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Preface

Atthe start of this project, | was intimidated by the complexity of a task | had never done before. Through-
out the process, there were many moments when | wanted to abandon this work because | thought
my own work was not good enough. During my first PRB student meeting, Dr. Chirag Raman, who
moderated the session, gave a memorable piece of advice about learning to separate one’s research
or work from one’s ego. Hearing and agreeing with this advice is one thing, but actually aligning one’s
behavior, emotions, thoughts, and attitude with it was a much harder challenge. | got to try and fail many
times, and through that process | developed a better understanding of the attitude that is necessary for
conducting research.

After completing this large and daunting project, | have come to truly appreciate the value and possi-
bilities of collaboration. Before this experience, | had never worked closely with others over such an
extended period. | am grateful for the mentorship and supervision of my supervisor, Sander Gielisse,
and thesis advisor Prof. Dr. Jan van Gemert. Their critical feedback was humbling and invaluable as it
forced me to question my reasoning, helped me further develop my critical thinking, and taught me how
to separate my shared ideas from my ego. This project also gave me the opportunity to practice my
communication skills with them in real time, to realize how much | needed to improve, and | gradually
started to enjoy the humbling process of becoming better at communication. | am thankful for their
guidance, patience, and for sharing their knowledge on how to conduct empirical research, even when
| was far from a perfect student.

| would also like to thank my mother, father, and siblings for believing in me and encouraging me to
continue when | wanted to give up. Their support carried me through the moments of self-doubt and
frustration that naturally come with tackling something never attempted before.

I am grateful to Michel Rodrigues, Academic Counsellor for the MSc EEMCS program, for believing in
me when | doubted myself and for encouraging me to practice seeing myself as a capable computer
scientist instead of letting myself fall prey to imposter’s syndrome.

Lastly, I want to thank myself for not giving up. Having seen this project through to the end, | feel
more confident in my ability to handle stress, emotions, and the uncertainty that accompanies complex,
open-ended challenges. | cherish the experience of practicing writing, argumentation, and engaging in
discussion throughout this journey.

Bryan Yunlong He Delft, December 2025
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Background Information

1.1. Convolutional Neural Networks

Convolutional Neural Networks (CNNs) [10, 3] are neural networks designed to process data with grid-
like structure, such as 1D time series or 2D images. They consist of successive convolutional layers
that apply small filters to local regions of the input to extract spatial features. Traditional neural networks,
where every neuron in one layer connects to every neuron in the next layer (fully connected layers),
struggle with image data because they treat each pixel independently, requiring an enormous number
of parameters and failing to exploit the spatial structure inherent in images. CNNs address these
limitations by introducing operations that respect the spatial relationships between pixels.

A key component of CNNs is the convolution operation, which applies small learnable filters to local
regions of the input. Unlike fully connected layers that connect every input to every output, convolutional
layers only connect each output to a small spatial neighborhood of the input. This design choice is
motivated by two observations about natural images: first, nearby pixels are more strongly correlated
than distant ones (spatial locality), and second, useful visual features like edges or textures can appear
anywhere in an image (translation invariance).

A typical CNN architecture consists of several types of layers arranged in sequence: convolutional
layers extract spatial features, pooling layers reduce spatial dimensions while retaining important infor-
mation, and optional fully connected layers at the end perform classification or regression. By stacking
multiple convolutional layers, CNNs learn hierarchical representations where early layers detect simple
patterns like edges and colors, while deeper layers combine these into more complex structures like
object parts and complete objects. This hierarchical feature learning has enabled CNNs to achieve
state-of-the-art performance on various tasks ranging from image classification to object detection and
semantic segmentation.

1.1.1. Convolution Operation

The convolution operation is the fundamental building block of CNNs. It applies a small learnable kernel
(also called a filter) to local regions of the input. A kernel is a small matrix of learnable weights, typically
3 x 3 or5 x 5 in size, that acts as a pattern detector. For a 2D input x € R”*" (an image with height
H and width W) and kernel w € R*** (a weight matrix of size k x k, where k is the kernel size), the
convolution at output position (i, j) is computed as:

k=1 k-1

Yij = Z Zwm,n *Titm,j+n (11)

m=0n=0
where:

* y;,; is the output value at spatial position denoted by (4, j) in the resulting feature map
* W, 1S the kernel weight at position (m,n)
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* Titm,j+n IS the input value at position (i +m, j + n)
* m,n are indices that iterate over the kernel dimensions

This operation slides the kernel across the input image, computing a weighted sum at each position.
The stride determines how many pixels the kernel moves at each step, while padding adds borders of
zeros around the input to control the output size. The complete output of applying one kernel across
the entire input is called a feature map.

1.1.2. Feature Maps

A feature map is the output produced when a convolutional kernel is applied across an entire input
image or previous feature map. Each feature map is a 2D grid of activations (output values) that as a
whole represents the presence and location of a particular pattern detected by its corresponding kernel.

When a convolutional layer processes an input, it typically applies multiple different kernels simultane-
ously. Each kernel learns to detect a different pattern: one might respond to horizontal edges, another
to vertical edges, another to specific textures or colors. Each of these kernels produces its own fea-
ture map, so a convolutional layer with C kernels produces C feature maps. These feature maps are
stacked together to form a 3D volume with dimensions H' x W’ x C, where H' and W’ are the spatial
dimensions (which may differ from the input size due to stride and padding), and C' is the number of
channels (the number of different kernels applied).

Feature maps serve as the input to the next layer in the network. In early layers, feature maps typically
represent simple, low-level patterns like edges and corners. As we move deeper into the network,
feature maps represent increasingly abstract and complex patterns. For example, a feature map in a
middle layer might activate strongly when it detects a wheel or a window, while a feature map in a deep
layer might respond to entire objects like cars or faces.

The term activation refers to the output value at a specific spatial position in a feature map. An activa-
tion is the result of applying a kernel to a local input region, followed by a non-linear activation function
(such as RelLU, which replaces negative values with zero). When we refer to an activation at position
(h,w), we mean the value stored at spatial coordinate (i, w) in a particular feature map.

