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Abstract
Existing multi-modal automatic modulation recog-
nition (AMR) methods primarily focus on exploit-
ing multi-view representations of raw signal data
to improve performance, but still struggle to ef-
fectively model and exploit high-level human prior
knowledge. Although recent studies attempt to
introduce large language models (LLMs) to inte-
grate the textual modality, most of them merely
treat LLMs as feature extractors, without further
exploiting the LLM’s potential. To this end, we
propose a knowledge-enhanced multi-modal auto-
matic modulation recognition framework based on
large language model (AMR-LLM). Specifically,
we first specially design an AMR instruction con-
struction mechanism based on knowledge to ac-
tivate the LLM’s potential for signal perception,
which designates the LLM as a signal domain ex-
pert, introduces human prior knowledge as a sup-
plement, and exploits the unique physical infor-
mation of each data sample as connection guid-
ance. Then, to enable the LLM to directly perceive
digital signals, we introduce a progressive multi-
modal fusion strategy mapping signal features into
the space of LLMs. Experimental results on mul-
tiple benchmark datasets demonstrate that AMR-
LLM achieves approximately 5% higher accuracy
than current state-of-the-art methods. Moreover, it
achieves the current domain performance with only
30% of the data.

1 Introduction
With the development of cognitive radio, the electromag-
netic spectrum environment has become increasingly con-
gested and complex. As the “eyes” of cognitive radio, auto-
matic modulation recognition (AMR) is critical for spectrum
monitoring, interference identification, and signal demodula-
tion. In real-world implementation, it is still a challenging
topic to achieve strong AMR performance under harsh con-
ditions, such as low signal-to-noise ratio (SNR), non-line-of-
sight (NLOS) propagation, and dynamic channel fading.
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Figure 1: (a) Mainstream methods (multi-view). (b) LLM-based
methods treat LLMs as feature extractors. (c) Our knowledge-
enhanced framework activates the LLM as an AMR expert and en-
ables it to perceive signals. Data sourced from (a) [Shao et al., 2025]
(b) [Chen et al., 2025].

Current methods primarily rely on deep learning models
to learn discriminative features from raw signal data or time-
frequency representations. Although such mainstream meth-
ods achieve impressive performance on certain datasets, they
are unable to flexibly model and utilize one essential dimen-
sion of information, i.e., high-level human prior knowledge,
especially when the available evidence is noisy, incomplete,
or heterogeneous [Wen et al., 2026; Guo et al., 2025]. As an
intuitive example, in image segmentation or recognition, tex-
tual prior knowledge of the target can guide the model’s at-
tention toward semantically relevant regions and thereby help
localize the target [Zhang et al., 2023c], even under occlu-
sion or ambiguity. This idea of knowledge-guided percep-
tion is analogous to the way human experts reason in signal
analysis. Experts typically make comprehensive judgments
by integrating complementary evidence and domain knowl-
edge, such as modulation theories, constellation distribution
laws, and channel characteristics [Liang et al., 2025a]. This is
also consistent with recent studies showing that expert knowl-
edge constraints and structure-aware multi-perspective fea-
ture modeling can improve representation robustness under
heterogeneous evidence [Wu et al., 2025; Liang et al., 2025c;
Yang et al., 2025].

Nevertheless, even with recent progress in dynamic or
graph-guided multi-view learning [Ren et al., 2024; Chao et
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al., 2025], abstract knowledge still imposes a major challenge
to conventional deep neural networks to encode and exploit it
directly. The chronic bottleneck still persists in how to allow
models to understand and exploit such high-level priors sim-
ilar to humans. With the advent of Large Language Models
(LLMs), a fresh opportunity emerges to solve the bottleneck.
As knowledge stores covering extensive human knowledge,
LLMs enjoy a strong inherent power of abstract understand-
ing and inference [Wei et al., 2022]. Recent large language
model-based work for automatic modulation recognition (Ra-
dioLLM [Chen et al., 2025]) has made valuable initial ex-
plorations, primarily treating the large language model as a
feature extractor. We observe that there remains an opportu-
nity to more fully leverage the LLM’s original capabilities, in-
cluding deep generative inference and its rich general knowl-
edge base [Luo et al., 2026]. We argue that a knowledge-
enhanced automatic modulation recognition paradigm should
enable the large language model to act as a domain expert,
inferring from signals with the help of knowledge.

