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Abstract

The widespread adoption of deep learning to build models that capture the dynamics of neural
populations is typically based on “black-box” approaches that lack an interpretable link between
neural activity and function. Here, we propose to apply algorithm unrolling, a method for
interpretable deep learning, to design the architecture of sparse deconvolutional neural
networks and obtain a direct interpretation of network weights in relation to stimulus-driven
single-neuron activity through a generative model. We characterize our method, referred to as
deconvolutional unrolled neural learning (DUNL), and show its versatility by applying it to
deconvolve single-trial local signals across multiple brain areas and recording modalities. To
exemplify use cases of our decomposition method, we uncover multiplexed salience and reward
prediction error signals from midbrain dopamine neurons in an unbiased manner, perform
simultaneous event detection and characterization in somatosensory thalamus recordings, and
characterize the responses of neurons in the piriform cortex. Our work leverages the advances in
interpretable deep learning to gain a mechanistic understanding of neural dynamics.

Introduction

Understanding the activity of neurons, both at the single neuron and population levels, in rela-
tion to features in the environment and the behaviour of an organism, is a key question in neuro-
science. Recent technological advancements and experimental methods have allowed researchers
to record from an increasingly large population of identified single neurons using high-throughput
electrophysiology or imaging in animals performing complex tasks [1-3]. In such complex envi-
ronments, external events might unfold on a variety of timescales, which can give rise to neural
signals also expressed over different timescales across the population of recorded neurons. More-
over, these neural representations show complex dynamics and differing levels of multiplexing. For
example, single neurons across the cortical hierarchy exhibit varying degrees of mixed selectivity
to task parameters depending on task structure and demands [4-9]. Neuromodulatory neurons,
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such as midbrain dopamine neurons, can respond to different environmental and internal vari-
ables [10, 11]. Additionally, single-neuron activity has been proposed to be composed of multiple
components required for reward evaluation, such as valence and salience [12, 13].

In order to understand how multiple representations in simultaneously-recorded single neu-
rons enable population-level computations, we need fast and reliable methods for decomposing
their activity into overlapping and non-overlapping local components/events that can capture im-
portant intrinsic heterogeneity in the recorded populations. Here, we develop such a deconvolu-
tional method.

A reasonable deconvolution method ought to meet several requirements. First, the method
should be able to be implemented on single instantiations of the neural data without the need
for averaging over trials or animals [14-16]. Preferably, it should apply to both structured and
naturalistic tasks in which there is little or no trial structure [17-20]. Second, it should be flexible
concerning the source signal (e.g., spike count data or a proxy signal such as calcium levels via a
fluorescent indicator [21]). Third, the method should utilize an expressive class of mappings from
latent representations to data, namely ones that can capture the complexity of neural data. Finally
and importantly, the method should be interpretable. By interpretable we mean the existence of 1)
adirect mapping between stimuli (internal or external) and latent variables; and 2) a direct mapping
between these latent variables, which are effectively parameters of the network, to computational
function. In our framework, this concept of interpretability is in place by design, since it is based
on a probabilistic generative model that can be interpreted via neural impulse responses [22-24].

Prior work using deep learning has addressed, to varying extents, the first three of these desider-
ata by extracting a low-dimensional latent space from the neural data through a non-linear deep
neural architecture [25-28]. However, they do not provide a direct link between the contributions
of single neurons or neuron types and the population level computation, owing to their “black-box”
approach typical of deep networks [29, 30]. Our method complements these existing tools, by ex-
tracting interpretable impulse-like responses of multiplexed signals from single neurons, which
can be further used to characterize heterogeneity and homogeneity across neural populations.

Broadly, interpretability methods can be categorized into two groups [31]: explainable and
interpretable deep learning. The former, also called mechanistically interpretable deep learning,
develops interpretability methods to explain black-box models. For example, in computer vision,
saliency maps are constructed to highlight input image pixels that are discriminative with respect
to an output decision of a deep neural network [32, 33]. A more generalizable example is Local
Interpretable Model-Agnostic Explanations (LIME), a framework for explaining predictions of any
black-box model by learning a locally-interpretable model around the prediction of interest [34].
However, this class of models does not make the neural network interpretable in and of itself: the
model tries to explain what the network does. First, this means that there is no direct mapping
from the embedding to the data: for instance, the explainable model might conclude that the net-
work is optimizing for a feature that is simply correlated with the learning objective of the network,
missing the true understanding of the “black-box” system [35]. Second, this approach does not
guide the neural network architecture to learn useful representations. That is, the network may
perform discrimination based on non-generalizable spurious features. Many of the current meth-
ods used in neuroscience fall in this category, and recent work has successfully gained mechanistic
insights into neural circuit computations using this approach. Still, such analysis was achieved from
a posteriori interpretation and manual tweaking of the network architecture [36]).

In contrast, model-based interpretable deep learning [37] (Figure 1a) is an emerging technique
to design deep neural networks that are inherently interpretable. In particular, algorithm un-
rolling [38], a sub-category of interpretable deep learning, offers deep neural networks whose
weights and representations can be directly interpreted as parameters and variables of an un-
derlying generative model [38, 39]. This one-to-one mapping between the neural weights and
latent representations of a generative model introduces interpretability. These mappings can be
learned using an iterative algorithm optimizing the model [39-41]. Importantly, this generative
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model does not require detailed assumptions about the data: it provides domain knowledge infor-
mation, without restricting the model's output in such a way that important features of the data
would be missed. Following seminal work in algorithm unrolling [39], numerous applications have
been developed across several fields, including computational imaging (e.g., super-resolution [42]
and image deblurring [43]), medical imaging [44, 45], identification of dynamical systems [46], re-
mote sensing applications (e.g., radar imaging [47]) or source separation in speech processing [48].

Here, we propose a novel framework combining algorithm unrolling with convolutional sparse
coding (i.e., dictionary learning), called Deconvolutional Unrolled Neural Learning (DUNL), that ful-
fills all the above-listed desiderata (Figure 1a). Our method offers a flexible framework to decon-
volve single-trial neuronal activity into interpretable and local components. Our source code is flex-
ible, easy to use, and adaptable to various applications by simple modifications of neural network
non-linearities and training loss functions, without requiring the user to re-derive an optimization
algorithm for their specific application.

To demonstrate the versatility and usefulness of DUNL, we apply it to the deconvolution of
neural signals acquired in a wide range of experimental conditions. First, we show that it can
deconvolve the salience and reward prediction error (RPE) components of naturally multiplexed
reward signals encoded by dopamine neurons in the midbrain. Second, we demonstrate that it
can deconvolve cue and outcome components of slow calcium signals recorded from dopamine
neurons during associative learning. Third, we show simultaneous event detection and characteri-
zation of neural activity from the thalamus in a high signal-to-noise ratio (SNR) setting. Fourth, we
demonstrate thatin a low SNR setting, we can extract classes of neural responses from the piriform
cortex in the presence of random and overlapping odor pulses. Finally, we perform model charac-
terization and compare it to other decomposition methods to show how local interpretability in a
limited data regime is an important feature of our deconvolution method.

Results

Sparse deconvolutional learning uncovers structure in single-trial, single-neuron
activity

We aim to decompose single-trial neural activity into local impulse-like responses to sparse yet
recurring events. We assume that the observed neural activity is the result of a combination of re-
curring components-kernels of a “dictionary”-whose timing and magnitudes can vary on an event-
by-event basis. Thus, we seek to obtain a reconstruction of the neural data by optimizing the model
that generates these components or kernels. To achieve this, the neural activity is modeled as a
sum of convolutions between these kernels, and their timing and magnitude in response to re-
curring sparse events. We refer to the vector representing the timing of events and the strength
of neural response as a sparse code. Stochasticity in the estimated activity is added by passing
this convolved signal through a generative model using a probability distribution of the natural
exponential family (e.g., Gaussian, Binomial, and Poisson).

More specifically, we model (Figure 1b) the observations y™/ from neuron » at trial j using the
natural exponential family [49, 50] (e.g., Binomial or Poisson for spiking and Gaussian for calcium
signals) with distribution mean of /. We impose a generative model on the »™" neuron’s mean
activity at trial j, u™/, and express it as the convolution of K localized kernels {h}}X and sparse
codes (representations) {x;’}K , along with a background, baseline, measured activity level a"/
(Figure 1b). The convolutional structure enables the identification of local patterns occurring across
time. Kernels and codes are interpretable in the following sense. Kernels capture characteristics
shared among trials (or neural population, depending on the model design): they characterize
the neuron’s response to time-sensitive sparse events/stimuli. The nonzero entries of the sparse
latent representation x';'j represent the time when the event associated with the kernel k occurs in
trial j; their amplitude captures the strength of the neural response. In relation to the functional
identification of a system, this model characterizes the system in terms of cause-effect relationship:
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w1 the code captures the timing of a stimulus applied locally in time [51]; the kernel captures the
12 impulse response of the neuron, whose dynamics are modeled through resistor-capacitor (RC)
w3 differential equations [52].
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Figure 1. Interpretable deep learning with deconvolutional unrolled neural learning: DUNL. a,
Categorization of deep learning tools developed for neural data analysis and advantages of using algorithm
unrolling. b, Generative model used by DUNL to estimate neural activity as a function of the sum of
convolution between kernels and sparse codes. ¢, Schematic representation of DUNL: the deep inference
network, whose weights are the estimated kernels, estimates the sparse codes used as an input to the
generative decoder. The output of this decoder is used to optimize the network. d, The demonstration of
DUNL's ability to deconvolve events from unstructured single-trials, where two recurrent events occur locally
at random times and with varying amplitudes.

144 Thus, the kernels in the model are learned fully from data, i.e., they do not obey a user-specified
us  parametric form, and the codes are sparse in time. We learn the kernels and codes by minimiz-
us ing the negative data log-likelihood Z}Ll log p(y™ | u™) regularized/penalized by terms encourag-
w7 ing desired properties on the codes and kernels. We impose a sparsity prior, to promote a few
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code activations in time, and an optional second-order covariance structure on the codes to cap-
ture dependencies among kernels (e.g., discouraging activation of two event types simultaneously).
Where needed, we apply smoothing regularization on the kernels [53, 54].

We map the optimization into an encoder/decoder neural architecture following the algorithm
unrolling approach [38] (Figure 1c). We call this framework Deconvolutional Unrolled Neural Learn-
ing (DUNL), an application of algorithm unrolling to convolutional dictionary learning [55-57]. The
encoder is a deep-structured recurrent convolutional neural network. Unlike sequential deep en-
coder approaches, this encoder shares the same parameters as the generative model/decoder.
The encoder takes single neuron single-trial observation y™/ as input and encodes a set of sparse
representations {x;’}X . As explained above, this latent code corresponds to event/stimuli onsets
and the strength of neural response to the event. The decoder is a shallow network based on the
proposed generative model. This decoder maps the estimated time series of sparse representa-
tions into a time-series estimate of the mean neural activity. Both the encoder and decoder are
characterized by the kernels {h}}X  from the generative model (i.e., kernels are weights of the
artificial deep neural network and can be trained by backpropagation). Training DUNL involves
both a forward pass (inference for codes) and a backward pass (training to learn the kernels, see
Supplementary Methods), both of which are parallelizable over neurons and trials.

To demonstrate the applicability of DUNL, we start by applying it to synthetic spiking data. The
experiment consists of two event types characterized by local kernels. Within one trial, the events
happen 3 times uniformly at random. In this unstructured experiment, the goal is to recover the
underlying kernels, as well as the timing and magnitude of the events associated with them, in-
dependently of whether these are single events or composed events (superposition of more than
one kernel). DUNL successfully decomposes the synthetic neural data into kernels and codes (Fig-
ure 1d), and it achieves so in a data-limited regime (see following sections).

