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There is a general consensus in theories of human speech recognition
that humans engage in predictive processing during online speech
processing. There are also claims that predictive processing is indica-
tive of the operation of a predictive coding (PC) mechanism. PC is a
generative, hierarchical feedback framework where feedback signals
consist of input predictions, while feedforward signals consist primarily
of prediction errors (PE). Some researchers have taken decreased neural
signals when inputs conform to expectations as evidence for PC and
claim that other possible explanatory frameworks (e.g., interactive acti-
vation) are incompatible with reported reductions in PE. However, these
claims have been advanced using narrow-scope computational imple-
mentations of PC without known abilities to adequately (i.e., plausibly)
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simulate broader human spoken word recognition (SWR) behavioral
phenomena. Here, we present the first known neurally and behaviorally
adequate, mathematically formal neural network PC model of time-
dependent human SWR. After demonstrating that the new model is able
to emulate a fundamental, empirical signature of human SWR behavior
(time course of lexical activation and competition), we compare model
dynamics to neural performance targets that have been touted as hall-
marks of PC in SWR. While the new model readily exhibits predictive
processing (anticipatory activation of phonemes consistent with lexical
knowledge) and reduced neural activity when inputs match expectations
(a necessary component of PC) more subtle patterns of neural activity
under priming and noise conditions, previously proposed as diagnostic
of PC do not emerge appreciably. This suggests that such patterns may
not be hallmarks of PC. We discuss implications for PC-based theories
of SWR.

1 Introduction

Prediction is a key aspect of human language processing. For exam-
ple, readers and listeners are sensitive to cloze completion probabilities
(Taylor, 1953) of words in sentences (e.g., “It was a windy day, so the boy
went outside to fly his . . .”: kite [high predictability] versus airplane [low
predictability]; DeLong et al., 2005), and of phonemes in words (e.g., for-
mula versus nonword “formubo,” which violates lexical prediction at /b/;
Gagnepain et al., 2012). Humans also process language using more com-
plex predictions, for example, predictions based on an understanding of
the thematic roles of nouns (e.g., Altmann & Kamide, 1999; Kukona et al.,
2011). Increased neural activity has long been observed in response to un-
expected linguistic input (cf. Kutas & Federmeier, 2011, who note that the
N400 component of the event-related potential is proportional to word sur-
prisal). However, over the past decade, the theory that this increase of neu-
ral activity in response to unexpected inputs is due specifically to prediction
error (PE) has garnered much support and attention.

In the domain of human speech recognition, Davis and colleagues
(Blank & Davis, 2016; Davis & Sohoglu, 2020; Gagnepain et al., 2012; So-
hoglu & Davis, 2016) have been particularly strong proponents of the view
that reduced neural activity when expectations are confirmed is evidence
for reduced PE, which they posit supports a computational framework
known as predictive coding (PC: Rao & Ballard, 1999; Spratling, 2008;
Friston, 2005) but contradicts another framework, interactive activation
(IA, as in the TRACE model of human speech perception and spoken word
recognition; McClelland & Elman, 1986). In IA, there is vertical interac-
tion between hierarchically organized layers (feedforward and feedback
connections), as well as horizontal interaction within layers (via lateral
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inhibition and additional connectivity in the TRACE model). Davis and
colleagues argue that IA predicts that neural activity should increase when
inputs are expected, because the dynamics of IA “sharpen signals,” while
PC uniquely reduces activity when inputs are expected.

There are reasons to be skeptical that these characteristics can reliably
differentiate between PC and IA frameworks. First, activity reduction when
inputs conform to expectations is often posited to constitute evidence for PC
without linkage to formal models of predictive coding. While Blank & Davis
(2016) conducted simulations meant to pit PC against IA, their implemented
models were conceptually based on these two frameworks but were not for-
mally equivalent to them (Gaston et al., n.d.). Second, as we discuss below,
formal specifications of PC (Rao & Ballard, 1999; Spratling, 2008) may be
less different from IA than intuition initially suggests, given, for example,
that the conventionally parameterized IA TRACE model exhibits signal re-
duction when expectations (lexically predicted phonemes) are confirmed
(Luthra et al., 2021), contra predictions (Gagnepain et al., 2012).

The relation of predictive processing to different computational frame-
works is one of the most interesting theoretical challenges in the field of
human spoken word recognition (SWR). It connects to the long-standing
debate on whether lexical-level processing has a direct influence on sublex-
ical processing (Elman & McClelland, 1988; Magnuson et al., 2003a, 2003b,
2018; McQueen, 2003; McQueen et al., 2006, 2009; Norris et al., 2000, 2003,
2016; Pitt & McQueen, 1998; Samuel & Pitt, 2003; Magnuson et al., 2024). PC
would seem to imply such direct influence, but Norris et al. (2016) claim that
the feedback in IA and PC would be qualitatively distinct. Thus, exploring
whether the IA framework is qualitatively distinct from PC will have im-
plications for multiple theoretical concerns, but it will require comparable
implementations of each framework.

Our focus in this study will be strong claims in the literature regarding
the relative compatibility or incompatibility of different frameworks with
extant data. Specifically, Blank and Davis (2016) asserted that IA is incom-
patible with behavioral and neurobiological data that they further claim
are only consistent with PC. However, these claims are founded on simula-
tions with incomplete models that simulate only selected aspects of PC and
IA (e.g., simple, quasi-hierarchical models that employ either additive or
subtractive feedback, where the former is meant to stand in for IA and the
latter for PC, though neither serves as a totally plausible implementation
of its respective framework). To date, no formal, neurally and behaviorally
adequate, neural network PC model has been implemented for speech that
would permit evaluation of SWR task response properties that could dif-
ferentiate the PC model from competitor frameworks.!

'Note that Yildiz et al. (2013) created a PC model for speech. While it operated on real
speech, their model was limited to recognizing the names of the digits 0 to 9, and was not
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There has been a proliferation of narrow-scope models in SWR: models
that are used for proof-of-concept demonstrations of principles without
being tested for their ability to reproduce fundamental human behavior
in the domain. The ability to simulate human behavior, also known as
behavioral adequacy, is (alongside neural adequacy) one of the five primary
criteria for model realism and utility proposed by Magnuson et al. (2020),
extending McClelland and Elman’s (1986) distinction between behavioral
and computational adequacy.

Indeed, models intended to advance understanding of perception and
cognition in biological organisms that fail to emulate basic, empirically ob-
served behaviors are necessarily limited in their ability to provide reliable
domain insight, much less advance theoretical understanding. Consider
the mathematical model used by Gagnepain et al. (2012) and the 24-word
sharpened signal and prediction error models of Blank & Davis (2016). In
addition to architectural limitations, none have, to our knowledge, been as-
sessed for behavioral adequacy (e.g., Do they exhibit robust word recog-
nition? Do they emulate the time course of phonological competition ob-
served in human SWR?). Both the Gagnepain et al. (2012) and Blank and
Davis (2016) models were first created to test for specific experimental pat-
terns they had observed in SWR and hypothesized to be signatures of PE
and thus PC. However, we hold that a model must also be assessed for
its ability to simulate fundamental, benchmark human SWR data patterns
such as the time course of phonological competition (Allopenna et al., 1998)
to be considered viable.

We address the lack of such models by implementing, to our knowledge,
the first formal neural network PC model of human SWR that operates on
over-time speech-like input and exhibits robust behavioral adequacy. This
model, as well as its static input precursor presented in section 2.1 (created
to demonstrate that we can extend the PC framework to perform a classi-
fication task), are direct extensions of the formal variant of PC developed
by Rao and Ballard (1999). The models we consider in this letter are shown
in Figure 1. At top is the original Rao and Ballard (1999) model (sPC, for
static predictive coding). In the middle is our modification of the sPC model
(called sPCC, for static predictive coding classifier) that extends the sPC
model to perform a classification task; we describe this extension in detail
and verify that sPCC can classify words when input as static images (pseu-
dospectra). The bottom model (rPCC: recurrent predictive coding classifier)
is our sequential, over-time SWR model; it is a modification of the dynamic
(Kalman-filter based) model of Rao (1999), with the classification layer of

compared to human SWR. Another notable PC approach to speech is the active listening
model of Friston et al. (2021). This is an innovative generative account with several ap-
pealing features, but it differs substantially from the aims of this work. In particular, it
is not a learning model and is oriented more toward inference with a specified genera-
tive architecture. It addresses speech recognition at a different level of analysis from ours,
making direct comparison difficult. For these reasons, we do not consider it further here.
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representations/states: I';

sPC  1/r, weights: U, %4
(R&B 1999) errors: ¢; = 1;_1 — U;Tr;
Uy
sPCC  1I/rq BIE = L

Figure 1: The Rao and Ballard (1999) formal predictive coding (PC) model
(top) and extensions to create predictive coding classifiers (PCCs). Here, we
depict three models, beginning with the static PC (sPC) model of Rao and
Ballard (1999) (top). The static PC classifier (sPCC) model adds a final localist
node layer (r3), with one node per label (L), to adapt the model to classification
tasks (static and simplified image-like representations of speech). Finally, the
recurrent PC classifier (rPCC) model extends sPCC (though it contains one
fewer layer) to process sequential inputs by adding recursive weights (red
arrows). We note that the rPCC model admits an additional error term not
show here, but shown in Figure A.1, in the appendix and discussed in detail in
the text. Circled crosses with a single minus sign are subtraction blocks for the
quantities that feed into them.

sPCC and a set of context units (r.) that transmit loss information during
training. We note that while a similar model was proposed by Rao (1999),
the dynamics (V; and V, connections) were turned off in that implementa-
tion, making the model equivalent to a static model.