Further focus on LLMs leads us to an interesting thought:
The large language model remains unchanged across the
globe, but the output for different users changes greatly. The
performance disparity between a child and an AMR domain
expert using the exact same large language model is huge, and
the only difference is the amount of prior knowledge encoded
in the prompt.

To this end, we propose AMR-LLM, a knowledge-
enhanced multi-modal AMR framework based on LLMs.
AMR-LLM enriches conventional feature-based recognition
with knowledge-guided inference, enabling signal features,
expert priors, and reasoning capabilities to complement each
other.

Specifically, we first specially design an AMR instruction
construction mechanism based on knowledge to activate the
LLM’s potential for signal perception. In this mechanism,
the prompt plays two roles: (a) Complementarity: It provides
general AMR expert knowledge (e.g., modulation is in ampli-
tude, phase, and frequency; data distribution changes across
different SNRs) to complement signal features and evoke the
implicit AMR expert knowledge encoded in the large lan-
guage model. (b) Guiding Role: This is the link between
signal and language; we take the special physical attributes of
each sample and infuse them into the prompt, which serves as
a guide for the signal connection.

At this step, the large language model faces the problem of
perceiving digital signals. Considering the intrinsic hetero-
geneity between signal data and textual knowledge, we pro-
pose a Progressive Multi-modal Fusion Strategy. With the
dynamic injection of signal features into multiple levels of
the large language model and the assembly of the anchor in-
formation in the prompt, guide the mapping of signal features
into the space of LLMs, enabling the large language model to
perceive the signal.

The main contributions of this work are as follows:
• We propose AMR-LLM, a knowledge-enhanced recog-

nition framework based on large language model, which
consists of three key modules: physical perception mod-
elling, knowledge enhancement design, and synergy of
knowledge and perception. This framework provides a

new reference for future multi-modal AMR.

• We propose an instruction construction method with a
bi-facet function. This method can not only enhance and
activate the LLM’s AMR knowledge and potential, but
also mitigate the difficulty of signal perception for the
LLM through the combined “anchor” effect of physical
features and a progressive fusion strategy.

• Experimental results on multiple benchmark datasets
demonstrate that AMR-LLM achieves approximately
5% higher accuracy than current state-of-the-art (SOTA)
methods. Moreover, it achieves current domain perfor-
mance with only 30% of the data.

2 Related Work
2.1 Robust Multi-View Methods
Recent research has therefore moved from single-view mod-
els toward multi-view representation learning, as robust
recognition under complex data conditions often relies on re-
liable evaluation and stable feature representations [Qiu et al.,
2024; Qiu et al., 2025a]. For example, IQFormer [Shao et al.,
2025] adopts a Transformer-based architecture to integrate
spatial-temporal I/Q features with time-frequency distribu-
tions. At the representation level, transform-domain features
and dynamic alignment mechanisms have also been used to
exploit complementary signal information in complex signal
scenarios [Jin et al., 2025; Wang et al., 2025]. These stud-
ies suggest that robustness depends not only on effective het-
erogeneous feature fusion, but also on modeling latent rela-
tionships and interactions among features [Qiu et al., 2025b;
Jin et al., 2026]. Complementing these architectural ad-
vances, recent works such as FR-AMC [Liang et al., 2025b]
further improve model robustness from the perspective of
decision-boundary optimization by using fuzzy regulariza-
tion.

2.2 LLM-based Methods
The rise of large language models (LLMs) has led to a shift
from purely discriminative to generative frameworks in wire-
less communications. To tackle the problem of recognizing
unseen modulations, Plug-and-Play AMC [Rostami et al.,
2025b] and DiSC-AMC [Rostami et al., 2025a] propose an
In-Context Learning (ICL) framework: they convert quan-
titative signal statistics into textual prompts, and then use
frozen LLMs to perform “training-free” classification by log-
ical deduction. At the same time, ZSAMR-VLM [Zhao et
al., 2025] explores cross-modal alignment by using vision-
language models to map signal spectrograms into linguistic
descriptions for zero-shot recognition. However, such meth-
ods have not achieved effective recognition by combining sig-
nal and text modalities under extremely low SNR. Recent
methods like RadioLLM [Chen et al., 2025] have pioneered
the alignment of radio signals and LLM embeddings via Hy-
brid Prompt and Token Reprogramming (HPTR). However,
RadioLLM mainly uses the LLM as a reprogrammed feature
extractor. In this work, we aim to activate the LLM as a do-
main expert that can utilize prior knowledge and signal data
to infer the modulation type.
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Figure 2: Overall architecture of AMR-LLM. The framework consists of three key modules: (1) Physical Perception Modeling for LLM; (2)
Knowledge Enhancement Design; (3) Synergy of Knowledge and Perception.