To summarize, we introduce a novel framework to recover the statistics of time series data
as a sparse superposition of kernels (Figure 1d), that is akin to a convolutional generalization of
Generalized Linear Models (GLMs), in which both covariates and kernels are learnable, contrary
to GLMs in which the kernels are user-defined and fixed [58]. Importantly, our method outputs a
response amplitude for each individual occurrence of an event, a feature that is absent from other
encoding methods.

DUNL uncovers salience and value signals from single dopamine neurons

We first apply DUNL to deconvolve multiplexed signals in the responses of dopamine neurons. The
activity of dopamine neurons in the midbrain has long been an interest of neuroscientists, both in
fundamental and clinical research, given their involvement in motivated behaviours, learning, and
multiple physiological functions. A subset of these neurons located in the Ventral Tegmental Area
(VTA) has been described as encoding a reward prediction error (RPE) from temporal difference
(TD) reinforcement learning algorithms [59-64]. This computation requires the neural representa-
tion of the value of rewards in the environment: a transient positive RPE response signals an un-
expected increase in the value of the environment. However, reward is a subjective quantity that
is non-linearly modulated along multiple dimensions of reward (e.g., probability, size, etc.), and it
has been suggested that the reward responses of dopamine neurons multiplex two sequential and
overlapping signals [65], the first one carrying information related to the salience of the reward and
the second one carrying subjective value information, or utility, of the reward [12]. This distinction
is important from a computational point of view because only the value-like component matches
the reward prediction error signal driving learning in TD algorithms. However, in practice, most
studies of dopamine neurons ignore this potential multiplexing by averaging dopamine responses
over a single time window following reward delivery [66, 67], or, at best, apply user-defined ad-hoc
windows to try to isolate these two contributions [68]. We used DUNL to find, in a data-driven
manner, whether the reward responses of dopamine neurons can indeed be decomposed into
two components and whether these are differently modulated by reward value.
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Figure 2. DUNL uncovers salience and value signals from single dopamine neurons’ reward responses.
a, Experimental setup showing optical fiber and tetrode recordings on a sagittal slice of the mouse brain (top
left), distribution of reward sizes (top right), and task structure (bottom). b, Raster plot (each dot is a spike)
from one neuron (left) and corresponding firing rate averaged across trials of the same reward size. c,
Representation of the input information used to run DUNL in this dataset: neuron activity across time and
trials, timing of stimuli, number of kernels to learn, probabilistic generative model. d, Learned kernels shared
across neurons (top) and inferred code amplitudes for one example neuron (bottom, each dot responds to a
single-trial code, the line is the linear regression of the codes over reward sizes). e, Diversity of neural
encodings (code amplitudes) as a function of reward size for expected and unexpected trials; each line
represents one neuron; the black line is the average for expected trials, and the red dashed line is the
average for unexpected trials. The lines are normalized per neuron, and the normalization constants are
shared across trial types and codes. For non-normalized curves, see Figure S3. f, Spearman’s rank correlation
between codes and reward size vs. the windowed averaged firing rates and reward size within the full 600 ms
window. The alignment of the red dots (Reward Il) under the diagonal line illustrates that the value-like code
is more informative about the reward size (each neuron is represented by two dots (expected and
unexpected); the average of all neurons is shown by the marker x (t-test: p = 0.050 expected (yellow),

p =6.19 = 107 unexpected (green)). g, Mapping of the Spearman’s correlation (its distance from the diagonal)
as a function of the window start time for the windowing method. The positive distance corresponds to below
the diagonal. Colorbar: normalized probability density function at each bin, such that the integral over the
shown range in the x-axis is 1. For experiment results on limited data (< 8% of current analyses data) see
Supplementary materials (Figure S4).
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We used electrophysiological data from 40 optogenetically identified dopamine neurons [66,
67] recorded in mice performing a classical conditioning task as part of a previous study [69] (Fig-
ure 2a and see Methods). In “Unexpected” trials, a reward of varying size (i.e., 0.1 to 20 ul) was
delivered without a cue, and in “Expected” trials, an odor cue preceded reward delivery by 1.5 s (Fig-
ure 2a,b). Although the cue predicted the timing of the reward, it provided no information about
its magnitude.

We modeled the data with three non-negative kernels: one to characterize the response to the
odor cue, and another two for the reward event (Figure 2c) [12]. DUNL was provided with the timing
of the cue and reward events but not the trial types (reward amounts). The goal is to recover the
generating kernels, associated with the cue and reward events, given only raw spiking data and the
timing of these events. We defined DUNL's inputs such that the kernels would be shared across
the population of neurons, but the codes would be individualized for each neuron in single trials
(Figure 2¢), such that each neuron is characterized by its own decomposition of its estimated firing
rate (see example neuron decomposition in Figure S2).

DUNL's output showed that, as expected, the magnitude of the associated code obtained us-
ing the kernel for cue responses is essentially invariant to the reward size. More importantly, al-
though we did not instruct DUNL to retrieve salience and value-related components separately,
DUNL obtained two reward-related kernels which can be characterized as responding to salience
(blue, Reward I) and value (red, Reward Il) (Figure 2d). When we plot the code values for each kernel
as a function of reward size we observe that codes corresponding to salience (blue, Reward I) are
modulated by expectation (unexpected vs. expected), but almost invariant to the reward size, and
codes corresponding to the value (red, Reward Il) are strongly positively correlated with reward
size, both for individual neurons and across the population average (Figure 2e, and Figure S3 for
non-normalized data). In fact, the value code carries more information about the reward size than
the firing rates over a traditional ad-hoc window (Figure 2f). Furthermore, combining the two re-
ward kernels (Reward | and Il) does not improve the information about the reward size, indicating
that the salience-like code does not contribute to value information. We also found that as the
ad-hoc window shrinks to exclude the first spike(s) traditionally attributed to salience, the ad-hoc
window method improves in the representation of reward size (for Reward Il, the best ad-hoc win-
dow approximately excludes the first 125 (expected) and 150 (unexpected) ms of data from the
reward onset). Still, DUNL's code is more informative of the reward value (Figure 2g).

DUNL's successful decomposition of neural responses to the reward, as opposed to spike counts
from ad-hoc windows, indicates that the code amplitudes in single trials from the value kernel are
a powerful measure of the neurons’ tuning to reward size. Importantly, we also showed that DUNL
can successfully perform similar learning/inference in a data-limited regime (< 8% of the current
analyses data, Figure S4). To quantify the quality of our decomposition as a function of the num-
ber of trials used for training, we simulated dopamine neurons in the same experimental settings.
We found that in our simulated dopamine data, we could recover well-fitted kernels with as little
as 14 trials Figure S5). In summary, we showed that DUNL can discover two components in the
reward responses of dopamine neurons in a systematic, data-driven approach, recovering a first
component that is not modulated by reward size, while the second component is. We note that
although the choice of the number of kernels, in this case, two for reward events, is a hyperparam-
eter to set a priori, it can be tuned using validation sets. Overall, DUNL will empower future studies
to precisely quantify the value-like component as the reward prediction error response of single
dopamine neurons in an unbiased manner.

DUNL deconvolves cue, salience, and value signals from single dopamine neurons
in two-photon calcium recordings

To demonstrate DUNL's flexibility and applicability to other data modalities beyond spike trains,
we next applied DUNL to two-photon calcium imaging data [64, 70]. To this goal, we recorded
the activity of 56 dopamine neurons in mice using two-photon calcium imaging with a gradient

Tolooshams et al. 2024

Interpretable deep learning for deconvolutional analysis of neural signals, Preprint. bioRyiv | 7of51


https://doi.org/10.1101/2024.01.05.574379
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.01.05.574379; this version posted January 23, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

248

249

250

251

252

253

254

255

256

257

258

259

260

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

291

available under aCC-BY-NC-ND 4.0 International license.

refractive index (GRIN) lens (Figure 3a) in a classical conditioning task with the same structure as
in the above experiment [67, 69], but with a longer delay between the cue and the reward delivery.
In unexpected trials, rewards of different sizes (i.e., 0.3 to 11 u!/) were delivered once at a random
time. In expected trials, an odor cue was delivered 3 s before the reward delivery. There is diversity
in the responses of neurons to the cue and the multiple reward deliveries and, in general, we see
modulation by expectation and reward size (Figure 3b).

We characterized the neural activity using four kernels (Figure 3c), as follows. The response to
the odor cue in expected trials was characterized by one kernel (orange), and the reward response
(at the reward onsets) in both unexpected and expected trials was modeled by three kernels: the
blue kernel can be freely active with a positive code, while the red/green kernels were positive
and their codes were positive and negative, respectively. We coupled red and green kernels such
that only one of them is encouraged to be active on each trial. To achieve this, we used structured
representation learning (see Methods Section in Supplementary Materials). This structural regular-
ization is motivated to capture the different response dynamics of the calcium signal to increases
versus decreases in the underlying firing of the neurons due to the different onset and offset dy-
namics of the sensor. DUNL'’s output shows that the blue reward kernel resembles the salience
response, and the red/green reward coupled kernels resemble the value response (Figure 3d). The
inferred single-trial codes from a single neuron (Figure 3e) and across the population (Figure 3f)
show that the salience-like kernel (Reward |) is almost invariant to reward size, while the combina-
tion of the value-components kernels (Reward Il Coupled) correlates positively with reward size.

To understand this choice of kernel characterization, we looked into the interactions of the cho-
sen kernels in the decomposition of the raw data (Figure S6). In this dataset, we observed that
many neurons lack an obvious salience-like response (i.e., an early transient increase of the neural
activity that is invariant to the reward size), probably because the cue-related calcium signal has
not yet decayed to the baseline, potentially masking the salience response. Due to the calcium
sensor's faster onset than offset dynamics, we observed faster salience-contaminated positive re-
sponses for high-reward trials, and a very slow negative response for low-reward trials. Given the
different temporal dynamics of positive and negative signals, the decomposition of reward signals
into only two kernels (salience and value-like) would result in a combination of salience and valence
information for both kernels, such that both kernels would be correlated with the reward size.

We computed the Spearman correlation between the Cue code, the Reward | code (blue), the
Reward Il coupled (red + green) code, as well as all the reward codes combined (blue + red + green)
with the reward size. These correlation values were then compared to the ad-hoc approach where
the correlation was computed using the 4 s windowed averaged activity at the reward onset. This
analysis showed that only when all reward codes (salience-like + value-like) are combined, the
codes become more informative of the reward size than the ad-hoc windowing approach (the dis-
tribution of points is below the identity line, Figure 3g). This can also be noticed in the average
population activity (Figure 3f and Figure S7). Regardless of the window size used for computing
the value component of the reward response in traditional approaches, the Reward Combined
code is significantly more informative of the reward size than the windowing approach in both
unexpected and expected trials (Figure 3h). We attribute this success to the denoising capability
of DUNL: it performs deconvolution of the cue response from the reward response, which is im-
portant in these slow calcium signals. For further discussion on the limited temporal resolution of
these data and the recovery capability of DUNL.
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Figure 3. Deconvolution of the cue, salience, and value components from dopamine calcium data. a,
Experimental setup depicted on a sagittal slice of the mouse brain with dopamine neurons represented in
green (top) and histology images showing dopamine neurons expressing the fluorescent calcium indicator
GCaMP6m (bottom): coronal slice of the mouse brain showing GRIN lens track over the VTA (left, scalebar:
600um), and projection image of the field of view obtained during an experimental acquisition under the
two-photon microscope showing individual VTA dopamine neurons (right). b, Left: Heatmap of time-aligned
trials at the reward onset. The trials are ordered from low to high reward size, with a horizontal line
separating the different trial types. Right: Averaged time-aligned activity of an example neuron for each
reward size. ¢, Inputs used to run DUNL in this dataset: calcium activity across time and trials, timing of
stimuli, number of kernels to learn, and probabilistic generative model. d, Kernel characterization of cue and
reward events. Three kernels were used to estimate the reward response: one for salience (blue) and two
non-concurrent kernels for positive or negative value (green and red). e, Code amplitude as a function of the
reward size for an example neuron (each dot corresponds to the code inferred from single-trial neural
activity, these values are fitted by linear regression). f, Diversity of neural encodings as a function of reward
size for unexpected (top) and expected trials (bottom): each line represents one neuron, the black line shows
the average for expected trials, and the red dashed line average for unexpected trials. Activity is normalized
per neuron and across trial types, and codes for comparison across subfigures. g, Spearman correlation of
the codes (x-axis) and the windowed average activity of 4 seconds (y-axis) with respect to the reward sizes:
each dot represents one neuron and the average across all neurons are shown by yellow (expected) and
green (unexpected) 'x’ marker (Reward Combined has p = 0.008, and p = 3.468 * 10~° t-test, respectively). The
third panel (brown) from the left combines the code from Reward Coupled kernels (positive and negative,
depending on the trial). The right panel combines all the reward-related codes (salience-like Reward and
value-like Reward-Coupled). h, Heatmap of the distance of the yellow (unexpected) and green (expected) 'x’
marker in f, from the diagonal as a measure of the increased Spearman'’s correlation between codes and
reward size, as the interval chosen for the ad-hoc window is modified: it shrinks from the bottom to the top of
the y-axis to gradually exclude the early activities after the onset. Positive values are located below the
diagonal. On the right panel, the marker is closest to the diagonal when 0.4 s of activity at the reward onset is
excluded in the ad-hoc window approach. Colorbar: normalized probability density function at each bin, such
that the integral over each line in the x-axis is 1.
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DUNL demonstrates modulation of somatosensory thalamus by whisker velocity
using unsupervised simultaneous onset detection and kernel characterization
Owing to its algorithm unrolling foundation, DUNL is a very versatile framework, whose inputs can
be adjusted according to the application. In our previous examples, we provided DUNL with the
expected number of kernels and expected times of events to guide the learning process. However,
this information might be completely omitted, and we can use DUNL to perform simultaneous
onset detection and learn local kernels in an unsupervised manner. This approach will be more
successful in a high signal-to-noise ratio (SNR) setting.

