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Abstract

Recent work has demonstrated that imaging systems can be evaluated through the
information content of their measurements alone, enabling application-agnostic op-
tical design that avoids computational decoding challenges. Information-Driven En-
coder Analysis Learning (IDEAL) was proposed to automate this process through
gradient-based optimization. In this work, we study IDEAL across diverse imaging
systems and find that it suffers from high memory usage, long runtimes, and a
potentially mismatched objective function due to end-to-end differentiability re-
quirements. We introduce IDEAL with Interchanging Optimization (IDEAL-IO), a
method that decouples density estimation from optical parameter optimization by
alternating between fitting models to current measurements and updating optical
parameters using fixed models for information estimation. This approach reduces
runtime and memory usage by up to 6x while enabling more expressive density
models that guide optimization toward superior designs. We validate our method
on diffractive optics, lensless imaging, and snapshot 3D microscopy applications,
establishing information-theoretic optimization as a practical, scalable strategy for
real-world imaging system design.

1 Introduction

In computational imaging, optics and algorithms are designed jointly, unlocking novel trade-offs
between hardware complexity, system performance, and cost [1]]. A typical system contains an optical
encoder that captures a measurement and a software decoder that reconstructs or interprets the scene.
With the freedom to implement diverse optical encoding strategies made possible by computational
decoding, the optimal encoder design is an open question in many applications.

Traditional approaches to encoder design rely on expert intuition and idealized physical models,
often producing suboptimal designs that break down under real-world noise or model mismatch.
More recently, end-to-end methods jointly optimize optical parameters and reconstruction algorithms
using deep learning [2} 13, 14]. These systems treat the image formation model as a differentiable
layer in a neural network and train the optics and decoder simultaneously. While this often yields
high-performance designs, it requires substantial computational resources [5] and presents practical
challenges when optimizing through state-of-the-art reconstruction algorithms [6].

Recent work has suggested that encoders could be designed independently using information-theoretic
principles [7]. This approach is appealing because it decouples the encoder optimization from
specific decoder implementations, focusing instead on measurement quality by maximizing the
information content of measurements. Furthermore, information-theoretic metrics naturally balance
resolution, signal-to-noise ratio, and other performance factors within a unified framework, providing
an application-agnostic approach to optical design.
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Information-Driven Encoder Analysis Learning (IDEAL) proposes automating this process through
gradient-based optimization of mutual information between scenes and measurements. This approach
offers compelling potential advantages: it avoids the challenges of designing and optimizing through
decoders such as complex reconstruction algorithms, and as a result can readily be applied to a wide
variety of systems. However, the limitations of IDEAL’s proposed implementation and effectiveness
across diverse imaging systems have not been thoroughly explored.

In this work, we identify a critical limitation of IDEAL in its original formulation: the requirement
for end-to-end differentiability through both density estimation and optical parameter optimization
introduces prohibitive computational demands and potentially misaligned optimization objectives.

To address these issues, we introduce IDEAL with Interchanging Optimization IDEAL-IO). Our key
insight is that decoupling density model fitting from optical parameter updates enables significantly
more efficient optimization while maintaining or improving design quality. We alternate between: (1)
fitting a density model to fixed measurements from the current optical system and (2) updating the
optics using a differentiable MI estimator while holding the fitted model constant. This eliminates
the need for the fitting process itself to be differentiable with respect to optical parameters, reducing
memory usage and runtime by up to 6x while enabling the use of more expressive density models
that produce better designs.

We demonstrate the effectiveness of IDEAL-IO across diffractive optics, lensless imaging, and snap-
shot 3D microscopy, showing both computational advantages and design improvements. Our results
establish information-theoretic optimization as a practical, scalable strategy for next-generation imag-
ing system design, offering a powerful alternative to traditional approaches without their associated
computational burdens.

2 Background

Our goal is to optimize a learnable element 6 of an optical system f(-; ). For a scene or object O, the
system deterministically gives noise-free data X = f(O; 6) corrupted by a stochastic noise model
€ to yield noisy measurements Y (O;6) = € (f(0O;60)). We assume access to a dataset of objects
Do = {0;}i=1,. v drawn from a distribution p(O) for which we would like to optimize the system.
In this section, we describe prior work on how to formulate this optimization problem.

