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Optical readout in low-light imaging is fundamentally limited by measurement noise, including photon shot
noise, detector noise, and quantization error. In this regime, downstream inference depends not only on the opti-
cal front end, but also on how noisy high-dimensional sensor measurements are represented before classification
or decision-making. Here we show that eigentasks provide a measurement-adapted representation for optical
sensor outputs by ordering readout features according to their resolvability under noise. Using experimental data
from a lens-based optical imaging system and a reanalysis of published data from a single-photon-detection neu-
ral network, we find that eigentask representations frequently outperform standard baselines including principal
component analysis and filtering-based compression. The advantage is most pronounced in photon-limited,
few-shot, and higher-difficulty classification regimes. In few-shot MPEG-7 classification, for example, the ad-
vantage over other methods reaches about 10 percentage points as the number of classes increases. In these
settings, eigentasks yield more informative low-dimensional features and improve sample-efficient downstream
learning. These results identify measurement-adapted representation as a promising strategy for optical infer-
ence when photon budget, acquisition time, and task complexity are constrained.

I. INTRODUCTION

Optical sensors form the interface between physical scenes and digital inference. In a range of important applications, how-
ever, the limiting resource is not the number of detector channels or the complexity of the optical front end, but the photon budget
available per measurement. This regime arises in settings such as live-cell imaging, where illumination must be limited to avoid
photobleaching and phototoxicity [1-4], and in high-speed optical measurements where exposure time is constrained [5-7]. Un-
der these conditions, each detector element collects only a small number of photons, and the resulting readout becomes strongly
stochastic, with signal-to-noise ratios (SNRs) set by photon shot noise together with detector and quantization noise [8—12]. As
a result, under a fixed or constrained photon budget, increasing the number of pixels or measurement channels does not automat-
ically translate into better inference [13, 14]. The challenge shifts from acquiring more data to extracting reliable information
from noisy, high-dimensional optical measurements [15—19].

A central challenge in this setting is how to convert noisy sensor outputs into a lower-dimensional representation that preserves
task-relevant information. Standard approaches, including spatial filtering, Fourier-domain truncation, and principal component
analysis (PCA), are widely used for denoising or compression [20-22], but they are generally not explicitly constructed to reflect
the spatio-temporal measurement statistics of a specific optical readout process. Consequently, the components they retain are
not necessarily those that remain most observable under the actual noise structure of the sensor, particularly in photon-limited
regimes.

Eigentasks offer an alternative. Introduced in the context of qubit-based quantum systems as computational substrates [23]
(see also Ref. [24, 25]), eigentasks define a basis in the space of a complete set of projective measurement operators to maximize
the signal-to-noise ratio of the resulting feature components with respect to inputs drawn from a specified prior. Conceptually,
eigentasks represent a native set of functions of the input that a given quantum dynamical system can approximate with minimal
error when projectively measured.

Here we show that the same principle can be used to construct a measurement-adapted representation of optical sensor readout
for downstream inference under photon-limited conditions. In their original formulation, eigentasks provide notable advantage
for projective measurements subject to multiplicative noise, and it is therefore not a priori clear that these benefits carry over to
optical readout. We demonstrate, through application to distinct optical sensing architectures, that eigentasks define an effective
representation layer for optical measurements by ordering features according to their observability under noise. This perspective
extends the role of eigentasks from tools for analyzing physical computation to a general strategy for extracting information
from noisy optical measurements, suggesting a principled approach to the design of optical inference pipelines.
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FIG. 1. Image classification through eigentask-based noise mitigation. (a) A schematic of the optical classification pipeline. Inputs are
encoded in light, processed by an optical front end (lens-based or SPDNN, as considered in this work), and measured through stochastic
readout noise. Repeated shots are collected and averaged to form the sensor readout used for subsequent processing, including a representation
transform for noise mitigation and a downstream classifier F{-} for label prediction. Here, w — x(u) denotes the optical encoding map,
which is a deterministic mean input-to-readout map implemented by the optical front end and the readout device in the infinite-shot limit (for
details, see Supplemental Material Section 1 B and 3 C). (b) Comparison of how the transform W is constructed in the four noise-mitigation
methods. Eigentask and PCA transforms are learned from training readouts: eigentasks are noise-aware and ordered by signal-to-noise ratio
(SNR), whereas PCA is ordered by variance. By contrast, low-pass filtering and coarse graining are fixed, data-agnostic transforms.

In this work, we evaluate eigentask representations on two distinct optical readout settings: a lens-based imaging system
measured with an electron-multiplying charge-coupled device (EMCCD) camera, and a single-photon-detection neural network
(SPDNN) architecture. Using experimental data and validated simulations, we find that eigentasks frequently outperform stan-
dard baselines, including PCA and filtering-based compression, with the strongest gains in photon-limited and few-shot regimes.
The advantage becomes more pronounced as classification difficulty increases, as evidenced in classification problems with a
larger number of classes. These results suggest that, in photon-limited optical systems, performance can be improved not only
by redesigning the optical front end, but also by redesigning how its output is represented prior to inference.

II. NOISE IN MEASUREMENT OF OPTICAL SYSTEMS

For a physical sensor subject to an input u, we define X (u) as its corresponding output in one experiment (“shot”); for a
sensor with K observable readout features, X will be a K-dimensional vector. Even for a fixed input u, the sensor output
will generally vary over repeated samples or measurements of the sensor, with the sample-to-sample variability determined by
the strength of the noise in readout. Henceforth we will refer to the shot-averaged output X (u) over S shots, described as a
stochastic variable

= 1

X (u) = @(u) + —=C(w), ey

where E x [ X (u)] = x(u) describes the mean of sensor outputs, while ¢(u) is a zero-mean stochastic vector that captures all its
noise characteristics and £ x [-] denotes the expectation over sampling of outputs with X (u) = { X ) (u)} se[s) representing the
measured feature vectors in S shots. Equation (1) is extremely general, describing static stochastic outputs from any physical
sensor. In a physical setting, individual static samples are inevitably acquired through time integration of a physical observable,
potentially using a separately optimized filter, see Ref. [26-29]. In this work we do not consider the optimization of the filter.
In the optical setting considered here, the input w is encoded into a propagating beam and processed by an optical front
end. We denote by u — x(u) the deterministic mean input-to-readout map implemented by the optical front end and the



measurement device in the infinite-shot limit, and refer to it as the optical encoding map (for details, see Supplemental Material
Section 1 B and 3 C, which include Ref. [30]). In the single-lens experiments, this map is fixed by phase modulation on the SLM,
propagation through the single lens, and pixel-integrated intensity readout. In the SPDNN case, by contrast, the optical front end
is a trained, task-specific layer of an optical neural network, with single-photon detectors serving as the readout. Both setups
are illustrated in the inset of Fig. 1(a). In either case, the experimentally observed readout fluctuates around the mean x(u)
with noise ¢(u) whose statistics depend on the readout device and the measurement protocol. For an optical sensor employing
EMCCD cameras as readout, for example, X, represents the integrated light intensity (over a fixed, experimentally chosen
integration window) on the k-th camera pixel, while (; characterizes the noise arising from both Poissonian nature of incident
photons and multiplication process within the camera (see Supplemental Material Section 1 C, which includes Ref. [31, 32]).
For single-photon detectors X}, is binary-valued, representing the detection or non-detection of a photon, with (; describing
binomial noise (see Supplemental Material Section 3 B). In both cases, a fixed integration time is assumed per shot.

In standard imaging, the objective is typically to obtain a high-SNR estimate of the expected optical sensor output, or image,
denoted x(w). In many modern applications, however, the quantity of interest is not the image itself but a specific property of
the input u (see Fig. 1(a)). In the settings considered here, u may represent, for example, a vector of pixel values on a SLM. A
particularly relevant application is machine-vision classification. Each input w ~ D is drawn from a dataset subject to a prior D
and associated with a class label ¢ € {1,...,C}, where typically the number of inputs greatly exceeds the number of classes.
Each class could for instance correspond to different objects that may be encountered by a self-driving car. Given an input w(¢),
the task is to predict a label cp,,eq from the corresponding stochastic sensor outputs X (u(c)), with correct classification defined
by cprea = c. Formally, the objective of classification tasks is to compute the task-dependent (and generally nonlinear) function
F that outputs the predicted label F{X (u(?))} = cpreda When applied to shot-averaged sensor measurements, rather than to
reconstruct the image itself.

As the sensor output is stochastic, the accuracy of the prediction will be constrained by the sampling noise : for sufficiently
large stochasticity, c,req does not faithfully reveal the correct label ¢, thereby limiting the classification accuracy. For supervised
machine-learning tasks, a further complication arises. The function F{-} that maps stochastic sensor data to a predicted class
label is a priori unknown, and must itself be learned from noisy sensor data obtained for known inputs (the process of training).
While some amount of noise in the training data can prove beneficial by serving as a natural regularizer [33], too much noise
will lead to increased generalization errors, ultimately restricting the ability to learn.

