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Abstract

Humans and other animals process sensory uncertainty by integrating stimulus
information with prior knowledge and expectations. Predictive coding conceptualizes
perception as a form of Bayesian inference wherein hierarchical brain circuits update internal
models to reconcile bottom-up sensory input with top-down predictions. Whereas predictive
coding is a leading theory, the extent to which it is implemented in primary sensory cortices
remains a matter of debate. To further investigate this issue, we examined single-neuron
spiking activity in male macaque primary auditory cortex (A1) to expected versus
unexpected stimulus repetitions and to expected versus unexpected stimulus omissions. On
average, we found that A1 neurons did not show enhanced responses to unexpected
stimulus repetitions, contrary to predictive-coding theory. However, they did show enhanced
responses to unexpected stimulus omissions. Taken together, these mixed results place

empirical constraints on how predictive coding is implemented in A1.
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Significance Statement

Perception depends on the brain’s ability to infer the causes of sensory inputs by
integrating new information with prior knowledge under uncertainty. Our results reveal
nuanced evidence for predictive coding within the primary auditory cortex (A1). Specifically,
spiking activity during unexpected stimuli and unexpected stimulus omissions provide
conflicting and supporting data, respectively, for this Bayesian framework. These findings
refine our understanding of neural mechanisms underlying perception and provide empirical

constraints on the neurobiological implementation of predictive processing.
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Introduction

Humans and other animals generate perceptual representations of the world to guide
adaptive behavior despite uncertainty in sensory input (Knill and Richards, 1996; Gold and
Shadlen, 2002; Gold and Shadlen, 2007; Griffiths and Tenenbaum, 2011; Aitchison and
Lengyel, 2017; Heilbron and Chait, 2018). Perception can be considered a process by which
this sensory uncertainty is integrated with prior knowledge in a manner that follows the rules
of Bayesian inference. In hearing, for example, such inference is crucial for learning
language, parsing speech in noisy environments, and music appreciation (Denham and
Winkler, 2006; Szabo et al., 2016; Zarcone et al., 2016; Koelsch et al., 2019).

One highly influential neural implementation of Bayesian inference is “predictive
coding” (PC) (Rao and Ballard, 1999; Friston, 2005; Shipp, 2016; de Lange et al., 2018;
Heilbron and Chait, 2018). Under the PC framework, internal perceptual models are updated
based on “surprise” (i.e., “prediction-error”) responses, which are elicited when there is a
mismatch between “bottom-up” sensory input and “top-down” expectations (i.e.,
predictions). However, there is an active debate as to whether and to what extent PC is
implemented in the auditory cortex (Parras et al., 2017; Carbajal and Malmierca, 2018;
Heilbron and Chait, 2018; Teichert et al., 2025). A key question in this debate is whether
putative prediction-error responses can explained more parsimoniously by local bottom-up
neurophysiological phenomena such as stimulus-specific adaptation (SSA), forward
suppression, or “off’ responses (May and Tiitinen, 2010; Fishman, 2014; Aitchison and
Lengyel, 2017; Symonds et al., 2017; Heilbron and Chait, 2018; Ross and Hamm, 2020;
May, 2021; O'Reilly, 2021).

Here, we expanded upon previous efforts to differentiate PC from local bottom-up

mechanisms (e.g., SSA) by recording from the primary auditory cortex (A1) of macaque
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monkeys during auditory “pattern” and “omission” stimulus paradigms (Alain et al., 1994;
Hughes et al., 2001; Wacongne et al., 2011; Wacongne et al., 2012; Fishman, 2014). During
the pattern paradigm, we presented two different tone-burst sequences (see Fig. 2). The
first sequence was a temporal sequence of identical tone-burst pairs separated by silence,
which generated an expectation for tone-burst repetition (Alain et al., 1994; Macdonald and
Campbell, 2011; Wacongne et al., 2011; Wacongne et al., 2012; Paavilainen, 2013). In
contrast, the second was a temporal sequence of tone-burst pairs that alternated in
frequency, which generated an expectation for tone-burst alternation. This expectation was
then violated by the rare and unexpected repetition of one of the tone bursts. PC predicts
enhanced responses to the unexpected repetition of the auditory stimulus. In contrast, SSA
predicts reduced responses. During the omission paradigm, we also used two tone-burst
sequences (Hughes et al., 2001) (Fig. 2). The first sequence consisted of the same-
frequency tone-burst pairs, but the second tone burst in the pair was omitted 100% of the
time; this generated an expectation for omission. In contrast, the second sequence
contained identical tone-burst pairs separated by silence, which generated an expectation
for tone-burst repetition. This expectation for repetition was then violated by the rare and
unexpected omission of the second tone burst in the pair. Like with the pattern stimulus
paradigm, PC predicts enhanced responses to the unexpected stimulus omission. This
enhanced response cannot readily be explained by SSA because SSA results from the
repetition of physically presented stimuli and not the absence of a stimulus.

Contrary to PC theory, our results did not reveal reliable evidence for enhanced
responses to unexpected stimulus repetitions in A1. On the other hand and consistent with
PC, we found that unexpected stimulus omissions elicited stronger responses than expected

ones; these stronger responses could reflect either a prediction-error signal or a neural
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correlate of a top-down prior expectation (Bendixen et al., 2009; Wacongne et al., 2011;
Sanmiguel et al., 2013a; Kok et al., 2014; Schroger et al., 2015; Chennu et al., 2016; de
Lange et al., 2018; Heilbron and Chait, 2018; Demarchi et al., 2019; Yaron et al., 2025).

