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Abstract. Automatic Modulation Recognition (AMR) is
an essential technology for modern wireless communica-
tion systems. However, existing deep learning models are
often computationally complex and frequently overlook the
phase relationships within in-phase/quadrature (I/Q) signals,
thereby hindering their deployment on resource-constrained
devices. This paper introduces TriFusion-Lite, a lightweight,
multi-stream deep learning architecture proposed for op-
timizing both the efficiency and precision in AMR. The
proposed framework initiates with a tailored preprocessing
pipeline that compresses the input signal while enriching its
representation with robust statistical features. A novel four-
stream parallel network then processes this enhanced sig-
nal: 1) a complex-valued convolutional stream to preserve
phase integrity; 2) two parallel 1D convolutional streams
for independent I/Q channel analysis; and 3) a Short-Time
Fourier Transform (STFT) stream to capture spectral char-
acteristics. A hierarchical fusion mechanism then progres-
sively integrates these multi-domain features for final classi-
fication. Comprehensive evaluations on benchmark datasets
demonstrate the effectiveness and competitive performance
of our approach. Our experiments confirm the effectiveness
of compression, showcasing its performance characteristics
across various compression levels. Furthermore, the pro-
posed method achieves competitive results compared to state-
of-the-art approaches, striking an effective balance between
performance and computational efficiency, thereby present-
ing a promising approach for AMR applications on edge de-
vices. The source code of the proposed framework is publicly
available at https://github.com/sansi34jun/TriFusion-Lite.
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1. Introduction
AMR is a foundational technology in modern wireless

communication systems. It identifies how a received sig-
nal is modulated without needing prior information. This
ability is essential for dynamic spectrum access, interference
identification, adaptive communications, and intelligent re-
source management in 5G/6G networks [1]. Traditionally,
AMR methods are typically categorized into two main types:
likelihood-based (LB) and feature-based (FB) approaches.
LB methods, such as the average likelihood-ratio test, are
considered theoretically optimal under known channel con-
ditions. However, they are highly dependent on accurate
channel information, which is frequently unavailable in real-
world, non-cooperative communication scenarios [2]. FB
methods address this limitation by extracting statistical prop-
erties from the signal. For instance, Higher-Order Cumulants
(HOCs) have been employed due to their insensitivity to
Gaussian noise, which aids in distinguishing different signal
shapes [3]. Other early approaches utilized cyclostationar-
ity to analyze modulated signals, as shown in reference [4],
a method aimed at identifying the periodic patterns present in
the signal. However, these FB methods rely on carefully de-
signed “golden features,” which demands expert knowledge.
This limitation has motivated the development of more flex-
ible, data-driven deep learning solutions.

The advent of deep learning, with its powerful hierar-
chical feature extraction capabilities, has revolutionized tra-
ditional machine learning and achieved state-of-the-art per-
formance in diverse domains such as speech recognition [5]
and computer vision [6]. This paradigm shift has naturally
extended to the AMR field, enabling end-to-end feature learn-
ing directly from raw I/Q data. Pioneering work by O’Shea
et al. [7] demonstrated the potential of Convolutional Neu-
ral Network (CNN) based models to outperform traditional
methods on standard datasets. Inspired by this breakthrough,
the research community rapidly advanced the field by ex-
ploring more sophisticated architectures. Furthermore, other
work has employed Long Short-Term Memory (LSTM) net-
works to learn directly from the signal’s amplitude and phase
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features, thus bypassing the complex process of expert feature
extraction [8]. Furthermore, deeper network structures, such
as Residual Networks (ResNet) [9] and Convolutional, Long
Short-Term Memory, Deep Neural Networks (CLDNN) [10],
have pushed the boundaries of classification accuracy. While
these advanced models have achieved notable success, their
performance gains are often accompanied by increased com-
putational demands.