1.1.3. Inductive Biases of CNNs

CNNs leverage several inductive biases that make them particularly effective for visual tasks:

Spatial Locality: Convolutional layers process local neighborhoods of pixels rather than the entire
image at once, based on the principle that nearby pixels are more strongly related than distant ones [8,
6]. This is why kernels are small (e.g., 3 x 3) rather than being the same dimension as the input.

Weight Sharing: The same convolutional kernel is used across all spatial locations in the input, drasti-
cally reducing the number of parameters compared to fully connected layers while enabling the detec-
tion of the same feature regardless of its position in the image [8, 9]. For example, an edge detector
kernel uses the same weights whether it's examining the top-left or bottom-right corner of an image.

Translation Equivariance and Invariance: Due to weight sharing, if the input is translated, the output
feature map is translated by the same amount; a property called translation equivariance. When convo-
lutional layers are followed by pooling layers, information about absolute position is discarded, resulting
in some translation invariance [8, 4]. This means the network can recognize an object regardless of
where it appears in the image.

1.1.4. Receptive Fields

Receptive fields are key to understanding how CNNs process information. The receptive field of an
activation refers to the region of the input image or prior feature map that influences its value. We
distinguish between two types:

Receptive Field at Previous Layer: For a given activation at spatial coordinate (h("),w(") in layer i’s
feature map, its receptive field in the previous layer i — 1 is determined by the kernel size k;, stride s;,
and padding p; of the convolution operator that produced the feature map at layer i :
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ROTD(AD @y = [0 sy, B sy 4k — 1] x w0 sy, 0@ sy 4k — 1] (1.2)

where:

« RU-D(n() () denotes the receptive field of the activation at (h(),w(?) of the i-th feature map;
it is a collection of activations from the feature map at layer i — 1

(R, ™) are the spatial coordinates (height and width indices) in layer i
* k; is the kernel size of the convolution operator that outputs the feature map at layer i

s; is the stride (step size) of the convolution operator that outputs the feature map at layer ¢, which
controls how many pixels the kernel moves at each step

* p; is the padding at layer i; amount of zero-padding added to input borders prior to convolution
operation

The bracket notation [q, . . ., b] denotes the range of indices from a to b

» The Cartesian product x forms all possible pairs of height and width indices from the two ranges;
that is, each element of R~ (h() w(®)) is a 2-tuple (h/,w’) corresponding to a spatial coordinate
in the previous layer.

This describes the immediate spatial neighborhood in layer i — 1 that contributes to computing the
activation at (b, w®) in layer i.

Hierarchical Receptive Field: The hierarchical receptive field of an activation in layer i refers to the
region in the original input image that influences its value [7], see Figure 1.1. This receptive field grows
with network depth as each layer aggregates information from increasingly larger spatial regions. Com-
puting an activation in a deep layer requires processing its entire hierarchical receptive field through all
previous layers, which becomes computationally expensive for high-resolution inputs.

The hierarchical nature of receptive fields is both a strength and a limitation of CNNs. While it enables
the learning of complex, semantically meaningful features, it also means that memory requirements
grow quadratically with input resolution, as all intermediate feature maps must be stored in memory to
update the kernel weights of the CNN.

Receptive Field in Convolutional Networks
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////'/‘_——:::/:_//// /—/—‘///
// // //”/V // //

/ﬁe&x \/ ﬁe@ /ﬁeﬂ;
L - -

Figure 1.1: lllustration of receptive fields in a convolutional neural network from [2], showing how deeper layers aggregate
information from increasingly larger spatial regions in the input.

1.2. Implicit Neural Representations

Implicit Neural Representations (INRs) represent a different method of storing and processing signals
compared to traditional discrete representations. While traditional approaches store images in 2D ar-
rays of pixel values, INRs encode signals as continuous mathematical functions. This shift from discrete
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samples to continuous functions offers some advantages: signals can be queried at arbitrary resolu-
tions, the representation becomes independent of the original sampling rate, and memory requirements
scale more favorably with resolution.

Instead of storing values at each spatial coordinate, an INR requires train a neural network to learn
the underlying function that maps coordinates to values. For an image, this means learning a function
f : R?Z — RS3 that takes spatial coordinates (z,y) as input and outputs the corresponding RGB color
values. Once trained, this neural network is the image representation. To reconstruct the image at any
desired resolution, the network is queried at the corresponding set of coordinates.

INRs have found success across diverse domains. In computer vision, Neural Radiance Fields (NeRFs)
[11] use INRs to represent 3D scenes and enable novel view synthesis. In shape modeling, DeepSDF
[12] represents 3D geometry as signed distance functions. For image representation, networks like
SIREN [13] can fit high-quality images with surprisingly compact models.

A key advantage of INRs becomes apparent when considering multi-resolution requirements. Tradi-
tional array-based representations must store separate arrays for each resolution level, with memory
growing quadratically with resolution. INRs, however, use the same set of network parameters re-
gardless of the query resolution. As shown in Figure 1.2, this leads to much more favorable scaling
properties.

1’ f‘f }/ ,)'.‘/ )
r ‘ ;f’}‘." N ‘H.’{')’ : /’// L(f/» / ih
7 :'fl,% ., j:;;ffl'(’; o G i)
. °
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(0P 0000 0000 0] O[>
» ¢ ) ) N 2
{ / :
V3 3 B D
157 257 685 2.6k 9.6k

Figure 1.2: Comparison of storage requirements for array-based versus function-based (INR) representations at different
resolutions from[1]. Circle area represents the numerical size of the array (top) versus the learned function parameters
(bottom). INRs scale much more gracefully with resolution than array representations.

1.2.1. Sinusoidal representation networks

Sinusoidal representation networks (SIRENs)[13] are a specific type of INR that use periodic sinusoidal
activations instead of ReLU. This design allows them to capture high-frequency details that ordinary
multilayer perceptrons often struggle to learn due to problem known as spectral bias. The sine activa-
tions make SIRENs more expressive, enabling them to capture fine spatial structures such as sharp
edges, textures, that are common in natural images and signals.

