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FIGURE 9

The extended PIPPET model infers both phase and tempo over the course of a tempo change from 1.1 beats per second to 0.9 beats per second. (A)
When the sequence of sound events slows down, the advance of estimated phase slows as well. See previous figure key. (B) This is because tempo
(and tempo uncertainty) are also being inferred as the sequence unfolds, and the estimated tempo drops when the rate of events slows. Initial and
final tempo are marked in dashed red lines. (C) Phase and tempo can be inferred simultaneously because the model tracks a joint distribution over
phase (X-axis, projected from the circle onto the real line) and tempo (Y-axis). The contours represent level sets of a multivariate Gaussian
distribution over phase/tempo state space, strobed over time. At each event, the prior distribution (red) updates to a posterior (green) that
incorporates a likelihood function based on the phases at which events are expected.

about behavior and physiology that arise from dynamical analysis
of nonlinear oscillation.

5.1.2. Mode locking
Importantly, neural resonance predicts more than phase-

alignment with rhythmic stimuli; it predicts mode-locking of neural
oscillations. Mode-locking, in turn, predicts structural constraints
in perception, attention, and coordinated action. Mode-locking
can explain, for example, how we perceive a periodic beat in a
complex (multi-frequency) rhythm (Large et al., 2015), whereas
phase-alignment in linear systems cannot (see e.g., Pikovsky et al.,
2001; Loehr et al., 2011).

5.1.3. Neural plasticity
Synaptic plasticity is an important means by which the brain

adapts and learns through exposure to environmental information.
Here we describe two primary mechanisms by which adaptation
may occur: Hebbian learning via synaptic plasticity, and behavioral
timescale adaptation of individual oscillator parameters, such as
natural frequency.

5.1.4. Transmission delay
Transmission delays are ubiquitous in the brain, representing

another generic feature of neural dynamics. But how can we
perform synchronized activities, such as play music together, or
anticipate events in a rhythm in the presence of time delays? Recent
work suggests that such behavioral and perceptual feats take place
not in spite of time delays, but because of them (Stephen et al.,
2008; Stepp and Turvey, 2010). While seemingly counter-intuitive,
dynamical systems can anticipate or expect events in the external
world to which it is coupled, without a need to explicitly model the
environment or predict the future.

5.2. NRT: oscillatory models from series
expansions

Phase models based on circle map dynamics, introduced
in section “3. Models for time-keeping, beat generation and
beat perception,” have been used to describe phenomena
including beat perception (Large and Kolen, 1994), dynamic

Frontiers in Computational Neuroscience 15 frontiersin.org



fncom-17-1151895 May 11, 2023 Time: 16:3 # 16

Large et al. 10.3389/fncom.2023.1151895

FIGURE 10

(A) The left panel shows pyramidal and inhibitory neurons present and interacting across a cortical column. The center panel shows how a
traditional spiking neural model treats each neuron as a unit that is individually modeled. The right panel shows a neural mass model (NMM), where
population dynamics are averaged to a low-dimensional differential equation for each class of neurons [modified from Breakspear (2017)]. (B) The
oscillatory dynamics of two-dimensional Wilson-Cowan (left) and a canonical oscillator (right) model, driven by a periodic sinusoidal stimulus
[adapted from Large (2008)]. (C–F) Amplitude vector field for a canonical oscillator in a critical Hopf regime, (D) a supercritical Hopf regime, and
(E,F) saddle-node bifurcation of periodic orbits regimes. Attractors and repellers are indicated by red dots and red circles, respectively. Arrows show
direction of trajectories [adapted from Kim and Large (2015)]. (G–J) Stability regions for a canonical oscillator as a function of sinusoidal forcing
strength in panel (G) a critical Hopf regime, (H) a supercritical Hopf regime, (I) saddle-node bifurcation of periodic orbits regimes. Colors indicate
stability type [adapted from Kim and Large (2015)].

attending (Large and Jones, 1999), perception-action coordination
(deGuzman and Kelso, 1991), and tempo invariance (Large and
Palmer, 2002). Inclusion of period correcting dynamics (e.g.,
Large and Jones, 1999; Large and Palmer, 2002) allowed these
models to be robust to stimuli that change tempo. In some
models, an “attentional pulse” described when in time events
in an acoustic stimulus were expected to occur as well as the
precision of temporal expectations. A related “canonical” model
was derived from a physiological model of oscillation in cortical
networks (Wilson and Cowan, 1973; Hoppensteadt and Izhikevich,
1996a,b; Large et al., 2010), and includes both amplitude and phase
dynamics. The inclusion of realistic amplitude dynamics enriches
the behavioral predictions of phase models and has also led to
models that include Hebbian learning and neural time-delays.

5.2.1. Relation to mechanistic cortical oscillation
models

Phase models represented important steps forward in thinking
about what kind of neural dynamics may underlie dynamic

attending and perception-action coordination. However, the
formalism described in section “3.3.1. Circle-map phase oscillator
models,” specifically the absence of amplitude dynamics, limits
applicability to neural and behavioral data. Alternatively, neural
mass models (also called excitation-inhibition, or E-I models,
e.g., Wilson and Cowan, 1973; Hoppensteadt and Izhikevich,
1996a) characterize neural oscillations in networks of interacting
excitatory and inhibitory neural populations. Models of large-scale
brain dynamics (larger than a single neural oscillation) can then
be based on the study of self-organized oscillation in collective
neural behavior (see Breakspear, 2017 for an overview) in which
oscillations have both amplitude and phase (e.g., Large et al.,
2010; see Figures 10A, B). Below, we describe a derivation of a
canonical model from a neural mass model, and then expand this
into a network model with learning and address the role of time
delays.

Neural mass models approximate groups of neurons by their
average properties and interactions. One example is the well-
known Wilson-Cowan model (Wilson and Cowan, 1973), which
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describes the dynamics of interactions between populations of
simple excitatory and inhibitory model neurons. Both limit cycle
behavior, i.e. neural oscillations, and stimulus-dependent evoked
responses are captured in this model.

du
dτ
= − u+ S(ρu + au− bv+ xu(τ)) (4)

dv
dτ
= − v+ S(ρv + cu− dv+ xv(τ))

Here, u is the firing rate of an excitatory population, and v is
the firing rate of an inhibitory population. a, b, c, and d are intrinsic
parameters, ρu and ρv are bifurcation parameters, and xu(τ) and
xv(τ) are afferent input to the oscillator.