These mixed results place empirical restraints on how PC is implemented in A1.
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Materials and Methods

The University of Pennsylvania Institutional Animal Care and Use Committee
approved all the experimental protocols in accordance with National Institutes of Health
guidelines. The authors were not blind to group allocation during the experiment and when
we analyzed the data outcomes.

All surgical procedures were conducted under general anesthesia and using aseptic
surgical techniques. Two adult male rhesus macaques (Macaca mulatta; monkey W [14
years old] or monkey C [14 years old]) participated in this study. The monkeys were group
housed and were maintained under water-controlled conditions during training and recording
periods.

Before surgery, we identified the stereotactic location of the core auditory cortex (A1)
through anatomical MRI scans (Romanski and Goldman-Rakic, 2002; Cohen et al., 2004;
Frey et al., 2004; Johnston et al., 2016; Christison-Lagay et al., 2017). Using these scans,
we designed a titanium recording chamber (Rogue, Inc) that was oriented perpendicular to
the cortical layers of A1 (Frey et al., 2004; Banno et al., 2023; Cai et al., 2025). During
surgery, we placed the monkey in a frameless stereotaxic device, removed the cranium over
A1, and placed and secured the titanium chamber on the skull with titanium bone screws.
Further details regarding the surgical approach can be found in Johnston et al. (Johnston et
al., 2016).

We functionally defined A1 through two different complementary approaches (Banno
et al., 2023; Cai et al., 2025). First, because we oriented our electrode array orthogonal to
A1’s cortical lamina, we identified A1 recording sites by their characteristic laminar response
profile, including current-source density (CSD; the second spatial derivative, relative to

electrode-contact separation, of the local-field potential) and the spatial pattern of multiunit
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activity across the electrode contacts in a given penetration (Fig. 1) (Freeman and
Nicholson, 1975; Nicholson and Freeman, 1975; Fishman et al., 2001a; O'Connell et al.,
2014; Banno et al., 2023). Second, the anatomical arrangement of best frequencies
obtained in different recording sessions was consistent with the anteroposterior tonotopic

gradient characteristic of A1.

Experimental chamber

In each session, a monkey was seated in a primate chair. We placed a calibrated
free-field speaker (MICRO [Gallo Acoustics]) 1 m in front of the monkey and at the monkey’s
eye level. Calibrated auditory stimuli were generated with Matlab (Mathworks), passed
through a digital-to-analog converter (E22, Lynx Studio Technology Inc), and presented
through the free-field speaker. These sessions took place in an RF-shielded room with

sound-attenuating walls and echo-absorbing foam on the inner walls.

Auditory stimuli-and paradigms

We presented dynamic moving ripple noise to determine a neuron’s spectrotemporal
response field (STRF). From this response field, we calculated the site’s best frequency (BF;
see Neural analyses below). On a day-by-day basis, we incorporated the BF into the
frequency values of the tone bursts comprising the oddball, pattern, and omission paradigms
(Fig. 2). In the pattern and omission paradigms, we established statistical regularities and
violated those expectations. These paradigms, and our analyses of neural responses, were
designed specifically to control for lower-level neurophysiological phenomena such as

stimulus-specific adaptation, which cannot be distinguished from genuine prediction-error
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responses utilizing the classic oddball paradigm. The “pattern” paradigm tests for prediction-
error responses elicited by unexpected tone-burst repetitions. In contrast, the “omission”
paradigm tests for prediction error or prediction-related responses elicited by unexpected
tone-bust omissions (Wacongne et al., 2011; Schréger et al., 2015; Chennu et al.,; 2016).
During recording sessions in which we utilized the oddball and the pattern or omission
paradigms, the tone bursts had a 200-ms duration. During those sessions in which only the
pattern and omission paradigms were presented, the tone bursts had a 100-ms duration to
match previous studies (Fishman, 2014). All tone bursts had 10-ms linear on/off ramps and
were presented at 65-75 dB SPL. The time between the offset and onset of the tone bursts
in the oddball paradigm was 100 ms as was the time between the offset and onset of a tone-
burst pair in the pattern and omission paradigm. The time between the offset of a tone-burst
pair and the onset of the subsequent tone-burst pair was 300 ms. Even when we omitted a
tone burst (see below), we maintained the timing between subsequent tone bursts.

DyNAMIC MOVING RIPPLE (DMR) NoISE. DMR noise is a continuous time-varying
broadband noise stimulus that covers the frequency range between 0.1 and 32 kHz (10-min
duration; 65-dB spectrum level per Vs octave; 96-kHz sampling rate; 24-bit resolution)
(Escabi and Schreiner, 2002; Escabi et al., 2014). At any instant of time, the stimulus has a
sinusoidal ‘spectrum; the density of the spectral peaks is determined by the spectral
modulation frequency (Q = 0-4 cycles/octave). The peak-to-peak amplitude of the ripple is
30 dB. The stimulus also contains temporal modulations (F,, = 0-25 Hz). Both the spectral
and temporal parameters vary randomly and dynamically; the maximum rates of change are
0.25 Hz and 1 Hz, respectively.

ODDBALL PARADIGM. This paradigm consisted of the repeated presentation of a tone

burst at the same frequency value with the random presentation of a second “oddball” tone
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burst at a different frequency value. In the standard pattern, the frequency of the standard
was set to the BF, and the frequency of the oddball was set a value that elicited half of the
firing rate elicited by the BF tone burst. In the “violation” version, the roles of the frequencies
were reversed, with the standard frequency set at a value that elicited half of the firing rate
elicited by the BF tone burst, whereas the oddball was set to the BF.

