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Explainable deformable matched filtering reveals
measurable departures from classical receiver
theory in optical wireless communications

Paul Anthony Haigh

Abstract

Matched filtering is a central result of communication
theory, providing the optimal linear receiver when the
received waveform satisfies specific assumptions.
Practical communication systems rarely satisfy these
assumptions, yet learned receivers that outperform the
classical matched filter provide little insight into what those
improvements reveal about the limitations of the underlying
theory.

Here we introduce an explainable deformable matched-
filter framework in which machine learning is constrained
to learn a low-dimensional deformation of the classical
matched filter rather than replacing it. Because every
learned correction is defined relative to the theoretical
matched-filter solution, the deformation becomes a
measurable representation of receiver mismatch rather
than an unconstrained optimisation. The communication
waveform remains processed entirely by the matched filter,
while a Kolmogorov-Arnold Network predicts only the
deformation from physically interpretable receiver-state
descriptors.

Using an optical wireless communication testbed
spanning ten signalling formats, four impairment classes
and 1,600 conditions, we show that learned deformations
improve receiver performance, yielding a median relative
error-vector-magnitude reduction of 18.1%, while revealing
departures from classical matched-filter optimality.
Different signalling families occupy distinct deformation
regimes, spectral analysis identifies the physical
mechanisms underlying receiver mismatch, and latent
receiver-state organisation demonstrates that these
departures are structured rather than arbitrary.

These results establish deformable matched filtering as
a practical receiver design strategy and a framework for
experimentally investigating the gap between analytical
receiver theory and practical communication systems.
More broadly, they illustrate how machine learning can
interrogate analytical models by expressing learned
corrections relative to theoretical optima rather than
replacing them.

Matched filtering is one of the fundamental results of
communication theory, providing the optimal linear
receiver when the received waveform is a noisy version
of a known transmit pulse in additive white Gaussian

noise [1]. This result underpins modern digital
communication systems and remains a standard
component of practical receivers. Optical

communications links rarely satisfy the assumptions
under which matched-filter optimality is derived [2-4].
Transmitter bandwidth limitations, receiver filtering, AC
coupling, device nonlinearities and implementation-

dependent hardware distort the received waveform,
creating systematic mismatch between the theoretical
matched filter and the filter that is optimal in practice [4].
Although these departures are widely recognised, they
are generally treated as engineering imperfections rather
than as an opportunity to investigate the limits of classical
receiver theory.

Modern communication receivers compensate such
mismatch using adaptive equalisers, decision-feedback
equalisation, Volterra methods and increasingly,
machine-learning architectures [5-10]. Recent years have
seen rapid growth in neural receivers for optical and
wireless communications [11-15], with models trained
directly on the received waveform to optimise symbol
recovery [16-21]. These approaches often achieve
impressive communication performance, but their internal
processing is typically difficult to interpret because the
learned representation replaces rather than modifies the
classical receiver. Consequently, receiver optimisation
has become increasingly detached from the theoretical
matched-filter framework, making it difficult to determine
how and why practical receivers depart from classical
optimality.

This leaves an important unanswered question. If a
learned receiver consistently outperforms the classical
matched filter (CMF), what does that improvement reveal
about the assumptions underlying matched-filter theory?
Existing adaptive and neural receivers are designed to
minimise detection error, not to explain the origin or
structure of receiver mismatch [5, 16, 22]. As a result, they
provide limited insight into whether departures from the
matched-filter solution arise from bandwidth limitation,
signalling structure, nonlinear distortion or other physical
mechanisms. The receive filter itself is no longer an
explicit object of study.

Here we introduce an explainable deformable matched-
filter (DMF) framework that addresses this problem by
preserving the matched filter as the central receiver
element while allowing it to deform in response to the
observed receiver state. Rather than processing the
communication waveform directly, a compact set of
physically interpretable receiver-state descriptors is
extracted from the received signal and supplied to a
Kolmogorov-Arnold Network (KAN), which predicts a low-
dimensional parameterisation of matched-filter
deformation [23, 24]. The communication waveform itself
remains entirely within a CMF receiver. Machine learning



therefore configures the receiver rather than acting as the
receiver, preserving a direct correspondence between
learned parameters and filter shape.

This architectural distinction changes the role of
machine learning within the receiver. Rather than
replacing the matched filter with a learned signal-
processing block, the proposed framework preserves the
CMF as the reference solution and learns only the
deformation required to account for practical receiver
conditions. Every learned parameter therefore has
meaning only through its relationship to the nominal
matched filter, allowing receiver adaptation to be
expressed as a measurable departure from the theoretical
optimum rather than as an unconstrained optimisation.
Persistent non-zero deformation therefore provides a
measurable signature of departures from the
assumptions under which classical matched-filter
optimality is derived. The learned deformation is therefore
more than a mechanism for improving receiver
performance: it provides an experimentally observable
representation of receiver mismatch, allowing the receiver
itself to become a tool for investigating the limits of
classical receiver theory.