Here, we ask the question: can the measurement noise ¢ of the optical sensor output be reduced to mitigate these effects? The
SNR of optical measurements is fundamentally governed by two factors: (i) the incident optical power and (ii) the number of
shots S, or equivalently the exposure time. In many applications, the available optical power is tightly constrained; for example,
when probing photosensitive or biological samples, the incident power must be limited to avoid perturbing the system under
observation [2]. Likewise, in settings that require rapid readout for feedback and control, such as autonomous driving [18],
the number of shots and exposure time are restricted by latency requirements. As a result, the sensor often operates under a
limited photon budget and hence in a low-SNR regime, making the efficient extraction of information from noisy measurements
essential.

A. Noise-mitigation techniques

In this work, we investigate whether applying noise-mitigation transformations to optical sensor outputs can improve learning
performance in machine-vision classification tasks. To this end, we consider a general linear transformation W with bias b
applied to the sensor output prior to both training, and inference on unseen data. Formally,

Y(U(C)) = WX(U(C)) + b, Cpred = ]:{Y(U(C))}? @)

where W : RK — RX: and b € R¥: define an affine map from the K -dimensional, S-shot averaged features X (u(®)) to noise-
mitigated features Y (u(®)) € R¥x with K, < K. As discussed before, the map F{-} is a downstream trainable transformation
that assigns predicted class labels from the processed features, see Fig. 1(a). Thus, K, denotes the number of retained features
after noise mitigation. The transformation W with bias b is designed to improve generalization performance relative to training
and inference on raw data (which corresponds to W = I and b = 0). When K, < K, the transformation also performs
dimensionality reduction, establishing a close connection between noise mitigation and feature compression. Importantly, we
focus on a model-free approach that does not require knowledge of the underlying input-to-readout map u — x(w) and the noise
structure that generate the raw and averaged features X (u), which may be unknown or only partially characterized in physical
sensing systems. We will show that even without explicit knowledge of this transformation, a data-driven noise-mitigation
procedure can lead to improved learning performance in machine-vision tasks.

A widely used class of noise-mitigation techniques is filtering [20, 34, 35]. For two-dimensional imaging data, in particular
for readout with K = L x L pixels, a simple approach is spatial coarse graining, which produces an image of reduced dimension
K, = L, x L, by replacing groups of neighboring pixels with their weighted average (see Fig. 2(a)). A related method is



Fourier-domain low-pass filtering, which applies a Fourier transform to the image followed by a low-pass filter to suppress
high-frequency components associated with noise (see Fig. 2(a)). Both approaches are model-free and largely agnostic to the
underlying data, aside from a small number of tunable hyperparameters.

While this simplicity makes the aforementioned approaches straightforward to implement, it is natural to ask whether im-
proved noise mitigation can be achieved by exploiting statistical structure in the measured data. A canonical example is principal
component analysis (PCA), which has been widely used to identify informative low-dimensional structure in high-dimensional
datasets for compression and representation learning [36, 37]. In machine-learning applications, PCA is commonly employed to
reduce dimensionality while retaining directions of largest variance. Although PCA does not rely on an explicit forward model,
it is data-dependent, being defined by the empirical covariance of the measured features. Formally, the principal components are
the K eigenvectors {v(®)} of the empirically estimated covariance matrix C of the K -dimensional sensor data. These compo-
nents are ordered according to their associated eigenvalues, a% > a% > > a%, which quantify the variance captured along
each direction (see Appendix A). For noise mitigation, the transformation in Eq. (2) is chosen as W}, = (M) .o ),
corresponding to projection of the measured data onto the subspace spanned by the leading K, principal components (see
Fig. 2(a)).

The eigentask framework, introduced in Ref. [23] in the context of physical computing, where computation is performed by the
dynamics of a physical device in response to input-encoded stimuli, provides a systematic approach for extracting information-
rich features from noise-dominated measurements. As in PCA, eigentask learning employs a linear transformation that projects
measured data onto an ordered basis. However, whereas principal components are ranked by the variance they capture, eigentasks
are ordered according to the signal-to-noise ratio (SNR) of their observation. Formally, the eigentasks {r(*)} form a set of K
vectors for K -dimensional data, ordered by o such that o > o3 > --- > a2, where o quantifies the SNR associated with
the k-th component. The eigentasks are defined through the generalized eigenvalue problem

1 )
Ve = — Gr®, 3)
A

where V is the empirically estimated input-averaged readout-noise covariance matrix. Eigentasks depend on both the covariance
matrix V and the Gram matrix G, which encode the signal structure through mean responses of the sensor (see Appendix A).
For eigentask-based noise mitigation, the transformation in Eq. (2) is chosen as WEGT = (r(l) e r(Kf)), corresponding to
projection onto the leading K, eigentasks (see Fig. 2(a)). The transformation Wggr is estimated from training data and applied
to measured features X (u(®)) to obtain eigentask features Ygr(w(®). This procedure is applicable across noise models,
including Poissonian noise in photon counting and multinomial noise in measurements of qubit-based quantum systems.

We now outline the noise-mitigation procedure, which follows a common workflow across all tasks considered in this work.
The first step is the construction of the transformation matrix W in Eq. (2) (see Fig. 1(b)). For Fourier-domain low-pass filtering
and spatial coarse graining, the transformation is data-agnostic, and W is fixed by the choice of output dimension K,. In
contrast, PCA and eigentask learning are data-driven and require estimates derived from sensor measurements. For each input u
in the training set, the averaged sensor output X () is obtained by averaging over S shots, up to a maximum of Sy, .. Repeating
this procedure over the training set yields a collection of measured features, from which the empirical covariance matrix V and
Gram matrix G are estimated (see Appendix A). For PCA, Wp(, is constructed from the eigenvectors of covariance matrix C
across training inputs. For eigentask learning, WggT is obtained by solving the generalized eigenvalue problem in Eq. (3) using
both V and G.

In practice, for both PCA and eigentask transformations, the basis W is constructed using the maximum available sampling
budget, Sax shots per input. Inference performance is then evaluated under reduced sampling, S < Snax, thereby isolating
the impact of inference-time sampling noise. Conceptually, the number of shots used to construct the basis, Spasis = Smax»
corresponds to a one-time calibration cost that can be amortized over subsequent inference tasks.

We emphasize that for all the noise-mitigation techniques, W does not need to be determined via an iterative optimization
routine; instead, an explicit construction is known, parameterized only by K, which functions as a hyperparameter. Once W is
constructed for each noise-mitigation technique, it is applied - as defined by Eq. (2) - to sensor data from the training set, and a
logistic regression or neural network-based classifier F{-} is trained. During the testing phase, the averaged sensor output is now
computed for inputs u in the unseen testing set with S = Sipfer < Smax shots and test accuracy is computed from the inferences,

the process of which captures the resource-constrained operating regime where fast, low-light measurements are required.

In what follows, we show that eigentask-based representation transforms frequently outperform or match other noise-
mitigation approaches for a variety of machine-vision classification tasks, across high and low-SNR conditions and different
physical systems with varying readout noise characteristics.



III. RESULTS
A. Eigentasks outperform other standard noise-mitigation methods: MNIST classification with a single-lens front end

We first examine machine-vision tasks using an SLM-lens-camera optical setup with a simple single-lens front end, illustrated
in Fig. 2(a). In this setup, a coherent incident beam passes through a spatial light modulator (SLM), which encodes the input
u—a grayscale image represented as a two-dimensional array of pixel values—by modulating the optical field phase through
a mapping that links image pixels to the phase shifts applied by the SLM pixels. The beam then passes through a lens, and an
EMCCD camera placed at the focal plane records the light intensity at each pixel; the k-th pixel value defines the sensor output
X}.. Each shot captured by the EMCCD camera corresponds to a single shot. Further details of the experimental setup can be
found in Supplemental Material Section 1 A.

For this front end, we evaluate performance on the MNIST handwritten digits recognition task [38], commonly used as a
benchmark dataset for classification problems. We collected 100 shots per digit, with each shot obtained using a 45 x 45 pixel
grid (K = 452), for a total of 12,000 digits: 8,000 training digits, 2,000 validation digits, and 2,000 test digits. Data were
collected at two power levels: high power (approximately 696 detected photons per shot), and a significantly lower power
(approximately 33 detected photons per shot, see Appendix A for the estimation of power) to enable an assessment of noise-
mitigation techniques across varying signal-to-noise ratios.

The eigentask coefficients r(¥) are obtained by solving the generalized eigenvalue problem from Sy, = 100-shot data, and
we visualize representative masks (reshaped to the 45 x 45 camera grid) for low-power data in Fig. 2(b). Additional masks
are shown in Supplemental Material Section 2 A. Applying the k-th mask to a shot-averaged readout yields the corresponding
eigentask feature, Yy par(u) = r®)T X (u). Consistent with the eigentask construction, low-order masks with large SNR
exhibit clear spatial structure, whereas higher-order masks become progressively dominated by noise; in the low-power setting,
the masks become visually noise-like around k ~ 25. The first set of weights, (1), is a near-uniform normalization vector,
reflecting the approximately conserved total optical power.

