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This work of fundamental significance introduces a novel statistical model of spiking
activity that incorporates continuous-time gain modulation. The authors provide
exceptional evidence that the model outperforms earlier approaches and alternative
candidates in capturing spiking responses across multiple visual areas in the macaque.
Beyond its methodological contribution, the study offers new insights into how stimulus-
driven variability and internally generated gain fluctuations evolve over time and between
brain areas. The framework is likely to find broad application beyond the datasets
examined here.

https://doi.org/10.7554/eLife.109719.2.sa3

Abstract
Neurons exhibit substantial trial-to-trial variability in response to repeated stimuli, posing a major
challenge for understanding the information content of neural spike trains. In the visual cortex,
responses show greater-than-Poisson variability, whose origins and structure remain unclear. To
address this puzzle, we introduce a continuous, doubly stochastic model of spike train variability
that partitions neural responses into a smooth stimulus-driven component and a time-varying
stochastic gain process. We applied this model to spike trains from four visual areas (LGN, V1, V2,
and MT) and found that the gain process is well described by an exponentiated power law, with
increasing amplitude and slower decay at higher levels of the visual hierarchy. The model also
provides analytical expressions for the Fano factor of binned spike counts as a function of
timescale, linking observed variability to underlying modulatory dynamics. Together, these results
establish a principled framework for characterizing neural variability across cortical processing
stages.

Introduction
Neural responses exhibit trial-to-trial variability, even in response to repeated presentations of the
same stimulus [1–5]. Several hypotheses have been proposed for the source of this variability,
including noise in synaptic transmission [6], fluctuations in balanced excitation and inhibition [7],
noisy peripheral sensors [8], recurrent dynamics [9], neural adaptation [10] and synaptic plasticity
[11]. To assess the impacts of variability on neural coding, researchers have developed a variety of
statistical models that seek to capture both the stimulus dependence and stochasticity of neural
spike responses [12–17]. The simplest such model for spike train data is the Poisson process [18,
19], which assumes that spike count variability in disjoint time intervals is independent. Under
this model, the variance of the binned spike counts is equal to the mean for any choice of time bin.
However, a large literature has shown that this relationship does not hold precisely in many brain
areas. Rather, spike count variance commonly exceeds the mean, a phenomenon known as
“overdispersion” [1, 7, 20–30].
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To account for super-Poisson response variability in the visual pathway, Goris et al. [1] introduced
the “modulated Poisson” model, which partitions neural variability into a stimulus-driven
component and a modulatory gain component. Specifically, the model assumes that spike counts
are Poisson distributed, with a mean determined by the product of two terms: a stimulus-related
component that reflects the neuron’s stimulus tuning, and a stimulus-independent stochastic gain
that varies randomly across trials (Figure 1A     ). Goris et al. [1] showed that this model provides an
accurate account of spike count variability across the early visual pathway, with the degree of
overdispersion linked to the strength of the modulatory component.

However, in the original modulated Poisson formulation [1], the modulatory gain is represented as
a scalar random variable associated with a counting window or trial. Thus, while the model
provides an effective account of spike count overdispersion, it does not explicitly model gain as a
continuously timevarying process within a trial. This limits its ability to characterize how gain
fluctuations evolve across subtrial timescales. Related work has further examined the dependence
of overdispersion on counting-window duration and related time-dependent extensions of the
modulated Poisson framework [31, 32]. Here, we build on this line of work by introducing an
explicit continuous-time model of within-trial gain fluctuations.

To clarify this distinction, we start by considering two possible continuous-time interpretations of
the modulated Poisson framework of Goris et al. [1]. In both cases, we allow the stimulus
component to be a stimulus-dependent, time-varying Poisson firing rate and impose a smoothness
prior on this stimulus drive, so that the comparison focuses on different assumptions about the
temporal structure of the gain. This smoothness prior distinguishes our implementation from
related time-dependent variants of the modulated Poisson framework [31, 32], and provides a
regularized estimate of the time-varying stimulus component. We then consider two different
assumptions about the temporal sampling of the stochastic gain variable. First, the gain may be
constant across the full stimulus presentation or trial (Figure 1B     ). In this case, the gain is
independently drawn for each trial, producing a gain process with broad temporal correlations
and a Fano factor (the spike-count variance divided by the mean spike count) that grows
approximately linearly with the size of the counting window (Figure 1B     , right). As a second
alternative, the gain may be resampled independently across time bins on a timescale much
shorter than the length of a single trial (Figure 1C     ). In this case, the gain autocorrelation is
narrow, and the Fano factor curve saturates for bin sizes larger than the gain sampling interval
(Figure 1C     , right).

These continuous-time interpretations of the Goris model rely on the assumption that the
modulatory gain is constant during each sample interval and then jumps discontinuously between
intervals. Such piecewise-constant gain dynamics are unlikely to capture the smooth temporal
structure of modulatory fluctuations in biological systems. Moreover, these models have limited
ability to capture complex relationships between time bin size and Fano factor, given that they
primarily produce curves that grow linearly and then saturate (Figure 1B,C     ).

To overcome these limitations, we introduce the continuous modulated Poisson (CMP) model, a
flexible extension of the Goris model to continuous-time spike responses. The CMP model
describes spike trains as arising from a Poisson process with a rate given by the product of two
continuous-time processes: (1) a “stimulus-driven” component, which describes the firing rate
fluctuations induced by the stimulus; and (2) a modulatory “gain” component, which captures
stimulus-independent trial-to-trial variability using a stochastic process (Figure 1D     ). Both
components are modeled as exponentiated Gaussian processes (GPs), providing a flexible
framework for capturing smooth, continuous dynamics with tunable temporal structure [33–35].

To more precisely capture the temporal correlations in the modulatory gain process, we introduce
a novel covariance function that allows these correlations to decay more slowly than those
described by the standard radial basis (or “Gaussian”) kernel. We refer to this as the
Exponentiated Power Law (EPL) kernel, which models autocorrelation decay according to an
exponentiated power law with exponent q ≤ 2 (Figure 1E     , middle). This added flexibility enables
the model to more accurately capture nonlinear relationships between bin size and Fano factor
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Figure 1.
(A) Schematic of the Goris modulated Poisson model [1], in which spike counts (y) arise from a Poisson process with rate
given by the product of two components: a stimulus-dependent drive f (s) and a stimulus-independent gain g. The gain g is a
scalar and is independently drawn across trials. (B, C) Two continuous-time extensions of the Goris model. (B) Constant gain
model: assumes that the sampling interval of the gain equals the trial duration. Left: stimulus-induced rate, gain process, and
instantaneous firing rate for three example trials. Middle: gain autocorrelation function. Right: Fano factor as a function of
bin size (dashed line indicates the baseline Poisson model). (C) Independent gain model: assumes that the sampling interval
of the gain is much shorter than the length of a single trial. Panels are organized as in (B). (D) Schematic of the proposed
Continuous Modulated Poisson (CMP) model. Here, spike trains y(t) are generated by a Poisson process whose rate is the
product of a time-varying stimulus drive fs(t) and a continuous-time stochastic gain process g(t). The gain process g(t) follows
a Gaussian process (GP) with temporal correlations governed by an exponentiated power law kernel, and is independently
drawn across trials. (E) Panels are organized as in (B), for the CMP model.
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(Figure 1E     , right) compared to previous approaches. Moreover, the CMP framework provides
closed-form expressions for how the Fano factor scales with time bin size, offering a direct way to
probe how variability accumulates and transforms across different temporal resolutions.

We applied the CMP model to spike train recordings from four visual areas (LGN, V1, V2, and MT)
[1, 36] and uncovered novel insights into variability across the visual hierarchy. In particular, we
observed a systematic increase in the magnitude of gain fluctuations with progression along the
visual hierarchy, consistent with prior observations [1]. Furthermore, comparisons of the inferred
EPL kernels across visual areas revealed that gain autocorrelation exhibits slower temporal decay
at higher levels of the visual hierarchy. A comparison of the variance of the stimulus drive with
the variance of the modulatory gain process across neurons further revealed that these two
components tend to be negatively correlated in all visual areas. These findings support existing
hypotheses while providing new insight into variability structure and demonstrate that the CMP
model outperforms existing methods in capturing time-resolved overdispersion.

In summary, this study makes five main contributions. (1) We extend classical variability
partitioning approaches from spike-count models to a continuous-time spike-train framework,
allowing neural variability to be characterized as a function of temporal scale rather than fixed
counting windows. (2) We introduce the Exponentiated Power Law (EPL) kernel, which models
slow, heavy-tailed correlations in modulatory gain and links them to distinct timescales of
variability. (3) We derive analytic expressions for the Fano factor as a function of time bin size,
enabling variability to be partitioned across temporal scales within a single unified model. (4) We
develop a scalable inference framework that jointly estimates stimulus-driven and modulatory
components directly from spike train data. (5) By applying CMP to large-scale recordings across
multiple stages of the visual hierarchy, we reveal systematic trends in gain dynamics and stimulus
modulation, providing new insights into how variability is structured and propagated across
cortical processing stages. Altogether, CMP preserves the interpretability of classical variability-
partitioning models while extending them to continuous-time spike-train data, enabling time-
resolved analysis of gain dynamics across stimulus conditions and brain areas.

Results
Continuous modulated Poisson (CMP) model
Our proposed model describes spike trains using a doubly stochastic point process model [37], in
which the firing rate of a Poisson process is itself a stochastic process. Specifically, we model a
spike train y(t) elicited in response to a stimulus s using a Poisson process:

(1)

where the firing rate, or “conditional intensity”, λ(t), is a random variable defined as the
product of two terms:

(2)

with fs(t) representing the stimulus-dependent component that captures stimulus-locked

fluctuations in firing rate, and g(t) denoting a stochastic gain process that accounts for
stimulus independent fluctuations in neuronal excitability (Figure 1D-E     ).

We assume that the stimulus component fs(t) varies independently across stimuli and evolves
smoothly in time. To express this smoothness, we place a Gaussian process (GP) prior over the log
firing rate:

(3)

where  is the standard radial basis function (RBF) covariance function, which describes

the covariance of fluctuations in log firing rate at arbitrary points in time [33]. Specifically,

𝑦(𝑡) ∣ 𝜆(𝑡) ∼ PoissProc(𝜆(𝑡)),

𝜆(𝑡) = 𝑓𝑠(𝑡) ⋅ 𝑔(𝑡),

log 𝑓𝑠(𝑡) ∼ 𝒢𝒫(0,𝐾 (𝑠)
𝑓 )

𝐾
(𝑠)
𝑓
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the covariance between the log firing rate at any two time points t1 and t2 during stimulus

presentation interval [0, T] is given by:

(4)

where  and  are hyperparameters controlling, respectively, the variance and temporal

smoothness (length scale) of fluctuations in the log firing rate. To flexibly capture diverse
tuning profiles, each stimulus condition is assigned its own set of stimulus-related
hyperparameters.

The gain process g(t) is modeled analogously as an exponentiated Gaussian process:

(5)

where Kg is the covariance function that characterizes temporal correlations in the gain

process. Unlike the stimulus component, the gain is a latent variable that varies
independently across repeated presentations of the same stimulus, thereby inducing greater-

than-Poisson variability in the spike counts. For a fixed stimulus s = s∗ presented N times, the
model includes a shared stimulus component fs∗ (t) and an independent gain process gi(t) for

each repeat i ∈ {1, …, N}. Also, in contrast to the stimulus drive, because the gain process
reflects stimulus-independent variability, its hyperparameters are shared across all stimulus
conditions. This formulation provides a unified and parsimonious framework for modeling
trial-to-trial variability across stimuli within a single generative model.

To more accurately model the stochastic structure of real neural spike trains, we introduce a novel
covariance function for the gain process, referred to as the Exponentiated Power Law (EPL)
kernel:

(6)

where ρg denotes the marginal variance, ℓg is the temporal length scale, and q is the power-

law exponent controlling the rate of correlation decay over long timescales. We show in the
Appendix 1 that this kernel defines a valid covariance function for 0 < q ≤ 2. Because the gain
reflects stimulusindependent variability, its hyperparameters are shared across all stimulus
conditions. This formulation provides a unified and parsimonious generative model that
captures both smooth, stimulus-locked activity and structured trial-to-trial variability across
stimuli.

Figure 2      illustrates example gain covariance functions under different settings of the
hyperparameters ℓg (length scale) and q (power-law exponent). When q = 2 (right column), the EPL
kernel reduces to the standard RBF covariance function defined in Equation 4     . For q < 2, the
correlations exhibit heavier tails than in the RBF case, decaying more slowly at long time lags. In
the limiting case of ℓg → ∞ or q → 0, the gain becomes effectively constant over each stimulus
presentation interval [0, T], corresponding to the continuous-time Goris model shown in Figure
1B     .

Partitioning variability with CMP
Under the CMP model, spike train variability can be partitioned into a Poisson component, which
is equal to the mean, and a modulatory component, which controls the degree of overdispersion.
The continuous-time formulation of the CMP model allows us to compute this partitioning for

𝐾
(𝑠)
𝑓 (𝑡1, 𝑡2) = 𝜌

(𝑠)
𝑓 exp

⎛

⎝
⎜⎜−

(𝑡1 − 𝑡2)
2

2ℓ
(𝑠)2

𝑓

⎞

⎠
⎟⎟ ,

𝜌
(𝑠)
𝑓 ℓ

(𝑠)
𝑓

log 𝑔(𝑡) ∼ 𝒢𝒫 (0,𝐾𝑔) ,

𝐾𝑔 (𝑡1, 𝑡2) = 𝜌𝑔 exp(− 1

2
∣ 𝑡1 − 𝑡2

ℓ𝑔
∣
𝑞

) ,
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Figure 2. Illustration of different settings of the proposed Exponentiated Power Law (EPL) covariance
function with marginal variance ρg = 0.1.

(A) EPL auto-covariance functions with different settings of length-scale (top row: ℓg = 0.02, bottom row: ℓg = 0.1) and power-
law exponent (columns left to right: q = 0.5, q = 1, q = 2). Colored traces below each auto-covariance show three sample gain
processes g(t), obtained by sampling from the corresponding GP and exponentiating. (B) Fano Factor curves showing how
Fano Factor changes as a function of the bin size used to count spikes, for EPL covariances in the top and bottom rows in (A),
respectively.
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arbitrary time intervals, and thus to analytically characterize how overdispersion grows with time
bin size. In the case of a non-fluctuating stimulus component , the mean spike count in a
time bin of size Δ is given by:

(7)

where  denotes the mean firing rate under the model. The spike count variance is then given
by:

(8)

where

(9)

is the average of the exponentiated covariance function exp(Kg) over all pairs of times in the

interval [0, Δ]. (Note: this formula holds for any covariance function, not just the EPL
covariance function we use for Kg). From these two terms, the Fano factor as a function of bin

size can be computed as the ratio of variance to mean:

(10)

This shows that the Fano Factor approaches 1 in the limit of small bin size Δ, low firing rate ,
or when κ(Δ) approaches 1, which occurs when the variance of the gain process ρg goes to

zero. Note that κ(Δ) is a decreasing function of Δ, reflecting the decay of correlations in the
gain process, and it remains constant only for a gain process with infinite lengthscale (for
example, Figure 1B     ). Thus, the Fano factor of the CMP model grows at most linearly with
time bin size. Corresponding expressions for the general case, where fs(t) is a fluctuating

stimulus component, are provided in the Methods and Materials (see Appendix 2 for
derivations).