5.2.2. A canonical model
On the surface, neural mass models appear quite distinct

from the sine circle map used in section “3.3.1. Circle-map
phase oscillator models.” However, there is a systematic
relationship. One approach to understanding their behavior
is to derive a normal form. When the neural mass model
is near a Hopf bifurcation, we can reduce it to the Hopf
normal form via a coordinate transformation and a Taylor
expansion about a fixed point (equilibrium), followed by
truncation of higher order terms after averaging over slow
time (Ermentrout and Cowan, 1979; Hoppensteadt and Izhikevich,
1997).

dz
dt
= z(a+ b1|z|2)+ x(t)+H.O.T.

where z = reiφ is complex-valued oscillator state, a = α+

iω and b1 = β1 + iδ1 are coefficients to the linear and cubic
terms, respectively, x(t) is an external rhythmic input that may
contain multiple frequencies, and t = ετ is slow time, and H.O.T.
represents higher order terms. Eq. 5 can then be transformed to
separately describe the dynamics of amplitude r and phase φ:

dr
dt
= r(α+ β1r2)+ x(t) cosφ (5)

dφ
dt
= ω+ δr2

−
x(t)
r

sinφ (6)

In this formulation, the parameters are behaviorally
meaningful, α is the bifurcation parameter, ω is the natural
frequency, β1is nonlinear damping, and δ is a detuning parameter
that captures the dependence of frequency on amplitude. This
model is systematically related to the phase model, assuming a
limit cycle oscillation (α � 0) and discrete input impulses (see
Large, 2008).

Normal form models are useful in their own right, for example
as models of outer hair cells in the cochlea (e.g., Eguíluz et al., 2000).
However, by truncating higher order terms important properties
of the neural models are lost, most importantly mode-locking,
which is critical in the NRT framework. However, using the same
principles as normal form analysis, a fully expanded canonical
model for a neural mass oscillation near a Hopf bifurcation can be
derived (Large et al., 2010). For example, the following expanded

form contains the input terms for all two-frequency (k:m) relations
between an oscillator and a sinusoidal input:

dz
dt
= z(a+ b1|z|2 + b2|z|4 + ...)+ c11x+ c12xz + c13xz2

+ ...

c21x2
+ c22x2z + c23x2z2

+ ... (7)

In the original expanded form in Large et al. (2010), the relative
strengths of high-order terms are expressed by powers of the
parameter ∈. Eq. 8 is a rescaled form without ∈ in which oscillation
amplitude is normalized (|z| < 1; Kim and Large, 2021). This
model displays rich dynamics and has several interesting properties
that make it useful for modeling and predicting rhythmic behaviors.
The fully expanded model can be decomposed to study specific
properties, and to create minimal models of empirical phenomena.

In terms of the input expansion, each term in Eq. 8, which
takes the form xkzm−1, corresponds to a different k:m mode-
lock: 1:1, 1:2, 1:3, . . ., 2:1, 2:2, 2:3, . . . This leads to analyses like
that in Kim and Large (2019). Eq. 8 includes an infinite series
of input terms, each for a different frequency relation, because it
is assumed that the stimulus frequency is unknown. When the
frequency relation is known, the canonical model can include only
one input term (called resonant monomial). Figure 10B compares
an oscillation in the Wilson Cowan model with an oscillation in
the fully expanded model. Note that the limit cycle is transformed
into a circle, making behavior-level analyses straightforward (Kim
and Large, 2015). Four different parameter regimes are available for
describing different types of driven behavior (Figures 10C-F). Note
that the canonical model can display a Hopf bifurcation and also a
saddle-node bifurcation of periodic orbits (also called a double limit
cycle bifurcation), as E-I models do (Hoppensteadt and Izhikevich,
1997; Kim and Large, 2015). Moreover, the amplitude dynamics
changes the phase dynamics (Figures 10G-J; see Kim and Large,
2015).

The full expansion of the E-I model has two infinite series, one
for the intrinsic dynamics and another for the input, assuming that
b2 = b3 = ... = bn, and c = c11 = c12 = ... = c21 = ... = ckm.
Both can be summed and written in the form:

dz
dt
= z

(
a+ b1|z|2 + b2

|z|4

1− |z|2

)
+ c

x
1− x

1
1− z

(8)

which makes it possible to simulate the full canonical model
directly. This is not the most general form, but suffices to fit a wide
range of data. These properties combine to provide a model that
can be analyzed to make predictions about rhythmic behavior, as
described below.

In terms of modeling dynamic attending, the canonical
model provides an important link to the neural level. The phase
model (Eq. 1) is systematically related to the phase of the
canonical model (Large, 2008) but the canonical model includes
an amplitude dimension. Amplitude dynamics provides multiple
parameter regimes for entrained oscillation beyond limit cycle
dynamics, which have often been assumed to be the only possibility
in empirical research (e.g., Lakatos et al., 2019). Moreover,
the continuous time model includes an “active nonlinearity,”
A(z) = Re(1/(1− z)) (cf., Eq. 9; see Large et al., 2010) which
depends on the amplitude of the oscillation. As the amplitude
of the oscillation increases, reflecting successful predictions, A(z)
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becomes peakier (see Figure 5B, bottom), similar to the attentional
pulse. Moreover, A(z) can actually be considered a circular
probability density function – akin to the von Mises distribution –
because the area under the curve for one cycle is unity. In other
words, an attentional pulse function arises in the derivation of
the canonical oscillator from neural mass models. Additionally,
because it appears in the input term, it also functions as a temporal
receptive field (Large and Kolen, 1994; Large and Palmer, 2002).

Behavioral timescale adaptation of frequency has been studied
in various neural oscillator models (Righetti et al., 2006; Roman
et al., 2019). Frequency adaptation is similar to period adaptation
in DAT models, but is more appropriate to the differential equation
framework. Lambert et al. (2016; Eq. 10) proposed extending neural
resonance models to include a slow elastic return to the preferred
natural frequency, which helps with stability, giving the following
form:

dω
dt
= − cωx(t)A(z)/r − ce

ω− ωo

ω
(9)

where cω is adaptation strength, ce is elasticity strength, ω0 is
preferred natural frequency, and x(t) is an external rhythmic input
that may contain multiple frequencies. Thus, the single canonical
oscillator with frequency adaptation can track rhythms that include
phase and frequency perturbations as with earlier models (i.e.,
Large and Jones, 1999).

