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Abstract

This paper presents a complex-valued differential autoen-
coder architecture for efficient compression and reconstruc-
tion of channel state information (CSI) in cellular systems.
This minimizes the substantial feedback overhead associ-
ated with high-dimensional CSI in massive multi-antenna
multiple-input multiple-output (MIMO) and broadband or-
thogonal frequency division modulation (OFDM). The CSI
is represented in the delay—angle domain, where it exhibits
sparse and structured correlations across both spatial and tem-
poral dimensions. Unlike conventional feedback schemes that
periodically transmit full CSI instances from the user equip-
ment (UE) to the base station (BS), the proposed model lever-
ages temporal correlation between consecutive CSI frames
to reduce feedback bandwidth. Instead of traditional mod-
els that split the real and imaginary values of the CSI into
separate channels, the proposed architecture introduces a
feedback driven mechanism that encodes and reconstructs
only the information difference between CSI instances using
complex-valued transformations. Experiments are conducted
on temporally correlated delay—angle CSI sequences, gen-
erated from standard 3GPP channel models at user speeds
of 40 km/h, 100 km/h, and 360 km/h to emulate varying
Doppler conditions. The experimental results demonstrate
that the proposed model achieves substantially higher com-
pression efficiency and reconstruction fidelity than conven-
tional frame-wise autoencoders.

Introduction

The accurate and timely acquisition of channel state infor-
mation (CSI) is critical for achieving high spectral efficiency
and reliable communication in modern cellular systems, par-
ticularly in massive MIMO and broadband OFDM scenar-
ios. However, the high dimensionality of CSI in these sys-
tems introduces significant feedback overhead between the
user equipment (UE) and the base station (BS). To mitigate
this overhead, efficient CSI compression has become essen-
tial. Transforming CSI into the delay—angle domain via a 2D
discrete Fourier transform reveals that most of the channel
energy is concentrated in a small subset of coefficients (Say-
eed 2002). This enables compact and structured representa-
tions that are more amenable to learning based compression.
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Recent deep learning-based architectures, such as CsiNet
(Wen, Shih, and Jin 2018) and CRNet (Lu, Wang, and Song
2020), have shown remarkable success in exploiting spa-
tial correlations of CSI for compression and reconstruc-
tion. CsiNet employs convolutional encoders and decoders
to learn nonlinear mappings between high dimensional CSI
and its compressed representation. On the other hand, CR-
Net extends this approach using residual blocks to enhance
reconstruction accuracy. Despite their effectiveness, these
architectures treat each CSI frame independently compress-
ing the entire CSI instance at every reporting interval with-
out leveraging the temporal correlations that naturally exist
between successive frames in time varying channels. More-
over, these models typically decompose complex valued CSI
into separate real and imaginary components before process-
ing. Thus, the correlation between the real and imaginary
components are not efficiently exploited in reducing redun-
dancy.

In contrast, this paper proposes a complex-valued differ-
ential autoencoder (CVDAE) designed to exploit the tempo-
ral redundancies present in CSI sequences. In practical sys-
tems, the UE periodically transmits CSI feedback to the BS.
Instead of feeding back the full CSI data at each instant, our
model focuses on encoding only the difference between con-
secutive CSI frames, which inherently contains less informa-
tion as the CSI frames are temporally correlated. The inter-
frame correlation is inversely proportional to the Doppler
content in the CSL

The proposed CVDAE architecture consists of three key
components:

e Complex-valued autoencoder (CVAE):. This learns a
compact latent representation of the CSI.

* Difference network: a complex valued linear network that
computes the residual between the current CSI matrix
and the previous CSI instance.

* Summation network: a complex valued linear network
that reconstructs the current CSI matrix by combining
the decoded residual with the previously reconstructed
CSI instance.

To enable feedback-driven temporal reconstruction, mem-
ory units are maintained at both the encoder and decoder.
The encoder memory stores the previously observed CSI in-
stance, while the decoder memory holds the previously re-



constructed CSI. This design allows the model to learn how
CSlI evolves over time and to adaptively refine its representa-
tion across frames. Such memory units as opposed to GRU
memory units reduce the computational complexity of the
model.