To demonstrate this, we applied DUNL to electrophysiological recordings from the somatosen-
sory thalamus of rats recorded in response to periodic whisker deflections. The whisker position
was controlled by a piezoelectric stimulator using an ideal position waveform [71]. The experiment
was designed with trials starting/ending with a 500 ms baseline; in the middle 2000 ms, 16 deflec-
tions of the principal whisker were applied, each with a period of 125 ms (Figure 4a). We considered
the whisker position to be the stimulus and attributed a particular phase of the whisker position
as the event of interest to detect. The goal is to detect the onset of the events, and characterize the
neural response to the stimulus using one kernel. In this experiment, onsets of events were un-
known, and DUNL looks for up to 18 events in each trial (Figure 4b; the additional 2 events were to
adjust for unknown activities outside the known 16 deflection stimuli, e.g., see Figure 4g bottom)).
We refer the reader to the Methods section and Table S4 for more information on the unsupervised
DUNL method and training.

We divided the data in a training and test set to show that DUNL simultaneously characterizes
the shape of neural spiking modulation (Figure 4d,e) and infers (detects) the event onsets at single-
trial level (Figure 4g). The learned kernel suggests that the measured neurons encode, and are
modulated by, the whisker velocity, a feature found by prior work [72, 73]. Moreover, unlike prior
work analyzing these data by averaging the time-aligned trials [49], DUNL does inference on single-
trial data (Figure 4g top) with bin spike counts of only 5 ms. The heterogeneity of the inferred
code amplitudes (Figure 4g bottom) is indicative of the intrinsic variability of the neural response
to the stimulus. This feature is absent in previously published GLM analyses [72, 73], which assume
the neural responses are constant across deflections. Figure 4d shows the reconstructed average
firing rate and the peristimulus time histogram for one neuron. For event detection, we showed
that DUNL performs significantly better than a peak-finding algorithm (applied on the smoothed
raster plot) (Figure 4f). This experiment highlights the ability of DUNL to detect event onset while
simultaneously characterizing the neural response to the event; this event detection feature is
absent in prior GLM frameworks [58].

Characterization of single neurons in an unstructured olfactory experiment using
DUNL

Finally, we highlight how DUNL can be used for exploratory data analysis. We applied DUNL to
electrophysiological data recorded from the piriform cortex of mice engaged in an olfactory task
in which short odor pulses occur at random times across trials, mimicking the statistics of natural
odor plumes [74]. In each trial, 50 ms Gamma-distributed odor pulses were delivered. We recorded
and isolated 770 neurons from mice’s anterior piriform cortex (Figure 5a,b, details of data acquisi-
tion and scientific results on this data will be reported fully in another publication). The structure
of piriform cortex neural responses to sequences of odor pulses are largely unexplored, and here
we use DUNL to characterize them. To model neural responses, we aligned the non-zero elements
of the sparse code to the timing of the odor pulses, and spike counts were modeled with a Poisson
process (Figure 5¢). Each neuron was characterized by one kernel. We learned both the kernels and
the code amplitudes for all recorded neurons. Using k-means clustering, we identified 4 clusters
for the kernel shapes detected in the population (Figure 5d,e). Three of these neural populations
correspond to neurons whose activity increases following an odor pulse, albeit with different dy-
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Figure 4. Event detection with DUNL for analysis of spiking data from the somatosensory thalamus. a,
Experimental setup [71]: periodic whisker deflections of constant velocity are imposed in each trial (top),
resulting in phase-locked neural activity (bottom left) in the VPM region of the thalamus in anesthetized rats
(bottom right). b, DUNL setup to detect one kernel across the entire population. ¢, Raster plot from one
neuron (both train and test trials). Each trial starts/end with 500 ms baseline period; 16 deflections with a
period of 125 ms are applied to the whisker of the rat for a total of 2000 ms. d, Peristimulus time histogram
from one neuron (black) and DUNL estimate of the firing rates (blue). e, Kernel characterization of the
whisker motion (blue). The gray sinusoid is the first derivative of stimulus motion. f, Quantification of the
miss/false events detected by DUNL. The red dot represents the performance of DUNL when events are
detected on single-trials. The black curve shows the performance of a peak-finding algorithm on the
smoothed spike trains for a range of thresholds. We used a tolerance of 10 ms (2-time bins) while computing
the false/miss events. g, spikes in one example trial (top), smoothed spike rate in black, and spike rate
estimation in blue (middle), with the inferred code on the detection of 16+2 events in time (bottom). (For more
information on the analyzed neurons and stimuli in relation to the original paper collecting the data [71], see
supplementary materials).

namics, while the other cluster corresponds to neurons whose activity is inhibited by the olfactory
pulses. One can complement this exploratory data analysis using a different number of clusters
(Figure S8).

This application demonstrates how any type and shape of kernels can be learned by DUNL,
without any assumptions guiding the shape of the kernels. Thus, DUNL can capture a diversity
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that may not be recoverable when using a hand-crafted family-of-basis, highlighting the value of
non-parametric temporal characterization of neural responses [75].

a d
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Figure 5. Characterizing the structure of piriform cortex responses with DUNL. a, The experimental task.
b, Raster plot from one neuron in an unstructured trial-based experiment. The red dots denote 50 ms
Gamma-distributed odor pulses, and the black dots represent single spikes. ¢, Schematic of the analysis using
DUNL. d, Kernel characterization of single neurons. The kernels (zero-mean, normalized) are shown for the
four clusters. For K-means with 3 and 5 clusters, see Figure S8. e, The cosine similarity matrix corresponding
to the clusters of learned kernels. f, Visualization of the four clusters of kernels using Principal Component
Analysis (principal components 1 and 2). See also Supplementary materials.

Model characterization

To assess the reliability of the results reported here and guide DUNL's end users, we characterized
the performance of DUNL on a wide range of simulated data, focusing on the spiking-data modality.
The section includes two distinct simulation studies.

Simulation study |: data generation. In scenario |, we focused on a setting where a neuron
responds to two different types of events, characterized by two distinct kernels of length 400 ms.
In each trial, 3 different events from each kernel can occur. They are unstructured, such that event
onsets are chosen uniformly at random, with a minimum distance of 200 ms between two events
of the same type. However, events of different types can occur simultaneously, thus convolving
their activity (Figure 6a, blue and red events). The strength of the neural responses of the neuron
was generated by the Gaussian distribution with mean 50 and variance of 2 for blue events and
with mean 55 and variance of 2 for red events. The baseline firing rate was chosen to be 8 Hz.

Simulation study I: fitting using DUNL. We trained DUNL with these synthetic data using bin
size resolution of 25 ms while the number of trials available for training varies from 25 to 1600
(results in Figure 6b and Figure S9 are from a test set with 500 trials). The number of events in each
trial was known, but the timing of the events was unknown to DUNL. DUNL estimated the firing
rate of the neuron and deconvolved it into two components, corresponding to each event type.
Moreover, the magnitude of the sparse codes inferred by DUNL encoded the local activity of each
event (kernel) within the trial (Figure 6b). Lastly, the result held with small kernel recovery error in
the limited data regime, i.e., 25 training trials (Figure 6c,d).

Simulation study II: data generation. In this scenario, we restricted ourselves to the setting of
a single neuron and a single event to assess how well DUNL can learn the kernel associated with
this neuron, as well as its codes. This model characterization empowers end users to assess the
reliability of DUNL based on the statistics of their data. We evaluated the performance of DUNL as
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Figure 6. DUNL model characterization with two kernels in an unstructured experiment. a, Test trials
for this unstructured synthetic experiment: raster plot of spiking events (top), smoothed raster (middle), and
true event onsets (bottom). b, Example trial showing original firing rate (top), estimated firing rate by DUNL
(middle), estimated codes and kernels (bottom). ¢, Estimated kernels for 25, 50, 100, 400, and 1600 training
trials. Gray traces represent the true kernels used to generate the data. The test R fit score, evaluated on the
binned spikes, is shown for each training size. d, Kernel recovery error (i.e., 1/1 — (cosine similarity)?, as a
function of number of training trials. Specifically, we computed cross-correlation to compute the cosine
similarity to account for learning shifted kernels. See Figure S9 for more single trials and decomposition
examples. The event detection hit rate is, on average, 80.22% and 80.68% for the smallest and largest training
datasets with a tolerance of 2 time bins (with a tolerance of 3 time bins, the hit rate is increased to 91.58% and
93.34%, respectively. We report hit rate with tolerance to account for learned shifted kernels (see the
Supplementary Methods for more info on the shift/delay property of DUNL).

a function of the background firing rate (i.e., 2, 5,8, 11, 14, and 17 Hz), the bin-size the model uses to
count spikes (i.e., 5, 10,25, and 50 ms) (Figure S10), and the number of trials (i.e., 10, 25, 250, 500, 1000),
available to learn the model parameters (i.e., kernels) (Figure S11).

We simulated multiple trials of activity, a subset of which we used for training, and the other
for testing. Each trial was 4000 ms long with 1 ms resolution. In each trial, 5 similar events happen
uniformly at random with a minimum distance of 200 ms. We assumed the neural response to the
eventis 500 ms long. We modeled the strength of the neural response using a Gaussian distributed
code amplitude of mean 30 with variance 2. Given the code and kernel, the firing rate of the neuron
was constructed based on the DUNL generative model using the Binomial distribution. The test set
consisted of 100 trials following similar statistics to the training set. For a low background firing rate,
a few spikes were observed in each trial (e.g., for 2 Hz, only 29 spikes were observed in one trial,
whereas for 17 Hz firing rate, 202 spikes were observed on average in each trial). Hence, learning
and inference were challenging when the neuron was very silent.