To quantify how noise is redistributed by the learned bases, Figs. 2(c) and 2(d) plot histograms of an empirical per-feature
SNR estimate computed from the Spax = 100 shots (see Appendix A for the precise definition). Across both the first 9 and
first 25 extracted non-normalization features, the eigentask features exhibit a heavier high-SNR tail than the corresponding PCA
features, indicating that eigentask learning concentrates information into fewer, more reliably observable components. This
SNR-aware ordering is central to the original eigentask framework, where the eigentask basis is explicitly optimized against
sampling/readout noise rather than variance alone.

In Figs. 2(e) and 2(f), we evaluate MNIST classification at low optical power using features produced by the four different
noise-mitigation techniques, sweeping the reduced feature dimension ;. Panel (e) uses logistic regression with cross-entropy
loss, and panel (f) uses a multilayer perceptron classifier (see Appendix A for architectures and training details). In both panels,
performance at each K, is reported at the validation-selected epoch, and the results shown correspond to S = 10 shots, with
similar qualitative trends for other small-S' values.

We observe a behavior that is characteristic of supervised learning in the finite-sample regime: increasing the number of
features does not necessarily lead to saturation in performance and can instead degrade it [39—41]. This reflects overfitting
during training. Adding features introduces additional noise; while controlled noise can act as a regularizer, incorporating
features that carry little information leads the classifier to fit noise, resulting in degraded generalization on test data.

Notably, the maximum achievable accuracy and at what K it is achieved differs significantly across noise-mitigation tech-
niques. In particular, eigentask-based representation attains its peak performance near K, ~ 25, consistent with the onset of
noise-dominated eigentask weights shown in Fig. 2(b). This indicates that these methods differ not only in noise suppression but
also in their alignment with informative structure in the data. Crucially, this limitation cannot be overcome by simply increasing
the number of features. Consequently, the choice of noise-mitigation technique can fundamentally limit learning performance
for a given noisy dataset.

For example, both spatial and Fourier-domain filtering techniques are suited to noise reduction, but are agnostic to useful
structure in the data, which is fundamental for classification tasks. Such schemes are typically optimal for an intermediate
number of features K., where they reduce noise without completely losing all information present in the data. However, both
schemes fare worse than the PCA and eigentasks. PCA is a technique built for dimensionality reduction and compression, and
therefore achieves its maximum accuracy for a small K, making use of the high compressibility and the substantial low-structure
dimensional structure of image data in general [36, 42, 43]. However, the PCA is intended to maximize variance in a dataset to
identify important components, without specifically taking note of SNR. Note that if our task was one of data compression only
- representing a dataset with as few components as possible - the addition of more PCA components would always improve the
representation. However, in supervised learning the addition of features leads to overfitting, as observed here.

The above schemes highlight the importance of eigentask learning as a noise-mitigation technique for supervised learning
tasks: it enables the compression of data into a few information-rich components that are designed to maximize SNR, thereby
being robust against overfitting during training. We therefore see that eigentasks outperform PCA, using fewer K, to achieve
similar or higher max accuracy.
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FIG. 2. Comparative evaluation of noise-mitigation techniques for MNIST classification under photon-limited conditions using a simple
lens-based optical front end. (a) Experimental pipeline and evaluation workflow. An input MNIST digit is encoded in phase on an SLM,
mapped by a fixed single-lens optical front end to an EMCCD feature vector X (u), averaged over S shots, transformed to K, reduced
features, and classified. (b) Examples of eigentask masks P (reshaped to the sensor grid) at low optical power; higher-order masks become
noise-dominated. (c), (d) Histograms of an empirical per-feature SNR (estimated from 100-shot data) for the first 9 or 25 retained PCA features
and the leading 9 or 25 non-normalization eigentask features. (e), (f) Test accuracy versus reduced dimension K, at S = 10 shots for logistic
regression and neural network, respectively, comparing the four transforms. The two vertical dashed lines indicate the positions of 9 and 25
features in panel (c) and (d). (g), (h) Test accuracy versus number of shots .S for logistic regression and neural network, respectively. The
vertical dashed line indicates the position of S = 10 shots plotted in panel (e) and (f). Model selection is described in Appendix A. Accuracy
panels are means over five independent training/validation/test splits; error bars denote one standard deviation. Histograms and masks are
shown for a representative split.

To summarize performance as a function of sampling budget, we also select, for each method, the feature count K, that



maximizes validation accuracy and plot the resulting test accuracy versus shot count .S in Figs. 2(g) and 2(h). As S increases,
sampling noise decreases and all methods improve, while eigentask learning remains consistently best or near-best, with the
clearest gains in the few-shot regime. We additionally compare raw versus thresholding preprocessing, which is often used in
EMCCD photon-counting workflows to mitigate noise [44—46], in Supplemental Material Section 2 C, and find that eigentask
learning remains robust under both preprocessing choices, whereas competing methods exhibit larger variability. High-power
data are analyzed in Supplemental Material Section 2 B. The results show qualitatively similar trends, indicating that the advan-
tages of eigentask-based processing persist across different measurement conditions.

B. Robustness of eigentask learning over different tasks: MPEG-7 classification with single-lens optical front end

While MNIST is a standard benchmark, we find that eigentask-based processing yields an even clearer advantage in more
challenging classification settings. We therefore consider few-shot classification on the MPEG-7 dataset [47], which contains
70 classes with 20 images per class (Fig. 3(a)). Using the same single-lens sensing pipeline as in the MNIST experiment, we
recorded up to Smax = 300 shots per image on a 39 x 39 sensor grid (X = 392), at an incident power corresponding to
approximately 798 detected photons per shot. For each class, we held 5 images in the test set, while using the remaining 15 for
model selection by three-fold cross-validation, with each fold using 10 for training and 5 for validation; after selecting parameters
such as K, and epochs, the model was retrained on all 15-non-test images and evaluated on the held-out test set, the results of
which are reported below. Such procedures were repeated over five random training/validation/test splits (see Appendix A). In
addition to varying the shot budget .S, we tune task difficulty by increasing the number of classes C' from as few as 10, where
the class count is comparable to MNIST, up to the full dataset of 70 classes. For a controlled comparison across class counts,
we use a fixed nested ordering of classes, such that C'-class task is formed from the first C' classes, with randomness introduced
only through train/test splits.

Figures 3(b) and 3(c) summarize the performance in the few-shot regime (S = 2) as a function of C for logistic regression
(b) and a neural-network classifier (c). For each method and each (C, S) setting, we sweep the reduced feature dimension K;
for each K, the epoch is selected by mean validation accuracy of the three folds, and the reported accuracy is then taken at
the validation-selected K, (see Fig. 3 caption and Appendix A). In this few-shot regime where sampling noise is dominant,
eigentasks consistently provide the highest accuracy, with the largest gains emerging at larger C: in logistic regression, the
eigentask advantage grows to ~10 percentage points once C' 2 20, while in the neural-network back end the improvement
remains positive but more modest (typically a few percentage points), consistent with the reduced sensitivity of a more expressive
classifier to imperfect feature representations.

As the number of shots increases, sampling noise is reduced, and all methods improve. The performance gap between the
eigentasks and the other methods narrows. Nevertheless, eigentasks maintain an edge in the moderate-shot regime, as shown in
the insets of Figs. 3(b) and 3(c) at S = 10. This trend is further confirmed in Figs. 3(d)-3(g), which plot accuracy versus .S for
fixed class counts (C' = 20 and C' = 70) for both logistic regression and neural networks, with model selection procedure similar
to Figs. 2(g) and 2(h). Overall, these results highlight that eigentask-based noise-mitigation remains robust across increasing
task difficulty and shot budgets, and is especially beneficial in the few-shot, large-C regime relevant to photon-limited sensing.

C. Robustness of eigentask learning over different optical sensing architectures: MNIST classification with SPDNN encoder

We have thus far analyzed the use of eigentasks for noise mitigation when applied to data obtained from simple optical sensors,
which are not specifically optimized for supervised learning tasks. However, with increasing interest in trainable physical neural
networks (PNNs) [48-50], optical sensors can be trained to maximize performance under constrained illumination and sampling
resources. For such systems one may argue that the role of noise in optical measurement data may be reduced. By applying
eigentask learning to data obtained from such an optimized stochastic optical encoder, we show that even in such applications
there are still advantages to be extracted by noise-mitigation techniques.

The trained task-specific optical encoder considered here is a one-layer single-photon-detection neural network (SPDNN); a
schematic of this setup is shown in the inset of Fig. 4(a) (see Supplemental Material Section 3 A for details). An SPDNN is an
optical neural network comprising an optical matrix-vector multiplier (MVM), which performs the linear operations of a neural
network, and an array of single-photon detectors (SPDs), which implement stochastic binary activation functions. In this setup,
the binary activation generated by the k-th SPD serves as the output feature X, forming the basis of the SPDNN’s functionality.
While being intrinsically extremely stochastic, Ma et al. [51] have shown that by including a faithful model of SPD activation
in the training loop, they could perform deterministic classification with this kind of stochastic optical neural network (ONN).
SPDNN:Gs differ from the experimental setup studied before as the weights have been trained to maximize the probability of some
activations or ‘clicks’ given a specific input data. Thus it is a priori unclear how applying a post-activation noise-mitigation
procedure can improve the performance attained in Ref. [51].
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FIG. 3. Comparative evaluation of noise-mitigation techniques for MPEG-7 classification under photon-limited conditions using a simple
lens-based optical front end. (a) MPEG-7 classification task is performed using the single-lens sensing pipeline; task difficulty is tuned by
changing the number of classes C' = 10,20, ..., 70. (b), (c) Test accuracy versus number of classes C' in the few-shot regime (S = 2) using
logistic regression and a neural-network classifier, respectively; insets show the corresponding trend for a higher-shot condition (S = 10). (d)-
(g) Test accuracy versus number of shots .S for C' = 20 classes using (d) logistic regression and (e) a neural network, and for C' = 70 classes
using (f) logistic regression and (g) a neural network. Model selection is described in Appendix A. Data are means over five independent
training/validation/test splits; error bars denote one standard deviation.

