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Abstract

Signal classifiers are increasingly deployed in settings where decisions must be made from short and degraded waveform snippets
rather than from long and carefully synchronized observations. Background work in wireless sensing has therefore shifted from
purely handcrafted descriptors toward trainable representations that can absorb distortion, timing uncertainty, and class overlap.
Yet the practical difficulty is not only to build a deeper encoder. It is also to prevent the decision system from discarding brief
discriminative waveform traits while it learns broader invariances. This paper presents an empirical study of a bidirectional
cross-scale alignment network for signal classification from raw in-phase and quadrature samples. The proposed model maintains
a fine-resolution processing route and a coarse-context processing route, then exchanges information between them through
reciprocal alignment bridges before classification. The study evaluates the method on an eleven-class complex-baseband benchmark
across a wide signal-to-noise range, with special attention to short-window classification, repeated-seed stability, off-diagonal
confusion patterns, certainty fidelity, and behavior under receiver mismatch. The primary task uses cropped observation windows
shorter than the original benchmark span, so that the classifier must operate under deliberate information scarcity. Relative to
matched single-stream and late-concatenation baselines, the proposed network improves global accuracy and macro-averaged
recall, with the clearest gains appearing in the intermediate low-SNR region where fragile local evidence still exists but is easily
suppressed by conventional deep encoders. Additional tests under carrier offset, IQ imbalance, clipping, and impulsive corruption
show that the model degrades more smoothly than comparison systems. The results suggest that reciprocal cross-scale interaction
is a useful empirical design principle when short-window signal classification must remain stable under noise and hardware-related
perturbation.

1. Introduction

Automatic signal classification has become a recurrent re-
quirement in radio monitoring, adaptive front-end control,
low-latency receiver pipelines, and electromagnetic scene
analysis [1]. In many of these settings the classifier is not
granted the luxury of long observation intervals, perfect syn-
chronization, or a clean channel. Instead, it receives a short
fragment whose class-defining structure may be partially
hidden by additive noise, carrier misalignment, amplitude
fluctuation, multipath, and hardware-specific nonlinearities.
This difficulty is magnified when the label space contains
waveform families that share coarse spectral appearance but
differ in more fragile temporal or phase-domain details.
Under such conditions the classifier must do more than
recognize a broad signal type. It must preserve traces of
local morphology while also collecting enough wide-span
evidence to avoid being misled by transient artifacts.

The standard response to this problem has been to deepen

the encoder or to widen its receptive field. Such changes
are often helpful because broader contextual support allows
the model to smooth nuisance variation and stabilize its de-
cision surface. However, deeper processing has a side effect
that is easy to overlook in practice. When the observation
window is short, the features most useful for class separation
may occupy only a few narrow intervals. A very deep en-
coder can learn to treat those intervals as statistically volatile
and compress them into more generic representations. The
outcome is a network that appears strong in aggregate yet
repeatedly confuses a subset of structurally similar classes in
difficult noise regimes. The issue is therefore not whether
large-scale contextual evidence is valuable [2]. It clearly is.
The issue is whether the architecture provides an explicit
path by which delicate short-span evidence can survive long
enough to influence the final decision.

This point has been visible, in different forms, across re-
cent work on data-driven waveform recognition. Residual
transport, grouped transformations, and channel reweight-
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Figure 1. Short-window classification protocol. Each complex-baseband record is treated as a 128-sample IQ sequence, training uses
random 96-sample crops, inference uses four fixed 96-sample crops, and the final decision is taken from the averaged posterior. This
diagram is useful when presenting the deliberate information-scarcity setting that motivates the model.

Table 1. Short-window (T=96) performance comparison across models

Model Accuracy (%) Macro Recall (%) ECE

BCSA-Net 59.8 58.1 0.047
DRS 56.4 54.2 0.061
TPC 57.1 55.0 0.057
LSA 55.6 53.8 0.064

ing have all been explored as ways to improve learning
efficiency and suppress interference. Zou et al. (2022) [3]
examined low-SNR modulation recognition with residual
feature reuse and channel emphasis, and their study high-
lights a broader lesson that motivates the present paper:
classification quality depends not only on backbone depth
but also on how representational information from different
levels is retained and reintroduced once the network begins
to aggregate aggressively. That lesson suggests that the
short-window problem should be addressed as a question
of scale interaction rather than as a question of depth alone.

The present study develops an empirical paper around
that question. Instead of using a single dominant feature
hierarchy, the proposed model maintains two routes with
distinct roles. One route remains close to the input res-
olution and is designed to remain responsive to narrow
waveform events, abrupt phase progression, and local enve-
lope changes. The other route expands receptive support
more rapidly and is designed to summarize broader tem-
poral organization. The novelty of the design does not lie

merely in having two routes. Many networks expose more
than one level of representation [4]. The difference here is
that the two routes exchange information in both directions
through reciprocal alignment bridges. The fine-resolution
route can inject local structure into the broader route after
it has already undergone morphology-sensitive processing,
and the broader route can in turn modulate the interpreta-
tion of local evidence by supplying a context-aware latent
template. The model then performs classification from a
fused representation that is not a simple late concatenation
but the outcome of an explicit alignment procedure.

The paper is empirical in a specific sense. The goal is
not to introduce a broad architectural manifesto or to claim
a universal solution. The goal is to determine whether
bidirectional cross-scale alignment changes measurable be-
havior under controlled stress. The study therefore empha-
sizes repeated-seed evaluation, matched comparison models,
shortened observation windows, and distortion conditions
that were not present during training. These choices are
deliberate. A model can gain one or two points of global
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Figure 2. Overall BCSA-Net layout. A gentle stem preserves early temporal detail, then the model splits into a fine-resolution branch
and a broader-context branch. Their information is exchanged through reciprocal bridges before being projected to a shared lattice and
summarized by a compact statistics-based classifier head.

accuracy for reasons that have little to do with its intended
mechanism. By contrast, if a model improves most strongly
when the observation is deliberately shortened, if it redis-
tributes errors away from a few dominant off-diagonal des-
tinations, and if it loses less performance under receiver
mismatch, then the evidence is more closely aligned with
the proposed explanation.

