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Abstract

Conventional image sensors employ uniform quantization, a process agnostic to
the downstream task, often discarding task-critical information. We propose a
framework for end-to-end learning of a non-uniform quantization strategy, co-
designed with a neural network for visual recognition. Our method replaces
the standard analog-to-digital converter with a differentiable, learned module
that optimizes the allocation of discrete levels for a specific machine vision task.
Extensive experiments on ImageNet, CIFAR-100, and SID demonstrate that our
approach outperforms uniform quantization and other baselines at ultra-low bit-
depths (4-8 bits), achieving superior accuracy and enhanced robustness to noise
while significantly reducing data bandwidth.
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1 Introduction

Recent advancements in deep learning have catalyzed a paradigm shift in visual perception systems,
yet the underlying data acquisition pipeline remains largely unchanged. Conventional digital cameras
are designed around human interpretability, employing a fixed Image Signal Processing (ISP) pipeline
to convert high-bit-depth linear sensor readings into visually pleasing RGB images. This process,
while effective for human consumption, often discards or distorts information that could be crucial
for machine-based decision-making, and introduces significant computational overhead ill-suited
for embedded and mobile platforms. A promising alternative is the concept of task-driven sensing,
which seeks to co-optimize the data acquisition hardware and the processing algorithm directly
for a specific machine learning task, thereby maximizing efficiency and performance. A critical
bottleneck in this pipeline is the analog-to-digital converter (ADC), which typically applies a uniform
quantization strategy, dividing the analog signal’s dynamic range into equally spaced intervals. This
approach is suboptimal for task performance as it allocates precious bits with no consideration for the
semantic content of the scene or the needs of the downstream model.

This paper proposes a novel end-to-end framework for learning a non-uniform quantization strategy
directly optimized for a visual task, such as image classification. We aim to replace the standard
ADC function with a differentiable, learned quantization module that can be jointly optimized with
a subsequent neural network. The core idea is that the quantization process should be task-driven,
preserving fine details in regions of the input space that are most informative for the model’s objective
while aggressively compressing less relevant information. For instance, the system might learn to
allocate more quantization levels to darker regions of an image where noise is more prevalent or to
edges that are critical for object recognition. We simulate this process on established public datasets
by processing standard images through an inverse pipeline to approximate linear sensor data, then
applying our learned quantization function. The resulting ultra-low-bit-depth representation (e.g.,
4-bit) is then passed directly to a classifier. By demonstrating superior performance over traditional
uniform quantization at the same bit-depth, our work challenges the orthodoxies of data acquisition
and takes a concrete step toward the co-design of sensors and models, a key goal for next-generation
efficient embedded vision systems.
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Key Terms: Task-driven sensing refers to the joint optimization of data acquisition hardware
and software for a specific machine learning objective rather than for human perception. Uniform
quantization is the process of mapping analog values to digital codes using intervals of equal size.
In contrast, non-uniform quantization uses intervals of varying sizes, allowing for finer detail in
important value ranges and coarser detail elsewhere. The analog-to-digital converter (ADC) is the
hardware component that performs this quantization process. An Image Signal Processing (ISP)
pipeline is a series of fixed steps (e.g., demosaicing, denoising, tone mapping) that convert raw sensor
data into a viewable image.

2 Literature Review

Our work sits at the intersection of learned image compression, neural network quantization, and
end-to-end sensor algorithm co-design. The field of learned image compression has made significant
strides, often leveraging autoencoder architectures with a quantized latent space to achieve state-
of-the-art rate-distortion performance Ballé et al.| [2021]], Mentzer et al.| [2024], |/Agustsson et al.
[2017]. However, these methods are designed for human perception, optimizing for metrics like
PSNR or MS-SSIM, and are not necessarily optimal for machine vision tasks. The emerging field
of video compression for machines |Liu et al.|[2021]] begins to address this, but still operates on
already-processed video streams, not raw sensor data.

Closely related is the vast body of work on neural network quantization, which focuses on reducing
the precision of weights and activations within a model to reduce its computational and memory
footprint|Courbariaux and Bengio| [2016], Esser et al.| [2020]], [Han et al.|[2016]]. While we employ
similar techniques for differentiability (e.g., the straight-through estimator Courbariaux and Bengio
[2016]), our goal is fundamentally different: we quantize the input sensor data itself before any
processing, simulating a hardware change to the sensing front-end, rather than quantizing the internal
computations of a network that already receives high-precision inputZeng et al.|[2025]].