1.2.2. Training SIRENs

In a standard SIREN training setup, the dataset is constructed directly from a single image. The input
set X consists of all pixel coordinates, typically normalized to the range [—1, 1]?, while the target set
Y contains the corresponding (RGB) pixel values at those coordinates. Training a SIREN therefore
amounts to learning a continuous function that maps spatial coordinates to pixel values. Once trained,
the network can reconstruct the entire image and even render it at arbitrary resolutions by evaluating
the learned function at any set of coordinates.
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Each SIREN is trained using the mean squared error (MSE) loss between the predicted and true pixel
values. The Adam optimizer [5] is commonly used to update the SIREN weights based on gradients
computed from the MSE loss. Training is performed with a single batch per epoch, where the batch
contains the entire dataset, resulting in one optimization step per epoch. This approach is natural for
signal fitting tasks where the objective is to learn a single continuous function that represents the entire
signal, and using the complete set of coordinates in each update provides accurate gradient information
for the entire domain. Training typically proceeds for several thousand epochs, although convergence
often occurs much earlier.
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Representing CNN Feature Maps with Implicit Neural Representations: A
Proof-of-Concept Study Using SIRENs

Bryan Y. He

Alexander Gielisse

Jan C. van Gemert

Delft University of Technology, The Netherlands

Abstract

High-resolution image analysis using deep Convolu-
tional Neural Networks (CNNs) faces significant memory
constraints due to the quadratic growth of intermediate fea-
ture maps with input resolution. This paper investigates
whether Implicit Neural Representations (INRs), specifi-
cally SIRENS, can effectively represent CNN feature maps
to reduce memory footprint during training. We address
the unique challenge that CNN feature maps are not static
signals but evolve continuously as network weights are up-
dated through gradient-based optimization. Through three
experiments on a modified All-CNN architecture trained on
MNIST, we validate that: (1) SIRENs can fit static fea-
ture maps from frozen CNNs with high fidelity (PSNR >
30 dB) regardless of weight initialization; (2) SIRENs can
track evolving feature maps during training, though with
reduced reconstruction quality compared to static targets;
and (3) SIREN-assisted feedforward—where SIRENs pre-
dict missing activations in receptive fields—enables classi-
fication accuracy (20.97%) above random guessing (10%)
but substantially below standard training (95%). While re-
sults demonstrate the feasibility of using SIRENs to repre-
sent dynamic feature maps, significant challenges remain in
maintaining reconstruction fidelity when SIRENs are inte-
grated into the training loop. This proof-of-concept study
provides empirical insights into bridging continuous im-
plicit representations with discrete deep learning pipelines
and highlights promising directions for future research in
memory-efficient high-resolution image analysis.

1. Introduction

High-resolution (HR) images contain a large number
of pixels per unit area, enabling them to capture informa-
tion from both the global context and local textural de-
tails. In the field of pathology, whole-slide images (WSIs)
of human organ tissue can reach sizes of up to 100,000
by 200,000 pixels (e.g., CAMELYON17 dataset [2]) at the
highest resolution level, and are routinely analyzed by med-
ical professionals for detection and diagnosis [17,31, 55].

In remote sensing, HR satellite images are analyzed for
a variety of purposes, including urban landscape planning
[39,47,57], wildlife tracking [8, 36, 45], military surveil-
lance [20, 46, 64], weather forecasting [4, 13, 40], and the
study of long-term climate change [19,68,72].

Due to the large size of these HR images, analysis by
human experts is a highly subjective and labor-intensive
task. Computer Vision systems can automate these time-
consuming visual analysis tasks. For example, deep Con-
volutional Neural Networks (CNNs) have achieved remark-
able success in automating image-based tasks such as clas-
sification [41, 65, 66], semantic segmentation [22, 56, 58],
object detection [5,29,70], and regression tasks [69]. How-
ever, these advances have relied on training on downsam-
pled images (e.g., 224 by 224 in ImageNet [9]) to accom-
modate hardware memory constraints, which can distort or
remove relevant local details [50].

Training CNNs directly on high-resolution images sig-
nificantly increases memory usage, because deep CNNs
contain many layers that each produce intermediate fea-
ture maps that must be stored for backpropagation, and
the spatial resolution of these feature maps grows quadrat-
ically with input resolution. Existing strategies for han-
dling high-resolution inputs typically rely on patch-based
training [3, 18], multi-scale processing [59, 71] , or ag-
gressive downsampling [30, 35] to fit memory constraints,
but these approaches inevitably lose global context or fine-
grained details. Implicit Neural Representations (INRs),
particularly SIRENs [60], have recently demonstrated ef-
fective compression of natural images by representing them
as continuous coordinate-based functions, achieving mem-
ory usage that is independent of image resolution. How-
ever, such methods have so far been applied to static input
images rather than to intermediate CNN feature maps. In
this work, we propose representing feature maps implicitly
with SIREN weights instead of storing them as dense ar-
rays. To our knowledge, this is the first work to explore
using implicit neural representations to store and predict in-
termediate CNN feature maps during training.

Using SIRENs to compress feature maps during the
training of CNNs presents a distinct challenge. SIRENs
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Figure 1. Comparison of SIREN-assisted feedforward versus standard convolutional feedforward. In SIREN-assisted feedforward,
the network uses one dedicated SIREN per layer (layers 1 to N — 2) to predict feature-map activations. Green feature maps are computed
via standard convolution i.e. the entire previous layer is convolved. Blue regions indicate activations predicted by a SIREN at the spatial
coordinates marked by red hollow squares. The red hollow squares represent the specific spatial locations where activations are needed for
the subsequent convolution. An “X” in a red cell marks an activation computed by convolving the kernel with the activations in the red-
square region in the previous layer. Although only a single random path is shown for clarity, multiple paths can be processed in parallel. In
the bottom row, standard convolution computes all feature maps in their entirety at each layer by convolving the complete input or feature

map at previous layer.

have been shown to effectively compress and reconstruct
static signals, such as images and 3D scenes [60]. How-
ever, during training, a CNN’s feature maps are not static
signals. The feature maps computed for the same image
from the training dataset are different across epochs be-
cause they are computed with the convolutional weights
that are frequently updated through gradient-based opti-
mization. Since CNN weights are updated at every train-
ing step, the corresponding feature maps change frequently
rather than remain static. This raises the question whether
SIRENS can effectively represent such evolving signals.