The benchmark setup is chosen to make these tests
meaningful. The data span both analog and digital signal
families across a broad SNR range, so that the study includes
class pairs that are difficult for different reasons. Some pairs
require sensitivity to local phase evolution, some require
attention to subtle envelope behavior, and some are affected
strongly by whether the classifier can accumulate enough
context to avoid overreacting to noise [5]. The evaluation
metrics therefore extend beyond global accuracy. Macro-
averaged recall is used to reveal whether improvement is
concentrated in already easy classes or distributed across the
label space. Certainty fidelity metrics are included because
a method that becomes more aggressive but less trustwor-
thy would be of limited practical value. Pairwise confusion

structure is inspected because short-window recognition
systems often fail by collapsing toward a small subset of
wrong labels rather than by making uniformly diffuse er-
rors.

The central empirical hypothesis is modest. If a net-
work is forced to classify shorter windows than the original
benchmark provides, then reciprocal interaction between a
fine-resolution route and a broad-context route should yield
a better robustness profile than either a single deep hierarchy
or an architecture that simply concatenates representations
from multiple stages. The word profile is important. The
point is not only to raise the final number on a leaderboard.
The point is to modify how the classifier responds as the
evidence becomes weak, partial, or perturbed by receiver-
side mismatch. A system that preserves local evidence too
aggressively may become vulnerable to spurious transients,
while a system that trusts broad context too heavily may
erase the exact details needed to separate difficult classes. A
bidirectional alignment mechanism is attractive because it
allows the model to preserve both while giving each one a
way to check the other.
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Figure 3. Reciprocal cross-scale alignment block. Fine-route features and coarse-route features are first projected to a common latent
width, then two content-dependent alignments are computed so that each branch receives a context-aware update from the other. The
dashed paths indicate residual carry-through from the original branch states.

Table 2. Full-window (T=128) performance comparison

Model Accuracy (%) Macro Recall (%) ECE

BCSA-Net 63.7 62.1 0.041
DRS 60.9 58.7 0.055
TPC 61.4 59.3 0.052
LSA 60.2 58.0 0.058

The remainder of the paper is organized accordingly
[6]. The next section describes the benchmark, the short-
window protocol, the receiver-mismatch battery, and the
comparison models. A following section formulates the bidi-
rectional cross-scale alignment network in mathematical
detail. The training procedure is then presented, including
the reciprocal translation penalty, stochastic route silencing,
and the disagreement-sensitive focusing schedule used in
optimization. After that, the results section reports global
and SNR-resolved findings, followed by a section devoted
to error geometry, route contribution analysis, and mis-
match behavior. The conclusion returns to the practical
implications of the empirical evidence for short-window
signal classification under adverse conditions.

2. Dataset, Preprocessing, and Evaluation Protocol
The empirical study uses a widely adopted complex-baseband
benchmark containing eleven signal categories distributed
over a signal-to-noise ratio range from −20 dB to 18 dB
in steps of 2 dB. Each example consists of paired in-phase
and quadrature sequences of length 128. The category set
includes both analog and digital families, which is useful
for this study because the distinction between classes is not
governed by a single shared geometric rule. Some classes
are separated mainly by phase-related behavior, others by

broader envelope and frequency characteristics, and oth-
ers by more subtle interactions of local and global cues.
The benchmark therefore provides a suitable environment
for testing whether a model that explicitly links fine and
coarse representational scales changes the way errors are
distributed.

Rather than using the full window as the primary task,
the study deliberately creates a harder short-window setting.
During training, each example is converted into a contigu-
ous crop of length 96 drawn from the original 128 samples.
The crop position is chosen randomly at each epoch, which
increases exposure to partial observability without invent-
ing synthetic waveform content [7]. At test time, four fixed
crops are extracted from each example, and the final pos-
terior is obtained by averaging the corresponding model
outputs. This decision serves two purposes. First, it simu-
lates a realistic setting in which the classifier must operate
before it has a fully stable or fully long observation. Second,
it turns the benchmark into a more demanding problem
where local evidence can disappear if the architecture com-
presses too aggressively. A secondary experiment is run
on the full 128-sample window in order to determine how
much of the observed advantage is specific to shortened
observations and how much persists when the model has
access to the complete span.
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Figure 4. Adaptive fusion and decision head. The fine-route and coarse-route tensors are projected to a shared lattice, combined through
a learned route-selection field and a low-rank interaction term, then summarized by weighted first- and second-order statistics before the
classifier produces the final logits.

Table 3. Intermediate low-SNR (−12 to 0 dB) accuracy

Model Accuracy (%) Gain vs DRS Rank

BCSA-Net 41.6 +4.4 1
TPC 38.4 +1.2 2
DRS 37.2 0.0 3
LSA 36.5 -0.7 4

The dataset is partitioned in a stratified manner so that
each signal class and each SNR level are represented propor-
tionally in training, validation, and testing. The split used
throughout the paper is 65% for training, 15% for valida-
tion, and 20% for testing. Because the original benchmark
contains a large number of samples, the study further repeats
the full split-and-train cycle for five independent random
seeds. All reported quantities are means over these seeds
unless otherwise noted. This repeated design is valuable
because small differences between models can sometimes
arise from favorable initialization or from incidental sam-
pling differences in validation performance. A five-seed
protocol reduces the likelihood that the conclusions depend
on a single random trajectory.

Each waveform is represented as a matrix X ∈ R2×T ,
with the first row storing the in-phase component and the
second row storing the quadrature component. Before be-

ing fed to the network, each row is centered to zero mean
at the window level. No per-window standardization to
unit variance is applied [8]. That omission is intentional.
While such standardization can simplify optimization, it
also removes some amplitude behavior that may remain in-
formative in difficult class pairs. Instead, numerical stability
is handled inside the network by affine normalization layers
whose parameters are learned jointly with the rest of the
model.

Training-time augmentation is kept physically plausible
and intentionally light. A random global phase rotation is
applied to reflect carrier-phase uncertainty. A small timing
shift is introduced by circular or near-circular displacement
within the crop bounds. A modest amplitude scaling is
drawn to reflect front-end gain variation. Additional Gaus-
sian corruption may be applied, but the variance of that
corruption is tied to the native SNR slice of the example so
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Figure 5. Training objective and regularization flow. The optimization combines classification pressure with reciprocal translation
consistency, early route-selection entropy support, and stochastic route silencing, while the input pipeline uses physically plausible
waveform perturbations instead of heavy synthetic rewriting of the signal.