PATTERN PARADIGM. This paradigm used two different tone-burst sequences. The
first consisted of a temporal sequence of identical tone-burst pairs separated by silence,
which generated an expectation for tone-burst repetition (the “standard” pattern paradigm];
Fig. 2) (Alain et al., 1994; Macdonald and Campbell, 2011; Wacongne et al., 2011;
Wacongne et al., 2012; Paavilainen, 2013; Fishman, 2014). The second was a temporal
sequence of tone-burst pairs that alternated in frequency, which generated an expectation
for tone-burst alternation. This expectation was then violated by the rare and unexpected
repetition of one of the tone bursts (the “violation” pattern paradigm). The frequency of the
first tone burst in the pair was set to the BF of the recording site. The frequency of the second
tone-burst was set to a frequency value that elicited a neural response that was
approximately half of that elicited by the BF tone burst (Fishman and Steinschneider, 2012).

OMISSION PARADIGM. This paradigm used two tone-burst sequences conceptually
similar to those used in earlier studies of omission responses in humans (Hughes et al.,
2001). The first sequence consisted of the same-frequency tone-burst pairs, but the second
tone burst in the pair was omitted 100% of the time; this generated an expectation for
omission (the “standard” omission paradigm; Fig. 2). In contrast, the second sequence
consisted of identical tone-burst pairs separated by silence, which generated an expectation

for tone-burst repetition. This expectation for repetition was then violated by the rare,
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unexpected omission of the second tone burst in the pair (the “violation” omission paradigm;
Fig. 2). The frequencies of the tone bursts were set to the site’s BF.

Recording methodology and strategy

During a recording session, we first penetrated the dura with a stainless-steel guide
tube (508-um inner diameter) and advanced a 24-contact v-probe with 100-um inter-contact
spacing (Plexon) through the guide tube and into the brain. Neural signals were sampled at
24 kHz, filtered (0.003-6 kHz; PZ5-128, -64, RZ2, and RS4, TDT Inc.), and stored for online
and offline analysis.

While advancing the electrode, we presented an auditory “search stimulus” (an 80-
ms white-noise burst at 65 dB SPL). When auditory-evoked responses were detected, we
calculated the CSD profile from the neural activity generated from ~110 repetitions of the
search stimulus. Based on the CSD and multiunit activity (MUA) profiles, we adjusted the v-
probe depth so that the electrode contacts with the highest MUA rates (Fig. 1A-C) and
largest initial short-latency current sink were positioned in the middle contacts of the probe.
This sink corresponds to extracellular current flow associated with postsynaptic potentials in
stellate and pyramidal neurons within the thalamorecipient zone (lamina four and lower
lamina) (Freeman and Nicholson, 1975; Nicholson and Freeman, 1975). Auditory responses
were initially observed only on the channels nearest to the electrode tip, whereas more
superficial contacts showed no response. Consequently, our baseline CSD profiles deviated
from existing literature (Freeman and Nicholson, 1975; Nicholson and Freeman, 1975).
However, as we advanced deeper, the profile changed and ultimately became consistent
with the published literature. Once this target depth was identified, we retracted the electrode

by 250-500 ym and allowed the tissue to stabilize for 260 minutes to reduce electrode drift.
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Next, we recorded neural activity while the monkey passively listened to the DMR
stimulus (Escabi and Schreiner, 2002; Miller et al., 2002). We used this neural activity to
generate the STRFs from isolated single-unit spiking activity and calculate the neuron’s BF.
Next, we collected neural activity while monkeys listened to tone bursts presented within the
context of the oddball, pattern, and/or omission paradigms. We presented the deviant stimuli
either at consistent intervals within the violation variants of the paradigms (see Fig. 2) or at
random times; in either case, deviant stimuli were only presented on 10-20% of the trials
(i.e., with a probability of 0.1 to 0.2 during random presentation). Typically, during oddball
trials, we presented ~900 standard sequences and 100 deviant sequences to the monkey.
During pattern and omission trials, we presented 1000 standard sequences and 50-100
deviant sequences.

Finally, at the end of each session, we recomputed both the site’s laminar CSD
profile and the single-unit STRFs. We only report data from sessions in which the CSD and
the STRFs were stable over the duration of the recording session; we found that >90%+ of
the sessions were stable. We delivered rewards manually and randomly throughout the

recording session to help to ensure that the monkey remained awake.

Neural analyses

EXTRACTION OF NEURAL SIGNALS. Local-field potentials (LFPs) were extracted by first

low-pass filtering the neural signal (300-Hz cut-off frequency; four-pole bidirectional
Butterworth filter) and then resampling the filtered signals at 1 kHz (Ghazanfar et al., 2005;
Ghazanfar et al., 2008; Chandrasekaran and Ghazanfar, 2009; Tsunada et al., 2011; Gifford

etal., 2019; Chiang et al., 2020). Multiunit activity (MUA) was extracted by filtering the neural

signal (0.5-3.0 kHz), full-wave rectifying it, and then low-pass filtering (<0.6 kHz) to extract

Page 12



268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

291

Shukla et al., 2026

the envelope of summed action-potential activity (Lakatos et al., 2005; Kayser et al., 2007;
Steinschneider et al., 2008; Fishman and Steinschneider, 2009). After high-pass filtering

(0.6- 6.0 kHz) the neural signal, single-unit spiking activity was sorted using Kilosort3

(Pachitariu et al., 2023). We used standard metrics to ensure high-quality single-neuron
isolation (Schmitzer-Torbert et al., 2005; Liu et al., 2014).

GENERATION OF A NEURON'S SPECTROTEMPORAL RESPONSE FIELD (STRF) AND
DETERMINATION OF BEST FREQUENCY (BF). We derived each neuron’s STRF using the
reverse-correlation method, which is the average spectrotemporal stimulus envelope
immediately preceding each spike elicited by the DMR stimulus (Miller et al., 2001; Escabi
and Schreiner, 2002). A STRF’s “best frequency” (BF) was the frequency value that
consistently elicited the largest neural response (Hermes et al., 1981; Kim and Young, 1994;
Miller et al., 2001; Miller et al., 2002).