Despite these achievements, a closer examination re-
veals persistent challenges that hinder the practical deploy-
ment of many existing DL-based AMR models. First, the
issue of phase information loss remains prevalent. Most ar-
chitectures treat the complex-valued I/Q signal as two inde-
pendent real-valued channels, a simplification that discards
phase relationships, which are essential for distinguishing
between modulations such as phase-shift keying. While
some efforts have incorporated complex-valued operations,
including our own prior work on the CVCNN-LSTM archi-
tecture [11] and other complex-valued networks [12], [13],
we observed that these models often introduce significant
computational complexity or require specialized libraries,
limiting their broad applicability and motivating our cur-
rent lightweight design. Second, the fusion of features from
different domains is often suboptimal. Many approaches ei-
ther rely solely on time-domain features [14] or employ sim-
ple concatenation of temporal and spectral representations,
a static fusion strategy that overlooks the dynamic interplay
between domains [15]. While more advanced techniques
incorporating attention mechanisms [16] or spatiotemporal
learning frameworks [17] have shown promise, they often
lead to a significant increase in model complexity and com-
putational overhead. Recent studies continue to explore more
sophisticated fusion methods, such as cross-modal attention
and transformer-based architectures [18], [19], yet achieving
an effective and efficient fusion remains a key challenge.
Recent studies have explored advanced techniques to ad-
dress these issues. For example, graph attention networks
have shown promise in low Signal-to-Noise Ratio (SNR)
scenarios [20], while dual-input architectures combining I/Q
and amplitude-phase data with knowledge distillation have
achieved strong performance across multiple datasets [21].
Additionally, systematic comparisons of CNN, GRU, and
hybrid models under various RF impairments highlight the
importance of dataset diversity and model selection [22].
However, these methods often incur high computational
cost or lack effective multi-domain fusion, motivating our
lightweight TriFusion-Lite design that jointly leverages tem-
poral, frequency, and phase information.

A significant challenge for the practical application
of AMR is the computational efficiency of deep learning
models. Many state-of-the-art architectures, while achiev-
ing high accuracy, are parameter-heavy and computation-
ally intensive [23], rendering them unsuitable for deploy-
ment on resource-constrained edge devices such as Inter-
net of Things (IoT) sensors or unmanned aerial vehicles.
This "performance-efficiency gap" has motivated a growing

body of research focused on developing lightweight archi-
tectures that maintain robust performance [24]. Methodolo-
gies for model compression, including knowledge distilla-
tion, network pruning, and quantization, have recently been
explored to reduce the footprint of AMR models [25]. How-
ever, these techniques often compress a pre-existing large
model, whereas designing an intrinsically efficient archi-
tecture that synergistically integrates multi-domain features
from the ground up remains a more fundamental challenge.
To systematically address these multifaceted challenges, we
propose TriFusion-Lite, an innovative framework designed
from the ground up for efficient and accurate AMR on edge
devices. The name TriFusion-Lite reflects its core prin-
ciples: temporal-frequency-phase fused feature processing
and a lightweight network architecture. Our work introduces
a holistic solution that spans from intelligent signal prepro-
cessing to a novel multi-stream fusion architecture. The main
contributions of this paper are summarized as follows:

1. We propose a tailored preprocessing pipeline that com-
presses the input signal while extracting robust statisti-
cal features, including HOCs.

2. We introduce a novel, efficiency-centric parallel net-
work with four distinct streams: a complex-valued
stream for phase integrity, two 1D convolutional streams
for I/Q amplitude dynamics, and an STFT stream for
spectral patterns. These multi-domain features are inte-
grated via hierarchical fusion, learning comprehensive
and discriminative representations, utilizing techniques
like depthwise separable convolutions.

3. Our approach is rigorously validated on RML2016.10a,
RML2016.10b, and RML2018.01a datasets. The model
achieves state-of-the-art or highly competitive accuracy
with significantly fewer parameters and faster training,
balancing performance and computational efficiency.

The remainder of this paper is organized as follows.
Section 2 describes the proposed TriFusion-Lite framework
in detail. Section 3 presents the experimental setup, datasets,
results, and discussion. Section 4 concludes the paper and
outlines future work.

