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This valuable study describes a simple and robust approach for estimating information-
limiting noise by splitting neural populations and comparing estimator values. The
authors report more accurate and robust results compared to previous methods. The
evidence for the robustness of the method is currently incomplete; some concerns
regarding bias need to be resolved, and additional tests need to be provided on how the
number of trials and neurons affect performance.

https://doi.org/10.7554/eLife.111658.1.sa3

Abstract
Understanding how correlated neural noise affects neural population coding is a basic question in
computational and systems neuroscience [1, 2, 3, 4]. Recent theoretical work suggests that shared
noise along the stimulus encoding direction is the primary factor that limits information encoding
(i.e., information-limiting noise) [5, 6]. Despite this theoretical insight, it has been difficult to test it
experimentally due to the challenges in inferring information-limiting noise from neural data. To
overcome this challenge, we have developed a method (i.e., split-trial analysis) to partition the
noise in a neural population into information-limiting noise vs. non-information-limiting
components. Our method is simple to implement, yet it is highly effective given a limited amount
of data. Results from extensive numerical simulations show that split-trial analysis substantially
outperforms existing methods in accuracy, efficiency, and robustness. Applications of split-trial
analysis to a number of neurophysiological datasets reveals insights into the precision of the
neural codes for several systems. First, it reveals a substantial amount of information-limiting
noise in the mouse head direction system. Second, it uncovers a small yet positive information-
limiting noise in the orientation code in mouse V1. Third, we discover that the information-
limiting noise in the macaque pre-frontal cortex is highly consistent over time during a simple
saccade task. Split-trial analysis is a general technique that should be widely applicable in
analyzing the properties of neural population codes.

Introduction
Neural noise is correlated among neurons [1, 2, 7]. Noise correlations (NCs) can vary depending on
task conditions [3, 8, 9, 10, 11], and may inform network computations [4, 12, 13, 14]. One
important question has been whether the presence of NCs would benefit or diminish neural
coding capacity [15, 2, 16]. Somewhat confusingly, earlier work suggests that NCs can increase or
decrease coding capacity depending on the detailed structure [2, 1, 15, 17, 18, 19, 20, 21]. A unifying
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theoretical view begins to emerge from recent work [5, 12], that is, the key limiting factor for
coding capacity is the shared noise along the stimulus encoding direction (which we will refer to
as the information-limiting noise).

Despite this important theoretical insight, it remains difficult to measure information-limiting
noise experimentally, due to its potentially small magnitude and the presence of other forms of
non-information-limiting NCs [5]. While some recent studies reported substantial information-
limiting noise in neural systems [22, 23, 24, 25, 26], others have found the opposite [27]. One
existing approach relies on empirical estimates of Fisher information, then extrapolating to infer
the information limit of large populations [23, 25]. However, direct estimation of Fisher
information [28] requires estimation of the noise covariance matrix, which is difficult given the
limited number of trials in most experiments. An alternative approach is to decode the stimulus
and then use the Cramer-Rao bound [29] to convert the magnitude of the decoding error into an
estimate of Fisher information [5]. However, prior methods require a large number of neurons
and trials, and thus are severely limited in practice.

To address this problem, we have developed a method for inferring information-limiting noise
based on splitting an individual trial into multiple sub-trials. This split-trial analysis method
creates multiple repeated measurements within a single trial so that one can dissect (i) the noise
shared by all neurons (a proxy of information-limiting noise) and (ii) the noise private to a subset
of neurons. Numerical simulations reveal that split-trial analysis substantially outperforms
existing methods in its sample efficiency, accuracy, and robustness. Applications of split-trial
analysis to neural population recordings reveal a substantial amount of information-limiting noise
in the mice head direction system, and a small amount of information-limiting noise in mice V1. It
also reveals the temporal structure of information-limiting noise in the macaque prefrontal cortex
during a simple saccade task.

Accurate and efficient inference of information-limiting noise
using split-trial analysis
The key idea of the proposed split-trial analysis is to create repeated measurements within a single
trial by splitting the neural population into non-overlapping subsets. By decoding the neural
activity from the two splits, one can partition the errors into those caused by shared noise across
the two splits and the noise private to each split (Fig. 1a     ). Concretely, suppose that a stimulus
variable θ is encoded in a large population of neurons from which we were able to measure the
response of 2N neurons. We first split the neural population into two halves, then perform
decoding analysis on each split (e.g., using Bayesian decoding). For a given stimulus θ, denote the

decoded stimulus from the two splits as , respectively. Intuitively, if the decoders across the
two subsets are perfectly correlated, the decoder constructed based on all neurons will behave
identically to the decoder based on each subset, thus doubling neurons used in decoding would
not change the estimate or reduce the decoding errors. This implies that the decoding errors come
from information-limiting noise. In the other extreme, if the estimates from the different splits are
independent, there is likely no information-limiting noise– if there were, such shared noise would
lead to positive correlation in the decoding errors of the two splits. Thus, we expect that the
corelation of the decoders from the splits should reflect the magnitude of the information-limiting
noise. Formally, through mathematical analysis (see Methods and SI Sections B & C), we find that
the information-limiting noise can be estimated from a surprisingly simple estimator, i.e., the

covariance of the two decoders Cov .

We illustrate split-trial analysis by simulating and analyzing three neural population codes (Fig.
1b     ). Code 1 is a standard neural population code with independent Poisson spiking noise. For
Code 2, population-wide gain fluctuations [30, 31] (which is non-information-limiting) was added,
that is, the response gain of neurons increases or decreases together on a trial-by-trial basis. For
Code 3, information-limiting noise was added by injecting noise (σ = 5 deg) to the stimulus. Despite
that both Code 1 and Code 2 have no information-limiting noise, their NCs are markedly different
(comparing Fig. 1c      and Fig. 1f     ). In contrast, Code 1 and Code 3 have different information-
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Figure 1. Split-trial analysis recovers information-limiting noise.
(a) Overview of split-trial analysis. The neural population is first partitioned into two halves, which are both used to train
individual decoders on the same set of trials. The decoding errors from both decoders are then leveraged against each other
to separate shared (information-limiting) noise from noise that is private to each split. (b) Simulation pipeline for evaluating
the methods. (c,d,e) In this case, we construct a neural population code (Code 1) based on tuning curves and Poisson spiking
noise. (c) shows the distribution of the noise correlations, which is centered around 0. (d) shows the scatter plot of the two
decoders from the two splits. (e) The inferred variance of the information-limiting noise for split-trial analysis and a naive
estimator based on direct decoding. The ground truth information-limiting noise is 0 in this case. (f,g,h) Similar convention as
(c,d,e), but for a neural population code (Code 2) specified by tuning curves, Poisson spiking noise, and a population-wide
gain fluctuation. No information-limiting noise is added. (i,j,k) Similar convention as (c,d,e), but for a neural population code
(Code 3) specified by tuning curves, Poisson spiking noise, and non-zero information-limiting noise (σ = 5 deg) added through
corrupting the stimulus.
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limiting noise, yet their distributions of NCs are similar (comparing Fig. 1c      and Fig. 1i     ). These
results show that the magnitude of NCs may not determine the information-capacity of a neural
population code, consistent with the results in [5]. Crucially and central to our claim, these
simulation results also suggest that the correlation of the decoders from the two splits strongly
reflects the magnitude of the information-limiting noise (Fig. 1d,g,j     ). When information-limiting
noise is absent (Code 1 and Code 2), the two decoders are largely uncorrelated. In the presence of
information-limiting noise, the two decoders exhibit a strong positive correlation (Fig. 1j     ; also
see Fig. S1      and Fig. S2     ).

Using simulated responses from these codes, we next benchmark the performance of our split-trial
estimator against an existing method proposed in [5], for which the information-limiting noise is
estimated based on a cross-validated decoder. We find that, for cases with zero information-
limiting noise, estimates from the split-trial analysis are generally centered around 0 (Fig. 1e,h     ).
Estimates from split-trial analysis can be smaller than 0 – this is a feature of our method and is
important for an unbiased estimate of the variance of the information-limiting noise. In contrast,
the estimated noise based on existing method is consistently larger than 0, and is thus heavily
biased. When the information-limiting noise is non-zero (Fig. 1k      and Fig. S2     ), our method is
able to accurately recover its magnitude.

While the variance of information-limiting noise is of interest, for some applications, it may also
be useful to infer its entire distribution, based on which various statistics (such as median absolute
error, standard deviation) can be extracted. This may be particularly relevant when the
distribution of information-limiting noise is heavy-tailed. We further developed a method to
extract the entire distribution of information-limiting noise based on a deconvolution approach
(see Methods and Fig. S3     ).

Generalization to binary estimation tasks
In addition to continuous estimation tasks, information-limiting noise have been studied in binary
classification tasks [22, 23], a classical paradigm in psychophysics and neuroscience [32]. Suppose
that we observe the neural activity corresponding to a pair of stimuli θ1 and θ2. One can ask how
well one can discriminate the two stimuli (i.e., d-prime) from the response of a large neural
population. The split-trial analysis can be generalized to this setting. The idea is to split the
population into two sub-populations, and then apply a classifier to each sub-population to extract
the decision variables for classification. These decision variables play similar roles as the decoders
in the continuous case described earlier. We develop techniques that use the covariance of the
decision variables from the two splits to estimate the information-limiting noise.

We benchmark the performance of our method and three existing methods [5, 23, 22] for
estimating the magnitude of information-limiting noise in binary-classification tasks. The first
baseline method [5] provides a naive estimate of the d-prime using linear classifiers with all
neurons available. The second method [22] first performs dimensionality reduction, and then
calculates the noise covariance, based on which the d-prime is estimated. The third method [23]
directly estimates the generalized Fisher information based on noise covariance, and then relies
on extrapolation to infer the information-limiting noise. Based on extensive numerical simulations
by varying the number of trials, neurons, and the ground truth d-prime values, we find that the
split-trial analysis can more efficiently and reliably recover the ground truth. Fig. 2      shows
example results from these numerical simulations (more results based on a range of other sample
sizes are shown in Fig. S4     ). When neural variability is dominated by large information-limiting
noise (Fig. 2a,d     ), estimating information-limiting noise is relatively easy. All four methods
(including the naive method) perform well when d-prime is equal to 2. As the information-limiting
noise becomes smaller, the problem becomes more difficult. For these more challenging cases,
only our method can reliably infer the information-limiting noise with a sample of 500 per
stimulus. The naive method [5] and dimensionality-reduction method proposed in [22]
substantially underestimate the magnitude of information-limiting noise (Fig. 2e,f     ). The method
based on extrapolation by [23] exhibits substantial instability depending on the number of trials
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and the exact values of ground-truth d-prime values (Fig. 2e,f     ; also see additional results in Figs.
S5     -S7     ). For much smaller sample sizes, split-trial analysis also under-estimates the d-prime
values, but to a lesser extent compared to other methods.