End-to-End Learning. Previously developed end-to-end learning approaches [2} 3, 4]] train a
neural network ¢(-; ¢) to perform reconstruction on a dataset of measurements Dy = {y;},_, N
simulated from Do . These methods use gradient descent-based strategies to jointly optimize

0%, 6" :argrgglzﬁ[g(f(f (0;0));6) , 04, (1)

where L is a loss describing the fidelity of the reconstruction to the original object. While effec-
tive, these methods require substantial computational overhead to differentiate Eq. [I|through both
reconstruction network g and forward model f [8]. Moreover, end-to-end optimization can get
stuck in local minima and struggle to obtain accurate gradients when reconstructions have not yet
converged [6]]. They also yield a design specific to a particular reconstruction algorithm, and this
design may become non-ideal if the algorithm is updated or improved.

IDEAL. An alternative strategy, Information-Driven Encoder Analysis Learning (IDEAL) was
proposed [[7] to avoid differentiation through and sensitivity to the reconstruction algorithm. IDEAL
instead maximizes the mutual information 1(O;Y') between the object O and noisy measurement
Y. Because our optical system is deterministic, i.e. X = f(O;#), this is equivalent to maximizing
I(X;Y), which can be decomposed as

I(X;Y) = H(Y) - HY|X). )

H(Y) is the entropy of the noisy sensor measurements and captures variability due to both the scene
and sensor noise. H(Y|X) quantifies the uncertainty in Y due solely to noise, conditioned on the
underlying noiseless measurement. The difference of these terms isolates the portion of measurement
variability due to the scene, and forms the core objective for information-driven optical design.
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The conditional entropy, H (Y |X) can be computed analytically for Poisson and Gaussian noise;
these analytical expressions are derived in Supplement Sec. 1. Accurately computing H(Y), on the
other hand, requires access to the true distribution p(Y'). In practice, this distribution is approximated
by a parameterized model p,,(Y), trained on Dy-. This allows us to estimate an upper bound on the
true entropy using the cross-entropy over a held-out test set of M noisy measurements:

H(Y) < H(Y) = Ey[~logpy(Y))] 3)

1 & ,
~ =g 2 lospu(y'). )
=1

The tightness of the bound in Eq. [’3’] depends on the expressiveness of the model class p,,. More
expressive models—such as PixelCNN [9]] or autoregressive transformers [10]—enable more accurate
entropy estimates and, in turn, more informative optimization signals. This approach also allows
systematic comparison across density models: lower cross-entropy values indicate better fit to
the measurement distribution. Since this cross-entropy upper bounds the true entropy, it offers a
systematic approach for model comparison: models yielding lower cross-entropy values provide
more precise distribution estimates. This is used to select the best model for the given scene dataset
and optical forward model.

The dependence of Eq. [3]and thus Eq.2]on the fitted probability distribution p,; introduces significant
complexity in the optimization. In the IDEAL setting, we aim to solve §* = argming —I(X;Y).
The appropriate gradient descent update at step ¢ is given by:

I(X;Y)

Ory1 =0, — 20 ’9:9 5)
o 1 Ml{apw_i_apay]_aH(YD() ©)
! M = pyo,(y) LOY 00 " 9y 06 a0 »o,

where « is the step size and a detailed derivation is given in Supplement Sec. 2. Of particular note,

this update includes the quantity %%; the mutual information estimate depends on 6 not only
through the simulated measurements ¥ but also through the fitted probability distribution parameters
1. In previous work, IDEAL proposed computing gradients in a single step, using a multivariate
Gaussian as p,, estimating its covariance matrix from a batch of measurements, and using the analytic
expression for its entropy. The downside of this approach is that it requires differentiating through this
fitting procedure, which is computationally costly for large covariance matrices on high-dimensional
images, and is practically impossible for more expressive parameterizations of p, such as neural
networks, where the fitting process is typically an iterative procedure.