HR inputs not only increase memory requirements but
also substantially raise the computational cost of training
CNNs. To compute a single activation in a deep layer, the
network must first process all activations in its hierarchical
receptive field from previous layers. As the input resolution
grows, these receptive fields expand at every layer, meaning
that deeper activations require increasingly large portions
of the input image to be processed. This leads to a rapid
growth in the number of convolution operations, making
training on high-resolution data computationally expensive.

In this paper, we investigate SIREN-assisted Feedfor-
ward, an alternative training method where intermediate
feature maps are stored in SIRENs. Activations along a

sampled path from input to output are explicitly computed
and used to supervise the corresponding SIREN that stores
the feature maps of that layer. This enables SIRENS to pre-
dict the missing activations in the receptive field required at
the previous layer which is then used to compute an activa-
tion at the next layer, avoiding the need to process the entire
hierarchical receptive field as in the conventional feedfor-
ward pass, see Figure 1 for a schematic comparison. We
present this as a proof-of-concept, providing empirical in-
sight into the feasibility of using SIRENS to represent evolv-
ing feature maps during CNN training.
The contributions of this paper are as follows:

* We introduce SIREN-assisted Feedforward, a novel
training framework that uses implicit neural repre-
sentations (SIRENSs) to store and predict intermediate
CNN feature maps, exploring an alternative to conven-
tional approach of training CNNs.

* To our knowledge, this is the first work to apply im-
plicit neural representations to represent dynamic fea-
ture maps that evolve during CNN training, rather than
to static input images.

* We empirically validate that SIRENs can fit both static
feature maps from frozen CNNs and evolving feature



maps from CNNs with trainable weights with high fi-
delity.

* We provide a proof-of-concept showing that the pro-
posed SIREN-assisted Feedforward framework en-
ables All-CNN to achieve accuracy above random
guessing, validating its functional feasibility despite
higher computational cost.

2. Related Work

Implicit Neural Representations INRs model signals
such as images, 3D shapes, or radiance fields as continu-
ous functions that map spatial coordinates to signal values
[48,49,52,60]. However, early implementations of INRs
based on coordinate-based MLPs were found to exhibit
spectral bias, which causes them to learn low-frequency
components more readily than high-frequency detail [54].
Periodic activation functions as in SIREN [60], as well as
Fourier features [67] and positional encodings [49], can be
employed to mitigate spectral bias and enable INRs to re-
construct high-frequency details more accurately.

Beyond reconstruction quality, INRs are able to rep-
resent signals continuously across arbitrary spatial scales,
without being bound to a fixed grid resolution. This prop-
erty allows them to store large signals independently of the
resolution of the discrete data they are trained on and to
reconstruct these signals at any desired resolution, which
has motivated their use in image and video compression
[10,12,63]. We use SIRENS to store and predict intermedi-
ate feature maps in our work because their straightforward
design, ability to capture high-frequency details accurately,
ability to compress feature maps efficiently.

INRs as Data Representations Recent work has ex-
plored how INRs can be used as an alternative data modality
for downstream tasks [11,51]. To address the challenge of
efficiently representing multiple data discrete instances with
INRs, approaches that use a shared base network whose
weights are modified with small instance-specific modula-
tion vectors have emerged [ | 1,32]. The modulation vectors
are then used as input to downstream models [11].

To enable the integration of INRs into standard
deep learning pipelines, inr2vec [42] introduces an en-
coder—decoder framework that takes the weights of a trained
INR as input and outputs a compact latent embedding that a
jointly trained decoder uses to reconstruct the original sig-
nal. These embeddings can then be used in downstream
tasks.

INR parameters exhibit permutation symmetry, since
permuting neurons within a layer does not change the net-
work’s function [26]. Representing INRs as graphs allows
permutation-equivariant graph neural networks or trans-

formers to process them consistently across diverse archi-
tectures and parameter orderings [34].

Overall, these methods share a common pipeline: con-
verting discrete datasets into collections of neural fields,
then extracting features from modulation vectors, latent em-
beddings, or graph-based representations of INR parame-
ters for downstream tasks. In contrast, our work uses INRs
within the forward pass to predict activations of intermedi-
ate feature maps, without converting input images into im-
plicit representations or using INR parameters as features.

Feature Map Compression and Restoration Semanti-
cally rich intermediate feature maps from deeper CNN lay-
ers are high-dimensional, memory- and compute-intensive
[23,74], creating a need for efficient storage. Memory usage
can be lowered by removing redundant information. Ap-
proaches such as quantization [7, 21, 73] represent activa-
tions and weights in lower precision such as 8-bit instead of
the standard 32-bit floating point, enabling faster inference
and smaller storage requirements. Pruning removes redun-
dant filters or channels, thereby reducing the number of fea-
ture maps while preserving accuracy [25,38,43,44]. Knowl-
edge distillation compresses networks by transferring fea-
ture knowledge from a large teacher to a smaller student,
preserving task-relevant information in a more compact rep-
resentation [6, 16,27,53].

Contrasting these compression methods that reduce in-
formation to save memory, INRs have been explored as
a means to restore information that is lost in deep feature
maps, e.g. FeatUp [14] fits INRs to CNN feature maps to
reconstruct fine spatial detail lost through pooling or down-
sampling. Since INRs have shown potential to restore fea-
ture information, we extend this idea by using SIRENs to
predict intermediate activations instead of explicitly com-
puting all activations in the entire hierarchical receptive
field needed to obtain the final network output.

3. Method
3.1. One SIREN Per Intermediate Feature Map

Given an input image x(%™) ¢ R *HoxWo indexed by
m from a training dataset {x(®™ y™1M_| ~and a CNN
with L consecutive convolutional layers

C'(-;0Y, i=1,...,L (1)

, where 0% denotes the layer parameters, with kernel size
k;, stride s;, padding p;, input channels C;_, and output
channels C};, the intermediate feature maps are denoted as

X(i,m) c RCiXHiXWi’ X(i,m) — Ci(x(ifl,m); 91) )

A single SIREN S(-;¢) has a fixed output dimensional-
ity, so it cannot reconstruct all L intermediate feature maps
when the output channel dimensions C; differ across layers.