3 Methodology
In this section, we present the proposed knowledge-enhanced
multi-modal automatic modulation recognition framework
based on large language model (AMR-LLM). To effectively
inject domain knowledge, we adopt LLMs as the carrier.
However, LLMs inherently lack the capability to perceive
physical signals. Therefore, we design three key modules:
(1) physical perception modelling, (2) Knowledge enhance-
ment design, and (3) synergy of knowledge and perception.
The overall architecture is illustrated in Fig. 2.

3.1 Problem Formulation
Denote the set of labeled raw signals D = {(x(i), y(i))}Ni=1,
where each sample x ∈ R2×L is a complex-valued In-phase
and Quadrature (IQ) sequence of length L and x = [xI ;xQ].
The goal is to predict the modulation category y ∈ Y of signal
x, where |Y| = C.

Unlike the prevalent discriminative models that estimate
P (y|x) directly, we recast AMR as a knowledge-enhanced
conditional generation task. Specifically, we construct a
structured textual instruction t that represents the general do-
main knowledge and the instance-specific physical prompt-
ing. The objective is to learn the parameters θ such that the
probability of the target label sequence tokens is maximized,
given the physical observation and the expert instruction:

y∗ = argmax
y∈Y

Pθ(y|x, t). (1)

This formulation allows the model to leverage the vast in-
ternalized knowledge of LLMs.

3.2 Physical Perception Modeling
The native format of input accepted by LLMs is textual lan-
guage. However, the raw data containing relatively authentic
physical information is in the form of digital signals. As a
first step, we aim to enable large language models to perceive
physical signals.

Each sample is not merely a set of numerical values but
a physical law projected in the time-frequency domain. To
map raw IQ samples into the space of LLMs, relying on a
single domain is insufficient to well reflect the complex phys-
ical characteristics of RF signals. We propose a dual-domain
signal encoder(Es), which perceives the dynamics of signals
via two complementary branches: a temporal branch and a
spectral branch. We assume the raw IQ signal is x. We first
apply instance normalization to flatten the power scale and
thus ensure numerical stability, and then process through two
parallel branches.

Temporal Stream: To model the instantaneous phase shifts
and amplitude variations, we use a hierarchical residual CNN
architecture with minimal downsampling. The temporal rep-
resentation is provided as:

Ztime = PoolNs
(Conv1D(h(Lt))) ∈ RNs×ds , (2)

where ds is the hidden dimension of the signal encoder, the
branch only performs 2× overall downsampling, maintaining
the temporal resolution required to differentiate modulations.

Spectral Stream: We use the spectral branch to explicitly
capture frequency-domain properties, such as bandwidth, car-
rier offset, and spectral shape, which are key for discriminat-
ing frequency-shift keying (FSK) modulations and noise lev-
els. We perform the Fast Fourier Transform (FFT) and then
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compute the log magnitude. The log transform flattens the
dynamic range of the spectrum, allowing the network to learn
both the strong carrier components and the fine spectral mor-
phology. The spectral representation is then retrieved from:

Zfreq = PoolNs
(Conv1D(MLP(S))) ∈ RNs×ds . (3)

Instead of simply concatenating the two branches, we dy-
namically fuse them with a learnable gating mechanism to
appropriately weigh the contributions from both branches ac-
cording to signal characteristics:

Zfused = σ(αg) · Ztime + (1− σ(αg)) · Zfreq, (4)

where αg is a learnable scalar parameter and σ(·) denotes the
sigmoid function. During training, our model learns to focus
more dynamically on the more informative domain for each
modulation type. The fused features are further projected into
the LLM hidden dimension d via a two-layer MLP with Lay-
erNorm (LN):

Zs = LN(MLP(Zfused)) ∈ RNs×d, (5)

where Ns denotes the number of signal tokens obtained by
adaptive average pooling. This projection ensures that the
signal representations lie on a manifold compatible with the
LLM’s embedding space.

3.3 Knowledge Enhancement Design
The capability of an LLM to function as a domain expert de-
pends critically on the quality of its context. We argue that
the performance disparity between a generalist model and a
signal expert lies in the activation of prior knowledge. To this
end, we design a specialized instruction construction mecha-
nism T (·) that generates a compound prompt t with a bi-facet
function:

t = T (xmeta) = [texp; tgui], (6)
where xmeta represents the meta information of the signal.

