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3Université de Paris, LLF,CNRS, Paris, France

Abstract

This paper explores the minimal knowledge a listener needs to
compensate for phonological assimilation, one kind of phono-
logical process responsible for variation in speech. We used
standard automatic speech recognition models to represent En-
glish and French listeners. We found that, first, some types
of models show language-specific assimilation patterns com-
parable to those shown by human listeners. Like English lis-
teners, when trained on English, the models compensate more
for place assimilation than for voicing assimilation, and like
French listeners, the models show the opposite pattern when
trained on French. Second, the models which best predict the
human pattern use contextually-sensitive acoustic models and
language models, which capture allophony and phonotactics,
but do not make use of higher-level knowledge of a lexicon
or word boundaries. Finally, some models overcompensate for
assimilation, showing a (super-human) ability to recover the
underlying form even in the absence of the triggering phono-
logical context, pointing to an incomplete neutralization not
exploited by human listeners.
Keywords: automatic speech recognition; computational
modeling; phonological assimilation; speech perception

Introduction
This paper aims to understand phonological processes in
speech perception through computational modelling. It in-
vestigates how much linguistic knowledge Automatic Speech
Recognition (ASR) systems can capture, focusing on the
case of language-specific phonological assimilation, one
widespread type of phonological process. For example, in
English green beans, the n in green tends to be pronounced
m, with the place of articulation assimilated to that of the fol-
lowing b (labial). While English-speaking listeners perceptu-
ally compensate for this assimilation, perceiving the m as n,
listeners whose native language is French, which does not ex-
hibit place assimilation, do not show this behaviour. We are
interested in whether ASR models compensate for phonolog-
ical assimilation, and if so, what kind of knowledge they use
to do so.

Phonological processes, defined as a predictable sound
change when the context meets certain conditions, consti-
tute a major source of variability in speech. Studies have
found that non-canonical variants constitute 27% to 75% of
instances for some sounds in conversational speech (e.g. Dil-
ley & Pitt, 2007). Indeed, while state-of-the-art ASR systems
reach near-perfect performance when given clear read speech,
they have a harder time when dealing with natural conversa-
tional speech. Humans, on the other hand, have no trouble

processing speech with extensive variability, suggesting that
they are able to perform some kind of ‘inverse phonology,’
mapping the variable realizations of speech sounds to their
underlying representations. This makes an interesting case
for cognitive modelling to explore what knowledge or ca-
pacity makes humans good at recognizing noisy speech sig-
nals. While many behavioral studies have investigated how
humans process spoken language at different levels—from
specific acoustic cues to understanding entire sentences—
important questions remain about how these different levels
of processing are integrated and interact with each other. For
example, it is hard to isolate one’s phonological knowledge,
as it is already acquired and can not be ‘undone.’ Com-
putational models allow for full control of the system, such
that one can manipulate specific components to see how each
change affects the final outcome, and hence quantitatively in-
vestigate the importance of the corresponding component in
human cognition. The results also inform us whether or not
machine learning models constructed for very specific tasks
(here, ASR) can nonetheless learn generalized knowledge to
represent human perception.

Theoretical Background
Consider the following example English and French utter-
ances:

(1.1) Viable Change (Eng): [...] it’s my ow[m] plan.
(1.2) Unviable Change (Eng): [...] it’s my ow[m] choice.
(1.2) No Change (Eng): [...] it’s my ow[n] life.
(2.1) Viable Change (Fr): ro[p] sale
(2.2) Unviable Change (Fr): ro[p] noire
(2.3) No Change (Fr): ro[b] rouge
In running speech, the [n] in own in an example like (1.1)

is often “assimilated” by the following [p] to [m], as [m] is
the labial equivalent of [n]. English listeners perceive an [n]
in (1.1) (when plan follows), but not in (1.2), where the as-
similation is not licensed. French listeners fail to show this
behavior, as French does not have this specific type of assim-
ilation. French does, however, have voicing assimilation: the
voiced [b] sound in robe sale is pronounced as ro[p] sale due
to assimilation to the following [s] sound, which is voiceless.
French listeners show a compensation effect in these cases,
while English listeners do not (Darcy et al., 2009). Several
hypotheses have been proposed to explain perceptual com-
pensation for assimilation.
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Lexical Compensation treats all variations as random
noise, which can be recovered using lexical or higher-order
context (e.g. Marslen-Wilson & Welsh, 1978; Samuel, 2001),
so own[m] is treated as noise which is to be recovered be-
cause ‘owm’ is not a possible word. This hypothesis predicts
that, in the absence of a lexicon, compensation for phono-
logical assimilation cannot happen. In this study, we explore
whether computational systems without any lexicon can ex-
hibit compensation for assimilation.

Phonetic Compensation accounts for the compensation
with a low-level phonetic mechanism. Gow (2003) and Gow
Im (2004) proposed that sounds that simultaneously encode
two places of articulation (like the [n/m] in own plan) are
parsed onto adjacent segmental positions, when the follow-
ing context explains one of the places of articulation. In this
case, the recovery of /n/ from [m] can be attributed to the
attraction of the labial aspects of the acoustics to the fol-
lowing labial segment. However, this is proposed to be a
language-independent process which does not account for the
language-specific compensation observed. In this study, we
train different models on two languages to observe whether
or not there is a language asymmetry in compensation for as-
similation. Moreover, as the Phonetic Compensation theory
claims that purely phonetic knowledge is sufficient for com-
pensation, we also test whether or not the following phono-
logical context (e.g. that /p/ follows) is needed. Lastly, we
investigate whether the models show any language-universal
effect, where a listener compensates for little bit of a non-
native assimilation pattern.

Language-Specific Phonological Inference treats com-
pensation as a language-specific mechanism that undoes the
effect of assimilation rules that apply during phonological
planning in production. Essentially, the listener uses knowl-
edge of production patterns to infer the underlying phoneme
that has been altered due to the assimilation context. Cru-
cially, this account relies on language specific experience
with the phonological rules or patterns affecting production
and on applying this knowledge ‘in reverse’ to compen-
sate for them in perception. Thereforem this theory pre-
dicts that the pattern of compensation depends on the lis-
tener’s language (Gaskell et al., 1995; Gaskell, 2003; Co-
enen et al., 2001; Gaskell & Marslen-Wilson, 1996, 1998),
which accounts for the observation in Darcy et al. (2009) that
French/English listeners fail to compensate for place/voicing
assimilation.

Note that, while these hypotheses offer different explana-
tions for compensation for assimilation, we do not build mod-
els to implement exactly these hypotheses. Instead, we use
the hypotheses as general guidelines for implementing mod-
els with different kinds of linguistic knowledge.

Computational models
Machine learning systems have made great progress in recent
years, so much so that they can compete with humans on cer-
tain tasks. Recent research has claimed that such systems that
have been constructed to optimize the performance of very

specific tasks can nonetheless be used as scientific models of
the brain (Jozwik et al., 2019, for vision; Linzen et al., 2016,
and others for NLP). Black Box NLP is a growing research
area (Linzen et al., 2016) devoted to comparing machine and
human processing of words and sentences. Relatively less
modeling work has been done in the area of speech process-
ing and phonology. Moreover, while previous research has
built models (TRACE, McClelland & Elman, 1986; Short-
list, Norris, 1994; Bayesian cognitive models, Norris & Mc-
Queen, 2008) to account of assimilation processes, none of
them are able to take raw speech as input. These models lack
a level mapping acoustics to individual sounds, and, more im-
portantly, are not directly comparable to human responses in
an experimental task. In order to fully model the process of
speech perception, it is important to have a model which takes
exactly the same input as human listeners.