5.2.3. Networks and learning
Up to this point, we have described single oscillations, as

though behavior were governed by a single neural oscillator with
a well-defined natural frequency that may adapt to input. For
some experiments, this serves as a sufficient minimal model.
However, in a more general framework, we may postulate multiple
oscillatory circuits with a range of frequencies that interact within a
network, as illustrated in Figure 11A. This more general framework
is more physiologically realistic (Buzsáki and Draguhn, 2004;
Buzsáki, 2006; Pittman-Polletta et al., 2021), and provides realistic
predictions about EEG and MEG responses to complex rhythms,
while making behavioral predictions about the perception of pulse
and meter. However, modeling networks requires consideration of
the roles of learning as well as neural time delays.

The single-oscillation model of Eq. 9 can be generalized to a
network model by assuming a gradient of frequencies, which may
include the delta and/or theta band frequencies as follows:

τi
dzi
dt
= zi

(
ai + bi|zi|2 +

di|zi|4

1− |zi|2

)
+

∑
j6=i

cij
zj

1− zj
1

1− zi
(10)

where τi = 2π/ωi is the period of the ith oscillator, ai = αi +

2πi, bi = β1i + iδ1i, di = β2i + iδ2i, and cij is a complex
coefficient representing the strength and phase of the connection
from the jth oscillator to the ith oscillator. In such a network,
rather than individual oscillations adapting frequency over a wide
range to match the stimulus frequency, the amplitude peaks within
a network are determined by the stimulus frequencies. These
networks can consist of E-I oscillators or a network of canonical
oscillators, and the behaviors in the two models are comparable (see
Figure 11B; Large et al., 2010). Thanks to mathematical tractability,
the canonical model allows close analysis of nonlinear resonance in
gradient frequency neural networks (Figure 11C; Kim and Large,
2019).

In neural mass models such as the Wilson-Cowan model,
synaptic connections between oscillatory units determine their
phase relations (Figure 11D). When synaptic connections are
made plastic with Hebbian learning, neural mass models can learn
and retain the phase relationships between frequency components
in external signals (Hoppensteadt and Izhikevich, 1996b). In
the canonical network model, connections within and between
networks can be learned given a rule of the following form:

τij
dcij
dt
= − γijcij + κij

zi
1− zi

zj
1− zj

(11)

where τij is the time constant for learning, γij is the decay rate, and
κij is the learning rate (Kim and Large, 2021). According to the
multifrequency Hebbian learning rule, a connection strengthens
(i.e., |cij| increases) when connected oscillators are stably mode
locked. In addition, the phase of the connection (Arg cij) converges
to the relative phase maintained between the oscillators. In this
way, the network can learn and remember a multifrequency signal,
such as a musical rhythm, as a pattern of nonlinear resonance
among frequencies (Figure 11E). Finally, real neural networks also
have time-delays, and an important goal for future research is to
fully incorporate time delays into our models (see section “6.2.1.
Transmission delay and negative mean asynchrony”).

In the next sections, we consider how to extend these models
in light of the fact that multiple brain areas interact for rhythm
processing, and we address the questions of how complex rhythms
may be learned, produced, and coordinated.

6. Complex rhythms and multi-area
modeling

A single heterogeneous-frequency oscillator network may be
insufficient to explain complex rhythmic phenomena such as the
ability to extract a pulse frequency not present in the input rhythm
(Large et al., 2015). In this section we describe approaches to
integrating multiple networks or brain areas to account for more
complex aspects of rhythmic behavior.

6.1. Rhythm perception involves multiple
brain areas

As cited in the section “2. Neuroscience of rhythm processing,”
imaging studies provide evidence for a number of areas that
interact to predict upcoming sounds. Patel and Iversen (2014)
proposed a phenomenological conceptual model (ASAP) that
proposes that the motor system is integral to priming the sensory
system to make timing judgments. More recently, Cannon and
Patel (2021) suggested a neurophysiological implementation of
the motor component of the ASAP scheme (Figure 12), perhaps
analogous to the motor subcircuit of the Egger et al. (2020) model.
They describe a recurrent neural network in Supplementary Motor
Area (SMA) that entrains to auditory input at a beat level and that
is embedded in a multi-area brain loop through supplementary
motor area, thalamus, and basal ganglia that can serve to provide
higher level metrical patterning and sequencing. This organization
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FIGURE 11

Network models, mode-locking, and learning. (A) Two gradient frequency neural networks: a Wilson-Cowan network (an E-I type neural mass
model, top) and a canonical network (bottom). (B) Despite different levels of mathematical abstraction, both network models show qualitatively
identical dynamics in response to a sinusoidal input, with strong resonances at the stimulus frequency (1:1) and its harmonics (2:1 and 3:1) and a
subharmonic (1:2). From Large et al. (2010). (C) The Arnold tongues (resonance regions) for nonlinear resonances in a canonical network driven by a
sinusoidal input. From Kim and Large (2019). (D) Synaptic connections within (vertical) and between (horizontal and diagonal) oscillatory units in a
coupled neural mass model. (E) Connections formed between canonical oscillators in a gradient frequency network after Hebbian learning. From
Kim and Large (2021).

allows the SMA network to recognize and generate rhythm only
at characteristic beat time scales, offloading higher-level structure
to striatal networks known to be important for motor sequencing.
Input to SMA along this pathway also may help SMA maintain
a specific tempo through complex rhythms and during beat
continuation.