Simulation study Il fitting using DUNL. We considered two scenarios: a) known timing of events
(known support), and b) unknown timing of events with a known number of events (unknown sup-
port)(Figure S12). The dopamine (Figures 2 and 3) and olfactory (Figure 5) experiments from earlier
sections correspond to known support scenario, and the whisker deflection (Figure 4) experiment
corresponds to unknown support. When the onsets were known, the inference was reduced to
estimating the amplitude of the sparse codes and the training was for learning the kernel. When
the onsets were unknown, the inference was more challenging: it involved estimating the event
onsets in addition to the neural strength response (the code amplitude). In this case, the reliability
of learning the kernel was entangled with the reliability of estimating the event onsets.
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Figure 7. DUNL model characterization with a single kernel. The learning is evaluated through a kernel
recovery error (i.e., /1 — (cosine similarity)2, and code inference/recovery is evaluated through an event
recovery error (i.e., 1 — ’%) when events’ timing are unknown. a, The hit rate (event onset
detection) as a function of baseline activity. Results are shown for 25 and 250 training trials available, as a
function of two different tolerance factors. For low tolerance on event detection, increasing the time bin
resolution window improves the performance. b, Kernel recovery error when support is known (first row) and
unknown (second row). For known support, smaller bin size results in better kernel recovery. The increase in
kernel recovery error as the bin size increases is due to the decrease in resolution of the kernel. On the other
hand, for unknown support scenarios, increasing the bin size is beneficial as it helps to have better event
detection (shown in a). ¢, True (black) and learned (blue) kernels when event onsets are known. Kernels are
shown for bin sizes of 5 and 25 ms, and 25 and 250 training trials. d, Similar to c but for the case when the
onsets of events are unknown, hence estimated. See Figures S10 to S12 for more detailed info.

We showed that when the event onsets are known (Figure 7b known event onsets), DUNL's
kernel recovery is relatively robust to the baseline firing rate and can successfully be achieved with
few trials (e.g., 25 trials). In this setting, high-temporal resolution (e.g., 5 ms bin size) should be
used, regardless of the size of the data. If data are very limited (e.g., 25 trials), increasing the bin
size slightly (e.g., 5 ms to 10 ms) is important to implicitly learn a smoother kernel (Figure 7c) (we
note that one can also tune the kernel smoothing hyperparameter in the DUNL training framework
for better results with very limited data). When the event onsets are unknown (Figure 7b unknown
event onsets), the bin-size imposes a limit on how well the kernel can be learned (Figure 7d). This
challenge comes from the fact that the lower the bin size, the harder the event detection (Figure 7a).
We recommend using as large as possible bin sizes that match a user’s tolerance for event detection
errors. In summary, the higher the number of trials, the higher the firing rate, and the larger the
bin-size, the better DUNL's ability to learn kernels and infer event onsets. Our analyses can help
practitioners explore in which regime their experimental data lies and assess which parameters of
the model can be recovered from the data.

Comparison with other decomposition methods

DUNL is a versatile deconvolutional method that can extract directly interpretable latent represen-
tations from time-series data. Its main strengths are its ability to learn multiple local kernels within
single trials, either in a supervised or unsupervised manner, and the capacity to do so in a limited
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data regime. This is achieved through its learnable network architecture, implemented using al-
gorithm unrolling. To emphasize how our framework fills a gap in the space of functionalities of
other decomposition methods, we compared DUNL with other frameworks (baselines), namely: 1)
dimensionality reduction methods, such as Principal Component Analysis (PCA), Non-negative Ma-
trix Factorization (NMF), and trial-based Poisson GLM regression [58]; 2) the deep learning frame-
work for latent factor analysis via dynamical systems (LFADS) [25]. We first performed comparison
analysis with LFADS over full-length trial simulated data to demonstrate the ability of DUNL to
perform local characterization and deconvolution. Second, we showed how the set of bases and
coefficients offered by each baseline fails to offer interpretability and the salience/value decom-
position of interest in the dopamine spiking data. In the latter, we applied the methods on local
windowed data to focus on the capability of their set of bases. Accordingly, we compared with NMF
as opposed to convNMF/seqNMF [76].

We started by using a synthetic dataset to compare DUNL with LFADS [25], a deep learning
framework for inferring latent factors from single-trial neural activity. We note that LFADS fits the
data at the same resolution as the original rate, while DUNL uses a bin size of 25 ms to model
the firing rate. We challenged the interpretability of LFADS in a simple scenario: the trials of the
experiment were time-aligned and structured, with two different types of events occurring in single
trials. The events were non-overlapping. We evaluated the interpretability of DUNL and LFADS
from their ability to deconvolve the single-trial neural activity into two traces, each corresponding
to one underlying event type.

We generated such trials for a training dataset and a test dataset (Figure 8a). Both DUNL and
LFADS were able to estimate the underlying firing rate of the simulated neuron (Figure 8b,c,d).

DUNL can recover the underlying kernels (Figure 8e), and has R? fit score, of 0.89,0.95,0.97,
0.95,0.96,0.97,0.97, for training scenarios with 25,50, 100,200, 400, 800, 1600 examples, respectively
(the score is evaluated on the binned spikes). LFADS has R? score of 0.999 on the test set. Despite
the good fit, LFADS: a) finds factors that span the entire trial duration, lacking the locality provided
by DUNL, and b) fails to deconvolve the neural activities excited by events of different types from
one another (Figure 8f). Overall, unlike DUNL, which provides a functional relation between kernels
and firing rates of neurons via a probabilistic generative model, LFADS inference is based on a
recurrent neural network, whose encoder and decoder are not tied to one another, thus lacking a
direct link between spiking data and the latent factors. At last, we note that DUNL is a convolutional
framework, i.e., it can analyze trials of various lengths. However, LFADS can only run on trials of
similar length.

To further demonstrate how latent variables from other decomposition methods might not
capture interpretable convolved contributions to the neural activity, we applied classical and deep
dimensionality reduction methods to the dopamine spiking data. The result showed that Principal
Component Analysis (PCA), and Non-negative Matrix Factorization (NMF) can be used to extract
components from windowed data (600 ms starting from the reward onset) (Figure S13a,c). However,
the results suggest that even if both PCA and NMF fit the data well, neither of them offers the
salience/value interpretability that DUNL provides. The coefficients extracted from each trial and
the Spearman’s rank correlation between each neuron'’s coefficients across all trials are not aligned
with the decomposed codes from DUNL (Figure S13b,d). For PCA, this is due to the dissimilarity
of the learned kernels to what we know from the salience and value responses. For NMF, the
kernels are semi-similar to the learned kernels in DUNL (non-negative kernels are learned in the
spiking scenario). However, the NMF coefficients are not capable of capturing the dip in neural
responses, due to their non-negativity constraint, resulting in a lower Spearman'’s rank correlation
to the reward sizes.

Moreover, we compared LFADS with DUNL using the dopamine spiking data. Since LFADS's
factors cover the entire trial duration, we applied it to windowed spiking data time-aligned to the
reward onset. Specifically, we used only 600 ms of each trial, starting from the reward onset.
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Figure 8. Comparison of DUNL with LFADS. DUNL finds local components in single trials. a, Experimental
setting implemented for simulated spiking neural activity: this is a multiple trial-based experiment in which
two events occur in single trials (top and middle). The event onsets for the two events in each trial of the test
set (bottom). b, LFADS estimates two factors for this dataset, which span the entire duration of the trial. ¢,d, In
an example trial (raster and smoothed rate on top), DUNL estimates the firing rate of this simulated neuron in
25 ms bins (c, middle) while LFADS estimates the firing rate in the original rate (d, middle). DUNL finds local
codes for the two kernels (¢, bottom), while LFADS finds two kernels that span the entire trial duration (d,
bottom). e, Kernels found by DUNL using 25, 50, 100, 400 or 1600 trials for training (compared to the true
underlying kernels used to generate the data in gray). f, Average LFADS factors across the training scenarios.

Using two factors, we found that despite LFADS's success in estimating the firing rate of neurons
in each trial (R? = 0.999 on the test set), the learned factors lack salience-value interpretability (Fig-
ure S13e). The comparison of the Spearman’s rank correlation analysis on the LFADS factors and
DUNL's codes for the reward response (Figure S13f) further supports the absence of salience-like
characterization in the LFADS method: both factors incorporate value information. These effects
could be due to the more expressive architecture of LFADS that overfits the data at the expense of
a parsimonious and interpretable description (See Figure S13g-h in Supplementary materials for
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LFADS analysis in the limited data-regime).

Finally, we applied GLM with a family of basis functions [58] using a similar time-bin resolution
of 25 ms as DUNL to the dopamine spiking experiment. We guide the framework to fit the data
using a set of bases at the onset of the reward for a duration of 600 ms. We show results from two
scenarios, each with a different set of bases, i.e., non-linear raised cosines and raised cosines. We
found that although GLM with pre-defined bases has smooth fitting curves, it cannot deconvolve
single-trials into components that are interpretable from the perspective of salience and value in
this experiment (Figure S14). We argue that this is primarily due to the dissimilarity of the pre-
defined bases to the kernels learned by DUNL. One may use the DUNL kernels within the GLM
framework to perform the deconvolution of interest, thus taking advantage of the interpretability
of learned kernels in place of pre-defined bases. However, in the absence of a kernel-learning
framework, such interpretable kernels are unknown a priori.

Discussion

The technical and computational developments of the last decade have enabled the acquisition of
increasingly large datasets of neural data during behaviour, through the use of high-throughput
electrophysiology and two-photon calcium imaging in animals performing complex tasks [2, 3].
This trend has shifted the focus of many neural analyses from the characterization of single neu-
rons to the analysis of emergent, dynamic properties of simultaneously-recorded neural popula-
tions [77]. Both of these approaches are important for understanding how neural computations
lead to behaviour. In fact, as we increasingly study more cognitive variables that enable complex be-
haviour, such as learning, decision-making, evidence integration, or cognitive maps, the field must
have more capacity to investigate how different neuron types, or heterogeneity within a more or
less homogeneous population, support dynamic population-level computations in stochastic envi-
ronments. With new technologies enabling neuroscience research to grow into more naturalistic
and unstructured settings, closer to the natural environments inhabited by animals [78], tools that
bridge the activity and properties of single neurons with their population and circuit-level compu-
tations during these unconstrained behaviours are of utmost importance.

Here, we introduced the use of unrolled dictionary learning-based neural networks [55-57] to
deconvolve multiplexed components of neural data that are relatable to human-interpretable la-
tent variables. This is a technique, based on algorithm unrolling [38, 39], to design an interpretable
deep neural network. Our method, DUNL (Deconvolutional Unrolled Neural Learning), fulfills im-
portant desiderata of a decomposition method: it can be implemented in single instantiations of
the neural data, it can be trained with a limited dataset, it is flexible in regard to the source signal,
it generates a mapping between data and latent variables, and, importantly, from these latent vari-
ables to human-interpretable variables. This is achieved through the use of a generative model
that guides the architecture of the inference deep neural network during the optimization process
(Figure 1). This method is a deconvolutional method that can look for and encode local overlap-
ping events within a single trial (e.g., cue and reward components in the dopamine experiments
or multiple deflections in the whisker experiment), while Principal Component Analysis (PCA), Non-
negative Matrix Factorization (NMF), and Latent Factor Analysis via Dynamical System (LFADS) can
only offer components/factors covering the entire duration of a trial (for this reason, we apply
them on windowed data aligned at the onset of the events of interests). Our work, while sharing
the statistical nature of previous methods based on optimization using generalized linear models
(GLM) [58, 75], goes beyond them by a) learning kernels (covariates) from the data and b) using
deep learning and backpropagation for data fitting, such that the typical response function of neu-
rons and their amplitudes to multiple events in single trials are directly obtained from the network
weights and latent representations.