Current study: simulation of Darcy et al. (2009)
We use on ASR models to replicate the study of Darcy et
al. (2009) of English place assimilation and French voicing
assimilation. In this study, listeners first heard a sentence pro-
duced by a female speaker, which could be one of the three
types shown in the examples above. They then heard the tar-
get word produced in isolation by a male speaker, which was
the citation form, without assimilation. After hearing both
stimuli, the listener decided whether the sentence contained
the word they heard later. The results reflect listeners’ ability
to identify the same words produced in different contexts (No
Change), detecting assimilation (Viable Change) and spotting
‘illegal’ variants (Unviable Change). A control test was also
done by asking a different set of participants to listen to target
words extracted from the stimuli sentences (later referred to
as cut-out words). Listeners successfully restored the origi-
nal phoneme for the viable change cases in carrier sentences,
but not in cut-out conditionswhere following context was not
available.

Note that all sentence stimuli in the unviable condition con-
tain non-words (e.g. owm), which were produced deliberately
by the speaker, with the purpose of creating a minimal pair in
the form of complete assimilation.

Methods
This paper uses exactly the same stimuli as in Darcy et al.
(2009) to compare human and machine behavior. In order
to investigate what types of information a listener needs to
compensate for assimilation, we use HMM-GMM models, a
traditional type of ASR model. We chose this type of model
as opposed to a state-of-the-art deep learning model for two
reasons: 1) unlike end-to-end deep learning ASR models,
HMM-GMM models have interpretable components, each
corresponding to different aspects of perception/recognition,
and one can hold some component stable while changing the
others, which is preferable given the purpose of the study;
2) they are easier to train with relatively good results. For
the purpose of the current study, we trained a set of models
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on English and French respectively to represent native listen-
ers. The acoustic model (AM) represents a listener’s acous-
tic knowledge, which maps acoustics to phones. Triphone
acoustic models are context dependent and thus can capture
allophony. The language model (LM) represents more gen-
eral knowledge of phonotactics, capturing the statistical dis-
tribution of phone sequences.

We compare different combinations of AMs and LMs of
various complexity to explore the source of compensation for
assimilation, that is, whether it is mostly due to the AM, LM
or depends on the combination of both. We predict that a
successful ASR model is likely to be a combination of good
AM and LM with contextual information. A very simple AM
or a very simple LM alone should not able to tackle the effects
of phonological assimilation (see below). We include simple
models as control conditions, to gauge the effects of more
sophisticated models.

Models as ideal listeners
We use different types of HMM-GMM models to represent
listeners with different kinds of knowledge of phonetics and
phonology. Specifically, a listener’s task is to infer the most
likely sequence of phones/words given the acoustics they
hear: P(q |X) in equation (1), where q stands for the sequence
of phones and X stands for the acoustics; q̂ is the sequence of
phones whose posterior probability given the observed acous-
tic vectors P(q |X) is maximal.

q̂ = argmax
q

P(q|X) (1)

The equation is further broken down according to Bayesian
inference to show how the acoustic model and language
model jointly determine the phone posteriors. As shown in
equation (2), P(X |q) is the likelihood of the acoustics given
the phone sequences, captured by the acoustic model (AM),
and P(q) is the prior corresponding to the probability of the
phone sequences, captured by the language model (LM).

q̂ = argmax
q

P(X |q)P(q) (2)

Note that, typically, an ASR system contains a word-level
LM—a model of probabilities of sequences of words—as,
in most cases, the model’s task is to transcribe speech to
words.We build LMs which model sequences of phones, in-
stead of words, in order to take account of the nonwords used
in the experiments: a LM over real words would assign zero
(or close to zero) probability to nonwords. Using a phone-
level LM avoids this issue. During training, we implemented
different versions of the acoustic model and language model
to represent hypothetical listeners with different knowledge.

Acoustic Model We trained three types of acoustic model
for mapping acoustic information to phones: 1) a monophone
AM, which categorizes phones into phonemes, irrespective
of the context; 2) a triphone AM, which models the phones
according to the neighbouring context: if phone m occurs in
two contexts a a and b b, then each context can be associated

with a different acoustic model;3) a triphone speaker-adapted
(triphone-SA) AM, which adapts to different speakers.

Language model Our phone-level language models are
based on n-grams, which model the distribution of n-phone
sequences. We trained four types of LMs: 1) a null (flat) LM,
where the probability of the next phone is same for all phones;
2) a unigram LM, where the probability equals the frequency
of individual phones; 3) a bigram LM, where the probabil-
ity of the next phone is conditioned on the previous phone;
4) a trigram LM, where the probability of the next phone is
conditioned on the previous two phones.

All training was done using Abkhazia (Schatz et al., 2016),
a Kaldi-based speech recognition package (Povey et al.,
2011). Training data were 46 hours in English from Lib-
rispeech for the English models and 36 hours in French from
the data used for the Zero Resource Speech Challenge 2017
(Dunbar et al., 2017). Input features were Mel Frequency
Cepstral Coefficients (MFCCs) with D and DD extracted from
the audios, with window length of 25ms and step size of
10ms.

Procedure
After training all the models, we conducted the same experi-
ment as Darcy et al. (2009). Illustrated in Figure 1, the task
for the model is to decide whether or not the sentence pre-
sented contains the same target word as the token produced
in isolation by a different speaker. In particular, the model
receives the sentence stimuli and does decoding over the en-
tire sentence. The decoding process, illustrated in equation
(2), can be treated as a kind of speech perception, where the
model finds the best phone sequence to explain the acoustic
input. We extracted the frame-level phone posteriors, i.e., the
estimated posterior probability of each phone at each frame,
to represent the model’s ‘mental representation’ of perceived
sounds. The same decoding was done to the target word in
isolation.

After extracting the phone posteriors, we extracted the
frames corresponding to the target words in the sentences and
calculated the distances between the word in carrier sentence
and word in isolation. The acoustic difference between the
pairs was calculated using Dynamic Time Warping (DTW),
while the frame-wise distance for calculating DTW was Kull-
backLeibler (KL) divergence, with the isolated word as the
true distribution.In particular, KL divergence is a measure of
how one probability distribution is different from the other
reference distribution. In our case, it measures how phones
are predicted differently between the pair at each frame.
DTW, an algorithm for measuring the similarity between two
temporal sequences which may vary in length calculates the
average distance frame-level distances along a path that opti-
mally stretches the time axes to realign the two words. The
resulting distance is the difference between the pair, which
is used by the model to decide whether or not the two are
the same based on whether the distance is above or below a
threshold value.
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Figure 1: illustration of the pipeline
Threshold finding and optimization We used the mini-
mal pairs (i.e., words in no-change condition and unviable
condition) to find the threshold for deciding whether or not
two words are the same based on their acoustic distance (i.e.
DTW cost). The threshold was then used for viable cases for
checking whether the model is able to restore the assimilated
phone.

The threshold optimization steps are illustrated in Figure 1
(bottom). The distributions represent the acoustic distances
between a word w in carrier sentence and the same word w’
produced in isolation by another speaker.

The algorithm searches through the range defined by the
minimum distance and the maximum distance, and calculates
the false negatives and false positives if it were the threshold.
The threshold resulting in the smallest error is chosen. We
then use the chosen threshold to determine whether a pair of
phones is the same. As in the figure, distances to the left of
the threshold (red line) are considered same (compensated)
and distances to the right are different (uncompensated).

Evaluation: compensation index As in Darcy et al.
(2009), we adopt the same compensation index for measur-
ing the relative value of detection rate in viable condition as
a function of both other conditions. As shown in the function
below, the index is a ratio of “viable” to “no-change.” The
idea of using a ratio is to offset the perceptual biases or errors
in the “unviable” condition. If all changes are detected, the
index is 1; if none are detected, the index is 0.