We utilized a two-step procedure to identify each STRF’s reliable samples and its
overall reliability (Escabi et al., 2014). To identify each STRF’s significant spectrotemporal
samples, we generated a null model under the assumption that spiking activity occurs
randomly with respect to the DMR. We calculated this null model by first randomizing the
inter-spike intervals and then averaging the spectrotemporal envelope of the DMR relative
to the time of each spike. This generated a "noise" STRF. We repeated this procedure 1000x
to generate a distribution of spectrotemporal noise-STRF samples. If a STRF sample was
outside of the 99.9% confidence interval (i.e., p<0.001) of its respective noise-STRF sample,
we considered it “significant”; if not, the STRF sample was assigned a value of 0.

For any given STRF, ~230 STRF samples (i.e., 288 temporalx800 spectral
samplesx0.001) were false positives. Although these samples exceeded our significance

criterion, it did not fulfill our primary objective of identifying STRFs with reproducible and
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reliable auditory responses. To identify such STRFs, we computed a “reliability” index by
first breaking the DMR stimulus into twenty 30-s long segments (Escabi et al., 2014). Next,
we randomly selected two subsamples of the 20 segments, generated a STRF from each of
these segments, and calculated their Pearson correlation coefficient. A coefficient value of
~1 (0) indicated that a given STRF is reliable (not reliable). We repeated this procedure 500x
to generate a distribution of correlation-coefficient values. Finally, we generated a null
distribution of coefficient values using the same process but with randomized inter-spike
intervals. A Mann-Whitney test evaluated the hypothesis that the actual and the null
correlation-coefficient distributions had the same median values. If the null hypothesis was
rejected (p<0.01), we considered a STRF to be statistically significant.

ANALYSIS OF SPIKING ACTIVITY ELICITED DURING THE PREDICTIVE-CODING PARADIGMS.
To characterize the effect of the violations on neural activity, on a neuron-by-neuron basis,
we computed a “response enhancement or suppression” (RESI) index: RESI=(NR2-
NR+)/(NR2+NR1), where NR1 and NRz represent the mean firing rate elicited by the first and
second tone burst, respectively, in a given tone-burst pair (see Fig. 2). We calculated the
firing rate over a window extending from the onset of the tone burst to 50 ms after tone-burst
offset. For the omission paradigm, we calculated the omitted response over an analogous
time window. Next, we calculated the mean firing rate across all tone-burst pairs in a
sequence. We generated two RESI values for the two tone-burst pattern sequences
(expected and unexpected repetitions) and for the two tone-burst omission sequences
(expected and unexpected omissions). Positive and negative RESI values imply repetition
enhancement and suppression (e.g., stimulus-specific adaptation), respectively.

Finally, to quantify whether firing rate represented prediction errors in accordance

with predictive coding theory, we computed a prediction-error index (PEI), which represents
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the difference between the RESI value calculated for the violation condition (i.e., unexpected
repetition and omission) and the standard condition (i.e., expected repetition and omission),
respectively. PEI values ranged between -1 to +1. Values >0 indicate an enhanced response
to the expectancy violation, consistent with predictive coding, whereas values <0 indicate a

reduced response to the expectancy violation, inconsistent with predictive coding.

Statistical analyses

We used nonparametric tests on all analyses and null hypotheses were rejected at

p<0.05.
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Results

We report data from 198 single units that were recorded across 60 sessions from Monkey
C and 229 single units that were recorded across 53 sessions from Monkey W. Because we
did not record data from all 3 auditory paradigms (i.e., the oddball, pattern, and omission
paradigms) during every recording session, the numbers of neurons across the different
comparison groups are different. Nonetheless, in all sessions, we recorded data from at
least 2 of the 3 auditory paradigms. Across different recording sessions, we modified the
presentation rate of the tone bursts as well as the temporal occurrence of the tone burst that
violated the expectation (e.g., in some sessions, it was presented randomly within a tone-
burst sequence or at regular intervals). However, because our analyses indicated that these
manipulations did not systematically change our neural population’s responses to the tone
burst that violated expectations, we combined the data in the presentation below; see the
section entitled Mixed evidence for and against PC theory in A1 below for further details.
Also, because we did not identify a clear relationship between cortical depth and A1

responsivity to our stimulus paradigms, we pooled our recordings across cortical depth.

Current-source density (CSD) profiles and oddball responses are characteristic of the
primary auditory cortex

We identified the primary auditory cortex (A1) through a series of functional assays,
including the CSD profile (Steinschneider et al., 1992; Fishman et al., 2001b; Lakatos et al.,
2005; Szymanski et al., 2009; Fishman and Steinschneider, 2010). The one-dimensional
CSD profile was generated from the local-field potentials evoked by repetitively presented
auditory stimuli and represents the laminar distribution of net transmembrane extracellular

current flow associated with the synaptic activity of neural ensembles (Freeman and
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Nicholson, 1975; Nicholson and Freeman, 1975; Muller-Preuss and Mitzdorf, 1984; Mitzdorf,
1985; Steinschneider et al., 1992).