Ma et al. [51] demonstrated excellent agreement between simulated and experimental data, with training performed on
simulated data and successfully validated on their experimental measurements. In this section, we do not perform new SPDNN
experiments; instead, we reanalyze the experimental SPDNN outputs reported in Ref. [51] and compare against corresponding
simulations generated using their validated model. We learn the eigentask and PCA bases and train the downstream logistic
classifier, both using simulated SPDNN outputs. The performance is evaluated on both experimental data from Ref. [51] and
simulated test data. Networks with varying numbers of neurons—K =50, 100, 200, 300, and 400—are trained using simulated
data of 8,000 digits with models selected based on another simulated 2,000 digits. Test results on 2,000 simulated digits, with
single-shot data, show that eigentask learning achieves best or near-best performance across all methods (see Supplemental
Material Section4 A). Consequently, we further test the method on experimental data of 100 digits, also with single-shot data,
along with the corresponding simulations of these 100 digits.

Figure 4(a) shows the test accuracy of the trained model on 100 experimental test digits as a function of the number of shots .S
for the 50-neuron setup. Accuracy increases rapidly with S, exceeding 95% with as few as .S = 5 shots, and eigentask learning
remains best or near-best across the tested shot range. The inset depicts the accuracy as a function of reduced feature count K,
for single-shot data, where overfitting is observed, as noted previously. Figure 4(b) presents the test accuracy as a function of
neuron count K for single-shot experimental data, with the inset giving the corresponding simulated results for the same 100
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FIG. 4.  Performance of noise-mitigation techniques in MNIST classification using SPDNN experimental data (Ref. [51]) with logistic
regression. (a) Test accuracy on 100 test digits from experimental data (Ref. [S1]) versus number of shots S for a 50-neuron SPDNN. The
inset shows accuracy versus the reduced feature dimension K, at S = 1. (b) Test accuracy on the same 100 digits versus neuron count K for
experimental data at S = 1 shot, with an inset showing the corresponding results for simulated data on the same 100 digits. Model selection is
described in Appendix A. Data are means over five independent simulated training/validation subsets; error bars denote one standard deviation.
See Fig. S8 for simulated performance on a larger test set.

digits. Performance generally improves as the neuron count increases, although the trend is not strictly monotonic on the small
experimental test set. The advantage of eigentask learning is most apparent in smaller neuron count regime, where it delivers
highest or near-highest accuracy among the four methods. We also report results using a neural-network back-end classifier in
Supplemental Material Section 4 B.

Overall, the results in Fig. 4 and the Supplementary Information indicate that eigentask learning performs robustly across
both simple lens-based front ends and optimized SPDNN-based encoders in few-shot, noisy regimes, supporting its effectiveness
across different architectures.

IV. DISCUSSION
A. Summary of Results

In this work, we demonstrate that eigentask learning provides an effective, measurement-adapted representation for optical im-
age sensor readout, particularly when operating under constrained photon budgets and measurement noise. By ordering features
according to their resolvability under noise rather than variance alone, eigentasks often extract more informative low-dimensional
representations. For the MNIST dataset using a simple single-lens front end at low optical power, eigentask representation opti-
mized the feature space such that peak classification accuracy was achieved with just 25 reduced features (lower than other noise
mitigation techniques considered), before the onset of noise-dominated overfitting. The performance enhancement became more
pronounced as task complexity increased: in the 70-class MPEG-7 few-shot classification (S = 2), eigentask representation out-
performed baseline methods like PCA by approximately 10 percentage points when the class count exceeded 20 (C' = 20)
using a logistic regression classifier. Furthermore, applying eigentasks to an optimized single-photon-detection neural network
(SPDNN) yielded an increase in sample efficiency; the 50-neuron experimental setup reached approximately 95% accuracy on
the 100-digit experimental test set using only 5 shots. In broader simulated validations of 2,000 digits, eigentasks maintained a
consistent best or near-best performance.

These results indicate that performance in photon-limited optical systems is not determined solely by the optical front end.
When a limited photon budget constrains measurement reliability, gains can be achieved by adapting how the readout is rep-
resented prior to inference. This complements existing approaches based on optical design and suggests that representation
deserves to be treated as a central element of the sensing pipeline alongside optical design. The scope of the present results is
limited to regimes in which noise and data constraints are significant. As the number of measurements increases, the performance
gap between methods narrows. In addition, sufficiently expressive downstream models may approximate similar transformations
given ample data. The advantage of eigentasks therefore lies in providing an explicit, measurement-adapted representation that
improves robustness and sample efficiency when data are limited.
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B. Limitations

Despite its advantages in noise-dominated environments, this approach exhibits specific operational and algorithmic con-
straints. First, the construction of the eigentask basis requires a one-time calibration cost, utilizing a maximum sampling budget
(Smax) to accurately estimate the empirical covariance and Gram matrices from training data. Additionally, the relative advan-
tage of eigentask learning diminishes as the signal-to-noise ratio increases. At higher optical powers or larger shot counts, the
performance of standard baseline methods converges with that of eigentasks. We also observed that more expressive, nonlinear
downstream classifiers (such as multilayer neural networks) can partially compensate for unoptimized feature spaces, narrowing
the performance gap between eigentasks and other methods. For example, in the SPDNN 2,000-digit simulated test using a
neural network, PCA surpassed eigentasks in the extreme few-shot regime (S = 1-3). Finally, similar to other feature-extraction
methods in finite-sample supervised learning, adding too many eigentask features eventually introduces noise that degrades
generalization, highlighting the necessity of careful dimensionality tuning.

C. Outlook

A promising future direction is the direct integration of eigentask learning into the training loop of physical neural networks
(PNNs), moving beyond its current implementation as a post-readout preprocessing step. Because eigentasks are model-free
and driven by empirical data, they are naturally compatible with iterative optimization routines. This presents an opportunity
for a co-designed pipeline where the sensor, its measurement representation, and the digital algorithm back end are jointly
optimized [52, 53]. Such end-to-end architectures may significantly improve sample efficiency, paving the way for more resilient
optical inference in applications constrained by latency and photon budgets.
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DATA AND CODE AVAILABILITY

The experimental lens-based datasets (low-power MNIST, high-power MNIST, and MPEG-7), the simulated and experimental
SPDNN MNIST outputs, and the precomputed training results supporting the figures of this study are available at Zenodo
(https://doi.org/10.5281/zenodo.19888614) [54]. Study-generated data and precomputed results are released
under a CC BY 4.0 license, with third-party dataset components remaining subject to their original license terms. The code used
for training, analysis, EMCCD calibration and figure generation is available at https://github.com/TomCty1120/
optical-eigentask—-learning under an MIT license.

Appendix A: Methods
1. EMCCD gain calibration and photon-budget estimation

For the lens-based experiments, the EMCCD gain was calibrated from the shot-to-shot fluctuations of the raw camera readout.
In the large-gain limit, the photon-induced pixel values X}, satisfy [44, 45, 55]:

E[Xpn] =nAg, Var[Xpp] = 2nAg?, (A1)

where ) is the mean incident photon number during one exposure, 7 is the quantum efficiency, and ¢ is the EMCCD gain; the
mean and variance are taken across repeated shots. The measured raw EMCCD output is modeled as the sum of the photon-
induced signal and a power-independent dark contribution, X = Xy, + Xgark. Matched dark shots, acquired with the same
exposure time and camera settings but without incident light, were used to estimate the empirical dark mean X g,.
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Assuming the dark contribution is statistically independent of the photon-induced signal,
E[X] =nAg + Xdark, Var[X] = 2nAg® + Var[Xqar]. (A2)

Thus, when the shot-to-shot variance is plotted against the background-subtracted mean pixel value, the expected slope is 2g.
To estimate this slope, we grouped repeated measurements of the same input and camera pixel according to their shot-averaged
pixel values. For each mean bin m, we computed the average within-trace shot variance v and fitted

;= a(imj — Xdark) + 0, (A3)

where m; and ©; are the mean pixel value and shot-to-shot variance for bin j. The EMCCD gain was then estimated as
g = a/2. Additional details of binning, quality control, and bootstrap uncertainty estimation are provided in Supplemental
Material Section 1 C.

The detected photon budget per input and per shot was estimated from the non-thresholded, shot-averaged data as

Ninput K

Z (Xk(un) — Xdark), (A4)

n=1 k=1

1

Npn =
P gNinput

where N,y is the number of input images and K is the number of pixels per shot. The total incident photon budget is given
by Npn/1.