Compensation index=
(detectionviable �detectionunviable)

(detectionno�change �detectionunviable)

Results
Experiment 1: Sentence-level decoding
Compensation indices for models with different combinations
of AM and LM are reported in Figure 2. For reference, hu-

Figure 2: Compensation indices, decoded in sentence con-
texts across several models (colored), and humans (black).

man performance reported in Darcy et al. (2009) is shown
in black. While humans display clear language-specific pat-
terns for compensation (negative slope for English; positive
slope for French), not all models are able to capture such ef-
fect. The models that best approximate human performance
are triphone AM with bigram/trigram LM and triphone-SA
with unigram or trigram. In particular, monophone AMs (red
lines) in general fail to show the language-specific pattern,
no matter which LM they pair with. They consistently com-
pensate more for place assimilation than voice assimilation
(i.e., higher Compensation Index), regardless of language.
Triphone(-SA) AMs, however, can display to some extent the
language-specific effect. For example, triphone AM with bi-
gram LM shows the language-specific asymmetry: place >
voice / place < voice for English/ French.

On the other hand, LMs (shown in rows), which repre-
sent prior knowledge of phone sequences/phonotactics, also
play an important part in perceiving assimilated phones. A
comparison across four types of LMs shows that one indeed
needs some knowledge of phone sequences, as the flat (null)
LM fails to predict the correct assimilation pattern. Other
LMs all show the qualitative pattern of compensation for
assimiation—different slope directions for English/French—
when combined with most AMs.

Having shown that certain ASR models – those with a min-
imally triphone AM and a non-flat LM – do predict language-
specific assimilation, we further investigate the source of
compensation: how much information is in the acoustic sig-
nal? Does one need phonetic and allophonic knowledge as
well as phonotactics? Can one compensate for assimilation
even without the following context?
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Figure 3: Compensation indices, based on raw acoustics of
cut-out words (MFCCs, purple) and humans (black).

Experiment 2: Raw acoustics
In order to examine the information from raw acoustics (i.e.
without using a model), we calculated the DTW distance on
the MFCCs between the target words in carrier sentences and
words in isolation. Note that as here the frame-level features
are MFCCs, rather than phone posteriors, we use cosine dis-
tance to calculate the frame-wise distance between the pair.
The rest of the procedures are the same as described above.

Figure 3 shows the compensation index for MFCCs for En-
glish and French. The purple dotted line represents the model
prediction and the back dotted line is the human performance
reported from the control experiment in Darcy et al. (2009).

While both model and human fail to detect assimilation
from raw acoustics in the French case, the English model in-
deed predicts assimilation (0.66 for place and 0 for voice).
Using the same asymmetry criteria as before, only half of the
assimilation pattern can be accounted for, that is, only English
results show an obvious negative slope, while the French re-
sults display a flat slope. Thus, raw acoustics are not suffi-
cient for fully capturing the language-specific pattern.

The results further reveal that, first, for English, a listener
can detect place assimilation just depending on the acoustics
without any linguistic knowledge (if they are able to use all
information carried in the signals), although humans do not
(black dotted line); second, a comparison with Experiment 1
suggest that even for cases where raw acoustics are not dis-
tinguishable (i.e. French voice assimilation), the contextual
phonetic knowledge and the phone distributions – knowledge
learned by the model through training– enables a listener to
compensate for assimilation native to their own language.

Experiment 3: Cut-out word decoding
We further did decoding only on the cut-out words, which
replicates Darcy and colleagues’ control experiment to ex-
plore whether or not a listener (i.e. model) is still able to
compensate without the following context. Figure 4 shows
the cut-out word decoding only on the four models that suc-
cessfully compensate for assimilation in Experiment 1 (Fig-
ure 2, those displaying a negative slope for English and a
positive slope for French at the same time). The logic of in-
vestigating only four, but not all, models is that, if a model
fails to compensate for assimilation when given full infor-
mation, then such mismatch with humans indicates that they

Figure 4: Compensation indices on cut-out words (dotted
colored lines), compared to model performance with context
(solid colored lines) and human performance with/ without
context (solid/ dotted black lines). The selected models are
the ones that show human-like patterns in Experiment 1.

cannot model or explain human performance, and hence are
dispensed with. Dotted lines are the new results for cut-out
words, while solid lines are the same results as in Figure 2,
shown here for reference; black lines are human results.

Most models fail to compensate for assimilation in the ab-
sence of the following context, in that they do not show a
language-specific pattern, i.e. negative slope for English and
positive slope for French. The only exception is the model
with triphone AM and bigram LM (middle row). It success-
fully show the language asymmetry of the two types of as-
similation.

Discussion
This study investigates, using a computational model,
whether or not a listener without the knowledge of a lex-
icon or word boundaries can compensate for assimilation.
We replicated the psycholinguistic experiment in Darcy et
al. (2009) using HMM-GMM ASR models trained on En-
glish and French corpora respectively. We found that 1) cer-
tain models do show language-specific compensation effects;
2) in most cases, though not all, following context is crucial
for detecting language-specific compensation; 3) the phonetic
and allophonic knowledge (captured by AM) and the distri-
butional statistics of phones (captured by LM) both matter.

Linguistic knowledge is crucial for compensation
A major finding of this paper is that computational mod-
els trained on speech corpora indeed show language-specific
compensation asymmetry like humans. The models which
show this behavior share some properties: none of them use
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monophone AMs and none of them use flat LMs.
While there is no successful language-specific compensa-

tion on raw acoustics, models trained on speech corpora man-
age to compensate for assimilation like humans (Figure 2),
according to the comparison on the same experiment.

These results show the minimal knowledge a listener,
whether human or machine, needs to acquire to compensate
from assimilation, which cannot be done from raw acous-
tics alone. The successful models suggest that contextually-
sensitive knowledge of both phonetics and phonology are
necessary. Specifically, for phonetics, only learning phoneme
category (modeled by monophone AM) is not sufficient, and
one has to learn variable acoustic realizations of phones, in-
cluding context information (modelled by triphone(-SA) In
addition, no flat LM being successful suggests that one also
needs some knowledge of phone sequences/phonotactics, but
not much. The fact that even a unigram LM works (in some
models) indicates that, if one is able to learn contextual pho-
netic information well, then it is not necessary to learn phono-
tactics (i.e. probabilities of phone sequences), as the relevant
information is already included in the acoustic model. It also
reveals that only adjacent phones matter, which is indeed the
case for phonological assimilation.

The role of following context in compensation
Human listeners heavily rely on following context to de-
tect assimilation. In order to explore whether ASR models,
which already show human-like behavior, indeed show simi-
lar capacity for compensation, we test them on cut-out words
where no following context is accessible (Experiment 3). The
results on the four successful models show that three of them
fail to compensate as humans, indicating that following con-
text is indeed important.

On the other hand, it is interesting to note one exception,
the model with triphone AM and bigram LM, which is still
able to compensate without context. While this exception
does not agree with Darcy et al. (2009), humans can in some
cases make use of subtle acoustic cues to assimilation. In an
eye-tracking study, Gow & McMurray (2007) found that for
English place assimilation, listeners are able to predict the
following phone (the one that triggers the assimilation) be-
fore they hear it. The over-compensating model in our study
also compensates in French without following context, point-
ing to the availability of subtle acoustic cues not apparent in
the raw MFCCs, and not exploited by humans. Nevertheless,
the over-compensating model achieves greater compensation
rate when taking context into consideration (difference be-
tween solid and dotted lines in Figure 4 middle row).

Acoustic signals are partially informative
The results on MFCCs show that a listener can actually detect
assimilated words in English, if they are able to perceive all
acoustic information. Humans, however, are not able to do
this. Humans fail to perceive the full extent of acoustic detail
carried in the signal, while the ASR system is optimized for
solving this specific task. Nevertheless, the raw, unmodelled

acoustic signals fail to identify the assimilated word in the
French case.

A possible explanation for explaining the compensation
effects in the cut-out stimuli could be the way we derived
MFCCs: we calculated MFCCs at the sentence level and ex-
tracted frames corresponding to the word. When calculating
MFCCs at each frame, a small window of signal is used for
calculation. Thus, although we only extracted MFCCs up to
the word boundaries, the MFCCs nevertheless contain some
information about the following signal,and hence may cap-
ture some of the acoustics of the following consonant.