Application 1: information-limiting noise in head direction system
in mice
We first apply our method to study the head direction system [35], which encodes the brain’s
internal compass in multiple species [36, 37]. The head direction system has been modeled using
continuous attractor networks [38, 39, 40]. This type of model predicts that neural activity forms
an activity bump and that neural noise manifests itself as coherent shifts along the ring manifold
(Fig. 3a     ), thus predicting the existence of information-limiting noise [5] in head direction
system. To test this prediction, we re-analyzed a recently published calcium imaging dataset that
simultaneously recorded 100-200 head direction cells simultaneously in free-moving mice [34].
Prior results based on these data showed that head direction can be decoded with good precision
[34]. However, it remains unclear whether the remaining decoding errors is due to information-
limiting noise or non-information-limiting noise from limited numbers of neurons sampled. This
question is challenging to address given existing techniques and sample sizes. Our method
provides a unique opportunity to address this question.

Using a recently developed Bayesian decoding method for calcium imaging data [41], we first
quantify how decoding errors vary with the number of neurons used in the decoding analysis by
sub-sampling neurons. For most sessions, increasing the number of neurons used leads to a
smaller error (Fig. 3d     ). Even when the number of neurons approaches the largest population
size recorded in individual sessions, there does not appear to be a clear sign of saturation in the
mean squared decoding error. These results suggest that inferring the magnitude of information-
limiting noise using standard decoding analysis is difficult.

We then use the proposed split-trial analysis to analyze these data. We split the recorded neural
population from each session into two halves, and perform decoding analysis on each of the two
subpopulations. We find that the decoding errors between the two splits are only modestly
correlated (Fig. 3e     ), which implies that the decoding error would be further reduced with a
larger population size. Using the covariance of the decoding errors from the two splits to estimate
the information-limiting noise, we find that the standard deviation of the estimated information-
limiting noise is ∼ 8.15 deg (s.d. = 0.74 deg across sessions). Fig. 3b      shows a scatter plot of the
decoding errors inferred from the standard decoding approach and the information-limiting noise
estimated from the split-trial analysis. The results show that, while there is substantial variability
in the decoding error across different sessions, the inferred information-limiting noise is highly
consistent across sessions. Furthermore, within individual sessions, we find that this value is also
highly consistent when the number of neurons used is larger than 50. This observation further
illustrates the robustness of our results. In addition, we used the deconvolution approach to
directly estimate the full distribution of the information-limiting noise. We find that the estimated
MAE is 4.4 deg, which is smaller than the MAE from a Bayesian decoding analysis (∼ 6 deg; [33])
The magnitudes of inferred MAE from split-trial analysis are also highly consistent across sessions
(s.d.=0.61 deg). Together, these results provide strong evidence for the existence of information-
limiting noise in the head direction system. Such information-limiting noise is consistent with the
predictions from continuous attractor models [38, 40, 5].

Application 2: The precision of orientation code in mouse V1
We next study a classic neural code, i.e., the orientation code in the primary visual cortex [42].
Recent studies have led to conflicting results regarding the existence as well as the magnitude of
information-limiting noise in the orientation code of mouse V1 [22, 23, 27]. To further investigate
this question, we apply split-trial analysis to the large-scale calcium imaging data reported in [27],
which typically recorded more than 10,000 neurons simultaneously in individual sessions.
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Figure 2. Benchmarking the performance of split-trial analysis in recovering the ground truth d-prime in
binary classification tasks.

(a) Scatter plot of the decision variable (DVs) for classifiers trained on two separate subpopulations of simulated neural
datasets when d-prime =2. The distributions for each class are shown in gold and purple, and it can be observed that in
higher noise (low d’) regimes, correlation between the two splits is more strongly observed. (b,c) Similar to (a), but for d-
prime =6, 10, respectively. (d) We estimated d’ in simulated data using a variety of different approaches to estimate
information limiting noise, using 500 samples/stimulus, when d-prime =2. (e,f) Similar to (d), but for d-prime = 6 and 10,
respectively.
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Figure 3. Results on head direction cells.
Data reanalyzed from [33].(a) According to the ring attractor model commonly used to model head-direction cells, noise in
the internal compass of the animal should manifest in a way identical to information limiting noise. (b) Histogram displaying
the estimated information-limiting noise σ over 42 head direction population recording sessions from [34]. Decoding was
done using a ZIG decoder as in the original work, and we estimate a mean information-limiting σ of ≈ 8.1 deg. (c) Plotting the
estimated information limiting σ on the x-axis, and the estimate from a naive decoder (such as a Bayesian one) on the y-axis,
we observe that our technique not only reports a generally lower information limit, but also that the variance of our
estimator is substantially lower for this system. (d) Scaling in estimates of information-limiting σ as cell population size varies
in four example sessions for both the split-trial analysis and a naive estimator. (e) 2D histograms of the error density across
two subpopulations for a single iteration used to generate the plots in (d), with Pearson’s correlation value noted.
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In one of the experiments conducted in [27], stimulus orientations were continuously sampled
from the whole circle. We first applied the standard decoding analysis to these data. Consistent
with the report in [27], the mean squared error of the decoded orientation continuously decreases
as the number of neurons used in decoding increases, and goes to about 2 deg when all neurons
are used (typically 10k-20k neurons). However, it remains unclear whether the decoding error has
saturated. We sought to address this question by applying the split-trial analysis to these data
while varying the number of neurons used (Fig. 4c     ). We find that, using 10% of all neurons
recorded in individual sessions, the inferred standard deviation of information-limiting noise is
about 1 deg. The magnitude of the inferred information-limiting noise is largely stable when more
neurons were included in the analysis. Using all neurons, the inferred information-limiting noise
is only slightly reduced. The inferred value of the standard deviation of information-limiting noise
is highly consistent with the 5 sessions (mean= 0.82 deg, sd =0.05 deg; Fig. 4d     ).

We further analyzed a second dataset collected in [27] using a different stimulus sampling
paradigm. In this experiment, orientations of the gratings were densely sampled within a small
range of 4 deg. Applying the split-trial analysis, the results suggest that the information-limiting
noise is around 0.26 deg (sd= 0.04 deg). This is smaller than the magnitude of the decoding error
inferred from the direct decoding approach in [27], but remains larger than 0. We notice that
reliably inferring information-limiting noise is more challenging in this dataset, as evident in the
slightly decreasing trend of inferred information-limiting noise beyond 5,000 neurons (Fig. 4e     ).
This is likely due to the tiny amount of information-limiting noise in this data.

The results based on these two experiments provide evidence for the existence of a small amount
of information-limiting noise in V1. Our inferred magnitudes of the information-limiting noise in
mice V1 are substantially lower than those reported in [22, 23], which are generally larger than 5
deg. One reason for such differences might be the smaller cell counts used in [22, 23] (on the order
∼ 1000 neurons or less) together with the inaccuracy in the estimation of d-prime given the
limited number of neurons. When we apply standard Bayesian decoding using cell counts that are
comparable to [23] and [22] via subsampling the data from Stringer et al [27], the estimated s.d. of
information-limiting noise is generally around 4 deg (Fig. S10     ), which is closer to the values
reported in [23] and [22]. Another contributing factor could be the different paradigms used in
estimating information-limiting noise. In particular, the d-prime values computed based on
discriminating a pair of well separated stimuli may be difficult to link to the s.d. of information-
limiting noise from continuous estimation tasks when the neural response manifold is highly
curved [43].

Application 3: Temporal integration of stimulus information in
frontal cortex
Neural computation involves the integration of information both over neurons and over time. As
most previous studies examined correlated neural noise focused on the effect of integrating
information over neurons in a fixed time window [15, 5], the degree to which temporal integration
affects information encoding remains an important open question [44]. While noise correlations
can be computed for neural activity across time, it remains unclear how they affect temporal
integration for large neural populations. For simplicity, theoretical studies of neural population
coding typically assume independent noise for different time windows, which implies a large
benefit of integrating over a longer period. Empirical studies have examined the effect of temporal
integration for individual neurons, and found that integration over several hundred milliseconds
remains beneficial [45, 46]. However, results obtained from individual neurons or small neural
populations may not generalize to large neural populations. For a large neural population, the
impact of temporal integration on the encoded information should mainly depend on the temporal
dynamics of information-limiting noise. Consider the extreme case that information-limiting noise
for two adjacent time windows is perfect correlated. In this case, integrating over these two time
windows would lead to no improvement in information encoding. Conversely, if information-
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Figure 4. Results on the orientation code in mice V1 from two different experimental paradigms.
Data reanalyzed from [27]. (a) Schematic of the uniform stimulus sampling method. (b) Example scatter plots of the
subpopulation errors for sessions from the static orientation and dense discrimination datasets, respectively. The modest
degree of correlation in both indicates the presence of information-limiting correlations in the considered datasets. Data
from from [27]. (c) An example session’s estimated information-limiting σ plotted against population size for static
orientation and dense discrimination, respectively. (d) The estimated information-limiting σ for the static orientation and
dense discrimination datasets, taken at the full population sizes for each session. One session was not visualized due to its
large error bar. See Fig. S10      for results for all 6 individual sessions. (e-g). Similar to (a-d), but for another dataset that
densely sample the stimuli from a small range, i.e., [43,47] deg.
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limiting noise at two adjacent timesteps is uncorrelated, temporal integration would substantially
increase the information. So far, the temporal structure of information-limiting noise remains an
open question.

We investigate this question in the context of monkey prefrontal cortex (PFC) when the monkeys
were performing a simple left/right saccade task [25]. Briefly, on each trial (Fig. 5a     ), the monkey
was tasked with fixating on a point in the center of a screen for a variable fixation period (400-
800ms), after which the fixation point would disappear and a stimulus point would appear in
either the animals’ left or right visual field. The animal would then be required to fixate for 500ms
on the stimulus point, before a reward was stochastically delivered on correct trials. Up to 800
neurons in PFC were recorded simultaneously in individual animals during the experiments (n=4
sessions from two monkeys). We focus on neural activity during the 300ms before the reward
period. Performing standard decoding analysis on all neurons recorded, we find that the d-prime
values are close to 7 (mean =6.82, s.d.= 0.8), consistent with the original report in [25]. Examining
the correlation of the decision variables across the two splits, we find that they are only modestly
correlated, which implies that even larger populations may lead to even larger d-prime values.
Applying the split-trial analysis to the neural population response in the 300ms window defined
above, we find that the inferred d-prime values for the four experimental sessions are 13.3, 13.5,
10.2, and 11.2, respectively. These values are substantially larger than those from the standard
binary classification analysis. Meanwhile, they are substantially smaller than the values inferred
in [25] using a method based on extrapolation. The inferred d-prime values are consistent for the
two sessions of individual monkeys (Fig. 5c     ), with monkey V exhibiting larger d-prime values
compared to monkey W.