Model fitting
To fit the CMP model to data, we need to compute the probability over spike counts in finite-sized
time bins, given that spike trains are generally measured at a finite sampling rate. Computing this
probability involves integrating a conditionally Poisson spike count probability over all
realizations of the gain process g(t):

(11)

where  is the expected spike count in the bin [t, t + Δ] given the
stimulus s and gain process g(t), and µ(g(t)) is the probabilistic measure of the gain process
under the Gaussian process prior (Equation 5     ). However, this (infinite-dimensional)
integral cannot be computed in closed form, since it involves the product of Poisson and
Gaussian distributions. Thus, we introduce an efficient variational inference procedure [38],
which allows us to optimize the hyperparameters governing the GP covariance functions and
infer the stimulus components fs(t) for each stimulus (see Methods and Materials). The fitting

method also provides a log-Gaussian approximation to the posterior over the gain process g(t)
for each trial, allowing us to visualize the most likely modulatory stochastic gain trajectory
for each repeat of a given stimulus.

𝑓𝑠(𝑡) = 𝑓

𝔼 [𝑦Δ ∣ 𝑠] = Δ (𝑓𝑒 𝜌𝑔

2 ) := Δ𝜆̄,

𝜆

var [𝑦Δ ∣ 𝑠] = Δ𝜆+ (Δ𝜆)2(𝜅(Δ)− 1)

𝜅(Δ) =
1

Δ2
∫

Δ

0
∫

Δ

0
𝑒
𝐾𝑔(𝑡1,𝑡2)𝑑𝑡1𝑑𝑡2,

𝐹𝐹(Δ) = 1 +Δ𝜆(𝜅(Δ)− 1).

𝜆

𝑃 (𝑦𝑡 ∣ 𝑠) =∫Poiss (𝑦𝑡 ∣ Λ𝑡) 𝑑𝜇(𝑔(𝑡))

Λ𝑡 = ∫
𝑡+Δ

𝑡
𝑓𝑠(𝜏) ⋅ 𝑔(𝜏)𝑑𝜏
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To validate our inference procedure, we applied it to a synthetic dataset generated from the CMP
model, as shown in Figure 3     . We simulated spiking activity over a duration of T = 5 s for S = 3
stimulus conditions, with N = 50 repeated trials per stimulus, following the CMP generative model.
We then fit the CMP model to the simulated spike trains using a temporal grid size of dt = 0.05 s
and estimated both the latent processes and GP hyperparameters (see Methods and Materials for
details). Figure 3A      illustrates the true and inferred stimulus-drive and gain processes for two
representative trials from two different stimulus conditions, along with the corresponding firing
rates and observed spike counts. Figure 3B      compares the true and inferred Gaussian process
hyperparameters. These results show that the proposed inference framework accurately recovers
the ground-truth stimulus drives, gain processes, and GP hyperparameters on a discretized time
grid. Note that the model itself is defined in continuous time and can therefore be consistently
applied to data measured at arbitrary temporal resolutions.

Continuous partitioning of variability in the macaque V1
We applied our method to partition response variability in five populations of neurons recorded
from the superficial layers of the macaque primary visual cortex (data from [36]). These datasets
were collected from three monkeys using drifting grating stimuli presented at S = 72 equally
spaced orientations. Each grating was displayed for 1280 ms, followed by a 1280 ms blank period,
resulting in a total trial duration of 2.56 s. Each grating orientation was repeated N = 50 times. In
total, we analyzed spiking activity from 654 isolated units (147, 113, 113, 133, and 148 neurons
across the five datasets).

Figure 4A      shows the inferred time-domain activity of a representative neuron from dataset 1,
using a temporal grid resolution of dt = 0.02 s, for three different drift orientations (00, 1050, and
2800). The rows, from top to bottom, show the PSTH derived from the data, the estimated stimulus
drive, and, for two different trials per orientation, the inferred gain processes, firing rates, and
observed spike rasters, followed by the cross-trial gain mean and cross-trial gain variance. While
the estimated stimulus drive closely matches the PSTH, the inferred gain processes capture trial-
specific temporal fluctuations that are clearly visible in the spike rasters. Notably, when the
neuron is strongly driven by the stimulus (middle column), the instantaneous per-trial firing rate
is dominated by the stimulus drive. In contrast, when the neuron is weakly driven (left column),
the stochastic gain process plays a larger role in shaping the per-trial firing rate. Importantly, the
cross-trial gain mean is relatively flat, and does not resemble the inferred stimulus drive or exhibit
clear stimulus-locked temporal structure. This suggests that trialspecific gain fluctuations largely
average out across repeats, consistent with the interpretation that the gain process captures
random trial-to-trial variability rather than stimulus-driven activity. In contrast, the cross-trial
gain variance shows a general reduction during the stimulus presentation compared to the inter-
trial interval, indicating that gain variability is quenched during stimulus presentation. These
observations indicate that the CMP model meaningfully partitions response variability across
stimulus conditions. Figure 4B      shows the estimated EPL gain covariance, corresponding to
optimal hyperparameters ρg = 2.9, ℓg = 0.93, and q = 0.95.

To further examine the temporal structure of inferred gain variability, we quantified cross-trial
gain variance before and after stimulus onset. Following the approach of Churchland et al. [39], we
compared gain variability in two matched 400-ms windows: a pre-stimulus window ending at
stimulus onset and a stimulus-period window beginning 100 ms after stimulus onset. For each
neuron and stimulus condition, we computed the cross-trial variance of the inferred gain at each
time bin and averaged this quantity within each window. We then compared pre- and post-
stimulus gain variability across neuron-stimulus pairs (Figure 4C     ). Across the 654 V1 neurons,
post-stimulus gain variance was significantly lower than pre-stimulus gain variance (Figure 4C     ;
one-sided paired Wilcoxon signed-rank test, p ≤ 10−15). This reduction is consistent with gain
variability quenching following stimulus onset [39, 40].

The continuous-time formulation of the CMP model allows variability to be partitioned at
arbitrary temporal resolutions, enabling analytical characterization of the relationship between
overdispersion and bin size (see Methods and Materials for details). The bottom row of Figure
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Figure 3. Simulation-based validation of CMP inference.

(A) From top to bottom: true and inferred stimulus-driven components for stimulus 1 and stimulus 3; true and inferred gain
processes for two representative trials from each stimulus condition; corresponding true and inferred firing rates; and
observed spike counts. (B) Comparison of true and inferred gain hyperparameters ℓg, ρg, q and stimulus-drive
hyperparameters .

Figure 4. Performance comparisons of different models on neural population data recorded from macaque
primary visual cortex under 72 drifting sinusoidal gratings (data from Graf et al. [36]).
(A) Top to bottom: Tuning curve of a sample neuron; for three selected orientations (00,1050,2800), the PSTH, inferred
stimulus drive, inferred gain (trial 1), inferred firing rate (trial 1), observed spike raster (trial 1), inferred gain (trial 2), inferred
firing rate (trial 2), observed spike raster (trial 2), cross-trial gain mean, cross-trial gain variance and Fano factor vs. bin size
curves for real data (black), CMP model (red), Goris-independent gain model (dark blue dashed), Goris-constant gain model
(light blue), and Poisson-GP model (gray). (B) EPL gain covariance (top) and autocorrelation (bottom) under the CMP model
for the neuron in panel A. (C) Comparison of pre-stimulus and post-stimulus cross-trial gain variance across V1 neurons.
Boxes show the distribution across neurons, and black dots indicate the mean. (D) Average test log-likelihood improvement
of each model relative to the baseline Poisson model, computed on held-out data across all 654 V1 neurons and 72 stimulus
orientations.

ℓ
(1:3)
𝑓 , 𝜌

(1:3)
𝑓

Neuroscience

https://doi.org/10.7554/eLife.109719.2
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience


Rupasinghe et al., 2026 eLife 15:RP109719.  https://doi.org/10.7554/eLife.109719.2 10 of 50

4A      shows Fano factor curves derived from the CMP model (red), compared with curves
computed from the data (black), the Goris model with independent gain (dark blue dashed), the
Goris model with constant gain (light blue), and the Poisson-GP model (gray). The Poisson-GP
model corresponds to the CMP model without a gain component, meaning that it uses an
inhomogeneous Poisson observation model with a stimulus-specific, GP-smoothed time-varying
firing rate. This differs from the baseline Poisson model, which estimates the time-dependent
firing rate using a stimulus-conditioned PSTH with a Gamma prior for regularization in low-repeat
conditions (see Methods and Materials for details of all model variants). The two variants of the
Goris model are continuous-time extensions of the original modulated Poisson model [1]: the
independent gain model assumes that the sampling interval of the gain process is much shorter
than the trial duration, whereas the constant gain model assumes that the gain remains fixed
throughout the entire trial. For both Goris variants shown here, the stimulus component was set to
the GP-smoothed firing-rate estimate obtained from the Poisson-GP model, so that differences
across these baselines reflect the assumed temporal structure of the gain process rather than
differences in stimulus-drive estimation. These results show that the CMP model closely matches
the overdispersion observed in real data across orientations and bin sizes, outperforming all other
methods. While both Goris model variants produce overdispersion [1], the independent gain
model yields Fano factor curves that are largely flat, and the constant gain model produces curves
that increase linearly with bin size, neither of which captures the true empirical relationship.

We next compared model performance using the average log-likelihood improvement relative to
the baseline Poisson model on held-out data from all 654 V1 neurons across all 72 orientations
(Figure 4D     ). The CMP model achieved the highest predictive performance across all neurons. We
also use these comparisons to separate the contribution of the GP-smoothed stimulus drive from
the contribution of the stochastic gain process: the Poisson-GP model tests the effect of smoothing
the stimulus-driven firing rate alone, whereas the CMP model additionally includes continuous-
time gain fluctuations. In Figure S1     , we further compared the CMP model to three variants with
different gain kernels: CMP-RBF (where the EPL kernel in Equation 6      is replaced by the standard
RBF kernel [33]), CMP-Matérn 0, and CMP-Matérn 1 (with Matérn kernels of order 0 and 1,
respectively). These results demonstrate that the EPL kernel provides the best fit to the gain
structure in the data.

To evaluate the utility of sharing gain hyperparameters across stimuli, we compared the CMP
model with a variant in which the gain hyperparameters {ρg, ℓg, q} are fit independently for each

of the s = 1, …, S stimulus conditions, denoted by . Figure S2A      shows the inferred

activity under both models, and Figure S2B      presents the corresponding log-likelihoods. The
performance of the two models was nearly identical, suggesting that the CMP model can robustly
capture trial-to-trial variability across stimuli using a single shared set of gain hyperparameters.

Finally, we assessed the consistency of CMP inference with respect to temporal discretization by
comparing inference results across three sufficiently fine grid resolutions: dt = 0.02 s, dt = 0.05 s,
and dt = 0.1 s. As shown in Figure S3A     , the estimated gain hyperparameters remain stable across
these resolutions, indicating that the inference procedure is robust to moderate changes in grid
size once the temporal discretization is fine enough to approximate the underlying continuous-
time model. Figure S3B      shows corresponding test log-likelihoods across models and grid
resolutions, confirming that CMP consistently outperforms alternative models over this range.

Continuous partitioning of variability along the visual hierarchy
Next, we evaluated model performance across different areas of the visual hierarchy by applying
each method to neural responses recorded in the lateral geniculate nucleus (LGN), V1, V2, and MT
(data from Goris et al. [1]). The recordings were obtained using drifting sinusoidal gratings of the
preferred size and speed, varying either in S = 12 spatial frequency (ranging from 0 to 10
cycles/deg) or in S = 16 equally spaced drift direction. Each grating was presented for one second
and repeated at least N = 5 times. We analyzed spiking activity from 48, 376, 167, and 127 neurons
from LGN, V1, V2, and MT, respectively, using a grid resolution of dt = 0.02 s.

{𝜌(𝑠)𝑔 , ℓ(𝑠)𝑔 , 𝑞 (𝑠)}
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Figure 5A      shows the average log-likelihood improvement on held-out data, relative to the
baseline Poisson model, for each method across all four areas. The CMP model consistently
outperformed all other models across the visual hierarchy. To examine performance at the single-
neuron level, Figure 5B      presents scatter plots comparing the log-likelihoods of the CMP model
with those of the Poisson-GP model, the Goris independent gain model, and the Goris constant gain
model. These results show that the CMP model systematically achieves better fits across individual
neurons in all regions.

Next, we characterized trial-to-trial variability by analyzing the mean–variance relationship as a
function of bin size. Figure 5C      shows Fano factor curves, averaged over neurons in each
population, for real data and the various models. Notably, the CMP model closely follows the
overdispersion patterns observed in real data across visual areas and timescales, again
outperforming alternative methods. In Figure S4     , we extend this analysis by including three
additional CMP variants: CMP-RBF, CMP-Matérn 0, and CMP-Matérn 1. These comparisons further
confirm that the standard CMP model provides superior performance across all visual areas.

Finally, to examine the importance of including a GP prior on the stimulus drive, we compared the
performance of the Goris-style models with and without this component (Figure S5     ). All Goris-
style results reported above use versions with a GP prior on the stimulus drive, in which the
stimulus-dependent firing rates were set to the smooth firing-rate estimates obtained from the
Poisson-GP model, providing a stronger GP-smoothed stimulus-drive estimate for these baselines.
In the versions without the GP prior, the stimulus-drive parameters were instead estimated
directly under the corresponding Goris-style likelihood, making these models closer to the original
modulated Poisson formulation [1] in their treatment of the stimulus drive. Figure S5      presents
the log-likelihood comparisons from these analyses, which clearly show that incorporating a
smoothness prior on the stimulus drive generally improves the model’s ability to fit held-out data.
It is also noteworthy that the Poisson-GP model, despite lacking a stochastic gain component,
outperforms both variants of the Goris-style model when the GP prior on the stimulus drive is
removed (Figure S5A–C     ). These results indicate that the GP prior on the stimulus drive provides
an important improvement in model fit, while the additional continuous-time gain component in
CMP further improves the model’s ability to capture overdispersion and trial-to-trial variability
(Figure S5D     ).

Variations in gain and stimulus-drive along the visual hierarchy
Finally, we compared the distributions of the inferred CMP hyperparameters across the visual
areas LGN, V1, V2, and MT, as shown in Figure 6     . Panels A, B, and C show the distributions of the
inferred gain power-law exponent q, gain length scale ℓg, and gain variance ρg, respectively, for
each neuronal population. Figure 6D      presents the median gain covariance and its
corresponding autocorrelation function for each area.

The gain power-law exponent (Figure 6A     ) increases along the visual hierarchy: from LGN to V1
(p < 0.001, sign test) and from V1 to V2 (p < 0.001), although there is a slight decrease from V2 to
MT (p < 0.05). The gain length scale (Figure 6B     ) also shows a progressive increase: from LGN to
V1 (p < 0.05), from V1 to V2 (p < 0.05), and from V2 to MT (p < 0.001). Additionally, the median gain
autocorrelation (Figure 6D     ) exhibits slower temporal decay and a broader central lobe in higher
visual areas. Together, these results suggest that rapid temporal fluctuations in trial-to-trial
variability diminish as information propagates along the visual hierarchy.

In contrast, the gain variance ρg (Figure 6C     ) increases systematically along the hierarchy: from
LGN to V1 (p < 0.001), and from V1 to V2 (p < 0.001). This trend indicates that the magnitude of gain
fluctuations becomes larger at later stages of the visual pathway, consistent with prior
observations [1].

Next, we examined the distribution of stimulus-drive variance, averaged across stimuli, defined
as: , as shown in Figure 6E     . A larger value of  generally indicates stronger

stimulus encoding by the neuron. In contrast to the gain variance trend, the stimulus-drive

𝜌𝑓 =
1
𝑠 ∑

𝑆
𝑠=1 𝜌

(𝑠)
𝑓 𝜌𝑓
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Figure 5. Performance comparisons of different models on neuronal population data recorded from
different areas along the visual hierarchy—the lateral geniculate nucleus (LGN), V1, V2 and MT—under
drifting sinusoidal gratings of preferred size and speed, varying in spatial frequency (12 frequencies from 0
to 10 cycles/deg) or in drift direction (16 directions) (data from Goris et al. [1]).