Using an experimental optical wireless communication
testbed spanning multiple signalling families, optical
power levels and controlled impairment conditions, we
demonstrate that learned matched-filter deformation
consistently improves receiver performance while
revealing systematic, signalling-dependent departures
from CMF optimality. Analysis of the learned deformation
coefficients, spectral responses, latent receiver-state
organisation and deformation complexity shows that
different signalling families occupy distinct deformation
regimes rather than following a universal adaptation
strategy. The principal contribution is therefore not a new
neural receiver, but an interpretable framework for
measuring where, how and why practical communication
systems depart from one of the central results of classical
receiver theory. This establishes a general framework in
which learned corrections are expressed relative to
analytical receiver theory, allowing machine learning to be
interpreted as measurable departures from theoretical
optimality rather than as unconstrained optimisation.

Relationship to previous deformable matched-filter
work

Previous work demonstrated that neural-network-
assisted deformable matched filters can improve receiver
performance in bandwidth-limited optical communication
systems [25]. That study focused primarily on
communication performance and treated the learned
deformation as a mechanism for compensating pulse
distortion.

The present work addresses a different question.
Rather than asking whether deformable matched filtering
improves receiver performance, we investigate what the
learned deformation reveals about departures from

classical matched-filter optimality.

To address this question, the present study introduces
an interpretable KAN parameterisation, extends the
analysis across multiple signalling families and
impairment classes, and systematically analyses the
resulting deformation coefficients, filter responses and
adaptation ftrajectories. The learned deformation is
therefore treated as scientific information rather than
solely as a performance enhancement mechanism.

Results

Deformable matched filtering improves performance
across signalling formats and receiver conditions
Throughout this work, deformable matched filtering
(DMF) refers to a receiver in which the communication
waveform is processed exclusively by a matched filter
whose coefficients are configured by a learned
deformation. The neural network neither performs symbol
detection nor processes the communication waveform
directly; it predicts only the deformation parameters from
a compact receiver-state description. The deformation is
therefore defined relative to the theoretical matched-filter
solution and can be analysed as a measurable
representation of receiver mismatch. This architectural
distinction underpins the interpretation developed
throughout the remainder of the paper.

DMF reduced EVM across all investigated signalling
formats, attenuation levels and impairment conditions
(Figure 1). Across 1,600 evaluated format-impairment-
attenuation-session conditions, the median relative EVM
reduction was 18.1% (interquartile range, 10.9-29.7%),
with improvements ranging from 0.9% to 82.6%. The
median reductions were 10.5% for carrier-less amplitude
and phase (CAP) modulation, 21.5% for pulse amplitude
modulation (PAM), 23.1% for duobinary (DB) and 14.2%
for modified duobinary (MDB), demonstrating that the
deformable matched-filter framework is not restricted to a
single modulation family.

Although performance gains were observed throughout
the dataset, their magnitude varied substantially between
receiver conditions. Bandwidth-limited conditions
produced the largest median relative EVM reduction
(30.8%), compared with 16.3% under baseline operation,
11.2% under isolated nonlinearity and 20.3% under
combined impairment. CAP formats exhibited relatively
modest improvements under baseline conditions but
substantially larger gains under bandwidth-limited
operation [26, 27]. DB formats displayed large
improvements even without an additional imposed
impairment, indicating that the mismatch revealed by
DMF is not solely attributable to externally introduced
distortion.

The dependence of performance gain on attenuation
was similarly continuous rather than abrupt (Figure 2).
Mean relative EVM reduction decreased from 32.9% to
6.2% for CAP, 31.2% to 9.6% for PAM, 29.5% to 15.6%
for DB and 40.8% to 13.3% for MDB between 1.3 and



2.8dB neutral-density attenuation. DMF therefore
remained beneficial throughout the investigated range,
but the recoverable component of mismatch declined
progressively as attenuation increased.

These observations establish that DMF provides a
robust performance advantage across a wide range of
operating conditions. More importantly, the substantial
variation in benefit between signalling formats and
impairment types suggests that the learned deformation
is responding to specific departures from matched-filter
optimality rather than acting as a generic equalisation
mechanism. Figure 1 therefore primarily serves as a map
of the mismatch landscape explored throughout the
remainder of the study, as well as a performance
comparison.
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Figure 1 Performance landscape of deformable
matched filtering across signalling formats and
impairment conditions. This figure establishes the
operating conditions under which DMF provides
measurable improvement. Mean relative error vector
magnitude (EVM) reduction achieved by the
deformable matched filter (DMF) relative to the
classical matched filter (CMF) for ten signalling formats
evaluated under four receiver conditions: baseline,
bandwidth-limited, non-linear  and combined
impairments. Values are averaged across all
evaluated parameter settings for each signalling family
and condition, with the numerical value shown within
each cell. Colour indicates the magnitude of the mean
relative EVM reduction. CAP denotes carrier-less
amplitude and phase modulation, PAM pulse
amplitude modulation, DB duobinary signalling and
MDB modified duobinary signalling. Relative EVM
reduction is defined with respect to the corresponding
CMF performance under identical experimental
conditions.

