = .173, 95% HDI = [.134, .213)]).

Extra attention allocated to the amplitude-1 dimension has the effect of making the
ELF lures less similar to the memory set items than the standard lures when amplitude-1
is the dimension that carries the extralist feature. However, this comes at the cost of a
inverse extralist feature effect on the other two dimensions, as this makes the ELF lures
more similar to the memory set items than the standard lures when the other dimensions
are fixed. Allocating extra attention to the amplitude dimension additionally predicts that
there should be a larger hit rate for targets on trials when amplitude is the fixed

dimension; Figure 4B demonstrates that this pattern is present in both the data and the
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model’s predictions. Thus, evidence from both the data and the modeling strongly suggest
that the interaction between lure type and the fixed dimension is due to the extra attention
allocated to that dimension. Readers may wonder why w is not split equally between
amplitude-1, phase-1, and phase-2, since we argue that these dimensions are integral. To
clarify, the point is that the dimensions are difficult to attend but not impossible (cf.
Nosofsky, 1987). It is reasonable to assume that over the course of many trials and several
sessions, participants are able to focus more on one of the dimensions than another. The
critical distinction is that attention cannot be easily switched from one dimension to
another on a trial-by-trial basis resulting in higher attention overall to one dimension. It is
also possible that the amplitude-1 dimension is more salient than the other dimensions due
to distortions in the psychological representation of the stimuli (see Appendix B).
Scatterplots depicting the results of individual participants against the mean
posterior predictive distributions from the model can be seen in Figures 7 and 8 for
Experiments 1 and 2, respectively. The EB-LBA model appears to provide an excellent
account of the error rates for each item type (top rows) with the majority of r* values in
the .87-.94 range. The model’s coverage of individual participant RTs is quite strong for
targets, even for the error RTs. The 2 values for the .1 quantile are surprisingly low in
Experiment 1 (r? = .33 for correct RTs for lures at distance 1) — this may be due to the
fact that one participant exhibited an unusually slow .1 quantile ( 1 second for both lure
types), whereas the majority of values are in the .5-.6 range. Coverage for the error RTs is
extremely poor for the third target item in Experiment 2. However, performance was
extremely high for this item, and thus there were very few errors. Overall, the model

appears to be capturing differences across individual participants quite well.

Discussion

The results of Experiments 1 and 2 demonstrated that no extralist feature effect was

found with integral-dimension stimuli: virtually equivalent FAR were found for both
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Figure 7. Scatterplots depicting the fit to individual participants from Experiment 1,
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including the error rates (top row), correct RTs (middle row), and error RTs (bottom row),

where RT distributions are summarized using the .1, .5, and .9 quantile. Model predictions

consist of the mean of the posterior predictive distribution from the EB-LBA model.

Notes: T3, T2, T1 = targets at serial positions 3, 2, and 1. L = lures. E = ELF lures. D1

= distance 1. D2 = distance 2.

standard lures and ELF lures at both levels of distance. Experiment 2 replicated this trend

and further demonstrated the equivalence when the extralist feature was carried on the



NOVELTY REJECTION

0.8

0.7

0.6

0.5

0.4

Model
p(error)

0.3

0.2

0.1

0.0

Model
Correct RT

Model
Error RT

0.8 0.8
« Target 3: r2=0.98 V4 Lure D1: r?=0.56 / SELF D1: r*=0.84 0.6 ELFD1: r*=0.84 /
+ Target 2: r2=0.99 ¢A |07 A LureD2: =081 , (0.7 A SELFD2: =077 , : ELFD2:r2=077 /
4 Target1:r2=0.97" / / e
% 0.6 / 0.6 4 0.5 ®
£ / %
/ V4 o/
0.5 0.5 B 4
~ s /o i °
£ ° ,. #y 0.4 /o
* 0.4 o Vo 0.4 /° /n
2 4 4
0.3 * 4 0.3 v d 034 * F
7 ,’ t,ﬁ
4 0.2 0.2
J Ko . / 024 ¥
7 014 # 014 7 /
ra ’ / */
01 4~
T T T 0.0 T T T 0.0 T T T ’ T T T
0 0.2 0.4 0.6 0 0. 0.2 0.4 0.6 0.8 0.0 0.2 0.4 0.6 0.8 0.2 0.4 0.6
3 3 3
© T3,012=088  , s LD1,01r2=076 o s SDL 017 =061 , < EDL0.17=092 ,
# T2,0.1r=0.78 7 # LD2,0.1r>=0.68 7 # SD2,0.1r2=0.91 7 # ED2,0.1r2=0.71 Vi
A T1,0.1r*=0.82 7 7 Vi 7/
/ / / /
i, A 5 4 5 - /o 5 *o 4/
. ‘I /I / 4
A R ( *
°7o ’( .Y**?
R Z ® fe
o 7
5 *g
® T3,0.5r*=0.94 1 4 1 A 1
#* T72,0.5r2=0.9
A T1,0.5r2=0.66 e LD1,0.5r2=0.92 e SD1,0.5r*=0.71 e ED1,05r2=0.71
® T3,0.9r=0.78 # LD2,0.5r2=0.86 # SD2,0.5r>=0.81 # ED2,0.5r>=0.84
/ # T2,0.9r2=0.9 / e LD1,0.9r2=0.8 7 e SD1,0.9r*=0.9 7 ¢ ED1,0.9r>=0.69
A T1,0.9r2=0.89 # LD2,0.9r2=0.91 # SD2,0.9r2=0.94 # ED2,0.9r2=0.52
T T Y T T 0 T T 0 T T
1 2 0 1 0 1 2 0 1 2 3
3 3 3
e T3,0.1r*=0.08 / e LD1,0.1r>=0.64 / e SD1,0.1r?=0.53 V4 e ED1,0.1r2=0.82 7
#* T2,0.1r2=0.69 / # LD2,0.1r2=0.05 / # SD2,0.1r*=0.36 / # ED2,0.1r*=0.24 7
A T1,0.1r2=0.78 7 7 Vi Vi
/ / / /
*o °
° ,"/ Al 2 4 ,/° * 2 ,’ 2 ,/ |
* AA* / * ¢ 7 *
o gt A °
. * . # A
%"h* 1{{!» *i * * *
»£ e o *
® T3,05r2=0.03| 1 S 1 4 1
#* T2,0.5r2=0.32 *
) A T1,0.5r>=0.68 e LD1,05r2=0.7 e SD1,0.5r*=0.88 e ED1,0.5r2=0.51
e T3,0.9r2=0.14 e # LD2,0.5r2=0.64 ; # SD2,0.5r>=0.47 % * ED2,0.5r2=0.62
/ # T2,09r2=0.61 / e LD1,09r2=0.7 / ® SD1,0.9r*=0.8 / ¢ ED1,0.9r*=0.76
A T1,0.9r2=0.84 # LD2,0.9r2=0.54 # SD2,0.9r?=0.52 # ED2,0.9r>=0.8
T T 0 T T 0 T T 0 T T
1 2 0 1 2 0 1 2 0 1 2 3
Data Data Data Data

Figure 8. Scatterplots depicting the fit to individual participants from Experiment 2,
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including the error rates (top row), correct RTs (middle row), and error RTs (bottom row),

where RT distributions are summarized using the .1, .5, and .9 quantile. Model predictions

consist of the mean of the posterior predictive distribution from the core EB-LBA model.

Notes: T3, T2, T1 = targets at serial positions 3, 2, and 1. L = lures. S = S-ELF lures. E

= ELF lures. D1 = distance 1. D2 = distance 2.

same dimension as the standard lures. The data from both experiments were well

accounted for by the standard EB-LBA model without modification. These results
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undermine the generality of the extralist feature effect and suggest that global matching

models are appropriate models for integral-dimension stimuli.

Experiment 3: Separable-Dimension Stimuli

The next major question we are concerned with in this article are whether we can
demonstrate an extralist feature effect using continuously valued separable dimensions and
whether plausible modifications to global matching models can provide a parsimonious
explanation of the extralist feature effect. Thus, in the third experiment, we used a very
similar paradigm to Experiment 1 but with separable-dimension stimuli that were
composed of rectangles that varied in their height, color saturation, and position of a
vertical bar (see Figure 2 for a visual demonstration). As mentioned previously, the ability
to separately process and attend to stimulus dimensions offers some unique possibilities to
the decision-maker, such as decisions based on component dimensions, or the ability to
strategically allocate attention to relevant stimulus dimensions on a trial-by-trial basis. We
test these ideas within a global matching framework by implemenenting (a) parallel global
matching models, where strengths for each stimulus dimension are calculated and compete
to be retrieved and (b) a variant of the EB-LBA where attention is allocated to dimensions
that are more "diagnostic" of the stimulus being novel.

Distance between separable dimension is typically based on the city-block metric
(Attneave, 1950; Nosofsky, 1992; Shepard, 1987; Shepard & Chang, 1963; Torgerson, 1958).
Because the city-block distance is not rotation invariant, we balanced the quantity
summed(1/distance) between lure trials and extralist feature trials by first generating the
standard lure probe and using an optimization procedure on summed(1/distance) to adjust
the value of the fixed dimension to generate an ELF probe with equivalent similarity. We
ran an additional experiment where we equated the city-block distance directly between
standard lure probes and ELF probes. This experiment found an inverse extralist feature

effect — better performance on standard lure probes than extralist lure probes, which is
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likely due to the fact that distance — but not similarity — was equated between the two
probe types, and therefore similarity was lower on average for lure probes than for extralist
feature probes. We report the results of this experiment in Supplementary Materials A and
the data can also be found on our OSF page (https://osf.io/b2zyk/).

Unlike Experiments 1 and 2, we found a large extralist feature effect for
novel-dimension ELF lures, whereas the size of the extralist feature effect with same-
dimension ELF lures depended on lure distance. Because the differences between these
effects were consequential for the models under consideration, we discuss the results of

Experiment 3 and 4 separately, the latter of which contains the same-dimension ELF lures.

Method

Participants. Participants were 19 members of the University of Melbourne
community, with normal or correct-to-normal vision, who participated in three one-hour
sessions. Participants were renumerated at a rate A$15 per session. Human testing was
approved by the Melbourne Human Research Ethics Committee (Approval number:
1034866).

Materials and Procedure

The stimuli were rectangles varying in the internal saturation of the color, their
height, and the horizontal position of an internal bar (see Figure 2). The background color
was selected from the Munsell hue 5R with a brightness value of 4. The standard xyY
coordinates corresponding to the Munsell brightness and saturations (available at
http://www.cis.rit.edu/research/mcsl2/online/munsell _data/all.dat) were
converted to RGB values by converting the xyY values first to CIE XYZ color space
coordinates and then to RGB values using standard transformations (Rossel, Minasny,
Roudier, & McBratney, 2006; Travis, 1991). The width of the rectangle was set to 200

pixels. The bar width and outline were set to 10 pixels. The range of values used for
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saturation, height, and bar position (from the internal left border of the rectangle) are
shown in Table 1. *

For Experiment 3, study sets and test items were constructed in the same manner as
Experiment 1, except that rather than constraining lures and extralist feature lures to have
the same distance from the study set, we constrained lure and extralist features lists to
have equivalent values for summed inverse city-block distance to each study set item.
sum(1/distance) is scale invariant, meaning that multiplying all of the distances by a
constant would still result in the same sum(1/distance) for each probe type. Representative
list values are shown in Table 3. The procedure was also the same as in Experiment 1.
Each of the lure types in Experiment 3 are shown in Figure 9. The MDS analysis reported
in Appendix B shows that the psychological representation of the stimulus dimensions

corresponded closely to the dimensions manipulated in the experiment.

Results

Two participants were excluded for exhibiting chance or close-to chance level
performance (d' = .15 and d’ = —.03). Exclusion of responses faster than .2 seconds or
slower than 4.0 seconds resulted in the exclusion of less than 1% of the data.

Results can be seen in Figure 10. Similar to Experiment 1, distance 1 lures exhibited
much higher FAR (M = .437, SEM = .018) than lures at distance 2
(M = 213, SEM = .016), BFy; = 2.29 x 10**. Contrary to the results of Experiment 1, an
extralist feature effect was found, with ELF probes showing lower FAR
(M = .285, SEM = .013) than standard lures (M = .364, SEM = .020), BFjy = 35.65.
This result demonstrates that the extralist feature effect can be found even with

continuously-valued stimuli that are not easily labeled.

4We again used the psi method as described in Appendix A in a preliminary calibration experiment with
two observers to find the JND’s for each dimension. The JND for saturation was near 2 steps, which is
consistent with previous scaling results for saturation by Nickerson (1936). The JND’s for height and bar

position were both 12 pixels, which is just slightly larger than the line width used to construct the rectangles.
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Table 3
Representative lists and lure indices in Experiments 3 and 4
Separable Dimensions
Fixed
Distance Dimension M1 M2 M3 Lure Type  sum(1/d)
1 1 4,3,8 [4,5,6] [4,7, 4] 4,6, 7] standard 1.00
1 1 [4, 3, 8] [4, 5, 6] [4, 7, 4] [4, 7, 6.4] S-ELF 1.01
1 1 4, 3, 8] [4, 5, 6] [4, 7, 4] [5.55, 5, 6] ELF 1.01
1 [4,3,6] [6,3,8 [8,3,10] 6.8, 3, 7.8]  standard 1.01
1 [4, 3, 6] 6, 3, 8] 8, 3, 10] 2.6, 3, 6] S-ELF 1.01
1 4, 3, 6] 6, 3, 8, 3, 10] 6, 4.55, 8] ELF 1.01
1 3,4, 10] [5,6,10] [7,8, 10] (3.6, 7.4, 10]  standard 0.86
1 3,4, 10] [5,6,10] [7,8, 10] 6, 4, 10] S-ELF 0.87
1 13, 4, 10] [5,6, 10] [7, 8, 10] [7, 8, 11.725] ELF 0.86
1 (7,4, 10] [7,6, 8] (7, 8, 6] (7,9, 5] standard 0.77
1 [7,4,10] [7,6, 8] (7, 8, 6] 7, 4, 12] S-ELF 0.77
1 (7,4, 10] [7,6, 8] [7, 8, 6] 9.24, 6, §] ELF 0.77
6,10, 5] [8, 10, 7] [10,10,9] [10.4, 10, 4.6] standard 0.63
6, 10, 5] [8, 10, 7] [10, 10, 9] [10, 10, 4.2] S-ELF 0.63
6,10, 5] [8, 10, 7] [10, 10, 9] [10, 12.63, 4.6] ELF 0.63
4, 8, 6] 6, 6, 6] 8, 4, 6] 3, 9, 6] standard 0.77
[4, 8, 6] 6, 6, 6] 8, 4, 6] 8, 7.8, 6] S-ELF 0.76
[4, 8, 6] 6, 6, 6] 8, 4, 6] 6, 6, 8.24] ELF 0.77

The dimension that was fixed in the study set had no effect on the FAR,

BFyy = .099, with roughly equivalent FAR for each fixed dimension (saturation

M = .346, SEM = .021, height M = .316, SEM = .015, bar position

M = 313, SEM = .019). A recency effect is again evident, with much higher HR for
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Study List Distance 1  Distance 2

M1 - Standard - .