(A) Log-likelihood improvement of each model relative to the baseline Poisson model, averaged across neurons in each
population. Rows from top to bottom: LGN, V1, V2, MT. The number of neurons per area is indicated in parentheses. (B) Log-
likelihood comparison of the CMP model versus the Goris independent gain model (left), Goris constant gain model (middle),
and Poisson-GP model (right) for individual neurons. Colors indicate cortical areas: LGN (yellow), V1 (green), V2 (blue), MT
(purple). (C) Fano factor vs. bin size curves averaged across each population. Black: real data; red: CMP; dark blue dashed:
Goris-independent gain; light blue: Goris-constant gain; gray: Poisson-GP.
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Figure 6. Comparison of inferred CMP hyperparameters across visual areas: the lateral geniculate nucleus
(LGN), V1, V2, and MT (data from [1]).

Rows top to bottom: LGN (yellow), V1 (green), V2 (blue), and MT (purple). The number of neurons per area is indicated in
parentheses. (A) Distribution of gain power-law exponent q across neurons. Triangles indicate the median. (B) Distribution of
gain length scale ℓg across neurons. (C) Distribution of gain variance ρg across neurons. (D) Median gain covariance 
across the neuronal population (top) and gain auto-correlation (bottom). (E) Distribution of the average stimulus-drive
variance  across neurons. (F) Scatter plots of  versus ρg across neurons, with linear regression fits

(black) and slopes annotated. ***p < 0.001.

𝐾𝑔

(𝜌𝑓 = 1
𝑠 ∑

𝑆

𝑠=1 𝜌
(𝑠)
𝑓 ) 𝜌𝑓
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variance tends to decrease along the visual pathway: from LGN to V1 (p < 0.001), and from V1 to V2
(p < 0.05). This suggests a reduction in the strength of stimulus-driven encoding as information
moves through the visual hierarchy.

To further investigate the relationship between stimulus-drive and gain variability, Figure 6F     
shows scatter plots of  versus ρg for individual neurons in each area. Each panel includes a
linear regression line with the slope indicated. Across all visual areas, there is a statistically
significant negative correlation between the two quantities (p < 0.001, t-test), indicating that
neurons with weaker stimulus-driven components tend to have stronger gain variability, and vice
versa. This finding aligns with recent reports of an anti-correlation between stimulus encoding
strength and trial-to-trial, stimulus-independent variability in sensory neurons [35, 41–43].

Discussion
Advances in high-density electrophysiological recording techniques [44, 45] now allow large-scale
measurements of neuronal activity across multiple brain areas and experimental conditions.
Analyses of sensory responses to repeated stimuli consistently reveal substantial trial-to-trial
variability in neural spiking, arising from diverse sources such as synaptic transmission noise,
fluctuations in excitation–inhibition balance, noisy peripheral inputs, recurrent dynamics,
adaptation, and synaptic plasticity [6–11]. Capturing this variability is essential for understanding
neural coding [12–14]. Traditional Poisson spiking models [18, 19] provide a foundational
framework but predict spike count variance equal to the mean. This assumption is often violated
in many brain regions where neurons exhibit overdispersion, meaning variability that exceeds the
Poisson prediction [1]. Although numerous models have been proposed to account for this [23–29,
34, 35, 46, 47], few provide a detailed, time-resolved characterization of trial-to-trial variability.

Here, we introduced the Continuous Modulated Poisson (CMP) model, a principled probabilistic
framework for modeling spiking variability in continuous time. The CMP model builds upon the
modulated Poisson model [1] by describing the spike rate at each time point as the product of two
independent processes: a stimulus-driven component and a stochastic gain process. Both
components are modeled as exponentiated Gaussian processes (GPs), enabling flexible
characterization of their smooth temporal dynamics. This model belongs to the class of log-
Gaussian Cox processes [37], as it constitutes a doubly stochastic Poisson process. We allow the
stimulus-driven components to have condition-specific hyperparameters, while the gain
hyperparameters are shared across conditions, supporting efficient and interpretable joint
inference.

To capture the long-range correlations observed in gain fluctuations, we introduced the
Exponentiated Power Law (EPL) kernel, a new covariance function that generalizes the commonly
used radial basis function (RBF) kernel. In our application, the EPL kernel consistently
outperformed standard alternatives such as the RBF and Matérn kernels. In addition, we
developed a scalable variational inference method that jointly estimates the latent stimulus-driven
and stochastic gain components, along with their hyperparameters, directly from spiking data. We
validated this approach using synthetic experiments. When applied to recordings from macaque
V1 [36], the CMP model accurately partitioned response variability across time, trials, and stimulus
conditions. It outperformed alternative approaches, including continuous-time extensions of the
modulated Poisson model, in predicting held-out spiking activity and capturing the empirical Fano
factor curves over time. Applying the CMP model to data from multiple stages of the visual
hierarchy (LGN, V1, V2, and MT) [1], we again observed superior performance across areas and
consistent predictions of overdispersion.

Analysis of the inferred CMP hyperparameters across visual areas revealed systematic trends. The
temporal smoothness of gain fluctuations increased along the hierarchy, suggesting that trial-to-
trial variability becomes more slowly varying in higher-order areas. In contrast, gain variance
increased, consistent with an accumulation of shared noise or contextual modulation. Meanwhile,
the variance of the stimulus-driven component decreased, consistent with increased selectivity
and stabilization of tuning in downstream regions. A consistent negative correlation between the
magnitudes of gain variance and stimulus-drive variance was observed across all areas, indicating

𝜌𝑓
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that neurons with strong stimulus encoding tend to exhibit lower trial-to-trial variability, and vice
versa. This observation aligns with previous findings of an anti-correlation between signal
strength and variability in sensory neurons [35, 41–43]. These results have broader implications
for understanding sensory coding, revealing how the brain balances fidelity and flexibility by
modulating trial-to-trial variability across space and time [48]. They also align with broader
theories in systems neuroscience, such as efficient coding [49] and probabilistic inference [50],
where internal variability may be structured rather than random.

Our method complements black-box models by providing interpretable estimates of both stimulus
driven and modulatory influences on spiking variability. It is particularly well-suited for
experimental settings with repeated stimuli and temporally structured variability, such as studies
of sensory tuning or motor control [1, 36, 51]. The CMP model preserves the interpretability of
classical variability-partitioning approaches while extending them from spike-count models to a
continuous-time spike-train framework. This enables time-resolved inference of stimulus-driven
and stimulus-independent components, analytic characterization of Fano factor scaling with bin
size, and direct estimation of the temporal covariance structure of gain fluctuations. While we
found that the EPL kernel performed best in our experiments, kernel selection may depend on the
task-specific temporal structure of neural variability.

More broadly, the EPL kernel introduced here is generally applicable and may support future
Gaussian process–based modeling efforts beyond neuroscience. While the EPL kernel provides a
flexible and tractable way to capture a wide range of temporal correlation structures in the
stochastic gain process, its generative interpretation depends on the parameter q. For q = 1, a
straightforward stochastic generator is a simple low-pass filtered Gaussian white noise process,
equivalent to an Ornstein–Uhlenbeck (OU) process [52, 53]. For q < 1 there is no known closed-form
stochastic differential equation that exactly produces the EPL covariance, but such long-memory
dynamics can be closely approximated by superpositions of OU processes with a spectrum of time
constants or by fractional stochastic processes such as fractional Brownian motion [54].
Conversely, when q > 1, correlations decay more rapidly than exponentially, corresponding to
short-memory dynamics with diminished low-frequency power; these can often be approximated
by higher-order linear filters or by driving OU processes with temporally correlated noise.
Together, these interpretations highlight how the parameter q shapes the temporal structure of
trial-to-trial variability.

An important direction for future work is to move beyond descriptive modeling and explore the
biological interpretability of inferred hyperparameters. For instance, differences in q or ℓg across
the visual hierarchy could reflect distinct circuit or cellular mechanisms, such as changes in
synaptic integration timescales, recurrent dynamics, or bursting behavior. This perspective could
help explain phenomena such as the disproportionately slow gain fluctuations we observe in the
LGN (e.g., q ≈ 0.5), potentially linking them to specific biophysical or network-level processes.
Establishing such connections would deepen our understanding of how structured variability
arises and how it shapes sensory computation.

Mechanistic interpretations of structured variability may also benefit from parallels with other
biological systems. For example, variability in bacterial flagellar motor switching and single-cell
gene expression can be explained by a slow extrinsic process modulating a faster Poisson process,
producing heavy-tailed dwell times or variance–mean scaling beyond Poisson expectations [55,
56]. This two-timescale structure closely parallels the CMP framework and suggests that future
work incorporating explicit modulatory dynamics could offer deeper mechanistic insight into
neural variability and its functional significance.

The present CMP framework captures Poisson and super-Poisson variability through a
conditionally Poisson observation model with stochastic gain modulation. As a result, the model
does not generate sub-Poisson spike count variability in its current form. Sub-Poisson variability
has been observed in some neural systems and may arise from mechanisms such as
refractoriness, spike-history dependence, regularized spiking, or other non-Poisson renewal
structure [57–59]. Extending CMP to capture such effects would require modifying the observation
model, for example by incorporating spike-history terms, renewal-process likelihoods, or
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alternative count distributions that allow variance to fall below the mean [13, 14, 29]. Such
extensions could make it possible to partition both super-Poisson and sub-Poisson components of
neural variability in continuous time and to examine how these components vary with behavioral
state, attention, or arousal [60, 61].

Beyond these conceptual extensions, there are also several methodological directions for future
research. First, extending CMP to high-dimensional population activity may allow joint modeling
of shared variability across neurons. A natural direction would be to combine the CMP framework
with ideas from Gaussian Process Factor Analysis [35] to introduce low-dimensional shared gain
activity across neurons. Such an extension would allow CMP to capture correlated variability and
population-wide modulatory dynamics in simultaneously recorded neural ensembles. Second,
adapting the model to alternative link functions [26] could broaden its applicability to different
statistical structures. Third, developing inference algorithms compatible with calcium imaging
data [43] would extend its utility to optical recordings. Fourth, integrating behavioral covariates
[62] or state variables such as attention [60] or arousal [61] could improve inference of
nonstationary trial structure. Finally, while our focus here was on neural spike trains, the general
formulation of the CMP model could be applied to other domains involving overdispersed count
data [63–65].

To facilitate reproducibility and dissemination, we have released our implementation of the CMP
model on GitHub [66]. In summary, the CMP framework provides a scalable, flexible, and
interpretable approach for modeling neuronal spike variability, revealing new insights into the
structure of trial-to-trial fluctuations and their organization across the visual hierarchy, while
opening the door to deeper mechanistic interpretations of variability in neural systems.

Materials and methods
CMP model inference
We start by recalling the general CMP forward model:

In our inference framework, we consider a setting with multiple repeats (n = 1, …, N) for a
given stimulus condition, with data potentially collected across different stimulus conditions
(s = 1, …, S). We perform inference on a uniform grid of time points (t = 1, …, T), with grid size
set to dt seconds. Note that the model itself is defined in continuous time and can therefore be
consistently applied to data measured at arbitrary temporal grid resolutions.

Let yt,s,n denote the spike count for the tth time bin, sth stimulus condition, and nth repeat. Further,
let fs = [f1,s … fT,s]⊤ and gs,n = [g1,s,n … gT,s,n]⊤ denote the corresponding stimulus-driven and
stochastic gain processes. Further, let  and  represent the log-transformed
stimulus-driven and gain components, for notational brevity. Note that, following the CMP
generative model, the latent variables  and , along with the hyperparameters 

, are all unknown quantities that need to be estimated given the

spiking observations y = y1:T,1:S,1:N.

Frequency domain transformation of stimulus-driven components
The radial basis function (RBF) kernel diagonalizes in the Fourier domain, a property previously
exploited to improve computational efficiency [35, 67]. Motivated by this, we adopt a frequency-
domain representation of the stimulus-driven components (f) in our inference procedure.
Accordingly, we relate the time-domain components to their corresponding Fourier-domain
components:

𝑦(𝑡) ∣ 𝑠∼ PoissProc (𝑓𝑠(𝑡) ⋅ 𝑔(𝑡)) ,

log 𝑓𝑠(𝑡)∼ 𝒢𝒫 (0,𝐾𝑓) ,𝐾
(𝑠)
𝑓 (𝑡1, 𝑡2) = 𝜌

(𝑠)
𝑓 exp⎛

⎝
⎜⎜−

(𝑡1 − 𝑡2)
2

2ℓ
(𝑠)

𝑓

⎞

⎠
⎟⎟ ,

log 𝑔(𝑡)∼ 𝒢𝒫 (0,𝐾𝑔) ,𝐾𝑔 (𝑡1, 𝑡2) = 𝜌𝑔 exp(− 1

2
∣ 𝑡1 − 𝑡2

ℓ𝑔
∣𝑞) .

𝐟𝑠 = log 𝐟𝑠 𝐠𝑠,𝑛 = log𝐠𝑠,𝑛

𝐟 = 𝐟1:𝑆 𝐠 = 𝐠1:𝑆,1:𝑁 𝜃

= {𝜌𝑔, ℓ𝑔, 𝑞, 𝜌(𝑠)𝑓 , ℓ(𝑠)𝑓 , 𝑠 = 1,… ,𝑆}
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where  (noting that typically Ms ≪ T due to pruning of unnecessary Fourier

coefficients that do not substantially contribute to explaining variability in  [35, 67])
represents the standard real orthonormal inverse discrete Fourier transform matrix. Then,
with the diagonalization of the RBF kernel [35, 67], the Fourier-transformed stimulus-driven
components  are distributed as independent Gaussian random
variables with the following parameters:

where , with  denoting the mth Fourier frequency [35,

67]. Thus, we use the frequency-domain stimulus-driven components w = w1:S in place of

their time-domain counterparts f, reducing computational complexity by avoiding matrix
inversions and enabling pruning (Ms ≪ T). We do not apply frequency-domain inference to

the gain components g, as the heavy tails of the EPL kernel do not support effective pruning.

Variational Inference
To jointly infer the latent variables w and g and hyperparameters θ, we introduce an efficient
inference procedure based on Variational Inference (VI) [38], which aims to find an approximate
distribution q (w, g) for the intractable true posterior p (w, g|y, θ). In VI, the approximate posterior
is first introduced into the data log-likelihood by rewriting it as [34]:

where DKL(q||p) is the Kullback-Leibler divergence between the variational approximation

and the true posterior. Since DKL(q||p) is non-negative, ℒ(q) provides a lower bound on the

model evidence, and is therefore called the Evidence Lower Bound (ELBO). Maximizing the
ELBO is equivalent to minimizing DKL(q||p), thus finding the variational approximation

closest to the true posterior.

Variational distributions and the ELBO
We assume that the variational distributions q (w, g) factorizes into independent Gaussian
distributions over stimuli s = 1, …, S and trials n = 1, …, N :

where Σs,n ∈ ℝT ×T and  are full covariance matrices. Note that, by the property

of linear transformations of Gaussian random variables [68], this in turn implies that the
variational distributions over the time-domain stimulus-driven components are also
Gaussian:

Algorithm 1.