Our method owes its efficiency to the combination of algorithm unrolling with sparse coding
to provide temporal structure to the analysis of the neural data. Exogenous stimuli, behaviour,
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and neural activity all share time as a fundamental variable, and sparse coding has a rich history
in neuroscience as an interpretable theory of early sensory processing in many brain regions and
systems [79, 80]. By adding temporal structure to sparse coding, we obtain an expressive artificial
neural network that can deconvolve single-trial neuronal activity into interpretable components,
because they correlate with exogenous stimuli and/or behaviour. First, the obtained latent rep-
resentations are aligned with time and, second, they are sparse. Our method'’s deconvolution of
neural response components can be seen as resulting in an input/output characterization of the
functional properties of a system (neuron(s) in this case). The appeal of approaches such as GLMs
comes from the fact that, in some sense, they provide such input/output descriptions of neural
responses. Signal processing theory [52] has well-established links between such descriptions and
computations (e.g., differential equations). The GLM-like statistical nature of our models linking
latent, learnable, representations and neuronal data, together with their translation, via algorithm
unrolling, into interpretable deep-learning architectures, leads to a powerful approach for analyz-
ing single-trial neural data that satisfies the desiderata put forth.

Our method expands the techniques, available to neuroscientists for analysis of neural data,
such as NMF, PCA, sparse coding, GLM, and deep neural networks [25-28, 81-84]. In particular,
our method is useful when multiplexed signals are encoded by individual neurons or populations,
and when detection of events is needed in high SNR settings. Our method does not intrinsically
impose constraints on the basis/kernels, such as orthogonality as in PCA, or non-negativity as in
NMF. It is also not limited by a user-defined set of basis functions, and it outputs a measure of the
intensity of the response on an event-by-event basis.

Importantly, constraints and regularization can be easily added to the optimization problem
if these are useful (such as enforcing or discouraging the co-activation of certain kernels, non-
negativity, etc.). Moreover, our method can learn local characteristics from time series, which is
missing in LFADS. The user can choose whether to learn individual kernels for each neuron, or
shared kernels among neurons with individualized code values, and our model can be trained
with very few trials: its computational efficiency is provided by the sparsity constraint. Thus, our
framework is easier to use, customize, and train than previous methods [25].

To show the versatility of our model, we applied it to a diversity of experimental settings. First,
we deconvolved multiplexed components of the reward response of dopamine neurons acquired
using electrophysiology and using calcium imaging, to show that our methods are source-agnostic.
Our results illustrate the challenge of measuring neural activity with sensors whose dynamics are
slower than the dynamics of the signals encoded in single neurons, and our ability to deconvolve
slow calcium responses to odor cues from the reward response: these signals become artificially
convolved by the calcium sensor, but DUNL can recover them. We also showed, in these datasets,
that our method provides more interpretability than alternative dimensionality reduction methods,
such as PCA, NMF, and LFADS, even if their combined components fit the original data very well.
Our results show that the inferred value-like code is more informative about the reward size than
traditional ad-hoc window activity averaging, opening up the possibility of a more precise charac-
terization of dopamine neurons’ heterogeneity. Second, we used DUNL to simultaneously detect
a kernel and the timing of events in a high SNR setting. Neurons from the sensory thalamus have
a stereotyped response to whisker deflections, which can be detected by DUNL with minimal in-
put. This goes beyond previous analysis using GLMs, which performed averaging over trials as well
as windowed analysis over whisker deflections and did not provide an event-by-event measure of
the amplitude of the response to an individual whisker deflection in a single trial. Finally, we used
DUNL to find the kernels of individual neurons from the piriform cortex in response to randomly
delivered odor plumes. This application shows how it can be used for exploratory data analysis,
namely to cluster different types of neural responses.

To conclude, we point out that the unrolling framework can be extended to provide inter-
pretable latent representations under other regimes, besides the sparsity one used here. More
complex generative models can be used, for instance, Kalman filtering-based neural networks [38,
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46], 2D filters with other constraints, or group sparsity [85]. Our work is a first step towards lever-
aging the advances in interpretable deep learning to gain a mechanistic understanding of neural
dynamics and underlying computations.
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Supplementary Methods - Methods

Notation

Scalars are denoted by non-bold-lower-case a. Vectors and matrices are denoted by bold-lower-
case a and upper-case letters A, respectively. We letn =1,..., N index neurons, and j = 1,2, ..., J
the number of trials. We assume that the time series representing the activity from neuron » at
trial j comprises T measurements, which we denote y"/. We denote the full measurement tensor
by Y with T x J x N dimensions (time/bin measurements, number of trials, number of neurons).
We denote the convolution operator by * and its transpose operator (correlation) by x. Finally, we
use superscript T for transpose of a matrix AT.

Data Distribution

For spiking data, the spikes at each trial are binned at B ms resolution. Hence, each entry of y™/
represents a spike count ranging from 0 to B. We model the observations using the natural expo-
nential family [49, 50], i.e., y*/ ~ Poisson(u™/) and y™/ ~ Binomial(B, u™/), where u™ models the
mean of the distribution for neuron # at trial j. For continuous-valued data, such as Calcium fluo-
rescence data, we model the time series y*/ € RT as a Gaussian distribution with mean u*/. We
construct the data log-likelihood of the natural exponential family as [49, 50]

log p(y™ | w™y = g7 (™ Ty"™ + f(y™) — V(u"), (M

where condition of u"/, we assume the entries of y*/ are independent. The functions g (i.e., inverse
link), £ and ¥ depend on the particular choice of distribution (see Table S1).

Table S1. Natural exponential family data log-likelihood specifications.

[ Viz) g0)
Gaussian R z'z 1()
Binomial [0...B] | =1Tlog(1 —z) | sigmoid(-)
Poisson [0... ) 1z exp(-)

Generative Model

We follow the perspective of analysis-by-synthesis [24] and Bayesian generative modelling [53].
For each neuron »n, we impose a generative model on the neuron’s activity (i.e., the firing rate

in the spiking setting) and model it as a function of a baseline mean activity level a, ; and a set of K

localized kernels {h}}f | characterizing the neuron’s response to events that occur sparsely in time.
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We let the sparse vector x;’ encode the onsets of events associated with the kernel k in trial j: its
nonzero entries represent the times when events occur, and their amplitude the strength of the
contribution of the k-th kernel to the neuron’s response. Similar to y/, the entries of the sparse

code x;” € R™"*! and the filter h} € R" are both indexed across time. Mathematically, we can
express this convolutional sparse coding model as follows

K
p=g <Z ! % x4+ a"’f> (2)
k=1

Although the model results in an estimate of each neuron'’s firing rate on a trial basis, the kernels
capture characteristics that are shared among trials and can be distinct across neurons or shared
across the neural population. At times, we may use the terminology dictionary element to refer to
the kernels. For the scenario where we share the kernels across neurons, we simplify the dictionary
notation to h,.

Smooth Sparse Deconvolutional Learning

Optimization

Given the set of observations from all trials {y”v'}{=1 for each neuron n, we learn the kernels and
codes by minimizing the negative log-likelihood with a sparse prior on the codes, i.e.,

n

J . . K . ﬂ
: _ n,j n njy K n n,j k n 2
(1 T 2~ logp L XY )+ X Al N+ 7, 1Vl
= =1,j=

3
subjectto ||A}|l,=1fork=1,....K

where A} controls the sparsity of the codes (i.e. the frequency of onsets in time) for the kernel
(event-type) k and neuron n. Moreover, g; controls the smoothness of the kernels, achieved by
regularizing the first derivative of the kernel with respect to time samples 7 [54, 86]. We call the
above optimization smooth sparse deconvolutional learning (SSDL).

SSDL is a variant of dictionary learning, also referred to as sparse coding, and has widespread
application outside of neuroscience. Dictionary learning is widely known in statistics and signal pro-
cessing communities [87, 88]. The sparse coding model was initially introduced by Olshausen and
Field [89] to model early layers of visual processing. Prior works used sparse coding for modeling
neural connectivity and dynamics of early sensory systems [79, 80, 90-92]. Moreover, for imaging
transcriptomics, the model is used to learn representations of gene expression [93, 94].

Alternating minimization

Equation (3) is a bi-convex optimization problem and can be solved by an iterative alternating-
minimization algorithm [95]. Letting / denote its iterations, the algorithm alternates between a
sparse-coding step, that computes an estimate of the codes x}’" given an estimate k" of the dic-
tionary, and a dictionary-update step, that uses this new estimate of the codes to obtain refined

estimates h,’f“” of the kernels. Mathematically, we can express the two steps as follows

n,j s n,j i n,j K n n,j .
xk’“’) = argmin —log p(y™ | {hk”),xk’},’le) + Zk:l Allx/ |l forj=1,...,J (4)
n.j

Xk

n : J n,j no ﬁ” n
(Y = argmin 37 —logp(y™ | (AL xp Y ) + 2 IV RIS
ans h ()

subjectto ||Rjll,=1fork=1,...,K
Compared to classical sparse coding, both our sparse-coding and dictionary-update steps have
convolutional structure. Intuitively, the convolutional structure of our model enables the identifi-
cation of patterns that occur across time.
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Sparse coding step
The sparse coding step can be solved using the iterative shrinkage-thresholding algorithm (ISTA)
[96, 97]. One iteration of this proximal gradient descent algorithm proceeds as follows

ni i , wi | (@ omi (K
Xy = Sqans <xk,r—1 +aVe logp(y™ [ R x5 b, )

u=1

_ , K _ (6)
= Oami <x'k”,1 +ah’ x (y" - g(z By X+ an’j))> J

where the so-called shrinkage operator S,(z) £ sign(z)max(|z| — b,0) is a nonlinear, sparsifying,
thresholding operation, and r denotes the sparse coding iteration r. For non-negative sparse cod-
ing, i.e., when the entries of the sparse code can only take a non-negative value, the shrinkage
operation S(z) reduces to the celebrated ReLU,(z) = (z - b) - 1., nonlinearity. The converged code
estimate from the iterative update in (7) is a minimizer of the sparse coding step (6). In applications
where the onsets of events are known (i.e., code support is given), we apply an additional indica-
tor function of events e}’ at every iteration. Thus, the iterative updates compute estimates of the
strength of k-th kernel contribution to neural activity at known event-onset times.

K
X = €+ S,y (xz:i_l Fahl! (= g(Y W X+ am,.))> @
u=1
Dictionary learning step
We use gradient-based methods to update the dictionary. In its simpler form, the update is of
stochastic projected gradient descent.

R = p <h2(’) =V oy <—log P | (RO, 7OV )+ F"nv,hf“[t]ug)) (8)
= h
where P(z) = z/||z||, performs a norm projection, and r is the learning rate.

Interpretable deconvolutional unrolled neural learning (DUNL)

Inference network

The alternating minimization procedure explained above can be mapped into an encoder/decoder
neural architecture. Specifically, we use algorithm unrolling [38] to map the sparse coding step (4)
into an encoder. This is similar to the network architectures proposed in [49, 98] for dictionary
learning. In this architecture, each sparse coding iteration (6) is interpreted as one layer of a neural
network with a particular recurrent convolutional structure and shrinkage or ReLU non-linearity.
We refer to this encoder as an inference network that maps the single-neuron, single-trial time
series y™/, into estimates of the time series sparse codes {xZ’j }ro1» €ncoding event onsets and their
contribution to explain the data (see Figure S1a).

Generative decoder of DUNL

Given the codes from the inference network, we construct a decoder based on the generative
model (2) (Figure S1b). This decoder maps the estimated time series of sparse codes from a given
neuron into a time-series observation estimate (e.g., a time series representing firing rate in the
case of spiking data).

Deconvolutional Unrolled Neural Learning (DUNL)

We combine the inference network and the generative decoder to construct an interpretable net-
work which can be trained by backpropagation. Training lets us learn the kernels {h}}*_ that char-
acterize the neural response to events coded by {x;”}X . As detailed in the introduction, The inter-
pretability of this network is two-fold: the network trainable parameters are directly related to the
kernels {h?}X_, and the encoder latent representation corresponds to the event onsets and their

k=1"
strengths.
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Sparse codes
(event onsets)

Recurrent inference performed R iterations
Data observations (one iteration is shown)

nj _ . n.j J nl) nmj K
[xk,r = Sy ('xk,r—l +aVas logp(y™ [ {h X0 e, )

(a) Forward inference network for sparse coding. Given a choice of distribution from the exponential family, this recurrent
encoder uses unfolded iterations of the sparse-coding step from dictionary learning to map the time series of observations
y™/ to time series representing estimates of the sparse codes associated with each kernel. Given an estimate of the kernels
{h2}K |, this network computes an estimate of their corresponding event onsets and amplitudes.