The expert Role (texp): This component injects general
AMR expert knowledge that is implicit in signal processing
theory but absent in raw signal data, e.g., modulation prin-
ciples and environmental context (detailed prompt template
shown in Fig. 3). More importantly, this component serves
to enhance and activate the implicit automatic modulation
recognition knowledge and capabilities within the LLM, en-
abling it to perform expert-level inference.

The guidance Role (tgui): One of the main challenges
in multi-modal automatic modulation recognition is that raw
signals, after embedding projection, may appear as “semantic
noise” to the LLM. To mitigate this phenomenon, we propose
adding instance-specific physical anchors to the prompt, such
as high-dimensional physical manifold descriptions (topo-
logical geometric features, time-domain dynamics analysis,
cyclostationary and spectral fingerprints) and statistical fea-
tures (standard deviation of instantaneous amplitude, peak-
to-average power ratio, kurtosis, fourth-order cumulants), etc.
(detailed prompt template shown in Fig. 3). However, the
content that can be added to the prompt is always limited, so
it needs to be combined with the powerful intrinsic potential
of the LLM. These “cognitive bridges” aim to guide the map-
ping of the abstract signal embeddings Zs into the LLM’s
space.

The prompt input must strictly prevent data leakage, with
no ground truth labels or SNR information allowed. The
prompt construction template is illustrated in Fig. 3. The
prompt length is limited to a maximum of 4096 tokens, with
a reserved <|signal|> placeholder for signal embeddings.
The instance-specific anchor information in the prompt is pre-
computed and extracted using traditional digital signal pro-
cessing algorithms before training and incorporated into the
prompt in text form. The preprocessing time is minimal, re-
quiring only about 1 minute for 100,000 samples.

Prompt Template for AMR

System Role Instruction
Role Spec: You are a domain expert in Automatic Mod-
ulation Recognition (AMR) and Signal Processing.
Goal: Your task is to analyze raw signal representations,
high-dimensional physical manifold features, and statis-
tical fingerprints to identify the modulation type.
Background Knowledge: The signal modulations in-
clude a wide range of types: Amplitude, Phase, Fre-
quency, Quadrature, etc. Stochastic SNR fluctuations
and complex channel impairments are considered. Phys-
ical manifold descriptions provide geometric insights
into the signal’s behavior in high-dimensional space...

User Input Prompt
Physical Representation Input
<|signal|>
High-Dimensional Physical Manifold Descriptions
Topological Geometric Features:
Manifold Dimension: [computed value]
Time-Domain Dynamics Analysis:
Trajectory Stability: [computed value]
Spectral & Cyclostationary Fingerprints:
Spectral Flatness: [computed value]...
Statistical Fingerprint
High-Order Statistics: Sigma AA, C42 Abs, Kurtosis
(computed value)
Power & Envelope Statistics: PAPR (dB), Max Amp,
Min Amp, Mean Amp (computed value)
Specific Instruction: Based on the physical manifold
descriptions and statistical metrics above, reason and
predict the modulation type.

Figure 3: The prompt instruction template integrating expert knowl-
edge and instance-specific physical information.

The final recognition result is generated by the LLM based
on two complementary inputs: the signal tokens Zs represent-
ing physical observations, and the textual prompt t providing
domain knowledge and guidance. The textual input is first
tokenized into embeddings Ht ∈ RNt×d, and then the LLM
generates the prediction autoregressively:

y∗ = argmax
y

∏
i

P (wi|w<i,Zs,Ht). (7)

During inference, to improve prediction speed, the LLM is
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constrained to output only modulation type prediction-related
information, with the maximum output length set to 50 to-
kens. The predicted labels are then extracted from the text-
form prediction results for each sample to calculate various
performance metrics.

3.4 Synergy of Knowledge and Perception
Directly concatenating signal tokens Zs with text embeddings
Ht will cause LLM to not pay attention to the signal tokens
because of the mismatch between continuous signal repre-
sentation and discrete text embeddings. In order to propose
deep synergy, we propose a Progressive Multi-Modal Fusion
Strategy. Instead of injecting the signal only once, we pro-
gressively impose the physical signal into multiple layers of
the LLM for hierarchical refinement.