Joint inference of variational parameters and hyperparameters

𝐟𝐬 = 𝐁(𝐬)𝐰𝐬

𝐁(𝐬) ∈ ℝ𝑇×𝑀𝑠

𝐟𝑠

𝐰𝑠 = [𝑤1,𝑠,𝑤2,𝑠,… ,𝑤𝑀𝑠,𝑠]
′

𝑤𝑚,𝑠 ∼𝒩(0, 𝑘̃(𝑠)𝑚 )

𝑘̃
(𝑠)
𝑚 =

√
2𝜋𝜌

(𝑠)
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(𝑠)
𝑓 exp(− 1

2 𝑓
(𝑠)2

𝑚 ℓ
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𝑚

log 𝑝(𝐲 ∣ 𝜃)= 𝔼𝑞 [log( 𝑝(𝐲,𝐰,𝐠 ∣ 𝜃)
𝑞(𝐰,𝐠)

⋅
𝑞(𝐰,𝐠)

𝑝(𝐰,𝐠 ∣ 𝐲, 𝜃)
)]

= 𝔼𝑞 [log 𝑝(𝐲,𝐰,𝐠 ∣ 𝜃)
𝑞(𝐰,𝐠)

]
⏟ ⏟ ⏟____ ____

ℒ(𝑞)

+ 𝔼𝑞 [log 𝑞(𝐰,𝐠)
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]
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𝐷𝐾𝐿(𝑞‖𝑝)

,
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𝑆

∏
𝑠=1

(𝑞 (𝐰𝐬)
𝑁

∏
𝑛=1

𝑞 (𝐠𝐬,𝐧))
𝑞 (𝐠̃𝐬,𝐧)∼𝒩 (𝝁𝑠,𝑛,𝚺𝑠,𝑛) and 𝑞 (𝐰𝐬) ∼𝒩 (𝝂𝑠,𝛀𝑠) ,

𝛀𝑠 ∈ ℝ𝑀𝑠×𝑀𝑠
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Accordingly, the ELBO can be derived as:

(12)

Joint inference of variational parameters and hyperparameters
In this section, we outline our proposed iterative scheme for the joint inference of variational
parameters and hyperparameters, as illustrated in Algorithm 1     . We alternate between
optimizing the stimulus-drive hyperparameters  for s = 1, …, S, and the gain

hyperparameters θg = {ρg, ℓg, q}, until convergence. Each optimization maximizes the ELBO in
Equation 12     , using Algorithm 2      (described in the next section) to infer the conditional
variational parameters. We employed the built-in MATLAB function fmincon, a gradient-based
solver for constrained nonlinear multivariable problems, to perform each maximization. To
ensure stability, convergence, and valid covariance matrices, we constrained the hyperparameters
to the following ranges:,  and q ∈ [0.4, 2].

Algorithm 2.

Estimation of variational parameters given hyperparameters

ℒ(𝑞) =𝔼𝑞[log 𝑝(𝐲,𝐰,𝐠 ∣ 𝜃)]− 𝔼𝑞[log 𝑞(𝐰,𝐠)]

=−∑
𝑡,𝑠,𝑛

𝑑𝑡 exp((𝐁(s)𝝂𝑠)
𝑡
+ (𝐁(s)𝛀𝑠𝐁

(s)⊤)
𝑡,𝑡
/2

+ (𝝁𝑠,𝑛)𝑡 + (𝚺𝐬,𝐧)𝑡,𝑡/2)

+∑
𝑡,𝑠,𝑛

𝑦𝑡,𝑠,𝑛 ((𝐁(s)𝝂𝑠)
𝑡
+ (𝝁𝑠,𝑛)𝑡)−

𝑆𝑁

2
log |𝐾𝑔|

−
1

2
∑
𝑠,𝑛

trace (𝐾−1
𝑔 (𝝁𝑠,𝑛𝝁

⊤
𝑠,𝑛 +𝚺𝑠,𝑛))

−
1

2
∑
𝑠,𝑚

log 𝑘̃
(𝑠)
𝑚 −

1

2
∑
𝑠,𝑚

(𝑘̃(𝑠)𝑚 )−1 (𝜈 2
𝑚,𝑠 + (𝛀𝑠)𝑚,𝑚)

+∑
𝑠,𝑛

1

2
log |𝚺𝑠,𝑛| +∑

𝑠

1

2
log |𝛀𝑠|

+
1

2
∑
𝑠

𝑀𝑠 + const.

𝜃
(𝑠)
𝑓 = {𝜌(𝑠)𝑓 , ℓ

(𝑠)
𝑓 }

𝜌𝑔, 𝜌
(1:𝑆)
𝑓 ∈ [0.05, 6], ℓ𝑔, ℓ

(1:𝑆)
𝑓 ∈ [0.05, 10]
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Inferring variational parameters given hyperparameters
Here, we outline the procedure for inferring the variational parameters by optimizing the ELBO
for a given set of hyperparameters θ (i.e., assuming Kg and  are known), as summarized in
Algorithm 2     . Note that the ELBO in Equation 12      is independent across stimulus conditions s =
1, …, S, when conditioned on θ. Therefore, we focus on estimating the variational parameters
corresponding to the sth stimulus: νs, Ωs, µs,1:N, and Σs,1:N. We maximize the ELBO to find the
optimal settings of these variational parameters, alternating between updating the stimulus-drive
variational parameters (νs, Ωs) and the gain variational parameters (µs,1:N, Σs,1:N) until
convergence. Each maximization step uses a Newton–Raphson procedure.

First, consider the estimation of the stimulus-drive variational parameters νs and Ωs, given the
estimated gain variational parameters from the previous iteration. The gradient and Hessian of
Equation 12      with respect to νs can be derived as:

(13)

where 

  is a diagonal matrix with

the tth diagonal entry given by , and  is a diagonal matrix with the mth diagonal

entry equal to . Further, taking derivatives in Equation 12      with respect to Ωs yields:

and setting this derivative to zero results in:

(14)

𝑘̃
(𝑠)
1:𝑀𝑠

∇𝝂𝑠ℒ =∑
𝑛

𝐁
(𝐬)⊤ (𝐲𝑠,𝑛 − 𝝀̂𝑠,𝑛)− (𝐊̃(𝑠))

−1
𝝂𝑠,

∇2
𝝂𝑠
ℒ = −∑

𝑛

𝐁(𝐬)⊤𝚲̂𝑠,𝑛𝐁
(𝐬) − (𝐊̃(𝑠))−1,

𝐲𝐬,𝐧 = [𝑦1,𝑠,𝑛, 𝑦2,𝑠,𝑛,… , 𝑦𝑡,𝑠,𝑛]
⊤, 𝝀̂𝑠,𝑛 = [̂𝜆1,𝑠,𝑛, 𝜆̂2,𝑠,𝑛,… , 𝜆̂𝑡,𝑠,𝑛]

⊤
, 𝜆̂𝑡,𝑠,𝑛

= 𝑑𝑡 exp((𝐁(s)𝝂𝑠)𝑡+ (𝐁(s)𝛀𝑠𝐁
(s)⊤)

𝑡,𝑡
/2 + (𝝁𝑠,𝑛)𝑡 + (𝚺𝑠,𝑛)𝑡,𝑡/2), 𝚲̂𝑠,𝑛

𝜆̂𝑡,𝑠,𝑛 𝐊(𝑠)

𝑘̃
(𝑠)
𝑚

∇𝛀𝑠
ℒ = − 1

2 ∑𝑛𝐁
(s)⊤𝚲̂𝑠,𝑛𝐁

(s) + 1
2 (𝛀𝑠)

−1 − 1
2 (𝐊̃(𝑠))

−1

𝛀𝑠 = (∑
𝑛

𝐁
(𝐬)⊤

𝚲̂𝑠,𝑛𝐁
(𝐬) + (𝐊̃(𝑠))

−1)
−1

= −(∇2
𝝂𝑠ℒ)−1.
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Accordingly, we update the stimulus-drive variational mean νs using Newton–Raphson

optimization with the gradient and Hessian in Equation 13     , and subsequently update the
stimulus-drive variational covariance Ωs using the Hessian as in Equation 14     .

Next, we update the gain variational parameters independently for n = 1, …, N using the updated
stimulus-drive variational parameters, following an equivalent Newton–Raphson procedure, with
the gradient and Hessian relative to µs,n given by:

and the update rule of Σs,n given by:

Following the above derivations, we iterate between updating the stimulus-drive variational
parameters and gain variational parameters until convergence. The combined iterative
procedure for variational parameter inference is summarized in Algorithm 2     .

Log-likelihood derivation of the CMP model
While we optimize the ELBO for parameter inference, accurately and fairly comparing models
requires computing the log-likelihood on held-out data. To estimate this for the CMP model, we
used the importance sampling procedure described below. Note that,

(15)

(16)

Observing that the integral in Equation 16      is intractable, we used importance sampling [69]
to approximate it. We employed the variational distribution  as the proposal
distribution,

where . Defining:

and applying the log-sum-exp trick for numerical stability, we obtained:

where . We set I = 1000 and used the above formulation to estimate the log-

likelihood of the spiking observations in the nth test trial of the sth stimulus, and finally
derived the joint log-likelihood of all test data according to Equation 15     .

Partitioning variability with CMP

∇𝝁𝑠,𝑛ℒ = (𝐲𝑠,𝑛 − 𝝀̂𝑠,𝑛)−𝐾
−1
𝑔 𝝁𝑠,𝑛,

∇2
𝝁𝑠,𝑛
ℒ = −𝚲̂𝑠,𝑛 −𝐾−1

𝑔 ,

𝚺𝑠,𝑛 = (𝚲̂𝑠,𝑛 +𝐾−1
𝑔 )−1 = −(∇2

𝝁𝑠,𝑛
ℒ)−1

log(𝑝(𝐲 | 𝑠)) =∑
𝑠,𝑛

log (𝑝 (𝐲𝑠,𝑛 | 𝑠)) , where,

𝑝 (𝐲𝑠,𝑛 ∣ 𝑠) =∫ 𝑝 (𝐲𝑠,𝑛 ∣ 𝐠𝑠,𝑛, 𝑠) 𝑝 (𝐠𝑠,𝑛) 𝑑𝐠𝑠,𝑛.

𝑞 (𝐠̃𝐬,𝐧)

𝑝 (𝐲𝑠,𝑛 ∣ 𝐁𝑠) = 𝔼𝑞(𝐠𝑠,𝑛) [𝑝 (𝐲𝑠,𝑛 ∣ 𝐠𝑠,𝑛, 𝑠) 𝑝(𝐠𝑠,𝑛)

𝑞(𝐠𝑠,𝑛)
]

≈ 1
𝐼 ∑

𝐼
𝑖=1 𝑝(𝐲𝑠,𝑛 ∣ 𝐠(𝑖)

𝑠,𝑛, 𝑠)
𝑝(𝐠(𝑖)

𝑠,𝑛)
𝑞(𝐠(𝑖)

𝑠,𝑛)

log𝐠
(𝑖)
𝑠,𝑛 ∼𝒩 (𝝁𝑠,𝑛,𝚺𝑠,𝑛)

𝐿
(𝑖)
𝑠,𝑛 := log(𝑝(𝐲𝑠,𝑛 ∣ 𝐠(𝑖)

𝑠,𝑛, 𝑠))+ log(𝑝(𝐠(𝑖)
𝑠,𝑛))− log(𝑞(𝐠(𝑖)

𝑠,𝑛))

log (𝑝 (𝐲𝑠,𝑛 ∣ 𝑠)) ≈ log(∑𝐼
𝑖=1 exp(𝐿(𝑖)

𝑠,𝑛 − 𝐿max
𝑠,𝑛 ))+ 𝐿max

𝑠,𝑛 − log(𝐼)

𝐿max
𝑠,𝑛 = max𝑖 𝐿

(𝑖)
𝑠,𝑛
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Here we provide the general formula for partitioning variability into a Poisson component, equal
to the mean, and a modulatory component, based on the CMP model in the setting where the
stimulus drive fs(t) is a time-varying signal. The continuous-time formulation of the CMP model
allows this partitioning to be computed for arbitrary time windows, enabling an analytic
characterization of how overdispersion grows with the bin size used to count spikes. For a time
bin of size Δ, the mean is given by:

and the variance is:

From these expressions, we can compute the Fano factor as a function of bin size, which is
simply the ratio of variance to mean:

The details of the derivation are provided in the Appendix 2. To summarize statistics at a
given bin size Δ over the entire observation window T, we use the following approach: we
apply a sliding window of duration Δ, shift it systematically through the entire duration T,
and average the computed statistics across all such windows.

Alternative models considered for performance comparison
We compared the performance of the CMP model with the alternative models described below.

Baseline Poisson
All log-likelihood figures reported in this paper are expressed as log-likelihood gains of each
method relative to the baseline Poisson model. The baseline Poisson model assumed spike counts
across trials are generated by a Poisson process:

and, to compensate for sparsity, we further assumed a Gamma prior on the firing rate λt,s ~

Gamma (α, β), where α and β are hyperparameters. Since the Gamma distribution is
conjugate to the Poisson distribution [70], the posterior distribution is also Gamma-
distributed:

Thus, we found the MAP estimate of the firing rate by the mode of the posterior Gamma
distribution, given by:

To fix the hyperparameters, we performed moment matching with the mean  and

variance . Note further that the mean and variance conditioned on λt,s are identical for

this model, resulting in a Fano factor of 1.

Poisson-GP
This model includes only the stimulus-driven components, assuming that trial-to-trial variability is
fully described by the stochastic nature of the Poisson process:

The stimulus drive itself is modeled by a Gaussian process, similar to the CMP model:

mean [𝑦Δ ∣ 𝑠] = 𝑒𝜌𝑔/2 ∫Δ
0 𝑓𝑠(𝑡)𝑑𝑡

var [𝑦Δ ∣ 𝑠]= 𝑒𝜌𝑔/2∫Δ

0

𝑓𝑠(𝑡)𝑑𝑡

+𝑒𝜌𝑔∫Δ

0

∫Δ

0

𝑓𝑠 (𝑡1) 𝑓𝑠 (𝑡2) (𝑒𝐾𝑔(𝑡1,𝑡2) − 1) 𝑑𝑡1𝑑𝑡2

𝐹𝐹(Δ) = 1 +
𝑒𝜌𝑔/2 ∫Δ

0
∫Δ

0
𝑓𝑠(𝑡1)𝑓𝑠(𝑡2)(𝑒𝐾𝑔(𝑡1,𝑡2)−1)𝑑𝑡1𝑑𝑡2

∫Δ
0 𝑓𝑠(𝑡)𝑑𝑡

𝑦𝑡,𝑠,𝑛 ∼ Poisson (𝜆𝑡,𝑠)

𝑝 (𝜆𝑡,𝑠 | 𝑦𝑡,𝑠, 1 :𝑁) ∼ Gamma(𝛼+
𝑁

∑
𝑛=1

𝑦𝑡,𝑠,𝑛,𝛽+𝑁)

𝜆̂𝑡,𝑠 =
𝛼+∑𝑁

𝑛=1 𝑦𝑡,𝑠,𝑛−1
𝛽+𝑁

= 𝛼
𝛽

= 𝛼
𝛽2

𝑦(𝑡) ∼ Poisson (𝜆𝑡 = 𝑓𝑠(𝑡))
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We inferred the hyperparameters and latent stimulus-driven components of this model using
a simplified version of our proposed variational inference procedure. As in the baseline
Poisson model, the mean and variance conditioned on the stimulus are identical, yielding a
Fano factor of 1.

Goris-indep
This model extends the modulated Poisson framework of Goris et al. [1] to continuous time. The
model in Goris et al. [1] considered spike counts within a single time bin. For spiking observations
from the sth stimulus presentation with t = 1, …, T time bins, we assumed that the stimulus-
independent gain is independent across time bins with shared variance , i.e.,

where gt,s,n ~ Gamma(rs, ss), with shape parameter  and scale parameter .

Marginalizing over the gain variables yields a product of independent Negative Binomial
distributions:

(17)

where . For the Goris-indep baseline used in the main model comparisons, we
set the stimulus component to the smooth firing-rate estimate obtained from the Poisson-GP
model. Specifically, we set , where  denotes the Poisson-
GP estimate of the stimulus-dependent firing rate. For s = 1, …, S, we searched for the values
of rs that minimize the negative log-likelihood of the spiking observations y1:T,s,1:N. Details of

Equation 17     , the Fano factor, and the version without a smoothness prior on the stimulus
drive are provided in the Appendix 3.