We next turn to our key question of how correlated noise affects information during temporal
integration. We first applied the standard decoding analysis on neural populations of different
sizes, while varying the time-window of the decoding. We tested a number of time windows,
ranging from 300ms to 20ms with a 20ms decrement (Fig. 5b     ). We find that for small neural
populations (e.g., n=25 cells), d-prime increases substantially with increasing time window. When
n=25, the d-prime values obtained at 300ms are on average 2.3 times larger compared to those
from 20ms. As the number of neurons increases, the benefit of temporal integration reduces.
Applying the split-trial analysis to all neurons recorded in individual sessions, we find that there is
a benefit of temporal integration below 40ms. However, beyond 40ms, there is little improvement
in the information. On average, the d-prime values based on a 40ms window are almost as large as
those obtained from the 300ms window (Fig. 5e     ).

Because the analysis above involves a gradually changing time window, one possible explanation
is that the saturation of information with larger time windows is due to the later period containing
little or no information about the task variable. We perform additional analysis to rule out this
possibility. Specifically, we use split-trial analysis to infer the d-prime values from each of the
fifteen 20ms time windows during the 300ms period we analyzed. We find that there is still
substantial amount of information in the later periods, although the information decreases
modestly (Fig. S15     ). Together, these results suggest that, for this simple saccade task,
information-limiting noise in PFC for the saccade location is highly correlated over time within
individual trials. Given a sufficiently large neural population, each of the 20ms time window
contains highly redundant information. One potential implication of this finding is that, for this
simple saccade task, if the downstream areas have access to a large population of neurons,
integrating the response from PFC over a brief time period is sufficient to transmit most
information about the saccade location.

Discussion
We developed a split-trial analysis method to infer the magnitude of information-limiting noise (or
equivalently, the information capacity) for large neural populations. Split-trial analysis creates
repeated measurements within a single trial, and it enables the partition of the noise of the neural
population (captured by the decoding errors) into shared noise across the two splits and private
noise specific to each split. Our results show that the estimated shared noise across two splits
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Figure 5. Results on the neural code in macaque PFC during a left/right saccade task.
Data reanalyzed from [25]. (a) Schematic of the structure of an individual trial. (b) Schematic of the analysis procedure. We
gradually decrease the length of the time window used for the analysis. For each time window, we inferred the d-prime value
based on split trial analysis and the standard classification analysis (naive approach). (c) Estimated d’ limit for PFC recording
sessions from Bartolo et al., dataset consisted of two animals (labeled ‘V’ and ‘W’) across recording sessions for each animal.
(d) Example DV scatter for a trial from session V1. (e) d-prime values in the limit of infinite number of neurons was estimated
using both the split trial analysis (solid lines) and the naive approach (dashed lines) for increasingly large spike integration
windows for the time period starting 300ms before reward delivery on successful trials. Each plot shows change in d’ limit as
integration window is widened across different total population sizes (colors in legends), normalized by the mean value at the
widest integration window. The curves in this panel indicate that, in this dataset, longer integration times do not
substantively change the split trial method’s estimation of the information limit of the system in this task, as is the case for
the naive approach. This indicates a strong and stable signal of information can be recovered in PFC with as little as 20ms
spike data from the split analysis approach. (f-i) Individual plots for each session, in the same manner as panel (e).As was the
case in panel (e), curves displayed estimated d’ using 25, 50, and all cells recorded in the session.
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provides a surprisingly simple yet effective estimator of the information-limiting noise. While in
this paper we have focused on information-limiting noise, the method can also be used to estimate
the contribution of non-information limiting noise as a by-product for a finite neural population,
which can be estimated by taking the difference between information-limiting noise and total
noise.

The idea of splitting the population into subsets and performing decoding on each subset was
mentioned in [27]. However, it was not recognized that it could be used as an effective way to infer
information-limiting noise. Previously, it was proposed that the decoding errors of the two
subpopulations should be generally correlated in the presence of correlated neural noise [27].
However, we have demonstrated that this is not the case. For example, while shared multiplicative
gain fluctuations lead to large positive correlations in the neural population (Fig. 1f     ), the
decoding errors from the two subpopulations are generally not correlated (Fig. 1g     , Fig. S1     ).
Importantly, we find that the correlation of the decoding errors across the two splits serves as a
signature of the information-limiting noise, rather than arbitrary forms of NCs. This is a critical
insight that was not appreciated previously.

The split-trial analysis does not suffer from severe estimation biases of previous methods. The
standard method [5] based on directly decoding the stimulus overestimates the information
limiting noise for a finite neural population. Our numerical results show that similar concerns
apply to the method in [22], in particular when the information-limiting noise is small.
Furthermore, our results show that a method based on extrapolation [23], while being well
motivated, is unstable in practice. Split-trial analysis method is substantially more robust than
these prior methods, and remains generally stable for different numbers of trials and neurons.
One exception is that, when only a small number of trials are available to infer a large d-prime,
split-trial analysis exhibits an under-estimation. Interestingly, we did not observe such biases for
continuous estimation tasks. It is possible that a refined version of split-trial analysis may remove
these biases when estimating d-prime in binary classification tasks.

Application of our methods to neurophysiological data reveals several new insights. First, the
results revealed a substantial amount of information-limiting noise (s.d. ∼ 8 deg in standard
deviation) in the mouse head direction system. The magnitude of this information-limiting noise is
highly consistent in three mice we analyzed. This result is consistent with attractor dynamics, and
provides an example of the existence of substantial information-limiting noise in spatial
navigation system, in additional to recent work on place cells [26]. It remains to be tested whether
head direction systems in other species exhibit similar amounts of information-limiting noise and
whether the information-limiting noise depends on the experimental conditions.

The magnitude of the information-limiting noise inferred from mouse V1 data [27] is substantially
smaller. When the stimuli were sampled continuously over orientation, the standard deviation of
the information-limiting noise is slightly smaller than 1 deg. For the densely sampled dataset, the
information-limiting noise is around 0.2 deg, yet remains larger than 0 deg. These values are
substantially lower than those reported in two recent studies [22, 23]. Although the exact reasons
of this discrepancy remain a subject of further investigation, we consider that the larger
information-limiting noise inferred in [22, 23] could potentially due to a combination of the
following: (i) a smaller number of neurons recorded and used in the analysis (10k v.s 1k); (ii)
coarse sampling of the stimulus in their experimental design; (iii) an overestimation in the
estimated information-limiting noise. Notably, we found evidence for a difference in the
magnitude of the information-limiting noise when comparing the two experimental conditions in
[27]. [27] considered that the difference in the decoding errors was due to the density of the trials
sampled– an effect we also confirmed when downsampling the dense dataset. This difference may
not be fully explained by the number of trials. When we subsample the second dataset (dense
sampling) to match the number of samples in the first dataset (uniform sampling), we find that the
magnitude of the inferred information-limiting noise is about 0.6 deg (Fig. S12     ), which remains
generally smaller than the values inferred from the first experimental condition with uniform
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sampling of the stimuli. This raises the possibility that information-limiting noise may depend on
the task conditions, such as stimulus statistics (i.e., sensory adaptation) and paradigms (i.e., binary
classification v.s. continuous estimation).

Our method opens the door for studying the temporal dynamics of information-limiting noise. This
was a difficult question to study due to the entanglement of information-limiting noise and spiking
noise in neural responses. Applying split-trial analysis to study monkey PFC data collected during
a saccade task shows that temporal integration in PFC has little effect beyond 40 ms when a large
population is involved, unlike what was reported for the cases of individual neurons or small
neural populations [46]. This suggests a large temporal correlation of the information-limiting
noise, i.e., information-limiting noise is highly correlated over time. While our analysis approach
is general, it is possible that this result may be specific to this simple task. For this task, being able
to extract the information from a small time window would potentially be beneficial for making
quick saccade planning. It would be interesting to apply our method to study whether temporal
integration over longer timescales carries more substantial benefits in other decision tasks and
other brain regions. In particular, for tasks that would benefit from longer integration and
deliberation [47, 48], information-limiting noise may be less correlated over time.

One important yet under-investigated question is how the information-limiting noise depends on
task conditions, e.g., attentional states [3] or learning [49]. Having multiple task conditions in a
single experiment necessarily means fewer trials for each condition. The large number of trials
required for inferring information-limiting noise under a given condition severely has limited the
ability to task-dependence of information-limiting noise [50] in previous studies. With split-trial
analysis, the ability to infer information-limiting noise reliably with much fewer trials should
open up exciting opportunities for future experiments that investigate how network computations
affect the capacity of the neural code and and temporal dynamics of information-limiting noise in
neural circuits.

Methods
Simulations
For simulations, the tuning curve of an individual neuron for stimulus variable θ was assumed to
be Gaussian (or von Mises function). For neuron i, the tuning curve is denoted as fi(θ), which is
centered at the neuron’s preferred stimulus θpref,i. The number of cells and tuning width were
generally set for full coverage of the stimulus space. Neural spiking statistics were determined by
the tasks that were being simulated (see below). Stimuli were sampled continuously over the
stimulus range.

Continuous Estimation
When simulating neural activity responses for a continuous estimation task, the response was
generated according to the following model

(1)

(2)

(3)

The neural tuning functions were modeled as von mises distributions centered at their preferred
stimulus with parameter κ determining tuning curve width, parameter A controlling peak rate,
and parameter I0(κ), the modified Bessel function of order 0, is essentially a normalizing factor
that can be omitted for purposes of modeling neural tuning. The information-limiting noise was

𝑓(𝜃) =
𝐴 exp (𝜅 cos (𝜃− 𝜃pref ))

2𝜋𝐼0(𝜅)

𝑓(𝜃) = 𝑔𝑓(𝜃+ 𝛿)

𝑟𝑖(𝜃) ∼ Pois (𝑓𝑖(𝜃)) .
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modeled as a shared input noise term δ ∼ 𝒩 (0, σ) which corrupted the input stimulus shared
across the entire neural population (i.e. δ is the same for each neuron). For some simulations, a
term g ∼ Γ(α, 1/α) is introduced to model the trial-by-trial gain fluctuation.