Once we establish that the rPCC model can perform word recognition
(i.e., given sublexical inputs, that the model can settle on the correct lexical
output node), we assess the model’s ability to simulate other fundamental
aspects of human SWR (in particular, the time course of phonological
competition, such as the complex cohort and rhyme effects observed by
Allopenna et al., 1998). Next, we perform a critical test of the model: sim-
ulating a paradigm used by Gagnepain et al. (2012) where lexically based
predictions (e.g., given the input “formu” the English lexicon strongly
predicts that the next syllable will be -Ia) are either confirmed (the input is
indeed formula) or violated (the input is a nonword such as “formubo”).
Human subjects are exquisitely sensitive to lexically based probabilities in
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both behavior and brain (where activations in lexically associated cortical
regions are reduced when predictions are confirmed versus violated;
Gagnepain et al., 2012; Sohoglu & Davis, 2020).

Luthra et al. (2021) applied TRACE to this paradigm and found (contra
predictions of Gagnepain et al., 2012) that TRACE in fact shows reduced
activity (diminished lexical inhibition and feedback and diminished phone-
mic inhibition) given valid lexical input like “formula” versus a nonword
like “formubo.” We present similar pairs of stimuli to our rPCC model,
allowing us to begin to assess how qualitatively different IA and PC truly
are. Then, since our rPCC model does not have phonemic readouts of any
sort, we use a decoding technique to discover rich, emergent anticipatory
representations within the model: gradiently increasing predictive acti-
vation related to upcoming phonemes and syllables. Finally, we assess
whether a pattern of model activity that has been proposed as a neural
hallmark of PC in human speech processing (Blank & Davis, 2016) emerges
in our rPCC model.

2 Extending Predictive Coding

2.1 The Static Predictive Coding Model. The first challenge in extend-
ing PC is that formal models do not typically perform tasks like object recog-
nition or classification. The model described by Rao and Ballard (1999), for
example, builds two levels of progressively larger visual receptive fields,
but only operates over small patches of images and does not “do” anything
with the output (though it crucially simulates emergence of plausible re-
ceptive field properties). Extending PC to perform object classification is an
interesting challenge in its own right, and we present a detailed report on
classification elsewhere (Rogers et al., n.d.). We give a brief description here
to set the stage for the recurrent model described in the next section.

Rao and Ballard’s (1999) original model has two hierarchical levels and
is trained on small patches of natural images. The receptive fields of each
processing level increase in size as the hierarchy ascends, such that a higher
level (i.e., level 2) can make spatial predictions (through top-down connec-
tions) about the immediately lower level (level 1), given an input image.
The original model in Rao and Ballard (1999) has only two levels; however,
we can extend this to an arbitrary number of levels as follows, where the
model minimizes the following cost function during training;:

n—1 1
= Z |:021 (i1 — f (Um)" (121 — f (Uiy))
i=1 1—

+% (1 = f Upsatis))" (1 - f(ui+1ri+1)):|

1

+> 8+ Y k(). (2.1)
i=1 i=1
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In this expression, ry is taken to be the input I, with the understanding
that ry (unlike the other r;) is static and never updated. f is an optional
squashing function, such as tanh(x). Defining f as the identity function pro-
duces a linear model. Training adjusts the r; (representation at each level)
and U; (between-level connections) in order to make a given level’s rep-
resentation agree with the top-down predicted representation of the level
above it in the hierarchy.

To extend this approach to classification, we must add a classification
layer; we will simply use a standard one-hot output layer with one node
per possible label class. Then we must extend the cost in equation 2.1
(which tries to match representations at each level) by adding a binary cross-
entropy cost to the ] in equation 2.1,

Je = —L" log [s(r)], (22)

in which L is a one-hot label vector and s(x) = €/ )", ¢* (the softmax func-
tion). A signal processing diagram of the model (which we call sPCC) is
shown in the middle panel of Figure 1.

Gradient updates to adjust both the r; and U; can be derived by com-
puting derivatives of | + Jc with respect to those variables. The r update
equations, fori=1,...,n —1, are

k
Y — 1+ GTIUZ-TF[ (tio — f (Uiri)
i1

ke ke
-2 (i = f (Uiarin)) — 58 (1:). (2.3)

1

Because of ¢, the update for the top-most layer r, is slightly different:

k
r, —> I, + TrunTFn (rn—l - f(unrn))
g

n—1

) 1)~ ), 24

n

In all cases, F; is a diagonal matrix. If the function f is the identity func-
tion, then F; is an identity matrix of the appropriate size. If f = tanh, then

(F),, =1 —tanh? [(Uir;), ]. (2.5)

The o terms are noise variances (which can be different for different levels),
and the k are learning rates. The term g (see equation 2.1) is a prior term; for
a gaussian prior with negative log likelihood, g(x) = ax”x, ¢'(x) = 2ax. For
a sparse prior with negative log likelihood, g(x) = a }_;log (1 + x?), ¢'(x) =
oY 2%/ (14 x2).
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Table 1: Feature Map of Phonemes in the rPCC Lexicon.

Features /b/ /k/ /s/ /r/ Ja/

consonantal 1
sonorant 0
syllabic 0
nasal 0
voiced 1
continuant 0
labial 1
alveolar 0
palatal 0
anterior 1
velar 0
0
0
0
0
0
0
0
0
0
0

R
~

/i) Ju/

coronal
sibilant
high
mid
low
back
central
round
tense
reduced

DO OO OO ODODOORODODODODODOOO O
DO OO OO0 R MR OROFRORFROOOOR
OO OO DD OO0 OO R OR PR OORE
OO O OO R OO ODODODOOODOO RO RFO
DO OO R P OO0 OORRRFORFRFO
OR OO0 OO0 R OO0 O R R ORFRRFEO
OFR PR OFR OO R OO0 O R R ORFRFEO

The updates for U fori =1, ..., n are as follows:

U — Ui+ :TUE' (ti — f Uir)) xf — l%uh/(ui)a (2.6)
i1

in which the priors on U ( in equation 2.1) can take either of the forms

(gaussian or sparse) that g takes, with U substituted for x, U;; for x;, Zi]-

for ), and precision parameter A for «. Here, we use primes on g and / to

indicate derivatives of the prior functions with respect to their arguments,

that is, r for gand U for h.

We trained the sPCC model to classify the five natural images from Rao
and Ballard (1999) and 212 pseudo-spectrograms of the words from the
standard TRACE lexicon (McClelland & Elman, 1986).

TRACE uses “pseudo-spectral” inputs, where phonemes are represented
by sets of articulatory features that ramp up to a maximum value (1) and
then ramp back down to a minimum value. Phoneme centers are spaced
such that the ramping up of one phoneme overlaps with the ramping
down of the previous phoneme, providing a coarse analog of coarticula-
tion. Rather than the original TRACE set of seven phonetic features with
nine levels each, we used a set of 21 simple features from Magnuson, Tanen-
haus et al. (2003) (see Table 1). An example pseudo-spectrogram is shown
in Figure 2.
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/k"ra/

alveolar
anterior
back
central

N | E——
I
consonanta
continuant 1.0
coronal
high
labral
low 1 e
mid 0.5
nasal
palatal
reduced
roun
sibilant 0.0
syllabic

tense
velar
voiced

Time Step

Figure 2: Example pseudospectral (TRACE-like) input used for sPCC and
rPCC models. This shows the pseudospectrum for 1 of the 12 artificial CVCV
words that we used to train the rPCC model. The sPCC model was trained on
the 212-word TRACE lexicon using the same pseudospectral format. Phoneme
onsets here appear as vertical, dashed grey lines. The artificial words all had the
same length, consisting of of 98 time steps, with 21-element phonetic vectors at
each step.

Accuracy for the five natural images from Rao and Ballard (1999) reached
(and remained at) 100% after approximately 300 epochs. The classification
accuracy for the 212 pseudospectra gradually increased and plateaued at
around 80% over the course of 1,000 training epochs. Full details on parame-
ter values, training regimes, and so on can be found elsewhere (Rogers et al.,
n.d.); these two simulations were summarized here to establish that our
classification framework is valid and can be used in the recurrent model.
We did not perform a comprehensive search for parameters that could in-
crease accuracy as our interest is in developing a model that can process
over-time signals, to which we turn now.

2.2 Recurrent Predictive Coding for Over-Time Signals. Extending PC
to a recurrent form is not trivial, but it is necessary for developing a plau-
sible PC-based model of human SWR. As we will see in this section, it is
possible to extend sPCC to a recurrent version that achieves high classifica-
tion accuracy and demonstrates human-like phonological competition over
time.