To avoid constraining C; to be the same across all layers,
we use separate SIRENS, each tasked with fitting the first
7 < L intermediate feature maps of a training image:

S(-;0®™)y),  m=1,....M;i=1...;7 ()
Consequently, the memory usage scales linearly with both
the number of SIREN-modeled layers j and dataset size M,

which constrains the model depth and dataset size that can
be used in our experiments.

3.2. Feature Maps from Modified All-CNN

AII-CNN [61] comprises a relatively small number L =
9 of convolutional layers, which makes it feasible to use
despite the memory constraints that come with the choice
of assigning one SIREN per intermediate feature map of
each training image.

Two modifications are made to AII-CNN to make its fea-
ture maps more suitable for SIRENSs to fit. In preliminary
tests using the original AIl-CNN which does not have any
normalization layers, we observed internal covariate shift
[28], where the activations of intermediate feature maps be-
came increasingly biased away from zero and often grew in
magnitude. As a result, SIREN reconstructions of the fea-
ture maps are less accurate, because the initialization strat-
egy and sinusoidal activations are designed to output values
within the range [—1, 1] [60]. The addition of layer normal-
ization [ 1] helps stabilize the mean and scale of activations
of feature maps across all layers, empirically improving the
quality of SIREN reconstructions.

The second modification is the removal of dropout layers
[62] originally present at the input and after the two convo-
lutional layers with stride s = 2. However, unlike the grad-
ual changes to feature maps that occur as CNN weights are
updated during training, dropout introduces abrupt stochas-
tic changes to the feature maps computed for the same im-
age across epochs. Randomness propagates through all sub-
sequent convolutional layers, altering downstream feature
maps as well. If dropout layers are not omitted, SIRENs
are tasked with fitting a stochastically varying target in each
epoch, which increases the approximation difficulty and re-
duces the reliability of the feature maps they are tasked with
reconstructing. An overview of the final All-CNN architec-
ture used in our experiments is shown in Table 1.

3.3. Fitting Static Feature Maps

Given a complete feature map x (™) with no missing ac-
tivations, SIREN S( - ; ¢(*™™)) can fit it by optimizing ¢(*")
to minimize the mean squared error loss:

Lyse = Y _S([Hi, WiJ; 0m) —xCm2 @4

=1

Layer # Layer description

0 input

1 conv(3x3,0ut=96,pad=1, stride=1), LayerNorm,
ReLU

2 conv(3x3, 96, 1, 1), LayerNorm, ReLU

3 conv(3x3, 192, 1, 2), LayerNorm, ReLU

4 conv(3x3, 192, 1, 1), LayerNorm, ReLU

5 conv(3x3, 192, 1, 1), LayerNorm, ReLU

6 conv(3x3, 192, 1, 2), LayerNorm, ReLU

7 conv(3x3, 192, 0, 1), LayerNorm, ReLU

8 conv(lxl, 192, 0, 1), LayerNorm, ReLU

9 conv(1x1, #labels, 0, 1), LayerNorm, ReLU

10 average pool (6x6)

Table 1. Modifited architecture of All-CNN

is minimized. Here, [H;, W;] denotes the contiguous dis-
crete interval of all spatial coordinates in the feature map at
layer i.

3.4. Training All-CNN with SIREN-Assisted Ran-
dom Path Feedforward

The feedforward procedure consists of two parts: ran-
dom path sampling, then feedforward along the sampled
paths. For clarity, we first describe the procedure for a sin-
gle random path, and later generalize to the case of multiple
paths.

3.4.1 Paths for SIREN-Assisted Feedforward
A random path is an ordered tuple of spatial coordinates
P = (u(l),u@)7 o

and it is constructed backwards, starting from the last ele-
ment u) from the j-th intermediate feature map proceed-
ing to u(!). The last element u) = (h\) (7)) is ran-
domly sampled from the set

,ul?)), (5)

{1,2, ..., H;} x {1,2,..,W;} C N? (6)

j=max{i e {1,...,L} | k; >1ANH; >1AW; > 1}
(N
The condition of k; > 1 is included because 1x1 con-
volutional kernels do not expand the receptive field and
only require a single activation as input, so SIRENs are
not needed to predict missing activations. The conditions
H; > 1 ANW; > 1 are included to exclude the trivial case
of 1x1 feature maps where there is only one coordinate to
sample from.
The next element U1 of the path P is randomly sam-
pled from the spatial coordinates in the feature map x(—1)



that make up the receptive field of the activation at u(). The
receptive field of (/) in the previous layer is given by the
discrete interval

R(j—l)(u(j)) = [u(j) ¥y Lul) sj+ki—1], (8
where the bracket notation denotes the inclusive range of
integer indices along each coordinate dimension, and the
multiplication—addition operation is applied to each coordi-
nate of the tuple separately, i.e.,

’U,(j)~8j+k‘j—1= (h(j)-Sj-‘—k'j—l, w(j)~sj+k‘j—1).

A coordinate 1©7~1) is then randomly sampled from
RU-D(40)), and this procedure is repeated until the first-
layer coordinate u(!) and its receptive field R(?) are ob-
tained.

3.4.2 SIREN-assisted Feedforward

Given an input image x(°™), we compute the predicted la-
bel §"* through SIREN-assisted feedforward by computing
the estimate activations (iiu) , ii@), ... ,Sci(j)) at the spa-
tial coordinates that comprise the path PP. For notational
clarity, we omit the image index m from x(0m) x(&m) and
¥ in equations 9 up to and including 15. The index m is
retained for the SIREN parameters ¢(™).