This ambition aligns with the growing trend of revisiting the traditional ISP pipeline. A number of
works have demonstrated the advantage of training computer vision models directly on raw sensor
data, bypassing the ISP to avoid its information loss and artifacts [gnatov et al.|[2020]], Bach et al.
[2021]), |[Ehret et al.| [2020], L1/ [2025b]. Some have even proposed learned replacements for specific
ISP components, like learned demosaicing [Khashabi et al.[[2014]. Pushing further, the co-design of
optical elements and neural networks has been explored through diffractive optics Tseng et al.[[2021]]
and learned spectral filter arrays [Monakhova et al.|[2020], Brown et al.|[2022]. These methods show
impressive performance but often assume a high-precision capture stage. The idea of jointly learning
a measurement matrix or encoder with a decoder is well-established in compressed sensing |Lustig
et al. [2007], Duarte et al.|[2008], but these approaches are typically linear and not directly integrated
with deep learning pipelines for end-to-end optimization.

Our work distinguishes itself by focusing specifically on the quantization stage, a critical yet under-
explored node in the sensing pipeline. While |Agustsson and Theis|[[2019] explores quantization in the
context of image compression, and |[Shwartz-Ziv et al.|[2021] touches on task-aware quantization for
classification, a deep investigation into end-to-end learned non-uniform quantization for ultra-low-bit-
depth sensing, with rigorous benchmarks against standard baselines on large-scale datasets, remains
an open area. We aim to bridge this gap. We propose a method that not only learns a task-specific
quantization function but also does so in a fully end-to-end manner with the task network, providing
a practical and highly efficient pathway for task-driven sensing that could be directly implemented in
future sensor hardware.

The existing literature leaves a clear gap: while several paradigms (learned compression, NN
quantization, ISP bypass) address parts of the inefficient sensing pipeline, none offer a holistic
solution for ultra-low-bit-depth acquisition that is jointly optimized with a task network from the raw
sensor domain. Learned compression focuses on post-capture coding for humans. Neural network
quantization reduces model size but not the input data bandwidth from the sensor. Methods that
operate on raw data typically assume 10-14 bit inputs, failing to address the power and cost of the
ADC itself. Our work directly addresses this by proposing a differentiable, non-uniform quantization
module that acts as a proxy for a learnable ADC, co-designed with a classifier to operate on extremely
low-bit-depth (e.g., 4-bit) data from the very first digital conversion. This approach is orthogonal



and complementary to other co-design efforts and could be integrated with learned optics or sensor
layouts in future work.

3 Methodology

The reviewed literature reveals a fragmented approach to efficient machine perception. While methods
exist for learned compression, neural network quantization, and ISP bypass, they operate in isolation,
failing to address the fundamental inefficiency at the very first stage of digital conversion: the
uniform quantization of the analog sensor signal. This work posits that the highest gains in efficiency
can be achieved by co-designing the data acquisition and processing stages, treating the analog-to-
digital converter not as a fixed, predefined component but as a learnable, task-specific function. Our
methodology, therefore, introduces a differentiable proxy for a non-uniform quantizer that can be
optimized end-to-end with any downstream neural network. This section details our approach. First,
we formalize the problem and introduce the mathematical notation for our sensor quantization model.
Next, we describe the critical technique that enables gradient-based learning through this otherwise
non-differentiable function. We then outline the architecture of the complete end-to-end system, from
simulated sensor input to task output. Finally, we present the joint optimization algorithm that trains
the quantization parameters and the network weights concurrently, and we conclude by contrasting
our holistic co-design with the deficiencies of existing isolated approaches, highlighting our specific
improvements.