Table 4. Off-diagonal dominance ratio at −8 dB

Model Ratio (%) Reduction vs DRS Behavior

BCSA-Net 57.9 -8.9 Diverse errors
TPC 63.5 -3.3 Moderate spread
DRS 66.8 0.0 Attractor-heavy
LSA 68.1 +1.3 Highly concentrated

that high-quality examples are not artificially pushed into
unrealistic operating regimes. The training pipeline also
includes occasional narrow impulsive disturbances, but at a
lower frequency than the dedicated mismatch battery used
later at test time. The point of these perturbations is not
to teach the model every possible artifact. It is to prevent
brittle reliance on one exact nuisance profile.

The evaluation metrics are broader than top-1 accuracy
[9]. Global accuracy remains necessary because it gives a
single summary of recognition quality. Macro-averaged re-
call is also reported because it weights all classes equally and
therefore reveals whether improvement is concentrated in
already dominant categories. Negative log-likelihood and
expected calibration error are included to measure how well
the predicted posterior aligns with empirical correctness.
This is important because models that rely heavily on sharp
local cues can become overconfident on examples where
those cues are only weakly present. In addition, the paper
tracks an off-diagonal dominance ratio. For a confusion ma-
trix at a given SNR slice, the off-diagonal dominance ratio
is the fraction of total mistakes absorbed by the three most
common wrong labels. A high value means that uncertain

examples are being pulled disproportionately toward a few
attractor classes, which is often a sign of representational
collapse under adverse conditions.

Comparison models are chosen to test specific alterna-
tives. The first baseline is a single-route dilated residual
stack, abbreviated DRS. It uses a conventional deep hier-
archy with progressively enlarged receptive support and
grouped convolutions, but it does not expose early fine-
resolution information once later stages become dominant.
The second baseline is a temporal pyramid concatenation
model, abbreviated TPC. It extracts activations from early,
middle, and late stages and combines them by direct chan-
nel concatenation before the classifier head. This baseline
matters because it controls for the possibility that any bene-
fit comes merely from access to features from several depths
[10]. The third baseline is a lightweight self-attention en-
coder, abbreviated LSA, which operates on patchified tem-
poral tokens obtained from the IQ sequence. It provides
a comparison to an architecture with global receptive sup-
port but without an explicit bias toward preserving local
morphology. All baselines are matched to the proposed
network within a narrow parameter range so that results
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Figure 6. Receiver-mismatch and evaluation battery. After training, the model is stressed with carrier offset, IQ imbalance, soft clipping,
and impulsive corruption, then judged with global and class-balanced accuracy measures, certainty fidelity, concentration of off-diagonal
confusions, and cross-crop stability.

Table 5. Ablation study on short-window task

Configuration Accuracy (%) ∆ Note

Full BCSA-Net 59.8 0.0 Reference
No alignment bridges 57.6 -2.2 Weak interaction
No route selection 57.9 -1.9 Uniform fusion
No bilinear mixer 58.9 -0.9 Reduced coupling
No route silencing 58.2 -1.6 Collapse risk

are not dominated by brute-force scaling.

The receiver-mismatch battery is defined separately
from ordinary test evaluation. It is applied only after train-
ing is complete. Four mismatch families are used. The
first is residual carrier offset, implemented as an additional
complex exponential rotation whose frequency lies outside
the augmentation range used in training. The second is IQ
imbalance, modeled through unequal scaling of the I and Q
channels together with a small phase mismatch. The third
is soft clipping, applied at a percentile threshold so that only
the strongest portions of the waveform are compressed. The
fourth is impulsive contamination, implemented as sparse
high-amplitude disturbances affecting a small subset of time
indices. None of these conditions alters the underlying label.
Their purpose is to determine whether the recognition sys-
tem relies on a fragile single-scale explanation or whether
it can preserve performance when different parts of the
evidence are distorted.

A final aspect of the protocol concerns inference under
multiple crops [11]. For the primary 96-sample task, the
model predicts four posteriors per original example, one
for each fixed crop. The averaged posterior is used as the
main reported output. However, crop agreement is also
recorded. This auxiliary statistic measures the variance

of the logit vector across the four crops and provides an
indirect view of whether the model is sensitive to minor
shifts in where the short observation begins. If a network is
too dependent on one narrow local event, then small crop
changes can destabilize its predictions. If it is too coarse, the
crop positions may not matter at all, but that invariance may
come from suppressing informative local details. The crop
agreement measure therefore gives an additional window
into how the model balances the use of local and broad
evidence.

3. Bidirectional Cross-Scale Alignment Network
The proposed architecture is called the bidirectional cross-
scale alignment network, abbreviated BCSA-Net. Its defin-
ing feature is not simply that it contains more than one pro-
cessing route. Its defining feature is that a fine-resolution
route and a broad-context route exchange information by
learned reciprocal mappings before the final decision is
formed. The intent is to let locally sensitive features re-
main available after several rounds of contextual aggrega-
tion, while also allowing the broader route to reshape how
local activity is interpreted.

Let the input be X ∈ R2×T , where T = 96 in the pri-
mary experiment and T = 128 in the secondary experiment.
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Figure 7. Overall comparison under the short-window primary task (left) and the full-window secondary task (right). BCSA-Net
leads all matched baselines in both global accuracy and macro-averaged recall, with the larger relative gain appearing in the cropped
short-window regime.

DRS TPC LSA BCSA

36

38

40

42
!

Ac
cu

ra
cy

(%
)

DRS TPC LSA BCSA
4

5

6

·10−2

8

EC
E

DRS TPC LSA BCSA

55

60

65

70
.

To
p-

3
er

ro
rm

as
s(

%
)
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A stem operator transforms the input into an initial latent
tensor S0 ∈ RC0×T . The stem uses narrow convolutions
of widths 3 and 5, affine normalization, and a smooth non-
linearity [12]. The design is intentionally gentle. The first
transformation does not downsample the signal, because
early downsampling would remove exactly the short-span
characteristics that the fine-resolution route is meant to
preserve.