Sparse codes

(event onsets)

Estimated observations
(firing rates)

)

g u

E

(b) Generative decoder.

Forward inference

Encoder Decoder

- - - - -

Learn kernels {h}}}_ by backpropagation

(c) Encoder and decoder architecture of deconvolutional unrolled neural learning.

Figure S1. Deconvolutional unrolled neural learning (DUNL).
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Training this network involves both a forward pass (inference) and a backward pass (training
to learn the dictionary), both of which are embarrassingly parallelizable over neurons and trials.
Therefore, the interpretation of the sparse-coding and dictionary-update steps as a network en-
ables to seamlessly take advantage of the parallelism offered by GPUs.

Structured representation

Motivated by biological constraints/prior knowledge, we may want to impose structure on the
codes in addition to sparsity. Calcium fluorescence, for instance, does not encode electrical ac-
tivity linearly: the signal exhibits different dynamics when the firing rate of a neuron increases
than when it decreases. Even though the dynamics of the underlying firing rate might be the same,
the measured calcium signal will be different, but these dynamics can be captured through the
addition of structured representations in our framework. Consider a version of our model for
fluorescence data, with one kernel for each neuron. This model could not capture such a nonlin-
ear relationship because both positive (increased activity above baseline) and negative (decreased
activity) codes would need to use the same filter/kernel. To overcome this challenge, we can intro-
duce an additional filter and a prior on the codes of both filters that prevent the co-occurrence of
event onsets, i.e., that prevents both filters from contributing to neural activity at the same onset
times. As we will demonstrate in our analyses of fluorescence data from dopamine neurons, such
priors allow us to capture the nonlinear relation between activity level and fluorescence. We can
either enforce such latent structure on the codes or learn it by incorporating an additional term
into the original optimization. Mathematically, our modified optimization solves

) 7 . . K . 1o .
min ijl —log p(y™' | {hn’xk’j}fq) + 2k=1 AZ”xZI”l + zﬂ"x TQx"

A 9)
subjectto |||l =1fork=1,....K

where x/ = [x1/7, x2/T, ..., x%T]T, and Q € RKT-TitIxK(T-Ti+D) js @ symmetric matrix with block struc-

. . 0 I
ture. For example, given two kernels (K = 2) when codes are non-negative, Q = [I 0] enforces

a structure such that the kernels h, and h, are discouraged to get activated simultaneously. Vari-
ations of such latent regularization are ¥/TQx"/ where Q € R¥*X, and %] captures the energy of
the code x}” (e.g., lIx}” ll,. llx}/ 1%, llx}1l,, etc.). Although we treat Q as a hyperparameter, it can be
related and is proportional to the negative inverse covariance matrix of the code x™/, hence it can
be learned. Overall, this regularization modifies the recurrent inference network to
K K
X[ =S, (x:;fr_l +ah (" —g(Y R x X+ a)—ap' Y Qkxg;¢)> (10)
u=1 v=1
where Q, is the k™ column block of Q. Our source code is written such that this regularization can
be enforced not at every unrolled layer but with an occurring period. In addition to the residuals,

the kernel codes are now interconnected to one another through Q. From (10), we see that the
amplitudes of x:j is damped when Q, , is positive, and x!/ has high activity.

Network parameters
In this section, we explain the network parameters and the effect of each in the training. Addi-
tionally, we specify which parameters are hyperparameters (i.e., to be set by the user), which are
learned during training, and which are estimated per inference.

Unrolled step size «: This is the step size inside the unrolled network. For stability purposes,
a < 1/ (H), Where o,,,., is the maximum singular value, H = [H,|H,| --- |Hg], and H, is the linear
Toeplitz matrix corresponding to the convolution kernels h,. An upper bound on the step size «
can be approximated by the iterative power method shown in Algorithm 1.

Sparse regularizer i: This is the regularization parameter to enforce sparsity on the latent
representation estimated at the encoder. This parameter can be set to 0 or a small value when the
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Algorithm 1: Iterative power method to approximate unrolled step size a.
Input: Input size T, initial estimate or randomly initialized {h,}X_, the inverse link function
g()
Initialize: x© = [x]”, x], .
Repeat: m=0,1,..., M — 1
X = x /]| x|
x(m+|) — HTg(Hx(m))
Output: [|x™)]|,

.., x "™ using Normal distribution

event onsets are known and enforced by the indicator e}’ at the unrolled iterations. However, its
presence is crucial in the absence of known support (event onsets).

Baseline ¢"/: Our model assumes that there is a baseline activity constant over time in each
trial for each neuron. This can be estimated by taking the mean activity at the beginning of each
trial prior to the appearance of events of interest, followed by the link function g=!(-).

Unrolled layers R: The inference network (Figure S1a) is equivalent to the optimization (4)
when R — . However, given computational limitation R is finite. We recommend setting R on the
order of 100 when the code support is known, and 1000 when the support is not known.

Evaluation

We note that in simultaneous learning of the kernels and sparse codes in DUNL, it is possible to fit
the very same neural firing rate with a right/left-shifted kernel in time along with a left/right-shifted
sparse code. Indeed, for kernels with decaying ends to baseline, this can frequently happen and
the two rate models are equivalent. Thus, when we evaluate DUNL, we account for this by using
cross-correlation as a metric for kernel recovery, and by using a tolerance when computing the
event detection hit rate.

Supplementary Methods - Training

Dopamine spiking experiment

There are N = 40 optogenetically identified dopamine neurons. Across neurons, the number of
trials ranges from J = 121 to J = 302. For surprise trials, we analyze the data from 1 s before the
reward onset and 2.1 s after the onset. Similarly, for expected trials, we consider the data from 1 s
before the cue onset up to 0.6 s after the reward onset. For expected trials, the reward is delivered
after 1.5 s from the cue onset. We refer the reader to [69] for more information on data acquisition.

We use the Binomial distribution with time-bin resolution of 25 ms for data modeling. We set
K = 3 to learn three non-negative kernels shared across all neurons and all trials; one to charac-
terize the neural response to the cue, and the other two to characterize salience and value for the
reward prediction error responses. Each kernel is 600 ms long in time, and the baseline firing rate
a,; is estimated for a single trial using the 1 s data prior to the event onset (bins with estimated
baseline lower than 0.001 are set to 0.001 for stability purposes prior passing through the log link
function. Given the learned kernels, from each neuron at each trial, we infer three codes to identify
the neural strength response to cue (k = 1) and reward (k = 2, 3).

In addition to the norm projection P(-), we apply element-wise ReLU,(-) projection after every
backpropagation (kernel updates) to enforce kernel non-negativity. To enforce the known support
for each kernel, the indicator vector for cue code €/ is set to 1 at the cue onset. Similarly, €;’ and
e}’ are setto 1 at the reward onset for each neuron n at each trial j (the event indicators are zero
at other time-points). The data, model, and training parameters are summarized in Table S2. For
the data-limited scenario, only 685 out of 8,786 total number of trials are used for training; in this
case, the kernel smoother penalty is set to 0.0005.
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Table S2. Parameters for dopamine spiking experiment.

Data
Sampling rate 1ms Trial length [121,302]
Number of neurons 40 Number of Trials [60-156]
Total number of neurons 40 Total number of examples 8,786
Code Kernel
Non-negativity False Non-negativity True
Sparse regularizer 4 (network) 0 Normalization True
Sparse regularizer 4 (loss) 0 Numbers 3
Code support knowledge True Length 600 ms (24)
Code Q regularization False Smoother False
Code Q regularization matrix - Smoother penalty -
Code Q regularization period - Initialization Random Normal
Q regularization scale - Share among neurons True
Q regularization norm type -
Top k sparsity -
Top k period -
Adam optimizer Other network parameters
Number of epochs 15 Model distribution Binomial
Batch size 32 Time bin resolution 25ms
Learning rate 0.01 Unrolling non15lin Shrinkage
Learning rate decay False Unrolling number 100
Learning rate decay step - Unrolling mode FISTA
Adam eps 0.001 Unrolling alpha 0.1
Backpropagation type Truncated
Truncated iterations 10

Dopamine calcium experiment
The data is captured from 3 different sessions, each with N = 6, 20, and 30 neurons. Data, model,
and training information are summarized in Table S3. Below, we explain the modeling in detail.

Given the continuous domain of calcium imaging, we model the data using Gaussian distribu-
tion. We learn K = 5 kernels; one kernel to characterize the neural activity in response to the
odor cue without reward (we call this regret), another kernel for the odor cue in the expected trial
prior to the appearance of the reward, and three kernels to model RPEs. Specifically, for RPEs, we
use one kernel with non-negative code to model salience, two kernels to model value (one with
non-negative and another with non-positive code). We note that we do not enforce any other
constraint for the kernels to explicitly model salience or value; the decomposition is natural upon
training. Each kernel is 4 s long in time. The baseline firing rate is estimated from the 1 s data
interval prior to the first event onset for every trial.

To attribute the kernels to the specific event of interest, we set the indicator vector for cue
regret code e’l"j to 1 at the cue onset on regret trials, and zero, otherwise. Similarly, e;” issetto 1
on expected trials at the cue onset, and zero, otherwise. This attribute kernel h, characterizes the
neural response to cue in the absence of a reward, and h, represents the neural response to cue
in expected trials. Furthermore, eg’j, e,’,and e;”j are all 1-sparse for trials with reward, and they are
non-zero at the reward onset.

We use the structured representation optimization formulation described earlier to discourage
codes x, and x; to be active at the same time. We use ¥*/TQx"/ regularization variation with %"/ €
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Table S3. Parameters for dopamine calcium experiment. For code non-negativity, -1,1,2 are for negative,
positive, and two-sided, respectively. For kernel non-negativity flag, 0 is for negative/positive, and 1 is for
positive.

Data
Sampling rate 15 Hz Trial length 453-15.2s
Number of neurons {6, 20, 30} | Number of Trials {252, 299, 195}
Total number of neurons 56 Total number of examples 13,342
Code Kernel

Non-negativity [2,2,1,1,-11 | Non-negativity [0,0,0,1,1]
Sparse regularizer 4 (network) 0 Normalization True
Sparse regularizer 4 (loss) 0 Numbers 5
Support knowledge True Length 4 s (60)
Q regularization True Smoother False
Q regularization matrix see text Smoother penalty -
Q regularization period 1 Initialization Random Normal
Q regularization scale 2.5 Share among neurons True
Q regularization norm type 2
Top k sparsity -
Top k period -

Adam optimizer Other network parameters
Number of epochs 15 Model distribution Gaussian
Batch size 8 Time bin resolution 1ms
Learning rate 0.01 Unrolling nonlin Shrinkage
Learning rate decay False Unrolling number 100
Learning rate decay step - Unrolling mode FISTA
Adam eps 0.001 Unrolling alpha 0.1
Backpropagation type Truncated
Truncated iterations 10

R3 capturing the amplitude of the non-zero entry of each code, i.e.,
wnjT _ JT JT JT JT JT
T = L s 157 M 5 Mgl s 5?1 1 an

Moreover, we set Q, s = Qs , = 2.5 and other entries of Q is set to 0.

Whisker thalamus spiking experiment
The training and modeling parameters of the whisker spiking experiment are summarized in Ta-
ble S4. The original data contains data from 17 pairs of neurons and their activities in response to
three types of stimuli. Considered neurons are from pair/neuronof 1/2,2/1,4/1,5/1,6/1,8/2,10/2,16/2,17/1
excluding non-responsive neurons or those with very low signal-to-noise ratio [71]. Additionally,
the neural characterization is done for stimulus number 3, where the deflection velocity is constant.
In our analysis, we characterized the response of neurons to the stimuli by one kernel. For
more re-fined characterization, one may choose to learn two kernels; prior work discussed that
each whisker cycle could evoke two response types (one that encodes the caudal direction whisker
movement and another that captures the rostral direction movement on the way back to the neu-
tral whisker position) [71].