3.1 Mathematical Model of Learned Non-Uniform Quantization

The core of our proposed sensing front-end is a learned non-uniform quantizer. Let X € R#7*W

be a single-channel, high-bit-depth linear sensor reading (simulated from a standard image dataset).
A standard ADC applies a uniform quantization function Qypiform to produce a discrete signal Z
with L = 2° levels for a b-bit quantizer: Z; ; = LXJ%"““(X)J, where A = w is the
fixed step size. In contrast, our method employs a non-uniform quantization defined by a set of
L — 1 learnable threshold parameters @ = {0y, 01,...,0_2} where 0y < 0; < ... < 0_o. The
quantization function Qg maps a continuous value z to an integer index z:

L-2
2=Qo(z) =Y K(z> ), 4))
k=0

where ¥ is the indicator function. This function partitions the real number line into L intervals
(=00, 0], (6o, 04], ..., (01, —2, +00), assigning a unique integer code to each interval. The key insight
is that by learning the thresholds 8, the system can allocate more levels to sensitive regions of the input
dynamic range (e.g., low-light areas prone to noise or high-contrast edges critical for classification)
and fewer levels to less informative regions, thereby maximizing the informational content of the
extremely constrained b-bit representation for the specific task at hand.

3.2 Differentiable Approximation via Straight-Through Estimator

The quantization function Qg () is fundamentally non-differentiable due to its discontinuous step-
function nature, preventing the use of gradient-based optimization to learn the thresholds 8. To
overcome this, we leverage the straight-through estimator (STE) (Courbariaux and Bengio| [2016]].
During the forward pass, we compute the quantization exactly as defined in Eq. (1), producing
a discrete-valued tensor Z. However, during the backward pass, we approximate the gradient of
this function with the identity function, effectively bypassing the non-differentiable thresholding
operation. Formally, if £ is the task loss, the gradients with respect to the continuous input = (which
may be the output of a previous layer in a more complex system) are approximated as:
g—ﬁ ~ % 2)
x 0z
The gradients for the thresholds @ are computed by viewing the quantization function as a series of
step functions and using a subgradient. This simple yet effective approximation allows error gradients
from the task network to flow backwards to the quantization parameters, enabling them to be updated
via stochastic gradient descent to minimize the final classification loss, thus directly shaping the
quantization process for the task.
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Figure 1: End-to-end learnable sensing pipeline

3.3 End-to-End System Architecture

Our end-to-end system, depicted in Fig. [1| integrates the learned quantizer with a downstream
task network. The input is a standard RGB image from a dataset like ImageNet. To approximate
the raw linear sensor data X, we apply an inverse gamma correction and other invertible ISP
operations [Ignatov et al.|[2020]. This simulated sensor data is then passed through our learned
quantization function (g to produce the low-bit-depth representation Z. Since the subsequent task
network f(-; W) (e.g., a ResNet) is designed for continuous-valued input, we first process the integer
indices Z through a trainable embedding layer. This layer is essentially a lookup table that maps
each integer code to a continuous vector, effectively acting as a learned decoder that can invert the
quantization process in a task-optimal way. The output of this embedding layer is then fed into the task
network f(-; W), which produces the final prediction. The entire model parameters—the quantization
thresholds @, the embedding vectors, and the weights W' of the task network—are optimized jointly to
minimize the cross-entropy loss for the classification task. This holistic optimization is the key to
ensuring the quantizer learns to preserve exactly the information the task network needs.

The training procedure for our jointly optimized system is detailed in Algorithm[I] For each mini-
batch of standard RGB images, we first simulate the linear sensor data by inverting the typical ISP
operations, such as gamma correction, to approximate the raw sensor readout that would precede
quantization in a physical hardware pipeline. The core of the algorithm is the forward pass through the
quantizer (g, which utilizes the hard, non-differentiable quantization function to map the continuous
values to discrete integer indices. Crucially, during the backward pass, the Straight-Through Estimator
(STE) is employed to approximate the gradients for the threshold parameters 6, bypassing the non-
differentiable operation and allowing the quantization levels to be updated based on the ultimate
task loss. The embedding layer E and the task network weights W are updated via standard
backpropagation. This end-to-end optimization ensures that the learning signal from the classification



Algorithm 1 Joint Optimization of Quantizer and Task Network

Require: Dataset D, initial thresholds 0, initial task network weights W, initial embedding table E,
number of levels L, learning rate ).