Our CSD profiles displayed laminar patterns of net current sources and sinks co-
located with multi-unit activity that were typical of A1 in awake macaques (Steinschneider et
al., 1992; Fishman et al., 2001a; Lakatos et al., 2005; Fishman and Steinschneider, 2010;
Banno et al., 2023; Cai et al., 2025). An example CSD profile is shown in Fig. 1C. This profile
had a dipole pattern indicating net current influx that is characteristic of A1. In the middle
electrode contacts, the CSD showed a sharp negative deflection (current sink; highlighted
by arrow to the right of the CSD plot) soon after stimulus onset. In the same contacts, we
also observed large increases in MUA (Fig. 1B). This large initial current sink, which typically
coincided with the largest increases in MUA, is a characteristic feature of stimulus-evoked
laminar response profiles in A1 and is consistent with post-synaptic depolarization of neural
populations within putative input (granular) layers of the core auditory cortex (lamina 4 and
lower lamina 3) (Steinschneider et al., 1992; Fishman et al., 2001b; Lakatos et al., 2005).

Furthermore, STRFs showed features that are typical of A1. Example STRFs from
electrode contacts along a single penetration are shown in Fig. 1E. Similar to our previous
reports and others (Miller et al., 2002; Fritz et al., 2003; Atencio and Schreiner, 2010; Cai et
al., 2025), STRFs had short latencies with small circumscribed excitatory and/or inhibitory
response fields. Moreover, we found that the best frequency (BF) of these STRFs was
relatively constant along the electrode penetration (Cai et al., 2025). Our subsequent
analyses include spiking activity obtained from all electrode contacts along the entire laminar

extent of A1.
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Mixed evidence for and against PC theory in A1

Consistent with previous studies that used the oddball paradigm (Fig. 2) in A1
(Ulanovsky et al., 2003; Farley et al., 2010; Fishman and Steinschneider, 2012; Natan et al.,
2015; Parras et al., 2017), we found that the context of presentation modulated the neuron’s
response to the BF tone burst. Specifically, the firing rate was substantially higher when the
BF tone burst was presented as the oddball (i.e., deviant stimulus) than when it was
presented as the standard stimulus. Single-neuron examples are shown in Figs. 3A and 4A.
On average, we found that deviant stimuli elicited significantly higher A1 firing rates than
standard stimuli (Ho: median index value=0; the index is the difference between the deviant
and standard firing rates, divided by their sum; Wilcoxon signed-rank test; Monkey W: N=61
single units; median [interquartile range, IQR]: 0.1 [-0.03-0.25]; p<0.002; Monkey C: N=38
single units; median [IQR]: 0.12 [-0.01-0.17]; p<0.001).

However, this pattern of responsivity is consistent with either reduced local
suppression (e.g., due to SSA) or a prediction-error response as hypothesized by PC theory.
To explore this issue further and to test these competing hypotheses, we probed A1 neurons
with the pattern and omission paradigms (Fig. 2). Figs. 3-5 show the spiking patterns of
three representative neurons recorded during the oddball, pattern, and omission paradigms.

During the pattern paradigm, A1 neurons responded robustly and equally well to both
expected versus unexpected tone-burst repetitions (Figs. 3B and 5A). That is, the
unexpected tone-burst repetition (which is a violation of the expectation for alternation; see
Fig. 2) did not substantially modulate the neuron’s firing rate. This finding is inconsistent with
PC theory, which would predict a markedly larger response to the unexpected tone-burst
repetition and would indicate the detection of a prediction error. In contrast, panels Figs. 4B

and 5B show example response patterns during the omission paradigm. For these neurons,

Page 18



396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

Shukla et al., 2026

we found slight increases in firing rate in response to the unexpected tone-burst omission
relative to the expected tone-burst omission, consistent with PC theory.

The response patterns of these single-neuron examples are representative of our
population findings (Figs. 6 and 7). To quantify these observations, we calculated a
prediction-error index (PEl; see Materials and Methods). PEI values ranged between -1 to
+1. Values >0 indicate an enhanced response to the expectancy violation, consistent with
PC, whereas values <0 indicate reduced response to the expectancy violation, inconsistent
with PC.

For the pattern paradigm (Fig. 6), the median PEI value was less than zero (Ho:
median index value=0; Wilcoxon signed-rank test; Monkey W: N=79; -0.05 [-0.12-0.02];
p<0.00001; Monkey C: N=89; -0.04 [-0.13-0.03]; p<0.0011), which is inconsistent with PC
theory. The data in Figs. S1 and S2 indicate that negative (median) PEI values were also
found when we analyzed the pattern-paradigm data as a function of whether the deviant
stimulus was presented randomly or at a fixed time within a tone-burst sequence (Ho: median
index value=0; Wilcoxon signed-rank test; RANDOM: Monkey W: N=12; -0.12 [-0.16-0.02];
p<0.002; Monkey C; N=57; -0.04 [-0.14-0.03]; p<0.004; FIXED TIME: Monkey W; N=76; -
0.02 [-0.11-0.029], p<0.007; Monkey C; N=38; -0.03 [-0.14-0.035], p<0.0374).

In contrast, for the omission paradigm (Fig. 7), the median PEI value was greater
than zero (Ho: median index value=0; Wilcoxon signed-rank test; Monkey W: N=92; 0.05 [-
0.004-0.12]; p<0.0001; Monkey C: N=71; 0.1 [0.01-0.24]; p<0.0001). This positive PEI value
is consistent with PC theory and was observed both for random and fixed-time presentations
of the deviant stimulus (Figs. S3 and S4; Ho: median index value=0; Wilcoxon signed-rank

test; RANDOM: Monkey W: N=31; 0.06 [-0.002-0.14]; p<0.008; Monkey C; N=47; 0.09
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[0.0003-0.29]; p<0.00001; FIXED TIME: Monkey W; N=82; -0.05 [-0.02-0.12], p<0.0001;
Monkey C; N=26; -0.13 [0.02-0.27], p<0.0003).