Lure

I N

M3 - ELF - -

Figure 9. Illustration of the list types used in Experiments 3 and 4. The members of the
study list are on the left, while the right column depicts the lure types. The study list
varies in height and bar position with saturation as the fixed dimension. Refer to the text

for descriptions of how the lures were generated.

targets in the third position (M = .872, SEM = .019) than in the second
(M = .676, SEM = .034) and first (M = .596, SEM = .036) positions.

Interactions of a.) lure type and distance and b.) distance and the dimension that
held the fixed dimension were both found, as the model with main effects of lure type,
distance, and the two interactions was preferred, BF); = 34.37. The interaction between
lure type and distance is due to the fact that the extralist feature effect is larger at
distance 1 (standard lure FAR M = .496, SEM = .025, ELF lure FAR
M = 378, SEM = .015) than at distance 2 (standard lure FAR M = .233, SEM = .021,
ELF lure FAR M = .192, SEM = .014). The second interaction is not of theoretical

interest and was not analyzed further.

Parallel analyses were conducted on mean RTs for each lure type. Mean RT to
distance 1 lures were longer (M = 1.03, SEM = .064) than to distance 2 lures (M = .960,
SEM = .051), BFyy = 43, 154. Standard lures exhibited longer latencies (M = 1.01,
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Experiment 3: Separable-Dimension Stimuli
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Figure 10. Group-averaged error rates (left panel) and correct and error RT distributions
(middle and right panels, respectively) for the data from Experiment 3 with
separable-dimension stimuli. RT distributions are summarized using the .1, .5, and .9
quantiles. The top row (A) shows targets separated by serial position and lure results
separated by distance. The bottom row (B) shows the results separately for each fixed
dimension in the probe stimulus. Model predictions are group-averaged posterior predictive
distributions from both the coactive (red) and parallel (blue, with an exhaustive decision
rule for "old" responses and self-terminating rule for "new" responses) variants of the
EB-LBA model. Error bars depict the 95% highest density interval (HDI). Note: D1 =

distance 1, D2 = distance 2, H = height, Sat. = saturation, BP = bar position.
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SEM = .060) than ELF lures (M = .970, SEM = .054), although the Bayes Factor
revealed weak evidence for this difference, BF}y = 2.053. The Bayes Factor was indecisive
as to whether mean RT varied by which dimension was fixed, BFjy = 1.395.

Unlike the results with integral-dimension stimuli in Experiment 1, the extralist
feature effect we found in this experiment with separable-dimension stimuli are challenging
to global matching models which predict equivalent FAR for the standard lure and ELF
lure probes. We verify this prediction in the next section where we fit the EB-LBA model
to the data. Subsequently, we introduce various modifications to the model in an attempt

to capture the effect.

EB-LBA Modeling

We fit the standard EB-LBA model to the data in the same manner as in Experiment
1 with the same 12 parameters being estimated for each participant. Group-averaged
posterior predictive distributions of error rates and correct and error RT distributions can
be seen in red in Figure 10, where the model is referred to as the "coactive" model. It can
be seen that contrary to the data, the model predicts equivalent FAR between the standard
and ELF lure types — the standard EB-LBA model is not able to capture the extralist
feature effect in the data. However, aside from that major limitation, the model is able to
capture several of the other constraints, including the recency effect, the differences
between easy (distance 2) and difficult (distance 1) lures, and is reasonably able to capture
the shapes of the RT distributions across each trial type. Similar to Experiment 1,
however, the model underpredicts the .9 quantile for correct RTs for targets in the second
and third position.

In the coming sub-sections, we describe model variants that make allowances for
different methods of novelty rejection that are afforded by separable-dimension stimuli
These take the form of either a.) alternative decision architectures to a coactive

architecture or b.) variants that allow for attention to the component dimensions vary on a
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trial-by-trial basis. Each of these model variants vary in their number of parameters and
their flexibility in their ability to capture the data. To place these models on equal footing,
model variants were also compared using the widely applicable information criterion
(WAIC: Watanabe, 2010). WAIC is a metric for model selection that is an approximation
to leave-one-out cross validation, and similar to other information criteria it produces a
value that strikes a balance between goodness-of-fit and model complexity. Because WAIC
is on a deviance scale, lower values are preferred. In contrast to the deviance information
criterion (DIC), WAIC is considered to be a "fully Bayesian" information criterion in the
sense that its penalty term is determined by calculation of the variability in the likelihood
of each data point across all of the parameters in the posterior distribution. In other
words, a more complex model has more "ways" it can fit the data than a less complex
model. WAIC has been recommended over DIC (Gelman et al., 2014).

WAIC values for each model variant can be seen in Table 4.

Table 4
WAIC values for each variant of the EB-LBA for the data from Ezxperiments 3, 4, and 5.

The winning model is depicted in bold. P = the number of participant parameters from the

model.
Exp 3 Exp 4 Exp 5

Model P WAIC P WAIC P WAIC
Coactive (standard EB-LBA model) 1228291 12 45623 11 24325
Parallel: Exhaustive "old" self-terminating "new" 12 29421 12 47663 11 24901
Parallel: Exhaustive "old" two "new' 12 29757 12 47084 n/a
Parallel: Two "old" self-terminating "new" 12 30183 12 48220 n/a
Parallel: Exhaustive "old" and "new" 12 30181 12 47212 11 25920
Hybrid Coactive-Parallel: Self-terminating "new" 17 28807 17 46415 15 24210
Hybrid Coactive-Parallel: Two "new' 17 28652 17 46859 n/a
Hybrid Coactive-Parallel: Exhaustive "new" 17 29439 17 46387 15 24778
Coactive: Diagnostic Attention 16 28035 16 45076 14 24088

Coactive: Attention to Unvarying Dimensions 16 28150 16 45174 n/a
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Parallel Global Similarity Models: Decision on the Basis of Component
Stimulus Dimensions. We formalize the notion of decision by component stimulus
dimensions by inheriting the global matching assumptions of the GCM, but calculating the
summed similarity on the basis of each component dimension separately. In other words,
instead of calculating the global similarity of A across all items and dimensions, separate
global similarities are calculated for each stimulus dimension, reflecting how similar the
probe’s value on that dimension to the values from the list items. This results in the
calculation of three A values: one for each stimulus dimension (height, saturation, and
position of the vertical bar). These A values are then converted to drift rates for an "old"
and "new" accumulator for each stimulus dimension. As we describe below, various decision
rules can be used to map the outcomes of these races to the resulting decision.

Such parallel decision architectures are not new to recognition memory. Several
proposed models and investigations have used parallel or serial architectures for recognition
memory decisions (e.g., Cox & Criss, 2017, 2019; Donkin & Nosofsky, 2012b; Ratcliff, 1978;
Townsend & Fifi¢, 2004). However, an important contrast between such models and the
ones we consider here is that in these investigations the race was either between the items
in the memory set or between item and associative information®. Here, we assume that the
items in the memory set are always aggregated together by virtue of the global similarity
computation — it is instead the stimulus dimensions that race against each other.

One should note that because decision making is based on the stimulus dimensions
and not the entire stimulus, the model can no longer be considered an "exemplar-based'
model. For this reason, we refer to this model as the parallel global similarity model. The

mathematics of the model are described below. They are very similar to the analytics of

5Tt is also worth mentioning that parallel races between the items in the memory set are common in
free recall models (Osth & Farrell, 2019; Osth, Reed, & Farrell, 2021; Polyn, Norman, & Kahana, 2009;
Sederberg, Howard, & Kahana, 2008).
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the EB-LBA model, with the exception that distances and similarities are calculated for

each dimension separately.

The distance between the probe ¢ and memory exemplar 7 on dimension k is given by:

dijk = we(|Tik — Tjk]) (6)

The similarity between the probe i’s value on dimension £ to memory exemplar j is

given by:

Sijk = Gfp(—cjdijk) (7)

Activation values for a particular dimension are produced by summing the similarities
between the probe’s value on that dimension and the values on each of the list items,

weighted by the memory strengths of the exemplars:

Aig = Z M Sijk (8)
J

Unlike the standard EB-LBA model, the parallel global similarity model contains six
linear ballistic accumulators, three "old" and three "new" accumulators for each stimulus
dimension. In other words, the decision process produces recognition decisions on each of
the dimensions at the same time. The drift rates for the "old" and "new" accumulators on

each dimension are given by:

Vold,it = Air/(Air + k) (9)

Unew,ik = 1-— Vold,i (10)

In order to apply a parallel model to data, a decision rule for response termination is

required. We explored a number of different decision rules, but preferred a model with an
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exhaustive rule for "old" decisions as well as a self-terminating rule for "new" decisions,
meaning that an accumulator for a single dimension reaching the "new" boundary is
sufficient to terminate the decision. The lax rule for "new" decisions was used to capture
the idea that an extralist feature in a probe will mismatch the memory set, producing a low
value of A for that dimension, which results in a low drift rate for its "old" accumulator and

a high drift rate for its "new" accumulator, and thus can easily trigger a "new" decision.

An advantage of the LBA is that analytic expressions for parallel models can be
expressed for a wide variety of decision rules (e.g., Cox & Criss, 2019; Donkin & Nosofsky,
2012b; Eidels, Donkin, Brown, & Heathcote, 2010). Analytic expressions for the exhaustive
"old" and self-terminating "new" model can be found in Appendix E. We did not pursue
serial models because this requires the convolution of each searched dimension, and there

are no analytic expressions for this.

The parallel global similarity model contains all the same parameters as the coactive
EB-LBA model. The group-averaged posterior predictives for error rates and correct and
error RT distributions for Experiment 2 can be seen in Figure 5. One can see that the
model captures the extralist feature effect: FAR to ELF lures are lower than to the
standard lure probes. This provides a proof-in-concept that the extralist feature effect can
be produced within a global matching model if decisions are made on the basis of
component dimensions, as the mismatch on the dimension that carries the extralist feature

is sufficient to generate more rejections to ELF lures.

However, aside from its ability to capture the extralist feature effect, the model does
not bear a close quantitative correspondence with the data. The model predicts an
interaction between lure distance and lure type, but in the opposite direction as is seen in
the data — a large extralist feature effect is predicted for the relatively easy distance 2
lures while a smaller effect is predicted for the distance 1 lures. In addition, the model is
predicting faster error responses for lure stimuli than are seen in the data, presumably

because its relatively lax decision termination rule for lure stimuli makes it such that errors
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can be triggered more quickly for lures than for targets. Inspection of Table 4 reveals that
the parallel model performs extremely poorly in WAIC relative to the core model (A
WAIC = 1130 relative to the full model), reinforcing the conclusion that the model is not

providing an adequate account of the data.

Because of our concern about the decision rule for "new" responses being too lax, we
additionally applied three other parallel model variants: one with an exhaustive rule for
"old" responses and two required "new" thresholds, one with two required "old" thresholds
and a self-terminating rule for "new" responses, and a model with an exhaustive rule for
both "old" and "new" responses. Table 4 reveals that none of the alternative decision rules
produced any improvement over the model with exhaustive "old" and self-terminating
"new" model. Group-averaged posterior predictive distributions for each of these

alternative parallel models can be found in Supplementary Materials B.

A parallel model that uses stimulus dimensions as the basis for decision making
should fail for other reasons. In the original Mewhort and Johns (2000) paradigm that uses
discrete features, the parallel model should be unable to discriminate between 1:1 lure
probes and targets because there is no sensitivity to the conjunction of the feature
dimensions that are present in the target probes but not in the 1:1 lure probes. The
coactive model does not share this limitation because the exponential transformation of
distances between exemplars into similarity is non-linear and results in higher similarities
for targets. Due to this issue with the parallel global similarity model — along with the
generally poor performance in model selection — fits of the parallel global similarity model

to subsequent datasets can be found in the Supplementary Materials.

Coactive-Parallel Hybrid Architecture. Nosofsky et al. (2011) proposed a
hybrid decision architecture where the EBRW would use a coactive decision rule for "old"
decisions using only a single accumulator where the memory strength is pooled across all of
the stimulus dimensions and exemplars in memory. For "new" decisions, in contrast, a

parallel decision architecture is employed, with an accumulator corresponding to each
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stimulus dimension and the evidence for each dimension being driven by the similarity
between the value of the dimension in the probe and the values of the corresponding
dimension in each exemplar in memory. In other words, the hybrid model suggests novelty
rejection operates differently than acceptance of old items in that each decision utilizes
different forms of global similarity computation. The hybrid coactive-parallel EB-LBA
model bears a superficial resemblance to the iterative resonance model (IRM: Mewhort &
Johns, 2005) in the sense that separate sources of evidence drive "old" and "new" decisions

in each model (more on the IRM can be found in the General Discussion).

In implementing the hybrid coactive-parallel model, one possible difficulty is that the
larger number of accumulators for "new" responses can result in faster "new" decisions than
'old" decisions. Due to the stochastic nature of the LBA, a larger number of accumulators
for one decision makes it such that there is a high probability that one of the accumulators
will spuriously sample a high starting point or a high drift rate from their respective
sampling distributions. For this reason, we allowed several decision-related parameters to
vary across the two decision architectures (sv, a, and () in addition to the two
distictiveness parameters (c1 2 and c3), resulting in a total of 17 parameters being estimated
per participant. The purpose of varying the nondecision time parameter t, was to allow for
the possibility that the coactive and parallel races might initiate at different times. Thus,
the larger number of "new" accumulators can be compensated by reductions in noise (sv
and a) or longer nondecision times () to produce comparable decision times for "old" and

"new" responses.

We also explored each of three possible decision rules for "new" responses
(self-terminating, two "new" accumulators required to hit threshold to produce a "new'
decision, and exhaustive). Inspection of Table 4 reveals that contrary to the pure parallel
models, the hybrid model that required two "new" responses was the best performing
model of the three hybrid models, which is the model we focus on in the main text. Figures

depicting the fit for the other two hybrid models can be found in Supplementary Materials
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Group-averaged posterior predictive distributions for choice probabilities and correct
and error RT distributions for Experiment 3’s data can be seen in Figure 10. Similar to the
parallel models, the hybrid model is capable of producing the extralist feature effect, albeit

one that is much smaller in magnitude than what is seen in the data.