Signalling formats expose distinct departures from
matched-filter optimality

To investigate the origin of the observed performance
differences and to understand if they arose from a
common deformation mechanism, we examined the
relationship between learned deformation and receiver
improvement (Figure 3). If the deformable matched filter
simply applied a generic correction, all signalling formats
would be expected to follow a common deformation-to-
performance relationship. Instead, the modulation
families occupied distinct deformation regimes rather than
following a universal deformation-to-gain relationship.

To characterise departures from the classical matched-
filter solution, we quantified the learned deformation using
three complementary metrics: deformation energy,
relative deformation energy and coefficient energy.
Deformation energy measures the absolute energy of the
learned correction relative to the nominal matched filter.
Relative deformation energy normalises this quantity by
the energy of the underlying matched filter, providing a
scale-independent measure of mismatch. Coefficient
energy characterises the magnitude of the learned KAN
coefficients responsible for generating the deformation.

These quantities provide complementary descriptions
of receiver mismatch. Deformation energy measures the
extent to which the practical receive filter departs from the
theoretical matched-filter solution, whereas coefficient
energy quantifies the internal deformation required to
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Figure 2 Sensitivity of DMF performance to
received optical power. This figure examines the
dependence of that improvement on received signal
strength. Mean relative EVM reduction as a function of
received optical power for CAP, PAM, DB and MDB
signalling families. Curves represent arithmetic means
over all impairment conditions evaluated at each
received power, while shaded regions indicate +2
standard errors of the mean (SEM). Relative EVM
reduction is calculated with respect to the
corresponding CMF operating under identical
experimental conditions.



generate this departure.

The DMF can be expressed as the sum of a nominal
matched filter and a learned deformation. Under ideal
matched-filter assumptions, the optimal deformation
would be expected to approach zero. Persistent non-zero
deformations therefore provide direct evidence that
practical receiver operation departs from the assumptions
underlying classical matched-filter theory.

If DMF simply compensated a common impairment
mechanism, all signalling formats would be expected to
follow a single deformation-performance relationship.
Instead, distinct modulation families occupied different
deformation regimes. CAP exhibited the clearest
monotonic relationship between deformation magnitude
and performance improvement, with bandwidth-restricted
conditions occupying the highest-gain and highest-
deformation region. PAM displayed a related but weaker
trend. Across all 1,600 conditions, the rank correlation
between relative EVM gain and coefficient energy was
0=0.425 (P < 10779, showing that greater deformation
was generally associated with larger benefit while also
confirming substantial family-dependent scatter.

The DB format family behaved differently. Large
deformations were observed even when the associated
performance improvement was comparatively modest.

Consequently, the pooled deformation-performance
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Figure 3 Relationship between matched-filter
deformation and performance improvement. This
figure relates the magnitude of the learned deformation
to the resulting performance gain. Absolute EVM

reduction is plotted against the total relative
deformation energy for all evaluated receiver
conditions. Each point represents an individual

experimental condition. Colours and marker shapes
distinguish signalling families. Pearson correlation
coefficients are reported for each signalling family to
quantify the relationship between deformation
magnitude and absolute performance improvement.
Total relative deformation energy is computed from the
learned DCT deformation coefficients relative to the
correspnondina classical matched filter.

relationship within the DB family differed substantially
from those observed for CAP and PAM. Meanwhile, MDB
formats occupied an intermediate position. Deformation
magnitude and performance improvement remained
positively related, but the overall level of deformation was
substantially reduced relative to DB.

These results indicate that deformation magnitude
alone cannot be interpreted independently of signalling
format. Instead, each modulation family introduces a
characteristic form of receiver mismatch, producing
distinct deformation regimes. Importantly, the dominant
organisation is by signalling family rather than modulation
order. CAP-4, CAP-16 and CAP-64 occupy a common
regime distinct from PAM, DB and MDB. This observation
suggests that the primary determinant of receiver
mismatch is the spectral and structural character of the
signalling family rather than the number of transmitted
symbol levels.

If the learned deformation were merely a flexible
correction mechanism, no systematic relationship would
be expected between deformation magnitude and

receiver performance. Instead, deformation energy
increased consistently in operating regimes where the
conventional matched filter became increasingly

suboptimal. This behaviour indicates that the learned
deformation captures physical receiver mismatch rather
than arbitrary filter variation.

The learned deformation therefore provides information
not only about impairment severity but also about the
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Figure 4 Comparison of deformation magnitude
and receiver performance across representative
signalling formats. This figure  compares
representative signalling families with markedly
different deformation behaviour. Mean EVM achieved
by the classical matched filter (CMF) and deformable
matched filter (DMF) for representative PAM-2, DB
PAM-2 and MDB PAM-2 signalling formats. The
corresponding total relative deformation and equivalent
low-frequency correction are shown above each pair of
bars. Bar heights represent arithmetic mean EVM
across the evaluated impairment conditions for each
signalling format.



physical mechanism responsible for the mismatch.
Rather than acting as a generic performance-
enhancement mechanism, DMF reveals how different
signalling formats depart from matched-filter optimality in
distinct and measurable ways.

Partial-response signalling reveals intrinsic receiver
mismatch

The contrasting behaviour of DB and MDB signalling
provides a controlled experiment for understanding the
origin of receiver mismatch (Figure 4).