The data in Figs. S1-S4. also illustrate the neuron-by-neuron relationship between
the RESI values calculated from data collected during the standard and deviant versions of
the pattern and omission paradigms (Fig. 2). In the analyses above, we reported the
difference between these RESI values as the PEIl value (see Materials and Methods).
Neuron-by-neuron RESI values collapsed across both the pattern and omission paradigms
are plotted in Fig. S5.

Strengthening our observation that A1 neurons differentially encoded deviant stimuli
during the predictive and omission paradigms, a neuron-by-neuron analysis indicated that,
on average, PEI values during the omission paradigm were larger than those during the
pattern violation paradigm. This finding is shown in Fig. 8, where PEI values obtained from
the spiking activity of single neurons during the omission paradigm are plotted against the
PEI values obtained during the pattern paradigm. As can be seen, the majority of points lie
below the line of equality, indicating that, on average, omission PEI values were greater than
pattern PEI values (Ho: median difference between the paired omission and pattern PEI
values is zero; Monkey W: N=29; 0.06 [-0.053 — 0.15]; p<0.03; Monkey C: N=52 units that
were recorded in both conditions; 0.13 [0.0001-0.29]; p<0.00002).

Overall, our results indicate that the firing rates of individual A1 neurons are not
enhanced for unexpected pattern violations and hence do not represent prediction errors.
These findings are inconsistent with predictions of PC theory, but consistent with earlier
preliminary findings in macaque A1 showing a similar absence of evidence for PC in neural

population responses to unexpected stimulus repetitions (Fishman, 2014). On the other
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hand, the firing rates of individual A1 neurons are enhanced during unexpected stimulus
omissions, thus providing evidential support for PC theory.

In a final analysis, we tested the predictions of PC theory regarding the distribution
of prediction-error neurons across cortical lamina. In line with several prominent PC models,
we hypothesized that unexpected pattern violations registering as prediction errors would
elicit increased spiking activity primarily in middle ‘feedforward’ cortical layers (Shipp, 2007;
Friston, 2009; Arnal and Giraud, 2012; Bastos et al., 2012; Auksztulewicz and Friston, 2016;
Shipp, 2016; Heilbron and Chait, 2018), whereas unexpected omissions of expected stimuli,
which may index learned predictions, would elicit increased spiking activity primarily in
superficial and deep cortical layers which are thought to receive and convey “feedback”
activity from higher-order cortical areas (Shipp, 2007; Friston, 2009; Arnal and Giraud, 2012;
Bastos et al., 2012; Auksztulewicz and Friston, 2016; Shipp, 2016; Heilbron and Chait,
2018). The results of this analysis are shown in Fig. 9 in which we plot the distribution of PEI
values at different recording depths. Across both monkeys, we could not identify a pattern
consistent with the aforementioned predictions of PC theory (Ho: median PEI values from
the top (superficial), middle, and bottom (deep) third of recording locations were not
significantly different; Kruskal-Wallis test; Monkey W: x?=0.53; p=0.7691; Monkey C:
¥?=8.24; p=0.0162). Further inspection of reliable group effect from Monkey C indicates that
the median top- (superficial) and bottom- (deep) third PEI values were -0.03 and -0.05,
respectively, whereas the middle third was -0.00044 with only the median deep and middle
were reliably different (post-hoc comparison, Tukey-Kramer, p=0.0114). Thus, although
there was a reliable group effect, because these median PEI values were less than zero,

they were not consistent with PC theory.
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We found a similar inconsistent pattern across monkeys for omission trials (Ho:
median PEI values from the top (superficial), middle, and bottom (deep) third of recording
locations were not significantly different; Kruskal-Wallis test; Monkey W: x?=6.26; p=0.0436;
Monkey C: x?=0.29; p=0.863). However, although we found a reliable group effect for
Monkey W, post-hoc comparisons (Tukey-Kramer, p>0.05) did not reveal specific group
pairs driving the effect (median top- (superficial), middle-, and bottom- (deep) third PEI

values were 0.024, 0.079 and 0.02, respectively).
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Discussion

We tested whether there is evidence for the predictive-coding (PC) hypothesis in the
primary auditory cortex (A1) of awake non-human primates. To isolate evidence for PC while
controlling for SSA, we employed two auditory paradigms featuring unexpected pattern
violations and unexpected stimulus omissions (Fishman, 2014). On average, A1 neurons
were not modulated by expected versus unexpected stimulus repetitions (pattern violations),
which is inconsistent with the predictions of PC. Conversely, and in line with PC, we found
that A1 firing rates were higher for unexpected stimulus omissions compared to expected
ones. Together, our findings provide nuanced evidence both for and against PC theory in
A1,

Our results corroborate a substantial body of literature that has failed to find robust
evidence for PC theory within A1, echoing previous findings of weak or absent prediction-
error encoding during auditory-pattern violations (Farley et al., 2010; Fishman and
Steinschneider, 2010, 2012; Fishman, 2014; Polterovich et al., 2018). That is, SSA and other
lower-level phenomena, such as forward suppression, appear to play a predominant role in
modulating responses to temporally structured stimulus patterns. Of course, our null result
does not preclude evidence for PC in non-primary areas of auditory cortex, as reported in
previous human and non-human primate studies (Wacongne et al., 2011; Todorovic and de
Lange, 2012; Uhrig et al., 2014; Durschmid et al., 2016; Parras et al., 2017; Nourski et al.,
2018; Hofmann-Shen et al., 2020). Nonetheless, insofar as primary sensory cortical areas
are thought to be involved in the neural circuitry underlying PC, our findings provide
important constraints on the neurobiological implementation of the theory.