Goris-const
This is another extension of the Goris model [1] to continuous time. Here, we assumed the gain is
constant across time bins within a trial:

where gs,n ~ Gamma(rs, ss) with shape parameter  and scale parameter .

Further, we assumed that the total spike count across all time bins in a trial, Ys,n = ∑tyt,s,n,,

also shares the same gain variance , i.e,  with 
. For the Gorisconst baseline used in the main model comparisons, we

estimated  by fitting Ys,n across training data n = 1, …, N, as in Goris et al. [1], and set the

stimulus encoding component , where  denotes the smooth firing-rate estimate
obtained from the Poisson-GP model. Details of the mean-variance relationship, log-likelihood
derivation, and the version without a smoothness prior on the stimulus drive are provided in
the Appendix 3.

CMP-RBF
This model follows the same generative structure as the CMP model, except that the gain
covariance is parameterized by the standard RBF kernel:

log 𝑓𝑠(𝑡) ∼ 𝒢𝒫(0,𝐾 (𝑠)
𝑓 ) ,𝐾 (𝑠)

𝑓 (𝑡1, 𝑡2) = 𝜌
(𝑠)
𝑓 exp(− (𝑡1−𝑡2)2

2ℓ
(𝑠)2

𝑓

)

𝜎2
𝑔𝑠

𝑦𝑡,𝑠,𝑛∼ Poisson (𝜆𝑡,𝑠,𝑛) ,

𝜆𝑡,𝑠,𝑛= 𝑔𝑡,𝑠,𝑛𝑓𝑡,𝑠𝑑𝑡,

𝑟𝑠 =
1
𝜎2
𝑔𝑠

𝑠𝑠 = 𝜎2
𝑔𝑠

𝑝 (𝑦1:𝑇 ,𝑠,1:𝑁 ∣ 𝑟𝑠, 𝑠𝑠)=∫
∞

0
𝑝 (𝑦1:𝑇 ,𝑠,1:𝑁 ,𝜆1:𝑇 ,𝑠,1:𝑁 ∣ 𝑟𝑠, 𝑠𝑠))𝑑𝜆1:𝑇 ,𝑠,1:𝑁

=
𝑇 ,𝑁

∏
𝑡,𝑛=1

NegativeBinomial (𝑦𝑡,𝑠,𝑛 ∣ 𝑟𝑠, 1

1 + 𝑠𝑡,𝑠
)

𝑠𝑡,𝑠 = 𝜎2
𝑔𝑠𝑓𝑡,𝑠𝑑𝑡

𝑠𝑡,𝑠 = 𝜎2
𝑔𝑠𝑓𝑡,𝑠𝑑𝑡 = 𝑓𝑡,𝑠𝑑𝑡/𝑟𝑠 = 𝜆̂𝑡,𝑠/𝑟𝑠 𝜆̂𝑡,𝑠

𝑦𝑡,𝑠,𝑛∼ Poisson (𝜆𝑡,𝑠,𝑛)

𝜆𝑡,𝑠,𝑛= 𝑔𝑠,𝑛𝑓𝑡,𝑠𝑑𝑡

𝑟𝑠 =
1
𝜎2
𝑔𝑠

𝑠𝑠 = 𝜎2
𝑔𝑠

𝜎2
𝑔𝑠

𝑌𝑠,𝑛 ∼ Poisson (𝑔𝑠,𝑛𝑓𝑠𝑑𝑡𝑇 ) 𝑔𝑠,𝑛

∼ Gamma (𝑟𝑠, 𝑠𝑠)

𝜎2
𝑔𝑠

𝑓𝑡,𝑠𝑑𝑡 = 𝜆̂𝑡,𝑠 𝜆̂𝑡,𝑠

𝐾𝑔 (𝑡1, 𝑡2) = 𝜌𝑔 exp(− 1
2 ∣ 𝑡𝑚−𝑡𝑛ℓ𝑔

∣2)
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CMP-Matérn
This variant also follows the CMP framework, with the gain covariance parameterized by a Matérn
kernel of order 0 in the CMP-Matérn-0 model:

and a Matérn kernel of order 1 in the CMP-Matérn-1 model:

We used the same variational inference procedure as the CMP model to infer the
hyperparameters and latent variables of the CMP-RBF and CMP-Matérn models. The log-
likelihood and mean-variance derivations for these models are analogous to those of the CMP
model.

Datasets studied
In this paper, we applied the CMP model to two datasets recorded from anesthetized, paralyzed,
adult macaque monkeys.

Multi-electrode array recordings from the primary visual cortex
Complete details about this dataset are available in [36]. In brief, extracellular recordings were
obtained using a 10-by-10 fixed silicon microelectrode array (length 1mm, spaced 400 µm)
implanted in the superficial layers of the primary visual cortex (area V1) of three adult male
macaque monkeys. The animals were stimulated with drifting sinusoidal gratings at full contrast,
with the orientation of the grating varied around the clock in steps of 5 degrees, yielding a total of
72 orientations. Each stimulus was presented for 1,280ms and followed by a blank screen of mean
luminance for another 1,280ms, repeated for 50 trials per stimulus condition. We analyzed 654
isolated units from five datasets in this paper (147, 113, 113, 133, and 148 units in each dataset).
For each unit and each stimulus, we randomly selected N = 45 trials for training (i.e., for
hyperparameter and stimulus-drive inference) and used the remaining N = 5 trials to derive the
test log-likelihood.

Single-electrode recordings along the visual hierarchy
Full details regarding these datasets are available in [1]. Briefly, extracellular recordings were
made from 18 adult macaque monkeys of either sex, in different areas along the visual hierarchy:
the lateral geniculate nucleus (LGN), V1, V2, and MT. The animals were presented with drifting
sinusoidal gratings of the preferred size and speed, varying either in spatial frequency (12 spatial
frequencies, ranging from 0 to 10 cycles/deg) or in drift direction (16 equally spaced directions).
Each grating was presented for 1,000 ms and repeated at least five times. We analyzed the activity
of 48, 376, 167, and 127 cells from each population, respectively. For each unit and each stimulus,
we randomly selected N = 1 trial to derive the test log-likelihood and used the remaining trials for
training the model.

𝐾𝑔 (𝑡1, 𝑡2) = 𝜌𝑔 exp(− ∣ 𝑡1−𝑡2
ℓ𝑔

∣)

𝐾𝑔 (𝑡1, 𝑡2) = 𝜌𝑔 (1 +
√
3 ∣ 𝑡1−𝑡2

ℓ𝑔
∣) exp(−√3 ∣ 𝑡1−𝑡2

ℓ𝑔
∣)

Neuroscience

https://doi.org/10.7554/eLife.109719.2
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience


Rupasinghe et al., 2026 eLife 15:RP109719.  https://doi.org/10.7554/eLife.109719.2 24 of 50

Supplementary figures

Figure S1. Comparison of the average test data log-likelihood improvement of each model relative to the
baseline Poisson model, across 654 V1 neurons and all 72 grating orientations in recordings from the
macaque primary visual cortex (data from [36]). From left to right: the proposed CMP model, the CMP-RBF
model, the CMP-Matérn 0 model, the CMP-Matérn 1 model, the Goris-independent gain model, the Goris-constant
gain model, and the Poisson-GP model. These results demonstrate that the CMP model systematically
outperforms all other models in fitting held-out data.
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Figure S2. Comparison of the performance of the proposed CMP framework with an alternative model in
which, instead of sharing a common set of gain hyperparameters ρg, ℓg, q across stimuli (as in the CMP

framework), each stimulus condition has its own independent gain hyperparameters .

Results are shown for a sample neuron from the macaque primary visual cortex dataset (data from [36]). (A) Comparison of
the inferred time-domain activity. From top to bottom: the inferred stimulus-driven components at three selected orientation
settings (0◦, 125◦, 295◦); inferred gain processes for two trials per orientation; inferred firing rates from the proposed CMP
model (solid lines) and the alternative model with independent gain hyperparameters per stimulus (dashed lines); and the
observed spike raster. (B) Comparison of the log-likelihood improvement relative to the baseline Poisson model for the
proposed CMP model (left) versus the alternative independent-gain model (right). These results show that the performance
of both models is very similar, corroborating that the proposed CMP modeling framework robustly captures trial-to-trial
variability across different stimuli using a shared set of hyperparameters.

Figure S3. Comparison of CMP model inference at different grid sizes dt for a sample neuron from the
macaque primary visual cortex dataset (data from [36]).

(A) Comparison of the inferred gain hyperparameters ℓg, ρg, q across three sufficiently fine grid resolutions: dt = 0.02 s, dt =
0.05 s, and dt = 0.1 s. These results indicate that the inference procedure is robust to moderate changes in grid size once the
temporal discretization is fine enough to approximate the underlying continuous-time model. (B) Comparison of the test
data log-likelihood gain relative to the baseline Poisson model at two different grid resolutions (dt = 0.02 s and dt = 0.1 s).
From left to right: the proposed CMP model, CMP-RBF model, CMP-Matérn 0 model, CMP-Matérn 1 model, Goris-independent
gain model, Goris-constant gain model, and the Poisson-GP model. These results show that the CMP consistently
outperforms alternative models over this range.

𝜌
(𝑠)
𝑔 , ℓ(𝑠)𝑔 , 𝑞 (𝑠)
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Figure S4. Performance comparisons of different models on neuronal population data recorded from
various areas along the visual hierarchy: the lateral geniculate nucleus (LGN), V1, V2, and MT, in response
to drifting sinusoidal gratings of the preferred size and speed, varying either in spatial frequency (12
spatial frequencies, ranging from 0 to 10 cycles/deg) or in drift direction (16 equally spaced directions)
(data from [5]).
(A) Log-likelihood improvement of each model relative to the baseline Poisson model, averaged across held-out data for each
population. Rows from top to bottom: LGN, V1, V2, and MT. The number of neurons in each population is indicated in
parentheses. From left to right: proposed CMP model, CMP-RBF model, CMP-Matérn 0 model, CMP-Matérn 1 model, Goris-
independent gain model, Goris-constant gain model, and the Poisson-GP model. (B) Comparison of the log-likelihood of the
proposed CMP model with the CMP-RBF model (left), the CMP-Matérn 0 model (middle), and the CMP-Matérn 1 model (right)
for individual neurons. Colors indicate brain areas: LGN (yellow), V1 (green), V2 (blue), and MT (purple). (C) Comparison of
the inferred Fano factor as a function of bin size, averaged across each population (rows from top to bottom: LGN, V1, V2, and
MT). Curves show the real data (black), the proposed CMP model (red), CMP-RBF model (magenta), CMP-Matérn 0 model
(dark green), CMP-Matérn 1 model (light green), Goris-independent gain model (dark blue dashed lines), Goris-constant gain
model (light blue), and the baseline Poisson model (gray).
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Figure S5. Comparison of the performance of the Goris model with and without a smoothness prior on the
stimulus drive (data from [5]).
(A) Log-likelihood improvement of each model relative to the baseline Poisson model, averaged across held-out data for each
population. Rows from top to bottom: LGN, V1, V2, and MT, with the number of neurons in each population indicated in
parentheses. From left to right: the proposed CMP model, the Poisson-GP model, the Goris-independent gain model without
a GP prior on the stimulus drive, and the Goris-constant gain model without a GP prior on the stimulus drive. (B) Comparison
of the log-likelihood of the proposed CMP model versus the Goris-independent gain model without a GP prior on the
stimulus drive (left), and versus the Goris-constant gain model without a GP prior on the stimulus drive (right), for individual
neurons. (C) Comparison of the log-likelihood of the Poisson-GP model versus the Goris-independent gain model without a
GP prior (left), and versus the Goris-constant gain model without a GP prior (right), for individual neurons. (D) Comparison of
the log-likelihood of the Goris-independent gain model with a GP prior on the stimulus drive versus without a GP prior (left),
and the Goris-constant gain model with a GP prior versus without a GP prior (right), for individual neurons. Colors indicate
the areas: LGN (yellow), V1 (green), V2 (blue), and MT (purple). These results show that including a smoothness prior on the
stimulus drive generally improves the model’s ability to fit held-out data, though the proposed CMP framework still achieves
systematically higher performance across all areas. This highlights the importance of jointly modeling smooth stimulus
tuning and structured gain fluctuations for accurately capturing neural variability.
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Data availability
No new datasets were generated for this study. The analyses are based on previously published
neural recordings that can be obtained from the original authors upon reasonable request. The
modeling and analysis code for the Continuous Modulated Poisson (CMP) framework is available
at https://github.com/Anuththara-Rupasinghe/CMP     .
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Appendix 1. Proof of the validity of the EPL
covariance function
In this section, we provide the formal proof that the proposed Exponetiated Power Law (EPL)
kernel is a valid covariance function.

Theorem 1.

(Validity of the EPL Kernel). The Exponetiated Power Law (EPL) kernel given by:

(1)

where ρg> 0 is the marginal variance, ℓg> 0 is the length scale, and 0 < q ≤ 2 is the power

law exponent, is a valid covariance function.

Proof. We begin by recalling the definition of a valid covariance function [71].

Definition 1.

(Covariance function). A (real-valued) function

is called a covariance kernel (or positive semidefinite kernel) if, for every finite set of
points t1, …, tn ∈ ℝ and all real weights a1, …, an ∈ ℝ, the following Gram sum is non-

negative:

We now invoke the following result from the Schoenberg’s theorem [72].

Lemma 1.

(Schoenberg (1938)). The function exp (−|x|q) is positive definite on ℝ for all 0 < q ≤ 2. Proof of
Lemma 1. The proof is provided in [72].

From Lemma 1 and Definition 1, it follows that for any finite set  and weights a1,
…, an ∈ ℝ,

if 0 < q ≤ 2.

𝐾𝑔 (𝑡𝑖, 𝑡𝑗) = 𝜌𝑔 exp(− 1

2
∣ 𝑡𝑖 − 𝑡𝑗

ℓ𝑔
∣𝑞) ,

𝐾 : ℝ× ℝ→ ℝ

∑𝑛
𝑖=1∑

𝑛
𝑗=1 𝑎𝑖𝑎𝑗𝐾 (𝑡𝑖, 𝑡𝑗) ≥ 0

𝑡1,… , 𝑡𝑛 ∈ ℝ

∑𝑛
𝑖=1∑

𝑛
𝑗=1 𝑎𝑖𝑎𝑗 exp (−∣𝑡̃𝑖 − 𝑡̃𝑗∣𝑞) ≥ 0
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Next, consider the change of variables , which implies:

Substituting this into the above expression, we obtain:

Finally, since ρg> 0, multiplying by ρg preserves non-negativity:

Hence, for any finite set t1, …, tn ∈ ℝ and any real weights a1, …, an ∈ ℝ, we have:

which establishes that the EPL kernel in Equation 1      is positive semidefinite, and thus a
valid covariance function.

Appendix 2. Partitioning variability with CMP
In this section, we provide the detailed derivations of the mean–variance relationship under the
CMP model. Under the CMP model, spike train variability can be partitioned into a Poisson
component, which is equal to the mean, and a modulatory component, which controls the degree
of overdispersion. The continuous-time formulation of the CMP model allows us to compute this
partitioning for arbitrary time intervals (Δ), and thus to analytically characterize how
overdispersion grows with time bin size.