Under baseline conditions, DB PAM-2 exhibited
substantially higher EVM than conventional PAM-2 and
required markedly larger deformations. In particular, the
DMF applied a strong low-frequency spectral
deformation, indicating a significant departure between
the classical matched-filter response and the response
required for optimal practical operation. MDB PAM-2
exhibited dramatically different behaviour. Baseline EVM
was reduced by more than a factor of two relative to DB
PAM-2, while the learned low-frequency deformation
decreased from approximately 4.6 dB to approximately
0.5 dB. Deformation magnitude similarly decreased to
levels comparable with conventional PAM.

The reduction in learned deformation is particularly
significant because MDB differs from DB primarily through
its spectral shaping properties. MDB suppresses low-
frequency content that is poorly supported by the optical
wireless channel, thereby reducing the mismatch
between the received waveform and the assumptions
underlying the CMF.

Consequently, DMF does not merely indicate that MDB
achieves better performance. Instead, it identifies the
specific component of receiver mismatch removed by the
modified signalling strategy. Because DMF is defined
relative to the CMF solution, the reduction in learned low-
frequency deformation can be interpreted as a reduction
in receiver mismatch rather than merely a reduction in
EVM.

The DB-MDB comparison therefore transforms DMF
from a performance-enhancement method into a
diagnostic tool. The learned deformation provides a direct
measurement of the mismatch removed by the modified
signalling design.

Learned spectral deformations reveal departures
from classical receiver assumptions

To investigate the physical origin of the learned
deformation, we examined the frequency-domain
response of the DMF under progressively increasing
bandwidth limitation (Figure 5).

Using a CMF assumes that the received waveform
remains matched to the expected pulse shape. Bandwidth
limitation violates this assumption by selectively
attenuating spectral components of the transmitted signal
and altering the effective pulse shape at the receiver.

The learned deformations evolved systematically as

bandwidth restriction increased. Under mild bandwidth
limitation, only modest spectral modifications were
required. As the available bandwidth decreased, the DMF
increasingly attenuated excess low-frequency energy,
with the dominant change occurring below approximately
0.1 normalised frequency. The response did not attempt
an unstable inversion of the strongly attenuated high-
frequency region; instead, it reshaped the portion of the
spectrum that remained reliably supported by the
channel.

Importantly, the growth of these spectral deformations
paralleled both deformation energy and EVM
improvement. The progression in Figure 5 was smooth
rather than threshold-like. Increasing low-pass-filter
restriction produced progressively stronger low-frequency
attenuation, and conditions requiring the largest spectral
deformation were also those exhibiting the largest EVM
improvement. This agreement links the measured
performance gain to a specific, physically interpretable
change in the receiver response.

These observations provide direct evidence that the
learned deformation responds to departures from the
assumptions underlying classical receiver theory. Rather
than applying an arbitrary non-linear transformation, DMF
modifies the nominal matched-filter response in a manner
consistent with the imposed bandwidth limitation while
avoiding ill-conditioned high-frequency equalisation and
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Figure 5 Frequency-domain representation of the
learned matched-filter deformation. This figure
illustrates the spectral mechanism through which the
learned deformation is realised. Arithmetic mean
frequency response correction learned by the DMF
relative to the corresponding CMF for CAP-4 signalling
under progressively increasing bandwidth limitation.
The plotted quantity is 20log,o(l Hpmr I/| Homr ),
where Hpyr and Heyr denote the frequency responses
of the deformable and classical matched filters,
respectively. Curves represent arithmetic means over
20 independently trained models. Normalised
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the associated performance degradations.

Among all investigated results, the frequency-domain
analysis provides the clearest mechanistic link between
theoretical assumption, physical impairment and
measured receiver response. The deformation therefore
acts as a direct observable of matched-filter mismatch.

Learned receiver-state representations exhibit family-
dependent organisation

The deformable matched filter exhibited systematic
organisation within its learned latent representation
(Figure 6).

Projection of more than 8x10° latent vectors showed
that signalling family was the dominant organising factor.
CAP, PAM, DB and MDB occupied characteristic regions
of the latent space, consistent with the family-specific
deformation regimes identified in Figure 3. By contrast,
impairment classes overlapped substantially within these
regions and did not form clean, globally separable
clusters.

The latent representation should therefore not be
interpreted as an impairment classifier. Instead, it
provides a compact receiver-state description in which
operating conditions redistribute the population within a
family-dependent structure. Bandwidth and non-linear
conditions produce systematic shifts and changes in
occupancy, but these condition-dependent redistributions
are superimposed on the stronger organisation imposed
by signalling family.

This result reinforces the central interpretation of DMF.
The learned state is structured, but its structure reflects
the interaction between signalling family and receiver
condition rather than a one-to-one encoding of
impairment identity. The latent space therefore provides
a measurable representation of how the receiver
configuration changes across the experimental
landscape.

Together with the deformation-gain analysis, Figure 6
shows that receiver mismatch is not governed by a single
scalar severity axis. Different signalling families require
different deformation states, while individual impairments
move the receiver within those broader family-dependent
regimes.

Deformation complexity depends on
mechanism

The dimensionality of the learned deformation also varied
systematically between signalling formats and impairment
conditions (Figure 7).