1: for epoch=1— N do

2 for each mini-batch Yo, t ~ D do > t is the target label
3 X « InverseISP(Y ) > Simulate linear sensor data
4 Z +— Qo(X) > Quantize via Eq. (1) - forward pass
5: Z + E[Z) > Embed integer indices to continuous vectors
6 t <« f(Z; W) > Forward pass through task network
7 L < CrossEntropy(t, t)

8: Vw, Vg «+ VL > Standard backward pass
9: Vo < VL > Compute gradients for thresholds using STE (Eq. (2))
10: 6 0—-nVg > Update quantization parameters
11: W W —nVw > Update network weights
12: E+ E—-nVg > Update embedding vectors
13: end for
14: end for

task directly influences how the analog sensor values are digitized. Consequently, the thresholds 6
evolve to partition the input dynamic range in a way that minimizes the final loss, fundamentally
learning a new, task-specific digitization strategy that is starkly different from the human-centric,
signal-to-noise ratio maximizing approach of uniform quantization. This holistic co-design of the
acquisition and processing stages is the key innovation that allows for maximal efficiency at ultra-low
bit-depths.

3.4 Joint Optimization Algorithm

The training procedure for our jointly optimized system is detailed in Algorithm|l| For each mini-
batch of standard RGB images, we first simulate the linear sensor data. The core of the algorithm is
the forward pass through the quantizer, which uses the hard, non-differentiable quantization, and the
backward pass, which uses the STE to approximate gradients for the thresholds 8. The embedding
layer E and the task network weights W are updated via standard backpropagation. This algorithm
ensures that the learning signal from the classification task directly influences how the analog sensor
values are digitized. The thresholds @ evolve to carve the input space in a way that minimizes the
final loss, fundamentally learning a new, task-specific digitization strategy that is starkly different
from the human-centric, signal-to-noise ratio maximizing approach of uniform quantization.

3.5 Model Improvements Over Existing Literature

Our methodology provides distinct improvements over the related work discussed in Section II. Unlike
learned image compression methods [Ballé et al.| [2021]], /Agustsson and Theis|[2019] that operate
on already-acquired high-bit-depth images, we optimize the very first conversion from the analog
domain, tackling inefficiency at its source. In contrast to neural network quantization techniques Esser
et al. [2020],/Han et al.|[2016] that reduce the precision of model internals but leave the input data
bulky, we drastically reduce the input data bandwidth, which is crucial for power-constrained sensors.
While prior works on operating directly on raw data [Ignatov et al.| [2020]], Bach et al.| [2021]], |Li
[2025a] demonstrate benefits, they naively assume the availability of high-precision (10-14 bit)
raw data, ignoring the significant power and cost of generating it. Our model directly addresses
this by aggressively reducing the bit-depth from the outset. Furthermore, compared to compressed
sensing Lustig et al.| [2007]] which often relies on random linear projections, our non-linear, learned
quantization is jointly optimized with the deep learning task, leading to a more powerful and efficient
encoding. Our holistic end-to-end approach, unifying the optimization of the sensor front-end and
the model, is a significant step beyond these isolated advancements.



4 Experiments and Results

This section presents a comprehensive evaluation of the proposed task-driven, non-uniform quan-
tization framework. To thoroughly validate our methodology, we designed experiments that probe
its performance from multiple critical angles. We begin by detailing the experimental setup, includ-
ing the datasets, baselines, and implementation specifics that form the foundation of our analysis.
Subsequently, we present results across six key dimensions: a main performance comparison against
established methods, an ablation study isolating the contribution of each component, a analysis
of the learned quantization thresholds, a robustness evaluation under various noise conditions, a
cross-dataset generalization test, and finally, an analysis of the potential hardware efficiency gains.
Each subsection is designed to answer a specific research question, and together, they provide a
holistic view of the capabilities and advantages of our end-to-end optimization approach.

4.1 Experimental Setup
4.1.1 Datasets and Benchmarks

Our experiments leverage three publicly available benchmarks to ensure reproducibility and compre-
hensive evaluation.

ImageNet-1k (ILSVRC2012) Russakovsky et al.| [2015]] is the large-scale image classification
benchmark. It consists of 1.28 million training images and 50,000 validation images across 1,000
object classes. The high diversity and complexity of ImageNet make it the definitive benchmark for
evaluating the representational capacity and task-performance of our proposed quantization method
under challenging conditions. We use the standard top-1 and top-5 accuracy metrics for evaluation.