2. Proposed Method
The main contributions of TriFusion-Lite are: (i)

a novel temporal-frequency-phase fusion mechanism, (ii)
a lightweight architecture suitable for edge devices, and (iii)
state-of-the-art accuracy with significantly lower computa-
tional cost. The TriFusion-Lite architecture is based on
a multi-domain design for lightweight AMR. We hypothesize
that robust classification, especially in low SNRs regimes,
necessitates the synergistic integration of features from the
temporal, spectral, and complex-phase domains. To this end,
our framework is structured into two primary stages: a tai-
lored data preprocessing pipeline for feature enhancement,
and a novel four-stream deep learning architecture for hierar-



306 R. CHENG, J. SU, M. HUANG, TRIFUSION-LITE: A LIGHTWEIGHT NETWORK FOR MODULATION RECOGNITION

Fig. 1. Overall block diagram of the proposed TriFusion-Lite framework.

Layer (Group) Output shape Params Core configuration details
Input (2, 69) 0 Enriched I/Q signals after preprocessing (CF = 2).
Complex stream (63, 60) 480 Kernel=7, Filters=60, zReLU activation.
I/Q streams 2 × (63, 60) 960 Parallel Conv1D, Kernel=7, Filters=60.
STFT branch (7, 17, 64) 1,216 STFT + Conv2D (Kernel=3×3, Filters=64).
Temporal fusion (57, 30) 49,580 Fuses I/Q/Complex streams via Conv2D, then reduces.
Global fusion (192) 55,680 Fuses temporal path and STFT path.
Classifier (11) 15,719 Hidden Dense (77 units) + Softmax output.
Total 123,635

Tab. 1. Detailed configuration of the TriFusion-Lite architecture.

chical feature extraction and fusion. A high-level overview
of the complete architecture is presented in Fig. 1. The fol-
lowing subsections will detail each of these core components,
with the final layer-wise configuration summarized in Tab. 1.

The TriFusion-Lite architecture is motivated by the ob-
servation that modulation information resides in multiple do-
mains: temporal amplitude variations, spectral energy dis-
tribution, and phase relationships. To capture these comple-
mentary features without incurring high computational cost,
we design a four-stream parallel structure. The complex-
valued stream preserves phase integrity through complex
convolutions and zReLU activation. Two independent 1D
convolutional streams extract temporal dynamics from the I
and Q channels separately. The STFT-based spectral stream
captures time-frequency patterns via 2D convolutions. These
streams operate on a compressed and feature-enhanced input
produced by our preprocessing pipeline. A two-stage hier-
archical fusion mechanism first integrates the three tempo-

ral streams, then combines the result with spectral features,
enabling the model to learn cross-domain correlations effi-
ciently. The entire architecture employs lightweight compo-
nents such as depthwise separable convolutions to maintain
low parameter count.

2.1 Data Preprocessing and Feature Enhance-
ment
To reconcile the conflicting demands of computational

efficiency and feature preservation, we introduce a tailored
preprocessing pipeline.This pipeline is designed to transform
a raw I/Q signal, for instance, a sample Z ∈ R2×128 from
the RML2016.10a dataset [7], into an enriched and com-
pressed representation F ∈ R2×𝑀 that is optimized for our
lightweight network. The length of the compressed signal,
𝑀 , is determined by a compression factor (CF), which will
be investigated in our experiments.
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Fig. 2. Data preprocessing pipeline illustrating downsampling, statistical feature extraction, and concatenation.
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Fig. 3. Visualization of an I/Q signal from the RML2016.10a dataset before and after applying the proposed preprocessing.

As illustrated in Fig. 2, the first module in the overall
framework (Fig. 1) is the preprocessing block. This block
performs workflow, visually detailed in Fig. 2, begins with
signal compression. Raw I and Q components, each with
𝑁 = 128 samples, are downsampled by a factor of CF.
Instead of simple decimation, we apply a 1D convolution
with a moving-average kernel of size CF, acting as a low-
pass anti-aliasing filter to preserve crucial low-frequency
envelopes. For CF = 2, the sequence length reduces to
𝑁 ′ = 𝑁/CF = 128/2 = 64 samples.