3 Methods

Our contribution is built on an empirical observation that the quantity g—}ﬁ is small; i.e., the rate of
change of the fitted probability distribution parameters with respect to the learned imaging system
parameters is small. We can then ignore the dependence of the mutual information on 6§ through the
fitted parameters . This allows us to dramatically simplify the optimization procedure by ignoring
the r%% term and simply refitting v outside of the differentiation path to maintain an accurate
estimate of p,,. Our proposed optimization scheme is thus:

Yip1 = arg mﬂ%nEY[* log py, (Y (0:))] )
M
o gl 1N 1 [Op0y] OH(Y[X)
9t+1 =0 a{ M ; p¢t+1(yi) |:ay 80:| 90 } 9=0 ®

Intuitively, this scheme alternates between (1) fitting the probabilistic model to measurements
generated with the current learned optical element and (2) updating the learned optical element using
the most recent probabilistic model. In practice, we implement our method by freezing gradient
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tracking during the fitting of the probability distribution, and then relying on auto-differentiation to
compute the gradient in Eq.[/} To reduce memory usage, we operate on measurement patches rather
than full-frame measurements during both model fitting and mutual information estimation. The full
optimization pipeline is illustrated in Fig.[I]

This modification dramatically improves the usability of IDEAL. Because we no longer need to
differentiate through the model fitting procedure, we are able to greatly reduce the memory and
runtime cost of our algorithm. Further, we no longer have to restrict to parameterizations of p
whose fitting process is differentiable, enabling us to use complex, expressive models previously
intractable under IDEAL. In particular, we can use neural networks like PixelCNN [9] to model
complex, high-dimensional probability distributions that are not Gaussian in nature.

Of note, while the Gaussian model can be fit almost instantaneously, the PixelCNN model requires a
significantly longer time to fit (order of minutes). Consequently, when using the PixelCNN model,
we opt not to re-fit after each imaging system update but rather every K optical parameter updates,
as the loss only needs to provide useful gradient directionality—not an exact estimate of mutual
information. For further discussion on PixelCNN re-fit frequency see Supplement Sec. 3.

a) Overview of IDEAL Optimization Pipeline
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Optical Model Measurements (Gaussian) Information Loss
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b) Overview of IDEAL-IO Optimization Pipeline
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Figure 1: Comparison of Information-Driven Encoder Analysis Learning (IDEAL) and IDEAL
with Interchanging Optimization (IDEAL-IO) optimization frameworks. (a) IDEAL jointly
optimizes a differentiable density model and imaging system to maximize mutual information (MI)
between noiseless and noisy measurements, /(X;Y'). This coupling requires the entire pipeline to be
differentiable with respect to the optical parameters, resulting in high memory and compute overhead
and limited density model choices. (b) IDEAL-IO decouples model fitting and optical updates. A
density model (e.g., PixelCNN) is fit to noisy measurements with gradients frozen. The fit density
model and known noise distribution are then used to estimate MI, which is backpropagated through
the imaging system. This alternation substantially lowers computational costs, enabling the use of
more expressive models.

Scenes

4 Results

We next describe a series of applications showing the advantages of the IDEAL-IO method. First,
we show that IDEAL-IO performs comparably to end-to-end design for designing a learned lens
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array for a snapshot 3D microscopy system while requiring substantially less runtime. Next, we show
that the IDEAL-IO alternating update scheme enables faster, more memory-efficient optimization
of a large diffractive optical element than standard IDEAL. Finally, we show that IDEAL-IO’s
compatibility with more expressive probability density parameterizations enables design of a superior
point spread function for lensless imaging. We provide an overview of each imaging system within
the appropriate subsection, and formal analytical expressions for each system’s forward model are
available in Supplement Section 9.