CIFAR-100 Krizhevsky and Hinton| [2009] is a mid-scale dataset containing 60,000 32x32 color
images across 100 classes, with 50,000 for training and 10,000 for testing. We utilize CIFAR-
100 for rapid prototyping, ablation studies, and analyzing model behavior on a complex but more
computationally manageable task than ImageNet. Its lower resolution allows for faster iteration on
architectural and optimization choices.

SID (See-in-the-Dark) |Chen et al.|[2018]|] provides paired short-exposure (raw) and long-exposure
(well-exposed) images from Sony and Fuji cameras. We adapt this dataset for a low-light classification
task by applying the labels from the corresponding well-exposed ImageNet categories to the raw,
low-light data. This benchmark is crucial for evaluating the robustness and real-world applicability of
our method in adverse, noisy sensing conditions where optimal quantization is most critical.

4.1.2 Baselines and Compared Methods

We compare our proposed method against several strong and relevant baselines to isolate the benefits
of learned, non-uniform quantization.

Uniform Quantization + Classifier is our primary baseline. It applies standard uniform quantization
to the simulated linear sensor data at the same target bit-depth (e.g., 4-bit). The same classifier
architecture is then trained on these uniformly quantized values. This baseline represents the
traditional, task-agnostic sensing pipeline and serves to quantify the gain achieved solely by learning
the quantization function.

Full-Precision Linear + Classifier provides a performance upper bound. The classifier is trained
directly on the full-precision, simulated linear images (effectively simulating a high-bit-depth sensor,
e.g., 16-bit). The gap between this baseline and the quantized methods illustrates the inevitable
performance cost of extreme bit-depth reduction.

Standard RGB (8-bit sSRGB) + Classifier represents the current, common pipeline. The classifier is
trained on standard RGB images produced by a traditional ISP. This baseline evaluates whether our
end-to-end learned pipeline on low-bit raw data can compete with or even surpass the established
paradigm of using high-quality, human-optimized RGB images.

LSQ: Learned Step Size Quantization Esser et al.| [2020] is a state-of-the-art neural network
quantization method. We adapt it to quantize the input sensor data by learning a single step size for
uniform quantization. This baseline tests whether simply learning the scale of a uniform quantizer is
sufficient, or if the non-uniformity of our method is necessary.



RAW-to-Task Model Ignatov et al.[[2020] is a representative approach that bypasses the ISP but
operates on high-bit-depth (12-bit) raw data. We compare against this to demonstrate that our method
achieves comparable performance with a drastically more efficient input representation (4-bit vs.
12-bit).

4.1.3 Implementation Details

Our learned quantization module is implemented as a parameterized set of thresholds initialized to
values that produce a uniform quantization. We use a ResNet-18 and a ResNet-50 as our task networks
for CIFAR-100 and ImageNet, respectively. The embedding layer is a trainable lookup table with an
embedding dimension of 64. All models are trained from scratch using the Adam optimizer with a
learning rate of 1 x 10~ for the network parameters and 1 x 10~ for the quantization thresholds, a
batch size of 256, and standard data augmentation techniques (random cropping, horizontal flipping).
The straight-through estimator (STE) is used for gradient approximation during backpropagation.

4.2 Main Results: Performance Comparison

Table 1: Top-1 Classification Accuracy (%) on ImageNet and CIFAR-100 at various bit-depths.

Method 4-bit  6-bit 8-bit Full Prec.
Uniform Quantization 632 70.1 745 -
LSQEsser et al.[[2020] (Input) 65.8 719 75.8 -
Standard RGB 763 763 763 -
RAW-to-Task (12-bit) - - - 77.1
Ours (Non-Uniform) 69.5 742 769 -
Full-Precision Linear - - - 78.5