Effective coefficient rank varied from 0 to 15.1 across
condition and branch combinations (mean 4.11), showing
that mismatch could not generally be represented by a
single gain or bandwidth adjustment. Mean rank was
lowest for DB PAM-2 (1.15) and DB PAM-4 (1.48),
intermediate for MDB and conventional PAM (2.86-4.25),
and highest for CAP (6.53-7.42 across modulation
orders). Different receiver conditions therefore recruited

impairment

deformation subspaces of differing dimensionality. The
dependence of coefficient rank on both signalling family
and impairment class further supports the interpretation
that DMF responds to distinct physical mechanisms rather
than a single universal distortion process.

Taken together, the deformation magnitude, spectral
response, latent organisation and coefficient complexity
all indicate that the deformable matched filter learns
structured deformations reflecting the specific departures
from classical matched-filter assumptions present within
the optical wireless channel. The convergence of these
independent analyses strengthens the central
interpretation of this work: the learned deformation is not
simply a means of improving receiver performance, but a
measurable and interpretable representation of receiver
mismatch.

Discussion

Matched filtering occupies a central position in
communication receiver theory because it provides the
optimal linear receiver when the received waveform,
channel response and noise statistics satisfy the
assumptions under which the filter is derived. In practical
optical wireless systems, however, these assumptions
are frequently violated by bandwidth limitation, nonlinear
transfer characteristics and signalling formats whose
spectral properties interact unfavourably with the channel
response.

The DMF should not be confused with conventional
adaptive filtering. Classical adaptive filters iteratively
update receiver coefficients to minimise an error criterion.
In contrast, DMF preserves the matched-filter structure
and learns a deformation of the theoretical optimum. The
deformation therefore remains interpretable with respect
to the underlying matched-filter solution and can be
analysed as a measurable representation of receiver
mismatch.

The present results demonstrate that DMF can be used
to quantify departures from theoretical matched-filter
optimality. The performance landscape in Figure 1
establishes that the benefit is widespread but highly
condition dependent, while Figure 2 shows that the gain
changes continuously with optical attenuation rather than
appearing only beyond a discrete operating threshold.
These observations motivate interpretation of the
deformation itself: the receiver is beneficial across the
dataset, but the amount and form of the required
correction reveal where the nominal matched filter is most
mismatched.

Bandwidth limitation provides the clearest example.
CAP shows modest DMF benefit under baseline
conditions but substantially larger improvements under
bandwidth-constrained operation (Figure 1 and Figure 3).
Figure 5 identifies the corresponding mechanism:
stronger low-pass restriction produces progressively
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principally below approximately 0.1 normalised
frequency, while the receiver avoids unstable inversion of
the attenuated high-frequency region. The deformation
therefore reports both the presence and the spectral form
of matched-filter mismatch.

The comparison between PAM, DB and MDB provides
a complementary test of the same idea (Figure 4). DB
requires a large low-frequency deformation even under
baseline conditions, showing that mismatch can be
intrinsic to the interaction between signalling structure and
the practical channel rather than caused solely by an
externally imposed impairment. MDB suppresses the
poorly supported low-frequency content at the transmitter
and correspondingly reduces both EVM and learned
deformation. The DMF therefore identifies the spectral
component of mismatch removed by the modified
signalling design. Importantly, deformation magnitude
does not map universally onto performance gain: Figure
3 shows that CAP, PAM, DB and MDB occupy distinct
deformation regimes despite sharing the same physical
channel. Receiver mismatch must therefore be
interpreted relative to signalling family and through the
pattern of the deformation, not through a single pooled
scalar metric.

The latent-state and coefficient-rank analyses extend
this conclusion beyond deformation magnitude. In Figure
6, signalling family provides the dominant organisation of
the learned receiver state, while impairment classes
overlap and produce systematic redistributions within
those broader regimes. This is evidence of structured
receiver  configuration, not clean impairment
classification. Figure 7 shows that the dimensionality of
the coefficient space also varies across signalling families
and operating conditions, indicating that some departures
from matched-filter optimality require coordinated
changes across multiple deformation components rather
than a single gain or bandwidth adjustment.

The selected feature representation should be viewed
as one physically motivated parameterisation of receiver
state rather than a unique or optimal description. The
present work deliberately favours compact, interpretable
descriptors that maintain a transparent relationship
between measurable waveform characteristics and the
resulting matched-filter deformation. Alternative feature
sets, automatically learned waveform embeddings, or
hybrid representations could equally be incorporated
within the proposed framework without changing the
underlying deformable filtering methodology.

Taken together, Figures 1-7 form a linked argument.
Figures 1 and 2 define the experimental mismatch
landscape; Figure 3 shows that deformation and
performance are related in family-specific regimes; Figure
4 validates the interpretation through the controlled DB-
MDB comparison; Figure 5 identifies the spectral
mechanism under bandwidth restriction; Figure 6 shows
how the learned receiver state is organised; and Figure 7
quantifies the complexity of the required deformation. The

agreement among these independent views is more
important than any single performance metric because it
shows that the learned correction contains reproducible
information about receiver mismatch.