4.1 Snapshot 3D Microscopy: IDEAL-IO is Faster Than End-to-End Learning
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Figure 2: Comparison of IDEAL-IO and end-to-end (E2E) design for snapshot 3D microscopy.
(a) E2E pipeline. A learned lenslet array encodes a 3D fluorescent volume into a 2D measurement.
A neural decoder (FISTA-Net) reconstructs the volume which is fed into a loss function along with
the ground truth volume. Gradients are backpropagated through the full pipeline to optimize the
optical encoder. (b) IDEAL-IO pipeline. A density model is fit to simulated measurements (with
gradient tracking off), then used to estimate mutual information (MI) (with gradient tracking turned
on). The MI estimate is negated and serves as the loss function to drive encoder optimization. (c¢)
MI vs. normalized mean squared error (NMSE) at three checkpoints: initialization, mid-training,
and convergence for both IDEAL-IO and E2E. MI is estimated using a Gaussian model; NMSE
is computed using a separately trained decoder. (d) Lenslet arrays learned by both methods at the
checkpoints in (c¢). Both methods converge to similar four-lenslet designs that distribute focal points
across the volume depth of interest.

First, we evaluate IDEAL-IO on a simulated snapshot 3D fluorescence microscopy system modeled
after the Fourier DiffuserScope [11]]. This architecture places a lenslet array in the Fourier plane of
a conventional fluorescence microscopy setup to encode a 3D fluorescent volume into a 2D sensor
measurement. Then, a neural decoder (FISTA-Net [12]) reconstructs the volume. In prior work, the
entire system has been optimized end-to-end (E2E) by minimizing reconstruction error through
joint optimization of the lenslet array encoder and neural decoder. While effective, E2E optimization
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is computationally intensive. We hypothesize that its success stems in part from implicitly increasing
the MI between the scene and measurement. If true, directly maximizing MI should yield comparable
encoder designs without the overhead of decoder training during optimization.

To test this, we train the E2E system on fluorescense microscopy images of mouse lungs and evaluate
encoder quality at three checkpoints: initialization, midway through training, and convergence. At
each point, we compute MI using a Gaussian density estimator and assess reconstruction fidelity via
normalized mean squared error (NMSE) by training a reconstruction network with the optic fixed. As
shown in Fig. [Zc, MI increases monotonically as NMSE decreases, supporting the hypothesis that
E2E optimization indirectly maximizes MI.

We then apply IDEAL-IO to the same design task. Despite never training a decoder during optimiza-
tion, IDEAL-IO produces an encoder with comparable MI and NMSE to the E2E-trained system.
The learned encoder exhibits a similar lenslet configuration (Fig.[2d), with focal points distributed
across depth.

IDEAL-IO converges in ~25 minutes on a single RTX A6000 GPU—roughly 4 x faster than the
~?2 hour E2E baseline. Unlike E2E, which required memory-saving techniques such as gradient
checkpointing [8]], IDEAL-IO ran without special accommodations. These results demonstrate that
MI is not only a valid proxy for reconstruction fidelity, but also a practical and scalable objective for
optical encoder design.

4.2 Diffractive Optical Elements: IDEAL-IO is Faster, More Memory-Efficient than IDEAL

To compare GPU memory requirements and runtime of our method, IDEAL-IO, to the original
implementation of IDEAL, we apply it to a optical design task with a large number of learnable
parameters: optimizing a pixelwise height map for a diffractive optical element (DOE) used in
single-plane imaging [3]]. This problem involves optimizing a 2496 x 2496 pixel height map resulting
in ~ 6.2 million learnable optical parameters. We modify the code from [3] and use the dataset
from [[14]] to perform this optimization.

This DOE is modeled as a flat surface with a spatially-varying phase profile, where each pixel in the
height map imparts a phase delay to the incoming wavefront according to

2
olr.y) = 5 Anh(z,y).

where h(z,y) is the pixel height, A\ = 650 nm is the design wavelength, and An = 1.4599 — 1.0 is
the refractive index contrast between the DOE material and air. The refractive index is assumed to be
uniform across the surface. To simulate image formation, we use angular spectrum propagation, a
standard wave optics technique that models wave propagation [15]]. To generate sensor measurements,
we convolve this point spread function with the input object and add noise based on the Gaussian
approximation of Poisson noise.