Discrete Stimuli & Binary Classification
When generating simulated data for binary classification tasks, the neural response was generated
according to the following expressions:

(4)

(5)

(6)

Matrix Σ0 is a covariance matrix for the population with no information-limiting component (i.e. a

minimal projection along the  direction). This matrix was generated by constructing a random
positive semi-definite matrix via Σ0 = UDUT, where U is a randomly drawn orthogonal matrix (in
our case the ortho_group function from the scipy.stats package in Python), and D is a diagonal
matrix determining the eigenvalues of Σ0. The entries of D were drawn from an exponential
distribution with rate parameter one, but the largest values of D were multiplied by a factor of up
to 5 to control for the level of noise correlations present in the neural population. Constructing Σ0
in this way enables one to manipulate non-information-limiting noise in the system directly by
changing columns of U and entries in D. The parameter ϵ is the magnitude of the information
limiting correlations present in the population.

General data analysis pipeline
Continuous stimuli
For neural data (simulated or empirical) which came as a result presentation of continuous-valued
stimuli, we used a naive Bayesian decoder to estimate the stimulus presented for each trial based
on the neural population response [51], assuming neurons are noise independent. The decoded
stimuli were compared to the ground truth to obtain the error for each trial. The decoding errors
were used to perform the split-trial analysis.

Discrete stimuli
In the case of data generated from a discrete stimulus space, as in classical binary classification
tasks, the neural response was used to train an linear support vector machine (SVM), although any
well-trained classifier might suffice. Typically 70% of the data was held out for training and a 5-
fold cross-validation procedure was used on the training data to obtain optimal model parameters.
For the test data, rather than using the choice of decoded stimulus, we obtained the decision
variables by taking the (1-dimensional) distance of each trial to the decision boundary from the
trained SVM. These decision variables were then used to perform the split-trial analysis.

Split-trial analysis
Split-trial analysis begins by partitioning our total population of N neurons into two subsets of N/2
distinct cells each. Then we train decoders on the data from each subset. Let 
be the decoding error for both subpopulations. Here we provide a justification of the covariance
estimator under a simple setting. For more rigorous mathematical justification, see Sections B & C

of the SI. Assume that the decoders  and  are unbiased, i.e., E[Φ1] = E[Φ2] = 0. Further assume
that δ and Φi are all independent. Intuitively, δ describes the shared (information limiting noise)
term, and the Φi’s describe the private noise unique to the individual subpopulations. In fact, the

⃗𝑟 (𝜃𝑖) ∼𝒩(𝑓 ( ⃗𝜃 𝑖) , Σ)

Σ = Σ0 + 𝜖 ⃗𝑓 ′ ⃗𝑓 ′𝑇

⃗𝑓 ′ =
⃗𝑓 (𝜃1)− ⃗𝑓 (𝜃2)

Δ𝜃
.

→
𝑓 ′

𝑋𝑖 = 𝜃𝑖 − 𝜃 = 𝛿+ 𝜙𝑖

𝜃1 𝜃1
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random variables do not need to be gaussian as the following argument only requires they be
mean zero, finite variance, and that they be independent, the assumption of Gaussian distribution
was simply chosen for notational convenience. From this decomposition of the error we can
calculate: X1 + X2 = Φ1 + Φ2 + 2δ; X1 − X2 = Φ1 − Φ2. Because Φ1, Φ2 and δ are independent, Var(X1 +
X2) = Var(Φ1) + Var(Φ2) + 4Var(δ), and Var(X1 − X2) = Var(Φ1) + Var(Φ2). Thus, the variance of the
shared noise (denoted as σ2) can be calculated as 

. This result suggests that one can use Cov(Φ1,
Φ2) to estimate the variance of information-limiting noise.

For a single iteration of the split-trial analysis, the neural population is randomly divided into two
halves by assigning each neuron to one of two subpopulations. Then the decoding error will be
considered X1, X2 for the first and second subpopulations, respectively. We then calculate Cov(X1,
X2) as the estimator for the variance of the information-limiting noise obtained for a single
iteration. Multiple iterations of split-trial analysis can be performed to get a distribution of the
estimated variance of the information-limiting noise, from which the mean and the confidence
interval of the estimated variance (or the standard deviation) of the information-limiting noise can
be obtained.

Discrete extension of split-trial analysis
We develop an algorithm to generalize split-trial analysis to the case of estimating d-prime values
for binary classification tasks. Previous methods [22, 23] have also been developed to infer
information-limiting noise based on binary classification. In this case, the decoding error 

 is no longer available. We find that the decision variables/logits (DVs) returned by the linear
classifier for individual trials can be used similarly to decoded stimuli in the continuous
estimation case. In this setting, the DVs are a measure of a given trials (signed) distance to the
decision boundary, with sign determined by class label. According to the standard one-
dimensional signal detection theory, one assumes that the decision variable for choosing the
stimulus i follows a Gaussian distribution, DVi ∼ 𝒩 (µi, ξ), where i = 1, 2 for each subpopulation.
Under this standard setting, d-prime can be defined as . If these decision variables were

directly extracted from a linear classifier, ξ would contain contribution from both information-
limiting noise and non-information-limiting noise. The key idea is to use split-trial analysis to
isolate the variability of the information-limiting noise.

Specifically, when extended to consider two subpopulations, we have twice as many distributions,
but each DV can fall into only two distinct distributions. We then take the same decomposition as
before to describe DVi = µi + Φi + δ, for a given subpopulation and trial, and a similar calculation as
described previously enables us to leverage shared variability in both neural population’s DVs to
estimate the shared information limiting noise in the decision space, σ. Let the empirical mean of
the DVs for each split be µi = (µi1, µi2), where, for example µ12 would be the mean of the DVs
corresponding to subpopulation 1, with trials where the stimulus presented was from class 2. In
practice, µi is the empirical mean of the DV’s for each stimulus, e.g. 

. We first normalize both sets of DVs to have the same Δµi = |

µi1 − µi2| (typically normalizing them to both have µi = 1), reflecting our assumption that both
splits are statistically identical. From there we can use the DVs as we treat ‘error’ in the continuous
approach to obtain σi. for subpopulation i, then . The information-limiting
discriminability index (d’) is then calculated: , as we’ve previously normalized the distances

between DVs representing different classes.

Estimating the distribution of information limiting noise using a
deconvolution approach
The distribution of the information-limiting noise may be non-Gaussian, in which case variance
alone may be insufficient to describe the properties of information-limiting noise. We develop an
approach that directly estimated the information-limiting error distribution. Let X1 = δ +Φ1, X2 = δ
+Φ2 be the decoding error for the first split and the second split, respectively. Assume that Φ1 and

𝜎2 = Var(𝛿)

= 1
4 (Var (𝑋1 +𝑋2)−Var (𝑋1 −𝑋2)) = Cov (𝜙1,𝜙2)

𝑋𝑖 = 𝜃𝑖

− 𝜃𝑖

|𝜇1−𝜇2|

√𝜉

𝜇1

= 1
𝑇 (∑𝑇

𝑡∈stim 1𝐷𝑉11,𝑡,∑𝑇
𝑡∈stim 1𝐷𝑉12,𝑡)

𝜎 = 𝜎1+𝜎2

2
1
𝜎
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Φ2 are independent, and furthermore their density functions are symmetric. It follows that X1 + X2
= 2 ∗ δ + Φ1 + Φ2, and X1 − X2 = Φ1 − Φ2. Because Φ1 and Φ1 are independent and symmetric, Φ1 −
Φ2 and Φ1 + Φ2 follows the same distribution. Therefore, the probability density of X1 + X2 is the
result of convolving the density of X1 − X2 and the density of 2δ. This suggests that density of 2δ
can be estimated by solving a deconvolution problem [52]. Note that, for this deconvolution
approach, it is important that the density of the decoding error is symmetric. This assumption of
symmetric error distribution is not required when using the covariance of the decoders from the
two splits to estimate the variance of information-limiting noise.

In our implementation, we assume that the density of 2δ has the form of , which includes
Gaussian density function as an special case. The problem is to find a filter g for which g ∗ (X1 −
X2) = X1 + X2. To find the best fit for the filter g we did a grid search over a and b and fit with least
squares, using the empirical distribution X1 + X2 and X1 − X2 computed based on the decoding
errors of the two splits. The range of exponents, b, and the range of widths, a, were continuously
sampled in the range (0, 3], and (0, 5], respectively. After finding the best filter, we treated it as a
PDF for the information-limiting noise distribution and extracted the standard deviation σ and the
median absolute deviation to characterize the noise for the dataset.

Dataset specific details

Ca2+ Imaging Dataset
In this study [27], calcium imaging was done in V1 for awake, head-fixed mice while they observed
static oriented gratings whose orientations continuously spanned the circle. Analysis of the dataset
followed the procedure laid out in the original author’s report. In short, we performed decoding
using the neural activity collected while animals observed a collection of continuously distributed
oriented static gratings. This decoding was done using their so-called ‘super-neuron’ based
decoding procedure for both subpopulations. 48 super-neurons were spaced evenly across the
range [0, 360] deg. Information limits were estimated using the deconvolution variant of the split
analysis described below, as well as with the naive decoders trained from the original report from
[27].

Head Direction Cell Dataset
In this dataset, calcium imaging was performed in the anterodorsal thalamic nucleus (ADN) of
mice. The animals were kept in a chamber with a 360 deg LED screen. Vertical stripes were
displayed at different regions of this screen during the baseline recording session, which is the
period of the session that our analysis focused on. Our analysis pipeline for the head direction cell
data from [34] also followed the original approach with small tweaks to fit our splitting procedure.
The recorded responses from the head direction cells of the animal while it tracked the rotation of
a moving landmark were fed into a ZIG decoder [41], as was done in the original paper by [34]. In
fact, for each iteration, we trained two ZIG decoders, based on the activity of either of our two
population splits. The head direction errors from both decoders for each trial were then used for
split-trial analysis as previously described.

Macaque PFC Dataset
For the dataset from [25], animals were trained to fixate to a target on the center of a screen for as
long as the fixation point stays on the screen (400-800ms). A stimulus would then appear on either
the right or left of the animal’s visual field and the animal was expected to saccade to the point
and hold its gaze for 500ms on the stimulus, after which a reward would be delivered 70% of the
time. For our analysis, we trained an SVM on the neural activity in PFC from the first 300ms of the
500ms period preceding reward delivery or trial cessation. More specifically, we took the time a
trial ended (due to either reward delivery or timing out) and considered the 500ms preceding that
point to be the period when the decision was being encoded in the PFC. We then trained our SVMs
on the first 300ms of that 500ms interval. The reason for this delineation is that it was often the
case that animals could fixate on the stimulus for a period of time less than 500ms before
saccading back to the stimulus and holding gaze for the required time. In parsing the data this way

𝑔 = 𝑎𝑒|𝑥|
𝑏

https://doi.org/10.7554/eLife.111658.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking


Le and Wei, 2026 eLife 15:RP111658.  https://doi.org/10.7554/eLife.111658.1 17 of 46

were were able to find a stable point of comparison across all the experimental trials. From the
SVMs we recovered the decision variables as the linearized distance between the trials and the
separating hyperplane. In this case, the ‘errors’ used for the split-trial analysis are the decision
variables.