From S0 two routes are created. The fine-resolution
route, denoted by {F1, . . . , Fm}, uses short kernels, residual
additions, and only one mild reduction in temporal length.
Its purpose is to remain responsive to local waveform traits.
The broad-context route, denoted by {C1, . . . ,Cn}, ex-
pands receptive support more aggressively through dilated
grouped convolutions and bottleneck transformations.

The crucial mechanism appears after the first and sec-
ond stages of processing. At these points the model forms
reciprocal alignment bridges. Suppose Fr ∈ RCF×TF is an
intermediate tensor from the fine route and Cs ∈ RCC×TC

is a corresponding tensor from the broad route. Because

the two tensors have different channel counts and different
temporal lengths, they are first projected into a common
latent width d. The fine-to-broad alignment uses a query
derived from the broad tensor and keys and values derived
from the fine tensor. The broad-to-fine alignment uses the
reverse direction. The alignment matrices are [13]

AF→C = softmax

(
(WQ

CCs)⊤(WK
FFr)√

d

)

AC→F = softmax

(
(WQ

FFr)⊤(WK
CCs)√

d

)
. (1)

These matrices define how each route views the other at
the latent level. The updated tensors are then

C̃s = Cs + WV
F FrA⊤

F→C

F̃r = Fr + WV
CCsA⊤

C→F. (2)

In words, the broad route receives a context-conditioned
injection of fine-route information, while the fine route
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Table 6. Inference-time route suppression analysis (T=96)

Setting Accuracy (%) Drop Impact

Full model 59.8 0.0 Balanced
No fine route 57.0 -2.8 Local loss
No broad route 54.6 -5.2 Context loss

receives a locally indexed summary from the broad route.
This differs from ordinary skip transport because the ex-
change is content-dependent rather than fixed.

After the reciprocal bridges have been applied at two
stages, the terminal tensors from the two routes are pro-
jected to a shared lattice. Let PF and PC denote projection
operators that map the terminal tensors intoU,V ∈ Rdf ×T∗

.
The shared lattice is chosen so that the temporal length T∗

is shorter than the original window but still long enough
to retain position-sensitive evidence. The model does not
simply concatenate U and V. Instead, it computes a route
selection field that determines how much each route should
contribute at each latent position:

R = σ(WR ∗ [U∥V] + bR) . (3)

Here σ is a sigmoid nonlinearity and ∗ denotes a compact
convolution over the shared lattice. The fused representa-
tion is

H = R⊙U + (1− R) ⊙V + B(U⊙V), (4)

where B is a low-rank bilinear mixer. The first two terms
implement adaptive route selection. The third term captures
cross-products that become useful when a local cue matters
only in the presence of a compatible broader pattern.

The classifier head is designed to preserve more informa-
tion than ordinary mean pooling. Let ht be the tth column
of H. A score function produces a scalar evidence strength
for each time location, and a normalized weight vector ω is

obtained through softmax. The final summary uses both the
weighted mean and a weighted centered second moment:

ωt =
exp(g(ht))∑T∗
τ=1 exp(g(hτ))

µ =
T∗∑
t=1

ωtht

ν =
T∗∑
t=1

ωt(ht − µ)⊙2

z = [µ∥ν]. (5)

The vector z is passed through an affine map to produce the
class logits. The second-moment term is included because
some signal families produce concentrated evidence whereas
others are more diffuse even when recognized correctly
[14]. Retaining dispersion information therefore improves
discrimination without requiring a larger sequence model.

The network also attaches auxiliary heads to the termi-
nal states of the two routes before final fusion. These heads
are lightweight and are not used as the final output. Their
main role is diagnostic and regularizing. During training
they provide branch-specific logits that reveal whether one
route has become dominant or whether the routes disagree
in a useful way. During analysis they help estimate which
route is carrying the burden of classification at different
SNR levels and under different types of distortion.

A final architectural ingredient is stochastic route si-
lencing during training. With a small probability ps, either
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Table 7. Receiver mismatch: short-window accuracy drop

Mismatch BCSA DRS TPC

Carrier offset -4.3 -5.8 -5.1
IQ imbalance -3.6 -4.9 -4.4
Clipping -3.2 -4.1 -3.8
Impulsive noise -5.1 -7.0 -6.4

the fine route or the broad route is temporarily suppressed
before the shared-lattice projection, though never both at
once. If ξF, ξC ∈ {0, 1} are Bernoulli variables with the
constraint ξF + ξC ≥ 1, then the projected tensors become
ξFU and ξCV in that iteration. This encourages the fused
model to avoid complete dependence on one route. The
mechanism is related in spirit to dropout, but it operates at
the route level rather than at the unit level, which is more
appropriate for a model whose main design claim concerns
the coexistence of two distinct representational channels.

The parameter count of BCSA-Net is kept within the
same rough scale as the comparison models. In the primary
implementation the network uses 1.74 million trainable pa-
rameters, compared with 1.69 million for DRS, 1.78 million
for TPC, and 1.71 million for LSA. Computational cost is
moderately higher than that of DRS because of the recip-
rocal alignment bridges, but lower than that of a heavier
self-attention alternative that would use full global interac-
tion at every stage [15]. This parameter parity is important
because the empirical study seeks to isolate the benefit of
the alignment mechanism rather than to rely on a larger
parameter budget.

4. Training Objective and Inference Rule
The model is trained to minimize a composite objective
that combines discriminative accuracy with penalties cho-

sen specifically for reciprocal scale interaction. The starting
point is the ordinary cross-entropy between the fused pos-
terior and the ground-truth label. If the fused logit vector
for example i is ℓi and the corresponding posterior is p̂i,
then the base loss is the standard negative log-likelihood
for the correct class. However, cross-entropy alone is not
sufficient for this architecture. In early pilot experiments,
the broad route often became dominant because it learned
smoother features more quickly. Once that dominance was
established, the fine route received weaker gradients and
contributed progressively less, especially on easier examples.
The composite objective is therefore designed to keep the
two routes semantically connected while preserving their
distinct roles.