Experimental results show that the proposed framework
effectively exploits the complex-valued structure and tem-
poral continuity of CSI, achieving superior compression effi-
ciency and reconstruction fidelity compared to conventional
frame-wise autoencoders across varying doppler conditions.
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Figure 1: Sample CSI generated using NVIDIA Sionna.

Channel Model

In this work, we consider the downlink channel of a fre-
quency division duplex (FDD) system. The user equip-
ment (UE) estimates the channel state (CSI) based on pi-
lot symbols transmitted from the base station (BS), which is
equipped with M antennas. The downlink employs orthog-
onal frequency division multiplexing (OFDM) with N sub-
carriers. Thus, the baseband signal received at the receiver
in the frequency domain is given by

ylf] = HIf, s x[f, 8] + 2[f], (1)

where H(f, s) is the wireless channel gain for the fth sub-
carrier and sth spatial antenna, x(f, s) is the transmitted sig-
nal and z(f) is the additive noise.

The resulting CSI matrix H is essential for transmit pre-
coding at the BS. In practical 4G and 5G systems, the UE
estimates H using reference signals and reports it to the BS
through the uplink control channel. However, due to time
varying channel, the CSI remains approximately constant
only over a short interval known as the coherence time, de-
noted by 7. This interval is inversely related to the Doppler

spread fp,ie., T, ~ f% For a mobile user moving at ve-

locity v, the Doppler spread is given by fp = ”(Jf <, where
fe is the carrier frequency and c is the speed of light. Conse-
quently, higher mobility or carrier frequency results in faster
CSI variation, requiring more frequent feedback. To reduce
this overhead, the CSI is typically compressed before being
fed back. Approximately, for each coherence window, a CSI
matrix feedback is transmitted from the UE to the BS.

It is well established that the wireless channel exhibits a
sparse structure in the delay-angle domain compared to the
frequency-space domain representation (Sayeed 2002). The
transformation between these two representations can be ex-

pressed as

1 LXK i
Gln,m] = H[n,m]e? (3 -%) ()
ATy 2 2

where H[n,m] and G[n, m] denote the space-frequency and
delay-angle CSI, respectively. An illustration of the CSI in
these two domains is presented in Fig. 1. It can be seen from
this illustration that the CSI is sparser in the delay-angle do-
main.
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Figure 2: | A H| between consecutive CSI frames at different
UE Speeds.

The temporal correlation between successive CSI frames
at varying UE speeds is depicted in Figure 2. Here, |AH |
denotes the magnitude of the difference between two con-
secutive CSI matrices over time. Figure 2 illustrates that
the inter-frame correlation is inversely proportional to the
Doppler content in the CSIL.

Deep Learning Architectures for CSI
Compression

This section describes the state-of-the-art deep learning ar-
chitectures (namely, CsiNet (Wen, Shih, and Jin 2018) and
CRNet (Lu, Wang, and Song 2020)) and our proposed
complex-valued differential autoencoder (CVDAE) for CSI
compression. For comparison, we also present the complex-
valued autoencoder (CVAE), which is a vanilla autoencoder
architecture that does not exploit the temporal CSI corre-
lations but learns complex-valued features. This allows us
to isolate and quantify the contribution of the differential
mechanism within CVDAE, providing a clearer understand-
ing of how temporal correlations in CSI sequences can be
effectively exploited.

State-of-the-art

Convolutional neural network (CNN) based architectures
have been widely adopted for CSI compression owing to
their strong ability to learn spatial correlations in the channel
matrix. A key work in this direction is CsiNet (Wen, Shih,
and Jin 2018), which formulates CSI feedback as an image
compression problem. The network employs a convolutional
encoder at the UE to extract low-dimensional latent repre-
sentations of the channel, and a corresponding decoder at
the BS to reconstruct the CSI. CsiNet demonstrated signif-
icant performance gains over traditional compressive sens-
ing approaches by leveraging data-driven learning of chan-
nel structures.
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Figure 3: Complex Valued Differential Autoencoder Architecture.

Building upon CsiNet, another model named as CR-
Net (Lu, Wang, and Song 2020) further improved CSI re-
construction quality by introducing residual connections and
a channel attention mechanism. CRNet also employs deeper
convolutional layers to model non-linear channel relation-
ships more effectively, achieving higher reconstruction ac-
curacy at low compression ratios. These CNN-based models
have established a strong baseline for CSI compression by
exploiting spatial correlation and domain sparsity.