However, the fact that the hybrid model is capable of addressing the critical
phenomenon of interest is offset by other major shortcomings in its ability to capture the
data. The model is unable to capture the large distance effect in the data and does not
predict a big enough rejection advantage for the relatively easy distance 2 lures. In
addition, the model performs somewhat poorly in its ability to capture the RT
distributions. In particular, it predicts much faster errors to the most recent target than
seen in the data. While the poor performance on the RTs for each stimulus type is likely
due to the different architectures for "old" and "new" responses, we attempted to mitigate
against this as much as possible by allowing a number of parameters to vary freely across
the two architectures. Table 4 reveals that this model performed more poorly than the core

coactive EB-LBA model (A 470 = 361).

Diagnostic Attention Model. Due to the generally poor fits of the parallel global
similarity model and the hybrid coactive-parallel EB-LBA model, we resorted back to a
coactive decision architecture and pursued a model where extra attention is devoted to the
fixed dimension in the study set, which carries the extralist feature. Additional attention to
the fixed dimension can reduce the similarity of ELF lures to the list items. However, as
previously mentioned, an important challenge that our paradigm brings to bear is the fact
that the dimension that carries the extralist feature varies across trials. Thus, we require a
mechanism that determines how extra attention is allocated to the fixed dimension on a
trial-by-trial basis.

We developed a coactive EB-LBA variant where attention weights are allocated to

dimensions that are diagnostic of the probe having appeared in the study set. In this
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model, attentional shifts are inversely proportional to the likelihood of the value of each
probe dimension under the values of the memory set. In other words, attention weights are
allocated to dimensions with values that are surprising or unlikely according to the
memory set items. In the model, base attention weights to each dimension are still
estimated in the normal fashion. We refer to the baseline level attention to each dimension

as w¢ while the shift in attention is referred to as w

shift.
To carry out such a calculation, we need a distribution that describes the variation
over the particular dimension on the study list. We chose a normal distribution here purely
for convenience given that it is suitable for continuously valued dimensions with support
over the real number line. To implement the model, first the mean p and standard
deviation o are calculated for the values of each dimension k among the memory set items.

Subsequently, we calculate the likelihood A of each of the probe ¢’s values on each

dimension k as follows:

ik = ik, o, Ok) (11)

where ¢ is the probability density function of the normal distribution. Note that for the
fixed dimension, the \;; will be undefined because o, for that dimension will be zero. For
this reason, we truncate o to a very small value as a minimum (107'%). Attention weights
are allocated to the probe’s dimensions that have lower likelihoods according to the values

of the study list:

1
Vi = — (12)
Aiz + 1010
shift Yik + B
w; — S 13
F >k (e + Br) (13)

where [, is a bias parameter for dimension k. A small value is included in the denominator

of Equation 13 to prevent 7;; from being undefined when values of \;. are zero.
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Equation 13 states that attentional allocation to a given dimension is proportional to
how unlikely the value on that dimension is. We introduced bias parameters to the model
because we found that the attentional shifts determined by the model without any
additional parameters were too extreme and also required variation for each dimension.
The bias parameters have the effect of mitigating the attentional allocation determined by

shift will be dominated by the relative values of 3

Equation 13. As 3, approach infinity, w
parameters. The psychological underpinning of the bias parameters is that participants
may only have approximate knowledge of the likelihood of each probe value, similar to the
idea behind "subjective" likelihood ratio models of recognition memory (e.g., Criss &
McClelland, 2006; McClelland & Chappell, 1998; Osth, Dennis, & Heathcote, 2017; Shiffrin
& Steyvers, 1997). Indeed, we find it extremely unlikely that participants would be able to
perform such likelihood calculations in an exact manner. The separate [ parameters for
each dimension may reflect the fact that some dimensions may be easier to calculate
likelihoods for than others.

The final attention weights are a weighted combination of the original attention

weights w"**¢ and the shift w"/t:

wie = (1 = p)wlt® + pwi* (14)

where p is a proportion parameter bounded between zero and one that governs the size of
the attentional shift. The w%**¢ values are estimated in the same manner as the core
EB-LBA model. This results in an additional four parameters (p, 51, 52, and f3) in
addition to the parameters from the core EB-LBA model.

Illustration of the Diagnostic Attention Model. An illustration of how
attention shifts can produce lower similarity for ELF trials can be seen in Figure 11, which
uses a simplified two dimensional space instead of the three dimensional space in this
experiment. The top panel shows items from the memory set, where all of the items vary

only on the y dimension but have common values on the x dimension. Depicted are a lure
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probe and an ELF probe, where the ELF trial carries a novel value on the x dimension, but
both the ELF and standard lure have the same similarity (summed(1/distance)) to the

memory set items.

Figure 11a illustrates the likelihood calculation for both the lure and ELF probes.
For each dimension, a normal distribution is depicted in gray, where the mean and
standard deviation are determined by the values of the memory set on that dimension. The
tick marks depict the values of the memory set items, whereas the vertical dotted lines
depict the values of the lure and ELF probes on that dimension. The lure probe contains a
value that is the same as the memory set items on dimension x, resulting in a very high
likelihood for that value. The lure’s value on the y dimension is less likely, as illustrated by

the fact that it lies toward the tail of the normal distribution.

Equation 13 dictates that the probe’s value on a given dimension will receive greater
attention allocation (wgpf¢) if the value has a low likelihood. Thus, in this example, the
lure probe will receive extra attention to the y dimension by virtue of its lower likelihood.
Thus, Equation 13 results in a shift in attention to the y dimension for the lure probe.
Figure 11b illustrates the consequences of that attention shift — the y dimension is
expanded while the x dimension is contracted. Consequently, the lure is more distant from

the memory set items, resulting in a lower similarity to them.

The ELF probe shows a similar attention shift to the opposite dimension, but in a
more exaggerated fashion. Figure 11b illustrates that the ELF’s value on the x dimension
is completely outside of the distribution of the memory set, which has very low variability.
Consequently, the likelihood of the ELF’s value on this dimension is essentially zero,
indicating that this value is highly surprising relative to what was present in the memory
set. The value on the ELF’s y dimension, in contrast, is toward the center of the normal
distribution, which has high variability. This results in a high likelihood, but not as high as
the lure’s value on dimension x. Both of these effects in tandem result in a shift in

attention to the x dimension that is significantly stronger than the lure’s attention shift to
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Figure 11. Ilustration of attention shifts in the diagnostic attention EB-LBA model using
a simplified two-dimensional space. This includes a.) calculating likelihoods of the probe’s
values according to the memory set (M;, Ms, and Mj), where the distribution is depicted

in gray, and b.) allocating attention to dimensions that have lower likelihoods, resulting in

the expansion of dimensions that carry novel values. See the text for more details.
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the y dimension. Figure 11b illustrates the expansion on the x dimension, where it can be
seen that the ELF lure is pushed much further from the memory set items, resulting in a

low global similarity for such a probe item.

It is important to note that this diagnostic attention variant of the EB-LBA is
identical to the core model with the exception of the trial-to-trial changes in attention.
Each of the probe’s values are processed to evaluate which dimension should receive the
most attention, with the idea behind that a dimension that carries a relatively novel or
surprising value relative to what was studied in the memory set will receive the most
attention; the model then proceeds with a global similarity computation where the

attended dimensions carry the most weight.

Fits to Data and Estimated Attention Weights. Group-averaged posterior
predictives from the diagnostic attention model can be seen in Figure 12. The model
successfully accounts for the extralist feature effect in the data without compromising its
ability to fit other aspects of the data. The model successfully accounts for the distance
effect (higher FAR for distance 1 than distance 2 lures). The model is also able to account
for the relatively small differences in RT between each of the lure types, as it predicts only
small differences in the .9 quantile across both lure difficulty and lure type. In addition,
Figure 12B reveals that the model also accounts for the differences across the fixed
dimensions, specifically the finding that the extralist feature effect is evident when height
and bar position are the fixed dimensions, but not when saturation is the fixed dimension.

base and w*"* focused on the fixed dimension are

The estimated values of w, w
depicted in Figure 13 for each trial type, calculated from the group mean parameters of the
model after it had been fit to data. The panel in the top row shows the estimated values
collapsed across all dimensions, while the bottom row depicts the attention on the fixed

shift shows

dimension conditioned on each individual dimension. On ELF lure trials, w
maximal attention on the fixed dimension (w*"/* = 1) for all dimensions. However, the final

estimates of w are much more restrained — showing extra attention to the fixed dimension
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Experiment 3: Separable-Dimension Stimuli
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Figure 12. Group-averaged error rates (left panel) and correct and error RT distributions
(middle and right panels, respectively) for the data from Experiment 3 with
separable-dimension stimuli. RT distributions are summarized using the .1, .5, and .9
quantiles. The top row (A) shows targets separated by serial position and lure results
separated by distance. The bottom row (B) shows the results separately for each fixed
dimension in the probe stimulus. Model predictions are group-averaged posterior predictive
distributions from the diagnostic attention EB-LBA model. Error bars depict the 95%

highest density interval (HDI). Note: D1 = distance 1, D2 = distance 2, H = height, Sat.

= saturation, BP = bar position.
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for ELF lures relative to standard lures, but not to an enormous degree. This is likely
because the resulting estimates of p™ reveal relatively small shifts in attention (M = .175,
95% HDI = [.014, .289]). The amount of attention devoted to the fixed dimension does not
depend on the distance of the lures to the study list — the extra attention devoted to the

fixed dimension is virtually equivalent for ELF lures at distances 1 and 2.

Possibly the only shortcoming of the model is that it does not account for the
interaction wherein the extralist feature effect is smaller for the distance 2 than distance 1
lures. This is likely due to the fact that the attention on the fixed dimension does not vary
with ELF distance, as revealed by the attention estimates in Figure 13. Inspection of Table
4 reveals that the diagnostic attention model is hugely improved over the core EB-LBA
model (Awarc = —256), suggesting that the improvement in fit more than justifies the

additional complexity offered by the four additional model parameters.

Scatterplots depicting the fit to individual participants from the diagnostic attention
model can be seen in Figure 14. The model yields an excellent account of the error rates on
target trials (r? ~ .9 — .97) while yielding a very good account of the FAR (r? ~ .78 — .88).
The point of systematic misfit is that for the standard lures, FAR are overpredicted for the
distance 2 lures, while they are underpredicted for the distance 1 lures. A similar degree of
systematic misfit is present for the ELF lures, albeit to a lesser degree. Similar to the core
model, the account of the RT distributions is again excellent. The fact that the diagnostic
attention model can capture the extralist feature effect while yielding a strong account of

the individual differences across participants is impressive.

Attention to Unvarying Dimensions Model. The previously presented
diagnostic attention model allocates attention to dimensions based on the relationship
between the probe’s values and the values in the memory set. A reviewer inquired as to
whether it would be possible for selective attention to be based entirely on the values of the
memory set. For instance, if attention was placed on the dimensions that do not vary, then

attention will be directed toward the fixed dimension, which is the dimension that carries
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density interval (HDI).

the extralist feature on ELF trials.

We formalized such a model to evaluate its ability to capture the data that is very
similar to the diagnostic attention model, with the exception that attention is directed
toward non-varying dimensions. For each probe 7, we calculate the standard deviation on

dimension k. We similarly enforce a minimum value of o (107!°). Attentional allocation

Wenife 1S guided toward dimensions with low variability:
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including the error rates (top row), correct RTs (middle row), and error RTs (bottom row),

where RT distributions are summarized using the .1, .5, and .9 quantile. Model predictions

consist of the mean of the posterior predictive distribution from the diagnostic attention

EB-LBA model variant. Notes: T3, T2, T1 = targets at serial positions 3, 2, and 1. L =

lures. E = ELF lures. D1 = distance 1. D2 = distance 2.
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The final attention weights are determined by Equation 14. The model has the same
number of parameters as the diagnostic attention model (16). Table 4 indicates that the
model outperforms the core model, but performs considerably worse than the diagnostic
attention model (A arc = 115). A comprehensive evaluation of the fit of the model can be
seen in Supplementary Materials D, where it can be seen that the model is sufficiently able
to capture the extralist feature effect in the data. An important distinction from the
diagnostic attention model is the fact that attention is determined entirely by the memory
set, and therefore does not vary across probe types. The addition of S-ELF lures in
Experiment 4 is particularly constraining for this model. As the model always shifts
attention to the fixed dimension, it is not able to allocate attention to an extralist feature

that is on a different dimension than the fixed dimension.

Discussion

In Experiment 3, we found a sizeable extralist feature effect using separable-dimension
stimuli, contrary to Experiments 1 and 2 in which no extralist feature effect was found with
integral-dimension stimuli. Both experiments used continuously-valued stimuli where the
study lists and lure probes were constructed in as similar of a fashion as possible, and

overall levels of performance were quite similar across the two experiments.

The data from Experiment 3 served as an important test for a variety of mechanisms
for capturing the extralist feature effect that are uniquely afforded by separable-dimension
stimuli. Taking influence from the categorization literature, we initially pursued models
where decision-making is based on component dimensions rather than the entire stimulus.
These models took the form of a.) parallel models, in which there is a decision as to
whether each probe value was seen before, and b.) hybrid coactive-parallel models, in
which "old" decisions are based on the entire stimulus but "new" decisions are based on
whether the values of each probe dimension were seen before. Both models could capture

the extralist feature effect in fits to data because the extralist feature is not aggregated
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with the other features — the novelty of the extralist feature is sufficient to produce a "new"
decision. Unfortunately, these models fared poorly in capturing several other aspects of the

data.

The inadequacies of these models motivated us to pursue a model within the coactive
decision architecture where extra attention is devoted to the dimension that carries the
extralist feature. Extra attention to such a dimension has the consequence of making a
mismatch on that dimension more consequential in determining the similarity between that
probe and the study list items, which can consequently reduce the global similarity for ELF
lures relative to standard lures. In this work, we developed a model called the diagnostic
attention model where, prior to making a recognition decision, attention is shifted to
dimensions that may be diagnostic of the probe being a lure to facilitate novelty rejection.
Specifically, each of the values of the probe’s stimulus dimensions are subject to a
pre-processing stage where the likelihood of their values are calculated according to the
distribution of the values in the memory set. Attention weights are determined to be
inversely proportional to such likelihood values, with the idea being that the most
attention is allocated to the dimension where the probe’s value might be considered
surprising to the participant. The model not only succeeded in capturing the extralist
feature effect, but also achieved a very good fit to the data overall. The model succeeded in
capturing the recency effect, the difficulty manipulation (reduced FAR for lures at distance
2), and was able to capture the variability across participants in both choice probabilities

and summary statistics of the RT distributions.