The first additional term is a reciprocal translation penalty.
At each alignment stage, the model computes compact sum-
maries of the fine and broad route tensors by weighted tem-
poral averaging. These summaries are then passed through
learned linear maps that attempt to predict one from the
other. Let rFk and rCk denote the stage-k summaries. The
reciprocal translation penalty is

Lrt =
∑

k

∣∣∣0TF→C
k rFk − rCk

∣∣∣ 02
2

+
∑

k

∣∣∣0TC→F
k rCk − rFk

∣∣∣ 02
2. (6)
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Figure 11. Receiver-mismatch battery for the short-window task. Across carrier offset, IQ imbalance, soft clipping, and impulsive
contamination, BCSA-Net undergoes the smallest degradation. The separation is especially visible under impulsive corruption, where
local waveform evidence is most vulnerable to distortion.
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Figure 12. Full-window robustness and mismatch calibration. Left: carrier-offset drop. Middle: impulsive-noise drop. Right: the
explicitly reported impulsive-noise calibration values also favor BCSA-Net over DRS, showing that the robustness advantage is not
limited to accuracy alone.

This term does not force the routes to become identical.
Instead, it encourages each route to contain enough label-
relevant information that the other route can be approxi-
mated through a learned map [16]. In effect, the penalty
keeps the semantic content of the two routes mutually in-
telligible while allowing their detailed representations to
remain different.

The second additional term addresses the tendency of
a classifier to treat hard examples too casually when the
posterior is uncertain. A disagreement-sensitive focusing
schedule is therefore used. Let ℓF

i and ℓC
i denote the branch-

specific logits from the auxiliary heads. Their disagreement
magnitude is

δi =
∣∣∣0ℓF

i − ℓC
i

∣∣∣ 02. (7)

A focusing exponent for example i is then defined as γi =
γ0 + κδi, with γ0 > 0 and κ > 0. The classification term be-
comes a disagreement-sensitive focal-style loss rather than

plain cross-entropy. This means that when the two routes
disagree strongly, the optimization places more emphasis
on the example. The rationale is straightforward. Examples
on which the routes disagree are often exactly the examples
where one route sees a useful clue and the other route is
unconvinced. Pushing harder on such examples encourages
the network to learn a more coherent reconciliation.

A third term controls route-selection collapse. The
route selection field R should adapt across examples and
across latent positions. If it converges too early to values
close to 0 or 1 everywhere, the model effectively discards
one route. To discourage that behavior, the loss includes
an entropy encouragement term during the first half of
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Table 8. Route selection contribution across SNR regimes

SNR Range Fine Route (%) Broad Route (%) Trend

High (> 10 dB) 44 56 Context dominant
Mid (−10 to −2 dB) 49 51 Balanced
Low (< −16 dB) 39 61 Context fallback

Table 9. Calibration and likelihood metrics (short-window)

Model ECE NLL Stability

BCSA-Net 0.047 Best High
DRS 0.061 Moderate Medium
TPC 0.057 Moderate Medium
LSA 0.064 Weak Low

training:

Lsel = − 1
df T∗

df∑
c=1

T∗∑
t=1

(
Rc,t log Rc,t

+ (1 − Rc,t) log(1 − Rc,t)
)

. (8)

This term is annealed after the midpoint of training so that
the model is free to become more decisive later [17]. The
annealing strategy matters. If the entropy encouragement
remains strong indefinitely, the network can become reluc-
tant to exploit genuine asymmetry between routes when
one route is clearly more reliable on a specific example.

The full loss for a batch is

L = Lclf + λrtLrt + λselLsel

+ λwd|0Θ|02
2, (9)

where Lclf denotes the disagreement-sensitive classification
term and Θ denotes the collection of trainable parameters.
The weight decay coefficient is standard, but the other co-
efficients are tuned on the validation split with an explicit
preference for stable performance across SNR slices rather
than peak validation accuracy alone. In the final configura-
tion, λrt = 0.07 and λsel begins at 0.02 before being linearly
annealed to zero.

Optimization uses AdamW with an initial learning rate
of 2.5 × 10−3, five epochs of warmup, and cosine decay
thereafter. Training lasts for 110 epochs, though early stop-
ping is activated if validation negative log-likelihood fails
to improve for twelve epochs. Mini-batches are assembled
by stratified sampling across coarse SNR bands. This re-
duces the risk that early training is dominated by high-SNR
examples, a situation that would otherwise encourage the
model to settle into a solution that performs well when the
waveform is clean but is underprepared for the noisy slices
that motivate the study.

The stochastic route-silencing probability is set to 0.15.
In other words, in roughly 15% of iterations one route
is suppressed before fusion. The route to be silenced is

selected uniformly, subject to the constraint that both routes
are not suppressed simultaneously. Empirically, this small
intervention had a clear stabilizing effect. Without it, the
broad route often accumulated larger gradients and the fine
route became a weak accessory [18]. With it, the fine route
retained sufficient discriminative strength to matter at test
time, especially on the short-window task.

Inference is slightly richer than the basic fused posterior.
For each crop, the fused posterior is the main output. How-
ever, the final logit vector also includes a mild agreement-
based correction from the branch-specific auxiliary heads.
Let ℓ̄i be the average of the two auxiliary logits and let δi
be the branch disagreement defined above. The corrected
logit is

ℓ∗i = ℓi + ρ exp(−τδi)ℓ̄i, (10)

with small fixed constants ρ and τ. When the two routes
agree, the correction modestly reinforces the decision. When
they disagree, the correction is attenuated. This mecha-
nism improved certainty fidelity slightly without materially
changing the ranking behavior of the classifier. In the
multi-crop test setting, the corrected posteriors from the
four crops are averaged to obtain the final example-level
posterior.

Monitoring during training includes several route-specific
quantities. The average norm of the gradients entering the
fine-route and broad-route projection layers is recorded
at every epoch. The mean entropy of the route-selection
field is also tracked, along with validation expected calibra-
tion error and crop-to-crop logit variance on the validation
set [19]. A stable run is characterized by nontrivial route-
selection entropy in the early epochs, moderate gradient
norms for both routes, and gradual reduction of crop vari-
ance as the model matures. These diagnostics are not part
of the loss itself, but they were useful for selecting a config-
uration that remained faithful to the intended mechanism.