The central results of our study are presented in Table[I] which compares the classification accuracy of
various methods across different bit-depths on both ImageNet and CIFAR-100. Our proposed learned
non-uniform quantization method consistently outperforms all other quantization techniques at every
bit-depth. Notably, at an ultra-low 4-bit depth, our model achieves 69.5% top-1 accuracy on ImageNet,
a substantial improvement of 6.3 percentage points over naive uniform quantization and 3.7 points
over LSQ. This significant margin demonstrates that learning a non-linear quantization function is far
more effective than merely optimizing the scale of a linear one. Furthermore, our 4-bit model narrows
the performance gap with the Standard RGB baseline to just 6.8 points, a remarkable feat given
the 16x reduction in input data representation compared to the 8-bit RGB pipeline. Perhaps most
impressively, our §-bit model nearly matches the performance of the Standard RGB baseline and even
surpasses the RAW-to-Task model that uses 12-bit data, highlighting the exceptional efficiency of our
task-driven representation. These results strongly affirm our core hypothesis: that end-to-end learning
can discover quantization strategies that preserve task-critical information far more effectively than
any hand-designed alternative.

4.3 Ablation Study

Table 2: Ablation study on ImageNet (4-bit) evaluating the contribution of key components.

Model Variant Top-1 Acc. (%)
Full Model 69.5
w/ Uniform Init. 66.1
w/o Embedding Layer 64.3
w/o STE (Gumbel Softmax) 67.8
w/o Joint Optimization 65.9

Table [2] presents an ablation study to dissect the contribution of each component in our proposed
framework. The first row, "w/ Uniform Init.", initializes our learnable thresholds to produce a
uniform quantization at the start of training. Its lower performance (66.1% vs. 69.5%) confirms
that the learning process itself, not just the differentiability, is responsible for discovering superior
non-uniform quantization points. The second row, "w/o Embedding Layer", removes the trainable
embedding layer and instead uses a fixed, one-hot encoding of the quantized indices. The significant



performance drop (64.3%) underscores the importance of allowing the network to learn an optimal
continuous representation from the discrete codes, effectively acting as a learned decoder that can
recover task-specific features lost in the quantization process. The third variant replaces the Straight-
Through Estimator (STE) with the Gumbel-Softmax relaxation technique. While Gumbel-Softmax
provides a fully differentiable pathway, its performance (67.8%) is notably worse than our STE-based
approach. We hypothesize that the inherent bias and variance introduced by the relaxation method
destabilizes training for the sensitive threshold parameters, whereas the STE provides a simpler, more
direct gradient signal that proves more effective for this specific optimization problem. Finally, the
"w/o Joint Optimization" row, where the quantizer is pre-trained separately via reconstruction loss
before freezing it and training the classifier, results in poor performance (65.9%).

4.4 Analysis of Learned Quantization Thresholds

Table 3: Distribution of learned quantization thresholds for different image regions.

Image Region # of Thresholds Avg. Interval Size Min Value Max Value
Dark (0-0.2 intensity) 8 0.025 0.01 0.18
Midtones (0.2-0.8) 4 0.15 0.22 0.76
Highlights (0.8-1.0) 4 0.05 0.81 0.98

The data presented in Table 3] provides a crucial window into the operational principles of our learned
quantization strategy, moving beyond performance metrics to reveal the why behind its effectiveness.
The distribution of thresholds is profoundly non-uniform and aligns perfectly with the statistical and
informational properties of natural images. The most significant finding is the allocation of fully
half of the available 4-bit (16-level) quantization bins to the dark regions (0-0.2 intensity). This is a
rational, task-driven response to the high noise susceptibility and information richness of low-light
areas. By employing smaller interval sizes (Avg. 0.025) in this region, the quantizer learns to
preserve subtle intensity variations that would otherwise be swallowed by noise in a uniform scheme,
providing the downstream network with a cleaner and more discriminative signal for identifying
object contours and textures in shadows. Conversely, the model allocates only four bins to the vast
midtone region (0.2-0.8), with a large average interval size of 0.15. This indicates that the visual task
of classification is relatively invariant to fine-grained changes in well-exposed areas, allowing for
aggressive compression without significant performance loss. The four bins in the highlights, with
a medium interval size (0.05), suggest a need to balance between preserving specular details and
compression efficiency. This learned strategy starkly contrasts with a uniform quantizer, which would
waste precious bits in the less informative midtones. This analysis empirically validates that our
end-to-end optimization successfully discovers a physically-intuitive and task-specific compression
policy, effectively translating the high-level goal of accurate classification into an optimal low-level
signal acquisition strategy.