Rao and Ballard (1997) and Rao (1999) discuss in detail how one might
extend their basic PC approach (Rao & Ballard, 1999) to a recurrent version
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(though they did not in fact test the recurrent model). Their formulation
casts the model as a Kalman filter (Kalman, 1960). The major difference be-
tween the static model (sPCC) and the recurrent model is that the states r
now have their own internal dynamics (encoded in a matrix V'), as opposed
to only updating when new data arrive. Because of this, we have multi-
ple estimates of the model parameters (we present full details in the next
section): ¥ and U denote updates due to the internal model dynamics, and
# and U represent the blended state estimate that combines model predic-
tions with input data. The state estimate provided by the model is thus a
blend of input from the world (encoded in U) and an internal model of the
world (encoded in V). Our recurrent PCC (rPCC) model also includes an
additional localist output layer for classification, similar to the static PCC
(sPCC) model described previously.

2.3 rPCC Model Architecture and Dynamics. The architecture of the
rPCC model is illustrated in the bottom panel of Figure 1. Our rPCC model
consists of a hidden layer (r;) and an output layer (r;), which contain the
model’s sublexical and lexical representations, respectively, given the in-
put (I). However, as in the previous section, we will write the updates for
a model of arbitrary size. Parameter updates can be written as before, as-

suming again that I = 1. First, the internal updates fori =1, ..., n are com-
puted, in which time is now explicit:

Vi(t —1) = Vi(t - 2), 2.7

Ui(t) = U(t — 1), (2.8)

f(t) = Vi(t — Dt - 1), (29)

t.(t) = Vot — Die(t — 1), (2.10)

and in which V is a matrix. Once the internal (barred) estimates have been
computed, the data-based (hatted) estimates fori=1,...,n —1 are com-
puted as follows:

() = £) + U7 (54() — TR (0) @)

i—1

_gu,?;1 (®:(t) — U (£)Eia (1))

it = () + :T” (s (8) — Uit () 1) (2.12)
i—1
016) = Vi) + % (8(6) — ViR ( — 1)) 86— 1, (2.13)

in which k;,, ki, and ky, are (layer-dependent) learning rates and the o> terms

are noise variance and covariance parameters. The top-most layer update
equations (&,, Uy, V;) differ from their lower-layer equivalents only in the
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manner by which top-down feedback is incorporated:

B,(1) = B+ 0T (5,1 (0) — U (E() (2.14)
Un—l
O(6) = T,(0) + o (1 (1) — U, ()20 22T (2.15)
Un—l
V() = Valt) + Lo (5206) — Vo DR — D) 2ot — 1. 2.16)

Here, i, a set of context units similar to those used in simple recurrent net-
works (Elman, 1990), is the sum of #, and a classification cost term analo-
gous to Jc in equation 2.2 (sPCC). The complete t. update equation is

krn
2
207

Ee(t) = £ (t) — 55 (sk(®(£)) — L), (2.17)

where L is the label vector corresponding to the input.

Updates to . occur distinctly from updates to 1, in order that label in-
formation be incorporated into the model during training using a term that
can be silenced during testing, when U and V updates cease during model
testing, t. and associated label information no longer contribute actively to
model dynamics, yet the model’s top-most layer is still able to propagate
predictions of the input (UzF,) into layer 1, and its hidden representation
of the input (£2) still updates using bottom-up error (¥, — Us¥,). This bidi-
rectional information flow is fundamental to hierarchical PC. Again we
note that we have described the linear version of the model, in which the
function f (see equation 2.1) is the identity function rather than tanh. The
nonlinear version is a straightforward generalization of these equations.
An expanded version of the rPCC schematic (see Figure 1, bottom row)
in which the time-dependent update scheme of rPCC is shown in greater
detail is in Figure A.1 in the appendix.

2.4 Training and Testing Procedures.

2.4.1 Inputs. The model was trained on a set of 12 consonant-vowel-
consonant-vowel (CVCV) “words” made up of combinations of the con-
sonants /b/, /k/, /s/,and /r/ and the vowels /a/, /*/, /i/,and /u/. The
consonants were chosen such that each consonant had at least one unique
phonetic feature (see Table 1, where the unique consonant features are ital-
icized). The 12-word lexicon consisted of /b*si/, /b*ra/, /k"si/, /kK'ra/,
/kibu/, /kisa/, /ribu/, /risa/, /suk’/, /suki/, /ruk”/, and /ruki/. This
strategy was modeled after Magnuson, Tanenhaus et al. (2003); it provides a
compact lexicon with tight control over phonological similarity. Each word
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Table 2: CVCV Lexicon.

Word Cohort  Rhyme

/bsi/ /b’ra/ /K'si/
/b'ra/ /bsi/ /K'ra/
/Ksi/ /K'ra/ /b’si/
/K'ra/ /Ksi/ /bra/
/kibu/  /kisa/ /ribu/
/kisa/ /kibu/ /risa/
/ribu/ /risa/ /kibu/
/risa/ /ribu/ /kisa/
/suk?/ /suki/  /ruk?
/suki/ /suk”/ /ruki/
/ruk”/ /ruki/ /suk?/
/ruki/ /ruk”/ /suki/

in the lexicon had one cohort (sharing the same initial two phonemes as the
target word) and one rhyme (sharing all but the first phoneme as the tar-
get word), and all other words in the lexicon are considered unrelated to
the target word (even though they may share phonemes, such overlap does
not appear to drive robust competition in human listeners). For example,
the word /kibu/ had /kisa/ as its cohort and /ribu/ as its thyme. Other
constraints included (1) no repeated phonemes within a given word, (2) no
two words are syllabic transpositions of each other (e.g., /kibu/ and /buki/
are not both in the lexicon), and (3) each phoneme appeared no more than
four times at a given phoneme position. See Table 2 for each lexical item,
along with its single cohort and rhyme. Each word also has nine unrelated
words, which we do not show in the table.

2.4.2 Parameters. As shown in the bottom panel of Figure 1, we consider
a model with two noninput layers. Our sublexical layer r; consists of 10
units. This was established by trial-and-error; performance improved and
stabilized as we increased the size of r; from 5 to 10. Both rp, r. and L are
of size 12 (the size of the CVCV lexicon). The model was trained for 5,000
epochs. In each epoch, each word in the lexicon was presented once in
random order. Each word was presented as a series of 98 (word duration)
vectors of length 21 with values ranging from 0 to 1. Once again, weight
updates occurred after loss calculations at each time step, representing
a form of stochastic gradient descent. Free parameters were determined
empirically:

e The noise variances were o = 10,0 = 10,07 = 1,07 =5,and 05 =
1.

® The learning rates for state unit and weight updates were k;, = 0.1,
ky, =5, ku, = 0.1, ky, = 0.1, ky, = 0.01, and ky, = 0.01.
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Figure 3: Schematic for the trained CVCV model. Schematic showing a detailed
variant of the bottom panel of Figure 1, which indicates the sizes of all weight
matrices, representations, and inputs to the rPCC model. For example, V; is a
10 x 10 square matrix, and r; is a vector with 10 elements. Here, the activation
function f is the identify function.

These values were established by trial-and-error; we aim to conduct a
more comprehensive parameter space search in future work where we
extend rPCC to real speech. Figure 3 shows a variant of the bottom panel
in Figure 1 in which we have labeled the sizes of the Us, V's, and rs that we
used for the model we will subsequently validate and test.

3 Basic Model Validation

We set two necessary criteria for the rPCC model to serve as a reasonable
model of human SWR: (1) it must learn to recognize the words in its lex-
icon, and (2) it must emulate human-like phonological competition over
time: at the very least, it must exhibit early competition between cohorts
(words with onset overlap) and later competition between rhymes (words
with post-onset overlap), key features of the benchmark competition pat-
tern from Allopenna et al. (1998). We take the logic for criterion 1 to be
self-evident. The logic for criterion 2 is that phonological competition is a
salient and fundamental characteristic of human SWR behavior that can be
readily simulated using established linguistic models, including the gold-
standard TRACE model (McClelland & Elman, 1986; Allopenna et al., 1998).
If a model cannot simulate this pattern, its behavioral validity would be
questionable.

3.1 Accuracy. Classification accuracy was calculated every 100 epochs
using the training lexicon. Classification accuracy of a given input was
based on softmax-transformed r, activations at the last time step. This
conversion to response probabilities is a common practice in models of
SWR (see McClelland & Elman, 1986; Magnuson et al., 2018; Frauenfelder
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Figure 4: Training the rPCC model. The rPCC model correctly recognizes all 12
CVCV items in its training lexicon after around 2,000 epochs of training. The
curve shows accuracy averaged over 100 unique training runs. Error bands in-
dicate 95% empirical confidence intervals.

& Peters, 1998). A word was considered recognized when the activity of the
lexical node corresponding to the input word was larger than the activity
of all other lexical nodes. Accuracy was averaged over 100 unique training
runs. As shown in Figure 4, mean accuracy gradually increased over the
first 2,000 epochs and then plateaued, hovering around 100%.