5. Results
The primary short-window experiment uses the 96-sample
crop protocol. Under this setting, BCSA-Net achieves a
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mean global test accuracy of 59.8% across the five random
seeds. The corresponding values for DRS, TPC, and LSA
are 56.4%, 57.1%, and 55.6%, respectively. The proposed
model therefore improves upon the strongest comparison
model by 2.7% in absolute accuracy. The difference is more
meaningful when viewed through macro-averaged recall,
which is 58.1% for BCSA-Net, 54.2% for DRS, 55.0% for
TPC, and 53.8% for LSA. The larger margin in macro-
averaged recall indicates that the gain is not concentrated
in already favorable classes. Instead, it is distributed more
broadly across the label space.

When the classifier is allowed to use the full 128-sample
window, all methods improve, as expected. Under this
secondary setting, BCSA-Net reaches 63.7% mean global
accuracy, compared with 60.9% for DRS, 61.4% for TPC,
and 60.2% for LSA. Macro-averaged recall becomes 62.1%,
58.7%, 59.3%, and 58.0%, respectively. The margin shrinks
slightly relative to the short-window case, which is consis-
tent with the notion that full-window access partly compen-
sates for the lack of explicit scale interaction in the baselines
[20]. Yet the proposed architecture remains the best per-
former, and the persistence of the gap suggests that recipro-
cal alignment is not merely a trick for severe cropping. It
remains useful when the model has more evidence, though
the relative benefit is strongest when the observation is
deliberately shortened.

The SNR-resolved curves reveal where the differences
arise. At the highest SNR values above 10 dB, the gap
among models is modest, generally within about 1.0% to
1.5% of accuracy. In that regime the signal is clean enough
that even the single-route architectures can recover most
of the class structure. The gap widens in the intermediate
low-SNR band. Between −12 dB and 0 dB in the short-
window setting, BCSA-Net attains an average accuracy
of 41.6%, whereas DRS, TPC, and LSA achieve 37.2%,
38.4%, and 36.5%, respectively. The absolute gain of 4.4%
over DRS is the clearest quantitative sign that the proposed
mechanism matters most when local evidence is weak yet
not completely absent.

The very lowest SNR slice below roughly −16 dB is
instructive for a different reason. There, all models perform
poorly and the margins narrow. BCSA-Net still retains a
small advantage, but the difference is less dramatic than in
the intermediate band. This behavior is sensible [21]. Once
the observation becomes dominated by noise, no architec-
tural rearrangement can recreate fine structure that is no
longer present. The value of reciprocal scale interaction is
therefore not that it defeats information loss in the extreme.
Its value is that it preserves faint but genuine signal cues
long enough to matter before they are erased by a purely
contextual hierarchy.

The class-specific results show that the improvements
are not uniform. In the short-window task, the largest recall
gains appear in class pairs known to be difficult when only
partial observations are available. The recall for a phase-
sensitive digital class rises by 6.2% relative to DRS in the
−10 dB to −2 dB band, and the recall for one of the analog

classes rises by 5.7% over the same range. The two QAM
families remain difficult across all models, but BCSA-Net
still improves their average recall by approximately 3.0%
to 3.5% in the short-window case. By contrast, the easiest
high-SNR classes show only minor changes. This pattern
is exactly what the architecture was intended to produce:
gains concentrated where the standard deep hierarchy has
the greatest tendency to suppress class-defining detail.

The off-diagonal dominance ratio provides additional
perspective. At −8 dB in the short-window setting, the
three most frequent wrong labels absorb 66.8% of all DRS
errors, 63.5% of all TPC errors, and 68.1% of all LSA errors.
The corresponding ratio for BCSA-Net is 57.9%. A reduc-
tion of nearly nine points relative to DRS means that the
proposed model no longer channels uncertainty into the
same small set of attractor classes at the same rate [22]. This
does not imply that the model becomes uniformly confused.
Rather, it indicates that its mistakes are less dominated by
one coarse explanation of the data. In practical terms, the
classifier maintains a richer set of alternatives when evidence
is poor.

Certainty fidelity follows the same trend. On the pri-
mary short-window task, expected calibration error is 0.047
for BCSA-Net, compared with 0.061 for DRS, 0.057 for
TPC, and 0.064 for LSA. Negative log-likelihood is likewise
best for the proposed model. The effect is most visible in the
intermediate low-SNR band, where branch disagreement
is common and the disagreement-sensitive focusing term
in training becomes active. This matters because a model
that improves accuracy by becoming sharply overconfident
would be less useful in operational systems where down-
stream decisions depend on the trustworthiness of posterior
scores.

Crop agreement is another area where the proposed
model behaves differently. Recall that the primary task aver-
ages predictions over four fixed crops per original example.
The variance of the corrected logits across those crops is
lower for BCSA-Net than for the comparison systems, but
not trivially low. DRS shows higher variance because it
can be sensitive to whether a critical local event survives
the crop, while LSA shows moderate variance but lower
overall accuracy. BCSA-Net combines lower crop variance
with higher recognition quality, which suggests that it is
not simply keying off one narrow event [23]. Instead, it
retains enough local sensitivity to benefit from informative
crop positions while using broad-route support to reduce
instability across nearby crops.

The ablation study clarifies which parts of the design
are responsible for the observed behavior. Removing the
reciprocal alignment bridges and leaving the rest of the net-
work intact reduces short-window accuracy from 59.8%
to 57.6%. Removing the route-selection field and replac-
ing it with simple averaging yields 57.9%. Removing the
low-rank bilinear mixer yields a smaller reduction to 58.9%,
indicating that cross-products are helpful but not the main
source of the gain. Turning off stochastic route silencing
reduces short-window accuracy to 58.2% and increases ex-
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pected calibration error to 0.053. Finally, removing the
reciprocal translation penalty while keeping everything
else in place results in 57.8% accuracy and visibly weaker
macro-averaged recall. These ablations show that no single
component explains the full effect. The empirical advan-
tage comes from the combination of bidirectional exchange,
adaptive route selection, and training procedures that pre-
vent route collapse.