2. Estimation of eigentasks and the transformation matrix of eigentask learning

For a specific input u, the covariances are given by the covariance matrix (u) € RE*K with 3, = Cova [(x(u), (i (u)] =
Ex [Cr ()i (u)]. The covariance matrix is defined by taking the expectation value over the inputs V = E,, [3(u)]. The Gram
matrix is defined by G = E, [z (u)z(u)T].

In experiments, we collected outputs for Ni,py¢ inputs from the dataset D and for each input Spax independently and iden-
tically distributed random outputs X (u) = {X ) (u)},c(s nax] WTE collected. We only use the Ni,ain, the size of training set,
of them, which constitute the training set, to estimate the covariance and Gram matrices. With Bessel’s correction considered, a
finite-sample estimation of covariance matrix from the full record of single-shot data is given by:

Ntrain Smax
- 1 _ . _
(Vo bt = g7 2 2 (K7 () = X)) (X7 (tn) = X (), (A3)
Ntrain(Smax - 1) ne1 s—1

where Xy (u,,) = Zf;“ff" X ,Es) (wn,)/Smax is the estimated expectation value of the k-th feature, and the finite-sample estimation
of the Gram matrix can be obtained by:

train

Z X (wn) X (w). (A6)

n=1

(G N k! =

Ntr‘nn

In the large- Niyain limit, the covariance matrix is unbiased V = V = lim Nipain—00 (\7 Nirain )» While the Gram matrix needs to
be corrected according to:

ékk’ = hm (é]\/‘h_ain)kk/ = Eu[EX [Xk<u)Xk'(u)]]

Ntrain—00

R, [IEX chk(u) + @@(u)) <:ck/(u> + J%TCR (u))” (A7)
= G + kaku

Smax
and thus G = G — - V. We use the Gy, = G + 5 -V and V... = V to estimate eigentasks by solving the
generalized eigenvalue problem \Y% Nopan TR = —G Noparn T, By comparing with Eq. (3), we get the empirical estimation of

eigentasks r(¥) = 7%} SNRs o? = a? — # and the transformation matrix is Whop = (r(1) ... r(5)) and the bias is

b = 0. This transformatlon matrix will be apphed not only to Sy,.x-shot averaged data but also fewer shots S = Sipfer < Smax-
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3. Estimation of principal components and the transformation matrix of PCA

Similar to eigentasks, we also estimate principal components and the transformation based on the training set with the maxi-
mum number of shots S, collected and apply them to the full dataset with fewer shots.
Firstly, the Sp,ax-shot mean of features X (u) are calculated and the mean vector of features estimated from training set is

subtracted to obtain zero-centered features Z(u) = X (u) — Ntl - Ziv‘:f ™ X (u,,). All the following processing is with respect

to the zero-centered data. Afterwards, a matrix C is calculated as:

Ntrain
Crr = Z Zk(un)Zk/(un). (A8)

n=1

Considering the zero-centering step, the C matrix is essentially the covariance matrix of mean features across different inputs.
The principal components are the eigenvectors v(¥) of C satisfying Cvh) = a,%v(k) with descending order of variance eigen-
values 0% > 03 > --- > o%. All zero-centered data Z(u) is projected to these principal components before being fed into F

for prediction, yielding the transformation matrix Wi, = (v -- - v{5+)) and the bias b = —~Wpca (51— S Nuain X (w,)).

4. Fourier-domain low-pass filtering and spatial coarse graining

In Fourier-domain low-pass filtering, we apply the Fourier transform to the averaged features X (u) and extract the real
and imaginary parts of the low-frequency components as input to the output layer. For output features from EMCCD two-
dimensional pixel arrays, the features can be expressed as X, = )_(i, j» where ¢ and j are indices for the two dimensions, ranging
from — L%J to L%J, and L is the side length of the array. The Fourier transform is applied to generate frequency components
Ji;- Since the frequency components satisfy f; ; = f*; _; (due to the real-valued nature of the features), we select the real and
imaginary parts, Re[f; ;] and Im[f; ;], as input to the output layer. Specifically, we include components with 0 < ¢ < L, /2 and
—L,/2 <j < L./2, where L, = \/K is the reduced side length.

For the SPDNN data, the output features do not have an inherent two-dimensional spatial arrangement. Accordingly, the
features are represented as a one-dimensional array, and a one-dimensional Fourier transform is applied. The reduced input to
the output layer is then formed from the real and imaginary parts of the retained low-frequency Fourier components, following
the same principle as in the two-dimensional case.

In 2D spatial coarse graining, X' = L x L features are resized to K, = L, x L, features, corresponding to EMCCD data;
in 1D spatial coarse graining, K = L features are resized to K, = L,, corresponding to SPDNN data. Both coarse graining
processes use linear interpolation.

5. Dataset-specific data splits and evaluation protocols

For each input image u(™), we collected up to Sy, repeated stochastic measurements { X (=) (u(”))}f;‘i‘*, where X (*) € RK
denotes the raw sensor readout from a single shot. To emulate operation on a smaller sampling budget S < S},.x, We formed
the S-shot feature vector

S

o 1

X (u™) = 5 > X (M), (A9)
s=1

using the first S shots acquired for that input. For the MNIST lens-front-end experiments, Sy = 100 and K = 45%;
for the MPEG-7 lens-front-end experiments, Spax = 300 and K = 392; for the SPDNN data, Sy.x = 30 and K €
{50, 100, 200, 300,400} denotes the number of detector outputs. When thresholded EMCCD data were considered, thresh-
olding was applied to every raw shot prior to shot averaging.

For each independent repetition, the data were partitioned into training, validation, and test subsets before learning the noise-
mitigation bases and downstream classifiers. For the MNIST and MPEG-7 lens-front-end experiments, class-balanced training,
validation, and test subsets were formed from the measured data before learning the noise-mitigation transforms and downstream
classifiers. In the SPDNN analysis, by contrast, training and validation data were taken from simulated outputs, whereas testing
was performed on either experimental or simulated outputs.

In the MNIST lens-front-end experiments, 12,000 measured digits were split into 8,000 training, 2,000 validation and 2,000
test samples, with class-balanced subsets. In the MPEG-7 lens-front-end experiments, each C'-class task contained 20 images
per class, from which 5 randomly chosen images were held for testing, and the remaining 15 images per class were used for
training and model selection by three-fold cross-validation; for each class count C, we used a fixed nested subset consisting
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of the first C classes in a predefined ordering, with randomness arising only from within-class training/validation/test split.
In the SPDNN analysis, eigentask and PCA bases, as well as the downstream classifiers for all four methods, were learned
from simulated training outputs of 8,000 class-balanced digits, evaluated and selected based on 2,000 class-balanced validation
digits, and then tested on 100 experimental digits reported in Ref. [51], the corresponding simulated outputs of the same digits
(see Section III C), and a larger test set of 2,000 test digits used in Supplemental Material Section4 A. All training and testing
procedures were repeated over five independent random seeds. For MNIST and MPEG-7 lens-based data, the repetitions used
different training/validation/test splits. For SPDNN analysis, the simulated training and validation subsets were independently
resampled for each seed. The 100-digit test set, either experimental or simulated, was fixed across seeds. In the larger 2,000-digit
simulation-only analysis, the simulated test subset was also independently resampled for each seed.

6. Downstream classifiers, optimization, and reporting

For each K, features were normalized using statistics computed from the training subset only. For eigentask and PCA, we first
computed the full ordered set of transformed features Y, normalized these features, and then retained the leading /&, components.
For low-pass filtering, the full Fourier-transformed features were normalized before retaining the low-frequency components. For
coarse graining, the unreduced raw features were normalized before spatial downsampling. For the reported logistic-regression
results, eigentask features used the non-zero-centered global rescaling, whereas PCA features, and the unreduced representations
used for low-pass filtering and coarse-graining were feature-wise standardized. For neural-network classifiers, standardized
features were used throughout. In feature-wise standardization, the training-set mean is subtracted and the result is divided by
the training-set standard deviation for each feature; in global rescaling, a single training-set scale factor is used without zero-
centering. Such selection was based on the performance comparison between different preprocessing, either standardization or
global rescaling.

For downstream classification F{-}, we used either a multinomial logistic-regression classifier or a multilayer perceptron.
The logistic-regression model consisted of a single linear layer mapping the K,-dimensional transformed features to C' output
logits and was trained with cross-entropy loss. The neural-network classifier was implemented as a fully connected network with
size K, x 400 x C, i.e., one hidden layer of 400 neurons, with a ReLLU activation, without batch normalization. Both models
were trained using AdamW optimizer with 81 = 0.9 and 32 = 0.999, zero weight decay, batch size 100, and 300 epochs. A
ReduceLLROnPlateau learning rate scheduler was used with a reduction factor 0.5, patience of 10 epochs, and minimum learning
rate 107> for the MNIST dataset (both lens-based and SPDNN-based), and a StepLR learning rate scheduler was used for
MPEG-7 dataset, reducing the learning rate by a multiplicative factor of 0.4 every T' = 50 epochs. The initial learning rate was
10~ for all neural-network runs, and 10~ or 0.5 for logistic regression with standardized data or rescaled data, respectively.
Random seeds were fixed for NumPy, Python, and PyTorch (including CUDA), and deterministic cuDNN settings were used.