Recall the CMP forward model:

Under this model, the mean spike count in a time bin of size Δ, conditioned on the stimulus s,
can be derived as:

(2)

𝑡𝑖 = 21/𝑞ℓ𝑔 ⋅ 𝑡̃𝑖

𝑡̃𝑖 − 𝑡̃𝑗∣𝑞 = ∣ 𝑡𝑖

(2)1/𝑞ℓ𝑔
− 𝑡𝑗

(2)1/𝑞ℓ𝑔
∣𝑞 = 1

2
∣ 𝑡𝑖−𝑡𝑗
ℓ𝑔

∣𝑞

∑𝑛
𝑖=1∑

𝑛
𝑗=1 𝑎𝑖𝑎𝑗 exp(− 1

2
∣ 𝑡𝑖−𝑡𝑗
ℓ𝑔

∣𝑞) ≥ 0

∑𝑛
𝑖=1∑

𝑛
𝑗=1 𝑎𝑖𝑎𝑗𝜌𝑔 exp(− 1

2
∣ 𝑡𝑖−𝑡𝑗
ℓ𝑔

∣𝑞) ≥ 0

∑𝑛
𝑖=1∑

𝑛
𝑗=1 𝑎𝑖𝑎𝑗𝐾𝑔 (𝑡𝑖, 𝑡𝑗) ≥ 0

𝑦(𝑡) ∣ 𝑠∼ PoissProc(𝜆(𝑡)),

𝜆(𝑡)= 𝑓𝑠(𝑡) ⋅ 𝑔(𝑡),
𝑔(𝑡):= log 𝑔(𝑡) ∼ 𝒢𝒫 (0,𝐾𝑔) ,

𝐾𝑔 (𝑡1, 𝑡2)= 𝜌𝑔 exp(− 1

2
∣ 𝑡1 − 𝑡2

ℓ𝑔
∣
𝑞

) .

mean [𝑦Δ ∣ 𝑠] = 𝔼[𝑦Δ ∣ 𝑠

= 𝔼[∫Δ

0
𝑦(𝑡)𝑑𝑡 ∣ 𝑠]

(𝑎)
= ∫Δ

0

𝔼[𝑦(𝑡) ∣ 𝑠]𝑑𝑡

(𝑏)
= ∫

Δ

0
𝔼[𝜆(𝑡) ∣ 𝑠]𝑑𝑡

=∫Δ

0

𝔼 [𝑓𝑠(𝑡) ⋅ 𝑔(𝑡) ∣ 𝑠] 𝑑𝑡

=∫Δ

0

𝑓𝑠(𝑡)𝔼[𝑔(𝑡)]𝑑𝑡

=∫
Δ

0
𝑓𝑠(𝑡)𝔼[exp(𝑔(𝑡))]𝑑𝑡

=∫Δ

0

𝑓𝑠(𝑡) exp (𝜌𝑔/2) 𝑑𝑡

= exp (𝜌𝑔/2)∫
Δ

0

𝑓𝑠(𝑡)𝑑𝑡
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where (a) follows from Fubini’s Theorem [73], (b) uses the fact that the mean of a Poisson
process equals its rate function [3], and (c) applies the moment-generating function of a
Gaussian (i.e., the mean of a log-normal distribution) [74].

Using similar steps, the second moment can be derived as:

(3)

Thus, using Equation 2      and Equation 3      the variance can be formulated as:

(4)

From these expressions, we can compute Fano factor as a function of bin size, which is simply
the ratio of variance (Equation 4     ) to mean (Equation 2     ):

+∬
𝑡1≠𝑡2

𝑓𝑠 (𝑡1) 𝑓𝑠 (𝑡2) exp (𝜌𝑔 +𝐾𝑔 (𝑡1, 𝑡2)) 𝑑𝑡1𝑑𝑡2

= exp (𝜌𝑔/2)∫
Δ

0
𝑓𝑠(𝑡)𝑑𝑡

+ exp (𝜌𝑔)∬ 𝑓𝑠 (𝑡1) 𝑓𝑠 (𝑡2) exp (𝐾𝑔 (𝑡1, 𝑡2)) 𝑑𝑡1𝑑𝑡2

var [𝑦Δ ∣ 𝑠]= 𝔼 [𝑦2Δ ∣ 𝑠]− (𝔼 [𝑦Δ ∣ 𝑠])2

= exp (𝜌𝑔/2)∫
Δ

0

𝑓𝑠(𝑡)𝑑𝑡+ exp (𝜌𝑔)

∬ 𝑓𝑠 (𝑡1) 𝑓𝑠 (𝑡2) exp (𝐾𝑔 (𝑡1, 𝑡2)) 𝑑𝑡1𝑑𝑡2

−(exp (𝜌𝑔/2)∫
Δ

0
𝑓𝑠(𝑡)𝑑𝑡)

= exp (𝜌𝑔/2)∫
Δ

0
𝑓𝑠(𝑡)𝑑𝑡+ exp (𝜌𝑔)

∬ 𝑓𝑠 (𝑡1) 𝑓𝑠 (𝑡2) (exp (𝐾𝑔 (𝑡1, 𝑡2))− 1) 𝑑𝑡1𝑑𝑡2

𝐹𝐹(Δ)=
var [𝑦Δ ∣ 𝑠]
𝔼 [𝑦Δ ∣ 𝑠]

=
exp (𝜌𝑔/2)∫

Δ
0 𝑓𝑠(𝑡)𝑑𝑡+ exp (𝜌𝑔)∬ 𝑓𝑠 (𝑡1) 𝑓𝑠 (𝑡2) (exp (𝐾𝑔 (𝑡1, 𝑡2))− 1) 𝑑𝑡1𝑑𝑡2

exp (𝜌𝑔/2)∫
Δ
0 𝑓𝑠(𝑡)𝑑𝑡

= 1 +
exp (𝜌𝑔/2)∫

Δ
0 ∫

Δ
0 𝑓𝑠 (𝑡1) 𝑓𝑠 (𝑡2) (exp (𝐾𝑔 (𝑡1, 𝑡2))− 1) 𝑑𝑡1𝑑𝑡2

∫Δ
0 𝑓𝑠(𝑡)𝑑𝑡

.
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In the special case where the stimulus component is non-fluctuating, i.e., , these
expressions simplify to:

and:

where we define  and .

Appendix 3. Details about the Goris model variants
In this appendix, we provide technical details for two extensions of the modulated Poisson
framework introduced by Goris et al. [1], adapted for spike-train data with multiple time bins per
trial. Specifically, we derive the likelihoods, means, and variances for the Goris-indep model,
which assumes time-bin–independent modulatory gains, and the Goris-const model, which
assumes a constant gain across time bins within a trial. These derivations clarify the statistical
properties of each model and describe how we compute log-likelihoods for model comparison. All
Goris-style baselines reported in the main model comparisons use a smooth stimulus-drive
estimate obtained from the Poisson-GP model, so that comparisons among these baselines focus on
the assumed temporal structure of the gain process. We also evaluate versions without this
smoothness prior, in which the stimulus-drive parameters are estimated directly under the
corresponding Goris-style likelihood. Details for both versions are provided below.

3.1. Goris-indep model
Here we provide further details on the Goris-independent gain model, including the derivation of
the likelihood, as well as the mean and variance under this model. The Goris-indep model is an
extension of the modulated Poisson model in Goris et al. [1], adapted for spike train data with
multiple time bins per trial. Given spiking observations of the sth stimulus presentation across t =
1, …, T time bins, we assume that the modulatory gain process is independent across time bins,
with shared variance , i.e.,

where gt,s,n ~ Gamma(rs, ss), with shape parameter  and scale parameter .

This implies λt,s,n ~ Gamma (rs, st,s), where .

Appendix 3.1.1 Likelihood derivation
Following the results in [1], marginalizing over the gain variable yields independent Negative
Binomial distributions:

𝑓𝑠(𝑡) = 𝑓

𝐹𝐹(Δ) = 1 +Δ𝜆(𝜅(Δ)− 1)

𝜆 = 𝑓 exp (𝜌𝑔/2) 𝜅(Δ) = 1
Δ2 ∫

Δ
0 ∫

Δ
0 𝑒𝐾𝑔(𝑡1,𝑡2)𝑑𝑡1𝑑𝑡2

𝜎2
𝑔𝑠

𝑦𝑡,𝑠,𝑛∼ Poisson (𝜆𝑡,𝑠,𝑛) ,

𝜆𝑡,𝑠,𝑛= 𝑔𝑡,𝑠,𝑛𝑓𝑡,𝑠𝑑𝑡,

𝑟𝑠 =
1
𝜎2
𝑔𝑠

𝑠𝑠 = 𝜎2
𝑔𝑠

𝑠𝑡,𝑠 = 𝜎2
𝑔𝑠𝑓𝑡,𝑠𝑑𝑡
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For the Goris-indep model used in the main model comparisons, we set the stimulus component to
the smooth firing-rate estimate obtained from the Poisson-GP model. Specifically, we set:

where  denotes the Poisson-GP estimate of the stimulus-dependent firing rate. We then
search for the value of rs that minimizes the negative log-likelihood of the spiking

observations y1:T,s,1:N for each stimulus condition. For the comparison without a smoothness

prior on the stimulus drive, we instead estimate both rs and s1:T,s directly by minimizing the

negative log-likelihood under the above Negative Binomial mixture model, as in Goris et al.
[1].

Appendix 3.1.2 Mean-variance derivations
Based on the above derivation, we see that:

and y1:t,s,n are independent across n = 1, …, N when conditioned on rs and st,s. Thus, from the

mean and variance of the Negative Binomial distribution, we have:

Next, we extend this to derive the mean and variance of spike counts over a larger time
window Δ = R dt, by summing across the relevant bins t1, …, tR:

𝑠𝑡,𝑠 = 𝜎2
𝑔𝑠
𝑓𝑡,𝑠𝑑𝑡 = 𝑓𝑡,𝑠𝑑𝑡/𝑟𝑠 = 𝜆̂𝑡,𝑠/𝑟𝑠

𝜆̂𝑡,𝑠

𝑝 (𝑦𝑡,𝑠,𝑛 | 𝑟𝑠, 𝑠𝑡,𝑠) ∼ NegativeBinomial(𝑟𝑠, 1

1 + 𝑠𝑡,𝑠
)

mean [𝑦𝑡,𝑠,1:𝑁 ∣ 𝑓𝑡,𝑠, 𝑑𝑡]= 𝔼 [𝑦𝑡,𝑠,𝑛 ∣ 𝑓𝑡,𝑠, 𝑑𝑡] = 𝑟𝑠𝑠𝑡,𝑠 = 𝑓𝑡,𝑠𝑑𝑡

var [𝑦𝑡,𝑠,1:𝑁 ∣ 𝑓𝑡,𝑠, 𝑑𝑡]= 𝑟𝑠𝑠𝑡,𝑠 (1 + 𝑠𝑡,𝑠) = 𝑓𝑡,𝑠𝑑𝑡 (1 + 𝜎2
𝑔𝑠𝑓𝑡,𝑠𝑑𝑡) .

mean (𝑦Δ,𝑠,1:𝑁 ∣ 𝐟𝐬, 𝑑𝑡) = 𝔼 [𝑦Δ,𝑠,𝑛 ∣ 𝐟𝐬, 𝑑𝑡]= 𝔼[ 𝑅

∑
𝑟′=1

𝑦𝑡
𝑟′,𝑠,𝑛

∣ 𝐟𝐬, 𝑑𝑡]
=

𝑅

∑
𝑟′=1

𝔼 [𝑦𝑡
𝑟′,𝑠,𝑛
∣ 𝐟𝐬, 𝑑𝑡]

=
𝑅

∑
𝑟′=1

𝑟𝑠𝑠𝑡
𝑟′,𝑠

=∑𝑅
𝑟′=1 𝑓𝑡𝑟′,𝑠𝑑𝑡
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and:

3.2. Goris-const model
In this section, we provide further details on the Goris-constant gain model, including the
derivation of the mean and variance, as well as the log-likelihood under its modeling assumptions.
The Goris-const model is the second variant we consider for extending the Goris model in [1] to
multiple time bins. Here, we assume that the modulatory gain process is constant across time bins:

where gs,n ~ Gamma(rs, ss), with shape parameter  and scale parameter .

Furthermore, we assume that the total spike count across all time bins in a trial, Ys,n = ∑tyt,s,n,

shares the same gain variance , i.e.,

(6)

with . For the Goris-const model used in the main model comparisons,
we estimate  by fitting the total spike counts Ys,n across training trials, as in Goris et al. [1],

and set the stimulus encoding component , where  denotes the smooth firing-
rate estimate obtained from the Poisson-GP model. For the comparison without a smoothness
prior on the stimulus drive, we instead estimate ft,sdt using the same method as in the

baseline Poisson model.

3.2.1. Mean-variance derivations
Note that from the moments of the Gamma distribution:

(7)

Accordingly, we derive the first moment, second moment, and variance at bin size dt as:

We then extend these results to a larger bin size Δ = R dt, by integrating over the differential
statistics of the corresponding time bins t1, · · ·, tR at bin-size dt:

var [𝑦Δ,𝑠,1:𝑁 ∣ 𝐟𝐬, 𝑑𝑡]= var[ 𝑅

∑
𝑟′=1

𝑦𝑡
𝑟′,𝑠,𝑛

∣ 𝐟𝐬, 𝑑𝑡]
=

𝑅

∑
𝑟′=1

var [𝑦𝑡
𝑟′,𝑠,𝑛
∣ 𝐟𝐬, 𝑑𝑡]

=
𝑅

∑
𝑟′=1

𝑟𝑠𝑠𝑡
𝑟′,𝑠
(1 + 𝑠𝑡

𝑟′,𝑠
)

=
𝑅

∑
𝑟′=1

𝑓𝑡
𝑟′,𝑠
𝑑𝑡 (1 + 𝜎2

𝑔𝑠𝑓𝑡𝑟′,𝑠𝑑𝑡)

𝑦𝑡,𝑠,𝑛 ∼ Poisson (𝜆𝑡,𝑠,𝑛)

𝜆𝑡,𝑠,𝑛 = 𝑔𝑠,𝑛𝑓𝑡,𝑠𝑑𝑡,

𝑟𝑠 =
1
𝜎2
𝑔𝑠

𝑠𝑠 = 𝜎2
𝑔𝑠

𝜎2
𝑔𝑠

𝑌𝑠,𝑛 ∼ Poisson (𝑔𝑠,𝑛𝑓𝑠𝑇 ) ,

𝑔𝑠,𝑛 ∼ Gamma (𝑟𝑠, 𝑠𝑠)

𝜎2
𝑔𝑠

𝑓𝑡,𝑠𝑑𝑡 = 𝜆̂𝑡,𝑠 𝜆̂𝑡,𝑠

𝔼 [𝑔𝑠,𝑛] = 1, 𝔼 [𝑔2𝑠,𝑛] = 𝜎2
𝑔𝑠 + 1.
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and therefore, the variance becomes:

3.2.2. Log-likelihood derivation
We calculate the test log-likelihood of this model using a Monte Carlo integration procedure [75]:

(8)

Defining:

we get:

mean (𝑦Δ,𝑠,1:𝑁 ∣ 𝐟𝐬, 𝑑𝑡) = 𝔼 [𝑦Δ,𝑠,𝑛 ∣ 𝐟𝐬, 𝑑𝑡]= 𝔼[ 𝑅

∑
𝑟=1

𝑦𝑡𝑟,𝑠,𝑛 ∣ 𝐟𝐬, 𝑑𝑡]
=

𝑅

∑
𝑟=1

𝔼 [𝑦𝑡𝑟,𝑠,𝑛 ∣ 𝐟𝐬, 𝑑𝑡]

=
𝑅

∑
𝑟=1

𝑓𝑡𝑟,𝑠𝑑𝑡,

𝔼 [𝑦2Δ,𝑠,𝑛 ∣ 𝐟𝐬, 𝑑𝑡]= 𝔼
⎡

⎣
⎢(

𝑅

∑
𝑟=1

𝑦𝑡𝑟,𝑠,𝑛)
2

∣ 𝐟𝐬, 𝑑𝑡⎤

⎦
⎥

⎤

⎦
⎥

= 𝔼[ 𝑅

∑
𝑟=1

𝑅

∑
𝑟′=1

𝑦𝑡𝑟,𝑠,𝑛𝑦𝑡𝑟′,𝑠,𝑛 ∣ 𝐟𝐬, 𝑑𝑡]
=

𝑅

∑
𝑟=1

𝔼 [𝑦2𝑡𝑟,𝑠,𝑛 ∣ 𝐟𝐬, 𝑑𝑡]+∑
𝑟≠𝑟′

𝔼 [𝑦𝑡𝑟,𝑠,𝑛𝑦𝑡𝑟′,𝑠,𝑛 ∣ 𝐟𝐬, 𝑑𝑡]