In Experiment 4, we retained the same design as the previous experiment, with the
exception that S-ELF lures were additionally included at both levels of lure distance
(similar to Experiment 2). Due the inclusion of an additional trial type, four sessions of

data were collected per participant instead of three.
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Experiment 4: Separable-Dimension Stimuli

Experiment 4 was virtually identical to Experiment 2 in that it contained both
novel-dimension and same-dimension ELF lures, with the exception that it was applied to
the separable dimension stimuli tested in Experiment 3. Experiment 3 demonstrated an
extralist feature effect wherein novel-dimension ELF lure FAR were lower than the FAR to
standard lures. However, can we similarly expect reduced FAR to same-dimension ELF
lures?

Mewhort and Johns (2000) gave many compelling demonstrations of an extralist
feature effect, wherein a novel shape or color was sufficient to reduce FAR even if the other
shape or color was well represented in the study set. However, an important difference
between their stimulus manipulation and ours is that it is unclear whether a novel shape or
color constitutes a novel value on a single represented dimension. To the contrary, it is very
likely that both shape and color comprise several dimensions. For instance, Lee & Navarro
(2002) showed that shape and color can be represented by four dimensions (two dimensions
for each).Thus, we cannot conclude from the Mewhort and Johns findings that we should
expect to see an extralist feature effect for same-dimension ELF lures.

For the current paradigm, does the diagnostic attention model predict a large
decrease in FAR for the same-dimension ELF lures relative to the standard lures, just as
the model predicts with novel-dimension ELF lures? Not necessarily — unlike with
novel-dimension ELF lures, with same-dimension ELF lures the attention placed on the
stimulus dimension carrying the novel extralist feature depends on lure distance. Figure 15
illustrates the likelihood calculation of the probe values on S-ELF trials: one at distance 1
(top row) and the other at distance 2 (bottom row). For both trials, the probe shares the
same value on the fixed dimension (dimension 3 in the trial depicted in the top row,
dimension 2 in the trial in the bottom row) as the memory set items, meaning the

shift

likelihood for that dimension will be very high, resulting in w estimates being shifted

away from the fixed dimension. Of the two remaining probe values, one is very close to the
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center of the memory set’s distribution (dimension 1 for both lures), resulting in a shift in

attention away from that dimension.
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Figure 15. Illustration of the likelihood calculation for each value in the probe for a S-ELF
trial at distance 1 (top row) and a S-ELF lure trial at distance 2 (bottom row). For each
dimension, the probability density (depicted on the y-axis) of the probe’s value (dashed
vertical line) is calculated via the distribution comprising the memory set values (M, M,
and M3). Note that for the fixed dimension (Dimension 3 in the top row, Dimension 2 in

the bottom row), all memory set items have the same value.

The remaining dimension is the relatively surprising dimension (dimension 2 for the
S-ELF D1 trial in the top row, and dimension 3 for the S-ELF D2 trial in the bottom row),
which consequently receive the bulk of the attentional weight. Recall that for the
novel-dimension ELF lures, the novel value on the fixed dimension is sufficiently surprising

shift yalues that are

that it elicits a probability density close to zero, thus eliciting w
entirely focused on the fixed dimension. However, for the same-dimension ELF lures, the
surprising probe value is still within the distribution of the memory set items, indicating
that these novel values are considerably less surprising than those on novel-dimension ELF

trials. In addition, a further difference from the novel-dimension ELF trials is that there is

a meaningful difference in probability density from the distance 1 and distance 2 lures. In
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sum, a.) S-ELF lures are less surprising than ELF lures due to the variability across the
memory set items on the dimension that carries the extralist feature, and thus should be
less likely to show an extralist feature effect and b) the S-ELF distance 2 lures are more
surprising than S-ELF distance 1 lures, making them more likely to benefit from an
attentional shift to the novel dimension and show reduced FAR relative to standard lures.
We explore these predictions in the current experiment.

A further advantage for the addition of the S-ELF lures is that it provides additional
constraint on the EB-LBA variant where attention is allocated to dimensions in the study
set that do not vary. As mentioned previously, because the values of the probe do not
change how attention is allocated, the fixed dimension will generally receive the most
attention for all probe types. Because the fixed dimension does not carry the extralist
feature on S-ELF trials, the model has no mechanism for producing reduced FAR on
S-ELF trials.

A spatial depiction of the construction of S-ELF lures can be seen in Figure 2B.

Examples of each lure type are shown in Figure 9.

Method

Participants. Participants were 21 members of the University of Melbourne
community, with normal or correct-to-normal vision, who participated in four one-hour
sessions. Participants were remunerated at a rate AUD$15 per session. Three participants
did not complete all four sessions: one participant completed only a single session while the
other two completed two sessions. All three participants’ data were still included in the
analyses. Human testing was approved by the Melbourne Human Research Ethics

Committee (Approval number: 1034866).

Materials and Procedure. The stimuli were identical to the stimuli from
Experiment 3. We generated standard, S-ELF and ELF lures using the same method as in

Experiment 2 but equated on summed(1/distance). Lure condition trial numbers were



NOVELTY REJECTION 72

identical to Experiment 2.

Results

Three participants were excluded for exhibiting chance or close-to-chance level
performance (d' = .197, —.050, and .187). Exclusion of responses faster than .2 seconds or
slower than 4.0 seconds resulted in the exclusion of 1.4% of the data.

Results can be seen in Figure 16. As with Experiments 1-3, distance 1 lures exhibited
much higher FAR (M = .451, SEM = .026) than lures at distance 2 (M = .280,

SEM = .016), BFyy = 4.87 x 10*". Additionally, FAR differences were found between the
lure types, BFjy = 28.84, with standard lures exhibiting the highest FAR (M = .401,
SEM = .022), S-ELF probes showing moderate FAR (M = .366, SEM = .020), and ELF
probes showing the lowest FAR (M = .330, SEM = .019).

Inspection of Figure 16 suggests that the S-ELF FAR depends on the level of distance
between the probe and the study set. Post hoc analyses with Bayesian t-tests found
virtually equivalent FAR for standard lure probes (M = .465, SEM = .033) and the S-ELF
lure probes (M = .468, SEM = .0265) at distance 1, BFjo = .246. However, at distance 2,
there was substantial evidence for an FAR difference, BF}q = 30.77, with S-ELF lure
probes showing reduced FAR (M = .264, SEM = .020) relative to standard lure probes
(M = .336, SEM = .016). Thus, the results confirmed the predictions of the diagnostic
attention model that extralist feature effects should be more likely at for the relatively easy
distance 2 lures due to them being more surprising than the distance 1 lures.

It was unclear whether the dimension that was fixed had any effect on the FAR,
BFjy = 1.067. Similar FAR were found for each fixed dimension, with slightly higher FAR
found for the saturation dimension (M = .396, SEM = .023) than for the other two
dimensions (height M = .352, SEM = .020, bar position M = .348, SEM = .022). Similar
to Experiment 2, an interaction was found between lure type and the fixed dimension, as

evidenced by the fact that the model that included this interaction (along with main effects
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Experiment 4: Separable-Dimension Stimuli
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Figure 16. Group-averaged error rates (left panel) and correct and error RT distributions

(middle and right panels, respectively) for the data from Experiment 4. RT distributions

are summarized using the .1, .5, and .9 quantiles. The top row (A) shows targets separated

by serial position and lures separated by distance. The bottom row (B) shows results

separately for each fixed dimension in the probe. Model predictions are group-averaged

posterior predictives from the standard coactive EB-LBA model (labeled as "core") and the

diagnostic attention EB-LBA (labeled as "diagnostic w"). Error bars depict the 95%

highest density interval (HDI). Note: S-ELF = same-dimension ELF lures, D1 = distance

1, D2 = distance 2, H = height, Sat. = saturation, BP = bar position.
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of distance, lure type, and fixed dimension) was the preferred model (BF); = 6.106). This
interaction was not of theoretical interest and was not analyzed further.

As with the previous experiment, differences in FAR did not necessarily translate to
differences in mean RT. Lures at distance 1 did exhibited longer mean RTs (M = 1.15,
SEM = .078) than lures at distance 2 (M = 1.06, SEM = .068), BF}y = 2.62210".
However, mean RT did not vary between standard lures (M = 1.13, SEM = .082), ELF
lures (M = 1.09, SEM = .074), and S-ELF lures (M = 1.09, SEM = .067), BF}, = .281.
Mean RT did not depend on which dimension was fixed, BFjy = .040.

A strong recency effect was again found, with the lowest error rate found for targets
in serial position 3 (M = .117, SEM = .016). Error rates were higher for serial position 2
(M = .228, SEM = .027) than in the first serial position (M = .390, SEM = .030).

EB-LBA Modeling

We fit each of the EB-LBA variants to the data using the same methods as in the
preceding experiments. No new parameters are required for the fourth experiment as the
predictions for the additional trial type (S-ELF lures) depend on the distances between the
probe and the memory set members, which are already specified by the stimulus space.
However, for the sake of space, we focus consideration on the core coactive EB-LBA model
and the diagnostic attention coactive variant.

Figure 16 shows the predictions of the core EB-LBA model along with the diagnostic
attention model. What is perhaps not surprising is that the core EB-LBA model predicts
virtually equivalent FAR for all three lure types. Aside from that, the model exhibits the
same strengths as in previous experiments: it successfully captures the recency effect, the
distance effect, and it does a reasonable job of capturing the RT distributions for each
stimulus type. One of the largest departures of the model’s predictions from the data is the
fact that the slowest RTs for targets in serial position 2 are much slower than the model

predicts. However, it is also somewhat strange that the .9 quantile for the second serial
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position is even slower than the first serial position, despite the fact that targets in the

second position exhibited a higher hit rate. Such a pattern was not found in Experiment 2.

The diagnostic attention variant, in contrast, yields an impressive account of the
data. For the distance 1 lures, the model predicts equivalent FAR for the standard lures
and same-dimension ELF lures, while predicting reduced FAR for the novel-dimension ELF
lures. However, for the distance 2 lures, the model predicts reduced FAR for
same-dimension ELF lures relative to standard lures, and even lower FAR for
novel-dimension ELF lures, although the predicted effects are somewhat smaller than seen
in the data. Similar to Experiment 3, Figure 16B reveals that the diagnostic attention
model is also capable of addressing the extralist feature effect when height and bar position
are the fixed dimensions along with the lack of the extralist feature effect when saturation

is the fixed dimension.

These results suggest that with the same-dimension ELF stimuli, the variability
across the memory set items on the dimension that carries the novel value makes it such
that it takes larger differences in probe values in order for the probe’s value to be
considered surprising or unlikely, and consequently allocate attention to that value. For the
distance 1 lures, the novel values are sufficiently close to the memory set items to prevent
much additional attention to be allocated to the dimension that carries the novel value.
However, for the distance 2 lures, the novel values are sufficiently distinct from the memory
set to trigger attentional re-allocation. For the novel-dimension ELF probes, the variability
in the memory set on the fixed dimension is essentially zero, so virtually any novel value
will be considered novel and trigger a shift in attention, which is why the model does not

predict that the extralist feature effect should depend on lure distance for such probes.

The diagnostic attention model similarly captures the recency effect, the distance
effect, and does a good job of capturing the RTs for each stimulus type. Just as with the
core model, the model’s main shortcoming is its inability to capture the slow RTs of targets

in the second serial position. Table 4 shows the WAIC scores of each model, where it can
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be seen that the diagnostic attention model wins decisively over the core EB-LBA model
(Awarc = —5H47).

Scatterplots depicting the fit of the diagnostic attention model to individual
participants can be seen in Figure 17. The model again shows impressive coverage of the
hit rates for each serial position across participants (r? ~ .92 — .98). For the FAR to the
different lure types, the model does an impressive job with the relatively difficult distance 1
lures for all trial types (r? ~ .87 — .89) but performs somewhat poorer with the easier
distance 2 lures (r? ~ .6 — .8). Nonetheless, the deviations from the individual participants
appear somewhat more random than in previous experiments, rather than exhibiting a
systematic pattern. For the response times, the model does an impressive job in capturing
the correct RT distributions across participants for all trial types (r? ~ .76 —.99).

We have focused on the core EB-LBA model and the diagnostic attention EB-LBA
variant in this section, both of which rely on a coactive decision architecture. The results
for the alternative parallel and hybrid coactive-parallel architectures can be found in
Supplementary Materials C whereas the results for the attention to unvarying dimensions

model can be found in Supplementary Materials D.

Experiment 5: Colored Shapes

Experiments 3 and 4 established that the diagnostic attention variant of the EB-LBA
model can capture the range of extralist feature effects with our continuous
separable-dimension stimuli. Nonetheless, an important remaining question concerns
whether the model can account for the effect with stimuli from the original Mewhort and
Johns (2000) paradigm. In this paradigm, participants studied colored shapes and were
tested on lures where the number of matches and mismatches on each aspect (color or
shape) were manipulated. As mentioned previously, a 1:1 lure contains one match on each
aspect, whereas a 2:0 lure contains matches to two study list items on one aspect while

matching none of the items on the other aspect. An example of each of the lure types was
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Figure 17. Scatterplots depicting the fit to individual participants from Experiment 4,

7

including the error rates (top row), correct RTs (middle row), and error RTs (bottom row),

where RT distributions are summarized using the .1, .5, and .9 quantile. Model predictions

consist of the mean of the posterior predictive distribution from the diagnostic attention

EB-LBA model. Notes: T3, T2, T1 = targets at serial positions 3, 2, and 1. L = lures. S

= S-ELF lures. E = ELF lures. D1 = distance 1. D2 = distance 2.

presented earlier in Figure 1.

We conducted a partial replication of the Mewhort and Johns’ Experiments 1-3 in
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order to test the same models we used in Experiments 3 and 4. We did not conduct an
exact replication of their experiments because each of the relevant lure types, namely the
1:1, 2:0, 1:0, and 0:0 lures, were never tested within the same experiment. We found it
desirable to have all of these lure types tested within the same experiment and same
participants to exert the maximum constraint on the model given that we have fit these
models to individual participant data. In addition, while Mewhort and Johns had
participants give confidence ratings (participants were asked to give a "sure" or "unsure'
rating after their initial decision), we only collected old/new responses, which not only is
consistent with our previous experiments, but circumvents difficulties in simultaneously

modeling confidence and choice decisions.

A change from our previous experiments was an expansion of the study list length to
four items. In the original Mewhort and Johns experiments that contained 2:0 lures and
tested colored shapes (namely Experiments 2 and 3), on each study list, one shape and one
color were presented twice without exactly repeating any of the target items, resulting in
the presentation of three shapes and three colors across the memory set. Consistent with
our previous experiments, participants completed four sessions in order to maximize the

amount of data at the participant level.