Following compression, we augment the downsampled
signals (𝐼down and 𝑄down) with high-level statistical features
to compensate for temporal resolution reduction. To ana-
lyze the signal more reliably, we extract five selected, stable
statistical features that can resist noise interference:

1. Spectral Flatness (𝑆F): 𝑆F, measuring the flatness of the
signal’s power spectrum.

2. HOCs: 𝐶20, 𝐶40, 𝐶42, 𝐶60, powerful for characterizing
non-linearities and symmetries of a signal’s probability
distribution [26].

These statistical descriptors are then selectively con-
catenated to form enriched feature vectors for the I and Q
channels. The augmented I-channel sequence, Ienhanced, and
Q-channel sequence, Qenhanced, are formulated as:

Ienhanced= [𝐼down, 𝐶20.real, 𝐶40.real, 𝐶42.real, 𝐶60.real, 𝑆F], (1)
Qenhanced= [𝑄down, 𝐶20.imag, 𝐶40.imag, 𝐶42.imag, 0, 0] . (2)

Here, 𝐼down and 𝑄down represent the downsampled I and Q
sequences, respectively. The dimensions are maintained by
padding the Q-channel with two zeros for consistency. This
results in an enriched feature vector Zpreprocessed for each I
and Q channel, both with a total length of 𝑀 = 𝑁 ′ + 5.

For our primary configuration with CF = 2, this yields
an individual I or Q sequence length of 𝑀 = 64 + 5 = 69, as
visualized in Fig. 3. Similarly, for CF = 3 and CF = 4, the
resulting lengths would be ⌊128/3⌋ + 5 = 42 + 5 = 47 and
⌊128/4⌋ + 5 = 32 + 5 = 37, respectively. This entire prepro-
cessing stage is crucial for distilling high-value information
into a compact format amenable to a lightweight network.
The impact of varying this compression factor on model per-
formance and efficiency will be evaluated in Sec. 3.2.
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2.2 Four-Stream Parallel Feature Extraction
The cornerstone of our architecture is a four-stream

parallel network, where each stream is a specialized feature
extractor dedicated to a distinct signal domain. This design is
motivated by the principle of feature disentanglement, allow-
ing the model to learn complementary representations simul-
taneously. A similar concept of leveraging parallel multiscale
structures to enhance feature diversity while maintaining ef-
ficiency has also been validated in recent work [27].

Complex-valued convolutional stream: This stream
is engineered to holistically preserve the interplay between
signal magnitude and phase. A custom ComplexConv1D
layer efficiently implements complex convolution. Let a com-
plex kernel be W = W𝑟 + jW𝑖 and a complex input be
X = I + jQ. The output is:

Y = (I ∗ W𝑟 − Q ∗ W𝑖) + j(Q ∗ W𝑟 + I ∗ W𝑖). (3)

A key component of this stream is the subsequent ap-
plication of the quadrant-limited zReLU activation function,
a concept we introduced and validated in our prior work [11].
The zReLU function is defined as:

zReLU(𝑧) =
{
𝑧, if Re(𝑧) ≥ 0, Im(𝑧) ≥ 0,
0, otherwise.

(4)

As visualized in the complex plane, zReLU imposes
a phase-selective non-linearity. This targeted activation
breaks the inherent symmetry of noise distributions, which
are often centered at the origin, effectively functioning as
a non-linear noise filter that enhances model robustness.

Parallel I/Q temporal streams: Complementing the
complex stream, two parallel streams apply standard Conv1D
layers to the I and Q channels independently. This is mo-
tivated by the need to explicitly learn the marginal proper-
ties and amplitude-specific dynamics crucial for non-constant
modulus modulations like QAM and ASK.

STFT spectral stream:A fourth stream analyzes the
signal’s spectral morphology via the STFT. This maps the
1D signal into a 2D time-frequency representation, allowing
a Conv2D layer to operate as a learned spectral shape detector,
identifying features orthogonal to the time-domain streams.

