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Abstract
Voltage imaging (VI) is an emerging technique for recording neural popula-
tion activity that offers advantages over tried-and-true calcium imaging (CI).
Namely, voltage indicator dynamics (1) allow for higher temporal resolution
imaging and (2) are sensitive to sub-threshold voltage fluctuations which cal-
cium indicators cannot capture. We develop a new data processing pipeline
specialized for VI data and demonstrate the ability to resolve single cell activ-
ity to a high degree of spatial and temporal acuity on a challenging in vitro
dataset with highly synchronous activity driven by optogenetic stimulation.

Voltage Imaging Data
•Q-State Biosciences’ in vitro cellular model combines state of the art stem cell,
optogenetics, and optical imaging technology [1].

•Capable of simultaneously recording and stimulating up to 100 neurons in
parallel within a 0.5 mm x 4 mm field of view (FOV).

•Sampling rate of 1 kHz allows single-spike and sub-threshold voltage sensitivity.
•Static FOV is imaged across multiple stimuli with reset periods in between.

Figure: Each recorded movie is a stack of 7,000 frames by 64,000 pixels.

Preprocessing
•Cohesive movie is stitched together by removing frames during stimuli resets.
•Slow trends are extracted with a robust B-spline regression allowing for
non-differentiability at stimuli change-points and discontinuity at stimuli resets.

•Photobleaching decays are separated from sub-threshold voltage fluctuations
via quadratic regression against frames where stimuli are off.

•Resulting detrended movie is composed of noise and action potentials,
satisfying stationarity assumptions and facilitating denoising and demixing.

Denoising & Compression
•Signals of interest in data are sourced from a small number of neurons making
the VI recordings highly compressible.

•First, an anisotropic Wiener filter is fit in a neighborhood of each pixel to
knock down uncorrelated noise while preserving spatially-local,
temporally-correlated signals.

•The filtered value for a pixel y is computed as
ŷ = (Σy)−1(Σy − Σ̂ε)y,

where Σy, Σ̂ε are the empirical and estimated noise covariance matrices [2].
•Next, the FOV is partitioned into overlapping blocks.
•Blocks are compressed via an `1 trend filtering penalized [3] matrix factorization

Û , V̂ = arg min
U,V

‖Y − UV ‖2
F + ∑

λi‖D(2)Vi‖1,

where U and V are initialized by the singular value decomposition (SVD).
•The temporal components V are ranked according to a metric defined on their
empirical autocorrelation function.

•Components that fall within a 95% confidence interval of Gaussian white noise
are discarded.

•Empirically, our low rank and spatially sparse representation yields up to two
orders of magnitude data compression.

•By working in spatially local neighborhoods, our methods are linearly scalable.

Figure: Top row: (left) The ACF is a reliable metric to identify components with indicator
dynamics. (right) Single frame from the detrended movie, denoised movie, and residual movie,
respectively. Bottom rows: (left) High SNR somatic single pixel trace, (right) low SNR dendritic
single pixel trace.

Source Extraction
•Detrending, denoising, and thresholding reveal the neural signals, permitting
initialization of non-negative matrix factorization (NMF) algorithms.

•Constrained NMF methods (CNMF) developed for CI [2][4] are extended by
re-modeling temporal component updates to reflect voltage indicator dynamics.

•`1 trend filtering regularization [3] encourages smoothness and allows spiking:
C̃(i), f̂ (i) = arg min

C≥0,f
‖Y − b̂(i)fT − Â(i)C‖2

F

Ĉ(i) = arg min
C≥0

K∑
k=1
‖D(2)Ck,:‖1

subject to ‖C̃(i)
k,: − Ck,:‖2

2 ≤ σ̂2
kT ∀k = 1, · · · , K.

•With this coordinate update, CNMF descends a new joint objective

min
A,C,b,f

‖Y − AC − bfT‖2
F +

K∑
k=1

λk‖D(2)Ck,:‖1

subject to A,C ≥ 0, A is sparse and local,
where the tuning parameters λk are selected implicitly from noise estimates.

•Final spatial components are regressed against the raw data to debias the
temporal components and extract slow trend components.

Neural Net Denoising
•The neural network (NN) consisting of a convolutional layer, a relu
non-linearity, and a convolutional layer whose output is added together in a
learned weighted sum across filter activations. Each convolutional layer has 20
filters lasting 100 ms.

•We trained the NN by artificially contaminating extracted neural temporal
components with Gaussian noise.

•We find that the NN performs similarly to the `1 trend filtering denoiser [3].
•NN architectures offer an attractive, high-throughput pipeline potentially
applicable to VI technologies that operate at even larger scales, and we are
continuing to explore these approaches.

Figure: Preliminary results indicate that NN denoising may be more robust in low SNR regimes.

Conclusion
•We have developed an efficient pipeline to denoise and demix VI recordings.
•A novel denoiser knocks down noise dramatically with no parameter tuning,
adapts automatically to the number of components and the noise level, and is
robust out of the box.

•CNMF methods developed for CI can be extended to VI by re-modeling the
temporal update step to reflect voltage indicator dynamics.

• Isolation of the low rank neural signals in both the denoising and source
extraction phases yields substantial data compression.

•Empirically, we extract high quality spatial and temporal components with
single-spike and sub-threshold voltage sensitivity from a low SNR, highly
correlated VI data.
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