Conclusion
In this paper, we used ASR systems to represent listeners for
modelling language-specific phonological assimilation. We
found that certain models indeed reproduced human behavior,
not only in what they can do—compensation for assimilation,
but also in what they cannot do—no compensation for assim-
ilation without following context. Moreover, these computa-
tional ‘listeners’ do not employ any of the higher-level knowl-
edge sometimes used to explain perception of cross-word as-
similation by human listeners: a lexicon, explicit phonologi-
cal rules, or word boundaries. The patterns are explained by a
combination of contextual acoustic modelling and phonotac-
tic patterns, but nowhere in the system is there an application
of explicit (inverse) phonological rules.

In future work, we plan to better compare ASR with theo-
retical accounts based on the lexical level. This can be done
by using a word-level LM with a fallback on a phone-level
LM for unseen words. We also plan to test more modern
hybrid ASR systems based on deep neural networks for the
AM (Mohamed et al., 2012). Such models would presum-
ably have better performances than the AM used in this pa-
per, but because neural networks incorporate more context
than GMMs, they could potentially reproduce compensation
for assimilation without the help of any LM.

Acknowledgments
This work was funded in part by the Agence Nationale pour la
Recherche (ANR-17-EURE-0017 Frontcog, ANR-10-IDEX-
0001-02 PSL*, ANR-19-P3IA-0001 PRAIRIE 3IA Institute),
the CIFAR LMB program, and a grant from Facebook AI Re-
search (Research Grant) to the last author.

References
Coenen, E., Zwitserlood, P., & Bölte, J. (2001). Variation and

assimilation in german: Consequences for lexical access
and representation. Language and Cognitive Processes,
16(5-6), 535–564.

Darcy, I., Ramus, F., Christophe, A., Kinzler, K., & Dupoux,
E. (2009). Phonological knowledge in compensation for
native and non-native assimilation. Variation and gradi-
ence in phonetics and phonology, 14, 265.

Dilley, L. C., & Pitt, M. A. (2007). A study of regressive place
assimilation in spontaneous speech and its implications for

����



spoken word recognition. The Journal of the Acoustical
Society of America, 122(4), 2340–2353.

Dunbar, E., Cao, X. N., Benjumea, J., Karadayi, J., Bernard,
M., Besacier, L., . . . Dupoux, E. (2017). The Zero Re-
source Speech Challenge 2017. In 2017 IEEE Workshop on
Automatic Speech Recognition and Understanding (ASRU)
(pp. 323–330).

Gaskell, M. G. (2003). Modelling regressive and progres-
sive effects of assimilation in speech perception. Journal
of Phonetics, 31(3-4), 447–463.

Gaskell, M. G., Hare, M., & Marslen-Wilson, W. D. (1995).
A connectionist model of phonological representation in
speech perception. Cognitive science, 19(4), 407–439.

Gow, D. W. (2003). Feature parsing: Feature cue mapping
in spoken word recognition. Perception & Psychophysics,
65(4), 575–590.

Gow, D. W., & McMurray, B. (2007). Word recognition and
phonology: The case of english coronal place assimilation.
Papers in laboratory phonology, 9(173-200).

Gow Jr, D. W., & Im, A. M. (2004). A cross-linguistic exam-
ination of assimilation context effects. Journal of Memory
and Language, 51(2), 279–296.

Jozwik, K. M., Schrimpf, M., Kanwisher, N., & DiCarlo, J. J.
(2019). To find better neural network models of human
vision, find better neural network models of primate vision.
BioRxiv, 688390.

Linzen, T., Dupoux, E., & Goldberg, Y. (2016). Assess-
ing the ability of lstms to learn syntax-sensitive dependen-
cies. Transactions of the Association for Computational
Linguistics, 4, 521–535.

Marslen-Wilson, W. D., & Welsh, A. (1978). Processing
interactions and lexical access during word recognition in
continuous speech. Cognitive psychology, 10(1), 29–63.

Mohamed, A.-r., Hinton, G., & Penn, G. (2012). Understand-
ing how deep belief networks perform acoustic modelling.
In International Conference on Acoustics, Speech and Sig-
nal Processing (ICASSP).

Povey, D., Ghoshal, A., Boulianne, G., Burget, L., Glembek,
O., Goel, N., . . . others (2011). The kaldi speech recog-
nition toolkit. In Ieee 2011 workshop on automatic speech
recognition and understanding.

Samuel, A. G. (2001). Knowing a word affects the funda-
mental perception of the sounds within it. Psychological
Science, 12(4), 348–351.

Schatz, T., Bernard, M., Thiolliere, R., & Cao, X.-N.
(2016). Abkhazia (Tech. Rep.). [Online]. Available:
https://abkhazia.readthedocs.io/en/latest/index.html.

����


	Introduction
	Goal and Scope
	Target Audience
	References
	Overview
	Theme 1: Cognitive mechanisms of social learning
	Theme 2: Emergent properties of collectives
	Theme 3: Cognition and culture

	Workshop Structure
	References
	Prospect Theory and Optimal Risky Choices with Goals
	Jana B. Jarecki (jana.jarecki@unibas.ch, jj@janajarecki.com)
	Center for Economic Psychology, University of Basel, Missionsstrasse 62a, 4055 Basel, Switzerland
	Jörg Rieskamp (joerg.rieskamp@unibas.ch)
	Center for Economic Psychology, University of Basel, Missionsstrasse 62a, 4055 Basel, Switzerland
	Abstract
	Introduction
	Models of finite-horizon risky choice with goals
	Experiment
	Results
	Discussion
	References
	Appendix
	Explanation Supports Hypothesis Generation in Learning
	Erik Brockbank (ebrockbank@ucsd.edu)
	Department of Psychology, 9500 Gilman Dr.
	La Jolla, CA 92093-109 USA
	Caren Walker (carenwalker@ucsd.edu)
	Department of Psychology, 9500 Gilman Dr.
	La Jolla, CA 92093-109 USA
	Abstract
	Introduction
	Participants
	Procedure

	Results
	Hypothesis Generation
	Hypothesis Evaluation
	Memory
	Time on Task

	Discussion
	Acknowledgments
	References
	Methods
	Participants
	Stimuli
	Task Procedure
	Design

	Results
	Change in reconstruction accuracy across attempts
	Change in reconstruction fluency across attempts
	Change in reconstruction procedure across attempts
	Consistency and variability in procedures across individuals

	Discussion
	Acknowledgments
	References
	A hierarchical Bayesian model of convention
	Model simulations

	Behavioral experiment
	Results

	Discussion
	Acknowledgments
	References
	Jennifer M. Weber (jennifer.m.ellis@colorado.edu)
	Abstract
	Background
	Method
	Participants
	NIH Toolbox Cognitive Assessment
	Extracurricular Activities and Screen Time

	Data Analysis
	Acknowledgments
	References
	Explaining the Existential: Functional Roles of Scientific and Religious Explanation
	Telli Davoodi (tdavoodi@princeton.edu)
	Department of Psychology, Princeton University, Princeton, NJ 08544, USA
	Tania Lombrozo (lombrozo@princeton.edu)
	Department of Psychology, Princeton University, Princeton, NJ 08544, USA
	Abstract
	Distinct Functional Roles for Explanations
	Epistemic Needs
	Emotional Needs
	Both science and religion can support a psychological need for order and control. For example, Kay et al. (2008) found that threat to control contributed to an increase in belief in God when God was presented as intervening and controlling, but not wh...
	Under some conditions, science and religion can both also mitigate anxiety and stress. Norenzayan and Hansen (2006), for example, found that increased attention to mortality increased belief in the existence of God. Farias and colleagues (2013) found ...
	These results, among others (see Rutjens & Preston, in press) suggest that the content of a claim, rather than its scientific or religious designation per se, determines its potential to meet emotional needs. Yet content will tend to vary systematical...
	Social Needs