DMF should therefore not be viewed as an Al receiver,
an adaptive equaliser, or a replacement for classical
receiver theory. The waveform remains processed by a
matched-filter receiver; the learned model only selects a
constrained deformation of that filter. This preserves a
physically interpretable reference point and makes each
learned change expressible as a departure from the
theoretical matched-filter solution.

In this sense, the learned deformation is a measurable
representation of the gap between theoretical matched-
filter optimality and practical receiver operation.
Performance improvement is supporting evidence, but
the principal contribution is the ability to observe where

CAP-4

CAP-16

CAP-64

PAM-2

PAM-4

PAM-8

Signalling Format

DB PAM-2

DB PAM-4

MDB PAM-2 3.1 28 3.2 3.0

MDB PAM-4 2.7 25 3.4 2.6

Baseline Bandwidth Nonlinearity Combined

Receiver Condition

Figure 7 Complexity of the learned matched-filter
deformation. This figure quantifies the dimensional
complexity of the learned deformation. Mean effective
coefficient rank of the learned DCT deformation
coefficients for each signalling format under baseline,
bandwidth-limited, nonlinear and combined impairment
conditions. Effective coefficient rank was computed
using the entropy effective-rank metric applied to the
singular values of the coefficient matrix. Numerical
values within each cell indicate arithmetic means
across all evaluated parameter settings for the
corresponding signalling format and receiver condition,
while colour denotes the mean effective coefficient
rank. Lower effective ranks indicate that the learned
deformation is concentrated within fewer dominant
deformation modes.



matched-filter assumptions fail, identify the spectral or
structural form of the mismatch, and compare those
departures across signalling families and channel
conditions.

Limitations and future work

Several limitations define the scope of the present
interpretation. First, the learned deformation depends on
the engineered feature set and the 24-component DCT
basis; alternative descriptors or bases may expose
different, although related, representations of mismatch.
Second, a non-zero deformation demonstrates departure
from the nominal matched-filter solution but does not
prove that the learned filter is the globally optimal receiver
under every channel and noise model. Third, PCA
provides a useful common projection of the latent state
but is linear and does not preserve all high-dimensional
relationships; overlap between impairment classes
should therefore not be interpreted as absence of
condition dependence, nor should visual separation be
treated as a classifier-performance claim. Fourth, the
experimental evidence is restricted to the investigated
IM/DD optical link, signalling families and controlled
impairment models, however speculatively DMF should
transfer across communication mediums and domains.

Future work should test whether deformation
signatures transfer across transmitters, photodetectors,
link geometries and coherent or radio-frequency
receivers; compare fixed DCT deformations with data-
driven and physically derived bases; and examine
uncertainty and non-uniqueness in the inferred
deformation. Online or few-shot calibration could
establish whether receiver-state trajectories can track
hardware ageing or environmental drift. A further direction
is to use the measured deformation to guide transmitter
pulse shaping and signalling design, thereby closing the
loop between diagnosis of matched-filter mismatch and
mitigation at the waveform level.

The objective of this study is not to establish a
universally superior receiver architecture relative to
conventional adaptive equalisers or unconstrained
learned filters. Such receivers optimise different
objectives and do not, by construction, express their
solution as a deformation of the theoretical matched filter.
Comparative benchmarking of receiver architectures is
therefore outside the principal scope here; the relevant
contribution is an interpretable coordinate system for
measuring how a practical matched-filter solution
changes.

Although the engineered features were selected to
capture  diverse and  physically interpretable
characteristics of the received waveform, they do not
represent the complete space of possible receiver
descriptors. Future work will investigate systematic
feature-selection strategies, sensitivity of the learned
deformation to alternative descriptor sets, and fully
learned latent waveform representations to determine the

minimum information required to predict matched-filter
deformation. Extending the framework to coherent optical
systems, radio-frequency communication links and online
receiver adaptation also represents promising directions
for future research

Methods
Experimental free-space optical link
Experiments were performed using an IM/DD free-space
optical communication system comprising of a 1.25 GS/s
digital-to-analogue and analogue-digital converter
(Analog Devices FMC-DAQ3) hosted on a Xilinx ZCU102
field programmable gate array, optical transmitter
(850 nm TT Electronics OPV310 hosted on Thorlabs
LDM56 laser mount and TED200C temperature controller
(set to 25°C), free-space propagation path (200 mm path
length) and photodetector receiver (Newport 818-BB-
21A), with a system bandwidth of ~600 MHz. The signals
were transmitted with a signal bandwidth of 100 MHz. All
reported results were obtained from experimentally
acquired waveforms Optical attenuation was controlled
using calibrated neutral-density filters (Thorlabs NDKO1
series). The same physical link and receiver procedures
were used throughout the campaign; full apparatus details
follow the methods reported in [25].
Signal generation
Four signalling families were investigated:

o PAM-2, PAM-4 and PAM-8

o CAP-4, CAP-16 and CAP-64

e Duobinary PAM-2 and PAM-4

¢ Modified duobinary PAM-2 and PAM-4
Pulse shaping employed root-raised-cosine matched
filters with a nominal filter length of 192 taps and four
samples per symbol. CAP signalling was implemented
using orthogonal in-phase and quadrature pulse shapes
derived from root-raised-cosine prototype filters
modulated onto orthogonal carriers [28, 29].