6.2. Structure and perception in NRT
network models

To account for empirical finding on the involvement of
both motor and auditory networks, Large and collaborators
(Large et al., 2015) have proposed a model that includes two
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FIGURE 12

Basal ganglia sequences the beat-tracking trajectories in
supplementary motor area (SMA). Neural firing rates in SMA follow a
trajectory which tracks and anticipates progress through a beat
cycle, informing auditory event predictions including the beat itself
and other sounds locked to the cycle (such as a subdivision of the
beat, indicated by the “&” symbol on the trajectory). The
specifications of this trajectory, including tempo and subdivision,
are determined by selective disinhibition by the basal ganglia via the
“direct pathway”. A population specific to an intermediate tempo is
active in dorsal striatum (blue), as opposed to one specific to a
slower tempo (red). Acting through the internal segment of the
globus pallidus (GPi), this population disinhibits a thalamic
population, which provides SMA with excitation specific to that
trajectory (blue) and not, for example, a slower one (gray). Auditory
prediction errors act to update the phase of cyclical activity in SMA
(phase correction) and update the active population in striatum
(tempo correction).

heterogeneous-frequency networks, one for the dynamics of
auditory cortex, and a second for motor cortex (e.g., SMA),
and bidirectional coupling between the networks reflects learning
of the lowest-order modes (2:1, 3:1, 1:2, and 1:3; see Eqs. 11,
12; Figure 13A). Amplitude dynamics of the canonical model
are exploited to posit different parameter regimes for the two
networks. Auditory dynamics operate near a Hopf bifurcation
(Figures 10C, D; see e.g., Lakatos et al., 2013), making rhythmic
responses in the auditory network essentially transient. Motor
dynamics operate near a saddle-node bifurcation of periodic
orbits (Figures 10E, F), so that each subpopulation can display
transient response (fixed point dynamic) or a sustained response
(limit cycle dynamics), with the two separated by a bottleneck
threshold. Stimulation that is strong enough and long enough
can trigger sustained motor network activity, similar to a pattern
generator circuit (Kopell and Ermentrout, 1988; Marder and
Bucher, 2001; Yuste et al., 2005; Guertin, 2009). Such a model
could explain synchronization-continuation behavior, because
a periodic auditory stimulus would trigger a sustained limit
cycle in the motor network. It could also explain perception
of musical rhythm, such that the stimulus triggers multiple,
coupled limit cycles to embody the perception of metrical
structure.

This model was tested using “missing-pulse” rhythms, in which
the perception of pulse and meter require nonlinear responses
(Large et al., 2015). Figure 13B shows the mean field response
of auditory (bottom) and motor network (top) to a missing pulse
rhythm. Frequency analysis of the acoustic stimulus shows no
energy in the stimulus rhythm at 2 Hz – the hypothetical pulse

frequency – or at 1 Hz – a subharmonic metrical frequency.
Note that in these parameter regimes the auditory network rather
faithfully reproduces the acoustic input, while the motor response
contains a strong periodic component that corresponds to the
hypothetical pulse of the input rhythm.

Experiments in human participants (Figures 13C, D) revealed
that the hypothetical pulse (2 Hz) is perceived most often in
these rhythms, and that pulse phase is bistable, also matching
model predictions. Moreover, some subjects do not perceive a
pulse in these highly syncopated rhythms (cf., Palmer et al., 2014).
A follow-up MEG experiment verified that some subjects showed
a strong neural response at the pulse frequency, while others
did not (Figure 13E; Tal et al., 2017). Moreover, the amplitude
of the 2 Hz neural responses matched performance in the pulse
perception task, suggesting that the perception of pulse depends on
the strength of the neural response. The model is also consistent
with a series of experiments that have measured the steady-
state evoked potential (SS-EP; see e.g., Nozaradan et al., 2011,
2012), showing enhancement of metrical frequencies in neural
responses to music-like rhythms, and responses at frequencies not
present in stimulus rhythms. Note that responses at the missing
pulse frequency rule out passive, linear responses (i.e., ERP’s)
because a linear response would similarly display a “missing pulse”
frequency (see Large et al., 2015; Haegens and Zion Golumbic,
2018).

6.2.1. Transmission delay and negative mean
asynchrony

In considering the behavior of brain networks, it is important
to also consider the existence of transmission delays. To our
knowledge, no network models of musical rhythm have included
such delays. However, one recent model has considered what the
consequence of a transmission delay may be in a reciprocally
connected network, using a single oscillator with delayed feedback
as a simplified model.

1
f
dz
dt
= z

(
α+ i2π+ β|z|2

)
+ x(t)−

d
f
z(t − τ) (12)

Here x(t) is a unit-magnitude complex-valued sinusoid (or
unit-magnitude square-wave) that captures the external stimulus,
and the delayed feedback term has strength d and a delay of τ

seconds. As a model of synchronization in the presence of delayed
feedback, it is able to reproduce the tendency of taps to precede
acoustic events, NMA (Repp, 2005). This type of anticipation is
known as “strong anticipation,” since it results from the physical
coupling of a system and its environment, and it does not depend
on an internal representation of the stimulus (Dubois, 2001; Stepp
and Turvey, 2010). This model provides an excellent fit to data
from a detailed investigation of NMA (see Repp and Doggett,
2007; Roman et al., 2019). It reproduced the anticipatory tendencies
empirically observed in musicians and nonmusicians for stimuli
with different tempi (Figure 13F; see Repp and Doggett, 2007).
It was also able to explain behavioral data from two turn-taking
synchronization tasks between two humans with and without an
additional acoustic transmission delay between participants (Chafe
et al., 2010; Nowicki et al., 2013). Future models will be required to
assess the effect of delays in more realistic networks.

Interestingly, the neuro-mechanistic model described above in
the section “3. Models for time-keeping, beat generation and beat
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FIGURE 13

(A) A model of interacting oscillators in two reciprocally connected networks (auditory and motor). The auditory network can be driven with musical
rhythmic stimuli, activating also the motor network due to the reciprocal connections. (B) The FFT of two rhythms (black line) and activation of the
model’s motor network (blue line) when the model is driven by each: the top shows an isochronous rhythm 2 Hz and the bottom shows a “missing
pulse” rhythm (i.e., a type of syncopated rhythm where there is no energy at the frequency of the perceived beat of 2 Hz). (C) Distributions of the
tapping frequency of humans (red) while tapping with the isochronous or the “missing pulse” rhythm. (D) The phase of humans tapping with the
isochronous or the “missing pulse” rhythm, computed at the trial (blue o’s) and “grand average” levels [red x’s; (A–D) adapted from Large et al.
(2015)]. (E) The MEG spectrum of two individuals listening to “missing pulse” rhythms, one who was able to perceive the pulse of the syncopated
rhythm faster (left, blue) than the other (center, red). The right panel shows correlation between the 2 Hz MEG amplitude and the time to start
tapping (TTT) at 2 Hz [adapted from Tal et al. (2017)]. (F) NMA (means, and standard errors, and linear regressions) in musicians and non-musicians
who tapped to an isochronous stimulus. Fits of an oscillator model with delayed feedback (Roman et al., 2019), for musicians (green) and
non-musicians (yellow) [adapted from Roman et al. (2019)].

perception” (Bose et al., 2019) displays an intrinsic NMA, but not
due to time-delay, rather due to its mechanism for measuring
time intervals. Simulations of the Egger model (Egger et al.,
2020) also exhibit a modest NMA, however the mechanism is
not well-understood. It is not yet known whether either model
is flexible enough to capture the empirical results (e.g., Repp and
Doggett, 2007). PIPPET’s objective of aligning inferred phase with
incoming events seems incompatible with this type of persistent
synchronization error, although with the addition of motor output,
it may ultimately prove compatible with the NMA findings.