As mentioned previously, the key findings from Mewhort and Johns were that a.)
performance was higher for 2:0 probes than 1:1 probes, despite the equal number of feature
matches to the study list, b.) equivalent performance for 2:0 and 1:0 lures, despite the
higher number of matches in the 2:0 lures, and c.) better performance for 0:0 lures, which
contain two extralist features, than lures which contain only a single extralist feature (1:0
and 2:0 lures). Based on these findings, Mewhort and Johns concluded that only the
number of extralist features determines performance — the number of matching features
does not exert an influence. These conclusions were also based on comparisons of mean RT
to correct trials. We accompany analyses of mean correct RT with analyses of error rates,

not only to be consistent with our previous experiments, but also because our
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computational modeling jointly considers choice proportions and RTs.

The lack of psychophysically principled representations of these stimuli required a
different modeling approach than in our previous experiments. Rather than use the GCM
front-end, which calculates similarity as an exponential transformation of distance in a
continuous multidimensional space, we followed Nosofsky et al. (2011) and used the context
model as our front-end memory model (Medin & Schaffer, 1978). Specifically, the similarity
between a probe and given study item was calculated as matches or mismatches on each
aspect (color or shape). Each match was counted as a 1 where each mismatch was
represented by a similarity parameter S that was constant for all mismatches. The overall
probe-item similarity was the product of matches and/or mismatches between the probe

and the memory set item.

Due to the impact of COVID-19, the experiment was administered online and

participants completed it on their home computers.

Method

Participants. Participants were 19 members of the University of Melbourne
community who participated in four online one-hour sessions on their home computers.
Participants were remunerated at a rate AUD$15 per session. All participants completed
all four sessions. Human testing was approved by the Melbourne Human Research Ethics

Committee (Approval number: 12033).

Materials. Stimuli consisted of the eight colors and eight shapes originally used by
Mewhort and Johns (2000) in their Experiments 1-3. The colors included purple, yellow,
blue, red, gray, pink, green, and peach. The shapes included a star, heart, donut, cross,
diamond, triangle, pentagon, and moon. Each combination of color and shape was 96 x 96
pixels. Each of the color-shape combination images can be found in our OSF repository

(https://osf.io/b2zyk/).
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Procedure. The procedural details are very similar to the original Mewhort and
Johns (2000) experiments. Each study list began with the presentation of a fixation cross
for 1,000 ms. Following that presentation, four colored shapes were presented for 1,750 ms
each followed by a 250 ms ISI. Each study list consisted of three colors and three shapes,
with one color and one shape presented twice with the provision that they were never
repeated within the same stimulus (no exact repetitions of targets were allowed). One
should note that this design ensures that each studied item comprises a twice-presented

aspect along with a once-presented aspect.

Upon completion of the study list, a fixation cross was presented for 1,000 ms. After
its disappearance, a probe item was presented along with the text "Have you seen this
object before (from the previous study phase)?" and in the line below was presented a
reminder of the response keys ("1 = YES, 0 = NO"). On half of the trials, the probe was
one of the target items from the study list and on the other half the probe was a lure. The
lure types included trials where the probe contained a once-presented color and a
once-presented shape (1:1 lures), a twice-presented color or shape and a non-presented
color or shape (2:0 lures), a once-presented color or shape and a non-presented color or
shape (1:0 lures), or probes where neither the color or shape were presented on the study

list (0:0 lures).

A total of 224 trials were presented in each session (112 targets and lures). Each of
the different trial types were counterbalanced. That is, there were an equal number of
targets from each serial position (1, 2, 3, or 4) and an equal number of each lure type. In
addition, 2:0 and 1:0 trials were counterbalanced such that there were an equal number of

trials where the color was presented and the shape was the extralist feature and visa versa.

To prevent slow guesses, a time limit of 8,000 ms was imposed. If the participant had
not responded with the appropriate response keys by that time point, the trial timed out
with a text display that read "TOO SLOW." To prevent fast guesses, responses faster than

250 ms were presented with a text display that read "TOO FAST." In both cases, the
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feedback was presented for 1,500 ms. Trials in either case were excluded from the analysis.

The experiment was programmed in Javascript using jsPsych (de Leeuw, 2015).

Results

One participant was excluded from the analysis for showing poor discrimination
between targets and 1:1 lures (d’ = .17). Another participant was excluded for focusing
almost exclusively on color — when lures employed shape as an extralist feature along with
a presented color (1:0 or 2:0 trials), FAR were extremely high (98.2%). Likewise, when 1:0
or 2:0 trials employed color as an extralist feature, the same participant’s FAR was very
low (1.78%). In addition, responses faster than 250 ms or slower than 4 seconds were
excluded from the analysis, resulting in the exclusion of 1.63% of the data.

Results can be seen in Figure 18. The top row (Figure 18A) depicts results for
targets broken down by serial position along with lure 1:1, 2:0, 1:0, and 0:0 probes.
Because accuracy was close to perfect for 0:0 trials, error RTs were not presented. The
bottom row (Figure 18B) shows results broken down by the frequency of each aspect (color
or shape). Target trials always comprised a twice-presented shape or color along with a
once-presented shape or color — Figure 18B shows decomposes results for targets depending
on which aspect (color or shape) was once-presented. Figure 18B also shows results for 1:0
and 2:0 probes depending on which aspect was the extralist feature. Because there were
very few errors on 1:0 and 2:0 probes when these trial types were decomposed by the
aspect carrying the extralist feature, only the median error RT is depicted.

Accuracy was somewhat lower in our experiment than in the original Mewhort and
Johns (2000) experiments. For instance, Mewhort and Johns reported hit rates of 81.9%,
86.5%, and 81.3% for their colored shapes in Experiments 1-3, respectively, which are
higher than the hit rate we have observed in this experiment (M = .713, SEM = .037).
Part of this discrepancy may be due to faster responding overall in our experiment. While

mean RTSs to correct target trials was 1.13 seconds in our experiment, Mewhort and Johns
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reported mean RTs 1.40, 1.52, and 1.63 seconds in their Experiments 1-3 for the same trial
type. It may be that Mewhort and Johns’ requirement to report whether participants are
sure or unsure after each decision may have caused participants to raise their decision
threshold, trading speed for accuracy. The overall proportion of correct responses in our

experiment was 78.9%.

Our analyses of FAR revealed a sizeable extralist feature effect in error rates - FAR
were much higher for 1:1 lures (M = .303, SEM = .029) than 2:0 lures (M = .129,
SEM = .016, BFyy = 109, 745, despite the fact that both lure types contained the same
number of matches. FAR were nearly perfect for 0:0 lures (M = .029, SEM = .010),
reproducing the finding that lure performance was affected by the number of extralist
features. FAR to 0:0 lures was lower than both 2:0 (BFjy = 24,671) and 1:0 lures
(BFy = 2,750).

To compare 2:0 and 1:0 lures, we conducted a 2x2 ANOVA with number of matches
(2 vs. 1) and the aspect carrying the extralist feature (color vs. shape) as factors. FAR
were considerably higher when shape was the extralist feature (M = .141, SEM = .019) as
opposed to color (M = .074, SEM = .016), BFq = 387.78. FAR were slightly higher for
2:0 (M = .129, SEM = .016) than 1:0 lures (M = .086, SEM = .013), but the Bayes

Factor revealed only weak evidence for this difference (BFjy = 3.56).

While this might appear consistent with the finding from Mewhort and Johns that
performance was unaffected by the number of matching features in lures, we found an
interaction between the number of matches and the stimulus aspect carrying the extralist
feature, as evidenced by the fact that the model including the interaction was the preferred
model (BF); = 3.616). Post hoc analyses revealed little difference in FAR between 2:0
(M = .084, SEM = .018) and 1:0 lures (M = .065, SEM = .016) when color was the
extralist feature, with the Bayes Factor being agnostic between the null and alternative
hypotheses (BFjy = 1.049). However, when shape was the extralist feature, the Bayes

Factor revealed strong evidence for an FAR difference between 2:0 (M = .174,
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SEM = .023) and 1:0 lures (M = .110, SEM = .017), BFyy = 84.70. We will demonstrate
later that this interaction is consistent with selective attention being focused on the color
aspect, which has the effect of lowering FAR when color is the extralist feature and also

makes matches on the shape aspect more consequential in determining performance.

Analyses of mean RT on correct trials in our experiment did not reflect the
interaction between the number of matches and the aspect carrying the extralist feature, as
evidenced by the fact that the model containing an interaction between the two factors was
not the preferred model (BFy; = .795). While there were shorter latencies on 2:0 and 1:0
trials when color was the extralist feature (M = 1.06, SEM = .088) as opposed to shape
(M =1.18, SEM = .100), BFyo = 2,515, the number of matches did not exhibit much of
an influence on RT — RT for 2:0 probes (M = 1.14, SEM = .098) were very similar to 1:0
probes (M = 1.10, SEM = .088). However, the Bayes Factor did not reveal decisive

evidence in favor of the null or alternative hypothesis (BFjg = .628).

Aside from this difference, the mean RTs largely conformed to the accuracy results.
1:1 probes exhibited slower RTs (M = 1.35, SEM = .118) than 2:0 probes, BFjy = 61.23.
1:1 probes were also slower to reject than 1:0 probes, BFy = 158.75. 0:0 probes exhibited
the shortest latencies overall (M = .979, SEM = .077) and were quicker to reject than 1:0

probes (BFjy = 695.58) and 2:0 probes (BFyg = 2761.74).

While serial position effects were not analyzed by Mewhort and Johns (2000), we
again found a recency effect, as evidenced by strong evidence for a main effect of serial
position of the target, BFyy = 2.46 * 10'°. Error rates were lowest for the final item
(M = .098, SEM = .020), lower for the penultimate item (M = .275, SEM = .038), and
were comparable for the first two items (M; = .384, SEM; = .049, M, = .391,

SEM; = .050).
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EB-LBA Modeling

As mentioned previously, we adopt the representational assumptions of the context
model (Medin & Schaffer, 1978) due to the lack of principled representations of the colored
shapes. Unlike in Experiments 3 and 4, we did not apply the attention to unvarying
dimensions model in Experiment 5 for two reasons. First, lacking the precise values of the
stimulus dimensions prevents us from calculating the variability across the memory set
items on the underlying dimensions. Second, even a discrete analog of this model that
allocates attention to aspects that carry fewer features would result in equal attention to
each aspect — both the shape and color aspects each carry three features across the
memory set.

The remaining model variants were compared using WAIC. WAIC values for each
model variant can be seen in Table 4. The parallel and hybrid coactive-parallel models can
be found in Supplementary Materials E.

Core EB-LBA Model. The usage of the context model as a front-end leads to
some differences in the similarity calculation for the core EB-LBA model. We refer to the
value of the match or mismatch on aspect k (color or shape) as 7. 7 takes the value of 1 if
the probe i’s aspect matches that of the study list item j’s aspect, whereas it takes the
value of S if there is a mismatch, where S is bounded between 0 and 1.0.

The probe-item similarity s;; can be expressed as:

sy =] (17)
k

where w is an attention weight parameter for the particular aspect. Because there are only
two aspects in these stimuli, only a single attention weight parameter is required to be
estimated. Specifically, we estimated the attention weight for color as w* whereas the
attention weight for shape was 1 — wx. Attention weights are implemented as powers

rather than scalar coefficients due to the usage of the product rule to combine the
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similarities across color and shape (e.g., Gillund & Shiffrin, 1984).

The usage of the product rule in Equation 17 is rather critical for the present design.
If additive combination was used instead, the global similarity for 1:1 lures would be
approximately equal to that for targets because the 1:1 lure’s two partial matches would be
equivalent to the target match®. The usage of multiplicative combination ensures that the
probe-item similarity for a target exceeds that of two partial matches to the study list

items (e.g., Medin & Schaffer, 1978; Shiffrin & Steyvers, 1997).

The remaining aspects of the EB-LBA are identical to the version we applied to
continuous stimuli. The global similarity A for a particular probe item was calculated
according to Equation 3 and used to drive a pair of linear ballistic accumulators. Because
there were four items in the study set, we used a total of three memory strength
parameters to capture the serial position effects in the data — mq, ms, and ms — while the

memory strength for the final item (my4) was fixed to 1.

In total, the core EB-LBA model contains a total of 11 parameters — three memory
strength parameters (my, ms, and ms), the similarity parameter for mismatches S, the
attention weight parameter wx, the drift criterion K, and the five LBA parameters shared

with the other models (%o, a, sv, byq, and bpey ).

Group-averaged posterior predictives of the core EB-LBA model can be seen along
with the data in Figure 18. The most obvious point of misfit is that the model fails to
capture the extralist feature effect — approximately equal FAR are predicted for 2:0 and 1:1
lures. This challenge is also shared in the model’s account of the RTs, where the model has
difficulty in capturing the very slow RTs to 1:1 probe relative to 2:0 probes. In addition,
the model overpredicts the FAR difference between 2:0 and 1:0 lures. These shortcomings
are shared with previous explorations of global matching models by Mewhort and Johns

(2005), namely the REM and Minerva 2 models.

6One should note that the Minerva 2 model (Hintzman, 1988) circumvents this problem due to an addi-

tional non-linearity, namely the cubing of probe-item similarities prior to calculation of the global similarity.
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Experiment 5: Colored Shapes
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Figure 18. Group-averaged choice probabilities (left panel) and correct and error RT
distributions (middle and right panels, respectively) for the data from Experiment 5 with
colored shapes as stimuli along with posterior predictives from the core and diagnostic
attention EB-LBA models. RT distributions are summarized using the .1, .5, and .9
quantiles. The top row (A) shows results for target (broken down by serial position) and
lure (1:1, 2:0, 1:0, and 0:0) trials. The bottom row (B) breaks down results for targets
depending on whether the shape or color is the once-presented feature along with 1:0 and

2:0 probes when color or shape is the extralist feature. Error bars depict the 95% highest
density interval (HDI).

Nonetheless, the model succeeds in capturing the low FAR to 0:0 probes. Despite the

model not possessing a mechanism for capturing the extralist feature effect, there is a
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simple reason why the model is able to capture this pattern - 0:0 probes exhibit the lowest
global similarity to the study list. The model also produces a higher error rate for targets
when color is the once-presented feature, and also produces higher FAR for lures when
color is the extralist feature. Both patterns are likely due to the fact that greater attention
is placed on the color aspect, as revealed by the estimates of the group mean of w

(wt = 595, 95% H DI = [.566,0.624]). Greater attention to color results in lower FAR
when color is missing from a lure probe, but also results in higher error rates for targets
when color is the once-presented feature, as less attention is devoted to the twice-presented
feature in such stimuli.

Diagnostic Attention Model. In our previous applications of the diagnostic
attention EB-LBA model, the shifts in attention to a particular stimulus dimension were
proportional to how unlikely the probe’s value on that dimension were. Because the
dimensions were continuous, we could calculate the likelihoods using a normal distribution,
where the mean and standard deviation were determined by the values along the study set.

Due to the discrete nature of our stimuli, we instead adopted a discrete likelihood
that only considers the number of occurrences h of the feature in the study set.