One particularly informative test disables each route at
inference time after training has already finished. When
the fine route is suppressed, short-window accuracy falls
from 59.8% to 57.0%. When the broad route is suppressed,
it falls further to 54.6% [24]. The asymmetry is expected
because the broad route carries more stable class informa-
tion on average. Yet the two-point difference between the
full model and the fine-suppressed model is meaningful,
especially because it is concentrated in the intermediate
low-SNR band. This demonstrates that the fine route is not
an ornamental addition. It provides a measurable share of
the gain exactly where delicate local evidence still exists.

The full-window secondary task shows similar though
slightly muted ablation trends. Removing the reciprocal
bridges reduces accuracy from 63.7% to 61.9%, and replac-
ing adaptive route selection by uniform averaging reduces
it to 62.1%. Suppressing the fine route at inference time
lowers accuracy to 61.6%, whereas suppressing the broad
route lowers it to 58.8%. Even with the complete 128-
sample window, both routes remain useful. The greater
resilience of the broad route is unsurprising, but the re-
maining contribution of the fine route confirms that local
evidence continues to matter even when more context is
available.

6. Error Geometry and Route Contribution Analysis
Aggregate metrics are helpful but incomplete. To under-
stand why the proposed model behaves differently, the error
structure must be examined more closely. The confusion
matrices reveal that BCSA-Net changes not only the num-
ber of errors but also their topology. In DRS and LSA,
low-SNR failures often gather into dense columns corre-
sponding to a few broad prototype labels [25]. This means
that a large portion of uncertain examples are mapped into
the same simplified explanation. TPC softens that tendency
somewhat because late concatenation provides access to
more than one stage of representation. However, BCSA-
Net alters the pattern more substantially. The dense attrac-
tor columns become weaker, and some of the error mass
shifts toward secondary alternatives. This suggests that the
model is preserving distinctions that the baselines flatten
away.

The difference is particularly visible in three recurring
confusion relations. The first concerns a phase-oriented
digital pair whose broad temporal behavior is similar but
whose local phase progression differs. Under short-window
cropping, DRS often merges these classes once SNR drops
below −6 dB. BCSA-Net still confuses them, but the con-

fusion probability is consistently lower by several points
across seeds. The second relation concerns one analog class
and a frequency-dominated class that share broad energy
distribution when observed briefly. Here the fine route
appears to matter more, as shown by the fact that silencing
the fine route sharply increases confusion between them.
The third relation concerns the two QAM families, whose
separation remains difficult even for the proposed model.
Yet BCSA-Net reduces the asymmetry of this confusion,
meaning that mistakes are less one-sided and more balanced
[26]. That behavior is consistent with a model that retains
more nuanced evidence rather than one that defaults to a
single fallback class.

The route-selection field offers direct insight into how
the model allocates responsibility. Averaged over correctly
classified high-SNR examples, the selection field assigns
approximately 44% of its mass to the fine route and 56% to
the broad route. In the intermediate band from −10 dB to
−2 dB, the fine-route share rises to about 49% on correctly
classified examples, indicating that local cues become rela-
tively more important when context alone is not enough.
For the very low-SNR slices below −16 dB, the fine-route
share falls back to roughly 39%, suggesting that once local
structure becomes too weak, the model relies more heavily
on the broad route. This nonmonotonic pattern would be
difficult to explain if the route-selection field were merely
learning a static preference. Instead, it indicates an adaptive
regime in which local evidence is emphasized only when it
remains informative.

The branch-specific auxiliary heads confirm this inter-
pretation. On easy high-SNR examples the broad-route
auxiliary head is usually slightly more accurate than the
fine-route head, though both perform well. In the inter-
mediate low-SNR regime the fine-route head improves
relative to the broad-route head for certain class pairs, even
though its global accuracy remains lower. This means that
the fine route captures useful discriminative details that are
not always present but become decisive when they are. The
fused classifier then benefits from having access to both
views [27]. On very noisy slices, both auxiliary heads de-
grade substantially, but the broad-route head remains the
stronger of the two, which is again consistent with the idea
that broad context provides the more reliable fallback once
local structure is no longer recoverable.

The geometry of the latent space supports the same story.
After training, class centroids are computed from the fused
representation and from the route-specific representations.
The average pairwise centroid distance is larger in the fused
space than in either route space alone for the short-window
task. More importantly, the increase is not uniform across
all classes. It is largest for the hard pairs identified above.
A singular-value analysis of within-class scatter shows that
BCSA-Net reduces the expansion of within-class variance
in the intermediate low-SNR regime more effectively than
DRS while preserving broader between-class spacing than
TPC. In other words, the fused representation is not simply
more spread out. It is structured in a way that compresses
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nuisance variability and expands useful separation for diffi-
cult categories.

Another informative analysis measures the consistency
of the reciprocal bridges. For each bridge, the entropy of
the alignment matrix is averaged across examples. Very low
entropy would mean that each position in one route attends
almost deterministically to a tiny subset of positions in the
other route, which could indicate brittle dependence on
one event. Very high entropy would mean that the bridge
is nearly uniform and therefore weakly informative [28].
In the trained BCSA-Net, the bridge entropies settle into a
middle range. They are lower for the fine-to-broad direc-
tion in the intermediate low-SNR band, which suggests that
the broad route learns to seek specific fine-route evidence
when the signal is difficult but not hopelessly corrupted. In
contrast, the broad-to-fine direction becomes somewhat
more diffuse at the lowest SNR levels, consistent with the
idea that the broad route offers a general stabilizing template
rather than a sharply localized correction.

The crop-based analysis adds a practical dimension. Be-
cause the test protocol averages over four fixed crops, it
is possible to inspect how often the model changes its pre-
dicted label across crops before averaging. BCSA-Net shows
fewer label flips than DRS and TPC. Yet when flips do oc-
cur, they are concentrated in examples whose final posterior
remains low-confidence, rather than in examples where the
model is highly confident and wrong. This is desirable. It
means that crop sensitivity is being translated into uncer-
tainty rather than into brittle misclassification. The compar-
ison models exhibit more cases where one crop produces an
overconfident wrong label while another crop produces the
correct label, which suggests that they are more exposed to
the exact placement of a decisive local event.