7. Learning and development

The premature infant brain tracks beat and meter frequencies
in auditory rhythms (Edalati et al., 2023), suggesting an innate
characteristic of human neural activity. At the same time, rhythm
processing is highly influenced by experience. Rhythms are
experienced even before birth, for example, in the maternal heart
beat, and through rhythmic movements, both of the mother but
also from the fetus’s own arm and leg movements that have
spring-like properties. After birth, infants become enculturated
(specialized) at processing the beat and metrical structures in the
music in their environment, and will even regularize rhythmic
input to fit these metrical structures, suggesting that learning plays
a large role in rhythm perception (Hannon and Trainor, 2007;

Trainor and Marsh-Rollo, 2019). The PIPPET model proposes that
rhythm perception develops through the refinement of patterns
of temporal expectancy that act as generative models describing
the probability of sound events at each phase of a meter or
beat. The process of developing these expectations has not yet
been modeled – instead, the model is “seeded” with one or more
expectation patterns, which may represent any combination of
learned and innate patterning with arbitrary temporal structure.
NRT instead proposes that rhythm perception develops through
learning of connections between circuits that are inherently
oscillatory. This process allows learning through experience, but
also explains why some rhythmic relationships (i.e., smaller integer
ratios; cf., Kim and Large, 2019, 2021) are easier to learn.

The NRT framework incorporates learning as attunement of
oscillatory networks to the rhythmic structure of the environment
on multiple time-scales. When formalized in physiologically
informed dynamical models based on Hebbian learning
(Hoppensteadt and Izhikevich, 1996b; Kim and Large, 2021), this
provides a theoretical framework for generating testable empirical
predictions about musical rhythm development (Figure 13A; see
Tichko et al., 2022). Building on the meter perception model above,
this theoretical framework hypothesizes rhythmic attunement on
(at least) three distinct timescales. On a timescale of seconds, people
attune to the frequency and structure of ongoing musical rhythms
(e.g., tempo adaptation; see Roman et al., 2023). On a timescale
of months, children’s perceptual systems attune to culture-specific
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rhythmic structures (e.g., within-network connections; Tichko and
Large, 2019). And at a timescale of years, children learn to flexibly
coordinate movements with complex rhythms in culture-specific
ways (between-network connections; Tichko et al., 2022).

As an example of perceptual learning, consider that a perceived
beat need not be purely periodic. Non-isochronous meters
(Brãiloiu, 1984; London, 2012) – which occur in musics from
southeastern Europe, Mali, Turkey, and India (Clayton, 2008;
Polak, 2010; Bates, 2011; Kirilov, 2015) – display categorically
unequal durations between beats (Figure 14A). In learning the
meter of musical rhythms, infants’ and children’s perceptual
systems become attuned to culture-specific rhythmic patterns,
displaying a kind of perceptual fine-tuning called perceptual
narrowing (Hannon and Trehub, 2005). In one model, an untrained
auditory network mean field veridically reproduced every rhythm,
as in the model of Large et al. (2015). However, during
unsupervised learning, the network learned connections between
the oscillators activated by the training rhythms (Figure 14A).
This affected the networks’ responses to violations of the
metrical structure of native and nonnative rhythms, a pattern of
findings that mirrored the behavioral data on infants’ perceptual
narrowing to musical rhythms (Tichko and Large, 2019). Thus,
the network attuned to the rhythmic structure of either Western
or non-Western training rhythms through the self-organization
of network connections within the auditory network. Another
model demonstrated that diffuse (not frequency-specific) low
amplitude connections between vestibular and auditory networks
can bootstrap plasticity. In a seminal study, Phillips-Silver and
Trainor (2005) showed that infants could be biased in their
perception of a bistable rhythm (i.e., Figure 1A) by bouncing
them according to the desired pulse. In the network model, during
a training phase input from the vestibular network affected the
response of the auditory network. During the test phase infants
preferred the pulse that corresponded to the bouncing, and this
behavior was captured by the model due to short term plasticity
(Tichko et al., 2021; see Figure 14B).

At the faster time scale, an oscillator’s natural frequency can
represent the endogenous rhythms that manifest as an individual’s
spontaneous rates of action (Scheurich et al., 2018). Evidence
suggests that an individual’s spontaneous rate constantly acts as a
pulling force, and that anticipation and lagging can be explained by
whether the spontaneous rate is slower or faster than the stimulus
(Scheurich et al., 2018; Zamm et al., 2018). Recently, Roman et al.
(2023) developed a neural resonance model with elastic frequency
learning that can explain how musicians synchronize with a musical
stimulus at a frequency different from their spontaneous rates of
movement. The model’s fast frequency Hebbian learning allows the
oscillator to match the stimulus frequency, but the elastic force
pulls the learned frequency toward the system’s original natural
frequency (Ermentrout, 1991; Savinov et al., 2021). This model
was able to explain human behavioral data relating spontaneous
rates with anticipatory asynchronies between human actions and
different musical stimuli (Figure 14C; Scheurich et al., 2018).
Moreover, the model explained a musician’s tendency to return
to their spontaneous rate during a continuation task (after a
brief period of synchronization with a stimulus), and the absolute
asynchronies observed when pairs of individuals with different
spontaneous rates synchronize with each other (Zamm et al., 2018).