Specifically, the likelihood A of feature k in probe i is:

Air, = h/3 (18)

where 3 is present in the denominator because there are always three shapes or colors in
each study set. Higher likelihoods are assigned to twice-presented features. The attentional
shifts are calculated according to Equations 12-14.

Because the model employs a coactive decision architecture, there are only two
accumulators ("old" and "new"). The model contains a total of 14 parameters — it inherits
the 11 parameters of the core EB-LBA model, but uses an additional three parameters for
the attention shift (Seoior, Bshape, and p).

Group-averaged posterior predictives from the diagnostic attention variant can be
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seen in Figure 18. The model yields an even stronger account of the data than the hybrid
model. It predicts a large extralist feature effect in that FAR to 2:0 lures is much lower
than for 1:1 lures. This is because on trials with 2:0 lures, attention is shifted to the feature
that contains the extralist feature, such that it carries more weight in computing similarity.
The attention shift is evident in the estimated attention weights, which we depict in Figure
19, which depicts w?**¢, w*"/* and w to the color aspect. Results are separated by trials
where both shape and color are relevant (left panel, 1:1 and 0:0 trials) and trials where
color or shape are the less frequently presented feature (middle and right panels,
respectively). One can see that attention to color is higher when 1:0 and 2:0 probes contain

color as an extralist feature, but is substantially less when shape is the extralist feature.
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Figure 19. Mean attention weight w to color from the diagnostic attention model based on
the fits to Experiment 5. The first panel depicts trials where both shape and color are
relevant (0:0 and 1:1 trials). The second and third panels show target and lure trials where

color and shape are the less frequently presented feature. Error bars represent the 95%

highest density interval (HDI).

Another consequence of the model’s attention weights is that it is able to predict a
relatively small FAR difference between 2:0 and 1:0 lures that is similar in size to the data.

This is likely for the same reason — while the 2:0 lures should in principle have double the
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global similarity of 1:0 lures, the extra match in 2:0 probes occurs on a dimension that is
not the focus of attention, and therefore carries less weight in the overall global similarity
calculation. In addition, Figure 19B reveals the interaction between the lure’s number of
matches (2 vs. 0) and the stimulus aspect that carries the extralist feature. Larger FAR
are predicted when shape carries the extralist feature, whereas only a small difference is
predicted when color carries the extralist feature. This is due to the fact that attention is
biased toward color, such that the matches on shape on 1:0 and 2:0 trials are more

consequential, resulting in a larger FAR difference between such trials.

It may seem somewhat unusual that Figure 18 reveals roughly equivalent attention to
the extralist feature on 2:0 and 1:0 trials given that Equation 18 dictates that the
presented feature has a higher likelihood in 2:0 trials, implying that more attention should
be given to the extralist feature on such trials. However, because the extralist feature has a
likelihood of zero in both trial types, when the likelihoods are inverted in Equation 12 in
the calculation of 7, this results in extremely high values of v for the extralist feature,
which consequently result in maximal attention to the extralist feature when the ratio of ~
values is calculated in Equation 13. In other words, the extralist feature is sufficiently
surprising such that the higher frequency of the presented feature in 2:0 trials does not
drive attention away from the extralist feature. This is similar to the logic of why in
Experiments 3 and 4, the fixed dimension in novel-dimension ELF trials receives maximal
attention for both distance-1 and distance-2 lures — the extralist feature is sufficiently
surprising that the stronger matches to studied items on distance-1 lures are insufficient to

drive attention away from the extralist feature.

Nonetheless, one noticeable aspect of misfit is that the model falls short of capturing
the slow rejections to 1:1 lures. This is the most noticeable advantage of the hybrid
coactive-parallel model’s fit to the data over the diagnostic attention model, which can be
seen in Supplementary Materials E. However, the model selection results still decisively

favor the diagnostic attention model, with large advantages over both the core EB-LBA
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model (Awarec = —237.29) and the hybrid model (Ay a;c = —122.17). This suggests the
quantitative advantage of the diagnostic attention model is still superior for many
comparisons to outweigh the hybrid model’s advantage in capturing the correct RT
distributions of 1:1 lures.

Figure 20 shows scatterplots depicting the individual participant error rate and RT
quantiles. The figure reveals that the model does an excellent job in accounting for
individual partipant error rates. The worst 72 value was for the 0:0 lures, as the model
appears to over-predict the FAR to such probes. However, other r? values are as high as
.71-.8 for lures and .84-.99 for targets, indicating an excellent coverage of individual
participant variation. Similar to the other experiments, the ability to account for
individual participant RT distributions is somewhat worse, but still yields a strong account

of the RT distributions for correct responses.

Discussion

We conducted an experiment with discrete feature stimuli that bore a strong
conceptual resemblance to the experiments of Mewhort and Johns (2000) with the
exception that it included all four lure probe types in the same design (1:1, 2:0, 1:0, and
0:0 probes) to offer the most constraint on the computational models we considered.
Results largely replicated those of Mewhort and Johns (2000), with two important
exceptions. The first is that the relevant trends, including the extralist feature effect, were
clearly evident in error rates and not just in mean RTS to correct trials. The second is that
we did not reproduce the equivalence between 2:0 and 1:0 probes. Specifically, when shape
was the extralist feature, FAR to 2:0 probes was noticeably higher than to 1:0 probes.
While we did not find this pattern in mean RTs, we did not find strong evidence for the
null hypothesis in this comparison either.

These results are contrary to those from Mewhort and Johns (2000), and suggests

that the number of matching features does influence performance even when the two
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Figure 20. Scatterplots depicting the fit to individual participants from Experiment 5,

including error rates (top row), correct RTs (middle row), and error RTs (bottom row).
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Targets and lures are depicted in the left and right columns, respectively. RT distributions

are summarized using the .1, .5, and .9 quantile. Model predictions consist of the mean of

the posterior predictive distribution from the diagnostic attention EB-LBA model. Due to

the infrequency of errors, individual participant RT quantiles were only plotted if they had

at least 10 errors. Notes: T4, T3, T2, T1 = targets at serial positions 4, 3, 2, and 1.
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probes both share the same number of extralist features. While this might suggest a failed
replication of the original experiments, we would like to emphasize three important
differences from their data and analyses. First, while Mewhort and Johns (2000) found no
difference in accuracy between 2:0 and 1:0 probes in their Experiment 2, they did not
statistically analyze the difference in accuracy in their Experiment 3. Table 5 in their
report demonstrates higher accuracy for 2:0 probes (93.4%) than 1:0 probes (81.6%).
While it is unclear whether this difference was reliable, this accuracy difference was larger
than in our experiment. Second, the analyses of Mewhort and Johns collapsed across trials
where color and shape were the extralist feature. Third, the analyses of Mewhort and
Johns relied on null hypothesis significance testing, which is unable to find evidence for the
null hypothesis. Thus, it is unclear whether the analyses in their report were "true" null

effects or whether they had inadequate power to detect a difference (Wagenmakers, 2007).

The results of Experiment 5 were very well captured by the diagnostic attention
EB-LBA model that successfully explained the extralist feature effects with
continuous-dimension stimuli in Experiments 3 and 4. A discrete version of the likelihood
calculation enables an attention shift to the stimulus aspect that carries the extralist
feature, making it such that lures containing extralist features have lower global similarity
overall, and thus the model produced lower FAR to 2:0 and 1:0 lures than to 1:1 lures.
Additionally, the model also captured the interaction between the number of lure matches
and the stimulus aspect that carries the extralist feature — the model produced only a
small increase in FAR from 1:0 to 2:0 lures when color carried the extralist feature, but
produced a larger FAR difference when shape carried the extralist feature. The model was
able to account for this interaction because there was a higher baseline degree of attention
to color. Thus, when shape carried the extralist feature, there was less attention to shape
on such trials than there was to color when color carried the extralist feature, making it
such that the additional match on the shape aspect on 2:0 trials was more consequential in

determining the global similarity:.
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A potential concern with the diagnostic attention model in each of our experiments is
that it might invariably fit data better than the standard EB-LBA in all comparisons with
an improvement in fit that vastly outweighs the complexity costs used by the WAIC model
selection metric. If this is the case, then the model should be preferred in model selection
even when the extra attention mechanisms are not warranted. To investigate this
possibility, we fit the diagnostic attention variant to Experiments 1 and 2, which did not
show evidence of extralist feature advantages due to the usage of integral-dimension stimuli.
In contrast to Experiments 3-5, model comparison favored the core EB-LBA model, with
WAIC penalties found for both Experiment 1 (A a7c = 23.90) and Experiment 2
(Awarc = 26.28). These results accord with intuitions that selective attention to

diagnostic dimensions of the probe is uniquely afforded by separable-dimension stimuli.

General Discussion

Over twenty years ago, global similarity predictions were directly tested in the studies
of Mewhort and Johns (2000), who discovered that novel features were sufficient to
facilitate novelty rejection despite other probe features being well represented on the study
list. Such findings were contrary to the predictions of the majority of global matching
models, which should yield equivalent levels of global similarity for both lure types. In the
present work, we explored the extent to which one aspect of stimuli may predict the
presence of the extralist feature effect, namely the integrality of the stimulus. Four
experiments with continuous-dimension stimuli confirmed that extralist feature effects do
not occur with integral-dimension stimuli (Experiments 1 and 2), while they can be found
with separable-dimension stimuli (Experiments 3 and 4).

To explore the extent to which these data were challenging for global matching
models, we applied the exemplar-based linear ballistic accumulator (EB-LBA: Donkin &
Nosofsky, 2012b) model, a variant of the EBRW model, to all experiments, including a fifth

experiment that used discrete feature stimuli similar to those from the Mewhort and Johns



NOVELTY REJECTION 94

experiments. The standard EB-LBA implementation — like virtually all other global
matching models of recognition memory — relies on a coactive decision architecture, in
that information from both stimulus dimensions and memory exemplars is pooled into a
single global similarity value that is used to produce a decision. We found that the data
using integral-dimension stimuli (Experiments 1 and 2) were well described by this model.
The data using separable-dimension continuous-dimension stimuli (Experiments 3 and 4)
and the discrete feature stimuli (Experiment 5), in contrast, were challenging for this

model in that it could not predict an advantage for extralist features.

A great deal of evidence from the categorization literature that separable-dimension
stimuli employ parallel or serial decision architectures (Fific et al., 2010, 2008; Little et al.,
2013; Moneer et al., 2016). This motivated development of parallel global similarity models
along with a hybrid-coactive parallel EB-LBA, wherein entire probes could be rejected if
only one of its values or features was considered "new." While each of these models
succeeded in producing extralist feature effects, they unfortunately performed quite poorly
on other aspects of the data and often were unable to capture the constraints imposed by
RT distributions, to the point where they were often performed worse in model selection
than the core EB-LBA model. One exception was that the hybrid model showed a
noticeable improvement over the core model with the discrete feature stimuli in Experiment

5. However, even in this experiment the hybrid model was not the preferred model.

The most successful model in our model comparison was the diagnostic attention
EB-LBA model developed in this article. In this model, novelty rejection is facilitated by
shifting attention to values or features in the probe that are unlikely according to the
memory set. While this model employed the same coactive architecture as the core
EB-LBA model, the crucial deviation is that selective attention the stimulus dimensions
varies on a trial-by-trial basis. The model succeeded not only in producing the extralist
feature effect but was able to capture virtually all other qualitative trends in the data,

including lure difficulty, serial position effects, biases in stimulus dimensions or aspects,
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and the shapes of the RT distributions across these comparisons. The model succeeded in
all of the right places, in that it was the preferred model for separable-dimension stimuli —
including both continuously-valued (Experiments 3 and 4) and those composed of discrete
feature (Experiment 5) — in that separable-dimension stimuli uniquely afford rapid changes
in attention (e.g, Nosofsky & Palmeri, 1996b). The model’s attention shift mechanism was
unnecessary in the right places as well, in that it provided no advantage for
integral-dimension stimuli (Experiments 1 and 2) where such shifts in attention should not

be possible.

What was additionally impressive was that the diagnostic attention model also made
predictions about when the extralist feature effect should not occur. In Experiment 4, the
model made the prediction that the same-dimension ELF lures should not show an
advantage when they were close to the memory set (distance 1) but should show an
advantage when they are further away (distance 2). This was a stark contrast from the
novel-dimension ELF lures, where the predictions did not depend on lure distance. The
reason for the discrepancy concerns the differences in diagnosticity. With novel-dimension
lures, the extralist feature was always carried by a novel dimension that was fixed across
the probe items. This makes it such that any difference between the probe’s values and the
memory set values are extremely novel and result in shifts in attention. For the
same-dimension ELF lures, in contrast, the extralist feature is carried by a dimension that
varies across the memory set items. Thus, when extralist features are at close distance to
the memory set items, they are considerably less novel because they are within the
distribution of the memory set items. However, when the extralist feature is at a further
distance from the memory set, it is taken outside the distribution of the memory set. This
results in the prediction of an extralist feature effect at distance 2 but not at distance 1,

which was confirmed in our data.
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Implications of the Diagnostic Attention Model

The attention shift in the diagnostic attention model does not need to be unique to
the EB-LBA — a similar mechanism could be implemented in other recognition memory
models, such as REM (Shiffrin & Steyvers, 1997), Minerva 2 (Hintzman, 1988), the Osth
and Dennis (2015) model, or the Cox and Shiffrin (2017) model. As mentioned previously,
we chose the EB-LBA because it is one of the few recognition memory models that has
formalized a selective attention process to stimulus dimensions. While other models have
employed selective attention to item and context cues (e.g, Gillund & Shiffrin, 1984;
Raaijmakers & Shiffrin, 1981), the GCM family of models — of which the EB-LBA is a
member — have enjoyed great success in accounting for both categorization, recognition,
and inductive reasoning of individual items with realistic stimulus representations (e.g.,
Hawkins et al., 2016; Heit & Hayes, 2011; Nosofsky, 1986; Nosfosky & Palmeri, 1997;
Nosofsky et al., 2011).

Part of the reason why many recognition memory models have not employed selective
attention to stimulus dimensions is that they are often applied to experiments that use
single words as stimuli, where representations are harder to define and models instead often
use randomly generated representations. Nonethless, an increasing focus in episodic
memory modeling is employing more realistic representations for words derived from
semantic space models (B. T. Johns, Jones, & Mewhort, 2012; Kimball, Smith, & Kahana,
2007; Monaco, Abbott, & Kahana, 2007; Morton & Polyn, 2016; Osth, Shabahang,
Mewhort, & Heathcote, 2020; Polyn et al., 2009). Incorporation of such representaitons
allows models to produce similarity effects and false memory phenomena "for free', similar
to the EB-LBA modeling performed in this article.