3.2 Time Course. A critical empirical target of human SWR is phono-
logical competition, which can be measured using eye-tracking data from
the visual world paradigm (VWP; Allopenna et al., 1998), in which fixation
behavior in response to spoken words demonstrated that word recognition
is modulated by phonological relationships. Models producing or approxi-
mating this particular pattern in their recognition dynamics would be con-
sidered more behaviorally plausible than those that do not. Human data
from the VWP experiment are shown in the left panel of Figure 5. Eye fix-
ations to targets (e.g., beaker) and onset cohorts (e.g., beetle) separate from
unrelated items (e.g., carriage) early on. As the target diverges from the co-
hort, fixations to the target increase while fixations to the cohort decrease.
At the same time, as the input becomes more similar to the rhyme (e.g.,
speaker), rhyme fixations increase. The canonical, replicated target pattern
for models is thus early cohort competition and later rhyme competition.

To generate the right panel of Figure 5, we presented each of the 12
CVCV words in turn to a trained rPCC model and recorded the (softmax-
transformed) dynamics of the lexical layer, ,. Here, we use a one-parameter
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Figure 5: Human phonological time course and rPCC model lexical activation
time course after 5,000 epochs of training. (Left) Human data: Fixation propor-
tions over time; data from Allopenna et al. (1998) replotted. Proportions do not
sum to 1.0 because fixations to a central cross are not included. (Right) Model:
Since the outputs are one-hot encoded, each curve is the time evolution of the
corresponding element of the softmaxed &, vector. Specifically, in the CVCV
lexicon, for each input there is one vector element corresponding to the tar-
get word—one for its (single) cohort and one for its (single) thyme. All other
elements are averaged to produce the Unrelated (green dots) curve. These val-
ues are averaged over all targets that the model correctly identifies. An example
target-cohort-rhyme triplet (and one of nine possible unrelated words) is shown
in the legend. Phoneme onsets appear as vertical, dashed grey lines. Note that
activations sum to 1.0 once we account for the nine unrelated items per stimulus
set (see Table 2). Error bands show 95% empirical confidence intervals for the
model.

version of the softmax function ([sx(x)]; = €™/ > j éi: k = 20): this func-
tion is equivalent to the Luce (1959) choice rule, where k is an additional
squashing parameter (equivalent to inverse temperature) and is typi-
cally applied because the transformation better predicts human choice
behavior. Activity was conditionally averaged over all targets that the
model correctly recognized (in our case, all 12 words in the lexicon). We
estimated empirical 95% confidence intervals using bootstrap resampling
by repeatedly resampling the observed data with replacement 10,000 times
and deriving the interval from the resulting distribution of estimates (this
method is used for empirical Cls throughout the publication).

Average target activation increased and eventually dominated as the
time-varying inputs unfolded, and both cohort and rhyme effects were
present (see Figure 5). Segment (phoneme onset) markings (vertical dashed
lines) in Figure 5 along with transcriptions of sample items make the de-
tails of these activations clear. For example, cohorts show identical activa-
tion patterns to targets until after time step 40, which is sensible given that
this is the first segment (i.e., /r/ vs /s/) in which the two differ. After this
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point, cohorts are suppressed relative to the target, echoing results found
in human subjects (left panel). Rhymes are suppressed early because they
differ in the initial segment, but then begin to rise sometime after the sec-
ond segment is presented due to emerging overlap with the target. We take
these results as a good indicator of the behavioral adequacy of the rPCC
model.

We note a few final details about our operationalization of recognition.
First, while it may not be intuitively obvious, the activations in the right
panel of Figure 5 do indeed sum to 1.0 and can be interpreted as condi-
tional probabilities. Roughly, at the end of the time course, the target has
activation of approximately 0.26, the rhyme 0.15, and the cohort 0.07. The
mean unrelated activation is just below 0.06. Add these numbers together
(with nine unrelated items) and we obtain a sum of 1. It should also be noted
that a softmax activation of 0.3 does not imply a recognition accuracy of 0.3;
we can apply a decision policy to these activations. The operationalization
of accuracy we have chosen based on these activations leads to high accu-
racy, since the targets are sufficiently dominant, regardless of their absolute
activation value, to support robust word recognition. What these relative
activations imply for more complex decision policies (like eye movements,
for example) is a question beyond the scope of this letter, but see Magnuson
(2025) for treatment of such details.

3.3 rPCC Model Validation Summary. By extending the Kalman-filter-
based PC model developed by Rao (1999) to a multilevel, recurrent PC
classification model (rPCC), we demonstrated that the model can achieve
robust classification accuracy and human-like SWR behavior on a small
but phonologically diverse lexicon. Specifically, the time course of lexical
node activations mimics empirical observations in human eye-tracking
data (see Allopenna et al., 1998). To our knowledge, this is the first time a
PC model has been shown to demonstrate a human-like SWR time course,
which we hold to be a critical baseline for models of human SWR. With
the validated rPCC model in hand, we now turn to additional crucial
questions: (1) whether the rPCC model demonstrates reduced responses
to familiar versus novel items as observed by Gagnepain et al. (2012),
(2) whether it exhibits anticipatory activation (i.e., evidence of predictive
processing), and (3) whether it demonstrates putative hallmarks of PC that
have been observed in human neural activity (Blank & Davis, 2016).

4 Predictive Processing and Putative Neural Hallmarks of PC

In what follows, we test the rPCC model on a lexical prediction paradigm
that isolates lexically based phoneme predictions (Gagnepain et al.,
2012), and then a representational similarity paradigm aimed at identi-
fying putative hallmarks of PC in patterns of neural responses to speech
(Blank & Davis, 2016). A particular pattern of similarity (assessed via
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representational similarity analysis, or RSA; Kriegeskorte, 2008) has been
proposed to be indicative of PC (Blank & Davis, 2016), but this has not yet
been tested in a model that plausibly implements formal PC.

4.1 Lexical Prediction Paradigm. Gagnepain et al. (2012) presented
listeners with words and word-like strings that either conformed to lexical
expectations (e.g., “formula”) or violated those expectations (e.g., “for-
mubo”). They used a two-day design, where listeners were familiarized
with one set of nonwords on the first day and a second set introduced on
the second day. After the second-day exposure session, participants did a
pause-detection task while their brain activity was monitored using MEG
(magnetoencephalography). The critical question is what would happen
at the deviation point (DP) in their items. For the word/nonword pair,
“formula/formubo” the deviation point was immediately after the /u/
sound (the point where the nonword deviated from the word). The critical
question was whether, on day 2, the day 1 nonwords would pattern with
familiar words or with the novel nonwords presented only on day 2. If
the day 1 nonwords patterned with words, that would be consistent with
those items beginning to be “lexicalized” (likely due to the opportunity for
sleep-based consolidation).

Gagnepain et al. (2012) found an elevated neural response in the supe-
rior temporal gyrus (STG) at the deviation point to novel nonwords that
were first encountered on day 2 (relative to responses to corresponding
true words at the deviation point). No such difference was observed for
nonwords to which listeners had been first exposed on day 1, suggesting
that the day 1 nonwords had indeed begun to be consolidated into listen-
ers’ lexicons. Gagnepain et al. (2012) interpreted this result as consistent
with PC: once a nonword like “formubo” began to be consolidated into
lexical knowledge (after an opportunity for sleep-based consolidation),
the phoneme at the deviation point became less surprising because it was
becoming lexically consistent.

Luthra et al. (2021) questioned the interpretation that this necessarily
confirmed the operation of a formal PC mechanism and tested whether the
TRACE model (McClelland & Elman, 1986) could simulate their results
by exhibiting predictive activation of anticipated elements and showing
model-internal activation reductions for expected versus unexpected in-
puts at the deviation point (analogous to signal reductions in human MEG).
Given that TRACE is an interactive activation model, without any explicit
prediction mechanisms, it seemed plausible that it would not show predic-
tive processing or activity reduction for expected inputs compared to unex-
pected inputs. In fact, TRACE exhibited both: lexically expected phonemes
were anticipatorily activated due to top-down lexical feedback, and there
was lower model activity given expected (lexically consistent) phonemes
than unexpected phonemes (specifically, the amount of lexical-to-phoneme
feedback was lower, as were total lexical inhibition and phoneme inhibition;
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when inputs were words, the model was able to settle on stable activation
patterns at the phoneme and word levels, resulting in lower total activity).

While these TRACE results demonstrate that predictive processing and
lower activity given expected inputs may not be unique to PC models, a PC
model that failed to show these patterns would be obviously flawed. We
now therefore examine whether the rPCC model exhibits predictive pro-
cessing in this paradigm, as well as whether system-internal activity reduc-
tion for expected inputs emerges in rPCC. If this reduced internal activity
is related to reduced prediction error, we should observe this specifically in
the error signals in the rPCC model. In the next section, we assess whether
the model exhibits reduced activity for familiar (lexically consistent) items
relative to unfamiliar (novel nonword) items, and in the subsequent section,
we return to the question of anticipatory activation.

4.1.1 Lexical Prediction Paradigm Simulations with rPCC.

Simulations. We followed Gagnepain et al.’s 2012 approach and cre-
ated novel words based on the trained lexicon (see section 2.1) by replacing
the last two phonemes of a given word with other trained phonemes while
maintaining the CVCV word structure. We created six novel strings, each
related to a cohort pair from the trained lexicon. The six novel forms were
/b*k”/, /k*bu/, /kir"/, /riki/, /sura/, and /rusa/, designed to match the
input intensity (i.e., number of features and therefore total summed ampli-
tude) of the trained words.