Computing iim The slice of the input image x° corre-
sponding to the receptive field R(%) is provided as input to
the first convolutional layer:

%L, =CHR©;0Y ©9)

Computing 5(';(1.) We first approximate the activations in
the receptive field R~V (u()) using the SIREN:
53 Doy = S(RED@®):0070m) - (10)
The SIREN-predicted activation at the coordinate u (=)
is replaced with by i;?il,l) while keeping the SIREN-
predicted values for the remaining receptive field coordi-
nates:

( ) { (7, 1)
= i—1
X(o 3>

(11)

with v € ROV (u)). Here, i(i(flf) is the activation ob-

ifv e ROV (u®)\ {uli-D},
if v = w1

tained via convolution, while % A(Z ' denotes the SIREN-
predicted activation ( Eq. 10).
7(,1 U is then provided as input to the ¢-th convolutional

layer to compute the activation at u(?) :

i i—1 i
X, =C' ( %u )1>(u( >)79> (12)

Computing the predicted label y We use the SIREN at
layer j to approximate the full feature map:

%00y = S(UH; Wil 69™) a3

where [H;, W;] denotes the contiguous discrete interval of
all spatial coordinates in the feature map at layer j. The
SIREN-predicted activation at the path coordinate u(7) is

then replaced with the exact computed activation x(](z)

if v € [H;, W, @)y,

x it e = u)

() ’

14

This modified feature map z?) is then used as input to

the subsequent convolutional layers to obtain y, without fur-
ther SIREN assistance:

o cL(... CU+D (20004 ... ;9(L>> (15)

Extension to multiple paths. In practice, multiple ran-
dom paths are sampled. When paths intersect, the activa-
tions at the intersection are averaged before computing ac-
tivations at the subsequent layers.

Feedforward during inference phase. Unlike during the
training phase, there are no SIRENSs trained for input images
during the inference phase. Therefore, during inference the
network performs standard feedforward without SIREN-
assisted predictions instead of SIREN-assisted feedforward.

3.4.3 Loss Computation and Weight Updates

During SIREN-assisted feedforward the loss function used
to supervise the SIRENS :

LSIREN = Z Z HX(Z 2 Aq(;(g)

beB i=1

%, (16)

where B is the set of indices of the training images of the
current batch.

The CNN is supervised with the standard cross-entropy
loss

Lcg = CE(y,y), (17)

where ¥ is the predicted logit vector and y the ground truth
label.

Gradients %ﬂqfﬁ are not used to update the SIRENs pa-

rameters ¢, they are discarded. Similarly, % are not
used to update the CNN weights 6.




4. Experiments

All SIREN models used in the experiments have three
hidden layers with a width of 256. They are optimized
using the Adam optimizer [33] with a learning rate of
1 x 107*. The SIREN hyperparameter wy is set to 30,
and the outermost_linear flagis setto True, meaning
that the final layer is linear rather than sinusoidal. Results
of the experiments are evaluated both qualitatively, through
visual comparisons, and quantitatively, using standard nu-
merical metrics.

4.1. Exp 1: How well can SIRENES fit static feature
maps produced by frozen CNNs?

Prior work has demonstrated that SIRENS can effectively
compress and reconstruct continuous signals from natural
domains, such as real-world images, audio signals, and 3D
scenes [60]. However, feature maps produced by CNNs dif-
fer from these natural signals. They are not directly cap-
tured from the physical world, but are instead computed
with learned convolutional kernels and non-linear opera-
tions. Hence, it is unclear whether the same SIRENs are
also suitable for fitting feature maps.

We validate how well SIRENs fit feature maps while
CNN weights are frozen, focusing on two endpoints of
training: (1) before training, when convolutional weights
are initialized by sampling from the Kaiming normal distri-
bution [24]; and (2) after training, when the weights have
converged to minimize the CE-loss for classification tasks.

Implementation details The modified All-CNN architec-
ture is used to generate a set of six intermediate feature
maps for each sampled input image at two endpoints of
training: before and after training. To obtain the static fea-
ture maps before training, input images are passed through
the untrained All-CNN, where the convolutional weights
are initialized using the Kaiming normal initialization strat-
egy [24], and feature maps after ReLU layers are used as
training targets for the SIRENS. Post-training feature maps
are collected in the same manner but with a trained All-
CNN. The modified All-CNN is trained for 250 epochs on a
class-balanced one percent subset of the MNIST [37] train-
ing set and optimized with Adam [33] with a learning rate
of 1 x 1073,

Each feature map is paired with a separate SIREN,
which it supervises during training, resulting in six SIRENs
trained in parallel for 250 epochs. Since all feature map ac-
tivations are available, the loss function used to supervise
the SIRENs in this experiment is given by Eq. 4 in Sec-
tion 3.3. After each epoch, the Peak Signal-to-Noise Ra-
tio [15] (PSNR) metric is used to quantify the difference be-
tween the target feature maps and the corresponding SIREN
reconstructions, where a higher PSNR indicates a higher-

quality reconstruction.

Results Figure 2 shows the average PSNR of SIREN re-
constructions of intermediate feature map targets produced
by each convolutional layer across epochs. Blue curves
correspond to the PSNR of feature maps produced by the
All-CNN with frozen randomly initialized weights, while
orange curves correspond to feature maps from the frozen
trained AIlI-CNN. Across all layers, SIRENs achieve high-
quality reconstructions, as evidenced by average PSNR
scores exceeding 30 dB for both weight initialization con-
ditions. With the exception of SIRENs corresponding to
layer 1, the trained CNN feature maps result in both higher
initial and final PSNR values, indicating that SIRENs re-
construct learned features more effectively than those from
randomly initialized kernels. This gap is most pronounced
in layer 6 which has the smallest resolution feature map of
8x8. These results suggest that the optimized convolutional
kernels produce feature maps with lower complexity. Ta-
ble 2 visually compares SIREN reconstructions at the 250
epoch mark with target feature maps for both initialization
conditions. The reconstructions closely match their targets,
demonstrating that SIRENS can effectively represent feature
maps when supervised with Eq. 4, regardless of whether the
CNN weights are trained or randomly initialized.