For evaluation and reporting, validation and test accuracy were tracked for every epoch and every tested value of reduced
feature count K. In figures of accuracy versus reduced feature count K, the reported value for each method corresponds to the
test accuracy at epoch selected by validation accuracy for that K. In figures of accuracy versus shot number .S, class count C,
or neuron count K, we further selected the reduced feature count using validation performance and reported the corresponding
test accuracy. For the MNIST dataset, with lens front end or SPDNNSs, this selection was performed directly on the held-out
validation set. For MPEG-7 with limited data size, the selection was based on the mean validation accuracy across the three
inner folds: within each fold, 10 images per class were used for training and 5 for validation. Ties were broken by preferring
smaller K, and then earlier epochs. After selecting hyperparameters, the classifier was retrained on all 15 non-test images per
class and evaluated on the test set.

For low-pass filtering and coarse graining, we swept K, = L, over all square dimensions for the two-dimensional EMCCD
data and used the same numerical sequence of reduced feature counts for the one-dimensional SPDNN outputs; for eigentasks
and PCA, we swept K, € {1,2,3,...,10,16,25,36,...} up to the maximum dimension allowed by the feature space or the
training-set size.

7. Estimation of empirical per-feature SNRs

After learning the transform with matrix W and bias b from the training set, we quantified how noise is redistributed by
the transformed features using an empirical per-feature SNR estimate. For each input w in the test set, we applied the learned
transform to each single-shot readout X (*) () to obtain the noise-mitigated single-shot features Y *) (u) = WX ) (u)+b (s =

1,2,...,S5). For each feature Y} (u), we then estimate its empirical SNR by taking the ratio between its mean Y} (w) and its
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standard deviation 6Y% (u) estimated from S = Sy, samples (for MNIST data, Spax = 100):

Smax Smax
Y<u>:51 ST YO(w), oy = ﬁym@(u)—mmv = SNR[Vi(u)] = |Vi(u)/0Vi(u)|.
max :1 max S:1

(A10)

By such estimation, we are able to obtain K Ni.; empirical per-feature SNRs for noise-mitigated features. Histograms in
Figs. 2(c) and 2(d) and Figs. S5(a) and S5(b) were formed by pooling these estimates over test inputs and over the selected
leading features of K, = 9 and K, = 25. For eigentasks, the histogram excludes the leading component computed from (1)
(which is a normalization component, see Supplemental Material Section 2 A) and uses 3 onward. Standardization (see above)
was applied.
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Supplemental Note 1: Details of lens-based front end
A. Experimental setup of lens-based front end

The SLM-Ilens-camera setup consisted of a 355 nm laser (Xcyte, CY-355-0210M1), a spatial light modulator (SLM) (Holoeye,
PLUTO-2.1-UV-099), single plano-convex lens (f = 125 mm, Thorlabs LA4236-UV-ML), and a Princeton Instruments electron-
multiplying charge coupled device (EMCCD) camera (ProEM-HS: 512BX3). The MNIST [1] and MPEG-7 [2] dataset objects
were displayed on the SLM and then imaged onto the camera using the plano-convex lens. The distance between the SLM and
lens was about 500 mm, and the distance between the camera and the lens was 125 mm. Figure S1 depicts the setup.

355 nm source

\ Polarizing beam splitter SLM
I Half-wave plate Il 355 nm laser
. Lens

355 nm filter

500 mm f=125mm
I
Coherent N
source (355 nm) -

EMCCD
Camera

FIG. S1. Schematic and picture of experimental setup. An overview of the setup used to collect experimental data.

B. Optical encoding map implemented by the lens-based optical front end and EMCCD readout

A phase-only SLM does not by itself produce an observable intensity pattern; its modulation becomes visible only after sub-
sequent optical propagation. In the current Fourier/focal-plane configuration [3] used here, this role is played by the lens, which
maps the phase-encoded field to a spatially varying intensity distribution at the camera plane, which the EMCCD measures. In
the infinite-shot limit, the SLM-lens-camera pipeline realizes a deterministic optical encoding map, which we briefly analyze
below.

The incident field is approximated as a Gaussian beam with complex field envelope

%+ y2
w2 |’

where w is the beam waist. The input w is reshaped into a two-dimensional array and encoded onto the phase-only SLM through
a phase pattern ¢,,(x, y), taken here to be linearly proportional to the input,

bulr,y) = Y5 u(z,y), (S2)

Ein(xay) = EO exp |:_ (Sl)

so that the encoded field becomes
Eene(x,y;u) = Ey(z,y) e+ (®¥), (S3)

where v, is the linear coefficient of the encoding. After propagation through the lens-based optical system, the field at the
camera plane is

Ecam(xa Y; u) = P[Eenc(x; Y; ’LL)] , (S4)



where P denotes the overall linear propagation operator from the SLM plane to the camera plane, close to a Fourier transform if
passing through a lens imaging system.

The corresponding mean sensor readout is obtained by integrating the optical intensity over camera pixels. For the k-th pixel
(or readout feature),

ri(u) 0</ | Beam (2, y; u)) da dy. (S5)
pixel k

Thus, the lens-based optical front end, together with the EMCCD pixel readout, defines a deterministic mean input-to-readout
map u — x(u), while the experimentally observed outputs fluctuate around this mean because of measurement noise.

C. Noise in lens-based setup, photon budget estimation, and thresholding as a preprocessing method

a. EMCCD measurement model

Scientific cameras produce quantitative images by counting photons that interact with the detector. Each sensor consists of
millions of pixels that record both photon location and photon number, yielding a digital bitmap. The pixel value X}, produced
by the sensor in response to incident photons results from a sequence of stochastic processes [4—7]. The number of incident
photons over a fixed exposure follows a Poisson distribution, and each photon is independently converted into a photoelectron
with probability n (the quantum efficiency). In an EMCCD, photoelectrons are then amplified along a multiplication register via
impact ionization; in the large-gain limit, the number of output electrons per input photoelectron is approximately exponentially
distributed with mean ggr. Finally, the output electron count is mapped linearly by an analog-to-digital converter (ADC) to an
integer pixel value (in units of the gray level, gl), with proportionality gapc. The overall gain ¢ = ggm gapc relates the mean
photoelectron number to the mean photon-induced pixel value.

Considering all the above processes, the distribution of X, can be approximated well by the following continuous probability
distribution function (PDF) in the large gain limit [6]:

X
f(XpnlAn. 9) = \/97)7()\11 I (2\/77)‘9 ph ) e=Xon/g=n) 56
1%

where A is the mean of the incident photon number during the exposure, 7 is the quantum efficiency, g is the gain, defined as
ratio between mean gray level and mean photoelectron number, and 77 is the modified Bessel function of the first kind. The
mean and the variance of this distribution are:

E[Xpn) =nAg, Var[Xpn] = 2nAg®. (S7)

In the absence of incident light, the gray levels are still nonzero due to the presence of dark noise and offset. Nonzero gray
levels, or equivalently, nonzero electrons, mainly come from three sources [5, 7]: zero-mean Gaussian readout noise; clock-
induced charge (CIC), which after EM gain produces an approximately exponential tail; and thermal dark current, which is
strongly suppressed by detector cooling. An electronic offset is added so that measured pixel values remain non-negative even
in the presence of zero-mean readout fluctuations.

Equation (S7) provides the moment relation used for the trace-based gain calibration below. The dark-shot histogram fit
described later is used to define an optional thresholding preprocessing step and is not used to estimate the gain.

b. Trace-based mean-variance EMCCD gain calibration and photon budget estimation

For each lens-based dataset, the EMCCD gain was calibrated using the mean-variance relation Eq. (S7) based on repeated
shots. The calibration unit was a pixel trace: for a fixed input image and a fixed camera pixel, we used the sequence of raw
pixel values measured over the Sy,.x repeated shots. This keeps the incident intensity approximately fixed while enabling us to
measure the shot-to-shot fluctuations of the EMCCD readout.

For each experiment, we acquired Sp,.x shots of dark frames with the same exposure time and EM-gain settings as the
corresponding bright shots, which is 100 dark shots for each power level of MNIST data and 300 dark shots for MPEG-7 data.
These dark shots were used to estimate the empirical dark mean X dark, which was subtracted from the calibration-bin means.

Pixel traces were grouped into bins according to their shot-averaged pixel values. For each bin, we randomly sampled up to
100 traces. The bin mean m; was computed as the average shot-averaged pixel value of the selected traces, while the bin variance
v; was computed as the average within-trace shot variance. Prior to computing bin statistics, a trace-level quality control step



removed traces with anomalously high within-trace variance or near-saturation pixel values; these accounted for less than 0.1%
of all traces, and arose from rare camera readout artifacts, hot pixels, or mechanical and electronic glitches during acquisition.
Uncertainties on the bin statistics were estimated by hierarchical bootstrap resampling—of traces, and of shots within each
selected trace—using 2,000 replicates per dataset.