Before discussing our simulations of the lexical prediction paradigm, we
first show #,(f) activation curves for a word, /b"ra/, and a similar nonword,
/b"k”/. Figure 6 shows the activity over time of each of the 12 words in the
lexicon in response to the word (top panel) and nonword (bottom panel).
Cohorts to each input item are colored red and rhymes blue. The target (in-
put) word is colored black in the top panel; there is no black curve in the
bottom panel because the nonword is not in the lexicon. For both the word
and nonword, we see sensible competitor activation and general suppres-
sion of unrelated words.

To simulate the lexical prediction paradigm, each word and nonword
was presented to the trained rPCC model, one at a time. Note that no model
weights are updated during these simulations, and as each item is pre-
sented, state vectors are initialized with rPCC’s quasi-sparse kurtotic r dis-
tribution (all zeros), and inputs are presented without noise. During run
time, we monitored the L; norm (summed absolute value) of six signals
in the model: the norms of the sublexical (#;) and lexical (#,) level repre-
sentations, along with two kinds of model prediction errors per level (four
prediction errors total), totaling six monitored values. The first set of pre-
diction errors we consider are the differences between bottom-up informa-
tion (hidden representations) and top-down information (predictions of the
input),
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Figure 6: Time course of word and nonword activation. The top panel shows
the model’s softmaxed response to a word input (/b"ra/) and the bottom to a
nonword input (/b"k"/). The target (input word) is colored in black, cohorts
in red, and rhymes in blue. There is no black curve in the black plot because
/b"k”/ is not in the lexicon. Phoneme onsets are marked with vertical gray lines,
and the deviation point (also an onset) is marked with a brown dotted line.

ei(t) =11 — U, 4.1)

where i = 1, 2 and as before 1y is understood to be the input I itself. We also
monitor the within-layer errors,
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ej(t) = &i(t) — Viti(t — 1), (4.2)
which index the size of the correction made to the model state once the data
have been seen. These e’ errors will be small when the model’s prediction
of the data (prior to seeing the next sample) is good.?

Results. Figure 7 shows the results of these simulations; here, lines are
activation means by word category (trained or novel) and error bands are
standard error. While one can see a difference between the trained and
novel words (mean-only or mean plus bands) in all panels, the effect is
pronounced in e;(t) (the sublexical to input error) and e/ (t) (the difference
between the sublexical activity before and after the data has been seen).
These differences replicate the findings of Gagnepain et al. (2012), in which
the responses to the trained words are reduced compared to novel words.
Moreover, these response differences consistently appear where expected,
starting at the onset of the second syllable (novel word deviation point: the
vertical, dash-dotted brown line at time step 40). Note that reduced predic-
tion error by definition demonstrates predictive processing in the model,
though we will probe this issue more deeply in the following section.

Unexpectedly, there are also quantities where values are greater for at
least some time steps for trained items than novel items (notably in the top
and bottom right panels, #; and e}). This discrepancy specifically occurs
in the top-most layer (layer 2) of the model. Adding the classification task
to PC model training breaks the hierarchical symmetry of layer objectives
(see sPCC schematics, as well as equations 2.1 and 2.2): in the classifying
model, the top-most layer must simultaneously form a dense representa-
tion that can be used (in tandem with U,) to reconstruct the contents of the
first layer, but must also try to produce a sparse representation that matches
a one-hot vector from one of the training words. It is possible that these two
goals, which are partially at odds, cause the second layer to show a sharp-
ening behavior in this case. An alternate way to implement classification
would be to have a final set U, of projection weights such that r, would not
be directly coupled to the label information. Alternatively, one could also
extend the model to three layers to see if the top-most layer still behaves

*Our primed error measures have a relation to prior work in sentence processing
(Rabovsky et al., 2018; Rabovsky & McClelland, 2020). Those authors introduce the con-
cept of “instantaneous prediction error,” which they then calculate in their sentence-
gestalt model. This model computes only a single measure of change (which they call the
“semantic update”), which is the total change in hidden-unit activation following each
word (Rabovsky et al., 2018, and see also Rabovsky & McClelland, 2020). Their seman-
tic update corresponds conceptually to our e] error terms, which quantify the mismatch
between the predicted internal state and the updated state (at a given layer). The sentence-
gestalt model does not include an analog of our e; term (unprimed error terms), which
is the sensory residual comparing bottom-up input to top-down predictions within the
hierarchical rPCC model (again, at a given layer).
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Figure7: rPCC model performance in the lexical prediction paradigm. ||#; ]| (top
left), ||2,|| (top right), |lei]|| (center left), ||e:|| (center right), ||e}|| (bottom left),
[le,|] (bottom right), for both trained and novel lexical items as described in the
text. Lines are respective averages over 12 trained or 6 novel words; 1 simulation
(deterministic). Vertical lines are phoneme onsets, and the dot-dashed brown
line is the deviation point (DP) between trained and novel items. Error bands
are +/-SE.

differently from the first two with regard to expected and novel items. We
leave exploration of these possibilities for future work and note that a PC
system need not exhibit reduced signal (when inputs are predictable) in ev-
ery node in the system, only those elements representing prediction error.
Thus, reduced signal is not necessarily expected in the novel classification
layer.

We also note that the granularity of the representations formed in #; and
t, isinteresting. Recall that both the trained and novel items are two-syllable
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CVCV patterns, and the second syllable, while it occurs in the training set,
is paired with a different initial CV pair in the novel items. The rPCC model
has no explicit representation of syllables or phonemes, of course, only pho-
netic features and words. Nonetheless, in the sublexical layer (&), the norm
of the representation has four evenly spaced peaks, corresponding to the
phoneme peaks (where they ramp to maximum feature intensity) in the in-
put items (see time steps 21, 40, 59, and 78). Conversely, the norm of the
lexical layer (&,) has only two evenly spaced peaks, which line up with the
two vowel peaks in the input item (see time steps 40 and 78). Accordingly,
it seems as though the lexical layer of the model has abstracted away from
the phoneme-level information in favor of larger functional units, corre-
sponding to syllables. In future work, we aim to investigate whether this
phenomenon is robust and would persist with a larger, more naturalistic
lexicon.

The rPCC model thus exhibits signal reduction for expected versus un-
expected inputs (in layers where prediction error is encoded). We empha-
size that while these reductions in activity in the model are intuitive, this
has not been tested previously in a plausible implementation of predictive
coding for speech-like over-time inputs. As we have mentioned, by defini-
tion, reduced prediction error constitutes predictive processing. That said,
it would be even more compelling if we could demonstrate anticipatory ac-
tivation of lexically predicted phonemes, as Luthra et al. (2021) did. Given
that the model does not have any explicit phonemic readout, this is a chal-
lenge. In the next section, we address this by decoding hidden states to as-
sess to what degree lexically predicted upcoming phonemes and syllables
are represented in internal model activations as stimuli are presented.

4.2 Decoding Predictive Processing. As noted above, accurate predic-
tion error is by definition an index of predictive processing. But prediction
error is not an explicit index of step-by-step anticipation. It does not re-
veal, for example, to what degree the model may be anticipating richer and
further-in-time events. Here, we aim to address this by decoding to what
degree internal model states can predict upcoming lexically consistent in-
puts. Specifically, we assess whether there is any evidence for anticipatory
activation: activation of phonemes or syllables prior to their onsets. Because
the rPCC model has no localist nodes for syllables or phonemes, we adopt
a decoding approach to address this question.

We select the 12 CVCV training items from the lexical prediction
paradigm, present them to the model, and collect hidden state (activations
t1(t) and #,(t)) over time. We then assign true cluster labels to each of the
four phonemes in each pattern, based on which phonemes appear at those
positions. For example, if we look at just the first phoneme, it is either /1/,
/k/, /b/,or /s/. We convert these to cluster labels 0,1,2,3, and then pop-
ulate the 12-element set of true labels appropriately. We then repeat this
process for the other three phonemes in each pattern, as well as a separate
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set of syllable labels for both the first and second syllables. Again, as an ex-
ample, the initial syllable is either /ru/, /ki/, /K*/, /b"/, /su/, or /ri/, so
we would need six labels in that case.

We then cluster the hidden state activations using K-means (Forgy, 1965)
for the two model layers separately at each time point. In every clustering,
we set K to be equal to the true number of clusters (phonemes or syllables,
respectively). At each time point, we compute the adjusted mutual informa-
tion (AMI: Vinh et al., 2009) between the appropriate set of true labels and
the labels provided by K-means. The AMI ranges between 0 and 1 (though
in small samples, it can be negative) and is corrected for unbalanced class
labels. A value of unity represents perfect decoding accuracy. The groups
provided by the hidden states map exactly onto the known groups (e.g.,
the fourth phoneme in the input patterns), and a value of 0 indicates the
complete absence of decoding. We would take as evidence of anticipatory
processing the ability of the model to at least partially decode a phoneme
or a syllable before its onset occurs.