More concretely, we adopt a Gated Cross-Attention where
the internal text states of the LLM are treated as queries ask-
ing to confirm from the signal evidence (Keys/Values). For
a given transformer layer ℓ, let H(ℓ)

t be the hidden states for
the text instructions. We are mapping the signal feature to the
current level using the layer-wise projection W

(ℓ)
K and W

(ℓ)
V :

Q = H
(ℓ)
t W

(ℓ)
Q , K = ZsW

(ℓ)
K , V = ZsW

(ℓ)
V . (8)

Next, the multi-head attention (MHA) is applied to enable
the model to jointly attend to information from different rep-
resentation subspaces:

O(ℓ)
cross = MHA(Q,K,V)W

(ℓ)
O , (9)

where W(ℓ)
O ∈ Rd×d is the output projection matrix that maps

the output back to the LLM’s representation space. To ensure
stable modality fusion, we introduce a learnable gate αℓ to
control how much signal information is injected at each layer.
The updated hidden state is computed as:

H̃
(ℓ)
t = H

(ℓ)
t + g(αℓ) ·O(ℓ)

cross, (10)

where g(αℓ) is a soft gating function that constrains the in-
jection weight to [0, 1]. The learnable parameter αℓ modu-
lates the injection strength, i.e., the proportion with which
the model incorporates the signal information into the LLM
at each transformer layer. We inject multiple cross-attention
modules into multiple transformer layers. This way, the sig-
nal information is modulated across different LLM layers.
During training, the gate parameters αℓ and the projection
matrices W

(ℓ)
K ,W

(ℓ)
V , and W

(ℓ)
O are jointly optimized, en-

abling the model to learn the fusion process adaptively in a
data-driven manner.

3.5 Two-Stage Training Strategy
To explicitly achieve robust physical representations and
multimodal alignment, we propose a two-stage optimization
strategy. In this work, we employ Llama-3-8B-Instruct as the
backbone Large Language Model (LLM).

Stage 1: Physical Encoder Pre-training. We freeze the
LLM and train the perception module only with a lightweight
classification head via cross-entropy loss:

LStage1 = −
C∑

c=1

yc log(ŷc), (11)

to force the encoder to learn discriminative signals with ex-
plicit alignment to modulation categories, thus learning a
strong physical foundation.

Stage 2: Knowledge-Enhanced Instruction Tuning. We re-
move the classification head and connect the encoder into the
LLM using the progressive fusion modules. We apply Low-
Rank Adaptation [Hu et al., 2022] to the LLM parameters.
We optimize the whole system using the next-token predic-
tion objective:

LStage2 = −E(Zs,t,w)∼D

[
T∑

i=1

logPθ(wi|w<i,Zs, t)

]
(12)

4 Experiments
4.1 Datasets
To perform an exhaustive assessment across varying sig-
nal complexities and channel conditions, we utilize multi-
ple publicly available and widely-used benchmark datasets in
this field: RML2016.10a, RML2016.10b [O’shea and West,
2016], RML2016.04c [O’Shea et al., 2016], and RML2022
[Sathyanarayanan et al., 2023]. These benchmarks cover a
diverse spectrum of modulation schemes and signal-to-noise
ratios (SNRs). The dataset was split into training, validation,
and test sets with a ratio of 6:2:2. To ensure statistical con-
sistency, we applied a strict stratified random sampling strat-
egy for dataset partitioning. Specifically, sampling was per-
formed uniformly across every distinct SNR level and mod-
ulation category, thereby preserving the intrinsic distribution
of signal characteristics throughout the experimental subsets.

4.2 Training Setup and Evaluation Metrics
All experiments were conducted on NVIDIA A100 GPUs us-
ing PyTorch 2.6.0. Stage I training used a learning rate of
5.0 × 10−4 with 30 epochs. Stage II used a learning rate of
1.0 × 10−4 with 30 epochs, cosine learning rate scheduler
with warmup ratio of 0.1. For LoRA configuration, we set
rank to 32, alpha to 64, and dropout to 0.1. The signal injec-
tion was applied at layers {0, 4, 8, 12, 16, 20, 24, 28} with
8 attention heads. We employed four complementary met-
rics to evaluate classification performance: Overall Accuracy
(ACC), Cohen’s Kappa (κ), Macro F1-Score, and Matthews
Correlation Coefficient (MCC), these metrics collectively as-
sess both overall correctness.