8. Discussion

The ability of humans to track temporal patterns, extract or
infer a hierarchy of regular beats, predict upcoming sensory events,
adapt to temporal perturbations, adjust to tempo changes, and
synchronize movements to rhythmic beats is impressive and while
many questions have been addressed, many questions reman. Here
we explored several basic modeling approaches to understanding
musical rhythms: small biophysical or rate-based neuronal
networks, probability-based Bayesian models, entrainment-based
oscillator models, and heterogeneous frequency networks of neural
oscillators with Hebbian learning. Neurophysiological measures
show that intrinsic brain oscillations are ubiquitous over a range
of frequencies (including delta, alpha, beta, gamma), suggesting
that neural oscillations are fundamental to how the brain works.
In the section “3. Models for time-keeping, beat generation and
beat perception,” at a basic level we described two types of models:
information processing and dynamical systems models in which
a model’s phase and period variables adapt to synchronize with
an external sound sequence. Neuro-mechanistic models, either
based on the Hodgkin-Huxley formalism or on a population
firing rate approach are designed to be real-time adaptive, with
adjustable biophysical parameters that affect the internal beat
generator’s period and/or phase to achieve matching with the
stimulus. The proposed adjustment rules of each of these models
provide both motivation, as well as challenges for how to formulate
behavioral time scale plasticity in neuronal terms to instantiate
these learning rules. With the exception of entrainment-based
oscillator models, these models in their current forms, however,
assume an isochronous temporal stimulus. The entrainment-based
oscillator models, however, can capture the perception of an
isochronous beat within a complex musical rhythm. In the section
“4. Inference models of rhythm perception” we reviewed Bayesian
approaches to rhythm perception, focusing on a recent model
in which the phase, tempo, and meter of an underlying cycle is
inferred from a rhythmic surface. The key feature of this approach
is real-time progression and adaptation of a probability distribution
(an internal template) for the phases at which events are expected.
Rather than linking behavior to mechanism, Bayesian approaches
link behavior to an inference problem that the behavior seems
calibrated to solve. As a result, the Bayesian model of rhythm
perception is open to multiple possible physical instantiations. In
the section “5. Neural resonance theory,” we reviewed a specific
dynamical systems approach involving Neural Resonance Theory
(NRT) and the mathematical concept of entrainment. The model
formulation is canonical, describing the generic properties of a
periodically forced system that is capable of displaying oscillations.
By analogy to the local canonical description of behavior near
a Hopf bifurcation, one obtains a differential equation in which
the terms in the vector field are in the form of an infinite series
expansion that has been truncated. This local description provides
properties of synchronization modes (e.g., n:m entrainment)
and thereby predicts structural constraints in perception. The
coefficients in the canonical form are available for fitting to
match behavioral phenomena but are not directly interpretable as
neuronal level parameters. However, they may be interpreted as
physiological hypotheses about the parameter regimes of network
oscillations. A parameterized network also provides predictions
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FIGURE 14

Learning and development. (A) Mean-field response of the untrained network to Western and Balkan rhythms (below each musical notation).
Connection matrices and oscillator amplitudes after unsupervised learning (right from each music notation). From Tichko and Large (2019). (B)
Resonant responses (i.e., average oscillatory activity) of models trained with either duple or triple auditory-vestibular stimulation (red and blue,
respectively; duple- and triple-related frequencies are marked with asterisks) or auditory-only stimulation (green) during the final half of the training
procedure (left). Resonant responses for the trained models during the final half of the test procedure with auditory-only stimulation (right). From
Tichko et al. (2021). (C) Simulation and prediction of the mean adjusted asynchrony between a musician’s performance and a metronome beat for
different tempi relative to the musician’s spontaneous motor tempo (SMT). F30: metronome period 30% shorter than the SMT, S15: metronome
period 15% longer than the SMT, etc. Behavioral data from Scheurich et al. (2018) (left). Simulation results for a neural resonance model with elastic
frequency learning, with predictions for 45% faster and slower conditions (middle). Model predictions for different natural (spontaneous) periods
(right). From Roman et al. (2023).

about the structure of local field potentials, as measured for
example in the SS-EP. In the sections “6. Complex rhythms and
multi-area modeling” and “7. Learning and development,” we
explored modeling approaches to more complex aspects of rhythm
processing, including interactions between brain areas and the
effects of experience and learning.

Each of these approaches leaves open questions about
physiological mechanisms and neural instantiation, including
specifics about the interactions between or coordination across the
levels of brain areas, circuits, and cellular and synaptic properties.
The neuro-mechanistic models that we reviewed do not yet address
questions such as how a beat can be perceived from a complex
rhythmic surface that may contain syncopation or lack power
at the beat frequency. Thus, it is of interest to ask whether the
insights from higher-level modeling inform the formulation of
biophysically based network models (such as Wilson-Cowan like
firing rate models) capable of addressing similar issues for complex
rhythms. Conversely, a solution may require integration across
levels. For example, can a network with biophysically plausible
units be shown to operate in parameter regimes that are consistent
with Neural Resonance Theory and/or Bayesian formulations?
At the cellular and synaptic level, what are candidate ionic and
synaptic currents that allow a neural network to operate over
the relevant frequency range of roughly 0.5–8 Hz? Constraints
at each higher level of modeling may affect possible lower-level
instantiations, and lower levels may themselves turn out to impose
neuro-mechanistic constraints on rhythm perception. Thus, the
prospect of creating a beat-tracking model on the level of neural
mechanisms remains an exciting challenge.

Models of beat perception operate on a variety of different time
scales that reflect the complicated nature of both the music that
is being learned, but also, the complexities of our physiological
system. Adaptable time-keeper and oscillator-based models operate

on short time scales on the order of hundreds of milliseconds
to seconds (e.g., Large and Jones, 1999; Bose et al., 2019; Egger
et al., 2020). At this time-scale, they address real-time issues
such as resynchronization to perturbations, tempo changes, and
distractors. Models based on Neural Resonance Theory (NRT;
Large et al., 2015; Roman et al., 2023) and a Bayesian approach
(PIPPET; Cannon, 2021) can also operate on short time scales; the
former to display entrainment to a given temporal sound sequence
and the latter to match expectations and predictions to a known
expectation template. At longer time-scales of minutes to years,
Hebbian-type synaptic plasticity comes into play and underlies
learning in NRT, where connection weights between oscillatory
elements are formed to account for priming, perceptual narrowing,
development of synchronization capabilities, and enculturation. In
the Bayesian approach, expectation templates are formed on longer
time-scales of months to years to account for musical enculturation.