Figure 8 shows the result of this cluster-based decoding analysis. In the
top row (panels A and B) we show results for phoneme decoding by both
t1(t) and 1,(t), while the bottom row (panels C and D) shows syllable de-
coding. Figure 8A shows clear evidence of anticipatory processing, for all
phonemes with the possible exception of P1, whose onset is extremely early.
We see clear anticipation of phonemes P2 and P3 during the early portion
of P1, as well as increasing anticipation of those phonemes and clear antic-
ipation of P4 as the input for P2 is encountered. While maximal decoding
accuracy tends to occur slightly after peak input activity (see Figure 2 for an
example of pseudospectral input), there is clearly partial decoding accuracy
(AMI ~ 0.4-0.5) prior to the phoneme onsets. (Onsets here correspond to the
beginning of each phoneme or syllable’s “ramp-up,” prior to any coarticu-
latory or other cues to the element’s idenity; these are dotted vertical lines
in Figure 8.)

We observe anticipatory activation but only in #; (). Figure 8C shows that
the activity in #(t) can also be used to accurately decode syllables, though
they are not decoded as early as phonemes (decoding occurs one to two
time steps before syllable onset). Figures 8B and 8D show that i, (¢) does not
exhibit meaningful anticipatory processing of either phonemes or syllables.
Panel B shows the AMI of phonemes 1 to 3 remaining fixed from P1 onset
time until around time step 50 (well past P2 and 3 onset). Panel D reveals
no anticipatory syllabic processing at all.

In sum, #,(t) is generally poor at decoding anything beyond the first
phoneme or syllable, but this is not entirely unexpected, since #, is the
layer coupled to label information; it is much more important (and part
of the training objective) that #, recognizes the word rather than any of
its subconstituents. This analysis complements the evidence for predictive
processing that we obtained via prediction error, with explicit measures
of model-internal activation patterns demonstrating clear anticipation of
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Figure 8: Cluster-based decoding of rPCC hidden states from the lexical predic-
tion paradigm CVCV input patterns. (A, B) Phoneme decoding by #; and 1,. (C,
D) Syllables. In panels A and B, phoneme onsets are indicated by dotted lines,
color coded to match the decoding curves for the first phoneme (P1), second
(P2), third (P3), and fourth (P4) in each CVCV input patterns. In panels C and
D, the syllable onsets are indicated with color-coded dotted lines.

lexically predictable phonemes and (to a lesser degree) syllables, and with
layer 2 predictions revealing a top-layer asymmetry presumably caused by
the purpose of its representation.

Finally, there is a notable difference between decoding phonemes and
syllables. Syllabic decoding is much weaker and later than phonemic de-
coding; this is sensible, given that the model does not contain any explicit
syllable units. Syllable identity must be inferred indirectly from patterns
distributed across both levels 1 and 2. This is in contrast to phonemic
decoding. While the model also lacks explicit phoneme units, phonemic
decoding must depend on layer 1 since layer 2 explicitly represents words.
Moreover, AMI measures cluster-level discriminability, so it only rises
above baseline when the representations are sufficiently stable, which for
syllables occurs just before syllable 2 onset. What is interesting is that we
get any syllable-level information at all, as seen in Figures 7 and 8, despite
no explicit encoding of, or training on, syllabic units.
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Figure 9: Key behavioral (A) and neural (B, C) results from Blank & Davis
(2016). They observed an additive effect of clarity and prime in behavior (A)
and (in a complementary fashion) univariate fMRI results (B), but a surprising
interaction in their RSA analysis (C). Adapted from their Figures 3 (for our pan-
els A and B) and 4 (for our panel C).

Next, we consider a proposed signature of PC in human cortical re-
sponses to speech inputs.

4.3 Representational Similarity Analysis. In another study aimed at
distinguishing between IA and PC frameworks, Blank and Davis (2016) in-
vestigated how simplified models for each framework could simulate mul-
tivariate functional magnetic resonance imaging (fMRI) data from the left
posterior superior temporal sulcus (pSTS, associated with sublexical repre-
sentations) during speech perception.

In their experiment, participants heard spoken words degraded with
two levels of clarity using vocoding: 12-channel (high clarity /low noise)
and 4-channel (low clarity/high noise). They also had two levels of prior:
vocoded spoken words preceded by a matching visual prime (the word
itself, in the match condition) or a neutral prime (XXXX), in the neutral con-
dition. Their behavioral results (see Figure 9A) showed additive influences
of clarity and prior on accuracy. Their univariate fMRI results showed a
nearly complementary additive pattern, with main effects of clarity and
prior (see Figure 9B).

Crucially, they then used representational similarity analysis (RSA,
details below; Kriegeskorte, 2008; Popal et al., 2020; Blank & Davis,
2016) to examine how much activation patterns in pSTS in response to a
given word (e.g., “sing”) resembled activation patterns in response to a
related word (differing at offset or onset, e.g., “sit” or “thing”) versus an
unrelated word (e.g., “bath”). The crucial pattern Blank & Davis (2016)
observed is a crossover interaction between priming and signal clarity.
Specifically, RSA correlations to pSTS fMRI data in the neutral prime
(XXXX) condition increased when moving from low clarity (high noise)
to high clarity (low noise), but decreased from low to high clarity in the
match prime condition, the printed form of the word itself (see Figure 9C).
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Figure 10: Word recognition accuracy in humans and the rPCC model. (a) Hu-
man behavioral data shown from Blank & Davis (2016), averaged over 21 sub-
jects. (b) Classification accuracy of the rPCC model, averaged over 100 unique
simulations. Noise levels of 0.55 and 0.275 correspond to low and high clarity
(see text for details). Error bars in both plots indicate 95% empirical confidence
intervals.

Blank and Davis posited that this outcome followed naturally from a sys-
tem organized around prediction error. More specifically, they posited that
lexical priming and signal clarity would have differential effects on two
types of models: an IA-based sharpened signal model versus a PC-based
prediction error model. Representations in IA models were assumed to be
sharpened (i.e., enhanced) by matching lexical priors via positive feedback
from lexical to sublexical representations (enhancing the activation of lexi-
cally consistent sublexical units) regardless of input clarity, such that signal
clarity and priming should have the same impact: increasing relative simi-
larity of related versus unrelated inputs.

In contrast, according to Blank & Davis’s account, since the primary
representations in a PC model are prediction errors, their prediction error
model’s internal representations would be more similar to input patterns
when the prediction errors are informative (i.e., with large and variable
values). Specifically, prediction error should be low when the mismatch be-
tween the prior and signal is low. This should obviously be true for high
clarity and a matching prior (i.e., when the spoken word in a low noise cor-
responds to the previously presented visual prompt). Counterintuitively,
prediction error should also be low for low clarity and a neutral prior be-
cause the discrepancy between prior and signal will be relatively low (Blank
& Davis assumed the XXXX neutral visual prime should yield a uniformly
low prior expectation over all words).

Their human subjects’ behavior indicated facilitating influences of both
prime (better performance for match than neutral) and clarity (better
performance for high than low clarity; see panel A of Figure 10). Crucially,
using an RSA approach, they found their predicted crossover interaction in
their fMRI data, with a correlation pattern consistent with higher activity
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in the conditions expected to generate higher prediction error (neutral
prime + high clarity and match prime + low clarity) and lower activity in
the other two combinations.

Both their sharpened signal model and their prediction error model gen-
erated human-like simulations of behavior (with additive effects of clarity
and prior, as in Figure 9A) and univariate fMRI responses (with responses
approximately complementary to the behavioral pattern, as in Figure 9b).
However, their sharpened signal model did not show the crossover pattern
in their RS analysis; instead, it showed the same trends as in the behav-
ioral simulations (consistent with both the match prime and high clarity
driving higher activity). However, the prediction error model did show the
crossover, with higher RSA correlations for neutral prime+high clarity and
match prime+low clarity. Blank and Davis (2016) concluded that the cross-
over interaction is uniquely diagnostic of PC-like mechanisms.

In the next section, we simulate the manipulations from Blank and Davis
(2016) in an effort to evaluate whether a formally specified, neurally and be-
haviorally adequate predictive coding model (our rPCC model) reproduces
these patterns when tested under appropriate conditions.

Simulations. To simulate the clarity manipulation in the Blank and
Davis (2016) study, we added gaussian noise (mean zero, standard devi-
ation 0.275 for high clarity, and mean zero, standard deviation 0.55 for low)
to the 12 CVCV words in the model lexicon (with values < 0 clipped to 0,
and values > 1 clipped to 1). These noise variances were determined to pro-
duce model accuracies similar to human accuracy in the Blank and Davis
(2016) study (see Figure 10). The resulting input values were clipped at a
minimum of 0 and maximum of 1. We created 10 variants of each of the 12
CVCV words by adding random noise to the original items, resulting in a
total of 120 inputs. Priming with neutral priors was simulated by initiating
the r, nodes with all zeros, whereas the match priming condition was sim-
ulated by initiating the target word node with a small positive value (0.02,
which led to accuracy patterns similar to those of Blank & Davis, 2016) and
the other nodes with zeros (see Figure 10). Here, 100 unique simulations
were performed.