A potential stumbling block for this line of research is the possibility that extralist
feature effects could occur when orthographic, phonological, or semantic features that are
not represented on the list are present in a probe word. Indeed, in their Experiments 5-7

Mewhort and Johns (2000) observed the extralist feature effect with word stimuli,
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demonstrating that letters in the first or last position of a word that were not present on
the list promoted rejection advantages even if other letters strongly overlapped with those
from the memory set. Similar extralist feature effects may be able to be found with
semantic features by constructing analogous paradigms where semantic features are
manipulated using the interpretable dimensions provided by Hollis and Westbury (2016),

or by the usage of semantic feature norms (McRae, Cree, Seidenberg, & McNorgan, 2005).

Memory models with word representations would likely benefit from a diagnostic
attention mechanism similar to the one we present in this work, which can facilitate
novelty rejection for lures that contain stimulus features that were not present in the
memory set. A difficulty in formalizing selective attention mechanisms with semantic
representations is that semantic space models employ a very large number of dimensions,
often 300 or more (e.g., Landauer & Dumais, 1997). However, Hollis and Westbury (2016)
demonstrated that performing principal components analysis on the semantic vectors can
produce a smaller number of dimensions that are interpretable, which would allow models

to specify attention to the semantic dimensions of the words.

A potential concern with the diagnostic attention mechanism we propose is the
knowledge it requires on the part of the participants. Specifically, in order to calculate the
likelihood of each probe value, participants have to possess knowledge of the means and
standard deviations of each probe dimension in the memory set. A potential criticism is
that it’s unlikely that participants have such exact knowledge of the characteristics of the
memory set. This is a sensible criticism — we have implemented the model using the true
statistics of the memory set to carry out the likelihood computation merely because it was
the simplest way to implement and test the model. It is much more likely that participants
only possess approximate knowledge of the characteristics of the memory set, similar to the
operation of subjective likelihood models of recognition memory (e.g., Dennis &
Humphreys, 2001; McClelland & Chappell, 1998; Shiffrin & Steyvers, 1997). In our

experiments, the key requirement is that participants appreciate that a.) some dimensions
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are fixed, making novel values on such dimensions surprising (novel dimension ELF probes)
and b.) although other dimensions vary, they sometimes contain relatively surprising novel
values (distance-2 same-dimension ELF probes).

A reviewer inquired as to whether the two-stage assumption of the diagnostic
attention model is necessary to account for the extralist feature effect. The model currently
assumes that the diagnosticity of each value within the probe is calculated, and attention is
shifted to the stimulus dimension that is most diagnostic being a novel stimulus. A
possible single-stage variant could be formulated by weighing the difference of each probe’s
value to the studied items by the diagnosticity of its respective dimension. Because this
involves a multiplicative combination of diagnosticity and distance, this is mathematically
equivalent to attention setting, which involves a multiplication of the attention weight
parameter w by the difference between the probe’s value and each studied item’s value on
that given dimension. We do not deny the possibility of a single-stage account of the
extralist feature effect. However, we have a preference for the diagnostic attention model as
it is rooted in the underlying philosophy of the GCM, which is that the context-dependence
of similarity between stimuli is explained by the selective attention distributed to each

stimulus dimension (Nosofsky, 1986, 1987).

The Role of Attention in Episodic Memory

Our diagnostic attention EB-LBA model is within the GCM family of models, which
was originally developed as a model of categorization. One of the important contributions
of the GCM was how differences in selective attention to stimulus dimensions can be used
to understand the differences between categorization and identification, which previously
had been argued to reflect different processes (Nosofsky, 1986). Since then, the crucial goal
of category learning has been cast as learning how to weight the stimulus dimensions in a
manner that provides optimal separation between the categories (e.g., Kruschke, 1992;

Nosofsky, Palmeri, & McKinley, 1994). Our diagnostic attention variant of the EB-LBA is
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similar in that it focuses attention on the stimulus dimensions that best divide studied
from unstudied items, albeit within a single trial rather than over the course of an

experimental session.

A recent investigation by Logan, Cox, Annis, and Lindsey (2021) made more direct
comparisons between episodic memory and the attention literature. Their studies adapted
the Eriksen flanker paradigm (Eriksen & Eriksen, 1974) to episodic memory. In traditional
studies of the flanker task, participants are presented with a cue, such as a left or right
arrow, and required to press the associated response. The focal target is accompanied by
arrows referred to as flankers that point either in the same or opposite direction. A
common finding is that performance is worse when the flankers point in the opposite
direction. To account for these findings, Eriksen and colleagues posited that selective
attention is a spotlight that initially focuses on the entire display (targets and flankers),

but increasingly becomes more focused on the target item and less focused on the flankers.

Logan et al. (2021) conducted experiments analogous to the Eriksen and Eriksen
(1974) studies in the context of episodic memory. Specifically, participants studied a short
list of items and were presented with an item and position cue and asked whether the item
was presented in that particular serial position (e.g., Oberauer, 2003). Comparable effects
were found to the original studies — performance benefited when the flankers were in the
same order as the studied items were presented in. Based on these parallels, Logan et al.
(2021) concluded that memory retrieval can be thought of as attention driven inward. This
description parallels the way that memory cues have been described as spotlights on
regions in memory (Polyn et al., 2009). Our diagnostic attention EB-LBA also accords
with the spotlight metaphor — the guidance of attention toward relevant stimulus
dimensions can be thought of as guiding the spotlight toward relevant regions in memory

to best exclude novel items.



NOVELTY REJECTION 100

Comparisons Between Extralist Feature Effects in Discrete Feature and

Continuous-Dimension Stimuli

We have argued in this work that our experiments with continuous dimension stimuli
are analogous to those from the original experiments by Mewhort and Johns, which have
discrete mismatching features. If this is the case, then why was the extralist feature effect
found with same-dimension ELF lures in Experiment 4 weaker and less evident than with
the novel-dimension ELF lures? We would like to note that there are two important
differences from the original experiments that need to be considered. The first is that the
manipulation of shape and color in the original experiments by Mewhort and Johns is
unlikely to reflect manipulation of the "true" psychophysical dimensions, which may instead
comprise a combination of multiple continuous dimensions and possibly even discrete
features. For instance, while the digits 0-9 might intuitively be represented purely along a
magnitude dimension, Navarro and Lee (2003) instead showed that such numbers are
better represented by a richer set of complex dimensions, comprising both discrete features
(e.g., powers of 2, powers of 3, Tenenbaum, 1996) and continuous values (e.g., magnitude).
Color is typically represented with at least three dimensions: hue, brightness, and
saturation (Indow, 1988; Indow & Kanazawa, 1960; Shepard, 1978). For these reasons, it
may be the case that the extralist features were not carried by the same dimensions as the
memory set items (as in the S-ELF probes in our Experiments 2 and 4) but were actually
carried along novel dimensions that were not represented in the memory set, making them
more likely to attract attention.

The second consideration is that because the similarity between the lure types and
the memory set items was not controlled using a continuous space in the original
experiments, it is unclear how similar or dissimilar the extralist feature lures were to the
memory set items. As we have demonstrated earlier in the article, the extent to which the
extralist feature attracts attention depends on its similarity to the memory set items, so it

is possible that the extralist features in their experiments were sufficiently distinct from the
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memory set items to consistently attract attention.

With that being said, while the work of Mewhort and Johns found extralist feature
effects consistently across their experiments, there was important variation in the size of
the extralist feature effect that partly reflects our findings with same-dimension ELF lures
in Experiment 4. Specifically, E. E. Johns and Mewhort (2002) manipulated the number of
study set feature alternatives to the extralist feature. They found that as the number of
colors or shapes that varied among the study set items was reduced, the extralist feature
effect was larger. A common explanation may apply to both stimulus classes — when there
is less variation among the study set items, an extralist feature effect is more noticeable.
Indeed, this is the explanation from the diagnostic attention model’s account of the S-ELF
lures from Experiment 4, where the dimension that carries the extralist feature is more
novel and surprising in novel dimension ELF lures than in the same dimension ELF lures.
Our work takes this further and demonstrates that the extralist feature effect depends not
only on the variability of the dimension that carries the extralist feature, but also depends

on the continuous distance of the probe’s value or feature from the study list items.

An additional difference between our experiments and the work of Mewhort and
Johns is that their work found that only the number of extralist features determined
performance for lures — the number of matching features exerted no influence on lure
rejection. This was based on the finding that rejection latency did not significantly differ
between 2:0 and 1:0 lures, whereas rejection latency was much lower for 0:0 lures, which
contain two extralist features. While we similarly did not find reliable differences in latency
between 1:0 and 2:0 lures in our Experiment 5 which used colored shapes, we did find
reliably higher FAR to 2:0 lures when shape carried the extralist feature. However, this
difference was well captured by our diagnostic attention model — higher FAR was predicted
to 2:0 lures because there was more attention overall to color. When shape was the
extralist feature, while there was additional attention to the shape aspect, there remained a

nontrivial degree of attention to color. This made it such that the additional match to
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colors from 2:0 probes was more consequential in determining the global similarity of the
probe and higher FAR were predicted for 2:0 lures. While we did reproduce the rejection
advantage for 0:0 lures, it is important to note here that 0:0 lures exhibit substantially
lower global similarity than 1:0 and 2:0 lures. In fact, the rejection advantage for 0:0 lures
is well captured by the core EB-LBA model which is not able to capture the extralist

feature effect.

Relations Between the Extralist Feature Effect and Distinctiveness Effects in

Recognition Memory

There are parallels between the extralist feature effect — observed both with discrete
feature and continuous dimension stimuli — and distinctiveness effects in recognition
memory. The focus on distinctiveness effects within an exemplar model framework was
prompted by the face recognition studies of Busey and Tunnicliff (1999). They defined
distinctive faces as face stimuli that arise from isolated regions of an MDS space, which
exhibited superior recognition memory performance to typical faces, which come from a
dense region of the MDS space. What was particularly challenging for the GCM was the
finding that distinctive faces exhibited both higher hit rates and lower false alarm rates
than typical faces. The GCM predicts that probe items sampled from isolated regions of
the MDS space are more likely to be dissimilar to study list items — this results in lower
global similarity for both targets and lures, resulting in lower false alarm rates than probe
items sampled from dense regions of the MDS space. However, the GCM does not predict a
hit rate advantage for distinctive targets, as the global similarity for targets is dominated
by the match of the target to itself, and the similarity of a target item to its own
representation is always equal to one.

Two important follow-up studies were conducted to evaluate how constraining
distinctive stimuli are to models such as the GCM. Zaki and Nosofsky (Nosofsky & Zaki,

2003; Zaki & Nosofsky, 2001) argued that the faces from isolated regions of the MDS space
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used in the studies by Busey and Tunnicliff (1999) also possessed unusual features that
were not captured by the MDS space, such as beards. Thus, it is unclear to what extent
the previously observed distinctiveness effects were due to the unusual features or due to
their isolation within the MDS space. Their initial studies focused on the consequences of
dense versus isolated regions of the MDS space using stimuli that exhibited a stronger
correspondence to MDS representations, namely Munsell color patches (Zaki & Nosofsky,
2001). The data strongly accorded with predictions of the GCM and found that distinctive
colors from isolated regions of the MDS space exhibited lower hit and false alarm rates

than typical colors from dense regions of the MDS space.

Additional studies by Nosofsky and Zaki (2003) tested recognition memory for stimuli
that included discrete features that are not represented by the MDS space. Specifically,
they tested standard Munsell color patches, but additionally constructed distinctive stimuli
that included features such as symbols, plus signs, or letters. The distinctive stimuli
exhibited higher hit rates and lower false alarm rates, which paralleled the results of Busey
and Tunnicliff (1999). The fact that the discrete features were not part of the continuous
MDS space took them "outside the similarity space of the other items" (Nosofsky & Zaki,
2003, 1204). For this reason, they accounted for these results with a hybrid-similarity
model, where similarity is a joint function of the the similarity within the continuous space
along with matches and mismatches to the additional discrete features. Matches on the
discrete features boost the self-similarity, resulting in higher hit rates, while mismatches on
the discrete features reduce inter-item similarity, resulting in a lower false alarm rates. The
hybrid similarity model was also able to account for the distinctive faces originally used by

Busey and Tunnliciff (Knapp, Nosofsky, & Busey, 2006).

The extralist feature effect can be considered a distinctiveness effect, in the sense that
a lure containing an extralist feature effect is made more distinctive than the remaining
study list items. However, it differs importantly from previously studied distinctiveness

effects in that the probes containing extralist features are made distinctive by virtue of the
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study set and not by the features or probe values themselves. That is, an extralist feature
is not specific to a particular color or shape in the studies of Mewhort and Johns (2000) or
our Experiment 5, as the test stimuli are counterbalanced such that each color and shape
can be an extralist feature. With our experiments with continuous dimension stimuli, the
dimension that carries the extralist feature is similarly not specific to any region with the
similarity space but is defined relative to the values of the study set items. Thus, there is
no particular reason to believe that such values are outside the range of the similarity space

to any further degree than the values contained in the study list items.

We do not deny that a hybrid-similarity model could similarly account for the
extralist feature effect. If the extralist feature in the probe is defined as a discrete feature
that mismatches the study list items, it would decrease the global similarity of lures
containing extralist features and reduce the false alarm rate. However, the important
challenge for such an account would be understanding how a probe containing an extralist

feature would result in the creation of a discrete mismatching feature.

The Iterative Resonance Model (IRM) Account of Extralist Feature Effects

As mentioned previously, we have focused on the EB-LBA to implement various
mechanisms that can produce the extralist feature effect. However, an additional model
that has been used to simulate the extralist feature effect is the iterative resonance model
(IRM) of Mewhort and Johns (2005). The IRM bears a strong resemblance to the Minerva
2 model (Hintzman, 1988). In the IRM, items are represented as vectors containing
randomly generated binary values (0 or 1). Within each vector, a number of elements are
used to represent each of the features of the studied items (shape or color) and an
additional set of vector elements are used to represent the unique conjunction of features.
Retrieval proceeds through a number of iterations — during each iteration, the probe is
used to construct an "echo" vector which is comprised of a superposition of the vectors in

memory in which each trace’s contribution is weighted by a nonlinear function of the
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similarity between the probe and each trace. Specifically, similarity is measured by the
cosine between the probe and trace vector raised to the power of the number of iterations
that have taken place. This implies that retrieval is initiated with a linear similarity
function that becomes progressively more non-linear as retrieval proceeds, akin to

increasing the ¢ parameter in the EB-LBA as retrieval proceeds.