	Current Project
	Study 1
	Method
	Results

	Study 2
	Discussion
	References
	Introduction
	Data
	Methods
	Models
	Model comparison

	Results
	Understanding the latent factor structure
	Dimensionality across the age-span

	Discussion
	Acknowledgements
	References
	Introduction
	Background
	Probing for Stereotypic Tacit Assumptions
	Results
	Eliciting Properties from Language Models
	Capturing Prince's STAs
	Conclusion
	Acknowledgements
	References
	Introduction
	Background: Measuring Self-Assessment
	Modeling Sequential Confidence Judgments
	Model assumptions
	Generating model predictions

	Fitting the Models to Data
	Procedure
	Model simulations
	Results

	Discussion
	Acknowledgments
	References
	Introduction
	Crowdsourcing as a Research Tool
	Crowdsourcing to Analyze Belief Networks
	Reddit’s Change My View

	Crowdsourcing Study: Assessing Beliefs About Capital Punishment
	Data Collection
	Topic Modeling
	Statistical Analyses
	Feature Extraction with Random Forests
	Predicting Coherence-based and Statistical Considerations

	Discussion
	Limitations and Future Directions

	Acknowledgments
	References
	Chris R. Sims – Computational Rationality: A New Frontier in the Assessment of Individual Behavior
	Travis J. Wiltshire – Social Coordination Dynamics in Collaborative Interactions
	E. B. Torres – Stochastic Shifts in Learning Performance Across the Lifespan
	Roussel Rahman & Wayne D. Gray – Mining Data Hidden by Plateaus, Dips, and Leaps
	Ray Perez – Basic Research for Complex Problems
	Adjective typicality
	Corpus
	Stimulus Selection
	Participants
	Design and Procedure
	Results
	Discussion

	Extracting Typicality from Language Structure
	Method
	Results

	General Discussion
	Acknowledgements
	References
	Introduction
	Experiment 1
	Method
	Procedure
	Results and Discussion

	Experiment 2
	Method
	Procedures
	Results and Discussion

	General Discussion
	Acknowledgements
	References
	Introduction
	Method
	Simulating phone discrimination tasks
	Computational models
	Input to the models

	Results
	Crosslinguistic patterns of ABX discrimination
	Comparing predictions of the two models

	Conclusion
	Acknowledgements
	Introduction
	Perceptimatic English Benchmark
	Generating Model Predictions
	Experiments
	Results
	Discussion
	Related work
	Summary of Contributions
	Acknowledgements
	References
	Introduction
	Methods: DFT
	Architecture
	Object representation: perception and mental map
	Attention
	Concepts
	Target search
	Relations
	Generating sequences of processing steps

	Results
	Discussion
	References
	Introduction
	Formalization of Category Learning
	Incorporating Feature Learning
	Deep Categorization Models

	Methods
	Results
	Performance
	Optimal Number of Centers
	Accuracy Versus Fit to Humans
	Visualizing Category Representations

	Discussion
	Conclusion
	Acknowledgements
	Online Article Comprehension in Monolingual Spanish-Speaking Preschoolers with Specific Language Impairment: A Language-Mediated Visual Attention Study
	Andrea Helo (ahelo@uchile.cl)
	Universidad de Chile, Santiago, Chile
	Carmen Julia Coloma (ccoloma@uchile.cl)
	Universidad de Chile, Santiago, Chile
	Zulema De Barbieri (zdebarbieri@santotomas.cl)
	Universidad Santo Tomás, Santiago, Chile
	Ernesto Guerra (ernesto.guerra@ciae.uchile.cl)
	Universidad de Chile, Santiago, Chile
	Abstract
	Introduction
	The Present Study
	Participants
	Sample selection
	Materials and design
	Apparatus Eye movements were sampled monocularly at 500 Hz using the Remote Mode of the EyeLink 1000 Plus eye tracker system (SR Research, Ontario, Canada). To operate the system in the remote mode, a small target sticker was placed on the participant...
	Stimuli We created 32 short phrases in Spanish composed of two single words (article + noun). All phrases were preceded by an imperative verb (‘Look!’) to draw the participant’s attention to the screen. Half of them contained a definite article and th...

	Procedure
	Data analysis
	Results
	First, we present the results of our confidence intervals analysis, which provides a detailed visual description of the fixation proportion pattern across time. Then, we compared online comprehension of articles in children with SLI and children with ...
	Confidence Intervals results Figure 2 shows participants’ gaze pattern over time divided by children’s group with (within-subject) 95% confidence intervals as shaded areas around the full lines. In the upper panel, the proportion of fixation to each o...
	With regards to the effect of article type on the gaze pattern of children with SLI, confidence intervals show no preference for the target object before the onset of the noun, either when children heard either a definite or an indefinite article. Fig...
	Linear mixed regression results The results of the LMER model on log ratio shows a main effect of children’s group (β = 0.024, se =0.007, t = 3.53, p < 0.01, see Table 1). Overall, the proportion of looks to the target (relative to the lexical competi...


	Discussion
	Acknowledgements
	Special thanks to all children and families that participated in our study. This work was supported by the Agencia Nacional de Investigación y Desarrollo (ANID; National Agency for Research and Development, Government of Chile) under grants REDI170285...
	References
	Introduction
	Current Study
	Measuring Prosodic Predictability
	Participants and procedure

	Results and Discussion
	General Discussion
	Acknowledgements
	References
	Introduction
	Ornstein–Uhlenbeck networks
	Method
	Participants
	Materials
	Stimuli and Design
	Procedure

	Results
	Descriptive Results

	Modeling
	Modeling Results
	Intervention Analyses

	Discussion
	Object Bias Disrupts Rule-Based Generalization in Adults Across Domains
	Evan Orticio (eorticio@gmail.com)
	Department of Psychology, Swarthmore College
	500 College Ave., Swarthmore, PA 19081
	Stella Christie (christie@tsinghua.edu.cn)
	Tsinghua Laboratory of Brain and Intelligence and Department of Psychology, Tsinghua University
	Tsinghua Laboratory of Brain and Intelligence, Tsinghua University, Beijing, China, 100084
	Abstract
	Introduction
	Experiment 1
	Participants
	Stimuli and Procedure
	Results

	Experiment 2
	Participants
	Stimuli and Procedure
	Results

	Comparison of Experiments 1 and 2
	General Discussion
	General Discussion
	References
	Group polarization studies
	The model
	Computational experiments
	Implementation

	Analysis
	Discussion
	References
	Where is Cognitive Science Now?
	Carson G. Miller Rigoli (carsongmr@ucsd.edu)
	Department of Cognitive Science, University of California, San Diego
	La Jolla, CA 92103 USA
	Ashok Goel (goel@cc.gatech.edu)
	School of Interactive Computing, Georgia Institute of Technology
	Atlanta, GA 30308 USA
	Andrea Bender (andrea.bender@uib.no)
	Department of Psychosocial Science, University of Bergen
	Bergen, Norway
	Robert Goldstone (rgoldsto@indiana.edu)
	Department of Psychological and Brain Sciences, Indiana University
	Bloomington, IN 47401 USA
	Rafael Núñez (rnunez@ucsd.edu)
	Department of Cognitive Science, University of California, San Diego
	La Jolla, CA 92103 USA
	Introduction
	References
	Introduction
	Inferring ``ground truth'' from sampling processes
	Study overview

	Computational Modeling
	Naïve Utility Calculus models
	Alternative model

	Experiment 1
	Methods
	Results
	Discussions

	Experiment 2
	Methods
	Results
	Discussions

	General Discussion
	Future directions

	Acknowledgment
	Introduction
	Background
	Model Implementations
	The Matching Theory
	The Probabilistic Heuristic Model (PHM)
	PSYCOP
	Mental Models
	mReasoner

	The Evaluation of the Cognitive Models
	Results and General Discussion
	Acknowledgments
	References
	Introduction
	Bayesian Model of Causal Inference
	Model Predictions and Discussion

	Experiment 1: Adult Hypothesis Revision
	Methods
	Results and Discussion

	Experiment 2: Children's Hypothesis Revision
	Methods
	Results and Discussion

	General Discussion
	Acknowledgements
	References
	Referential Communication Experiment
	Results

	Analyzing the content of pacts
	Where do pacts come from?
	How do pacts differ across ages?