From the bin statistics, the gain was then obtained from a weighted linear fit

;= a(ij — Xdark) + 0, (S8)

using the bootstrap standard error of ¢; as the y uncertainty. From the EMCCD moment relation, Var[X,n] = 29 E[Xn], the
gain was obtained as g = a/2. The resulting gains were g = 54.57 £ 0.36 for MNIST low power, g = 58.80 % 0.33 for MNIST
high power, and g = 167.04 £ 0.35 for MPEG-7.

Photon budgets were estimated from raw, non-thresholded, shot-averaged data. After subtracting the empirical dark-shot
mean X ..k, the detected photon budget per input and per shot was estimated by summing the background-subtracted averaged
frame and dividing by the calibrated gain g:

1 _

K
Now = e D D (Ki(atn) = Ko, (89)

giving detected photon budgets of 33.1 4 0.2, 696 £ 4, and 798 £ 2 per shot for MNIST low power, MNIST high power, and
MPEG-7, respectively, where the standard deviations across input images were 8, 29, and 46. Using 1 ~ 65% at A = 355 nm [8],
the corresponding incident photon budgets are 51, 1071, and 1227 photons per shot, respectively.

¢. Dark-shot histogram fitting and thresholding as preprocessing

The same dark shots were also used to define the thresholding preprocessing applied in the classification experiments. The
histogram of dark-shot pixel values was fitted phenomenologically by a Gaussian readout-noise peak plus an exponential tail,

_ (x — p)? . _
h(l‘) - AGXp - 202 + eXp(ataﬂx + btall)lwz;u (SIO)

where z is the measured pixel value, p is the fitted Gaussian peak center, o is the fitted readout-noise width, and a.; and bi,;
describe the exponential tail associated primarily with CIC and dark events after EM amplification. The fitted results are shown
in Figs. S2(d)-S2(f). We emphasize that the fitted Gaussian dark-peak center y is distinct from X a1, the mean of the dark-shot
data.

From dark noise distribution, the pixel values within p = 30 are dominated by dark noise rather than photon-induced signal.
In the large-gain regime, retaining such values therefore contributes more noise than information. We accordingly apply an
optional thresholding step that subtracts the dark peak mean p and zeros out any residual value below 30. This preprocessing
step was used only in the thresholded-data classification experiments reported in Supplemental Material Section 2 C; it was
applied neither in the trace-based gain calibration and photon-budget estimates reported above, nor in the main-text experiments
reported in Section III.
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FIG. S2. Calibration of EMCCD camera. (a)—(c) Trace-based mean-variance calibration for MNIST low-power data, MNIST high-power
data, and MPEG-7 data, respectively. Repeated measurements of the same input and camera pixel were grouped by their shot-averaged pixel
values. For each bin, the plotted variance is the average within-trace shot variance, and error bars are hierarchical-bootstrap standard errors.
Red dashed lines show weighted linear fits ©; = a(1h; — Xgarx) + b, where Xqark is the empirical dark-shot mean. The gain is ¢ = a/2.
(d)—(f) Dark-shot histograms measured with matched camera settings. Blue curves show Gaussian fits to the readout-noise peak, red curves
show exponential tail fits, and green dashed lines indicate the optional threshold y. 4+ 3o. The fitted ;¢ and o were used only for thresholding
preprocessing, not for the gain calibration in (a)—(c).



Supplemental Note 2: Supplementary results of MNIST classification with lens-based front end
A. Features, eigentasks and their visualization

The original MNIST digits and features are shown in Fig. S3. The second line is the feature obtained by averaging over 2 shots
of low-power data. The third row shows features obtained by averaging more than 100 shots of high-power data. The second
row is noisier than the third row because fewer shots are averaged, leaving larger EMCCD sampling fluctuations as described in
Supplemental Material Section 1 C.
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FIG. S3. MNIST digits and their measured features. MNIST digits (first row) and averaged frames used as features from low-power data

averaged over 2 shots (second row) and high-power data averaged over 100 shots (third row). The low-power data is significantly noisier than
the high-power data.

MNIST
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High power Low power
2 shots

100 shots

The eigentask weights, r in Eq. (3), are plotted in Fig. S4. Figures S4(a) and S4(b) are eigentasks for low-power and high-
power datasets, respectively. For each dataset, eigentasks are estimated from 100 shots from the training set. The first 50 weights,
r®) (K =1,2,...,50), as well as k = L? (L = 8,9,10,15,20,25, 30, 35, 40, 45), are plotted after being reshaped into 2D
arrays. As the order k increases, eigentask weights are getting more noisy, until signals are submerged in noises at some k. For
low-power data, there are about 25-30 clearer eigentasks, while for high-power data there are about 150-200. The first set of
weights, (1), is near-uniform, consistent with the approximately conserved total optical power in the phase-only, focal-plane
readout described in Supplemental Material Section 1 B.
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B. Classification on high-power data

The classification results on high-power data are shown in Fig. S5.

Figures S5(a) and S5(b) shows the histograms of single-feature SNRs, estimated from 100-shot data, for the noise-mitigated
features YroT and Ypca for the first 9 and 25 features of each input digit. As in the low-power case, eigentasks exhibit a heavier
high-SNR tail than PCA components in both cases, indicating eigentasks’ ability to extract less noisy features. At the same time,
the overall SNR distribution are shifted to higher values than in the low-power setting, which is consistent with the cleaner data
obtained at high optical power, while the relative advantage of eigentasks over PCA remains visible.

In Figs. S5(c) and S5(d), we evaluate the test accuracy as a function of the number of reduced features K, for 5-shot-averaged
high-power data with (c) using logistic regression and (d) using a neural network. Similar to the low-power case, We again
observe an overfitting trend characteristic of supervised learning [9-11]: increasing K, beyond an intermediate range does not
continue to improve performance, as high-order features provide more noise than information and don’t help in the training. The
maximum accuracy values of eigentask-based classification are achieved in a broader optimal range near K, ~ 60-100, which
is consistent with Fig. S4, where high-power eigentask weights remain visually structured to similar and higher orders.

In Figs. S5(e) and S5(f), we present test accuracy versus shot count .S for (e) logistic regression and (f) neural network
classifiers. As expected, all methods improve with increasing S as sampling noise is reduced. Compared with the low-power
results, the overall accuracy is higher and the gap between different noise-mitigation methods is smaller, reflecting the reduced
impact of sampling noise at high power. Eigentasks still attain the best or near-best performance among the four methods, while
more advantage is observed in the few-shot regime, confirming our observation that the main benefit of eigentask learning is to
preserve strong performance at low sampling budgets without sacrificing accuracy in the many-shot limit.
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FIG. S5. Evaluation of noise-mitigation techniques with MNIST classification for high-power data in a simple lens-based optical front end.
(a), (b) Histograms of an empirical per-feature SNR (estimated from 100-shot data) for the first 9 or 25 retained PCA features and the leading
9 or 25 non-normalization eigentask features. (c), (d) Test accuracy versus reduced dimension K, at S = 5 shots for logistic regression and
neural network, respectively, comparing the four transforms. The two vertical dashed lines indicate the positions of 9 and 25 features in panel
(a) and (b). (e), (f) Test accuracy versus number of shots S for logistic regression and neural network, respectively. The vertical dashed line
indicates the position of S = 5 shots plotted in (c) and (d). Model selection is described in Methods. Accuracy panels are means over five
independent training/validation/test splits; error bars denote one standard deviation. Histograms are shown for a representative split.



C. Learning in the presence of thresholding preprocessing

We next examine classification accuracy as a function of the number of shots S for thresholded data and compare the four
noise-mitigation techniques across power levels; the results are shown in Fig. S6.

For the thresholded low-power data shown in the main panels of Fig. S6, eigentask learning remains the best or near-best
method across the tested shot range. The advantage is clearest for the neural-network classifier and in the few-shot regime
for logistic regression, while at larger S the competing methods become closer, as expected when sampling noise is reduced.
Qualitatively, this behavior is consistent with Fig. 2: thresholding does not alter the overall ordering of methods or remove the
benefit of eigentask-based noise-mitigation. Instead, the results indicate that the eigentask advantage is not tied to a particular
choice of raw versus thresholding preprocessing, but reflects its ability to construct a measurement-adapted and noise-robust
feature representation.

The same qualitative ordering is retained for thresholded high-power data, as shown in the insets of Fig. S6. In this high-SNR
regime, the gap between methods narrows, consistent with Fig. S5, but eigentask learning still remains best or near-best. Taken
together, these results show that thresholding does not qualitatively change the conclusions of the MNIST lens-front-end study:
eigentasks remain competitive across preprocessing choices and power levels, with the strongest gains appearing in the more
noise-dominated regimes.
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FIG. S6. Performance of noise-mitigation techniques for MNIST classification with thresholded data using a simple lens-based optical front
end. (a), (b) Test accuracy versus number of shots S for logistic regression and a neural-network classifier, respectively, on thresholded low-
power data; insets show the corresponding results for thresholded high-power data. Model selection is described in Methods. Data are means
over five independent training/validation/test splits; error bars denote one standard deviation.
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Supplemental Note 3: Details of SPDNN encoder
A. Details of the SPDNN experimental setup

Figure S7 shows photographs and a schematic rendering of the apparatus. The system consists of three functional stages:
(1) a programmable organic light-emitting diode (OLED) display encoding the illumination patterns, (2) an SLM serving as the
object plane where illumination interacts with the sample, and (3) a quantitative scientific CMOS (qCMOS) camera performing
single-photon detection. As illustrated by the light path in Fig. S7(a), light propagates from the OLED through a zoom lens
system to the SLM, then through polarization optics and spectral filtering before reaching the camera.