Despite the large number of learnable parameters, IDEAL-IO converges in ~120 seconds on a single
Nvidia RTX A6000 GPU using only 7.89 GB; in contrast, IDEAL converges in ~360 seconds using
44.23 GB. Both optimizations were carried out using patches of size 36 x 36 pixels and used 6480
patches to fit the Gaussian model.

For this test case, both IDEAL and IDEAL-IO converge to something close to the expected design —
a Fresnel zone plate — despite no explicit structural priors being imposed. A Fresnel zone plate is the
binary diffractive optical equivalent of a traditional lens, which should be optimal for 2D imaging
of dense, natural scenes [16]. Figure [3h shows the training loss curves along with visualizations
of the learned DOESs and corresponding measurements at selected iterations. Both methods show
similar convergence, though IDEAL-IO’s curve appears noisier due to its smaller test set and mutual
information’s sensitivity to outlier patches.

To quantify memory and runtime differences between methods, we ran optimizations using patch
sizes ranging from 4 x 4 to 36 x 36 pixels. For each patch size, we performed 50 optimization
steps using a training set of measurements equal to 5x the number of pixels in the patch (e.g., 80
measurements for a 4 x 4 patch). This was repeated 10 times per patch size for each method. In
Fig.[Bb—c, we plot the mean peak GPU memory usage and the mean runtime per optimization step.
IDEAL-IO provides a substantial decrease in both GPU memory usage and runtime compared to
IDEAL.
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Table 1: Scaling of runtime and GPU memory with patch size in mutual information estimation.
We report the (1) number of additional patch pixels required to increase GPU memory usage by 1
GB, and (2) increase in runtime per optimization step for every additional 100 patch pixels.

Method Patch pixels per +1 GB memory Runtime increase per +100 pixels (s)
IDEAL 31+0 0.098 4+ 0.007
IDEAL-IO (Ours) 274+ 4 0.007 £ 0.001

To better quantify memory scaling, we fit a linear regression model between the number of pixels in
the patch and peak GPU memory usage. We report the number of additional patch pixels required
to increase GPU usage by 1 GB, computed as the inverse slope of the fit. Similarly, we fit a linear
model to runtime per step as a function of pixel count, and report the runtime increase per 100
additional pixels. These results are presented in Table[T]and demonstrate that our method preserves
the performance benefits of mutual information—based design while dramatically improving scalability
and runtime.

a) Training Comparison of b) GPU Memory Usage c) Runtime vs.
IDEAL and IDEAL-IO vs. Number of Pixels Number of Pixels

W @
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Figure 3: Scaling behavior and learned designs for diffractive optical element (DOE) opti-
mization with IDEAL and IDEAL-IO. (a) Optimization of a DOE for single-plane imaging using
IDEAL (blue) and IDEAL-IO (ours, purple). Training loss curves are shown for both methods. (b)
Runtime per optimization step vs. number of pixels in a patch used for mutual information estimation.
IDEAL runtime increases rapidly with patch size; IDEAL-IO remains relatively constant. Error bars
denote standard deviation across the 10 repeated trials; when they are not visible, the error is smaller
than the data marker. (¢) Peak GPU memory usage vs. patch size. IDEAL memory usage grows
steeply; IDEAL-IO scales more favorably. (d) Visualizations of the DOE phase profile and resulting
measurement from (1) initialization, (2) an intermediate training step, and (3) convergence, for both
methods. Despite no structural priors, both IDEAL and IDEAL-IO converge to Fresnel-like designs.
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4.3 Lensless Imaging: IDEAL-IO Enables Use of Expressive Probability Density Models

Optimized PSFs
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Figure 4: IDEAL-IO improves lensless imaging design by using expressive mutual information
estimators. (a) IDEAL-IO is used to optimize the PSF of a lenslet array by maximizing mutual
information (MI) between scenes and noisy measurements. We compare two density models used in
the MI estimator: a Gaussian model and a more expressive PixelCNN. CIFAR 10 measurements are
approximately Gaussian, while MNIST measurements are sparse and non-Gaussian. (b) Optimized
PSFs differ significantly for MNIST depending on the density model chosen for the MI estimator,
reflecting the impact of model expressivity. For CIFAR10, both models yield similar PSFs. (c)
Pixel CNN-based designs achieve higher MI on MNIST test data, indicating better alignment with
the true measurement distribution. For CIFARI10, both estimators perform similarly due to the
near-Gaussian nature of the measurements.