=
𝑅

∑
𝑟=1

(𝑓𝑡𝑟,𝑠𝑑𝑡+ 𝑓 2
𝑡𝑟,𝑠
𝑑𝑡2 (𝜎2

𝑔𝑠
+ 1))+∑

𝑟≠𝑟′
(𝑓𝑡𝑟,𝑠𝑓𝑡𝑟′,𝑠𝑑𝑡2 (𝜎2

𝑔𝑠
+ 1))

=
𝑅

∑
𝑟=1

𝑓𝑡𝑟,𝑠𝑑𝑡+
𝑅

∑
𝑟=1

𝑅

∑
𝑟′=1

(𝑓𝑡𝑟,𝑠𝑓𝑡𝑟′,𝑠𝑑𝑡2 (𝜎2
𝑔𝑠 + 1)) ,

var [𝑦Δ,𝑠,1:𝑁 ∣ 𝐟𝐬, 𝑑𝑡]= 𝔼 [𝑦2Δ,𝑠,𝑛 ∣ 𝐟𝐬, 𝑑𝑡]− 𝔼[𝑦Δ,𝑠,𝑛 ∣ 𝐟𝐬, 𝑑𝑡]2

=
𝑅

∑
𝑟=1

𝑓𝑡𝑟,𝑠𝑑𝑡+
𝑅

∑
𝑟=1

𝑅

∑
𝑟′=1

(𝑓𝑡𝑟,𝑠𝑓𝑡𝑟′,𝑠𝑑𝑡2𝜎2
𝐺)

=
𝑅

∑
𝑟=1

𝑓𝑡𝑟,𝑠𝑑𝑡(1 + 𝜎2
𝑔𝑠

𝑅

∑
𝑟′=1

𝑓𝑡
𝑟′,𝑠
𝑑𝑡) .

log(𝑝(𝐲 | 𝐟)) =∑
𝑘,𝑠

log (𝑝 (𝐲𝑠,𝑛 | 𝐟𝑠)) , where,

𝑝 (𝐲𝑠,𝑛 ∣ 𝐟𝑠)=∫ 𝑝 (𝐲𝑠,𝑛, 𝑔𝑠,𝑛 ∣ 𝐟𝑠) 𝑑𝑔𝑠,𝑛 =∫ 𝑝 (𝐲𝑠,𝑛 ∣ 𝑔𝑠,𝑛, 𝐟𝑠) 𝑝 (𝑔𝑠,𝑛) 𝑑𝑔𝑠,𝑛

= 𝔼𝑔𝑠,𝑛 [𝑝 (𝐲𝑠,𝑛 ∣ 𝑔𝑠,𝑛, 𝐟𝑠)]

≈
1

𝐼

𝐼

∑
𝑖=1

𝑝(𝐲𝑠,𝑛 ∣ 𝑔(𝑖)𝑠,𝑛, 𝐟𝑠) , 𝑔(𝑖)𝑠,𝑛 ∼ Gamma (𝑟𝑠, 𝑠𝑠) .

𝐿
(𝑖)
𝑠,𝑛= log(𝑝(𝐲𝑠,𝑛 ∣ 𝑔(𝑖)𝑠,𝑛, 𝐟𝑠))

= log
⎛

⎝

⎜⎜⎜⎜

𝑇

∏
𝑡=1

exp(−𝑔(𝑖)𝑠,𝑛𝑓𝑡,𝑠𝑑𝑡)(𝑔(𝑖)𝑠,𝑛𝑓𝑡,𝑠𝑑𝑡)
𝑦𝑡,𝑠,𝑛

𝑦𝑡,𝑠,𝑛!

⎞

⎠

⎟⎟⎟⎟

=
𝑇

∑
𝑡=1

(−𝑔(𝑖)𝑠,𝑛𝑓𝑡,𝑠𝑑𝑡+ 𝑦𝑡,𝑠,𝑛 log(𝑔(𝑖)𝑠,𝑛𝑓𝑡,𝑠𝑑𝑡)− log (𝑦𝑡,𝑠,𝑛!)) ,
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where . We set I = 1000 and use this formulation to derive the log-likelihood

of the spiking observations in the nth test trial of the sth stimulus, and finally calculate the
joint log-likelihood of all test data following Equation 8     .
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constant within a trial. This innovation is elegant and important. It makes the model richer,
more plausible, and more broadly applicable. The authors show that the model parameters
are recoverable from realistic amounts of data and then apply the framework to previously
studied datasets. They show that the new model outperforms earlier models and alternative
candidates in capturing spiking data across four visual areas of the macaque monkey.
Analysis of the model parameters replicates some earlier findings and uncovers several new
insights. The model and fitting methods can be broadly applied to partition different types of
signals and noise from spiking data and are likely to be widely adopted in the systems
neuroscience community.

Strengths:

(1) Through clever use of advanced statistical techniques, the authors manage to infer critical
information from single trial single cell data.

(2) The question of which aspect of a spike train is signal and which is noise is omnipresent in
neuroscience. By improving our ability to characterize the distinct factors that shape spiking
activity, this work makes a fundamental contribution to the literature.

Weaknesses:

(1) The work is entirely focused on single cell data. While this is a great starting point,
expanding the approach to spiking activity in neural populations is an important future goal.
The discussion lays out a roadmap towards this goal.

Comments on revised version.

I thank the authors for their sincere engagement with the reviews. They have addressed all
issues I had raised. I found the first version of the manuscript already impressive. The
revised version is a bit clearer about the exact relationship to some prior work and now
documents additional new findings that validate the successful partitioning of signal and
noise and directly connect stimulus-induced variability quenching to the stabilization of the
latent gain signal. This makes it a really great paper.

https://doi.org/10.7554/eLife.109719.2.sa2

Reviewer #2 (Public review):

Summary:

Neurons have varied responses to external stimuli that cannot be explained by naive Poisson
models. Previous work has quantified and partitioned higher-than-Poisson variability in the
brain into different components. The authors improve on these methods to infer how both
the stimulus drive and internal gain dynamics impact neuronal variability continuously in
time. The clean and well-reasoned model is rigorously developed and then applied to neural
data across the visual hierarchy. This lends new insights into how variability is partitioned,
agreeing with and extending previous work on how that variability changes from early visual
areas (LGN, V1) through to higher, motion-sensitive areas (area MT). Another key
contribution is that this partitioning can be fully addressed as a continuous-time process,
which allows for dissection of how the timescale of fluctuations in these two components
changes across the brain's processing arc.

Strengths:

(1) The model is cleanly derived and thoroughly documented, including useable code shared
in a GitHub repo. This makes the method immediately portable to other neural systems.
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(2) The figures and writing are clear and understandable and all pieces of the derivations are
included in the main text and supplementary information.

(3) Comparisons to other models, particularly the one from Goris et al., 2014 shows how this
Continuous Modulated Poisson (CMP) model outperforms previous work.

(4) New insights about how variability partitioning changes across the visual stream from
LGN to MT are revealed, including how the gain fluctuates on longer timescales in higher
visual areas. Another key result about the anticorrelation between the variance in stimulus
drive and gain fluctuations comports with theories about how neurons maintain efficient,
reliable encoding.

(5) In addition to the results reported here, this work will serve as an excellent tutorial for
students and postdocs first delving into the sources of variability in the brain.

Weaknesses:

(1) The work builds off previous studies of the partitioning of variability in the brain, but
provides important new extensions as noted above. Sub-poisson variability cannot be
addressed in the current framework, but ideas for extensions are included in the Discussion.

Comments on revised version.

The revisions have thoroughly addressed my previous comments and concerns and the
paper's clarity and scope have improved.

https://doi.org/10.7554/eLife.109719.2.sa1

Author response:

The following is the authors’ response to the original reviews.

In the revised manuscript, we have expanded the real-data analyses, clarified the
relationship between CMP and prior modulated Poisson models, and added discussion of
model limitations and future extensions. In summary, the major changes include:

(1) We revised the Introduction, Results, Methods, and Goris-model appendix to clarify the
relationship between CMP and prior modulated Poisson models. In particular, we now
emphasize that the key distinction is CMP’s continuous-time stochastic gain process.

(2) We moved the simulation-based recoverability analysis from Appendix 3 into the main
Results section (Figure 3 in the revised manuscript), making the validation of the inference
procedure more visible to readers.

(3) We added new analyses of the inferred gain process. Specifically, we now show the cross-
trial gain mean and cross-trial gain variance in Figure 4A to assess whether gain captures
stimulus-locked structure, and we added an analysis of pre- versus post-stimulus cross-trial
gain variability in Figure 4C to test for gain-variability quenching during stimulus
presentation.

(4) We clarified the definitions and implementation of the Baseline Poisson, Poisson-GP, and
Goris-style comparison models, including the role of the smoothness prior on the stimulus
drive.

(5) We expanded the Discussion to describe future extensions to population recordings,
including a GPFA-inspired extension with low-dimensional shared gain activity across
neurons.
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(6) We added a Discussion paragraph clarifying that the current CMP model captures Poisson
and super-Poisson variability, but not sub-Poisson variability, and outlined possible
extensions using spike-history terms, renewal-process likelihoods, or alternative count
distributions.

eLife Assessment

This work of fundamental significance introduces a novel statistical model of spiking
activity that incorporates continuous−time gain modulation. The authors provide
exceptional evidence that the model outperforms earlier approaches and alternative
candidates in capturing spiking responses across multiple visual areas in the macaque.
Beyond its methodological contribution, the study offers new insights into how
stimulus−driven variability and internally generated gain fluctuations evolve over time
and between brain areas. The framework is likely to find broad application beyond the
datasets examined here.

We sincerely thank the Senior Editor, Reviewing Editor, and both reviewers for their careful
evaluation and constructive feedback. We are encouraged by the positive assessment of the
work and by the recognition of its methodological and conceptual contributions. We
especially appreciate the acknowledgement that the continuous-time formulation provides a
useful framework for modeling gain modulation in spiking activity, improves upon earlier
approaches in capturing responses across multiple visual areas, and offers new insights into
how stimulus-driven variability and internally generated gain fluctuations evolve over time
and across brain regions.

In the revised manuscript, we have addressed the reviewers’ comments by clarifying the
relationship between CMP and prior modulated Poisson models, strengthening the
presentation of the simulation-based recoverability analysis, adding new validation analyses
of the inferred gain process, and expanding the Discussion of model scope, limitations, and
future directions. In particular, we now more clearly distinguish the continuous-time gain
process in CMP from Goris-style models with constant or piecewise-constant gain, move the
simulation recoverability analysis into the main Results, examine trial-averaged inferred gain
and gain-variability quenching, clarify the definitions of the baseline and comparison
models, and discuss extensions to population recordings and sub-Poisson variability.

We believe these revisions improve the clarity, rigour, and scope of the manuscript. Below,
we address each reviewer comment in turn and describe the corresponding changes made in
the revised manuscript.

Public Reviews:

Reviewer #1 (Public Review):

Summary:

In this manuscript, Rupasinghe and co−authors introduce a new statistical model for
spiking neurons. Building on earlier work, they propose to model spikes as arising from a
Poisson process whereby the firing rate is the product of stimulus drive and
astimulus−independent gain signal. The critical innovation of this work is that the gain
signal is modeled in continuous time. Earlier explorations of this statistical construction
treated the gain−signal as constant within a trial. This innovation is elegant and
important. It makes the model richer, more plausible, and more broadly applicable. The
authors show that the model parameters are recoverable from realistic amounts of data
and then apply the framework to previously studied datasets. They show that the new
model outperforms earlier models and alternative candidates in capturing spiking data
across four visual areas of the macaque monkey. Analysis of the model parameters
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replicates some earlier findings and uncovers several new insights. The model and fitting
methods can be broadly applied to partition different types of signals and noise from
spiking data and are likely to be widely adopted in the systems neuroscience community.

Strengths:

(1) Through clever use of advanced statistical techniques, the authors manage to infer
critical information from single−trial single−cell data.

(2) The question of which aspect of a spike train is signal and which is noise is
omnipresent in neuroscience. By improving our ability to characterize the distinct factors
that shape spiking activity, this work makes a fundamental contribution to the literature.

We sincerely thank the reviewer for the thoughtful and detailed evaluation of our
manuscript. We are pleased that the continuous-time formulation and its methodological
contributions were viewed as elegant, important, and broadly applicable. We also appreciate
the reviewer’s recognition that the framework provides a useful way to separate stimulus-
driven and modulatory components of neural variability from single-trial, single-cell data.
The reviewer’s comments helped us improve the precision of our framing, clarify the
relationship between CMP and prior modulated Poisson models, and strengthen the
validation of the inferred gain process. Below, we respond to each point in turn and describe
the revisions made in the manuscript.

Weaknesses:

Overall, I find the work impressive and important. I have a couple of questions and
suggestions.

(1) The work is entirely focused on single−cell data. While this is a great starting point,
expanding the approach to spiking activity in neural populations is an importantfuture
goal.

We thank the reviewer for this important suggestion. We agree that extending the CMP
framework to population recordings is a natural and important direction for future work. In
the present study, we focus on single-neuron responses to establish the continuous-time
model, validate the inference, and characterize how stimulus-driven activity and stochastic
gain fluctuations can be separated at the level of individual cells. However, the same
modeling principles could be extended to simultaneously recorded neural populations by
introducing shared latent structure across neurons. For example, one natural direction would
be to combine CMP with ideas from Gaussian Process Factor Analysis [Keeley et al., 2020],
using low-dimensional shared gain activity to capture population-wide fluctuations, while
retaining neuron-specific stimulus-driven components. Such an extension would allow the
model to capture correlated variability and shared modulatory dynamics across neural
ensembles. In the revised manuscript, we have expanded the Discussion to describe this
possible future extension to population recordings.

To address this comment, we expanded the Discussion (Page 14: lines 473-478) to describe a
possible GPFA-inspired extension of CMP to population recordings.

(2) Line 49−53: These statements seem incorrect to me. The modulated Poisson model ,
as introduced in Goris et al (2014), is a process model that can perfectly be used to
generate spike trains (within a trial, spiking emerges from a Poisson process, which
canbe homogeneous or inhomogeneous). Moreover, the model contains a parameter
thatrepresents the duration of the counting window (delta t). The dependency of over−
dispersion on the size of the time bins for real neurons is shown in Figure 1b (inset plot)
of that paper (and shown to resemble the model prediction). This time− dependency was
further explored by the same authors in Goris et al (2018 − Journal ofVision) and also in
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Henaff et al (2020 − Nature Communications). I suggest that the authors rephrase this
argument (here and at some later points in the paper). They could just say that the Goris
model makes the simplistic and implausible assumption that, within a given trial, gain
does not fluctuate. This is clearly an important limitation and the key difference with the
continuous model introduced here.

We sincerely thank the reviewer for identifying this lack of clarity in our original description.
We agree that our original description was not sufficiently precise. The modulated Poisson
model introduced by Goris et al. (2014) is indeed a generative process model and can be used
to generate spike trains, with spiking arising from a Poisson process that may be
homogeneous or inhomogeneous within a trial. We apologize for implying otherwise.

Our intended point was that, in the original formulation, the modulatory gain is represented
as a scalar random variable associated with a counting window or trial, and therefore does
not explicitly model gain as a continuously time-varying process within a trial. Thus, the key
limitation addressed by CMP is not the use of a Poisson process, but the assumption that gain
is constant or piecewise constant over the relevant interval.