4.3 Performance Analysis
We compare AMR-LLM against seven representative meth-
ods in Table 1, including five mainstream methods ( AWN
[Zhang et al., 2023b], AMC-Net [Zhang et al., 2023a],
TLDNN [Qu et al., 2024], SigDA [Wang et al., 2024], IQ-
Former [Shao et al., 2025]) and two LLM-based methods
(FSCA [Hu et al., 2025], RadioLLM [Chen et al., 2025]),
where RadioLLM is specifically designed for AMR tasks and
FSCA is a representative method from the time series do-
main. The experimental results of comparison methods were
directly reproduced using the same 6:2:2 data split ratio as
ours, while keeping the training hyperparameters consistent
with their original implementations.
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Dataset Methods Pub./Year Overall Accuracy Kappa Macro F1-Score MCC

RML2016.10a

AWN IEEE TCCN/2023 61.96 0.5816 0.6408 0.5977
AMC-Net IEEE ICASSP/2023 62.45 0.5869 0.6462 0.6043
TLDNN IEEE TVT/2024 61.04 0.5715 0.6316 0.5875
SigDA IEEE TWC/2024 62.82 0.5911 0.6495 0.6091
IQFormer IEEE TCCN/2025 63.92 0.6032 0.6629 0.6205

FSCA* ICLR/2025 55.53 0.5108 0.5639 0.5200
RadioLLM ARXIV/2025 58.10 0.5391 - -

AMR-LLM (Ours) 70.04 0.6704 0.7013 0.6705
Improvement 6.12↑ 0.0673↑ 0.0384↑ 0.0500↑

RML2016.10b

AWN IEEE TCCN/2023 64.27 0.6030 0.6447 0.6072
AMC-Net IEEE ICASSP/2023 65.07 0.6119 0.6517 0.6163
TLDNN IEEE TVT/2024 65.35 0.6151 0.6575 0.6194
SigDA IEEE TWC/2024 65.00 0.6111 0.6654 0.6220
IQFormer IEEE TCCN/2025 65.37 0.6152 0.6528 0.6180

FSCA* ICLR/2025 59.95 0.5550 0.6028 0.5620
RadioLLM ARXIV/2025 58.35 0.5372 - -

AMR-LLM (Ours) 70.71 0.6746 0.7101 0.6750
Improvement 5.34↑ 0.0594↑ 0.0526↑ 0.0556↑

RML2016.04c

AWN IEEE TCCN/2023 71.98 0.6821 0.7375 0.6834
AMC-Net IEEE ICASSP/2023 66.36 0.6183 0.6560 0.6212
TLDNN IEEE TVT/2024 65.23 0.6098 0.6663 0.6204
SigDA IEEE TWC/2024 73.20 0.6971 0.7375 0.6977
IQFormer IEEE TCCN/2025 72.03 0.6836 0.7309 0.6841

FSCA* ICLR/2025 66.95 0.6273 0.6793 0.6274
RadioLLM ARXIV/2025 68.19 0.6441 - -

AMR-LLM (Ours) 78.86 0.7623 0.7653 0.7633
Improvement 5.66↑ 0.0652↑ 0.0278↑ 0.0656↑

RML2022

AWN IEEE TCCN/2023 68.06 0.6451 0.6775 0.6457
AMC-Net IEEE ICASSP/2023 68.77 0.6530 0.6847 0.6540
TLDNN IEEE TVT/2024 67.44 0.6382 0.6713 0.6398
SigDA IEEE TWC/2024 69.81 0.6645 0.6981 0.6680
IQFormer IEEE TCCN/2025 69.83 0.6648 0.6962 0.6653

FSCA* ICLR/2025 61.08 0.5675 0.6055 0.5684
RadioLLM ARXIV/2025 59.39 0.5488 - -

AMR-LLM (Ours) 74.86 0.7195 0.7376 0.7174
Improvement 5.03↑ 0.0547↑ 0.0395↑ 0.0494↑

Table 1: Performance comparison on four benchmark datasets. We compare AMR-LLM against seven representative methods, including
five mainstream AMR approaches, one representative time-series foundation model method (FSCA)*, and one LLM-based AMR method
(RadioLLM).