Olfactory experiment
An experimental session consists of ~ 250 trials. In each trial, a custom device delivered 50 ms odor
pulses of the same peak concentration to the animal's nose at a Poisson-distributed pulse rate be-
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Table S4. Parameters for whisker thalamus experiment.

Data
Sampling rate 1ms Trial length 4000
Number of neurons 10 Number of Trials (25 train, 25 test)
Total number of neurons 10 Total number of examples (250 train, 250 test)
Code Kernel
Non-negativity True Non-negativity False
Sparse regularizer A (network) 0.03 Normalization True
Sparse regularizer 4 (loss) 0.03 Numbers 1
Support knowledge False Length 125 ms (25)
Q regularization False Smoother True
Q regularization matrix - Smoother penalty 0.003
Q regularization period - Initialization Stimuli velocity
Q regularization scale - Share among neurons True
Q regularization norm type -
Top k sparsity 18
Top k period 10
Adam optimizer Other network parameters
Number of epochs 120 Model distribution Binomial
Batch size 30 Time bin resolution 5ms
Learning rate 0.01 Unrolling nonlin Shrinkage
Learning rate decay False Unrolling number 800
Learning rate decay step - Unrolling mode FISTA
Adam eps 0.001 Unrolling alpha 0.5
Backpropagation type Truncated
Truncated iterations 0

tween 0.5-4 pulse/s for 5s. Neural activity in the animal's anterior piriform cortex was recorded with
a custom-built 32-channel tetrode drive at a 30 kHz sampling rate using the Open Ephys recording
system [99]. The data are downsampled to 1 ms resolution for analysis. Single-unit spiking activi-
ties were isolated using Kilosort2 [100]. We isolated 5-40 single units in each recording session. At
the end of each session, the entire bundle of tetrodes was lowered by 40 um to obtain a new set
of neurons for the subsequent session. We recorded C = 770 neurons during S = 17 behavioural
sessions from 3 mice. The data and model parameters for this experiment are summarized in
Table S5.

The clustering analysis is based on K-means. Figure S8 shows K-means with 3, 4, 5, 6 clusters.
We have used 90% of the neurons at random (repeated 40 times) to compute the adjusted random
index (ARI); on average, ARI is 0.94, 0.96, 0.95, 0.77, for 3, 4, 5, 6 clusters, respectively. We observed
similar clustering effect using spectral clustering with a Radial Basis Function (RBF) kernel.

Simulated model characterization experiment
Table S6 summarized all the modeling and training parameters for simulation on DUNL character-
ization.

Simulated dopamine spiking experiment
The dopamine spiking simulation follows closely the data from the dopamine spiking real experi-
ment. Table S7 summarizes the parameters of this experiment.
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Table S5. Parameters for olfaction experiment.

Data

Sampling rate reduced to 1 ms | Trial length 4500 ms
Number of neurons 770 Number of Trials ~ 250
Total number of neurons - Total number of examples -

Code Kernel
Non-negativity True Non-negativity False
Sparse regularizer 4 (network) varies Normalization True
Sparse regularizer 4 (loss) 0 Numbers 1
Support knowledge True Length 1000 ms (20)
Q regularization False Smoother True
Q regularization matrix - Smoother penalty 0.1
Q regularization period - Initialization Aligned raster

Q regularization scale
Q regularization norm type
Top k sparsity

Share among neurons

False

Top k period -

Adam optimizer Other network parameters
Number of epochs 500 Model distribution Poisson
Batch size Full-batch Time bin resolution 50 ms
Learning rate 0.01 Unrolling nonlin Shrinkage
Learning rate decay False Unrolling number 100
Learning rate decay step - Unrolling mode FISTA
Adam eps 0.001 Unrolling alpha 0.1
Backpropagation type Full

Truncated iterations -

Simulated structured spiking experiment with non-overlapping events

This section summarizes the information on the data used for the comparison of DUNL and LFADS
in their ability to capture local characteristics from single trials. Table S8 summarizes the parame-
ters of this experiment.

Simulated unstructured spiking experiment with overlapping events

This section summarizes the information on the experiment demonstrating the ability of DUNL
to detect and locally characterize events appearing at random. In this experiment, there are two
types of events, each happening three times in a trial. While there is a 200 ms minimum distance
between events of the same type, events of different types are allowed to fully overlap. Table S9
summarizes the parameters of this experiment.

Supplementary Methods - Two-photon Calcium Imaging Data Acquisition

Surgeries

Stereotaxic viral injections and GRIN lens implantation: Surgeries were performed under aseptic
conditions. Mice were anesthetized with isoflurane (1-2 at 0.5-1 L.min~!), and local anesthetic (li-
docaine (2%)/bupivacaine (0.5%) 1:1 mixture, subcutaneous (s.c.)) was applied at the incision site.
Analgesia (buprenorphine for pre-operative treatment, 0.1 mg.kg=!, intraperitoneal (i.p.); ketopro-
fen for post-operative treatment, 5 mg.kg™!, i.p.) was administered for 3 days after surgery. A
custom-made head plate was placed on the well-cleaned and dried skull with adhesive cement
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Table S6. Parameters for simulated model characterization experiment. The information in the parenthesis
are for different time bin resolution scenario of (5 ms, 10 ms, 25 ms, 50 ms).

Data
Sampling rate 1ms Trial length 4000
Number of neurons 1 Number of Trials 25, 50, 100, 250, 500
Total number of neurons 1 Total number of examples 25, 50, 100, 250, 500
Code Kernel
Non-negativity True Non-negativity False
Sparse regularizer A (network) 0.03 Normalization True
Sparse regularizer A (loss) 0.03 Numbers 1
Support knowledge - Length 500 ms (100, 50, 20, 10)
Q regularization False Smoother True
Q regularization matrix - Smoother penalty (0.2, 0.01, 0.004, 0.0002)
Q regularization period - Initialization Sinusoidal shape
Q regularization scale - Share among neurons True
Q regularization norm type -
Top k sparsity 5
Top k period 10
Adam optimizer Other network parameters
Number of epochs 15-100 Model distribution Binomial
Batch size 128 Time bin resolution (5,10, 25, 50) ms
Learning rate 0.01 Unrolling nonlin Shrinkage
Learning rate decay False Unrolling number 800
Learning rate decay step - Unrolling mode FISTA
Adam eps 0.001 Unrolling alpha 0.25
Backpropagation type Truncated
Truncated iterations 20

s (C&B Metabond, Parkell) containing a small amount of charcoal powder. To express the calcium
s indicator GCaMP in dopamine neurons, AAV5-CAG-FLEX-GCaMP7f (1.8 x 103 particles per ml) was
wss injected unilaterally in the VTA (300 nl, bregma - 3.0 mm AP, 0.5 mm ML, 4.6 mm DV from dura) in two
g7 DAT-Cre mice (Slc6a3™1-1croBkmn Jackson Laboratory, 006660) [101] respectively. A third mouse was
s adoubletransgenic resulting from crossing DAT-Cre with Ai148D (B6.Cg-Igs7/148.1¢et0-GCaM PO .CAGT AD Hze/ ]
w89 Jackson Laboratory, 030328) [102] for expression of GCaMP6f in dopamine neurons. The injection
w0 was done at a rate of approximately 20 nl.min~! for a total of 300 nl using a manual plunger injector
w1 (Narishige). For both DAT-Cre and DAT-Cre;Ai148 double transgenic mice, a GRIN lens (0.6 mm in
w2 diameter, 7.3 mm length; 1050-004597, Inscopix) was slowly inserted above the VTA after inser-
1003 tion and removal of a 25-gauge needle. The implants were secured with C&B Metabond adhesive
e cement (Parkell) and dental acrylic (Lang Dental).

wes Behavioral training and testing protocol

w0 Mice were water-deprived in their home cage 1-2 days before the start of behavioral training, two
w7 OF more weeks after surgery. During water deprivation, each mouse’s weight was maintained
s above 85% of its original value. Mice were habituated to the head-fixed setup by receiving wa-
w0 ter every 4 s (6 ul drops) for 3 days, after which association between odors and outcomes started.
uo A mouse lickometer (1020, Sanworks) was used to measure licking as infrared beam breaks. Wa-
na  ter valves (LHDA1233115H, The Lee Company) were calibrated, and a custom-made olfactometer
12 based on a valve driver module (1015, Sanworks) and a valve mount manifold (LFMX0510528B and
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Table S7. Parameters for simulated dopamine spiking experiment.

Data
Sampling rate 1ms Trial length 3100 ms
Number of neurons 40 Number of Trials [14 - 300]
Total number of neurons 40 Total number of examples  [560 - 1200]
Code Kernel
Non-negativity False Non-negativity True
Sparse regularizer 4 (network) 0 Normalization True
Sparse regularizer 4 (loss) 0 Numbers 3
Support knowledge True Length 600 ms (24)
Q regularization False Smoother False
Q regularization matrix - Smoother penalty -
Q regularization period - Initialization Random Normal
Q regularization scale - Share among neurons True
Q regularization norm type -
Top k sparsity -
Top k period -
Adam optimizer Other network parameters
Number of epochs 200 Model distribution Binomial
Batch size 2 Time bin resolution 25ms
Learning rate 0.01 Unrolling nonlin Shrinkage
Learning rate decay False Unrolling number 100
Learning rate decay step - Unrolling mode FISTA
Adam eps 0.001 Unrolling alpha 0.1
Backpropagation type Truncated
Truncated iterations 10

LHDA1221111H valves, The Lee Company) was used for odor delivery. All components were con-
trolled through a Bpod state machine (1027, Sanworks). Odors were diluted in mineral oil (Sigma-
Aldrich) at 1:10, and 30 ul of each diluted odor was placed inside a syringe filter (2.7-um pore size,
6823-1327, GE Healthcare). Odorized air was further diluted at 1:10 and delivered at 1,000 ml.min!.
Odors used for each association were randomly assigned from the following list of odors: isoamyl
acetate, p-cymene, ethyl butyrate, (+)-carvone, (+)-citronellal, a-ionone, L-fenchone. One of these
odors was associated with a distribution of reward sizes while a second odor was not paired with
any outcome (nothing). For the rewarded odor, after a 2-s trace period, a reward was delivered
whose size was taken randomly from a uniform distribution of the following sizes: 0.3, 0.5, 1.2, 2.5,
5.0, 8.0, 11.0 ul. Variable-size non-cued rewards taken from the same distribution were also deliv-
ered throughout the sessions. Mice completed one session per day.

Image acquisition

Imaging was performed using a custom-built two-photon microscope. The microscope was equipped
with a diode-pumped, mode-locked Ti:sapphire laser (Mai-Tai, Spectra-Physics). All imaging was
done with the laser tuned to 920 nm. Scanning was achieved using a galvanometer and an 8-kHz
resonant scanning mirror (adapted confocal microscopy head, Thorlabs). Laser power was con-
trolled using a Pockels Cell (ConOptics 305 with M302RM driver). The average beam power used
for imaging was 40-120 mW at the tip of the objective (Plan Fluorite x20, 0.5 NA, Nikon). Fluo-
rescence photons were reflected using two dichroic beamsplitters (FF757-Di01-55x60 and FF568-
Di01-55%73, Semrock), were filtered using a bandpass filter (FFO1-525/50-50, Semrock), and were
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Table S8. Parameters for simulated structured spiking experiment for comparison of DUNL with LFADS for

their ability to learn local characterization from data.