In the revised manuscript, we have rephrased the Introduction to clarify this distinction. We
now describe the Goris model more accurately as a modulated Poisson framework in which
gain is constant over the counting window, and we emphasize that CMP extends this
framework by replacing this assumption with a continuous-time stochastic gain process. We
have also added discussion of related time-dependent analyses and extensions [Goris et al.,
2018, Hénaff et al., 2020], as thoughtfully suggested by the reviewer.

In addition, we revised the Results and Methods to clarify how the Goris-style baselines were
implemented in our comparisons. Specifically, all Goris-style results reported in the main
model comparisons use versions with a smoothness prior on the stimulus drive, where the
stimulus-dependent firing rates are set to the smooth firing-rate estimates obtained from the
Poisson-GP model. This ensures that the comparisons focus on different assumptions about
the temporal structure of the gain process, rather than differences in stimulus-drive
estimation. We also clarified the comparison to Goris-style variants without this smoothness
prior, in which the stimulus-drive parameters are estimated directly under the corresponding
Goris-style likelihood (Figure 5 - figure supplement 2). These results show that the
smoothness prior on the stimulus drive substantially improves model performance. Finally,
we revised the Figure 1 caption and the Goris-model appendix to make these distinctions
explicit.

To address this comment, we revised the Introduction (Pages 2-3: Lines 49-77), Results (Page
9: Lines 263-266, 273-277, Page 11: Lines 319-326), Methods (Page 21), Figure 1 caption, and
Goris-model appendix to clarify that CMP extends the Goris framework by modeling gain as a
continuously time-varying process within trials.

(3) Line 54−55: I think the first part of the claim is a bit misleading. There is nothing in
the Goris model that would inherently limit it to homogeneous Poisson processes, as
seems to be implied by this description. The model is built on the assumption thatspike
generation within a trial arises from a Poisson process. This may very well be an
inhomogeneous Poisson process (i.e., a stimulus−dependent time−varying firing rate).
Homogeneous and inhomogeneous Poisson processes both give rise to Poisson
distributed spike counts (and thus a mixture of Poisson distributions across trials in the
Goris model). I suggest the authors clarify this description a bit. Note that the two model
variants illustrated in Figure 1b and c were also explored in Henaff et al (2020 − Nature
Communications).

We thank the reviewer for this helpful clarification. We agree that the Goris model is not
limited to homogeneous Poisson spiking and can incorporate a stimulus-dependent, time-
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varying firing rate within trials. We did not intend to imply otherwise, and we have revised
the relevant text to avoid this misunderstanding.

Our intended point was that, in formulating continuous-time extensions of the modulated
Poisson framework, we explicitly model the time-varying stimulus drive using a smoothness
prior, as in the CMP framework, and then consider different assumptions about the temporal
structure of the gain process, including constant gain and independently resampled gain
across time bins. This highlights the distinction between piecewise-constant gain assumptions
and the fully continuous gain process introduced in CMP.

In the revised manuscript, we have clarified this distinction in the Introduction, Results, and
Methods. We now state that the Goris-style variants use stimulus-dependent, time-varying
Poisson firing rates, and that the main difference between these variants and CMP lies in the
temporal structure assumed for the gain process. We have also acknowledged related
variants explored in Goris et al. [2018] and Hénaff et al. [2020], and clarified that our
continuous-time formulations of the Goris model differs by imposing a smoothness prior on
the stimulus drive. This allows us to estimate a regularized time-varying stimulus component
while comparing different assumptions about gain dynamics, ensuring that the comparison
focuses on the temporal structure of the gain process rather than differences in stimulus-
drive estimation. We also highlight in Figure 5 - figure supplement 2 that even for the Goris-
style models, versions that use a smoothness prior on the stimulus drive outperform versions
that do not, which are closer to the original modulated Poisson formulation.

To address this comment, we revised the Introduction (Pages 2-3: Lines 49-77), Results (Page
9: Lines 263-266, 273-277, Page 11: Lines 319-326), Methods (Page 21) to clarify that the Goris-
style variants allow stimulus-dependent time-varying firing rates and differ from CMP
primarily in their assumptions about gain dynamics. We also added citations to related time-
dependent extensions of the modulated Poisson framework.

(4) The extension to the continuous case is very elegant!

We thank the reviewer for the positive comment and are pleased that the continuous-time
formulation was viewed as elegant.

(5) I find the result shown in Appendix 3 critically important. The recoverability of the
model for realistic amounts of data is foundational for the rest of the paper. I
wouldconsider including this analysis in the main results section. Not all readers may
check Appendix 3, but they should know about this result.

We thank the reviewer for emphasizing the importance of this result. We agree that
demonstrating parameter recoverability is foundational to the paper and should be visible to
readers in the main Results section. In the revised manuscript, we have moved the
simulation-based validation from Appendix 3 into the main Results. This section now
describes the synthetic CMP dataset, the inference procedure used to estimate the latent
stimulus-drive and gain processes, and the comparison between true and inferred GP
hyperparameters. These results show that the proposed inference framework can accurately
recover the ground-truth stimulus drives, gain processes, and hyperparameters from realistic
amounts of simulated data.

To address this comment, we moved the simulation-based recoverability analysis from
Appendix 3 into the main Results section (Page 6: Lines 200-211 and Figure 3).

(6) Figure 3: I am wondering whether the inferred gain is capturing some response
fluctuations that originate from the cell’s phase−selectivity. Could the authors compute
the trial−averaged inferred gain (ideally, aligned to stimulus−phase at the start of the
trial if this experimental parameter varied across repeats)? If they have successfully
partitioned the response variance, the trial−averaged gain should have no systematic
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temporal structure. If it has a sinusoidal modulation, it may partially capture
stimulus−drive. This could be an interesting test to run on all model fits to further
validate that the partitioning into a signal and noise component succeeded as intended.

We thank the reviewer for this insightful suggestion. We agree that verifying that the inferred
gain does not capture stimulus-driven structure is an important validation of the model. In
the revised manuscript, we have added the trial-averaged inferred gain to Figure 4A for the
example neuron. This analysis shows that the trial-averaged inferred gain is relatively flat
and neither resembles the inferred stimulus drive nor exhibits clear stimulus-locked
temporal structure. This suggests that trial-specific gain fluctuations largely average out
across repeats, consistent with the interpretation that the gain process captures random trial-
to-trial variability rather than stimulus-driven activity.

We also note that a direct comparison of this inferred gain trace across methods is not
possible for the Goris-style baselines, because these models do not infer a continuous trial-
specific gain process. Instead, they marginalize over scalar or time-bin-independent gain
variables when computing likelihoods and Fano factor curves. Thus, the trial-averaged gain
diagnostic is specific to the CMP model, where the posterior over the continuous-time gain
process is explicitly inferred.

To address this comment, we added the trial-averaged inferred gain to Figure 4A and
clarified that it does not show a clear stimulus-locked temporal structure (Page 7: Lines 229-
236).

(7) One common observation that is currently not explored is the quenching of neuronal
response variability following stimulus onset (Churchland et al 2010 −
NatureNeuroscience), which was suggested to reflect a quenching of gain variability in
Goris et al (2024 − Nature Reviews Neuroscience). Building on the previous suggestion,
the authors could compute the temporal evolution of cross−trial gain variability from the
inferred gain traces. Do they recognize a reduction in gain variability following stimulus
onset? If so, it would be worthwhile to show this.

We sincerely thank the reviewer for this valuable suggestion. We agree that examining
whether gain variability decreases following stimulus onset provides an important test of the
inferred gain process. In the revised manuscript, we have added an analysis of the temporal
evolution of cross-trial gain variability before and after stimulus onset.

First, in Figure 4A, we now show the cross-trial variance of the inferred gain for the example
neuron. This trace shows larger gain variability during the stimulus-off period and a
reduction following stimulus onset, suggesting that the inferred gain captures a stimulus-
related quenching of trial-to-trial variability. To quantify this effect across the population, we
also added a pre- versus post-stimulus comparison in Figure 4C. Following the approach of
Churchland et al. [2010], we compared gain variability in two matched 400-ms windows: a
pre-stimulus window ending at stimulus onset and a stimulus-period window beginning 100
ms after stimulus onset. For each neuron and stimulus condition, we computed the cross-trial
variance of the inferred gain at each time bin, averaged this quantity within each window,
and then compared the pre- and post-stimulus values across neuron-stimulus pairs.

This analysis revealed a significant reduction in inferred gain variability following stimulus
onset (one-sided paired Wilcoxon signed-rank test, p≤ 10−15), consistent with gain variability
quenching [Churchland et al., 2010, Goris et al., 2024]. We now report this result in the main
text and illustrate it in Figure 4A and Figure 4C. This provides additional evidence that the
inferred CMP gain captures meaningful trial-to-trial variability and its temporal modulation
around stimulus presentation.

To address this comment, we added the cross-trial gain variance trace to Figure 4A and a
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population-level pre- versus post-stimulus gain-variability quenching analysis (Page 7 and 8:
Lines 239-248) in Figure 4C.

(8) Line 543−565: I want to make sure I understand the Baseline Poisson model and
Poisson−GP correctly. For the baseline model, I had imagined that the authors would
simply use the stimulus−conditioned PSTH as an estimate of the time−dependent firing
rate, coupled with an inhomogeneous Poisson process assumption. But they additionally
assume a Gamma prior on the firing rate to compensate for the sparsenessof the data
(sometimes only 5 repeats per condition). The Poisson−GP includesexactly the same
model components, but now the time−dependent firing rate is modeled by a Gaussian
process. Doing this massively improves the goodness−of−fit (Fig 4A). Do I understand this
correctly?

We thank the reviewer for this careful reading. Yes, this understanding is broadly correct,
and we have revised the manuscript to clarify the relationships among the Baseline Poisson,
Poisson-GP, and Goris-style models. The Baseline Poisson model estimates a stimulus- and
time-dependent firing rate independently for each stimulus condition and time bin, using a
Gamma-Poisson formulation to regularize the estimate when the number of repeats is
limited. The Poisson-GP model uses the same conditionally Poisson observation model, but
replaces these independent time-bin-wise rate estimates with a smooth stimulus-specific
Gaussian process model for the log firing rate.

We have also clarified how the Goris-style models were implemented. All Goris-style results
reported in the main model comparisons use versions with a GP prior on the stimulus drive.
In these versions, the stimulus-dependent firing rates are set to the smooth firing-rate
estimates obtained from the PoissonGP model, and the gain parameters are then fit under
either the independent-gain or constant-gain assumptions. We used these GP-smoothed
versions as stronger baselines. In Figure 5, Figure Supplement 2, we additionally compare
these models to Goris-style variants without the GP prior on the stimulus drive, in which the
stimulus-drive parameters are estimated directly under the corresponding Goris-style
likelihood. This comparison shows that adding a GP smoothness prior to the stimulus drive
substantially improves held-out model fit. Together, these analyses clarify that the GP-
smoothed stimulus drive improves the Goris-style baselines, while the continuous-time gain
process in CMP provides an additional improvement by capturing temporally structured
trial-to-trial variability.

To address this comment, we clarified the definitions of the Baseline Poisson, Poisson-GP, and
Goris-style models (Pages 8-9: Lines 255-259, 263-266, 273-277), and revised the text (Page 11:
Lines 319-326) describing Figure 4 - figure Supplement 2 to make explicit how this existing
comparison isolates the effect of the GP prior on the stimulus drive.

Reviewer #2 (Public Review):

Summary:

Neurons have varied responses to external stimuli that cannot be explained by naive
Poisson models. Previous work has quantified and partitioned higher−than−Poisson
variability in the brain into different components. The authors improve on these methods
to infer how both the stimulus drive and internal gain dynamics impact neuronal
variability continuously in time. The clean and well−reasoned model is rigorously
developed and then applied to neural data across the visual hierarchy. This lends new
insights into how variability is partitioned, agreeing with and extending previous work on
how that variability changes from early visual areas (LGN, V1) through to higher,
motion−sensitive areas (area MT). Another key contribution is that this partitioning can
be fully addressed as a continuous−time process, which allows for the dissection of how
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the timescale of fluctuations in these two components changesacross the brain’s
processing arc.

Strengths:

(1) The model is cleanly derived and thoroughly documented, including usable code
shared in a GitHub repo. This makes the method immediately portable to other neural
systems.

(2) This is a clear and well−presented piece of work. The figures and writing are clear and
understandable, and all pieces of the derivations are included in the main text and
supplementary information.

(3) Comparisons to other models, particularly the one from Goris et al., 2014 shows how
this Continuous Modulated Poisson (CMP) model outperforms previous work.

(4) New insights about how variability partitioning changes across the visual stream
from LGN to MT are revealed, including how the gain fluctuates on longer timescales in
higher visual areas. Another key result about the anticorrelation between the variance in
stimulus drive and gain fluctuations comports with theories about how neurons maintain
efficient, reliable encoding.

(5) In addition to the results reported here, this work will serve as an excellent tutorial for
students and postdocs first delving into the sources of variability in the brain.

We sincerely thank the reviewer for the thoughtful and positive assessment of our work. We
are pleased that the model development, empirical analyses, and presentation were viewed
as clear, rigorous, and useful for the broader neuroscience community. We also appreciate
the reviewer’s recognition that the continuous-time formulation meaningfully extends prior
variability-partitioning approaches by allowing stimulus drive and internal gain dynamics to
be characterized across temporal scales. The reviewer’s comments helped us further clarify
the positioning of the work, expand the Discussion of model scope and limitations, and better
articulate future extensions. Below, we address the specific suggestions raised by the
reviewer and describe the revisions made in the manuscript.

Weaknesses:

The work is somewhat incremental, building on previous studies of the partitioning of
variability in the brain, but it provides important new extensions, as noted above.

Regarding the comment on incremental contribution, we agree that our framework builds
directly on previous variability-partitioning approaches, especially the modulated Poisson
framework of Goris et al. However, the main goal of this work is to move this class of models
from a count-based formulation to a continuous-time spike-train framework. This extension
is important because it allows us to model gain as a temporally structured latent process,
characterize how variability depends on the timescale over which spikes are counted, and
infer the temporal covariance structure of stimulus-independent fluctuations. In addition, the
CMP framework provides analytic expressions for the Fano factor as a function of bin size,
introduces the EPL covariance function for slowly decaying gain dynamics, and enables
direct comparisons of gain amplitude and timescale across visual areas. In the revised
manuscript, we have clarified this positioning and emphasized how CMP extends prior
variability-partitioning models while preserving their interpretability.

To address this comment, we revised the Introduction (Pages 3-4: Lines 108-111 and Lines
118-121) and Discussion (Page 13: Lines 425-429) to clarify better how CMP builds on prior
variability-partitioning models while extending them to continuous-time spike-train data.
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The only major gap I would suggest addressing in the Discussion is the observation of
sub−Poisson variability in the brain. It seems clear that this model can extend to sub−
Poisson variability and its partitioning and perhaps even show how that varies in real
time, with an animal’s attentional state. That is, of course, beyond the scope of the
current work, but could be mentioned in the Discussion.

We thank the reviewer for this suggestion. We agree that sub-Poisson variability is an
important phenomenon observed in neural data. Because the CMP model uses a conditionally
Poisson observation model with stochastic gain modulation, it naturally captures Poisson and
super-Poisson variability but does not generate sub-Poisson spike count statistics in its
current form. In the revised manuscript, we have clarified this limitation in the Discussion
and outlined possible extensions that could address sub-Poisson variability, including spike-
history terms, renewal-process likelihoods, and alternative count distributions [Truccolo et
al., 2005, Paninski et al., 2007, Aghamohammadi et al., 2024]. We also note that such
extensions could allow future models to examine how sub-Poisson and super-Poisson
components vary with behavioral state, attention, or arousal.

To address this comment, we added a Discussion paragraph describing the current model’s
limitation for sub-Poisson variability and possible extensions to capture it (Page 14: Lines
460-471).
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