AMR-LLM achieved improvements across all metrics on
all benchmark datasets. For instance, on the RML2016.10a
dataset, the accuracy improved by 6.12%, Cohen’s Kappa
increased by 0.0673, Macro F1-Score improved by 0.0384,
and MCC increased by 0.0500. Consistent improvements
were also observed on other datasets, indicating that com-
bining knowledge enhancement with physical perception
exhibits substantial performance advantages over existing
SOTA methods. Meanwhile, we observed that although prior
LLM-based methods already utilized both physical signals

and textual information, their performance was still slightly
inferior to mainstream methods that relied solely on physical
signal data. This may provide a useful reference that both
knowledge enhancement and physical perception need to be
carefully considered and effectively combined to better un-
leash the potential of LLMs.

4.4 The Importance of Knowledge and Perception
As shown in Table 1, AMR-LLM has achieved relatively high
performance. However, to validate whether knowledge and
perception truly contribute to the performance, we conduct
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Perception Knowledge RML2016a

ACC Kappa F1 MCC

✗ ✓ 34.74 0.2821 0.3459 0.2841
✓ ✗ 57.98 0.5378 0.5938 0.5534
✓ ✓ 70.04 0.6704 0.7013 0.6705

Table 2: Ablation study on the importance of knowledge enhance-
ment and physical perception on RML2016.10a.

experiments using only knowledge enhancement and only
physical perception separately on the RML2016.10a dataset.
Results are shown in Table 2.

First, we find that using only knowledge enhancement
without physical perception yields poor recognition perfor-
mance, which aligns with human intuition. To further investi-
gate where the performance degrades, we analyze the recog-
nition accuracy across different SNR levels and discover that
the model only achieves reasonable recognition capability in
high-quality environments (SNR > 10 dB). Second, using
only physical perception data without knowledge enhance-
ment, the recognition accuracy is similar to previous LLM-
based methods. Finally, when using both components to-
gether, the recognition accuracy improves by approximately
5% compared to existing SOTA. This further demonstrates
that effectively combining physical perception with knowl-
edge enhancement can better unleash the potential of LLMs.

4.5 Advantage in Low-SNR
AMR-LLM indeed achieves significantly higher overall per-
formance than existing SOTA methods in this field, but we
want to understand where exactly the improvements come
from. Since existing methods have already achieved satis-
factory performance under high-SNR conditions, we examine
the dynamics of these methods under low-SNR scenarios.

We compare the recognition accuracy of representative
methods across different SNR levels on the RML2016.10a
dataset, as shown in Figure 4. The results reveal that AMR-
LLM’s main improvements occur in challenging low-SNR
conditions, with substantial gains in the −20 to −10 dB
range. In particular, at the most challenging SNR level of
−20 dB, its accuracy improves by approximately 20% com-
pared to existing methods. We believe this may be attributed
to the powerful inference capability and fine-grained attention
ability of LLMs, which enable the model to capture discrimi-
native information even under low-SNR conditions. This also
provides a potential reference direction for weak signal recog-
nition in complex scenarios.

4.6 Data Efficiency Analysis
While achieving high accuracy, we are curious whether in-
troducing LLMs can reduce the dependency on training data
and whether comparable performance can be achieved with
less data, since large language models inherently contain im-
plicit knowledge and inference capabilities related to AMR.

To address this question, we train AMR-LLM with varying
data proportions ranging from 10% to 60% across multiple
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Figure 4: Recognition accuracy comparison across different SNR
levels on RML2016.10a.

benchmarks. Figure 5 presents the results. The results re-
veal that AMR-LLM trained with approximately 30% of the
data already achieves performance comparable to current do-
main SOTA methods. Although AMR-LLM achieves signifi-
cant performance improvements, it does incur higher compu-
tational overhead due to the LLM backbone( 0.1 s per sam-
ple). However, this approach with less data dependency can
serve as a powerful “teacher” model for model distillation or
guiding lightweight models, enabling rapid domain adapta-
tion and deployment in resource-constrained scenarios (e.g.,
data scarcity or prohibitive labeling costs).
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Figure 5: Data efficiency analysis on multiple benchmark datasets.

5 Conclusion
The success of AMR-LLM demonstrates that, in complex en-
vironments with challenging recognition tasks but less strin-
gent real-time constraints, effective recognition can be ex-
plored through collaboration between large and lightweight
models, where lightweight models handle routine samples
and large models are invoked for complex cases. Further-
more, this framework can evolve into intelligent agents with
perception and reasoning capabilities. By synergizing hu-
man prior knowledge, such as expert experience and physi-
cal laws, with bottom-up machine perception from signal fea-
tures, AMR-LLM contributes to the exploration of AI agent
systems for signal processing that integrate data sensitivity
with logical reasoning capabilities.
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