Data
Sampling rate 1ms Trial length 2000 ms
Number of neurons 1 Number of Trials 25-1600
Total number of neurons 1 Total number of examples  25- 1600
Code
Non-negativity True Non-negativity False
Sparse regularizer A (network) 0.1 Normalization True
Sparse regularizer A (loss) 0.1 Numbers 2
Support knowledge False Length 400 ms (16)
Q regularization False Smoother True
Q regularization matrix - Smoother penalty 0.015
Q regularization period - Initialization Random Normal
Q regularization scale - Share among neurons True
Q regularization norm type -
Top k sparsity 1
Top k period 10
Adam optimizer Other network parameters
Number of epochs 125-1500 | Model distribution Binomial
Batch size 128 Time bin resolution 25 ms
Learning rate 0.01 Unrolling nonlin Shrinkage
Learning rate decay False Unrolling number 800
Learning rate decay step - Unrolling mode FISTA
Adam eps 0.001 Unrolling alpha 0.25
Backpropagation type Truncated
Truncated iterations 5

collected using GaAsP photomultiplier tubes (H7422PA-40, Hamamatsu), whose signal was ampli-
fied using transimpedance amplifiers (TIA60, Thorlabs). Microscope control and image acquisition
were done using Scanlmage 4.0 (Vidrio Technologies). Frames with 512x512 pixels were acquired at
15 Hz. Synchronization between behavioral and imaging acquisitions were achieved by triggering
microscope acquisition in each trial to minimize photobleaching using a mechanical shutter (SC10,
Thorlabs).

Data pre-processing

Acquired images were pre-processed in the following manner. (1) Movement correction was per-
formed using phase correlation image registration implemented in Suite2P[103]. (2) Region-of-
interest (ROI) selection was performed manually in FlJI from the mean and standard deviation pro-
jections of a subset of frames from the entire acquisition, as well as a movie of the frames used to
build those projections. (3) Neuropil decontamination was performed with FISSA[104] using four
regions around each ROI. The neuropil decontaminated fluorescent signal was then filtered with
a 12 point Gaussian kernel with 0.6875 standard deviation. Drift along the session was corrected
using the running maximum of the running minimum of a 120 s time window. Then AF/F, was
calculated as AF/F(1) = 2209 ysing as F, the 6" running percentile in a window of 40 s. This

Fo(n)
fluorescent trace was used for further data processing and analysis in the network.
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bioR yiv


https://doi.org/10.1101/2024.01.05.574379
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.01.05.574379; this version posted January 23, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Tolooshams et al. 2024

Table S9. Parameters for simulated unstructured spiking experiment for detection and deconvolution of two

event types.

Data
Sampling rate 1ms Trial length 6000 ms
Number of neurons 1 Number of Trials 25-1600
Total number of neurons 1 Total number of examples  25- 1600
Code
Non-negativity True Non-negativity False
Sparse regularizer A (network) 0.1 Normalization True
Sparse regularizer A (loss) 0.1 Numbers 2
Support knowledge False Length 400 ms (16)
Q regularization False Smoother True
Q regularization matrix - Smoother penalty 0.015
Q regularization period - Initialization Random Normal
Q regularization scale - Share among neurons True
Q regularization norm type -
Top k sparsity 3
Top k period 10
Adam optimizer Other network parameters
Number of epochs 200-2000 | Model distribution Binomial
Batch size 128 Time bin resolution 25ms
Learning rate 0.01 Unrolling nonlin Shrinkage
Learning rate decay False Unrolling number 800
Learning rate decay step - Unrolling mode FISTA
Adam eps 0.001 Unrolling alpha 0.25
Backpropagation type Truncated
Truncated iterations 5
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Figure S2. Decomposition of a single dopamine neuron spiking activity. Averaged trial activity for each
reward size (a-g), for unexpected (left) and expected (right) trials (gray traces), were decomposed into Reward
| (salience-like, blue) and Reward Il (value-like, red) components. The salience kernel contributes in rate
estimation of the burst right after the reward onset, and the value kernel contributes in representation of the
spikes appearing with around a 100 ms delay. The dip in the neural activity for low reward amount is captured
by a negative value code and highlights a negative RPE. h, Summary of mean neural response for each trial
type and reward size (solid lines) and the corresponding DUNL-reconstructed activity trace (dashed lines).
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Figure S3. Additional analysis for dopamine spiking data results (Figure 2). Neural code amplitudes as a
function of reward size for unexpected (a) and expected trials (b): each line represents one neuron.

Compared to Figure 2g, the curves are not normalized here.

Interpretable deep learning for deconvolutional analysis of neural signals, Preprint.

bioR yiv


https://doi.org/10.1101/2024.01.05.574379
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.01.05.574379; this version posted January 23, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

a Cue Reward | Reward Il
0.5

0.0 . . & \ : \/\\
0 300 600 O 300 600 O 300 600
Time [ms]

b Cue Reward | Reward 11 Reward Combined

--- Unexpected
— Expected

Code
Unexpected

Code
Expected

0.01,
0.1 5 10 20 01 5 10 20 0.1 5 10 20 01 5 10 20

c T Reward size ]
s
& 1.0 , /
505 & S
o' I
= 0.0 : ;
5 0.0051.0 0.0051.0 0.0051.0 0.0051.0
& Spearman(Code, Reward)
d Reward | Reward 11
375 375 :
- 2
9 1
o 250 250
=
g E 1
Q 125 125
> E 50
o - Ug 0 ‘0
= -1 0 1 10 1
B 375 g 375 -
2 B
° S 2
g 2 20 250
S 1
o =
52 1
X 125 125
w
50 50
0 I 0
-1 0 1 0 -1 0 1 0

Distance to Diagonal from Right

Figure S4. Result of training DUNL with a limited number of trials from dopamine spiking data [69]: a,
Learned kernels shared across neurons. b, Neural code amplitudes as a function of reward size; the figure
demonstrates diversity of neural encodings with each line corresponding to one neuron. ¢, Spearman’s rank
correlation between codes and reward size (x-axis) vs. the windowed average firing rates and reward sizes
(y-axis). d, Histogram of distance of dots from the diagonal in Spearman’s rank correlation from c; positive
distance means below the diagonal and colorbar shows the normalized probability density function at each
bin, such that the integral over the shown range in x-axis is 1.
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Figure S5. Analysis of kernel quality with the number of trials in simulated dopamine data: a, The experiment
setup used to generate the data. b, PSTH of simulated neurons over each trial type. ¢, The kernel recovery
error (i.e., v/1 — (cosine similarity)2. d, Visualization of the learned kernels in color (the true underlying kernels
are shown in gray). e, DUNL's code estimates as a function of reward sizes (top), and the true underlying code
(bottom).
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Figure S6. DUNL decomposition of responses from one dopamine neuron recorded using two-photon
calcium imaging across reward sizes a-g in unexpected (left) and expected (right) trials. The trial average raw
data (gray) and its reconstruction in 4 kernels. Blue models the salience response, red models a positive
response for value, and green represents a negative activity for value. h, Summary of mean neural response
for each trial type and reward size (solid lines) and the corresponding DUNL-reconstructed activity trace
(dashed lines).
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Figure S7. Additional analysis for dopamine calcium signals results (Figure 3). a, Neural code amplitudes as a
function of reward amounts for unexpected. b, Neural code amplitudes as a function of reward amounts for
expected trials: each line represents one neuron. Compared to Figure 3f, the curves are not normalized here.
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Figure S8. k-means clustering on the DUNL kernels obtained from the piriform cortex neural recordings. a, 3

clusters. d, 4 clusters. g, 5 clusters. j, 6 clusters. b, e, h, k. Their corresponding similarity matrices using cosine
distance. ¢, f, i, k. Cluster visualizations on the first versus second principal components. We observed similar
clustering results when using spectral clustering.
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Figure S9. Model characterization with 2 kernels (blue and red). a-d, Rate estimation and decomposition of 4

example trials. e, The underlying code onsets from both kernels across trials. f, The estimated code onsets by
DUNL.
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Figure S10. Model characterization. Code hit rate for event identification as a function of bin-size (columns)
and time-tolerance (rows).
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Figure S11. a, Code hit rate for event identification as a function of the number of trials (columns) and
time-tolerance (rows). b, Kernel recovery error as a function of number of trials available for training for
known support (top) and unknown support (bottom) scenarios.
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Figure S12. Kernel visualization as a function of trials (columns) and bin-size (rows). a, Known event onsets
(support). b, Unknown event onsets.
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Figure S13. Comparison of DUNL with classical dimensionality reduction (a-d) and a deep learning framework
for the dopamine spiking data (e-h). These methods are applied on windowed data of size 600 ms starting
from the reward onset from dopamine spiking dataset (Figure 2). PCA is applied to standardized data, NMF is
applied to the raw binned data, and LFADS is applied to the raw data. a-b PCA. a, PCA kernels with PC1 in blue
and PC2 in red color. b, Scatter plot of Spearman'’s rank correlation of DUNL codes for the Reward |
(salience-like) and Reward Il (value-like) kernels (left and right, respectively) in the x-axis and of Spearman’s
rank correlation of PCs and reward size on the y-axis. Salience-prone region for both methods is shaded in
gray-blue (low correlation with reward size) while value-prone region for both methods is shaded in
mountbatten pink (larger values for the correlation with reward-size). The blue PC contains value information
similar to DUNL's Reward Il but the red PC contains salience and an anti-correlation with value. c-d NMF. c,
NMF kernels. d, Scatter plot of Spearman’s rank correlation of DUNL codes for the Reward | and Reward |l
kernels (left and right, respectively) in the x-axis and of Spearman’s rank correlation of NMF coefficients and
reward size on the x-axis. The blue kernel is salience-like, and the red kernel is value-like, but DUNL's Reward
Il kernel still outperforms the red NMF kernel at representing value. e-f LFADS. e, The average of two factors
over the dataset learned by LFADS (the factors are zero-mean and normalized for visualization purposes). f,
Spearman’s rank correlation of DUNL codes and reward size (x-axis) in comparison to Spearman’s rank
correlation of the temporal average of the LFADS factors and reward size (y-axis). The comparison of
Spearman correlations from DUNL and LFADS shows that both LFADS factors capture similar statistics, only
similar to the Reward Il kernel in DUNL (value-like); LFADS fails to deconvolve the reward response into
salience and value. g-h, Same as e-f for LFADS run on the limited dataset using < 8% of the data (same
dataset as Figure S4). Compared to the full dataset scenario, Spearman correlation results hold; however,
certain details on the factors such as the local bump around 200 ms is not captured.
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Figure S14. Comparison of DUNL with GLM [58], performing Poisson GLM regression using a set of
pre-defined family of basis functions, for the dopamine spiking data. Similar to the comparison with the
dimensionality reduction, the methods are applied on windowed data of size 600 ms starting from the reward
onset from dopamine spiking data (Figure 2). a-c, Raised cosine basis case. a, Raised cosine bases
(normalized bases with 0/1 min/max are shown). The bias is shown as the first base (blue). b, An example of
trial reconstruction by GLM averaged over trial types. ¢, The Spearman’s rank correlation of DUNL value code
and reward size (x-axis) in comparison to Spearman’s rank correlation of coefficients of each of the GLM basis
and reward size (y-axis). The comparison shows that neither of the bases is representative of value response;
The predefined bases do not offer interpretability from the point of view of deconvolving the reward response
into salience and value. The yellow and green markers show the average across unexpected and expected trials.
d-f, Nonlinear raised cosine basis case. d, Nonlinear raised cosine bases (normalized bases with 0/1 min/max
are shown). The first (blue) bases represents the constant bias term. e, An example of trial reconstruction by
GLM averaged over trial types using the nonlinear raised cosines. f, The Spearman’s rank correlation of DUNL
value code and reward size (x-axis) in comparison to Spearman'’s rank correlation of coefficients of each of
the GLM bases and reward size (y-axis) for the nonlinear raised cosine case. The presence of dots below the
diagonal line indicates that the value code offered by DUNL is a better representative of the reward amount.
Overall, this emphasizes the lack of interpretability of GLM with pre-defined family of basis functions within
the context of deconvolving the single-trial spiking data into interpretable components.
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