During each iteration, the echo vector is compared against the probe vector. Positive
evidence is measured by the cosine between the probe and echo vectors, which is akin to a
global similarity calculation. The negative evidence is measured by the number of elements
in the echo that mismatch the probe. A decision is made if the positive evidence exceeds
an "old" criterion or if the negative evidence exceeds a "new" criterion, otherwise retrieval
proceeds through an additional iteration. Response times (RTs) are proportional to the
number of iterations to produce a decision. Mewhort and Johns (2005) demonstrated that
the model predicted slower RTs for 1:1 probes than 2:0 probes, and roughly equivalent RTs
for 1:0 and 2:0 probes, as was seen in the data. In addition, the model was capable of other
benchmarks of short-term recognition memory tasks, including increasing RTs with set size
(Sternberg, 1966) and serial position effects (Corballis, 1967; McElree & Dosher, 1989;
Monsell, 1978). Similar principles, including global similarity calculations for "old"
responses and discrete feature mismatches for "new" responses, along with dynamically
changing evidence through the trial, were also parts of the recognition by semantic
synchronization (RSS) model (B. T. Johns et al., 2012), which was capable of addressing a
number of benchmarks in long-term recognition memory including semantic similarity

effects.

The separate calculations of positive evidence and negative evidence bears a
superficial resemblance to the hybrid coactive-parallel model we considered, where global
similarity of the exemplars drives "old" decisions while global similarity of the stimulus
dimensions (Experiments 1-4) or aspects (Experiment 5) drives "new" decisions. In this

model, mismatches on an probe’s value on a dimension or a probe’s feature are sufficient to
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produce a "new" decision due to the self-terminating nature of the decision architecture.
However, it is unclear the extent to which the IRM can produce the appropriate shapes of
RT distributions for correct and error responses as only mean RT predictions were shown in
the original paper. In addition, the model was not fit to data from individual participants.
This may be due to the fact that the model is extremely simulation intensive — not only
are large numbers of Monte Carlo simulations required to produce stable predictions
(typically thousands of simulations), but individual timesteps within the trial additionally

have to be simulated. This can make the model extremely laborious to simulate.

The EB-LBA, in contrast, is capable of addressing correct and error RT distributions
across a wide range of conditions and is a tractable model. Since the IRM was not
quantitatively fit to data, it is unclear whether the correspondence with the phenomena is
purely qualitative. In our investigation, we found that the purely parallel and hybrid
coactive-parallel variants of the EB-LBA were all capable of producing the extralist feature
effect, but struggled otherwise in our experiments with continuous-dimension stimuli
(Experiments 3 and 4). In these experiments, the hybrid-coactive parallel model that
resembles the IRM performed even more poorly in model selection than the core EB-LBA
model despite the fact that the core model was unable to predict the extralist feature
effect. While the hybrid model outperformed the core model in our Experiment 5 which
used discrete features, it was still outperformed by the diagnostic attention model. The
success of the IRM in producing the extralist feature effect does not guarantee that it can

reproduce many other aspects of the data that are of interest.

Conclusions

The experiments and modeling in the present manuscript were focused on addressing
a lingering challenge for global matching models of recognition memory — the finding that
novelty rejection is facilitated when lure probes contain features not present on the study

list (the extralist feature effect). However, we have found that this challenge mainly applies
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to experiments consisting of separable-dimension stimuli, as we did not find this rejection
advantage for novel feature values when integral-dimension stimuli were employed. Our
modeling work has demonstrated that the extralist feature effect is likely due to the fact
that participants shift their attention to dimensions that carry values that are relatively
surprising according to the memory set, facilitating novelty rejection. It is highly beneficial
for future work to focus on the extent to which similar mechanisms might be operating

with word stimuli.
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Appendix A

Determination of JNDs
In order to obtain an estimate of the scale at which observers would be sensitive to changes
in the dimensions of the radial frequency stimuli, a small pilot experiment was conducted
with two observers (the authors AZ and SL) detected whether two stimulus intervals
contained the same stimuli, with four out of five trials containing different stimuli of
increasingly smaller differences. The psi method of (Kontsevich & Tyler, 1999) was used to
generate the differences for each of the dimensions the in stimulus space for testing during
the calibration experiment. This process was repeated for five different starting points in
the stimulus space, each for one hundred trials. The same procedure was used for the
separable dimension stimuli (authors SL and DL were observers).

Two simple psychometric models, each modeling the change with a cumulative
Gaussian psychometric function space with an estimated guess rate, were then tested to
characterize performance across the range of changes and starting points: a model where
the slope of the psychometric function for each dimension was constant across the entire
stimulus range and a model in which the slope of the psychometric function could change
as a linear function of the position in stimulus space. A qualitative inspection of the data
and model fits indicated no systematic change in the slope as a function of the position in
the stimulus range, so constant increments to stimulus dimensions (75% JNDs) were used

to construct the stimuli used in the main experiment.
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Appendix B

Similarity Scaling Studies
We sought to confirm that the psychological representation of our integral- and
separable-dimension stimuli corresponded to the representation assumed by the experiment
and modelling analysis (i.e., the ideal representation). Our recognition experiments
sampled over 3000 unique items. Collecting pairwise similarity ratings for the entire set
would have required a prohibitively large number of comparisons (around 4.5 million).
Instead, for both the integral and separable dimension stimuli, we conducted a similarity
rating study using a smaller 3 x 3 x 3 set of items sampled from the larger space used in

our recognition experiments. Specific values used in each study are shown in Table B1.

Table B1
Values used in the similarity rating study. All values were crossed factorially creating a 3 X

3 x & stimulus space.

Integral Stimuli

Value Amplitude Phase Angle 1 Phase Angle 2
1 1.3 -1.92 -1.92
2 2.08 -0.48 -0.48
3 2.86 0.96 0.96
Separable Stimuli
Value Saturation Height (pixels) Bar Position (pixels)
8 48 60
14 84 96
20 120 132

Note: Color was determined using Munsell Hue 5R, Brightness 4, and varying Saturation as

shown. Bar Position is measured in pixels from the left border of the rectangle.

Similarity ratings were obtained either from the students as part of the Melbourne
School of Psychological Sciences Research Experience Program (Integral stimuli, N = 15)

or via a Human Intelligence Task (HIT) placed on Amazon Mechanical Turk (Integral
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stimuli, N = 29; Separable stimuli, N = 34). REP participants received subject credit for
completion of a one hour session. Mechanical Turk participants received $15-$16 USD for
completion of the study. Prior to completing the ratings, participants were shown all 27
stimuli once in random order and were shown examples regarding the least and most
similar pairs. Participants were instructed to use the entire response scale. Each of the 351
unique pairs was presented twice for each participant. The order of presentation and the
left-right presentation of each pair was randomized. The study was self-paced.

For the integral-dimension stimuli, we removed one participant whose ratings had a
correlation with the distances between the stimuli in the ideal representation with r < .20.
We removed another six participants who did not use the full response scale (i.e.,
responding with mostly one or two responses). For the separable-dimension stimuli, seven
participants were removed for not using the full response scale.

For both sets of stimuli, we first averaged the similarity ratings across observers. We
determined the dimensionality of the scaling solution which provided the best fit to the
average similarity by fitting scaling models of different dimensionality and minimizing the
sum of squared deviations (SSD) between the 351 observed dissimilarities and the
predicted stimulus distances (using a Euclidean metric for the integral stimuli and
city-block distance for the separable stimuli). A Nelder-Mead SIMPLEX algorithm was
used to estimate the best fitting coordinate for each stimulus. We used 100 different
starting points for the model and to ensure convergence to the global minimum.

The coordinate of the first stimulus was fixed to the origin; all of the remaining
coordinates were free to vary. The number of parameters in each model is given in
Table B2 along with the SSD. To facilitate model selection, we computed the Bayesian

Information Criterion (Schwarz, 1978) values for each model and each observer by:

SSD

datapoints

BIC =n log < ) + Nparameters log (Ndatapoints) : (19)

For both the integral and separable dimensions, the preferred scaling solution has
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three dimensions (see Table B2). We conducted two further tests for each stimulus set. We
first fit a scaling solution with three dimensions where the values were constrained to be
monotonically increasing in each row and column (monotonic space). Second, we fit a
scaling solution in which the values of each of the stimuli in a row or column were
constrained to be equal (grid space). A linear scaling of the predicted distances to the
similarities was also introduced for these analyses. Neither of these models were preferred
for the integral dimension stimuli (monotonic: SSD = 39.21, BIC = -300.21; grid: SSD =
154.92, BIC = -240.18). The monotonic model fit slightly better than the full model
(monotonic: SSD=48.98, BIC = -222.36); but due to the relatively smaller number of
parameters (grid: Npgrameters = 8), the grid model was preferred for the separable stimuli
(grid: SSD=59.36, BIC = -576.89). Consequently, the estimated coordinates are from the
full model for the integral dimension stimuli (see Figure B1) and the grid model for the

separable dimension stimuli (see Figure B2).

Table B2
Number of parameters, Sum of Square Deviations (SSD), and Bayesian Information

Criterion (BIC) values for scaling solutions of different dimensionality.

Integral Stimuli
Dimensions  Npgrameters 95D BIC

1 26 325.08  125.45
2 52 73.78  -242.71
3 78 36.68 -335.59
4 104 26.73 -294.31

Separable Stimuli
Dimensions  Npgrameters 95D BIC

1 26 550.02  310.04
2 52 173.36  57.16

3 78 49.62 -229.56
4 104 32.79 -222.55
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For the separable dimensions, the coordinates correspond almost exactly to the ideal
coordinates used in the recognition experiment. The correlation between the estimated and
ideal coordinates is r = .96. For the integral stimuli, there is more confusability between
the stimuli particularly at the more extreme values of amplitude. Nevertheless, the
dimensions revealed by the MDS analysis seem to correspond to amplitude, phase angle 1
and phase angle 2. The correlation between the estimated coordinates and the ideal

coordinates for the integral-dimension stimuli is r = .77, p < .01.
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Appendix C
Study List Construction

To generate a study list, a dimension was chosen randomly and fixed to a random index
value in the range 3 to 10 (see Table 1, Index column). Indices for the values of the
remaining two variable dimensions were selected for all three items by selecting a row at
random from Table C1. Each row represents the variable dimensions across all three study
list items with a minimum step size of two JNDs between each study list item. Value pairs
were allocated randomly to dimensions, and the indices from Table C1 were used to set
values based on the numbered rows in Table 1. A subset of the full range was used for the
study list items to allow the similarity of the lures to be adjusted appropriately outside of
the study list range. After setting the values of the study list, the order of study list

presentation was then randomized.
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Table C1

Indices for study list items.

Value Pair 2 Value Pair 3

Value Pair 1

10

10

10

10

10

10

10
10
10
10
10
10
10
10

10

10
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Appendix D

Details on Hierarchical Bayesian Models

Attention Weight Parameterization

In models such as the GCM or EB-LBA, for n dimensions a set of n — 1 attention
weights need to be estimated. A difficulty in parameter estimation for three dimensions is
ensuring that the two parameters sum to less than 1. We addressed this in Experiments
1-4 by sampling parameters w%; and w+*o. We accomplished this by partitioning the area of

a normal distribution into three regions:

wy = $(w+) (20)
wy = P(w *; +w+y) — wy (21)
w3 = 1.0 —wy — wy (22)

where wx*; ranges from — inf to inf, w+, is always positive, and ® is the cumulative

distribution function of the standard normal distribution.

Prior Distributions on Model Parameters

Many of the individual paramaters are sampled from group-level distributions with a
defined mean p and standard deviation o. Because the 3 parameters could sometimes take
large values and were strictly positive, these parameters were sampled on a log scale.

Superscripts are used to denote the group-level distributions:
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¢ ~Normal gy (m*, m?)
m ~Normal ) (", ¢7)
k ~Normal gy (K", k)
wk, ~Normal (w+!, wx])
wky ~Normal(o g (W, WkS)
S ~Normal1)(S",S7)
a ~Normal g (a”, a”)
B ~Normal g (B", B?)
sv ~Normal(g g (sv", s07)

to ~Normal ) (to, t5)

log(B) ~Normal(log(B)",log(5)°)

p ~Normalg1y(.5,.5)

130

We used only weakly informative prior distributions on the group-level parameters

that were similar to those used in a previous hierarchical Bayesian implementation of the

EB-LBA (Hawkins et al., 2016):
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" ~Normal(ong)(2,1)
m*, k", ak, B*, sut, th ~Normal (g (.5, .5)
wxy ~Normal(0,2)
wxhy ~Normaling) (.5, 2)
St p" ~Normal 1)(.5,.5)
log(B)" ~Normal(0,10)
@, m? k7 wx, w3, a’, B, sv7,t) ~Gamma(l,3)
log(B)?,p° ~Gamma(l,1)

(23)

Details on DE-MCMC Parameter Estimation and Simulation

For each model, the number of chains was set equal to three times the number of
participant level parameters. The purely coactive and parallel model architectures used
10,000 burn-in iterations followed by 15,000 iterations. The chains were heavily thinned
such that 1 in 10 samples were accepted, resulting in 1,500 accepted samples per chain.
The hybrid coactive-parallel required more iterations to converge. For these models, we
utilized 30,000 burnin iterations followed by 100,000 iterations where 1 in 40 samples were
accepted, resulting in 2,500 accepted samples per chain. A model was considered converged
if its Gelman-Rubin (G-R) diagnostic was below 1.2 for all participant and group-level
parameters. This criterion was satisfied for all models, with the G-R statistic close to 1.0 in
many cases. Individual participant posterior predictives were generated for each posterior
sample by simulating the model using the same number of trials as in the original data

using 1 in 40 posterior samples.
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Appendix E
Analytic Expressions for Parallel Models
Analytics for the parallel global similarity models are constructed from the probability
density function (PDF) and cumulative density function (CDF) of an individual LBA
accumulator (analytics can be found in Brown & Heathcote, 2008) with parameter vector
6. We denote the PDF and CDF as f and F, respectively.
The likelihood of "old" and "new" responses in a coactive decision architecture can be

described as a simple race equation:

L<Old7 t) = f(t, eold)[l - F(t, 9new)] (24>

L(new,t) = f(t,004)[1 — F(t,0pew)] (25)

The parallel models consist of three accumulators for each response option ("old" and
"new") corresponding to each dimension i. The first parallel model we adopted assumed an

exhaustive rule for "old" responses and a self-terminating rule for "new" responses:

L(Old, t) = Z f(t,@old’i) H F yesg H[ t eno k)]] (26)
i | G k

L(new, t) = Z f(t, Hnem) H {1 - F(t, eno,j):| (1 - 1;[ F<t7 9yes,k>>] (27)

i JiFi

When the model is exhaustive for both "old" and "new decisions, the likelihoods are

as follows:

L(Old, t) = Z f(t7 eold,i) H F(t, eold,j)(l - H F(t, enew,k))] (28>
i | §.j# k
L(new,t) = Z Onew.i 11 F(t,0pew,;)(1 — 1;[ F(t, eold,k))] (29)