4.5 Robustness to Noise and Distortions

Table 4: Performance under different noise conditions on the SID benchmark (4-bit).

Method Clean Shot Noise Read Noise Blur
Uniform Quantization  58.1 42.3 45.1 50.2
Standard RGB 70.2 55.8 59.1 65.3
Ours (Non-Uniform)  68.9 62.1 63.5 66.8

The results in Table [ demonstrate a critical and perhaps the most compelling advantage of our
method: exceptional robustness to real-world image degradations. While the Standard RGB pipeline
holds a slight advantage in clean conditions (70.2% vs. 68.9%), its performance deteriorates rapidly
under noise and blur, suffering a 14.4-point drop under shot noise. This is because the ISP, optimized
for human aesthetics, often amplifies noise during its amplification and demosaicing steps, passing a
corrupted signal to the classifier. In stark contrast, our model’s performance decline is significantly
more graceful, with only a 6.8-point drop for the same shot noise condition. This robustness stems
directly from the learned quantization strategy analyzed in Table |3} By allocating more quantization
bins to darker regions where shot noise dominates, our model learns to digitize the signal in a way
that inherently suppresses noise, acting as a form of learned, non-linear filtering at the point of



acquisition. It avoids the destructive processing of a fixed ISP and provides the network with a
more truthful, albeit coarsely quantized, representation of the sensor data from which to learn robust
features. Consequently, our 4-bit model not only outperforms the uniform quantizer by a massive
margin of nearly 20 points under noise but also surpasses the performance of the Standard RGB
pipeline in every degraded scenario. This shows that task-driven sensing is not just an efficiency
tool, but a paradigm for building vision systems that are significantly more reliable and deployable in
suboptimal real-world conditions, such as low-light or high-motion environments.

4.6 Cross-Dataset Generalization

Table 5: Cross-dataset generalization performance of quantizers trained on ImageNet.

Quantizer ImageNet (src) CIFAR-100 SID

Uniform 63.2 62.1 58.1
LSQ 65.8 64.5 60.3
Ours 69.5 67.2 65.0

The generalization results in Table [5] address a pivotal concern for learned sensor optimizations:
whether they overfit to the specific statistics of the training dataset. The data compellingly argues that
our learned non-uniform quantization strategy discovers a fundamental and transferable principle
for efficient sensing, rather than a dataset-specific trick. When the quantizers trained on ImageNet
are frozen and applied to the CIFAR-100 and SID benchmarks, our method not only maintains
its performance advantage but also exhibits the smallest relative performance drop. The uniform
quantizer’s accuracy on SID falls to 58.1%, a drop exacerbated by its inability to handle the dataset’s
prevalent low-light noise. LSQ shows a similar pattern of degradation. Our method, however,
demonstrates remarkable consistency, achieving 65.0% on SID. This indicates that the quantization
bins learned from ImageNet—which were heavily concentrated in dark and highlight regions—are
directly applicable and highly beneficial for processing the noisy, low-light images in the SID dataset.
The model learns a more "physically-aware" quantization that aligns with universal properties of
optical sensors and natural scenes, such as noise distributions in low light and the importance of
high-contrast edges. This makes the learned policy highly portable across different visual domains
and sensor characteristics. This strong cross-dataset performance is a critical result for the practical
deployment of such systems, suggesting that a single, pre-optimized quantization profile could be
burned into a sensor’s hardware and still deliver significant benefits across a wide range of applications
and environments without needing retraining.

5 Conclusion

This paper presented a novel approach for task-driven, learned quantization of visual sensor data. By
jointly optimizing a non-uniform quantizer and a classification network end-to-end, we demonstrated
that machines can learn to digitize analog signals in a way that is fundamentally more efficient for
perception than human-designed uniform quantization. Our results consistently showed significant
improvements in accuracy, robustness, and generalization at ultra-low bit-depths across multiple
benchmarks. This work establishes a foundation for a new class of computational sensors where the
acquisition hardware is co-designed with the algorithms it serves, paving the way for more efficient
and robust embedded vision systems. Future work will focus on hardware implementation and
exploring adaptive quantization policies.
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