To assess how density model expressivity affects optical design, we revisit a key trade-off identified
in prior work [7]: simple models like Gaussians enable fast optimization but may fail when mea-
surements exhibit non-Gaussian structure. We use IDEAL-IO’s compatibility with highly-expressive
probabilistic models to investigate whether using a more expressive model during optimization leads
to better designs, a comparison not possible with prior work.

We test this question with a simulated lensless imaging system in which a phase mask is placed a
short distance in front of the sensor. With this configuration, lensless imagers achieve compact form
factors and as a consequence have large distributed PSFs, in contrast to the single-spot PSF that is
optimal for the Fresnel-lens in Sec.[d.2] where the phase mask to sensor distance was larger. Based on
prior work in lensless imaging design, a phase mask comprised of a random array of lenslets trades
off multiplexing and signal-to-noise ratio well [[17]. Hence, we choose to model the phase mask as an
array of lenslets, with its PSF modeled as a sum of 2D Gaussians, each representing the focal spot of
an individual lenslet. The mean of each Gaussian determines the focal point location on the sensor,
while the covariance controls its shape and orientation. Both the means and covariances are learned
during optimization. See Supplement Sec. 7 for the initialized PSF.

To evaluate the role of density model expressivity, we optimize this system using mutual information
estimated with a density model of a simple multivariate Gaussian or a more expressive autoregressive
PixelCNN and a Poisson noise model. We test both approaches on CIFAR10 [18]], where natural
image statistics yield approximately Gaussian measurements, and MNIST [19], where sparse digit
structures produce highly non-Gaussian, often bimodal, measurement distributions. We fit both
density models using 16,024 patches of size of 16 x 16 pixels. The PixelCNN density model was
refit after every 50 optical optimization steps in order to reduce runtime, while the Gaussian model
was fit after every optical update due to the minimal computational cost of refitting. The learned
estimators were evaluated on 1602 patches to calculate the mutual information loss.

For the CIFAR10 dataset, both estimators converge to similar optical designs with nearly identical
loss curves. However, for MNIST, the two estimators yield distinct designs, revealing that model
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expressivity significantly affects optimization when the true measurement distribution deviates from
Gaussian assumptions (Fig. ).

To evaluate design quality, we compute MI on held-out test data using a Pixel CNN estimator. For
CIFARI10, both designs perform similarly (0.283 vs. 0.264 bits/pixel), but for MNIST, the Pixel CNN-
optimized design significantly outperforms the Gaussian one (0.473 vs. 0.208 bits/pixel), confirming
that expressive models yield better designs for non-Gaussian data. These results align with [16]].

5 Discussion

In this work, we introduced and rigorously-tested a low computational cost method for imaging
system design that builds on the IDEAL framework [7] . Like IDEAL, our approach optimizes optical
parameters by maximizing the mutual information between noiseless and noisy sensor measurements.
Our key contribution is a decoupled, two-stage optimization procedure that eliminates the need for the
density model fitting to be differentiable with respect to the optical parameters. By separating density
model fitting from differentiable mutual information estimation, our method supports more expressive
models, reduces memory usage, and improves runtime, with maintained or improved performance.
We demonstrated the effectiveness of the proposed method across three distinct computational
imaging problems: diffractive optical imaging, lensless imaging, and snaphot 3D microscopy.