	Discussion
	Acknowledgements
	References
	Abstract
	Introduction
	Experiment 1
	Methods
	Results
	Discussion

	Experiment 2
	Methods
	Results
	Discussion

	General Discussion
	References
	Introduction
	Normative Framework
	Experiment
	Results
	Discussion and Further Work
	Acknowledgments
	Introduction
	Method
	Stimuli
	Processing
	Artificial Neural Networks
	Training methodology
	Analyses

	Results
	Discussion
	Future works

	Conclusion
	Acknowledgments
	References
	Introduction
	Goal-based Agents in Variable Games
	Simulation
	Variable Prisoner's Dilemma
	Symmetric Games
	All Games
	λ inferred by ToM(0)

	Discussion
	Acknowledgments
	References
	Ambiguity in Text Messages:  “I Hate You for Using Emojis Inconsistently With Your Text in WhatsApp ”
	*Ricky Van-yip Tso1,2 (rvytso@eduhk.hk)
	*Matt Wing-hang To1 (s1104798@s.eduhk.hk)
	1. Department of Psychology, The Education University of Hong Kong, HKSAR
	2. Psychological Assessment and Clinical Research Unit, The Education University of Hong Kong, HKSAR
	*Co-first authors
	Abstract
	Introduction
	The Present Study

	Methodology
	Participants
	Materials
	Procedures

	Result
	Response Time
	Valence Perception of Text Messages

	Discussion and Conclusion
	Incongruency with Negative Emoji Promotes Higher Probability of Negative Inference
	Ambiguous/ Neutral Emojis

	References
	Examining a developmental pathway of early word learning: From qualitative characteristics of parent speech, to sustained attention, to vocabulary size
	Ryan E. Peters (ryerpete@iu.edu)
	Chen Yu (chenyu@indiana.edu)
	Abstract
	Introduction
	Methods
	Data collection and gaze coding
	Speech coding
	Analyses

	Results
	Descriptive statistics
	Relations between quality of speech and concurrent vocabulary size percentile
	Effects of quality of speech on sustained attention

	Discussion
	Conclusion
	Acknowledgements
	References
	Introduction
	Methods for Probing Sustained Attention
	TrackIt
	Current Study

	Methods
	Data
	Measures of Performance

	Results
	Discussion
	Limitations and Future Directions

	References
	Introduction
	Experiment 1: Linked vs. Unlinked MCMCP
	Participants
	Materials
	Procedure
	Results
	Posterior Distributions

	Discussion
	Experiment 2: Subjective Fruit Ratings
	Participants
	Materials
	Procedure
	Results
	Discussion

	Conclusion
	Acknowledgements

	References
	Introduction
	Experiment 1
	Methods
	Results and discussion

	Experiment 2
	Methods
	Results and discussion

	General Discussion
	4- and 5-Year-Olds’ Comprehension of Functional Metaphors
	Rebecca Zhu (rebeccazhu@berkeley.edu)
	Mariel K. Goddu (goddu@berkeley.edu)
	Alison Gopnik (gopnik@berkeley.edu)
	Department of Psychology, University of California, Berkeley
	Berkeley, CA 94720 USA
	Abstract
	Lexicalization of quantificational forces in adverbial and determiner domains
	Johanna Alstott (jalstott@college.harvard.edu)
	Harvard College, 28 DeWolfe St. (Mailbox 10)
	Cambridge, MA 02138 USA
	Masoud Jasbi (masoud_jasbi@fas.harvard.edu)
	Department of Linguistics, Harvard University, Boylston Hall (3rd floor)
	Cambridge, MA 02138 USA
	Abstract
	Introduction
	Hypotheses for English

	Methods
	Participants
	Words tested
	Materials

	Results
	Analysis
	Discussion
	Acknowledgements
	References
	Cumulative prospect theory
	Model formulation

	Parameter estimation
	Structural asymmetries in parameter estimation

	Stimulus selection
	One-parameter model
	Visualizing the recoverability of a parameter value
	Effect of adjusting the experiment

	Two-parameter model
	Discussion
	References
	Requisite Variety, Cognition, and Scientific Change
	Anonymous CogSci submission
	Abstract
	Cognizing Scientific Change
	Requisite Variety
	Formalizing Scientific Change
	Conclusion
	References
	Active Vision in the Perception of Actions: An Eye Tracking Study in Naturalistic Contexts
	Ryan E. Peters (ryerpete@iu.edu)
	Dian Zhi (dianzhi@iu.edu)
	Matthew Petersen (matthew208@gmail.com)
	Chen Yu (chenyu@indiana.edu)
	Abstract
	Introduction
	Methods
	Experimental setup
	Data collection
	Gaze, subtask and object subtask-relevance coding
	Analyses

	Results
	Descriptions of the two subtasks performed by actors during making PBJ
	Overall gaze patterns from infant and adult observers
	The Distribution of attention in infant and adult observers
	Coordinated attention between infant observers and adult actors

	Discussion
	Acknowledgements
	References
	Introduction
	Background
	Methods
	Results
	Discussion
	Conclusion
	Acknowledgements
	Monolingual and Bilingual Toddlers’ Reliance on the Mutual Exclusivity Principle and Statistics to Learn Colour Labels
	Priscilla Fung (priscilla.fung@mail.utoronto.ca)
	Department of Psychology, University of Toronto
	Mississauga, ON L5L 1C6, Canada
	Elizabeth K. Johnson (elizabeth.johnson@utoronto.ca)
	Department of Psychology, University of Toronto
	Mississauga, ON L5L 1C6, Canada
	Abstract
	Experiment 1
	Method
	Stimuli and Design The experiment was divided into two blocks. One block presented objects with atypical colours (the Animate Block); the other block presented objects with possible colours (the Inanimate Block). Note that although some animate object...
	In each test trial, two images were presented side-by-side on a white background along with an audio labelling the colour (e.g., “Look, wug! Can you see it?”). The side which the object was on was counterbalanced across children. Each word was test...

	Results and Discussion
	Experiment 2
	Preliminary Results and Discussion
	General Discussion

	References
	Introduction
	Related Work
	Omniglot Case Study
	Neuro-Symbolic Model
	Alternative Models
	Experiments
	Evaluation on Held-Out Concepts
	Generating New Concepts

	Conclusion
	Acknowledgements

	Learners’ bias to balance production effort against message uncertainty is independent of their native language
	Lucy Hall Hartley (lucyhallhartley@email.arizona.edu)
	Masha Fedzechkina (mfedzech@email.arizona.edu)
	Abstract
	Introduction
	Methods
	Participants
	Miniature input languages
	Procedure
	Noun Exposure The experiment started with noun exposure: Participants were shown pictures of each of the six characters paired with the corresponding name in the novel language (12 trials, two for each noun). Noun comprehension followed noun exposure.
	Noun Comprehension In this block, participants were presented with four pictures of characters and heard a name of a character in the novel language. They were instructed to click on the correct character. Participants received feedback indicating whe...
	Noun Production Participants were presented with a picture of a character and asked to type its name into a textbox below the picture. They then received feedback on the correct name for the character (six trials, one for each noun).
	Sentence Comprehension Participants were provided with a sentence in the novel language and asked to match it to one of the two videos shown on the screen. The videos differed in which character was the subject and which was the object of the same act...
	Sentence Production Participants were shown previously unseen videos and asked to type a sentence in the miniature language that described what was happening in the video. Participants were provided with a verb prompt to facilitate production. No feed...