Furthermore, our finding of enhanced A1 responses to unexpected stimulus

omissions supports previous findings in other animal models and in humans (Hughes et al.,
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2001; Wacongne et al., 2011; Auksztulewicz et al., 2023; Cho et al., 2023; Lao-Rodriguez
et al.,, 2023; Lao-Rodriguez et al., 2025; Yaron et al., 2025). Whereas our current data
cannot map the circuitry underlying omission responses, they are thought to reflect top-down
signals from higher-order regions that modulate sensory processing via feedback
connections (Felleman and Van Essen, 1991; Shipp, 2007; Bastos et al., 2012; Markov and
Kennedy, 2013; Chennu et al., 2016; Keller and Mrsic-Flogel, 2018; Bastos et al., 2020;
Obara et al., 2023; Lao-Rodriguez et al., 2025).

The interpretation of these enhanced omission responses is complicated by several
considerations. First, these enhanced responses may not only reflect prediction errors but
could also reflect signatures of the top-down predictions (expectations) themselves
(SanMiguel et al., 2013b; Kok et al., 2014; Schroger et al., 2015; Chennu et al., 2016; de
Lange et al., 2018; Heilbron and Chait, 2018; Demarchi et al., 2019). On the other hand,
these putative prediction signals, although consistent with PC, do not uniquely support PC
theory, as responses to stimulus omissions may be related to other processes (Halpern and
Zatorre, 1999; Zatorre and Halpern, 2005; Chennu et al., 2016; Marion et al., 2021). Another
possibility is that omission responses reflect involuntary attentional mechanisms that
prioritize the unexpected absence of stimuli for enhanced processing (Salmi et al., 2009;
Noyce et al., 2023; Baragona et al., 2025; Lao-Rodriguez et al., 2025). In the future, it will
be critical to compare A1 response profiles obtained using the present paradigms with those
elicited by other control stimuli (e.g., “many standards” or “cascade”) to further differentiate
predictive coding from ‘lower-level’ mechanisms such as stimulus-specific adaptation,
forward suppression, etc. (Carbajal and Malmierca, 2018; Lao-Rodriguez et al., 2023; Lao-
Rodriguez et al., 2025) and to gain further insight into whether these signals reflect PC or

other possible neural models of Bayesian perceptual inference (Aitchison and Lengyel,

Page 24



521

522

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

Shukla et al., 2026

2017; Spratling, 2017; Heilbron and Chait, 2018; Keller and Mrsic-Flogel, 2018; Sohn and
Narain, 2021; Lange et al., 2023).

Our finding of evidence for and against PC theory is consistent with a broad and
diverse body of literature that has examined neural correlates of PC in other sensory cortices
(Farley et al., 2010; Fishman and Steinschneider, 2012; Kaliukhovich and Vogels, 2014; Kok
et al., 2014; Durschmid et al., 2016; Rubin et al., 2016; Symonds et al., 2017; O'Reilly, 2021,
Solomon et al., 2021; Tang et al., 2023; Dercksen et al., 2024; Han and Helmchen, 2024;
Huang et al., 2024; Teichert et al., 2025). This complex picture may reflect multiple factors
such as differences between stimulus paradigms and parameters, species differences,
invasive versus non-invasive recordings of neural activity, the limitations of inferring
underlying neural processes from non-invasively recorded brain signals, single-unit versus
multiunit or neural ensemble measures, and/or differences between the responsivity of
neural recordings in different cortical layers (Javitt et al., 1992; Fishman and Steinschneider,
2012; Aitken et al., 2020; Lakatos et al., 2020). It may also reflect the presence or absence
of rigorous controls for lower-level phenomena such as stimulus-specific adaptation, forward
suppression, and offset responses (May and Tiitinen, 2010; Fishman, 2014; Carbajal and
Malmierca, 2018; O'Reilly and Conway, 2021; Nelken and Moshitch, 2026) as well as awake
versus anesthetized conditions (Nourski et al., 2018; O'Reilly and Conway, 2021; Lao-
Rodriguez et al., 2023), the degree and type of behavioral engagement (Nourski et al.,
2021), and/or attentional effects (Kok et al., 2012; Smout et al., 2019).

Several potential limitations of the present study warrant consideration and further
investigation in future research. First, because we focused our analyses on responses to BF
tone bursts, it is possible that stronger evidence for PC during the pattern violation paradigm

may be reflected in non-BF responses. Second, we might have found stronger neural
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correlates of PC if the monkeys were actively engaged in a task as opposed to passive
listening (Fritz et al., 2003; Niwa et al., 2012; Atiani et al., 2014; Downer et al., 2015; Bagur
etal., 2018; Smout et al., 2019; Tsunada et al., 2019; Chillale et al., 2023; Male and O'Shea,
2023). Indeed, while prediction-error detection is traditionally seen as automatic and pre-
attentive (Tiitinen et al., 1994; Jacobsen and Schréger, 2001; Garrido et al., 2009), attention
can modulate the presence and magnitude of expectation, prediction, and prediction-error
signals in sensory cortices (Kok et al., 2012; Chennu et al., 2013; Auksztulewicz and Friston,
2015; Smout et al., 2019; Male and O'Shea, 2023; Baragona et al., 2025; Westerberg and
Roelfsema, 2026). Third, more robust signatures of PC may not be evident in single-unit
spiking activity but may be revealed in population-level activity such as local-field potentials
or neural ensemble activity (Fishman, 2014; Auksztulewicz et al., 2023). Fourth, because
we could not sufficiently distinguish between neural subtypes in our study, we could not
determine whether there was a relationship between RESI/PEI values and different
subtypes (e.g., excitatory versus inhibitory) (Shipp, 2016; Keller and Mrsic-Flogel, 2018;
Ross and Hamm, 2020). Relatedly, despite a large literature postulating such a relationship
(Friston, 2005; Shipp, 2007; Friston, 2009; Arnal and Giraud, 2012; Bastos et al., 2012;
Barto et al., 2013; Auksztulewicz and Friston, 2016; Shipp, 2016; de Lange et al., 2018;
Heilbron and Chait, 2018), we could not identify a consistent relationship between PEI
values and cortical depth (Fig. 9). Future studies should focus on exploring these
relationships in greater detail utilizing similar stimulus paradigms and/or active paradigms.
Finally, it remains an open question to what extent our findings obtained in macaques relate
to neural substrates of predictive processing, statistical learning, and perceptual inference