However, both CsiNet and CRNet share several limita-
tions. First, they operate on the real-valued decomposition of
the complex CSI, where the real and imaginary components
are treated as independent channels. This decoupled rep-
resentation discards the intrinsic amplitude—phase relation-
ships inherent in the complex domain, potentially leading to
suboptimal feature learning. Second, these models compress
each CSI matrix independently, neglecting the strong tempo-
ral correlation present in sequential CSI observations when
the UE periodically feeds back CSI to the BS. As a result,
redundant information across consecutive matrices is repeat-
edly encoded, increasing feedback overhead. These limita-
tions motivate the design of a complex-valued architecture
that can jointly exploit amplitude—phase coupling and tem-
poral redundancy for more efficient CSI compression.

Complex Valued Feedforward Neural Network for
CSI Compression

Existing architectures such as CsiNet (Wen, Shih, and Jin
2018) and CRNet (Lu, Wang, and Song 2020) treat CSI as
real valued data and compress each frame independently.
The proposed model directly operates on complex values
and exploits temporal correlations between consecutive CSI
instances. In practical FDD systems, the UE periodically
feeds back CSI to the BS, and consecutive CSI samples ex-
hibit strong temporal similarity within the channel coher-
ence time. Motivated by this, we encode only the incre-
mental difference between successive CSI frames instead of
transmitting the full CSI at every time instant, thereby re-
ducing feedback redundancy. The proposed complex-valued
differential autoencoder (CVDAE) comprises of three mod-
ules: a complex-valued autoencoder (CVAE), a difference
network, and a summation network. Each module is imple-
mented using fully connected layers (Goodfellow, Bengio,

and Courville 2016) with complex weights and activations
to preserve both amplitude and phase dependencies in the
CSI matrices.

Complex-Valued Autoencoder (CVAE) : The CVAE
forms the central compression module of the framework. It
consists of a complex-valued encoder and decoder, each im-
plemented as the following transformation:

z; = [(Wexy +be), X =Wz, + by, 3)

where x; € C'024 denotes the input CSI vector at time ¢
obtained by flattening the CSI matrix Hy, z, € C" is the en-
coded latent vector of dimension h, and f(-) is a non-linear
activation function. In this work, we adopt the complex-
valued hyperbolic tangent (tanh) as the activation, which
has been shown to stabilize magnitude growth and maintain
phase continuity in complex-valued transformations.

sinh(2a) + i sin(2b)

tanh(a +ib) = cosh(2a) + cos(2b)

“4)

The encoder reduces the CSI dimensionality, achieving com-
pression, while the decoder reconstructs the full-scale CSI
from the latent embedding. All operations are performed
using complex64 precision using pytorch (Paszke et al.
2019), ensuring consistent complex arithmetic throughout
the network.

Difference Network : The difference network computes
the complex residual between the current CSI instance H;
and the previous value H;_; in the memory. Thus, the dif-
ference network computes only those components that are
not present in the previous CSI matrix.

dt = lefNet(Ht, Ht—l)- (5)

The difference network comprises of two fully connected
layers with complex-valued weights. The input is the con-
catenation of H; and H;_;, forming a 2d-dimensional vec-
tor. The difference network projects it to d dimensions
through a learnable transformation. Unlike conventional
subtraction, this learned differencing allows the network
to model complex-valued temporal relationships adaptively,
capturing both amplitude and phase shifts that arise from
Doppler induced variations.



Summation Network : The summation network performs
the complementary operation at the decoder side, recon-

structing the full CSI H, from the decoded residual d; and
the previous reconstructed CSI H;_;:

H, = SumNet(d, H;_,). (6)

It has an identical structure to the difference network, em-
ploying two complex-valued linear layers. By learning to
merge the reconstructed residual with the decoder memory,
the summation network ensures smooth temporal evolution
and continuity across CSI frames. This adaptive cumulation
mechanism generalizes beyond element wise summation, al-
lowing the network to learn optimal phase alignment and
amplitude scaling between consecutive reconstructions.