	Results
	Scoring
	Learning Accuracy
	Constituent Order Use in Production
	Case Marker Use in Production

	Discussion
	Acknowledgements
	References
	Introduction
	Analyses
	Data
	Cues to Conceptual Hierarchy and their Feature Vectors
	Task and Evaluation

	Results and Discussion
	Individual Cue Results
	Cross-cue Results

	General Discussion
	References
	The spatial arrangement method of measuring similarity can capture high-dimensional, semantic structures
	Russell Richie (drrichie@sas.upenn.edu)1
	Bryan White (bryanw@nmsu.edu)2
	Sudeep Bhatia (bhatiasu@sas.upenn.edu)1
	Michael C. Hout (mhout@nmsu.edu )2
	1 Department of Psychology, University of Pennsylvania, Philadelphia, PA 19104
	2 Psychology Department, New Mexico State University, Las Cruces, NM 88003
	Introduction
	Study 1
	Materials
	We collected similarity data for eight categories: furniture, clothing, birds, vegetables, sports, vehicles, fruit, and professions. Each category contained 20-30 words referring to category members. Where possible these items were selected to be as similar as possible to those in the Leuven Concept Database (De Deyne et al., 2008). These and other study materials can be found in our OSF respository at https://bit.ly/2tmIChy.
	SpAM


	Study 2
	General Discussion
	Acknowledgments
	References
	Introduction
	The Prisoner's Dilemma Game and Violations to the Sure Thing Principle
	QuLBIT: Quantum-Like Bayesian Inference Technologies
	Views on Rationality
	Quantum-Like Bayesian Networks
	Quantum-Like Influence Diagrams

	A Novel Explanatory Analysis in Quantum-Like Decision Models
	Conclusions
	Introduction
	The Computational Problem of Relational Generalization
	Theory-based Relational Generalization
	Analogy-based Relational Generalization
	Monte Carlo Inference

	Correspondence with Previous Theories of Analogy
	Simulating Relational Generalization
	Model Specification
	Synthetic Data
	Wikipedia Data
	Results

	Unifying Models of Relational Generalization
	Discussion
	Acknowledgments

	Audiovisual Information Processing in Emotion Recognition:
	An Eye Tracking Study
	Yueyuan Zheng (u3514160@connect.hku.hk)
	Department of Psychology, University of Hong Kong
	Pokfulam Road, Hong Kong
	Janet H. Hsiao (jhsiao@hku.hk)
	Department of Psychology and the State Key Laboratory of Brain and Cognitive Sciences, University of Hong Kong
	Pokfulam Road, Hong Kong
	Abstract
	Introduction
	Method
	Participants
	Materials and Apparatus
	Design
	Procedures
	In the two-back tasks (Lau et al., 2010), participants judged whether the presented English letter/symbol location in the current trial was the same as the one presented two trials before in the verbal/visuospatial task respectively. Each symbol was p...

	Eye Movement Data Analysis

	Results
	Discussion
	Acknowledgments
	References
	Introduction
	Experiment 1: Adults
	Methods
	Results and Discussion

	Experiment 2: 4- to 9-year-olds
	Methods
	Results

	General Discussion
	Acknowledgments
	When in Rome, do as Bayesians do:
	Statistical learning and parochial norms
	Abstract
	Introduction
	Experiment
	Participants
	Coding

	Results
	Computational analysis
	Discussion
	References
	Introduction
	Study 1A
	Participants
	Methods
	Results
	Conjunction Fallacy
	Correlations
	Exploratory Factor Analysis
	Discrete Conjunction Relationships

	Discussion
	Study 1B
	Participants
	Methods
	Results
	Conjunction Fallacy
	Correlations
	Combination with Study 1A
	Discrete Conjunction Relationships

	Study 2
	Participants
	Methods
	New Questions
	Results
	Conjunction Fallacy
	Correlations
	Discrete Conjunction Relationships
	Exploratory Factor Analysis
	Discussion
	Standout Items



	General Discussion












	Methods
	Participants
	Procedure

	Results
	Discussion
	Acknowledgements
	Introduction
	Computational Modeling
	Flatland
	Hierarchical Planning
	Attributing Goals, Relationships, and Strengths

	Methods
	Procedure
	Subjects
	Stimuli
	Results

	Discussion
	Acknowledgement
	Learning problem and normative inference
	Normative inference

	Experiment
	Methods
	Results

	Modelling heuristic inferences
	Feature-based inference
	Model fitting with human data

	General Discussion
	References
	Abstract
	Introduction
	Our testbed
	Existence of frequency-dependent regularization
	Overall construction frequency
	Preference extremity
	Results

	Accounting for frequency-dependent regularization
	Standard ILMs
	ILMs from morgan2016frequency
	Simulating corpus data
	Results

	Discussion
	New insights from daylong audio transcripts of children’s language environments
	Jessica L. Montag (jmontag@illinois.edu)
	Department of Psychology, 603 E Daniel Street
	Champaign, IL 61820
	Abstract
	Introduction
	Methods
	Audio Recordings
	Transcribing Procedure
	Analysis

	Results
	Total Words over Time
	Operationalization of Lexical Diversity
	Operationalization of Words over Time
	Item Analyses

	Discussion
	Acknowledgements
	References

	Comparing the effects of frontal and temporal neurostimulation on second language learning
	Kinsey Bice & Chantel S. Prat
	{klbice, csprat}@uw.edu
	Department of Psychology and
	Institute for Learning & Brain Sciences,
	University of Washington
	Abstract
	Introduction
	Transcranial Direct Current Stimulation
	Artificial Grammar Learning

	Methods
	Participants
	Artificial Grammar Learning
	atDCS Stimulation Procedures and Parameters
	Procedure

	Results
	Predictions
	Dependent Variables
	Group Comparisons
	Baseline and Demographics
	Training
	Test

	Discussion
	Acknowledgments
	References
	Quantitative Analyses of Gaze Duration from the viewpoints of Grounding Acts, Conversation Topic, and Linguistic Proficiency
	Ichiro Umata(ic-umata@kddi-research.jp)
	KDDI Research, Inc., Garden Air Tower, 3-10-10, Iidabashi, Chiyoda-ku, Tokyo, 102-8460, Japan
	Koki Ijuin(koki-ijuuin@aist.go.jp)
	The National Institute of Advanced Industrial Science and Technology, 2-3-26, Aomi, Koto-ku, Tokyo 135-0064, Japan
	Tsuneo Kato(tsukato@mail.doshisha.ac.jp) & Seiichi Yamamoto(seyamamo@mail.doshisha.ac.jp)
	Doshisha University, Department of Information Systems Design, Kyotanabe-shi, Kyoto, 610-0321, Japan
	Abstract
	Introduction
	Corpus
	Distributions of Major Grounding Acts
	Analyses: Gazes during Utterances
	Speakers’ Gaze
	Listeners’ Gaze

	Discussion
	Conclusion
	References
	The Relevance of Subjective Benefits in Risky Choice Across ten Domains of Life
	Jana B. Jarecki (jana.jarecki@unibas.ch, jj@janajarecki.com)
	Center for Economic Psychology, University of Basel, Missionsstrasse 62a, 4055 Basel, Switzerland
	Andreas Wilke (awilke@clarkson.edu)
	Evolutionary Behavioral Sciences, Clarkson University, Box 5825, 8 Clarkson Avenue,
	Potsdam, NY 13699 USA
	Abstract
	Introduction
	Materials and Methods
	Results
	Reliability of domain-specific risky choice
	Predictors of domain-specific risky choice
	Exploring the ecological rationality of beliefs and choice in domains

	The role of Prospect Theory in contextualized risky choice

	Discussion
	References
	Appendix
	Introduction
	Model
	Causal inference
	whether-causation
	how-causation
	sufficient-causation

	Model Semantics
	``Caused"