In order to assess the dynamics underlying information integration in PFC for this task, we also
performed the split-trial analysis using data with increasingly wide time windows from the same
starting time point. In this case we started with a 20ms wide window, estimating the information-
limiting noise from the first 20ms of activity from our starting point. The window was increased
by increments of 20ms up to the full 300ms wide window of activity used in the previously
described analysis.

Implementation of alternative methods
The PLS reduction technique used in [22] was reimplemented following the description from the
original paper and from their own original code. In short, neural response data was split by trial
into thirds, where one third of trials were used to train a PLS Regression model, one third
(rtransform) was used to calculate the optimal weight, , and the final
estimated d’ was calculated by Wopt · Δµtest and taking the square root of the result.

The technique from [23] was reimplemented in Python from their original Matlab code. Neural
population responses from two conditions were used to estimate , by taking the difference
of their mean response normalized by the difference in stimulus. The covariance was estimated in
a similar manner as well, except by taking the average of the two stimulus-specific covariances
rather than normalizing by the difference in stimulus Δθ. Linear fisher information was estimated
from these quantities using partitioned matrix inversion techniques from [53]. To estimate the
inferred information limit from the population response, a curve was fit via least-squares
regression to the data 1/Ifisher vs 1/N, discarding the data from the first 10% of cells (so the curve
starts fitting from 10% of the total cell population size, rather than from the first cell). This was
done to provide a better linear fit in line with the theory laid out in the authors’ original work.

Parameters used for the figures
Figure 1     

The histograms of NCs in Fig. 1c,f,i      were generated by simulating activity from a population of
neurons with N = 1000. The neural activity followed von mises (see ‘Continuous Estimation’ in
Simulations section above) tuning with κ = 0.75, and activity parameter A = 15. Neurons were
presumed to have von mises tuning curves with preferred stimuli chosen uniformly along [0, 2π].
For the conditions where information limiting noise was present (σ > 0), the standard deviation of
the input noise was set at 5 deg. When gain fluctuations were present in the simulations, α = 2.
5000 sample responses were generated from a uniform sampling of stimuli over the stimulus
range [0, 2π]. The responses simulated neural activity within a time bin with width 120ms. For Fig.
1d,g,j     , parameters for the simulations used to generate the scatter plots were identical to those
specified above with the following differences: κ = 3, A = 10, and the number of iterations for each
condition was 300. The decoding window for the decoder was 120ms. For Fig. 1e,h,k     , the
number of neurons along the x-axis was chosen with 20 steps with linearly spacing from 50 cells at
the fewest to 2000 neurons at the largest population size. κ = 2, A = 8, σ = 5 deg. Neurons were
presumed to have von mises tuning curves with preferred stimuli chosen uniformly along [0, 2π].
The number of iterations was 100. Stimuli was generated by uniformly sampling 5000 samples
from U(0, 2π) and the tuning curves were used to estimate the continuous response to each stimuli,
assuming a 120 ms decoding window. We verified that the results were insensitive to the choice of
the model parameters and the differences were for display purposes only.

Figure 2     

The number of neurons chosen for simulations were [100, 250, 500, 750, 1000], and the number of
samples per condition were [25, 50, 100, 250, 500]. Values were chosen to cover an empirically
feasible range while being able to display some level of asymptotic behavior. Neurons were

𝑊opt = Δ𝜇𝑇transform ⋅ Σtransform

𝑓 ′ = Δ𝜇
Δ𝜃
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presumed to have von mises tuning curves with preferred stimuli chosen uniformly along [0, 360]
deg. The number of samples used for training the SVM was 75% of the total trials for the given
iteration, of which there were 100 iterations per condition (cell count and sample count pair), with
a 3-fold cross-validation procedure performed using the sklearn python package, selecting the best
model while ranging over a SVC with parameters max_iterations ∈ [100, 1000], and regularization
parameter C∈ [10−4, 102]. The ground truth d’ values were [2,6,10], as labeled. For the matrix D
described in the simulation section above, the 5 largest eigen-values were multiplied by 5 to
increase the level of (non information-limiting) correlation in the population response, to provide
more challenge to the analysis techniques used. For implementation of the method from
Rumyantsev et al. [22], data was reduced to 5 PLS dimensions, consistent with their original
report.

Figure 3     

For each dataset, neuron counts were selected with 10 steps with geometric spacing from 50 to the
maximum cell count for each session (generally in the range of ∼14,000-20,000 cells). Each
decoding split was performed with 50 iterations. The λ parameter for the ridge regression based
method used in [27] was set to 1.

Figure 4     

Cells counts were selected along the range of [25, 50, 100, 250, Max]. Maximum recorded cell
counts for the sessions ranged from 500-850 cells. The widths of the integration windows were
chosen from 20ms to 300ms in steps of 20ms. The number of iterations performed for each
condition (cell count, integration window width) was 100. The number of samples used for
training the SVM was 75% of the total trials for the given iteration, with a 3-fold cross-validation
procedure performed using the sklearn Python package, selecting the best model while ranging
over an SVC with parameters max_iterations ∈ [100, 1000], and regularization parameter C∈ [10−4,
102].

Figure 5     

The number of neurons used in each iteration was selected with linear spacing from 10 to the
maximum number of cells for the given session, with 10 steps in total. There were a total of 50
iterations performed for each cell population size in each experimental recording session. The
parameters for the ZIG decoder [41], were n_epochs = 1800, learning_rate = 0.01, gen_nodes = 30,
thresh = 0, gam_shift = 0.0001, bin_len = 181. The decoder was trained on 60% of the total data and
the remaining 40% of data were split into half test and half validation.

Data availability
This study does not generate new experimental data. All experimental data used were collected
and published previously. The code and simulated data used for generating all of the figures (main
and supplementary) can be found at https://github.com/wei-bbc-lab/Split-Trial-Analysis     .

Supplementary Information
A. Implementations of three alternative methods
A1. Standard (naive) decoding approach
According to the Cramer-Rao bound, the variance of an unbiased estimator approaches the limit of
1/I(θ) where I(θ) is the Fisher information contained in the population response about the variable
θ. When we take the variance of our estimators’ decoding error as neuronal population sizes
increase, we are essentially measuring the convergence to the information-limiting fisher
information. Without using tailor-made tools and techniques, this is the most intuitive approach to
estimate information limits in empirically recorded neural data, and so was chosen as our ‘naive’
approach for comparison purposes in this work. The idea of using a cross-validated decoder to
estimate information-limiting noise was proposed in [5]. Results showing the performance of this
method are shown in Fig. 2     .
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In a discrete classification task, we approximate the Fisher information instead using a measure of
discriminability (i.e., d-prime), which can be viewed as , the square root of the linear
Fisher information [5, 12]. The intuitive justification follows that of the continuous case otherwise.
The results on the performance of this method are shown in Fig. S4     .

Overall, the main problem with this standard decoding approach is that it exhibits a bias for over-
estimating of the magnitude of the information-limiting noise. For the case of estimating d-prime,
it generally under-estimates the ground truth d-prime values. Such estimation biases reduce as the
number of neurons used increases.

A2. Method of linear extrapolation
The implementation of the technique from [23] was done by directly adapting the Matlab code
(shared by the authors in their original report [23]) to a re-implementation in Python. In short,
fisher information was calculated from population responses as neurons were added one at a
time, and then a line was fit to the data when plotted 1/N vs 1/I(θ). The y-intercept of the line, when
extrapolated, would give the I∞ estimate. In practice we chose to start projection from the first 10%
of the population (so after the first 100-200 cells), for reasons to be described below.

The approach of [23] was essentially to note that after a sufficient amount of neurons are present
in the population, the amount of information incremented by each additional neuron can be
viewed as essentially constant, such that increasing population size leads to linear increases in
information (as measured by fisher information). The intuition behind needing a “sufficient”
amount of neurons before linearity can be observed primarily arises from the fact that one first
needs enough neurons to have a complete (coarse) representation of the stimulus space. Once the
stimulus space is properly spanned by the existing neurons’ tuning curves, then any stimulus can
be represented by population activity and each additional neuron adds a constant amount of
additional information.

A potential point of concern for the method is that the linear projection to the I∞ value may be
unstable depending on the size of the population and the magnitude of the (information-limiting)
noise. If the population is too small, then additional neurons grant non-constant increases in
population fisher information as they potentially cover unique portions of stimulus space. If the
limiting noise is quite small, then the linear extrapolation can have difficulties getting the precise
value because the fit is performed in 1/I(θ), and when I∞ is large, the ensuing fraction can be quite
small and numerical instability may occur. In our simulations, we find that this method based on
extrapolation [23] is numerically unstable and it depends on the number of trials and the number
of neurons. Simulation results to demonstrate these points are shown in Fig. 2     , Fig. S4     , and
Figs. S5     -S7     .

A3. Method of dimensionality reduction
The approach from [22] for classification between two stimuli was implemented as described in
the methods section of their own report. In essence, the neural response data is split into 3
partitions, which we’ll denote Xtrain, Xweight, Xtest which are used for learning the transformation,
obtaining the optimal weight, and calculating the final d’ value, respectively. The first partition
XPLS is used to train a partial least-squares regression model, which reduces data down to a lower
dimension. The authors discovered n=5 was optimal for their data, which we followed in our
implementation as well. Then the model was used to transform another data partition, Xtrain into
the low dimensional space. The resulting low dimensional data was used to estimate Σ = 0.5 (Σ1 +
Σ2), the low dimensional noise covariance matrix, where Σi were the noise covariance matrices for
the dimension reduced neural responses from either of the two stimulus conditions. The optimal
transformation weight was then found calculating wopt = Σ−1 · Δµweight. The final partition is used
to calculate d’ by performing .