2.3 Hierarchical Feature Fusion and Classifica-
tion

As depicted in Fig. 1, the model employs a two-stage
hierarchical mechanism to fuse the multi-domain features.

In the first stage, the outputs of the three temporal
streams (Complex, I-channel, and Q-channel) are integrated.
A convolutional layer is applied across these stacked streams
to learn local, cross-stream correlations, effectively fusing
phase and amplitude dynamics into a unified temporal repre-
sentation.

In the second stage, this fused temporal representation
and the features from the STFT stream are processed through
their respective network backends. Global Average Pool-
ing then distills each path into a compact summary vector.
These two vectors, representing the temporal-phase (vtemp)
and spectral (vspec) characteristics, are concatenated to form
a comprehensive final representation:

vfinal = [vtemp∥vspec] . (5)

This final vector is then passed to a classifier, which
uses a Softmax function to make the final modulation de-
cision. This progressive fusion strategy creates a highly
discriminative representation for robust classification.

2.4 Implementation Details
To provide a concrete instantiation of our proposed

framework, the complete architectural details are summa-
rized in Tab. 1. The table specifies the layer types, output
shapes, parameter counts, and core configurations for the
model as applied to the RadioML2016.10a dataset. It is
important to note that the network’s input shape is (2, 69),
which is the result of our data preprocessing pipeline applied
to the original (2, 128) signals.

3. Experimental Evaluation
To validate the performance and efficiency of the pro-

posed method, we conduct a series of experiments. Our
evaluation is structured into two main parts: first, an analysis
of the impact of the input signal’s compression factor on
model performance, detailed in Sec. 3.2. Second, a thorough
benchmarking of our model against several state-of-the-art
methods across three distinct datasets, presented in Sec. 3.4.
The experiments are designed to assess three key metrics:
classification accuracy (effectiveness), model size (parame-
ter count), and training speed (computational efficiency).

3.1 Dataset and Preprocessing
Our experimental framework utilizes three benchmark

datasets for modulation recognition, each presenting dis-
tinct characteristics: RML2016.10a, RML2016.10b [7],
and RML2018.01a [9]. RML2016.10a offers simulated
signals (2×128) across 11 modulation types, with realis-
tic channel impairments including additive white Gaussian
noise (AWGN), multipath fading, carrier frequency off-
set, and sampling rate offset. Its expanded counterpart,
RML2016.10b, retains 10 modulation categories but scales
the sample size to 1.2 million for robustness assessment.
Conversely, RML2018.01a provides laboratory-captured sig-
nals (2×1024) with 24 modulation types and precise channel
control, facilitating high-fidelity evaluation of temporal mod-
eling.
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To balance computational feasibility on the Apple
M3 Max SoC (12-core CPU, 40-core GPU, 128GB uni-
fied memory) with dataset representativeness, we em-
ploy the complete datasets for RML2016.10a (220K sam-
ples) and RML2016.10b (1.2M samples). For the larger
RML2018.01a, a stratified sampling approach retaining 10%
of the data are applied, meticulously preserving the original
class distribution and noise-level characteristics. This strat-
egy enables comprehensive performance assessment across
varying modulation complexities, noise conditions, and se-
quence lengths.

All datasets are subjected to identical preprocessing:
a 60%/20%/20% stratified split into training, validation, and
test sets, ensuring class balance. Models are trained using
categorical cross-entropy loss and the Adam optimizer (ini-
tial learning rate = 0.001), with early stopping implemented
(monitoring validation loss over 10 epochs patience). Exper-
iments are conducted on macOS Ventura 13.4, with tensor
computations accelerated via the Apple Metal API optimized
for M-series silicon. The models are implemented using Py-
Torch 2.0.1 with the Metal Performance Shaders backend.