To isolate specific sources of receiver mismatch,
controlled impairments were introduced during signal
generation. Bandwidth-limited conditions used low-pass-
filter factors of 0.85, 0.70 and 0.55 relative to the nominal
signal bandwidth. Nonlinear conditions used hyperbolic-
tangent transfer functions with parameters 0.50, 1.00 and
2.00, and combined conditions applied the 0.70
bandwidth factor together with the 1.00 nonlinearity
setting. Duobinary and modified-duobinary signalling
were generated using the first-order partial-response
polynomials Hps(z) = 1 + z' and Hwps(z) = 1 — Z7,
respectively [30, 31].

Deformable matched filter formulation
The receiver is based on a CMF (hqyr) augmented by a
learned deformation:

hpur = heur + AR

where Ah denotes the learned filter deformation. Rather



than learning a completely unconstrained receive filter,
the deformation is represented using a low-dimensional
orthonormal basis expansion:

M

Ah = Bc = z ¢ o,

i=1
where B is a basis matrix, ¢; are basis functions and c;
are learned coefficients. A discrete cosine transform
(DCT) basis was used throughout this work [32]. The
basis comprised 24 orthonormal components spanning a
192-tap receive filter.

This formulation constrains the receiver to remain close
to the nominal matched-filter solution while permitting
systematic departures when required by the received
signal conditions.

Feature-driven deformation estimation

The deformation coefficients were estimated using a
KAN. A compact set of twenty-four physically
interpretable waveform descriptors was extracted to
characterise the receiver state.

Unlike conventional machine-learning receivers, the
proposed network never operates directly on the
communication waveform. Instead, each received
waveform is transformed into a compact feature vector
describing the receiver state. The KAN predicts only the
deformation coefficients required to configure the
matched filter, while symbol recovery continues to be
performed entirely by the matched-filter receiver.

The feature vector contains 24 engineered descriptors
extracted from each received waveform: root-mean-
square amplitude, variance, skewness, kurtosis, peak-to-
average power ratio, crest factor, zero-crossing rate,
mean envelope, envelope standard deviation, maximum
envelope, spectral entropy, spectral flatness, spectral
centroid, spectral spread, 85% spectral roll-off, effective
bandwidth, high-frequency energy ratio, autocorrelation
atlags 1, 8 and 16, the 95" and 5" amplitude percentiles,
mean absolute first difference and standard deviation of
the first difference. Spectral features were calculated from
a 4096-point real FFT after normalising the power
spectrum to unit sum.

Consequently, the network acts only on receiver
parameters rather than on the communication waveform
itself. Changes in network output therefore correspond
directly to changes in matched-filter shape, preserving a
physically interpretable connection between the learned
deformation and receiver behaviour [33].

Feature selection rationale

The engineered feature set was not intended to constitute
either a minimal or exhaustive description of the received
waveform. Instead, the descriptors were selected to span
complementary physical characteristics known to
influence departures from classical matched-filter

optimality, including temporal statistics, amplitude
distributions, transition behaviour, energy measures and
spectral characteristics. The full table is provided in the
supplementary information. Collectively, these
descriptors provide an interpretable representation of the
principal distortion mechanisms encountered under
bandwidth limitation, nonlinear transfer characteristics
and correlative signalling. The proposed DMF framework
is independent of the specific feature definitions, and
alternative or expanded feature sets could be
incorporated without modification to the receiver
architecture.

Kolmogorov-Arnold network architecture

The KAN encoder contained two hidden layers of 64 units.
Each layer applied a channel-wise learnable piecewise-
linear spline over 15 uniformly spaced control points
between -3 and 3, followed by a learned linear projection
and rectified-linear activation. The spline functions were
identity-initialised. Layer normalisation was applied to the
24-dimensional input feature vector.

The network accepted the 24-dimensional feature
vector and produced a 64-dimensional latent receiver
state. Two independent linear heads mapped this state to
24 deformation coefficients for the in-phase and
quadrature matched-filter branches. The coefficients
were reconstructed into 192-tap filter deformations
through the DCT basis expansion.

The reconstructed deformation was added to the
nominal matched filter, and the resulting filter was
normalised to unit £2 energy:

h — hDMF
pME ||hDMF||2 +e€

where ¢ = 10712 prevents numerical instability. This
normalisation constrains the optimisation to learn only the
shape of the matched-filter deformation, ensuring that
performance improvements arise from changes in the
filter response rather than arbitrary gain scaling

Training and evaluation

Training was performed using experimentally acquired
waveform datasets. Data were partitioned into training,
validation and test subsets using fractions of 70%, 15%
and 15%, respectively, with random seed 1234. The
network was optimised for 50 epochs using AdamW with
learning rate 1x1073, weight decay 1x10* and batch size
32. The objective combined receiver EVM with
smoothness, curvature, coefficient-magnitude and
stability terms weighted 1073, 10, 10> and 107,
respectively. To improve robustness to small
measurement variations, zero-mean Gaussian noise
(o0 =0.01) was added to the engineered feature vector
during training.