In general, the method operates by assuming that the main drivers of neuronal noise can be
captured in a low dimensional subspace, and by reducing the dimensionality, the noise covariance
matrix estimation is much more numerically feasible. It is in particular effective considering
theories that information-limiting noise is restricted to a single direction tangent to the signal

√𝐼lin(𝜃)

Δ𝜇𝑇test ⋅ 𝑤opt
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manifold [5]. However, it should be noted that the method, as described, only seeks to estimate the
information for a finite number of neurons, namely, the neurons present in the population.
Specifically, the method does not seek to estimate I∞. As a result, its primary use seems to be to best
estimate the amount of information encoded by an empirically recorded neural population. As a
result, the method is not optimal for detecting information-limits in a population, and is best used
to estimate the maximal information that can be extracted from a given finite population. In
practice, this allows the method to perform better than naive estimation procedures, but falls
short of estimating the information-limiting noise in general, in particular when the information-
limiting noise is small (Fig. 2     , Fig. S4     ).

B. Model justification when only information-limiting noise and
private neural noise is present
In this section, we provide a justification for the split-trial analysis in the context of a standard
neural population model in which only information-limiting noise causes noise correlations.

Model setting
Assume that a one-dimensional stimulus variable θ is represented by a neural population code
with N neurons (N may approach infinity). Denote the tuning curve of the ith neuron as fi(θ), which
is a smooth function. fi(θ) does not need to be Gaussian function. We will assume that neurons
exhibit Poisson spiking noise, although the arguments below may also work for other types of
noise (such as negative binomial noise or Gaussian noise). Thus, the code can be expressed as the
following:

where ri represents the activity of the ith neuron.

We model information-limiting noise by injecting Gaussian noise to the stimulus

where the random variable δ denotes information-limiting noise and is shared by all
neurons. Note that, in this model, noise correlations are only induced by information-limiting
noise. The Poisson spiking noise is private to individual neurons. Although this setting is
likely simplified, as in practice there may exist other types of shared neural variability that
are not information-limiting, our simulation results in Fig. 1      show that it is already
challenging to use standard decoding methods to estimate information-limiting noise.

Analysis of the split-trial approach
Suppose that we collect neural responses from this population of neurons (N neurons), and
perform split-trial analysis. Our goal is recover the variance of information-limiting noise δ. When
performing split-trial analysis, we split the neural population into two halves and perform
Bayesian decoding on each split to obtain the Bayesian estimator of the stimulus. In performing
Bayesian decoding, we simply assume that neurons exhibit independent neural noise.

Assume that information-limiting noise δ is small and the tuning curve is smooth, given a
sufficient amount of data, the tuning curves for individual neurons can be accurately estimated.
For a sufficiently large neural population, the Bayesian estimator based on each split, ,
is expected to be approximately Gaussian distributed [54], centered at θ + δ. The reason is because
Bayesian decoding in this case is essentially decoding θ + δ from a large neural population with
independent neural noise. Thus, we can write

where Φ1 and Φ2 represent the decoding error of θ + δ for the two splits. Furthermore,

because that neural noise is independent in the neural population (when treating the
decoding problem as one that decodes θ+δ), the decoding error from the two splits should be
independent. Therefore, under the above assumptions, Φ1 and Φ2 are independent random

variables. Given these, a straightforward calculation (as shown in the Methods section) shows

𝑟𝑖 ∼ Polsson (𝑓𝑖(𝜃)Δ𝑡)

𝑟𝑖 ∼ Poisson (𝑓𝑖(𝜃+ 𝛿)Δ𝑡)

𝜃𝑖(i = 1, 2)

𝜃1 = 𝜃+ 𝛿+ 𝜙1, 𝜃2 = 𝜃+ 𝛿+ 𝜙2
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that the covariance of  and  can be used to estimate the variance of
information-limiting noise δ.

Suppose that the variance of information-limiting noise is σ2. As the variances of Φ1 and Φ2 should
be nearly identical when N is large, for simplicity we will assume that they are both . When

using all N neurons to perform Bayesian decoding analysis, the variance of Bayesian estimator

should be of the order of . This is because integrating information from the two splits
should reduce the variance of the estimator from the private noise by a factor 2, while preserving
the variance due to the shared noise δ. Thus, using Bayesian decoding to estimate the variance of

information-limiting noise suffers the problem of over-estimation, with an upward bias of .

While this bias will converge to 0 when the number of neurons is infinite, practically the bias can
be substantial, as we showed in our simulation results. Increasing the number of trials will not
eliminate this bias.

For split-trial analysis, empirically the covariance estimator 

 may exhibit statistical fluctuations, due to noisy empirical estimates of Cov(Φ1, Φ2)
(see Fig. 1     ). However, the estimator should generally be unbiased as Cov(Φ1, Φ2) is expected to
be 0. Our simulation results in Fig. 1      show that when the number of neurons becomes larger,
the variability of this estimator reduces and becomes more accurate. For finite samples, the
estimator is off by Cov(Φ1, Φ2). Practically, this amounts to , where ρ is the Pearson correlation

of the samples of Φ1, Φ2. From Fig. S1     , we see that ρ is generally small, with most values
between [-0.1, 0.1]. For the sake of argument, suppose that ρ is 0.1, the error in estimating the
information limiting noise should be about a fifth of the error of the standard (naive) method
based on Bayesian decoding. Furthermore, our estimator does not suffer from the systematic
overestimation of the naive method.

Remarks
The analysis above assumes that all noise correlations are caused by information-limiting noise.
When other sources of shared neural variablity other than the information-limiting noise are
present, one can still perform Bayesian decoding on the two splits. When the number of neurons is
large, one may still approximately analyze the Bayesian estimator using a similar approach as
above, i.e., . However, for a finite neuron number N, Φ1 and Φ2
may be correlated depending on the exact structure of the shared, non-information-limiting noise
in the neural population. When N is large, Cov(Φ1, Φ2) should approach 0, otherwise there would
be non-zero information-limiting noise shared by Φ1, Φ2 (which would contradict to model
assumptions). Such a non-zero correlation between Φ1 and Φ2 may increase the error of our split-
trial estimator. However, practically, we find that, at least for the case of gain fluctuations, our
split-trial estimator still works well even when we use a decoder that assumes independent neural
noise (see Fig. 1      and Fig. S2     ). In the next section, we perform additional analysis based on
general Gaussian noise correlation structure, in the context of a neural population coding model
assuming Gaussian tuning curves. These analyses provide additional justification for why we
expect the split-trial analysis to work well in the more general setting.

C. Model justification under more general assumptions on noise
covariance
In this section, we will investigate the properties of split-trial analysis under more general noise
assumptions. We will do so in the context of neural populations with Gaussian tuning curves. We
let . We will, for each stimulus parameter θ, let the inverse
covariance matrix Σ−1(θ) be a diagonal matrix, diag , reflecting the fact that decoding of
empirical data often assumes independence in activity across the population. Then population
responses  are drawn according to , omitting µ and Σ’s dependence on θ.

𝜃1 − 𝜃1 𝜃2 − 𝜃2

𝜎2
𝑝

𝜎2
𝑝

2 + 𝜎2

𝜎2
𝑝

2

Cov(𝜃1 − 𝜃1, 𝜃2 − 𝜃2) = Var(𝛿)

+ Cov (𝜙1,𝜙2)

𝜌𝜎2
𝑝

𝜃1 = 𝜃+ 𝛿+ 𝜙1, 𝜃2 = 𝜃+ 𝛿+ 𝜙2

⃗𝜇(𝜃) = ⃗𝑓 (𝜃) = [𝑓1(𝜃), 𝑓2(𝜃)… .𝑓𝑛(𝜃)]
𝑇

(𝜎−2𝑖 )

⃗𝑥 ⃗𝑥 ∼𝒩( ⃗𝜇, Σ)

https://doi.org/10.7554/eLife.111658.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking


Le and Wei, 2026 eLife 15:RP111658.  https://doi.org/10.7554/eLife.111658.1 22 of 46

C.1 Properties of the locally optimal linear estimator
First, we will investigate the mean and variance in the error of the locally optimal linear estimator
(LOLE) [55, 5]. We will use these results for further calculations and for assessment of the split-trial
technique. Note that by using the locally optimal linear estimator, we are assuming that the
decoder has knowledge of the noise correlation structure that is induced by non-information-
limiting noise. The locally optimal linear estimator for  can be written as:

known to be optimal when estimating a parameter value near θ [55, 5]. Starting with the
denominator of the fraction:

We evaluate the numerator similarly:

We can then combine terms and evaluate the decoding error:

From which we can see that, were we to take the expectation of , we would find the error has
mean 0 since E[xi] = fi(θ).

We proceed with the variance calculation:

We’ll evaluate each term individually starting with the diagonal term in the numerator:

𝜃

𝜃 = 𝜃+
⃗𝑓 ′(𝜃)𝑇Σ−1(𝜃)( ⃗𝑥− ⃗𝑓 (𝜃))
⃗𝑓 ′(𝜃)𝑇Σ−1(𝜃) ⃗𝑓 ′(𝜃)

⃗𝑓 ′(𝜃)𝑇Σ−1(𝜃) ⃗𝑓 ′(𝜃)= 𝑓 ′𝑇 diag (𝜎−2𝑖 ) 𝑓 ′

=
𝑛

∑
𝑖=1

𝑓
′

𝑖 (𝜃)
2

𝜎2
𝑖

.
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Now we address the numerator cross-term:

So we have that

The denominator of this expression is the linear Fisher information arising if the population
exhibits a covariance that aligns with the assumption of the estimator (which in this case was that
the activity is independent), whereas the numerator contains the Cov(xi, xj) term which would
track the true covariance values. If the estimator has perfect knowledge of the ground truth then

 and the Cramer-Rao bound is achieved as Cov(xi, xj) = 0, ∀i≠ j. If there is a
mismatch in ground truth and presumed covariance structure, then the variance is larger by the
second term in the above equation. The second term cannot be negative as that would violate the

Cramer-Rao bound. For the intuition behind this, consider: if Cov(xi, xj) < 0, , and
the numerator of the sum remains positive. All other terms are squares and forced positive. In
other words, if two variables are negatively correlated, then one must increase firing rate when
the other decreases, thus the product of the f′ terms is negative whenever Cov(xi, xj) is negative,
ensuring positivity of the second term, the case where variables are positively correlated follows.
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C2. Covariance calculations
In this section, we will examine the performance of split-trial analysis under different noise
regimes, characterized by assumptions on the ground truth noise covariance matrices, Σ. Let 

 and  be the error estimate from the first and second population splits given
stimulus θ, respectively. Additionally, let each tuning curve be defined by mean gi, hj with variance
η2, ν2, respectively as well. We will use only a two-fold split for proceeding calculations. This is

equivalent to considering Σ as a block matrix  where e.g. Y is calculated as above

using Σ. Specifically, we would represent . Additionally, we will presume that

our covariance matrix has the general structure of Σ = Σ0 +ϵf′f′T, where ϵ is the magnitude of the
information limiting noise, and Σ0 is a covariance matrix with no information-limiting
components, following the convention of [5].