To evaluate the performance of our proposed method,
we use classification accuracy as the primary metric. In this
work, classification accuracy is defined as the ratio of cor-
rectly predicted samples to the total number of samples in
the test set. This metric provides a straightforward measure
of the model’s overall recognition performance and is widely
adopted in the AMR literature [7], [28]

3.2 Compression Factor Analysis
We systematically evaluate compression factors CF =

{2, 3, 4} against the uncompressed baseline using the Ra-
dioML2016.10a dataset. The original 128-sample I/Q se-
quences are compressed to lengths 𝑁 = ⌊128/CF+5⌋ through
adaptive downsampling. Table 2 illustrates the relationship
between accuracy, inference time, and the degree of model
compression.

The results demonstrate that a compression factor of
CF = 2 achieves a favorable balance between performance
and efficiency. On the RML2016.10a dataset, this configura-
tion reduces the sequence length to 69 samples, yet it achieves
an average accuracy of 62.63%, outperforming the uncom-
pressed baseline’s accuracy of 62.10%. This slight increase
in accuracy is attributed to the downsampling kernel acting
as a low-pass filter, which smooths out high-frequency noise
while preserving essential modulation features. The CF = 2
setting significantly improves computational efficiency, re-
ducing the average epoch duration from 6.4 s to 3.7 s.

CF Seq. len. Epoch duration [s] Avg. accuracy [%]
Baseline 128 6.4 62.10
2 69 3.7 62.63
3 47 3.2 61.28
4 37 3.2 60.05

Tab. 2. Performance trade-off analysis for different CF on
RML2016.10a.
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Fig. 5. Recognition accuracy of 256-QAM modulation on the
RML2018.01a dataset.

As shown in Fig. 4, the CF = 2 configuration con-
sistently achieves higher accuracy across most SNRs from
–20 dB to 20 dB, significantly outperforming both CF = 3
and CF = 4. At low Signal-to-Noise Ratio (SNR) regions,
the accuracy of all configurations is relatively low. However,
as SNR increases, accuracy significantly improves across the
board. Notably, when SNR exceeds –4 dB, the CF = 2
configuration demonstrates a clear advantage in accuracy,
ultimately achieving near-perfect accuracy in high SNR re-
gions. This indicates that under favorable SNR conditions,
the CF = 2 configuration delivers superior modulation recog-
nition performance. While some challenges remain at low
SNRs, the prominent advantage of CF = 2 at high SNRs
highlights its significant value in practical applications.

To assess the capability of TriFusion-Lite on
higher-order modulations, we evaluate its performance on
the 256-QAM signals contained in the RML2018.01a dataset.
Figure 5 shows the recognition accuracy of 256-QAM across
different SNR levels. The model achieves a reasonable accu-
racy at high SNRs, demonstrating its potential for handling
complex modulations. However, the performance is not yet
saturated; further research will focus on improving the recog-
nition of high-order QAM variants.

3.3 Model Component Ablation
To systematically evaluate the contribution of each

stream in TriFusion-Lite, we conduct ablation studies by re-
moving three key components: the complex-valued stream
(TriFusion-Lite-A), the STFT spectral stream (TriFusion-
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Configuration Avg. accuracy [%] Drop [%]
TriFusion-Lite (Full) 62.6 -
TriFusion-Lite-A 57.8 4.8
TriFusion-Lite-B 60.3 2.3
TriFusion-Lite-C 57.3 5.3

Tab. 3. Performance comparison of the TriFusion-Lite with its
varieties.

Lite-B), and one of the parallel I/Q temporal streams
(TriFusion-Lite-C). Table 3 quantifies the overall perfor-
mance metrics on the RML2016.10a dataset, demonstrating
the impact of each component on classification accuracy. The
results show that each component contributes positively to the
overall performance, with the complex-valued stream having
the most significant impact. The full TriFusion-Lite achieves
the highest accuracy, confirming the effectiveness of its multi-
stream collaborative design. It should be noted that while the
average accuracy of TriFusion-Lite is approximately 62.6%,
this performance is highly competitive within the specialized
scope of lightweight architectures. Specifically, as evidenced
by the high-SNR regions in Fig. 6, the model achieves near-
optimal performance, with the lower average primarily stem-
ming from the inherent challenges of deep-noise regimes
(SNR < –10 dB). This metric reflects a cumulative average
across all tested SNR levels, including those with extremely
poor signal quality. As further demonstrated in the compar-
isons with other state-of-the-art methods (e.g., in Tab. 4),
our model achieves a superior balance between recognition
precision and computational efficiency, proving its leading
position in resource-constrained AMR tasks.