8.1. Relationship between Bayesian and
oscillator models

The Bayesian PIPPET algorithm for perceptual entrainment
to rhythm takes the form of a hybrid continuous/discrete
dynamical system that closely resembles a pulse-forced oscillator.
Work is currently underway that will explore this relationship
more fully. However, PIPPET, and more generally, the dynamic
Bayesian modeling approach, is fundamentally different from
oscillator-based modeling approaches in its commitment to the
concept of representation, allowing it to interface more closely
with the conceptual toolbox of cognitive psychology. Bayesian
modeling speaks explicitly about “expectation” and “prediction,”
considering these to be the fundamental goal of the nervous
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system. The model’s expectations and predictions are formulated
relative to a preexisting or an assumed set of familiar rhythmic
“templates” that depend on exposure. It further provides a general
statistical framework within which to model the role of learning,
development, and enculturation in entrainment to rhythm (Kaplan
et al., 2022) and offers a mathematical language in which one
can easily describe learned connections between rhythm and
instrumental voice or pitch (e.g., Pazdera and Trainor, 2022).

Neural Resonance Theory, on the other hand, conceives of
perception, attention, generation, and entrainment of oscillations
as manifestations of the properties of oscillatory neural circuits.
It eschews the traditional notion of a cognitive representation.
A neural oscillation is not a representation of a musical rhythm;
rather, it is an actual rhythm that operates in accordance with
physical laws; thus, it should be considered a physical embodiment,
not an abstract representation (see Tichko et al., 2022). This implies
that predictions about perception, action, and cognition can and
should be derived from dynamical analysis of neurophysiological
oscillation. NRT adds two other generic features of neural
physiology, neural plasticity and transmission delay, providing
detailed fits to empirical data on perception, attention, generation,
and synchronization of musical rhythms.

Real-time adaptable neuro-mechanistic models that operate
based on error-correction and learning rules can be viewed as
preliminary attempts to provide linkage between the behavioral
level and plausible neural mechanisms (Bose et al., 2019; Egger
et al., 2020). Doelling et al. (2022) observe that a neuro-
mechanistic firing-rate oscillator model with an adaptive frequency
can reproduce aspects of participant performance that seem to
follow Bayesian principles (see also Egger et al., 2020). Indeed,
what is interesting is how closely recent Bayesian models of
musical rhythm resemble oscillator models. For example, each has
a phase and frequency that adapt to an incoming stimulus. Further,
Bayesian and canonical models both view temporal expectation
as an important aspect of rhythm cognition (Large and Jones,
1999; Cannon, 2021). Heggli et al. (2019) take an oscillator-based
dynamical systems approach to modeling dyadic entrainment,
but speak in the language of the Bayesian Brain. However,
Bayesian models and entrainment-based oscillator models do
have important differences. Bayesian models do not constrain the
range of rhythmic patterns that can be learned and entrained to.
Oscillator models are naturally amenable to mode-locking in which
small integer ratio relationships are exhibited over a wide range
of the relevant parameter space. As a result, oscillatory network
models predict that small integer ratio relationships are more stable
in perception and attention, easier to coordinate in performance
and synchronization, and easier to learn in development. Stability
in turn predicts that smaller integer relationships may be more
common among the musical traditions of the world (cf., Clayton,
2008; Polak, 2010; Bates, 2011; Kirilov, 2015).

8.2. Future developments

In describing the various models, we have focused on stimulus
and behavioral timescales in the delta frequency band. The models
do not explicitly address how rhythmic input also associates with
higher frequency oscillations present in the neural response. Both

β (15–30 Hz) and γ (>30 Hz) band rhythms have been observed
in auditory cortex during musical beat perception (Snyder and
Large, 2005; Zanto et al., 2005; Fujioka et al., 2009, 2012). Beta
band (centered around 20 Hz) has been of particular interest in
the auditory domain, with studies showing that presentation of a
rhythmic input leads to periodic fluctuations in beta power that
also phase align to the stimulus. Because beta frequencies are
much faster than those of typical ERPs, and are not found in
the stimulus itself, it is useful for isolating internal computational
mechanisms. It has been shown that in ambiguous rhythms, where
strong beats in the metrical hierarchy could be perceived to be
in different places in the sequence, beta responses are largest in
response to events perceived (or imagined) to be strong (Iversen
et al., 2009). Beta analyses can also help determine whether neural
oscillations reflect endogenous predictive processes. For example,
in an isochronous sequence, beta power decreases after the onset
of each beat and rebounds to reach maximum power around the
expected time of the next beat. Fujioka et al. (2012) presented
isochronous sequences of tones at different tempos and showed
that the time course of beta decrease after each tone was similar
across tempos, but the slope of the beta power rebound was
shallower for slower tempos, suggesting a neural mechanism for
prediction of the expected time of the next beat. Chang et al.
(2019) showed on a trial-by-trial basis that the depth of beta
modulation prior to a tone in an isochronous sequence predicted
the size of ERP components following that tone that relate to
prediction error. Further, phase-amplitude coupling between lower
and higher frequencies is also commonly found (e.g., delta phase
and beta power for auditory rhythms). Its function is still under
debate, but it may represent coordination of different neural
systems (e.g., Hyafil et al., 2015; Chang et al., 2019). For auditory
rhythms, delta-beta coupling may be particularly important as beta
frequencies are prominently associated with the motor system and
delta frequencies are in the range in which humans perceive beats
in music and language, so this coupling may reflect auditory-
motor loops used for accomplishing auditory rhythmic timing.
Although biophysical models of cross-frequency coupling have
been proposed (e.g., Malerba and Kopell, 2013; Stanley et al.,
2019), none have specifically addressed the role of cross-frequency
coupling in musical rhythm, and this represents a challenge for
future research. The development of neurophysiologically plausible
models will need to take into account the different roles of
oscillations at these different frequencies.