Linkage to Univariate fMRI. Using the same simulation data that pro-
duced the rPCC behavioral results in Figure 10, we then explored whether
we could find a quantity in the rPCC model that could replicate the uni-
variate fMRI patterns that Blank and Davis (2016) observed (see the mid-
dle panel of Figure 9). The pattern they observed can be characterized by
three relationships: (1) neutral prior, low clarity (NL) > neutral high (NH)
> match(ing) prime, low (ML) > match high (MH); (2) main effect of prior:
Neutral (nL + nH) > match (ML + MH); and (3) main effect of clarity: low
(nL + ML) > high (nH + MH). We reasoned that univariate pSTS activity
reflects how much total processing the system has to do to settle on a word
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Figure 11: Univariate fMRI analog in the rPCC model. Here we show (b, right)
the AUC of the absolute magnitude of the top-down correction from r, to r; until
the model settles to a stable softmax prediction of the target word side-by-side
(a, left) with the univariate pSTS measurement previously shown in Figure 9.

rather than momentary costs of processing. If this is the case, then quantities
related to model settling time and cumulative processing burden should
provide a reasonable analog to the univariate results. Clearer speech (high
clarity) and informative priors (match) reduce processing cost, so the sys-
tem should be able to settle more quickly and accumulate a lower total pro-
cessing burden. We tested several measures that tracked the accumulation
of activity (akin to area under the curve, AUC) of a given quantity until
the model’s word prediction stabilizes. All provided robust matches to the
univariate fMRI results. Here, we show just one representative model quan-
tity: the cumulative (absolute) magnitude of the top-down correction signal
from r, to r; until the model settles.

Figure 11 shows this model quantity alongside the original experimental
result (shown also in Figure 9). We observe the correct trend in both noise
and prior conditions. A similar pattern was seen in AUC measures until set-
tling of the magnitudes of four other quantities: low-level (sensory) error,
cross-level (r; to r1) mismatch, r; within-level mismatch, and the bottom-up
correction to r, from r;. Even simple settling time alone showed the correct
pattern for clarity, though with a weaker effect of prior. Thus, various mea-
sures of processing burden in the rPCC model all replicate the univariate
pattern observed by Blank & Davis (2016) quite well.

Representational Similarity Analysis. Our RSA followed the proce-
dures used by Blank & Davis (2016). Figure 12 (top panel) shows our hy-
pothesized representational dissimilarity matrix (RDM) based on phoneme
similarity among words, such that words were defined as similar (with a
value of 0) to their cohort and rhyme counterparts and dissimilar (with a
value of 1) to other words in the lexicon. A word’s comparison to itself was
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Figure 12: Representational dissimilarity matrices. (Top left) Theoretical RDM
in which each target word’s rhyme and cohort are similar to the target, and
all unrelated words perfectly dissimilar. (Top right) Dissimilarity matrix for the
model inputs, on a scale of [0, 2] (calculated as 1 — r, where r is the Pearson
correlation). (Bottom) Empirical RDM from the rPCC model, for the high clarity
match condition. This was generated from a single simulation, averaged over
all 98 input timesteps. The dissimilarity scale is the same as in the middle panel.

excluded from the RDM, as in the original study. Observed RDMs were
measured by computing the dissimilarity (one minus Pearson correlation
coefficient) between words for the same six quantities shown in Figure 7.
Due to the time-varying nature of the inputs and model dynamics, one
can compute an RDM of a given model quantity at a specific time step or
concatenated across multiple time steps. For the results we present here,
we computed RSA separately for each time step and then averaged the re-
sulting correlations. In all cases we computed the Spearman correlation be-
tween the hypothesized and observed RDMs. In Figure 12, we also show
the RDMs for the model input (middle panel) and an example of an empir-
ical (model-derived) RDM (bottom panel) from a single simulation in the
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Figure 13: Effects of prior and clarity on simulated RSA, time steps 1-98, Aver-
aged. RSA results (Fisher-z-transformed Spearman correlation coefficients) for
each of the model quantities shown in Figure 7: representations (%), across-layer
errors (e), and within-layer errors (e’). Though robust prior and clarity effects
are present (e.g., in #; and 1,), no quantity shows the crossover effect observed
in Blank and Davis (2016). Bars represent, for each input condition, the signal
average across all processing time steps, averaged over 100 unique simulations.
Error bars show 95% empirical confidence intervals.

high clarity match condition. Note that the feature-based inputs reflect the
theoretical (binary) RDM quite well, though we emphasize we did not use
the input RDM in our analysis, only the theoretical RDM.

Results and discussion. Figure 13 shows the results of the simulated
RSA analysis. Overall, the effects of signal clarity are clearly observed in
each panel, though in three cases, ey, €|, and e}, the variance in outcomes
is quite large. We also measure priming effects in the means of every panel,
but the only panel where the result is robust (distinguishable given the error
bars) is for ,.
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Crucially, and contra to the findings of Blank and Davis (2016), we do not
observe a crossover pattern in any model component. This pattern, consis-
tent with the original study, would be blue bar heights increasing from low
to high clarity, while orange bar heights decrease. Thus, this putatively PC-
diagnostic pattern does not emerge from our formal PC model.

The failure of rPCC to produce the reported crossover does not in itself
rule out predictive processing accounts of these empirical results. This di-
vergence between rPCC and the neuroimaging pattern therefore highlights
an important theoretical question rather than resolving it: Which specific
architectural or computational ingredients are necessary for a predictive
coding model to generate the observed interaction? Below, we speculate on
possibilities for the discrepancy: testing these possibilities will be reserved
for future work.

Model discrepancies. What might account for the ability of the prediction
error model of Blank and Davis (2016) to simulate the RSA cross-over
interaction but the absence of this pattern in the rPCC model? One key
difference is that the rPCC model processes time-varying inputs, while
Blank and Davis’s models treat each word as a static, image-like vector
with features from all phonemes presented all at once. We assume that the
aggregated RSA reflects the model dynamics holistically and is an appro-
priate simulation for fMRI-based RSA (with its low temporal resolution),
but we note that Blank and Davis (2016) computed model RSA by running
the models for only a single iteration/time step (for other simulations, they
let the models run for hundreds of iterations). We therefore inspected the
rPCC RSA results during early simulation time. Specifically, we focused
on time step 2 in the rPCC model, because this (phoneme 1 onset) is the first
time step where all observed RDMs have valid values (see Figure 14). At
time step 2, mean effects of both priming and signal clarity are evident in all
components. Additionally, in keeping with the core finding from Figure 13,
five of the six model components fail to exhibit the RSA interaction pattern
observed by Blank & Davis (2016). While the pattern can be seen in one
component, e,, the effect is mean-only and highly sensitive; taken together
with the results in Figure 13, crossover appears, at best, transient, and
unreliable as a diagnostic of PC architecture.

rPCC Mechanism. It is possible that the rPCC model lacks mechanisms
(specific forms of hierarchical precision-weighting, nonlinear gating, or rep-
resentational granularity) that would be required to capture the crossover
interaction. For example, the rPCC model (like the original Rao & Ballard,
1999, model) allows an arbitrary nonlinear transformation of the predicted
representations (the f in the f(Ur) terms in equation 2.1. We used the iden-
tity function, but it is possible that using some nonlinear function here could
yield a model with similar accuracy that displays the crossover.

fMRI. The spatial and temporal integration properties of fMRI may in-
teract with predictive processing in ways that are not yet fully captured by
current neural network predictive coding formulations.

920z Joquiajdas £z uo Jasn (yoalied) ABojouyos ] Jo syl elLIopeD Aq Jpd-0/G| € 008U/Z6.0292/2.81/0L/8E/IPd-8101LIE/008U/NPa JW'D8JIP WO} PAPEOjUMOQ



Predictive Coding of Human Spoken Word Recognition 1903
71(t) 7o(t)
0.050 BN Neutral
B Match
0.025 0.02
<
& 0.000 0.00
~0.025 0.02
I I I I
ex(t) ea(t)
0.025
0.00
3 0.000
= _0.02
—0.025
—0.04
I I I I
ei(t) es(t)
0.02 - 0.025
< i
2 0.00 0-000
—0.025
—0.02
I I I I
Low Clarity High Clarity Low Clarity High Clarity

Figure 14: Effects of prior and clarity on simulated RSA, time step 2 only. Time
step 2 (as opposed to time step-averaged) RSA results (Fisher-z-transformed
Spearman correlation coefficients) for each of the model quantites shown in
Figures 7 and 13: representations (i), across-layer errors (e), and within-layer
errors (e'). Most important, supporting the key finding of the bar plots in Fig-
ure 13, five of the six quantities do not reveal the crossover effect observed in
Blank & Davis (2016). In the one quantity where this is present, e,, the effect
is mean-only and highly sensitive. Additionally, and in contrast to Figure 13,
no robust prior or clarity effects are seen in any component. Here again, bars
represent averages per input condition over 100 unique simulations. Error bars
show 95% empirical confidence intervals.

Other mechanisms. The discrepancy may reflect additional mechanisms
operating alongside prediction error minimization; that is, perhaps predic-
tion error is not the only signal driving both learning and the subsequent
dynamics.

While the definitive answer to the relationship between the observed
crossover and predictive coding processes may not yet be evident, the
possibility we set out to test remains: the observed RSA crossover Blank
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and Davis (2016) may not be a hallmark, or reliable indicator, of predictive
coding of speech recognition in the brain.