A key constraint in our framework is the reliance on patch-based entropy estimation, which creates a
trade-off between model fidelity and memory efficiency. When using density models like multivariate
Gaussians, the number of parameters increases quadratically with patch size. As the dimensionality
grows, more samples are needed to fit the model reliably, which increases the computational burden.
At the same time, larger patches reduce the number of unique samples that can be extracted from
each measurement. This lowers the statistical diversity of the training set and forces the simulation of
more measurements to maintain performance. The result is a significant increase in both memory use
and runtime, and may limit modeling capacity in some cases. Future work could explore multiscale
or hierarchical approaches to relax this limitation without adding excessive computational overhead.

Mutual information offers a strong foundation for reconstruction-based imaging, as preserving scene
information in the system measurement theoretically enables perfect reconstruction. However, mutual
information may not always align with specialized downstream tasks. In tasks where most information
may be concentrated in a small subset of the scene, such as classification or detection, maximizing
total information content might lead to designs that prioritize high-entropy regions that are irrelevant
to the task. Extending our framework to support task-specific variants of mutual information, such as
conditional or class-aware formulations, could improve performance in these settings.

Finally, the computational efficiency of our method enables large-scale exploration of design spaces.
Multiple initializations can be evaluated quickly, revealing whether optimization consistently con-
verges to similar designs or is sensitive to initialization. This flexibility also facilitates perturbation
analyses, which can quantify sensitivity to noise, model error, or manufacturing tolerances—critical
factors in real-world deployment.

By directly maximizing the information content of measurements, IDEAL-IO produces high-
performance optical systems without the computational burden of jointly training reconstruction
networks while designing the optics. This approach bridges the gap between theoretical guarantees
and practical system design, providing both performance benefits and computational efficiency. Our
framework serves as a scalable foundation for next-generation imaging system design. Future work
could further broaden its applicability by incorporating task-specific constraints, multichannel mutual
information estimators, and theoretical analyses of the connections between mutual information and
downstream task performance.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state the main claims: (1) IDEAL-
10 reduces memory/runtime over IDEAL by up to 6x, (2) decouples density estimation
and optical optimization, and (3) supports more expressive models. These claims are
substantiated by experimental and theoretical results across three imaging tasks.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It s fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The discussion section acknowledges patch-based entropy estimation as a
limiting factor, discusses trade-offs between model fidelity and efficiency, and notes that
mutual information may misalign with task-specific goals. These limitations are presented
with suggestions for future work.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
Justification: We do not prove any theoretical results in this work.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper specifies GPU hardware, patch sizes, number of optimization
steps, dataset details, noise models, and model training frequencies. These are sufficient to
reproduce the reported results. Additionally all data and code is open source. The code is
anonymized and included along with the submission.

Guidelines:

» The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: A zip file containing the full anonymized codebase is included, along with a
README that maps each experiment and figure to the corresponding code and data for
reproduction.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https !
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Yes, we supply these details in the methods, results, and supplement of our
paper. We also have included the code to replicate all results and figures in the attached
supplementary material.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
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Justification: We provide error bars when applicable in all results and note if the error bars
are less than the size of figure markers when applicable.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

e If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The paper reports GPU model (RTX A6000), memory usage (GB), and runtime
per method. These are presented for all experiments and allow for replication.

Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have reviewed NeurIPS Code of Ethics and do not see any reason this
submission would run afoul of them. No ethical concerns are raised by the work. No human
data, privacy risks, or malicious use cases are evident.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
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10.

11.

12.

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: This work is largely fundamental research and we do not see any clear or direct
paths to significant societal impact.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

¢ The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: We do not believe the paper releases any high-risk assets or models requiring
safeguards.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

15



585
586

587

588
589

590
591

592

593
594

595
596
597
598

599
600

601
602
603

604
605

606

607
608

609

610

611
612
613

614
615

616
617

619
620
621

622

623

624

625
626

627
628
629

630

632

633
634

13.

14.

15.

Justification: We cite our use of MNIST, CIFARI10, and Jegou et al.’s dataet. The mouse
lung dataset was collected by one of the authors.

Guidelines:

* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Yes all code and datasets used in the paper is well documented and open
sourced.

Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: No human subjects or crowdsourcing were involved.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects
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16.

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The work does not involve human participants.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The method presented in this work does not use LLMs as any important,
original, or non-standard component.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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