Another challenge that has not been systematically addressed
is the phenomenon of negative mean asynchrony (NMA) and a
mechanistic explanation for it. NMA has been found in simulations
of some of the models reviewed in this paper (Bose et al.,
2019; Roman et al., 2019; Egger et al., 2020). In the neuro-
mechanistic models (Bose et al., 2019; Egger et al., 2020), the
phase correction sought to produce zero phase difference. However,
in both models, NMA is an emergent property. In Bose et al.
(2019), NMA is attributed to the non-linear frequency response
properties of the biophysical model together with an asymmetry
in a phase-learning rule. The explanation of NMA in the Egger
et al. (2020) model remains unanswered. Roman et al. (2019)
explained the NMA observed in human empirical data as being
the consequence of transmission delays. While they used a single
oscillator with delayed feedback, future work could use a network-
based description to simulate oscillatory activity in specific brain
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areas and the transmission delay between them. Furthermore,
empirical evidence shows that even though NMA is observed
when individuals tap with an isochronous metronome (Repp and
Doggett, 2007), it shrinks or is absent when tapping the pulse of
more complicated rhythms (Large et al., 2015). Compared to a
metronome, spectral analysis reveals that complex rhythms may
display little or no energy at the beat frequency, even if energy is
prominent at integer-ratio frequencies (Large et al., 2015). Thus for
a complex rhythm, the absence of NMA could result from enhanced
oscillator resonance with a rhythm’s frequency components other
than the beat, and interference between them.

9. Conclusion

Our dynamic experiences of musical rhythm, which can be
observed in psychological, developmental, neurophysiological, and
neuroimaging experiments, provide numerous challenges and
questions for theorists. There is a wealth of behavioral data on
perception, attention, and coordination of musical rhythms, and an
abundance of EEG, MEG, and functional imaging data in humans.
However, in regard to neurophysiological data there is a paucity
of recordings at the cell and circuit levels due in large part to the
lack of available experimental animal models; only a few individual
animals have been shown capable of perceiving rhythmicity as in
music. Hence, there is a great deal of evidence to guide modeling
at the behavioral and brain macroscopic, multi-areal levels, but
relatively few guideposts for development of neuro-mechanistic
dynamical models of rhythmic perception at local network or areal-
interaction level. We view these circumstances as providing creative
opportunities for development of theory and models from multiple
approaches and at multiple levels.

It seems clear that behavioral models of musical rhythm must
account for temporal expectancy, adaptation, and learning, as
Bayesian models do. Bayesian models eschew neural mechanisms
and instead work to describe rhythm perception in terms of general
principles of perception and cognition. In doing so, they also
account for behavioral phenomena such as expectation-related time
distortion and the experience of groove by showing that they follow
from these first principles.

Oscillator models that emphasize resonance and mode-locking
also capture temporal expectancy. Additionally these types of
models can account for structural constraints in perception,
attention, and coordination. By considering physiological
mechanisms of which we can be fairly certain such as neural
oscillations, Hebbian plasticity, and neural transmission delays,
such models have been used to account for an array of behavioral,
developmental, and neurophysiological data on musical rhythm.
These generic aspects of neurophysiology, focused on musical
rhythm using the techniques of dynamical systems analysis,
provides a powerful theoretical framework, and makes additional
predictions about perceptual structures, neurophysiological
responses, and developmental milestones, which have only
begun to be tested.

But important questions remain open. At the level of neural
systems, how can we account for the many brain areas that are
activated by rhythmic stimuli and rhythmic tasks? Should we
think in terms of interaction of oscillatory networks in multiple

brain areas? Or do the excitatory and inhibitory populations –
whose interactions generate oscillations – reside in different areas?
Could some areas provide signals for controlling the parameters
of oscillations, turning them on and off or controlling frequency?
Perhaps some circuits oscillate, while others measure rhythmic time
intervals. At the level of detailed neural circuits, relatively little is
known that is directly relevant to this type of human behavior.
Since the constraints are relatively modest, future researchers
may explore plausible neuronal and circuit level mechanisms that
can help reveal elemental neural processes and make additional
behavioral predictions. Detailed knowledge about specific circuits
and systems will be invaluable in developing clinical applications.

We are at the early stages of understanding rhythm perception
at a detailed neural level and the roadway is wide. Here, we have
described some basic phenomena of rhythm pattern perception and
approaches to modeling them in an attempt to discern essential
dynamical mechanisms. Although it seems indisputable that neural
oscillations are involved in musical rhythm perception, we seek to
be able to distinguish between or identify overlap among viable
formulations that adapt in real-time and learn over longer time-
scales. We hope this review tempts the reader to join in pursuing
the formulation and development of models that can help address
the many interesting questions about rhythm perception.
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Glossary

Term Definition
Rhythm Time series with temporal predictability
Rhythmic surface; rhythmic pattern Time series of sounds and silences in an auditory pattern
Beat A sequence of perceived events (often periodic) that is implicit in a rhythm pattern
Metrical hierarchy (or “metrical structure” or
meter)

Hierarchy of beats in which n successive beats are grouped at one level, forming a single
(down-) beat at a higher level

Pulse The main beat; the beat level a listener would tap when synchronizing with a rhythm
Tempo (or “musical tempo”) The beat frequency, in beats per minute (bpm), or beats per second (bps, or Hz)
Isochronous sequence A sequence of events that are evenly spaced in time
Synchronization-continuation Synchronizing with a repetitive pattern and continuing production (perceptual or finger

tapping) after stimulus removal
Negative mean asynchrony (NMA) The tendency for a person’s movements to anticipate rhythmic events in synchronization

tasks (e.g., tapping to the pulse); calculated by averaging the differences between the agent’s
timing and the true stimulus timing.

Syncopation A type of rhythmic complexity in which events tend not to coincide with the musical pulse
Entrainment The response of an ongoing, self-sustained oscillation to an external periodic force

resulting in temporal alignment between the two
Bayesian brain hypothesis Framework that sees the brain as a machine that computes statistical properties of past

events to optimize beliefs, expectations, and behavior for the future
Generative model Uses Bayes rule to estimate the probability of a hidden state (h) given an observation (o).

p(h| o) = p(o| h)p(h)/p(o)
Expectation template Describes the temporal structure of the observer’s event expectations, and the degree to

which an event is anticipated at time t
Canonical model (normal form) A simple mathematical form that captures the common properties of a family of more

detailed models that share certain local dynamics (such as being near a certain type of
bifurcation)

Resonance A general concept encompassing both passive resonance of linear systems and active
resonance of nonlinear systems. Linear systems show resonant responses only at stimulus
frequency (phase-locking), while nonlinear systems also resonate at integer ratios and
combination frequencies (mode-locking).

Mode-locking Phase alignment between different frequencies in which k cycles of one oscillation
consistently align with m cycles of another oscillation (called k:m mode-locking)

Hebbian learning Mechanism to update connections between neurons in a network, in response to a
stimulus or change in intrinsic network activity

Transmission delay A time delay in communication between neural areas, biophysically explained by long-
range axonal transmission of information
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