OBED display.
(illumifation patterns) = &

=
]
g0
a2
i
n©T
olc
s3
oO
2
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C

lllumination pattern
on the OLED display

"4

Sensing object
on the SLM

-
N

Results collected
by the photon detector

FIG. S7. SPDNN experimental setup. (a) Top-down photograph of the optical system with the three main components highlighted: OLED
display for programmable illumination patterns (green), SLM for object emulation (white), and qCMOS camera for single-photon detection
(yellow). Arrows indicate the light path from illumination source through the object plane to the detector. (b) Side-view photograph of the
setup. (c) Schematic rendering illustrating the sensing pipeline: illumination patterns displayed on the OLED probe the digit on the SLM, and
the transmitted light is measured by the photon detector.

B. SPDNN encoder and its sampling noise

We next summarize the single-photon-detection neural network (SPDNN) encoder used in the analysis of Fig. 4. The under-
lying setup and its experimental validation are described in Ref. [12]; here we retain only the ingredients needed to define the
effective input-to-readout map and the associated sampling noise.
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The SPDNN considered here is the incoherent MNIST model of Ref. [12]. An input digit is represented by a non-negative
vector u € [0, 1]7®%. We use the first hidden layer of width K as the optical encoder. Its pre-activation vector is

z(u) = Mu, (S1)

with M being the matrix implemented by optical matrix-vector multiplier (MVM) and M;; > 0 in the incoherent implementa-
tion. As in Ref. [12], z; is interpreted in units of mean detected photons per shot at the k-th single-photon detector (SPD), up
to an overall calibration factor that may be absorbed into M. Each SPD produces a binary output in one shot: either no click or
click. For Poissonian illumination with mean photon number A, (u) = 2z (u), the click probability is

pr(u) = Popp(A\g) =1 — e W) =1 — g7 (w), (S2)

Accordingly, the single-shot encoder output at neuron k is a Bernoulli random variable,

s . s 1, withprobabilitypg(u)
X9(u) ~B 1l s XPw) =47 ’ S3
e () ernoulli(py(w)) k() 0, withprobabilityl — pg(u). (53)
Its mean and variance are therefore
EX (w)] = pr(w),  Var[XV(w)] = pr(u) (1 — pi(u)). (S4)
For an S-shot averaged readout X s(u) = & Zle X}E»S) (u) as defined previously, we have:
o o pr(w) (1 — prlu
B[Xs(u)] = py(as),  VarlKes(a)] = 20— 2e(®)) (s

S

Thus, the SPDNN features used in our eigentask analysis are the hidden-neuron click outcomes, or their shot-averaged values,
rather than raw camera-pixel intensities.

In this work, the eigentask and PCA bases for the SPDNN encoder are learned from simulated SPDNN outputs generated
with the validated model of Ref. [12], and then evaluated on both simulated data and the 100-digit experimental dataset reported
there.

C. Optical encoding map implemented by the SPDNNs

Unlike the lens-based case, where the optical front end induces a fixed optical encoding map, the SPDNN encoder is trained
and task-specific. For the MNIST models analyzed here, we treat only the first hidden layer of the SPDNN as the optical encoder.
The relevant input-to-feature map is therefore

u— z(u) = Mu — z(u), (S6)

where z(u) € RY, denotes the pre-activation vector and x(u) denotes the mean encoder output. For the incoherent SPDNN,
we have (see Supplemental Material Section 3 B):

x(u) = Pspp(Mu) =1 — e~ M2, (S7)

For clarity, we emphasize that Ref. [12] completes the original SPDNN classifier with a second, high-SNR output layer. In the
present work, however, that output layer is not part of the encoder definition. Instead, the hidden-layer SPD readouts themselves
are treated as the measured features supplied to the downstream noise-mitigation and classification pipeline.

Supplemental Note 4: Supplementary results of MNIST classification with SPDNN encoder
A. Classification on larger test set by simulation

In the main text, we presented the classification performance of various noise-mitigation methods on only 100 test digits,
limited by the experimental data provided in Ref. [12]. To verify that the advantage of eigentask learning is not confined to
this small test set, we further evaluated the same SPDNN pipeline on a larger simulated test set of 2,000 digits with logistic
classifiers, with the results shown in Fig. S8.
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(a) Logistic, 50 neurons (simulation, 2000 test digits)  (b) Logistic, 1 shot (simulation, 2000 test digits)
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FIG. S8. Performance of noise-mitigation techniques in MNIST classification using SPDNN simulation data with logistic regression. (a) Test
accuracy on 2,000 test digits in simulation versus number of shots .S for a 50-neuron SPDNN. The inset shows accuracy versus the reduced
feature dimension K, at S = 1. (b) Test accuracy on the same 2,000 digits versus neuron count K for simulated data at S = 1 shot. Model
selection is described in Methods. Data are means over five independent simulated training/validation/test subsets; error bars denote one
standard deviation.

Figure S8(a) shows the test accuracy as a function of the shot count S for a 50-neuron SPDNN on 2,000 simulated test
digits. In contrast to Fig. 4(a), where the performance on 100 experimental test digits quickly approaches 95%, the accuracy
here remains at a lower level with fewer fluctuations. Eigentasks still consistently perform better than the other methods in
few-shot regime. As in all previous results, the accuracy increases with the shot count .S, reflecting the reduced stochastic noise
at larger shot counts. The inset shows the test accuracy as a function of the number of reduced features K, for single-shot testing,
exhibiting a similar overfitting behavior as in the previous figures.

Figure S8(b) presents the test accuracy as a function of the number of neurons K for single-shot data. Consistent with Fig. 4(b)
with a smaller test set size, the accuracy improves as the neuron count increases, indicating that larger SPDNNs provide more
useful information via more features for the classifiers. Eigentasks remain the best or near-best method across the tested neuron
counts.

Together with Fig. 4, these results show that the performance gain from eigentask learning is not specific to a small set of 100
digits, but remains on a substantially larger set as well.

B. Classification with neural networks

Besides logistic regression, we also performed classification on the SPDNN data using a neural-network back-end classifier,
for both the experimental data from Ref. [12] and the larger simulated test set reported in Supplemental Material Section4 A.

Figures S9(a) and S9(b) show the neural-network test accuracy as a function of the shot count .S for a 50-neuron SPDNN,
with (a) 100 test digits and (b) 2,000 test digits. For the 100-digit experimental test set in Fig. S9(a), similar to Fig. 4(a), the
accuracy saturates rapidly. However, the neural-network classifier narrows the gap between eigentasks and other methods even
in few-shot regime. Eigentask learning still performs the best in the few-shot regime of S = 1-3 and achieves best or near-best
accuracy for larger shot count.

Figures S9(c) and S9(d) show the test accuracy as a function of neuron count K for single-shot data, with (c) 100 test digits
and (d) 2,000 test digits. For the 100-digit experimental test set in Fig. S9(c), all noise-mitigation methods achieve around 90%
or higher accuracy with only 1 shot. However, eigentasks are not uniformly superior at every data point: low-pass filtering,
PCA, or coarse graining can match or slightly exceed eigentasks at some K, though the differences are generally within the
error bars. For the larger and more statistically robust simulated test set with 2,000 digits in Fig. S9(d), the accuracy improves
with increasing K and saturates to 97.2%. Eigentasks attain the best or near-best results across all neuron counts, but the lead is
marginal.

In summary, Fig. S9 shows that while eigentask learning remains a robust information extraction method for noisy SPDNN
data, it is less advantageous in the regime where the optical encoder is already task-optimized and the classifier is sufficiently
expressive. The advantage of eigentasks on noisy data over other methods can be partially compensated for by additional
optimization elsewhere in the system when ample computational resources are available. In this regime, eigentask learning
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FIG. S9. Performance of noise-mitigation techniques in MNIST classification using SPDNN data and neural networks with a hidden layer of
400 neurons. (a), (b) Test accuracy on 100 test digits in experiments and 2,000 test digits in simulation, respectively, versus number of shots S
for a 50-neuron SPDNN. The inset shows accuracy versus the reduced feature dimension K, at .S = 1. (¢), (d) Test accuracy on 100 test digits
in experiments and 2,000 test digits, respectively, versus neuron count K at S = 1 shot. Model selection is described in Methods. Data are
means over five independent seeds. For the 100-digit experimental tests, the test set is fixed and only the simulated training/validation subsets
vary across seeds; for the 2,000-digit simulation tests, the simulated training/validation/test subsets are independently sampled for each seed.
Error bars denote one standard deviation.

should be seen as a competitive and reliable method rather than as a universally dominant one.
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