C2.1. Split-trial analysis when only information-limiting noise is present

We will start with special case for which , a diagonal matrix. In this case, all noise

correlations are caused by information-limiting noise. Recall  is the linear Fisher

information for a population with tuning curves  and covariance Σ.

which confirms the validity of our estimator in the case where information-limiting noise is
added to an otherwise independent population, in the case of a population of neurons with
Gaussian tuning curve and Gaussian noise. These results complementary to the results
reported in Section B.

C2.2 Split-trial Analysis with general noise covariance matrix

In this section, we will relax assumptions on Σ0 and examine the general case. Specially, we allow
other forms of noise correlations that are not caused by information-limiting noise. Let  be the

element of  in the ith row and jth column and C0,ij be the element in the ith row and jth
column of Σ0.
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We examine this second term causing deviations away from ϵ in the following section. Although,
one can note that, if the only noise present in the recorded population is from information limiting
noise (i.e. the covariance Σ0 is diagonal), then Σ0,YZ is the zero matrix, and the second term
vanishes, consistent with previous calculations.

C.2.3 Examination of the error term in split-trial analysis with general noise covariance matrix

Here we attempt to develop an understanding of the second term in the above calculations for Cov

. Specifically we will be focusing on the numerator for this expression:

. It will be convenient to work with block matrices for this section, so we will be

representing Σ0 as . We will also be representing these tuning curves in a block

format: .

Discussion on estimator knowledge of covariance structure

In this section we are going to examine an alternate form to our error term and from which derive
some useful properties of the split-trial analysis. We will begin with establishing some quick
identities for linear fisher information, using IY as an example. Proceeding from the assumption
that ΣY = Σ0,Y + ϵg′g′T, we can use the Sherman-Morrison formula to obtain:

as was similarly presented in [5]. We can now return to our error term with these
calculations in mind. Specifically, we can say:
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A similar argument using  gives us that

Now we can use the previously established substitutions for IY, IZ established above to write

What this rewriting shows us is that the split-trial analysis error term is invariant to the decoders’
knowledge of the covariance structure of the data. The newly acquired term we have would arise
if, in the original calculation, all the covariance terms (from, say, ) were replaced with the
same terms in the analogous non-information limited matrix . Indeed, this also

demonstrates that the error in the split-trial estimation procedure is entirely dependent on the
properties of the non-information limited noise in the system, which will be exploited in future
sections as we will primarily perform calculations using this non-information limited form of
error.

Establishing bounds on recovered information-limiting noise values

Limiting the influence of the above mentioned error term is necessary in order for the split
population analysis to return the ground truth ϵ noise, and in this section we shall endeavor to
establish a bound on this error. Assumption 1: we will need to make the assumption that the
recorded neural population has some base level private neuronal noise, σmin. This guarantees that
all of the covariance matrices we work with are strictly positive definite (rather than merely
semidefinite), which ensures that all of the quadratic forms encountered are strictly positive (e.g.

), and that all eigenvalues are also strictly positive. Assumption 2 will be to also carry on
the assumption from the previous section that the subpopulation splits have identical statistical
properties such that I0,Y = I0,Z = Ihalf.

We will primarily be examining the numerator of the error term, . It is at this

juncture that we wish to point out the remarkable similarity our error term  has

to the so-called “canonical correlation”: . The similarities in the two

expressions are in some sense unsurprising as canonical correlation analysis (CCA) is interested in
assessing the correlations between two distinct datasets, a scenario that our split-trial method
constructs by design. This connection and its repercussions will be explored further in the next
section. For now, we shall primarily focus on establishing a finite upper bound to our error term.

We first will rewrite  as . We can then obtain
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where the second line is an application of Cauchy-Schwarz,|| ||op is the operator norm, and

ρmax is the maximum canonical correlation between subpopulations Y and Z. The

equivalence between the canonical correlations and the operator norm in the last line comes
from established results on CCA and singular values as shown in [56]. From here we can

establish  and we conclude .

As one can perform arbitrary partitions of our neural population, it is reasonable to consider 
 and to be independent random vectors with respect to one another. We

assume no structured correlations in the network and additionally that Σ0,YZ is independent of
. Given that, we can consider  and  random vectors with respect to each other. It is

known [57] that the angle between two random vectors Θ is orthogonal with scaling
 for , where N is the number of neurons in

our total population, and K is a fixed constant. This means that there should be an exponential
scaling (towards 0) in the numerator of our error term. This exponential scaling causes a rapid
convergence of the inferred noise in split-trial analysis towards ground truth ϵ. The convergence
rate in this regime is faster than the convergence of the standard method based on direct decoding
and the Cramer-Rao bound.

In the worst case however, we can consider Σ0,YZ to have values that are dependent on  and .
Consider a special example that the neural population exhibit population-wide structured
correlations of a particular form such that , where sgn is the sign

operator. Assume that these structured correlations have magnitude ρgain, in such a case we
would have , since 

. Our estimator would therefore return values of the form , in line

with the standard approach’s scaling in this special case. Our simulation results suggest however,
that even in one of these worst cases (structured multiplicative gain fluctuations with information
limiting noise), split-trial analysis still performs better than the standard approach (see Fig. S2     ).

Figure S1. Histograms of the Pearson correlation values between the two splits for the three neural
population codes studied in Fig 1     . For each code, we perform split-trial analysis by generating simulated
response, decoding the two splits and calculating the correlation between the decoders from the two splits. The
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results show that when information-limiting noise is 0, correlation values are generally around 0. In the presence
of information-limiting noise, correlation values are generally positive.

Figure S2. Split-trial analysis for another neural population code We further constructed a fourth neural
population code (Code 4) by incorporating both information-limiting noise (σ = 5 deg) and shared gain
fluctuations (non-information limiting). We find that split-trial analysis can efficiently recover the information-
limiting noise in the presence of both information-limiting and non-information limiting noise.

Figure S3. Validation of deconvolution based approach for estimating information-limiting noise. Data is
simulated in similar schemes as Fig. 3     , but the information limiting σ is estimated using a deconvolution
approach.Top row: data generated with a ground truth information-limiting σ = 3, bottom row: data generated with
a ground truth information-limiting σ = 10. (a,d) The sum and difference of errors across both splits. (b,e) The
estimated error distributions for the two datasets, with the estimated σ and MAE listed. (c,f) Using the
deconvolving filter estimating the error distribution, we can reconstruct the original error sum distribution (solid
blue) and compare it against the actual original distribution (dashed).
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Figure S4. Benchmarking the performance of split-trial analysis and three alternative methods on inferred
the ground truth d-prime (related to Fig. 2     ). This figure shows the results for all sample/stim and cell
population combinations used (related to Fig. 2     ). Note that the portions of the curves for which the method
from [23] disappears due to a preponderance of unbounded information estimates.
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Figure S5. Histograms of estimated d-prime limit for the method from [23] based on extrapolation. The
ground truth d-prime in this case is 2. For each panel, the median of the estimated d-prime values across 100
simulations was shown on the top. Note that, when there are few samples, the linear extrapolation method is
highly unstable. Additionally, certain combinations of large cell count and large samples may be biased towards
classifying a population as having unbounded information. This is likely due to the particular bias-corrected fisher
information calculation developed used in the original report. When the estimated information is unbounded,
such estimates were not shown in the plots (thus the sum of the counts in the histogram may be smaller than
100). In some case, none of the 100 simulations results in a finite estimate of the d-prime values, resulting in all
NANs.
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Figure S6. Histograms of estimated d-prime limit for the method from [23]. The ground truth d-prime in this
case is 6. Same convention as Fig. S5     .
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Figure S7. Histograms of estimated d-prime limit for the method from [23]. The ground truth d-prime in this
case is 10. Same convention as Fig. S5     .
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Figure S8. Individual session estimates for the information-limiting σ from [34] for both split and naive
approaches Plots were started from intermediate population sizes for visualization purposes.
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Figure S9. Individual session estimates for the median absolute error (MAE) of information-limiting niose
from [34]. Red: results based on split-trial analysis based on the deconvolution approach. Blue: results based on
direct decoding using a ZIG Bayesian decoder[41]. Plots were started from intermediate population sizes for
visualization purposes.
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Figure S10. Results on the inferred standard deviation of information-limiting noise from the uniformly
sampled orientation condition. Results from 6 individual sessions were shown. Red: estimates from split-trial
analysis. Blue: estimates from the direct (naive) decoding analysis. We observed that the naive estimate of σ for
session 3 increases slightly after ∼ 10,000 cells. The odd level of variability in this session made display challenging
so was excluded from the visualization of Fig. 4c     . Error bars are standard deviation over all iterations.
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Figure S11. Results on the inferred standard deviation of information-limiting noise from the densely
sampled orientation condition. Red: estimates from split-trial analysis. Blue: estimates from the direct (naive)
decoding analysis.
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Figure S12. Results on the inferred standard deviation of information-limiting noise from the densely
sampled orientation condition when the dataset was downsampled. Data from the dense discrimination
sessions was downsampled to a range of different stimulus densities, up to 300, which is about the full dataset
density. Notably, the split-trial estimates are stable and no longer appear to decrease after ∼150 samples/deg,
suggesting that additional experimental trials would not affect the estimate.

Figure S13. Results on how d-prime values scale with the increasing integration windows. Results from the
split-trial analysis shown as solid line, showing relatively little change due to temporal integration. The four
sessions have 770, 828, 509, 529 neurons, respectively.
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Figure S14. Average normalized d-prime values across normalized sessions (n=4) when windows are 20ms
wide and discrete steps are taken through the 300ms window. D-prime values were inferred using split-trial
analysis based on all neurons from individual sessions. The results show a trend that indicates information-
limiting noise increases as reward delivery time approaches.

Figure S15. Non-normalized version of discrete windows individual sessions from the dataset from [25].
Despite early windows having higher values than later windows, they are typically lower than the (final) values
recovered from the integrated calculations.
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two halves' decoding errors is used to estimate the variance of the information-limiting noise.
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There is a clean mathematical derivation to support this conclusion (although there are a
couple of mathematical errors in the methods section that should be fixed to avoid confusion
on the part of the reader).

They benchmark the method in simulation against three prior methods (Moreno-Bote et al.
2014; Rumyantsev et al. 2020; Kafashan et al. 2021) and report substantially better sample
efficiency, lower bias, and greater robustness. They then apply the method to three datasets:
(1) mouse head-direction cells (Ajabi et al.), (2) mouse V1 (Stringer et al.), and (3) macaque
PFC during a saccade task (Bartolo et al.).