Layer 1 PSNR Init vs Trained (32x32) Layer 2 PSNR Init vs Trained (32x32)
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Figure 2. Exp 1: Average Peak Signal-to-Noise Ratio of SIREN
reconstructions across training epochs for feature maps from the
first six convolutional layers. Both initialization conditions yield
high-quality reconstructions (PSNR > 30dB), but feature maps
from the frozen and trained All-CNN (orange) achieve higher
PSNR values compared to those from the randomly initialized net-
work (blue).

4.2. Exp 2: SIRENES fitting changing feature maps

During training, a neural network’s weights are contin-
uously updated to optimize a loss function, causing the
feature maps produced for the same input to evolve over
time. While Exp 1 evaluated SIREN reconstructions of
fixed static feature maps from a frozen network, this ex-



Input 1 2 3 4 5 6
(32x32x1)  (32x32x96) (32x32x96) (16x16x96) (16x16x192) (16x16x192) (8x8x192)

(a) Feature maps of All-CNN at weight initialization

0.00 0.00 0.00 0.00 0.00 0.00
2.78 221 3.22 2.62 2.59 1.92

-0.22 -0.27 -0.16 -0.11 -0.17 -0.02
Max 2.78 221 3.22 2.62 1.93 1.75
(b) Feature maps after training All-CNN

0.00 0.00 0.00 0.00 0.00 0.00

Feature map
targets

2B
g 5

reconstruction

£
g

Feature map
targets

£

Max 2.83 2.38 2.88 1.65 2.38 2.54
Min -0.27 -0.21 -0.21 -0.16 -0.14 -0.04
Max 2.58 1.79 2.83 1.52 232 2.47

Table 2. Exp 1: Visual comparison of SIREN reconstructions and
target feature maps. RGB visualization of the first three chan-
nels from each layer’s feature map, with minimum and maximum
activation values.(a) Feature maps from the All-CNN at weight
initialization (Kaiming normal) and their SIREN reconstructions
after 250 epochs of training. (b) Feature maps from the trained
All-CNN and their SIREN reconstructions after 250 epochs of
training. Minimum activation values of target feature maps are
zero due to the ReLU nonlinearity. SIREN reconstructions closely
match the target feature maps in cases (a) and (b).

periment examines whether SIRENs can keep up with and
reconstruct moving target feature maps from an All-CNN
that is actively being trained.

Implementation Details The experimental setup follows
that of Experiment 1, with one difference: instead of train-
ing SIRENs on static feature maps from a frozen network,
the target feature maps now evolve during training. As the
All-CNN’s parameters #° are updated, the computed tar-
get feature maps x(*™) = C#(x(*=1). §%) change accord-
ingly, creating moving training targets for the SIRENs (see
Eq. 2). Both the AIl-CNN and the six SIRENs per input
image are trained in parallel for 250 epochs, with the All-
CNN optimized using Adam with learning rate 1x 10~2 and
SIRENS supervised by the loss function in Eq. 4. PSNR is
computed at each epoch to measure reconstruction quality.

Results Figure 3 extends Figure 2 of Experiment 1 where
SIRENS fit feature maps from frozen, trained (orange) or
frozen, initialized AII-CNN (blue) with PSNR of SIRENs
trained on feature maps from the non-frozen, actively train-
ing AIlI-CNN (green). With the exception of Layer 1, we

can see that with moving targets, SIRENs have a lower ini-
tial PSNR value than in the setting of static targets. This
is likely due to Adam optimizer making larger weight up-
dates to the All-CNN weights 6 at initial epochs [33]. These
larger updates to @ cause the feature maps x(»™) to vary
substantially across epochs, making them challenging tar-
gets for SIREN reconstruction during the initial training
phase. By epoch 250, the green curves achieve lower final
PSNR values than their static counterparts in Layers 2-5,
likely because the feature maps continue changing through-
out training. Layer 6 is an exception SIREN:Ss fitting on fea-
ture maps from unfrozen All-CNN surpasses SIRENS fit-
ting on feature maps from frozen initialized All-CNN (37.4
> 34.8 dB), suggesting that by epoch 250, the feature maps
have sufficiently converged to produce more smoother tar-
gets than those from random initialization. Table 3 provides
visual comparisons at epoch 250, revealing that SIREN re-
constructions are smoother than their targets. This suggest
that SIRENSs struggle to capture the high-frequency details
when the targets are not fixed across epochs.

Layer 1 PSNR it vs Trained (32x32) Layer 2 PSNR Init vs Trained (32x32) Layer 3 PSNR it vs Trained (16x16)
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Figure 3. Exp 2: Average PSNR of SIREN reconstructions.
SIRENS trained on moving targets from a non-frozen All-CNN
(green) achieve lower PSNR than those trained on static targets
from frozen networks (blue: initialized, orange: trained) in layers
2-5, but surpass frozen initialization in layer 6 where feature maps
have converged.

4.3. Exp 3: Training All-CNN via SIREN-assisted
feedforward

One of the key factors that makes CNNss effective is their
ability to build hierarchical receptive fields, where deeper
layers integrate information from increasingly larger spatial
regions of the input image. We investigate the alternative
SIRENs-assisted feedforward process, where SIRENs pre-
dict the activations required to progress through the CNN
instead of building the receptive field hierarchically.

Implementation Details To evaluate the effectiveness of
SIREN-assisted feedforward, we train two instances of the



Input
(32x32x]) (32x32x96) (‘42x32x%) (mxmx%) (l6x16x]92) (16xmx|92) (8x8xl92)

Feature map
targets

Min 0.00 0.00 0.00 0.00 0.00 0.00
Max 2.78 1.98 3.45 2.28 3.06 3.67
7%
“8
Min -0.24 -0.17 -0.26 -0.19 -0.25 -0.63
Max 2.48 1.80 3.18 1.94 2.55 3.63

Table 3. Exp 2: Visual comparison of SIREN reconstructions
trained with moving targets and target feature maps at the 250
epoch mark. Reconstructions closely approximate targets but ex-
hibit slight smoothing due to loss of fine high-frequency details.

modified AlIl-CNN on a class-balanced one percent sub-
set of MNIST for 1500 epochs. Both are optimized using
Adam with learning rate 1 x 1075, The first uses SIREN-
assisted feedforward with 400 random paths per forward
pass, and the second uses standard convolution as a base-
line. For the SIREN-assisted feedforward run, SIRENs are
supervised using the loss from Eq. 16 (Section 3.4.3), which
differs from the complete feature map reconstruction loss in
Eq. 4 used in Experiments 1 and 2.