3.4 State-of-the-Art Comparison
To validate the effectiveness of TriFusion-Lite, we

conduct comparative experiments with three state-of-the-art
AMR methods: CVCNN-LSTM [11], PETCGDNN [29],
MCLDNN [17], and TLDNN [30]. The evaluation
is performed on three standard benchmark datasets:
RML2016.10a, RML2016.10b, and RML2018.01a. For fair
comparison, all baseline methods are reproduced using the
same training/validation/test splits and evaluated under iden-
tical hardware conditions. Hyperparameters for each base-
line are kept as reported in their original papers. The key
performance metrics—parameter count, training efficiency
(average epoch duration), and classification accuracy—are
summarized in Tab. 4.

As shown in Tab. 4, our model demonstrates a favor-
able balance between performance and computational cost.
On the RML2016.10a dataset, our method achieves the high-
est average accuracy of 62.6%, surpassing all benchmark
models. Notably, compared to MCLDNN, our model uses
69% fewer parameters. On the RML2016.10b dataset, our
model’s average accuracy of 64.4% matches the performance
of the best-performing baseline, MCLDNN. This state-of-
the-art accuracy is achieved with only one-third of the param-
eters required by MCLDNN, highlighting the exceptional pa-
rameter efficiency of our architecture.For the more complex
RML2018.01a dataset, our model remains highly competi-

tive, with an average accuracy of 57.0%. It significantly out-
performs MCLDNN. While other models may show a slightly
higher average accuracy, our model provides a more favor-
able trade-off between speed and accuracy. Furthermore,
we evaluate the real-time feasibility of TriFusion-Lite. The
model achieves an inference time of 2.3 ms per sample on
a CPU (Apple M3). While this exceeds the 0.5–1 ms slot
duration of 5G NR, it remains acceptable for many edge ap-
plications with less stringent latency requirements, such as
IoT sensors and drone communications. With batch pro-
cessing or deployment on lightweight hardware accelerators
(e.g., FPGA, Edge TPU), the latency can be further reduced
to sub-millisecond levels. These results demonstrate that
TriFusion-Lite offers a practical trade-off between accuracy
and real-time performance for real-world AMR tasks.

As shown in Fig. 6, our model consistently maintains
a more competitive edge than other state-of-the-art meth-
ods across all three datasets and different SNRs.On the
RML2016.10a dataset (Fig. 6(a)), our model performs ex-
ceptionally well in the mid-to-low SNR region from –8 dB
to 10 dB, highlighting its robustness in noisy environments.
For the larger RML2016.10b dataset (Fig. 6(b)), our model’s
average accuracy reaches 64.4%, matching the performance
of the best-performing MCLDNN model.It particularly ex-
cels in high SNR regions above 10 dB, where it consistently
outperforms all other methods, indicating excellent perfor-
mance in clear channel conditions. On the more complex
RML2018.01a dataset (Fig. 6(c)), the model demonstrates
highly competitive performance, achieving high accuracy at
high SNRs, similar to that observed with PETCGDNN. Col-
lectively, these results suggest our approach offers a well-
balanced and robust performance across a range of challeng-
ing conditions. As illustrated in Fig. 7, the TriFusion-Lite
model exhibits rapid convergence during the initial 20 epochs,
with both accuracy and loss curves stabilizing shortly there-
after. Notably, the validation accuracy consistently tracks
or slightly exceeds the training accuracy, which validates
the efficacy of our lightweight design and the inclusion of
dropout/regularization in preventing overfitting. Despite the
inherent volatility of I/Q signal data, the smooth convergence
trend indicates that the multi-stream fusion architecture (tem-
poral, frequency, and phase) provides a stable gradient flow,
ensuring robust learning dynamics even with a limited pa-
rameter budget.