This is a strong and timely contribution. The core idea is elegant, and the method appears to
be more practical than existing alternatives in the finite-data regime that real experiments
occupy. The three applications are well chosen, and each yields a non-trivial, biologically
interpretable result. I am strongly supportive of the potential of this paper.

That said, the paper makes several strong empirical claims - most notably that prior V1
estimates were substantial overestimates, and that PFC information-limiting noise is
temporally redundant - and the central estimator rests on an independence assumption
whose finite-N validity is only partially characterized. Before these claims can be considered
well supported, I would like the authors to address the following:

Major Points:

(1) The method relies on a key independence assumption that may not always be satisfied in
the regime of finite neurons and trials. The author's main idea is to decompose the residuals
of two decoders as follows:

X1 = delta + phi1

X2 = delta + phi2

The covariance is equal to the scale of information limiting noise, Var[delta], plus three
terms:

Cov[X1, X2] = Var[delta] + Cov[delta, phi1] + Cov[delta, phi2] + Cov[phi1, phi2].

We can define phi1 as the part of X1 that is orthogonal to delta and likewise define phi2 as the
part of X2 that is orthogonal to delta; thus, the cross terms evaluate to zero, and we are left
with:

Cov[X1, X2] = Var[delta] + Cov[phi1, phi2]

Now the authors introduce an assumption that Cov[phi1, phi2] = 0. This leaves us with
Cov[X1, X2] = Var[delta], but the question is: when is it justified to assume that Cov[phi1, phi2]
= 0? For example, it is possible that

phi1 = c(N) * z + e1

phi2 = c(N) * z + e2

where z is another shared noise dimension that is not information limiting and e1 and e2 are
truly independent. Here, c(N) is a constant that goes to zero as the number of neurons used to
train the decoder, N, goes to infinity. Thus, in the limit of having very large neural
populations at hand for the analysis, the author's assumption of Cov[phi1, phi2] = 0 can be
justified. If the authors agree with this analysis, it would be nice to (a) flesh it out and include
it in the methods / supplementary notes, and (b) to analyze in simulation how good this
approximation is in finite N regimes. I suspect that the assumption works in finite N regimes
if noise is low-dimensional, but that if there are many additional dimensions of correlation
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(i.e. many z's above), you will need a very large number of neurons before Cov[phi1, phi2]
approaches zero.

Along these lines, another worthwhile analysis would be to report outcomes when the neural
populations are sub-sampled further. Intuitively, it should fail once you subsample to only a
handful of neurons, e.g. 3, but I'm curious where the breaking point is and whether the
decline is graceful.

(2) In point 1, I raised the question of how the method behaves with a finite number of
neurons. Another worry is that there is a finite number of trials. In particular, if you train
two decoders on the same trials, I would worry that non-information-limiting fluctuations in
those trials would induce correlations in the decoders that then would show up as
correlations on the held-out test set. A more conservative approach would be to split trials
into three disjoint subsets: a training set for decoder A, a training set for decoder B, and a
common test set used to compute Cov[X1, X2].

As a concrete example, suppose that on the particular trials used for training, the animal
happened to be more aroused when theta = 1 and less aroused when theta = 0, and that
arousal added a fluctuation on top of the neural response. This arousal-related signal is not
information-limiting - it would average away given enough trials - but because both decoders
are fit to these same trials, each one adjusts its weights to partially discount the same
spurious high-arousal/low-arousal trend. Their weights are now distorted in a correlated way,
so when both are applied to the shared test set, their errors covary, and the method reads this
shared-training artifact as information-limiting noise.

I think this dynamic should be acknowledged in the text and clarified in more detail. Ideally,
simulations could be done to estimate how many trials are needed to average out this sort of
confound, and similar to the suggestion in point 1 above, I would be interested in seeing what
happens when the authors sub-sample trials before running their analysis. Together with
point 1, the feedback is that I'd like to see more about "how many neurons and how many
trials" are needed in order to trust your results. Similarly, are there diagnostics or resampling
methods (e.g. bootstrapping) that could be helpful for a practitioner to know if they have
enough neurons/trials?

(3) Unless I've fundamentally misunderstood something, there is an error on page 17 in the
methods. There we find sigma2 = Var[delta] = ... = Cov[phi1, phi2], but I believe this is meant
to be Cov[X1, X2]. Indeed, the method assumes that Cov[phi1, phi2] = 0, as discussed in point
1.

Additionally, on page 4, the authors introduce the main quantity as Cov[\hat{theta}_1,
\hat{theta}_2] instead of Cov[X1, X2]. However, if theta is changing from trial to trial, then
these two quantities are not technically equal to each other, so it would be more accurate to
write down the conditioning on theta. That is, assuming conditionally unbiased decoders,
Cov[X1, X2] = Cov[\hat{theta}_1, \hat{theta}_2 | theta] for a fixed theta.

More generally, I found it hard to wrap my head around the underlying math on my first read
through the paper. The polarization identity, 1/4 * (Var(X1 + X2) - Var(X1 - X2)), seems like a
very roundabout way to derive the method. This identity is very helpful for the
deconvolution extension, but I would have thought that a simpler and more straightforward
derivation would have just used the expansion, Cov[X1, X2] = Var[delta] + Cov[delta, phi1] +
Cov[delta, phi2] + Cov[phi1, phi2], as I did in point 1. I suggest the authors revise the
mathematical presentation for clarity.

Minor Points

(1) A very nice feature of the authors' method is that they make no parametric assumption on
the distribution of noise. This is in contrast to Kanitscheider et al. [12]'s finite-sample bias
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correction using the inverse-Wishart distribution of $\hat\Sigma^{-1}$, which is derived
under an assumption of multivariate Gaussianity. I think it is worth adding a sentence to
highlight this feature of the model.

(2) Statistical inference claims (across sessions and population sizes) are supported by
reported s.d.'s but no formal tests or confidence-interval-based comparisons. Given that
several claims are comparative (split-trial < naive; V1 < prior reports; PFC stable over
windows), please add appropriate uncertainty quantification (e.g., bootstrap CIs over
sessions) and, where a difference is claimed, a test or effect size.

https://doi.org/10.7554/eLife.111658.1.sa2

Reviewer #2 (Public review):

Le and Wei present a novel estimation method for information-limiting correlations.
Information-limited correlations are shared noise fluctuations that affect neural encoding,
but they can be hard to estimate (even to detect their presence) because they can be very
small and buried under other common sources of variability that do not affect encoding. The
newly proposed method bypasses two central limitations of previous approaches:
extrapolation or assuming the noise structure to be Gaussian. The authors proposed a split-
trial analysis where the population is split into two, and the correlations between the
decoding errors arising from each population are computed. These correlations provide an
unbiased measure of information-limiting correlations. The method is very simple and
sound, and it is shown to deliver stable estimates with sensible magnitudes across several
brain data sets. Further, even if the decoders are suboptimal, the method can detect the
presence of information-limiting correlations, as only shared fluctuations of the two
population decoders can possibly be observed if there are correlations that limit information.

Comments:

(1) The name "split-trial analysis" does not seem to reflect well the nature of the method
introduced. I would propose something like "split-ensemble analysis" or "split-population
decoding-correlation analysis".

(2) Previous work has proposed a related - but different - bootstrap method, which can be
mentioned in the current paper (Nogueira et al, J of Neuroscience, 2020).

(3) The authors proposed a deconvolution method to study the shape of the distribution of
information-limiting noise. An alternative would be to split neural populations into 3 or more
subpopulations and compute 3rd- and 4th-order correlations between the decoding errors.
This would lead to estimates of higher-order moments that can be compared to Gaussian ones
and test for non-Gaussian distributions. Further, this N-split-ensemble method could be used
to compare the deconvolution method results to test their consistency.

https://doi.org/10.7554/eLife.111658.1.sa1

Reviewer #3 (Public review):

Summary:

In this manuscript, Le and Wei proposed a new method to identify differential correlations in
real recordings (and simulations) that is based on splitting the simultaneously recorded
population of neurons into two disjoint subpopulations. The method is based on evaluating
the correlation between the decoded stimulus for each sub-population across trials. The
authors validate their method on simulations and find the magnitude of differential
correlations on three different publicly available datasets.
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Strengths:

We think that this is a solid and relevant study for the computational neuroscience
community, especially for the originality of the method and the fact that it seems to bypass
the problem of very large populations to identify differential correlations. Overall, the results
are novel and significant, and it addresses an important gap in the field. The main results are
presented clearly and are easy to follow.

Weaknesses:

However, we believe that there are some additional analyses and clarifications that should be
made to increase the clarity and impact of this study. In general, we believe that the authors
should make a better effort to explain how their novel method depends on the number of
trials and the number of neurons. More specifically:

Major

(1) The authors should show a realistic case for the covariance matrix in Figure 1. Currently,
they are showing only Poisson noise (Figure 1c-e), only gain + Poisson (Figure 1f-h), and only
differential correlations + Poisson (Figure 1i-k). They should show these same plots with a
biologically realistic non-differential correlation structure (limited-range correlations, see
Kanitscheider PNAS 2015). Perhaps even show the case for limited-range + gain + differential
correlations. They should do the same for Figure 2.

(2) Throughout the manuscript, the role of population size (N) on the method is a bit
confusing. Figures 1 and 2 give the impression that N is not particularly important, which is
counterintuitive and surprising. We understand that that is one of the strengths of the split-
trial method, but the authors should explain in much more detail in the results and methods
the role of population size on their novel method. Why is large N crucial for the other
methods, but not for them? There is a little bit of population-size dependency on Figures 3-5,
especially on Figure 4g. The authors should explain in more detail those effects.

(3a) For dataset [27], the stimulus density was ~12 samples per deg for uniform sampling and
~1000 samples per deg for dense sampling. Figure S12 shows an overestimate of information-
limiting noise when the number of trials used was significantly downsampled, which is, first
of all, in disagreement with simulation results showing "when only a small number of trials
are available to infer a large d-prime, split-trial analysis exhibits an under-estimation". It is
true that we are not strictly in a binary classification task setting, but we are wondering if the
authors have any justification for this result for [27].

(3b) Related to this point, the estimated info-limiting noise was 0.26 deg with all neurons and
0.6 deg with downsampling (we guess that is the first value of red lines in Figure S12). The
only difference here, if we understand correctly, is the number of trials used. Otherwise, it's
exactly the same neural responses used for estimation. So, a similar magnitude should be
expected. If the latter is due to an insufficient number of trials used, would the same problem
apply to the uniform sampling dataset? In other words, if there were more trials recorded
with uniformly sampled stimuli, would the authors expect to see a further and significant
decrease of sigma as well?

https://doi.org/10.7554/eLife.111658.1.sa0
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