While our analysis closely parallels the original RSA calculations (Blank
& Davis, 2016), it is not identical due to differences in items. However, both
analyses focus on contrasts over item pairs that differ in exactly one seg-
ment. The computational logic of the RSA is identical. However, Blank and
Davis (2016) used CVC words that differ at the vowel, and we used CVCV
words that differ at the second consonant. How important is it that our
cohort pairs diverge at the second consonant position in a CVCV rather
than the final consonant in a CVC or that our thyme pairs overlap in three
segments instead of two? Our view is that if the RSA analysis is capturing
segment-level predictive coding mechanisms, it should not be critically de-
pendent on the CVC vs. CVCV templates.

Finally, we note a feature of the rPCC model unrelated to testing whether
it is consistent with the RSA crossover. It is notable that in a manner
parallel to the lexical prediction paradigm results from Figure 7, we see
RSA responses in the t and e components of rPCC that strongly match
the timescales of phonemic and syllabic input peaks when we expand
the averaged data from Figure 13 across all of its original time steps (see
Figure 15). Of particular interest, the sublexical layer representation %
changes over time in a way that closely matches phonemic input peaks (see
vertical, dashed grey lines at time steps 21, 40, and 59), while the behavior
of lexical layer representation 1, is more consistent with consonant input
peaks alone (sublexical information; see time steps 21 and 59). Again, it ap-
pears as though the model has abstracted away from phonemic information
to form functional units more closely matching syllables (still sublexical).
This layer-dependent representational distinction is something we might
expect in human neurobiology if hierarchical, neural PC were at play in
speech perception, with progressively larger units encoded as we progress
through the hierarchy.

5 Discussion

We began by extending a static predictive coding model (sPCC) to a classifi-
cation task, which was prerequisite to training a recurrent classifier. We then
built such a recurrent classifier (our rPCC model) using the classification
layer approach tested in the sSPCC model. We demonstrated that it could rec-
ognize a small lexicon of CVCV words, with time series of pseudospectra as
input. When testing lexical competition in our model, we obtained the cru-
cial empirical target previously demonstrated in a visual world paradigm
study (Allopenna et al., 1998): human-like phonological competition over
time, with early competition between onset competitors and later competi-
tion from rhymes, with both types of competitors more active than phono-
logically unrelated lexical items.

We then used the rPCC model to simulate two studies of human SWR
(Gagnepain et al., 2012; Blank & Davis, 2016), to determine whether a

920z Joquiajdas £z uo Jasn (yoalied) ABojouyos ] Jo syl elLIopeD Aq Jpd-0/G| € 008U/Z6.0292/2.81/0L/8E/IPd-8101LIE/008U/NPa JW'D8JIP WO} PAPEOjUMOQ



Predictive Coding of Human Spoken Word Recognition 1905

71(t) Low Clarity 71(t) High Clarity
).10 H - m:::‘ /
W, \ A
< 0.05 f'\'\/\f’ \,/ \\ o2 A/ \/‘ \\
4 /N' y WA 1 I} \\,4 '
0.004{W Wv“‘!\ / Vo
I ool M4
=0.05 4 T T T T T T T T T
79(t) Low Clarity 7o(t) High Clarity
0.4 ™\
. H—/f\\ 0.4 / \\
£ 0.2 / 0.2 //\—/
0.0 0.0
e1(t) Low Clarity e1(t) High Clarity
0.05 0.05
< N\W.f\x"" T Lfl‘AnM ﬁ h f’ &'\J‘\ A
&O'””’J i NJ‘M\U U | WAl 000 y VV\/VVM V M\,
—0.05
e5(t) Low Clarity es(t) High Clarity

0.05

- \ Al 0.1 /“ "
4 o.nan 'N{\\J“\!AWIW’ w\'\“" AM!VV‘ W‘ \1 / L,\A \\

.‘r\{ M vf’ 1‘ ’\

0.0
T T T T T T T T T T

i (t) Low Clarity €i(t) High Clarity
0.05 0.05

éu,uu—vﬂ J,\‘I‘M’ ) N\ ﬂw'}( n.oo— '\I\ \MU;WAJ\‘ M MJ\I\

—0.054

—0.054

—0.05 4 T T T T T T T T T
e5(t) Low Clarity €5(t) High Clarity
0.3
0.2 0.2
<
%]
i3 0.1
0.0 - WMy w'u'“v\}‘w‘w‘\"ﬁ:\/‘h\' 0.0 bl W i AP W
T T T T T T T T T T
1 20 40 60 80 100 1 20 40 60 80 100

Time Step Time Step

Figure 15: Effects of prior and clarity on simulated RSA, time steps 1-98, Lin-
ear. These results represent the RSA data from Figure 13 expanded across all
original time steps, instead of averaged to render Figure 13’s bar heights, and
confidence intervals (here, intervals are bands). Reinforcing the results from the
lexical prediction paradigm (see Figure 8), we see strong responses in t and e
components which match the timescale of phonemic and syllabic inputs (verti-
cal, dashed grey lines at time steps 21, 40, 59).
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plausible extension of PC to a recurrent form for over-time, speech-like
signals would demonstrate effects that support or contradict proposed
diagnostic hallmarks of PC. We began with the lexical prediction paradigm
(Gagnepain et al., 2012). Given that greater signal responses to unexpected
than to expected inputs have been widely accepted as a necessary con-
sequence of PC, we assessed whether the rPCC model would produce
stronger segmental prediction error responses to novel words than to
trained words in some model components—and confirmed that it does.
We also showed, using the same lexical prediction paradigm of Gagne-
pain et al. (2012), that the rPCC model shows anticipatory activation to
upcoming phonemes, and thus engages in true predictive processing.

Using the same lexical prediction paradigm, we further examined the
state-unit activations and information flows of the rPCC model in analogy
to similar work with TRACE by Luthra et al. (2021). Notably, TRACE and
rPCC both demonstrated reduced internal signals given expected versus
unexpected inputs in model components that were not explicitly encoding
prediction errors. Similar results between the two models suggest that (1)
such signal reduction may not necessarily indicate prediction error, either
in the brain or in a computational model, and/or that (2) the two model
dynamics might be functionally equivalent despite the lack of explicit im-
plementation of prediction error computation in TRACE. Of course, the ex-
tent to which TRACE and rPCC are similar will require further investiga-
tion (and complementary possibilities should also be considered, such as
whether rPCC demonstrates signal sharpening in its state units).

Then, by introducing input noise and lexical priming, we were able to
apply RSA on rPCC model components using a similar approach to that
of Blank and Davis (2016). Contrary to Blank and Davis’s prediction error
model simulations (which was not a formal PC model), the rPCC model
failed to reliably exhibit a putatively PC-diagnostic RSA crossover interac-
tion analogous to the interaction Blank & Davis (2016) observed in human
pSTS. The discrepancy between the rPCC simulations and empirical RSA
result opens several interesting theoretical avenues. While we cannot rule
out predictive processing accounts of the empirical results, our result indi-
cates the possibility that the interaction observed in Blank & Davis is not a
signature of predictive coding in speech recognition.

6 Conclusion

We have introduced a promising predictive coding model for human SWR
that accepts time-varying inputs. In future studies we aim to expand the lex-
icon, adapt the model to take real speech as input, and, importantly, con-
duct further tests of behavioral and neural adequacy (i.e., comparing the
model to more empirical human behavioral and neural data). It would also
be useful to compare it to the TRACE model (McClelland & Elman, 1986)
as a benchmark. Despite TRACE’s age and rather unusual architecture, it
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is consistent with a remarkable number of phenomena in human SWR (see
Magnuson & Crinnion, 2022, who review a list of approximately 30 key
aspects of SWR and speech perception that TRACE accommodates). If we
wish to place a PC model of human SWR on the same plane as TRACE, it
should be able to simulate the same key behavioral phenomena. Finally, we
note that our results do not prove that there is no measurable quantity that
will distinguish PC from IA architectures. Taken together with Luthra et al.
(2021), we have shown that previous suggestions for such a diagnostic crite-
rion are insufficient, but this does not rule out other as-yet-unknown model
quantities or phenomena that may be able to do discriminate between the
two computational paradigms.

Appendix

o’

— recurrent
— update
— prop.

---- train only
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Figure Al: rPCC training and evaluation mechanics. Component sizes:
I()@1.); T1(10,)5 12/%e/ Lz, Urer,10)s U210,12): Vigo,0): V2012,12)5 €1/€]earest ).y 1EIMS
are postupdate (“hatted” for t, U, V) unless otherwise noted, and evaluated
at time ¢, t—1, or t—2 according to the pattern in the upper left page corner.
Activation function f = id. Red lines and text depict the recurrent components,
connections, signal propagation, and updates, while black lines show the
static components. Error components: The between-layer error component
ei="fi1—f (U5 represents the difference between a bottom-up signal and a
top-down prediction; the within-layer error component e, = i; — ¥; represents
the difference between a hidden state after incorporating input at t and before
incorporating that same input. In our two-layer model, i=1 or i=n=2,
though the number of pre-n layers can be extended arbitrarily.
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