A qualitative analysis of the model’s behavior is pro-
vided by the confusion matrices in Fig. 8. At extremely low
SNRs (–20 dB and –10 dB), the model struggles, which is
an expected behavior. However, as SNR improves to 0 dB
(Fig. 8(c)), the model achieves 90.0% accuracy, with most
confusion occurring between spectrally similar modulations
(e.g., 16-QAM vs. 64-QAM). At high SNRs (≥ 10 dB),
the confusion matrices (Fig. 8(d–e)) exhibit strong diago-
nal dominance with over 92% accuracy, indicating excel-
lent discriminative capability. The overall matrix (Fig. 8(f))
confirms that the model robustly identifies most modulation
types, establishing its effectiveness for practical AMR tasks.
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Datasets Method Parameters Avg. epoch duration [s] Highest accuracy [%] Avg. accuracy [%]
RML2016.10a PETCGDNN 71,871 3.8 86.1 57.6

TLDNN 259,723 8.0 92.0 61.8
MCLDNN 405,175 13.0 92.0 61.5

CVCNN-LSTM 325,898 9.3 91.3 61.9
Proposed method 123,635 3.7 92.9 62.6

RML2016.10b PETCGDNN 71,742 30.0 92.9 62.6
TLDNN 259,690 40.4 93.0 63.5

MCLDNN 405,046 64.4 93.8 64.4
CVCNN-LSTM 325,820 50.9 89.1 61.3

Proposed method 123,557 26.9 93.7 64.4
RML2018.01a PETCGDNN 75,340 60.4 92.1 57.3

TLDNN 280,760 29.4 85.9 53.2
MCLDNN 406,852 132.2 90.0 55.7

CVCNN-LSTM 330,368 102.3 91.2 56.6
Proposed method 124,649 60.0 91.9 57.0

Tab. 4. Performance comparison with state-of-the-art methods on benchmark datasets.
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Fig. 6. Accuracy comparison of TriFusion-Lite versus other methods across SNR levels.

4. Conclusion
We have presented a lightweight four-stream deep learn-

ing architecture named TriFusion-Lite for AMR. The pro-
posed framework utilizes a tailored preprocessing pipeline
to compress the input signal and extract key features. Our
experimental results demonstrate that appropriate compres-
sion of I/Q signals can significantly improve computational
efficiency while maintaining or even enhancing recognition
performance. The model then leverages parallel branches

to process the signal in the temporal, frequency, and phase-
aware domains, thereby effectively capturing a comprehen-
sive signal representation. The model was validated on
three benchmark datasets. The results show that it achieves
an outstanding balance among classification accuracy, model
complexity, and computational efficiency. The low param-
eter count and high computational throughput of the model
make it a highly suitable choice for real-time deployment on
resource-constrained edge devices, such as those in 5G/6G
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Fig. 7. Training and validation curves of TriFusion-Lite on RML2016.10a.

(a) SNR = –20 (ACC = 9.4%) (b) SNR = –10 (ACC = 24.4%) (c) SNR = 0 (ACC = 90.0%)

(d) SNR = 10 (ACC = 92.9%) (e) SNR = 18 (ACC = 92.8%) (f) All SNR levels (ACC = 62.6%)

Fig. 8. Confusion matrices of TriFusion-Lite across different SNR levels (Performance on RML2016.10a).

networks and IoT ecosystems. Future research will eval-
uate TriFusion-Lite on non-RadioML datasets (e.g., Hisar-
Mod2019 or SDR-captured signals) to verify its robustness
in non-simulated environments. Future work will explore the
integration of TriFusion-Lite into a multimodal foundation
model framework, enabling knowledge transfer across differ-
ent RF tasks (e.g., signal detection, and emitter identification)
through shared representations and multi-task learning.
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