Receiver performance was quantified using EVM. For



both CMF and DMF, symbol estimates were obtained by
matched filtering, symbol-rate sampling and timing
alignment using identical receiver procedures.
Performance comparisons therefore isolate the effect of
filter deformation while keeping all other receiver
operations unchanged.

Latent-state analysis and visualisation

The 64-dimensional latent receiver state was extracted
from the output of the second KAN hidden layer. Up to
2,000 examples per experimental condition were selected
using random seed 0, yielding 819,200 latent vectors. A
single global principal-component analysis was fitted after
mean-centring the pooled latent matrix using singular-
value decomposition [34]. The first three components
explained 27.15%, 9.44% and 8.25% of the variance,
respectively. Condition centroids and dispersions were
calculated only after projection into this common
coordinate system.

For Figure 6, relative local latent-space occupancy was
estimated on a 512x384 two-dimensional histogram over
PC1 and PC2. The histogram was Gaussian-smoothed
with o = 2 bins, and the smoothed values were bilinearly
interpolated back to every latent vector. Colour values
were normalised by the global maximum and square-root

. D.
compressed for display, Dg;spiqy = /ﬁfaw) The colour

scale therefore represents relative local occupancy rather
than an absolute probability density.

Coefficient effective rank and statistical analysis

For each format, impairment, attenuation and receiver

branch, coefficient vectors were pooled across sessions

and mean-centred. Effective rank was calculated from the

singular values o; of the coefficient matrix using the
2

entropy definition 7., = exp —Z;p; Inp;, where p; = 5
i%

[35]. This continuous measure equals one for a strictly
one-dimensional coefficient distribution and increases as
variance is distributed across additional orthogonal
coefficient directions. To control computational cost, a
maximum of 2,000 coefficient vectors per condition and
branch was sampled using random seed 0.

Unless otherwise stated, condition-level summaries are
arithmetic means over independent sessions. Ninety-five
percent confidence intervals in summary tables were
computed across session-level observations.
Relationships between deformation and performance
were assessed using Pearson correlation, Spearman
rank correlation and partial correlation controlling for
neutral-density attenuation. No hypothesis test was used
to define whether DMF was beneficial; effect sizes and
their distributions are reported because the central
purpose is to characterise receiver mismatch rather than
to establish a binary treatment effect.

Deformation metrics

The learned deformations were characterised using
deformation energy, relative deformation energy and
coefficient energy.

Deformation energy was defined as:

Ep = l|AR|I3

and quantifies the overall departure from the nominal
matched filter.
Relative deformation energy was defined as:

Il AR 113

R _—————
Il heme 113

and provides a scale-independent measure of receiver
mismatch.
Coefficient energy was defined as:

EC:ZCI.Z

L

and quantifies the magnitude of the latent deformation
required to generate the observed filter modification.

These metrics were used throughout the study to
compare receiver mismatch across signalling formats,
impairment classes and optical attenuation levels.
Because the deformable matched filter is defined relative
to the classical matched-filter solution, these quantities
provide direct measurements of departures from
matched-filter optimality.
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Supplementary Information

No. | Feature Definition
1 |RMS amplitude sqrt(mean(x?))
2 | Variance var(x)
3 | Skewness mean[((x—)/c)?]
4 | Kurtosis mean[((x—u)/o)*]
5 |Peak-to-average max(x?)/mean(x?)
power ratio
6 |Crest factor max|x|/RMS
7 |Zero-crossing rate | Mean sign-bit transition rate
8 |Mean envelope mean|x|
9 |Envelope standard |std|x|
deviation
10 |Maximum envelope | max|x|

11 | Spectral entropy -2P log,P

12 | Spectral flatness geometric
mean(P)/arithmetic
mean(P)

13 | Spectral centroid >fP

14 | Spectral spread

sqri[Z(f-centroid)?P]

15 |85% spectral roll-off

Frequency containing 85%
cumulative spectral power

16 | Effective bandwidth

Fraction of FFT bins above
half the peak normalised
power

17 |High-frequency
energy ratio

Power above normalised
frequency 0.5 / total power

18 | Autocorrelation lag 1

corr(x_t,x_(t+1))

19 | Autocorrelation lag 8

corr(x_t,x_(t+8))

20 |Autocorrelation lag
16

corr(x_t,x_(t+16))

21 | 95th percentile P95(x)
22 | 5th percentile P5(x)
23 |Mean absolute first|mean|Ax|
difference
24 | First-difference std(Ax)
standard deviation
Category Examples Purpose
Mean, variance, |Capture
Temporal A
o skewness, distributional
statistics :
kurtosis changes
Transition Zero crossings, Capture ISl and

descriptors run lengths

transition density,

correlative signalling

Energy
descriptors

RMS, peak-to-
average ratio,
energy measures

Capture amplitude
distortions

Spectral

. bandwidth,
descriptors

Spectral centroid,

spectral moments

Capture bandwidth
limitation

Correlation

. and related
descriptors

measures

Autocorrelation

Capture waveform
memory
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