Results Figure 4 shows the PSNR of SIREN reconstruc-
tions during All-CNN training with SIREN-assisted feed-
forward. Across all layers, reconstruction quality is sub-
stantially lower than in Experiments 1 and 2, with maxi-
mum PSNR values ranging from 22.8 dB to 26.6 dB com-
pared to 30+ dB in static target scenarios. Table 4 provides
visual confirmation: SIREN reconstructions are noticeably
smoother and do not reconstruct the high frequency details
present in the target feature maps. This progressive degra-
dation is most evident in deeper layers, where reconstruc-
tions become increasingly blurred. The smoothing effect
compounds across layers: each SIREN is supervised with
activations computed from the smoothed predictions of the
previous layer’s SIREN, which then propagates to the next
layer’s input, resulting in cumulative information loss. By
Layer 6, the SIREN reconstruction barely resembles the ac-
tual feature map.

Figure 5 compares training performance using pixels
seen on the x-axis to account for different pixel coverage
per epoch: SIREN-assisted feed forward uses 400 random
coordinate paths while the baseline processes the entire in-
put. The baseline loss decreases smoothly to 0.576 for
training and 0.913 for test, indicating overfitting on the
one percent subset of the MNIST training set. In contrast,
the loss curve of SIREN-assisted feedforward remains high
around 2.274 with minimal train-test gap. The poor accu-
racy and optimization instability likely stem from SIREN

representations failing to track evolving feature maps dur-
ing All-CNN training, creating a challenging optimiza-
tion landscape. The baseline is more data-efficient as it
achieves 100.00% training accuracy and 95.00% test accu-
racy with fewer pixels seen, while SIREN-assisted feedfor-
ward reaches 21.50% training accuracy and 20.97% test ac-
curacy. Despite the gap in accuracy, the 20.97% test accu-
racy demonstrates that SIRENs implicitly capture meaning-
ful representations that enable classification accuracy more
than double the random guessing baseline of 10%, indicat-
ing the approach merits further exploration in future work.
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Figure 4. Exp 3: Average PSNR of SIREN reconstructions of
feature maps across layers when training All-CNN with SIREN-
assisted feedforward. At the end of training, the final PSNR of
reconstructions ranges from 22.8 dB to 26.6, which indicate sig-
nificant information loss in relation to target feature maps.

Input
(32x32x1) (3"x32x96) (32x32x96) (l6x16x96) (l()x]6x19”) (]6x16xl92) (8x8x192)

Feature map
targets

Min 0.00 0.00 0.00 0.00 0.00 0.00
Max 2.78 2.12 2.95 2.35 1.77 1.62
5

Min -0.11 -0.19 -0.07 -0.04 -0.03 -0.01
Max 1.11 1.73 2.64 1.90 1.26 1.34

Table 4. Exp 3: SIREN reconstructions during SIREN-assisted
feedforward training. Progressive smoothing across layers results
from each SIREN being supervised with activations computed
from the previous layer’s blurred predictions. High-frequency de-
tails are lost, with degradation most severe in deeper layers.

5. Discussion

We explored the idea of representing intermediate CNN
feature maps implicitly with SIRENs. The experimental
results indicate that SIRENs can represent feature maps
with high fidelity when trained with full supervision, i.e.,
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Figure 5. Exp 3: Training performance of SIREN-assisted versus
baseline feedforward. a) Baseline has achieves lower loss while
optimization of loss of SIREN-assisted is more unstable due to
more challenging loss landscape. b) Baseline achieves 100% train-
ing and 95% test accuracy; SIREN-assisted reaches 21.5% training
and 20.97% test accuracy, exceeding random guessing: 10%. X-
axis shows pixels seen for fair comparison between methods.

when all pixel values of the target feature maps are avail-
able at each training step. When AII-CNN is trained
with SIREN-assisted feedforward, the classification per-
formance is better than random guessing but substantially
lower than when trained the standard way. We believe this
gap arises from the increased difficulty of optimizing All-
CNN when the SIRENs cannot approximate the evolving
activations quickly enough.

Limitations While motivated by the goal of reducing
memory usage, the current implementation of SIREN-
assisted feedforward introduces significant memory over-
head. Specifically, one SIREN is used per feature map per
training image, which constrains training to a 1% subset
of the MNIST dataset (600 training samples in our exper-
iments). This makes the current proof-of-concept ironically
less memory-efficient than standard convolution. Another
limitation is that the method has only been conceptualized
and tested during the training phase. Because the frame-
work relies on the availability of feature maps at each epoch,
it is not yet clear how SIREN-assisted feedforward could be
used during inference or test time.

Future Work Future research should aim to design im-
proved formulations where SIRENs can be shared or amor-
tized across feature maps and training samples, eliminating
the per-image memory overhead. It would also be valu-
able to extend the framework so that it can operate effi-
ciently during inference, making SIREN-assisted feedfor-
ward applicable beyond the training phase. Additionally,
performance comparisons are currently unfair because stan-
dard convolution benefits from optimized NVIDIA kernel
implementations, while SIREN-assisted feedforward does
not. Developing dedicated kernelized implementations for
SIREN-assisted feedforward would enable a more mean-

ingful comparison. Finally, orthogonal directions such as
few-shot learning or meta-learning could further comple-
ment the current memory constraints of this framework, po-
tentially allowing SIRENs to generalize feature map repre-
sentations across images without retraining from scratch.
Our results highlight both the promise and the current
challenges of integrating continuous implicit representa-
tions into discrete deep learning pipelines. Bridging this
gap requires methods that allow implicit and discrete repre-
sentations to co-evolve efficiently during training. A deeper
understanding of this interaction could eventually lead to
architectures that combine the expressive power of implicit
networks with the optimization stability of standard CNNss.
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