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Abstract

In this work, C2R-KD is proposed, applying a Complex-to-
Real projection to map complex domain features into the
real domain. C2R-KD mitigates complex-real domain mis-
match to strengthen the representational capacity of the stu-
dent model and further improves the knowledge distillation
model performance through the hybrid distillation of features
and logits simultaneously. Experimental result demonstrates
higher accuracy than the conventional KD across all test en-
vironments.

Introduction

Deep learning (DL) has attracted growing interest in sig-
nal processing due to its capability to extract representa-
tions directly from raw signals (Kim and Jo 2024). Never-
theless, real-world wireless signals are typically represented
as complex-valued sequences, while most DL models are
tailored for real-valued inputs. This mismatch often results
in information loss and degraded performance when applied
to complex signals (Kim et al. 2025). Meanwhile, complex-
valued neural networks (CVNN) have been employed to mit-
igate this mismatch, offering a more natural treatment of
phase and amplitude information in signals (Tu et al. 2020).
However, CVNN typically has large number of parameters
and high computational complexity, which limits their prac-
tical deployment(Xiao, Yang, and Feng 2023).

To overcome limitations, This study introduces a novel
knowledge distillation(KD) framework. The method dis-
tills both logit- and feature-level knowledge from a teacher
and a Teacher Assistant (TA). Stepwise distillation reduces
the performance gap between large and lightweight mod-
els and improves training stability. By preserving features of
complex-valued signals and the amplitude—phase structure,
the proposed framework enhances signal processing perfor-
mance. Furthermore, projecting complex features into the
real domain enables the use of a lightweight student model
based on real-valued operations, thereby significantly reduc-
ing the parameter count of the model.
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C2R-KD

Complex-Valued Neural Network The CVNN processes

complex data using complex-valued operation defined as:
f(z) = (WRzZR - Wizl 1+ j(WizZR1wWRzgl). (1)
where W denotes the weight matrix and z the complex-

valued signal. R and [ indicate the real and imaginary parts.

f denotes a complex-valued operation. CVNN preserves in-
teractions between the real and imaginary components.

Complex to Real Feature Projection CVNN incurs el-
evated computational cost and larger model size due to
complex arithmetic. To improve the efficiency—performance
trade-off under resource constraints, KD has been pro-
posed and increasingly adopted (Youn and Jo 2025). Com-
plex—real domain mismatch, specifically disparities in nu-
merical representations and operational semantics, preclude
direct alignment of the representation spaces. As a result,
feature-level knowledge distillation cannot be performed. To
enable KD, complex feature maps are transformed into real-
valued representations.
O(z) ={|2zn| | z2n €2} 2)
where z,, represents an individual complex component
contained within the feature map. ®(z) represents the am-
plitude of the complex feature map. The Complex to Real
Feature Projection converts complex-valued features into the
real domain while preserving amplitude information that
reflects the signal’s energy distribution and intensity. The
complex-valued model can produce a stable and compact
real-valued representation, enabling the student model to in-
herit spatial correlations and other structural properties em-
bedded in the complex domain.

Consequently, this projection mitigates the representa-
tional discrepancy between complex and real domains and
facilitates consistent and efficient knowledge transfer during
distillation, thereby enhancing the stability of convergence
and the generalization performance of the model. Further-
more, it enables the realization of Complex-to-Real Knowl-
edge Distillation (C2R-KD), which effectively transfers the
knowledge of a complex-valued teacher model to a real-
valued student model.
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Figure 1: Framework of C2R-KD : Complex to Real Knowledge Distillation

Signal to Signal Classification Accuracy (%)

Noise Ratio C2R-KD  Feature KD LogitKD CVCNN RVCNN
-2.51dB 99.18 98.31 96.18 98.69 98.30
-2.74 dB 99.06 98.61 95.59 98.74 98.08
-2.81dB 98.98 98.19 99.36 98.69 97.94
-2.99 dB 98.19 96.73 97.44 97.54 97.38
-3.13dB 97.70 96.38 95.15 96.98 95.93
-3.42 dB 95.21 92.85 92.34 93.69 92.98
-3.70 dB 88.01 84.83 83.84 86.60 84.23
-4.11 dB 66.34 59.18 45.19 65.49 55.85

Table 1: Performance Comparison of Distillation Methods

Hybird Loss function for C2ZR-KD C2R-KD employs a
multi-level distillation scheme, where the teacher and TA
models collaboratively transfer knowledge to the student
model. C2R-KD achieves complementary guidance through
both logit- and feature-level alignment. The teacher and TA
models adopt CVNN architectures, reflecting higher exper-
tise and capacity to handle greater complexity and computa-
tional demands, whereas the student model, designed using
only a lightweight real-valued operations, leverages the dis-
tilled knowledge to achieve improved accuracy with signifi-
cantly reduced computational cost.

As the C2R-KD framework in Figure 1 supports multi-
ple distillation pathways, complementary hybrid distillation
losses are designed to jointly capture features and logits. The
overall training objective is given by:

L= Z Ok )‘feat<Tk’ | Sk) + Z Br )\logit(Tk | Sk) +LcE.
ke ke ;
3)

where C denotes the set of upper to lower distillation
pairs (e.g., Teacher — T A, Teacher — Student, TA —
Student). For each k € IC, T}, denotes the output of the up-
per model(e.g., T'eacher ,TA) and Si denotes the output
of the lower model(e.g., T'A , Student). Ageat, Alogit are the
feature and logit-level distillation losses. v and (j are their
respective weights. Lcg is the cross-entropy loss used to su-
pervise the student. Hybrid distillation loss integrates feature
and logit KD with cross-entropy supervision and improves
training stability through complementary loss pathways.
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Experiment

Experiment Setup In the experiment, DMRS (DeModu-
lation Reference Signal) data collected in a real 5G envi-
ronment was utilized (Han, Jo, and Kim 2022). The signals
were collected at eight noise levels using an implemented
5G testbed, and the models were evaluated separately un-
der each condition. The experiments employed VTCNN2
(O’shea and West 2016) as the Teacher, CVCNN (Wang
et al. 2021) as the TA, and RVCNN—the real-valued ver-
sion of CVCNN—as the Student.

To validate the effectiveness of C2R-KD, signal classifi-
cation experiments employing Logit and Feature KD were
conducted. Performance was compared against Logit KD,
Feature KD, the Student without distillation, and the TA
models.

Evaluations Table 1 shows the signal classification per-
formance results. C2R-KD consistently exhibited better
classification accuracy across compared to benchmarks. In
particular, it showed an improvement of 10.49%p compared
with the baseline student model RVCNN at lowest SNR of
-4.11dB.

Additionally, C2R-KD achieved higher accuracy than the
CVNN-based TA model. This demonstrates that C2R-KD
effectively transfers the benefits of complex representations
to the student in form of real-valued knowledege distilled
form both teacher and TA. thereby improving performance,
and further suggests that real-valued models can surpass
complex-valued models.

Conclusion

In this study, C2R-KD is proposed as a cross-domain knowl-
edge distillation that transfers knowledge from the complex
domain to the real domain through domain transformation
and by combining features and logits. The proposed ap-
proach was validated using real-world collected data and
achieved higher accuracy than complex-valued models by
employing a real-valued student model with C2R-KD. In fu-
ture work, the framework will be extended by incorporating
multiple TAs for knowledge transfer, while further improv-
ing overall performance.
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