	Pragmatics

	Experiment
	Methods
	Materials
	Participants
	Procedure

	Analysis
	Alternative models

	Results & Discussion

	General Discussion
	Acknowledgments
	A Phylogenetic Perspective on
	Distributed Decision-Making Mechanisms
	Linus Ta-Lun Huang (linushuang@ucsd.edu)
	Department of Philosophy, University of California, San Diego
	La Jolla, CA 92093-0119, USA
	Institute of European and American Studies, Academia Sinica
	Taipei 11529, Taiwan
	William Bechtel (wbechtel@ucsd.edu)
	Department of Philosophy, University of California, San Diego
	La Jolla, CA 92093-0119, USA
	Abstract
	Introduction
	A Framework for Decision-Making
	Decision-Making Without Neurons
	Decision-Making Without a Central Brain
	Decision-Making in a Bilateral Invertebrate
	Decision-Making in Vertebrate Brains
	Implications for Studying Human Decisions
	Acknowledgment
	References
	Introduction
	Theoretical Background
	Syllogistic Reasoning and Personality
	Nonnegative Matrix Factorization (NMF)
	Joint Nonnegative Matrix Factorization (JNMF)

	Method
	Syllogistic Dataset
	Applying JNMF

	Results
	Connection to Cognitive Theories
	Validation of Pattern Predictions

	General Discussion
	Crazy for you! Understanding Utility in Joint Actions
	Arianna Curioni (CurioniA@ceu.edu)
	Department of Cognitive Science, Central European University.
	1051 Budapest (Hungary)
	Pavel Voinov
	Department of Cognitive Science, Central European University.
	1051 Budapest (Hungary)
	Matthias Allritz
	School of Psychology & Neuroscience, University of St Andrews, St. Andrews, Fife, KY16 9JU, UK
	Josep Call
	School of Psychology & Neuroscience, University of St Andrews, St. Andrews, Fife, KY16 9JU, UK
	Gunther Klaus Knoblich
	Department of Cognitive Science, Central European University.
	1051 Budapest (Hungary)
	Abstract
	Predicting others’ actions and inferring preferences from their choices is indispensable for successfully navigating social environments. Yet, the cognitive tools agents employ for prediction and decision may differ when involved in social interaction...
	Introduction
	Experiment 1
	Methods
	Participants. We recruited English-speaking participants who reported no history of neurological impairments or diagnoses, and normal or corrected-to-normal vision. We recruited 40 participants in total (15 F; Average age= 26.06 y +/- 4.47).
	Apparatus and Stimuli. The task was performed on an Iiyama 46” PROLITE TF4637MSC-B2AG touch-screen set (1600 × 900 pixels resolution). The screen area was vertically divided into two equal halves, corresponding to the two participants’ positions durin...
	In Alone trials boxes appeared only on the decision-maker’s side of the screen and could be cleared with a single tap of each item. In Together trials half of the boxes appeared on the decision-maker’s side and half of them appeared on the partner’s s...
	Data Analyses. The primary dependent variable was the proportion of Together choices, that is, the proportion of trials where individuals chose to perform a joint action. The proportion of Together choices was tested against 0.5 (chance level) by mean...
	Results

	Experiment 2
	Methods
	Participants. We recruited English-speaking participants who reported no history of neurological impairments or diagnoses, and normal or corrected-to-normal vision. We recruited 20 participants in total (8 F; Average age= 25.8 y +/- 5.17).
	Apparatus and Stimuli. Same apparatus and stimuli of Experiment 1.
	Procedure. Procedure was identical to Experiment 1, with the following differences. The single participant (decision-maker) chose between two buttons (‘1 hand’ and ‘2 hands’). In Uni-manual (1 hand) trials, boxes appeared only on one side of the scree...
	Data Analyses. Data analyses and trial exclusions were identical to Experiment 1 (exceeding +/- 3 SD ;1.5% of the total trial number).

	Results

	Experiment 3
	Methods
	Participants. We recruited English-speaking participants who reported no history of neurological impairments or diagnoses, and normal or corrected-to-normal vision. We recruited 40 participants in total (36 F; Average age= 23.13 y +/- 2.95).
	Apparatus and Stimuli. The experiment was conducted on a 43” Iiyama PROLITE TF4338MSC-B1AG touchscreen. Stimuli were identical to Experiments 1 and 2, except the boxes appeared in two sizes: big (7.3 × 7.3 cm) or small (2.2 × 2.2 cm). Synchrony thresh...
	Procedure. Procedure was identical to Experiment 1 except the following differences. Participants were given a target number of boxes to clear (1500) without a time limit. In reality, there was a fixed number of trials and the target number was beyond...
	Before proceeding to the experiment, participants were introduced to four practice trials, where they were familiarized with the procedure, different trial types, and variations in stimuli size and quantities.
	Data Analyses. Data analyses and trial exclusions were identical to Experiment 1 (exceeding +/- 3 SD; 2.6% of the total trial number). The repeated measures analysis of variance (rANOVA) on Trial Time had Task (Alone-Together), Number of Actions (6,12...

	Results

	Discussion
	References
	Introduction
	Theoretical Background
	mReasoner
	Probability Heuristics Model

	Method
	Fitting Cognitive Models
	Dataset

	Results
	Coverage Performance
	Parameter Usage
	Performance Congruency

	Discussion
	Background and goals
	Competing theoretical proposals
	Main ingredients of the DDM
	Link to theoretical proposals
	Methods
	Participants
	Design, materials & procedures
	Exclusion blackcriteriablack
	Regression analyses and modeling strategy

	Results
	Regression Analyses
	DDM analyses

	Discussion
	Acknowledgements
	References
	Causal claims and implied causal strengths
	Implications for studying causal structure induction
	Experiment 1
	Methods
	Participants
	Design, Materials, and Procedure

	Results and Discussion

	Experiment 2
	Methods
	Participants
	Design, Materials, and Procedure

	Results and Discussion

	General Discussion
	Experiment 1
	Methods
	Participants
	Design, Materials, and Procedure

	Results and Discussion

	Experiment 2
	Methods
	Participants
	Design, Materials, and Procedure

	Results and Discussion

	Experiment 3
	Methods
	Participants
	Design, Materials, and Procedure

	Results and Discussion

	General Discussion
	Can we match the variance across different visual features?
	Midori Tokita (tokita@mejiro.ac.jp)
	Faculty of Health Sciences, Mejiro University,
	Ukiya, Iwatsukiku, Saitama 339-8501, Japan
	Yi Yang (catherine.yiyang@hotmail.com)
	Graduate School of Humanities and Sciences, Ochanomizu University,
	Otsuka, Tokyo 112-8610 Japan
	Akira Ishiguchi (ishiguchi.akira@Ocha.ac.jp)
	Faculty of Core Research, Ochanomizu University,
	Otsuka, Tokyo 112-8610 Japan
	Abstract
	Introduction
	Experiment
	Methods
	Participants The subjects were 38 undergraduate students from Mejiro University (19 females, 19 males), all of which presented normal or corrected-to-normal visual acuity. They were randomly assigned to one of two adjustment tasks (i.e., the size-adju...
	Apparatus The experiment was conducted in a normally lit room. The stimuli were displayed on an iMac desktop monitor controlled by a Macintosh computer (Mac OS X). Stimuli presentation was controlled using Psychophysics Toolbox Version 3r (Brainard, 1...
	Design The two tasks (i.e., the size-adjustment and direction-adjustment tasks) were conducted in a between-subjects design. We used the between-subject design for the purpose of minimizing the practice effect. In each adjustment task, the target set ...
	To control the item set variance, a fixed variance generation method was used, in which the mean and SD of the samples randomly drawn from normal distribution was fixed to the expected value (Tokita & Ishiguchi, 2015; Yang et al., 2018). In the adjust...
	Procedure Each observer completed one 45-min session consisting of two blocks of variance discrimination task and two blocks of the adjustment task. First, the observer completed two types of variance discrimination, a size and a direction discriminat...
	Analysis In the variance discrimination task, the correct   rate corresponded to the performance measure. In the size adjustment task, the mean adjusted variance was calculated at each variance level.

	Results

	Discussion
	References