in humans. Addressing this limitation will require developing comparable experimental
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568 paradigms and comparing similar measures of neural activity (e.g., single-unit activity or
569 local-field potentials) in both humans and non-human primates.
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Figure Legends

Figure 1: Representative laminar response profile and spectrotemporal
response fields from A1. As a function of cortical depth from the superficial (top) to the
deep (bottom) layers, we plot (A) the auditory evoked potentials (AEPs), which are derived
from local-field potentials, (B) multiunit activity (MUA), and (C) the one-dimensional current
source density (CSD), which is derived from the AEP profile. An arrow indicates the sharp
negative deflection of a current sink in the middle channels. The laminar AEP, MUA, and
CSD profiles are comprised of alternate electrode channels (200-um rather than 100-um
inter-contact spacing) to enhance the visualization of major response components and
facilitate comparison with profiles shown in previous studies (Fishman et al., 2001a;
Fishman et al., 2001b; Lakatos et al., 2005; Fishman and Steinschneider, 2009, 2010, 2012;
Fishman, 2014; O'Connell et al., 2014). (D) Significant single-unit STRFs obtained from
different electrode contacts during the same recording session. Arrows indicate the locations
of the electrode contacts that had significant STRFs. The x-axis is aligned relative to stimulus
onset. Color indicates the probability of eliciting a spike at each time-frequency point (red:
maximum probability of eliciting a spike; blue: minimum probability of eliciting a spike; see

color bar).

Figure 2: Schematic representation of the three auditory paradigms. Tone
bursts are represented as “notes” with standard tone bursts represented in black and
unexpected tone bursts in red. For the pattern paradigm that tested for unexpected

repetition, the tone burst in grey indicates that it has a different frequency than the standard
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tone burst. For the omission paradigm, the asterisk represents the expected (black) or the

unexpected (red) missing tone burst.

Figure 3: Raster and peristimulus-time histogram from a single neuron
recorded during the oddball and pattern paradigms. (A) For the oddball paradigm, the
raster plots and histograms are aligned relative to the onset of each tone burst. (B) For the
pattern paradigm, the raster plots are aligned relative to the onset of each tone-burst pair.
In both panels, the data in the left and right columns are data from the expected and

unexpected conditions, respectively. The grey bars indicate the time course of a tone burst.

Figure 4: Raster and peristimulus-time histogram from a single neuron
recorded during the oddball and omission paradigms. (A) For the oddball paradigm, the
raster plots and histograms are aligned relative to the onset of each tone burst. (B) For the
omission paradigm, the raster plots are aligned relative to the onset of the tone-burst +
omitted-tone-burst complex. In both panels, the data in the left and right columns are data
from the expected and unexpected conditions, respectively. The grey bars indicate the time
course of a tone burst, whereas the black bars indicate the “time course” of the missing tone

burst.

Figure 5: Raster and peristimulus-time histogram from a single neuron
recorded during the pattern and omission paradigms. (A) For the pattern paradigm, the
raster plots are aligned relative to the onset of each tone-burst pair. (B) For the omission
paradigm, the raster plots are aligned relative to the onset of each tone-burst pair or tone-

burst + omitted tone-burst complex. In both panels, the data in the left and right columns are
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data from the expected and unexpected conditions, respectively. The grey bars indicate the
time course of a tone burst, whereas the black bars indicate the “time course” of the missing

tone burst.

Figure 6: Distribution of PEI values during the pattern paradigm. PEI values >0
are consistent with predictive coding. The solid vertical line in each histogram indicates

PEI=0. The data in (A) are from monkey C, whereas the data in (B) are from monkey W.

Figure 7: Distribution of PEI values during the omission paradigm. PEI| values
>0 are consistent with predictive coding. The solid vertical line in each histogram indicates

PEI=0. The data in (A) are from monkey C, whereas the data in (B) are from monkey W.

Figure 8: Correlation analysis of PEI values. On a neuron-by-neuron basis, the
PEI values from the omission paradigm are plotted on the x-axis and the PEI values from
the pattern paradigm are plotted on the y-axis. The data in (A) are from monkey C, whereas
the data in (B) are from monkey W. The solid line in both panels is the line of unity. Note:
the appearance of grey and black circles is an artifact of the overlapping data points rather

than differences in tuning, responsivity, etc.

Figure 9: Distribution of PEI values across recording depth. On a session-by-
session basis, PEI values are plotted as a function of recording depth from superficial (top)
to deep (bottom) layers. Recording depth is aligned relative to the CSD current sink; see
Fig. 1. Each horizontal violin represents the distribution of PEI values at each electrode

channel (depth) with individual session PEI values overlaid as open circles. The vertical
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1006 dashed line indicates a PEI value of 0. Data in the top and bottom panels relate to the
1007  pattern-violation paradigm and omission paradigm, respectively. Data in the left and right

1008  columns are from Monkey C and Monkey W, respectively.
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B. Omission: expected omission
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A. Pattern: expected repetition
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