The route-silencing stress analysis after training is per-
haps the clearest demonstration of complementarity. When
the fine route is disabled only for examples in the intermedi-
ate low-SNR band, the loss is substantially larger than when
it is disabled only for high-SNR examples. Conversely,
disabling the broad route hurts almost everywhere but is
especially harmful for the lowest SNR region and for the
full-window task [29]. This indicates that the two routes do
not offer redundant information distributed evenly across
conditions. Each route has a regime in which its contribu-
tion becomes more pronounced. That empirical pattern is
exactly what a two-route architecture ought to produce if
it is working as intended.

7. Receiver Mismatch Battery
The receiver-mismatch battery evaluates whether the learned
recognition strategy remains usable when the acquisition
process deviates from the training distribution in ways that
are plausible for practical radio systems. The first mismatch
family is residual carrier offset beyond the augmentation
range seen during training. Under this condition, the short-
window accuracy of DRS drops by 5.8%, TPC drops by
5.1%, LSA drops by 6.2%, and BCSA-Net drops by 4.3%.

The difference is not huge, but it is consistent across seeds.
The route analyses suggest that the broad route absorbs
much of the burden here, while the fine route still con-
tributes on examples where local phase behavior remains
readable after the extra rotation.

The second mismatch family is IQ imbalance with both
gain asymmetry and a small quadrature phase error. This
condition is more harmful to models that rely too rigidly
on one exact channel geometry. DRS loses 4.9% short-
window accuracy, TPC loses 4.4%, LSA loses 5.0%, and
BCSA-Net loses 3.6%. The relative advantage of the pro-
posed model appears to come from the fact that the fine
route and broad route are not equally distorted by the im-
balance [30]. The fine route is more sensitive to altered local
shape, but the broad route preserves a more stable summary,
and the reciprocal bridges allow the model to retain use-
ful information from both without overcommitting to the
altered local waveform trace.

Soft clipping produces a different pattern. Because clip-
ping compresses large amplitudes while leaving smaller por-
tions of the signal less affected, it can selectively damage
salient waveform segments. Under this perturbation, DRS
loses 4.1%, TPC loses 3.8%, LSA loses 4.6%, and BCSA-
Net loses 3.2%. The route-selection field shifts away from
the fine route more noticeably under clipping than under
carrier offset, which is reasonable because clipped peaks
can look like exaggerated local evidence when viewed by a
morphology-sensitive route. The model appears to use the
broad route as a safeguard in these cases.

The impulsive contamination condition is the most se-
vere of the four mismatch families. It injects sparse but
strong disturbances at random time positions that were not
represented in the main training distribution. DRS loses
7.0% accuracy in the short-window task, TPC loses 6.4%,
LSA loses 6.8%, and BCSA-Net loses 5.1%. The gain here
is especially relevant because impulsive artifacts directly
challenge the utility of preserving local structure. A fine-
resolution route alone would be vulnerable to such spikes,
but the presence of the broad route and the reciprocal checks
between routes allow the model to downweight local evi-
dence when it appears inconsistent with the broader latent
pattern.

The certainty fidelity metrics remain favorable under
mismatch. Although expected calibration error increases for
all models under the four perturbation families, the increase
is smallest for BCSA-Net in every case [31]. For example,
under impulsive contamination the expected calibration er-
ror rises from 0.047 to 0.061 for BCSA-Net, whereas it
rises from 0.061 to 0.082 for DRS. This matters because
a mismatch-robust classifier should not only preserve ac-
curacy as far as possible; it should also maintain a realistic
account of its uncertainty once the observation departs from
the training regime.

The full-window mismatch experiments show the same
ordering, though all models are somewhat more stable
when the window length is 128. Under carrier offset, the ac-
curacy drops are 3.6% for BCSA-Net, 4.7% for DRS, 4.2%



16 Mohamed Trabelsi et al.

for TPC, and 4.9% for LSA. Under impulsive contamina-
tion, the drops are 4.2%, 5.9%, 5.2%, and 5.5%, respectively.
The reduced severity is expected because more context is
available, but the relative advantage of reciprocal alignment
remains visible. Even when the model has a longer obser-
vation, the existence of two interacting routes still helps
distribute risk under distortion.

A final mismatch analysis inspects which classes suffer
most. The classes that depend heavily on local morphology
remain the most fragile under impulsive contamination, and
the classes that depend more on broad spectral-temporal or-
ganization remain comparatively robust. However, BCSA-
Net narrows the gap between these groups. Its worst-case
class recall under mismatch is consistently higher than that
of the comparison models. This result is not dramatic in
absolute terms, but it is valuable because worst-case class
behavior often determines whether a recognition system
can be trusted in deployment.

8. Conclusion
This paper presented an empirical study of a bidirectional
cross-scale alignment network for short-window signal
classification from raw IQ observations [32]. The study
was motivated by a practical failure mode of conventional
deep encoders: as receptive fields expand and representa-
tions become more invariant, brief discriminative waveform
traits can be weakened or discarded, especially when the
observation is short and noisy. The proposed architecture
addressed that issue by maintaining a fine-resolution route
and a broad-context route, allowing them to exchange infor-
mation through reciprocal alignment bridges, and forming
the final decision from an adaptive fusion of the two.

Across repeated-seed experiments on an eleven-class
benchmark, the model improved global accuracy, macro-
averaged recall, and certainty fidelity relative to matched
single-route and late-concatenation baselines. The gains
were largest in the intermediate low-SNR regime and under
the shortened crop protocol, which is precisely where a
classifier must preserve faint local cues without losing the
stabilizing effect of broader context. Error analysis showed
that the method reduced the extent to which uncertain
examples collapsed toward a small set of attractor labels.
Route-level diagnostics further indicated that the two routes
were not redundant. Their relative importance changed
with SNR, crop position, and distortion type.

The receiver-mismatch battery provided additional evi-
dence that reciprocal scale interaction is not only useful on
the nominal test set. The proposed model degraded more
smoothly than the comparison systems under carrier off-
set, IQ imbalance, clipping, and impulsive corruption. The
empirical interpretation is measured rather than sweeping.
Bidirectional cross-scale alignment does not overcome the
information loss of the most extreme noise regime, and it
does not eliminate all difficult class confusions. What it ap-
pears to do is preserve a broader and more adaptable basis for
decision making when the observation is short, incomplete,

and perturbed. For practical signal classification problems
in such conditions, that property is likely to matter as much
as raw average accuracy [33].
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