Memory Mechanism : Two memory buffers are main-
tained across time steps. One at the encoder to store the
previous CSI input H;_;, and another at the decoder to
store the previously reconstructed CSI H,_,. These mem-
ories are dynamically updated at each iteration, creating a
feedback loop. During inference, the first CSI frame is en-
coded and reconstructed directly, while subsequent frames
are processed through the differential pathway.

The entire network is trained to minimize the mean
squared error (MSE) loss between the reconstructed CSI H,
and the ground truth CSI Hy:

2
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where L denotes the total number of training samples. This
objective encourages the network to learn compact yet faith-
ful representations of the CSI data. Overall, this complex-
valued formulation preserves the physical characteristics of
the CSI while learning efficient representations of its tempo-
ral evolution. This leads to improved compression efficiency
and reconstruction accuracy across different Doppler condi-
tions.

Experimental Results

To evaluate the proposed complex-valued differential au-
toencoder, we conduct experiments on temporally correlated
CSI sequences generated using NVIDIA Sionna (Hoydis
et al. 2022) in compliance with 3GPP channel models. The
proposed model is benchmarked against the complex val-
ued autoencoder, CRNet and CsiNet baselines across com-
pression rates ranging from 50% (low compression) to 99%
(high compression). The neural networks were trained using
a batch size of 64 and for a maximum of 20 epochs.

CSI Dataset

For training, CSI data is generated using the clustered de-
lay line (CDL) channel models implemented in NVIDIA
Sionna (Hoydis et al. 2022). The dataset adheres to 3GPP
specifications, encompassing diverse CDL profiles, delay
spreads, angular spreads, and path losses, simulated for a 32-
antenna BS. To emulate urban macrocell environments and
assess the model’s robustness under mobility, the dataset is

generated at varying Doppler frequencies corresponding to
UE speeds of 40 km/h, 100 km/h, and 360 km/h. Each CSI
instance is sampled at an interval of 34 us, and 64 such con-
secutive instances are captured to form a complete CSI sam-
ple. An example of the generated CSI instance is shown in
Fig. 1.

Performance Analysis

To quantitatively evaluate the reconstruction performance,
we consider the following two metrics: (i) Average Co-
sine Similarity and (ii)) Normalized Mean Squared Error
(NMSE).

Average Cosine Similarity : To assess the structural
alignment between the reconstructed and ground-truth CSI,
we compute the cosine similarity along the columns of each
CSI matrix and report their average value. Formally, it is de-

fined as ;
1 hih,
p=E {L |} ) (3)
et 2 (B2
where h,, and fln denote the n-th column of the ground-truth

and reconstructed CSI matrices, respectively. Higher values
of cosine similarity denote better performance.

Normalized Mean Squared Error : The NMSE mea-
sures the reconstruction distortion normalized by the signal
power of the ground-truth CSI, and is defined as

|H — H|3
NMSE=E<{ *— "2 % &)
{ IH3

For evaluation, NMSE values are expressed in decibels (dB).
NMSEgs = 101log;,(NMSE). (10)

Lower NMSE values (in dB) indicate better reconstruction
fidelity.

Rate (%) | CVAE CRNet CsiNet CVDAE
50 4.196M 7.57IM  6.005M  29.360M
75 2097  5474M  3908M 27.264M
80 1.671IM  5.052M 3.490M 26.836M
90 0.835M 4.213M  2.646M 26.000M
95 0.409M 3.795M 2.228M 25.576M
99 0.081M 3.459M 1.892M 25.248M

Table 1: Computation FLOPs at Different Compression
Rates

Observation

The results of the experiments are listed in Table 2, and
Figures 4, 5, and 6. It can be observed that the proposed
CVDAE consistently outperforms all other state-of-the-art
models across varying UE speeds and compression ratios.
As the UE speed decreases from 360 km/h to 40 km/h, the
cosine similarity consistently improves across all compres-
sion rates, indicating enhanced reconstruction stability un-
der slower mobility conditions. CVDAE exhibits a notice-
able improvement in NMSE approximately 1 dB at 90%
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Figure 4: Average NMSE (dB) at a UE speed of 360 km/h.
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Figure 5: Average NMSE (dB) at a UE speed of 100 km/h.

Avg. NMSE

—12.5

—m— CVDAE
CRNet

—4— CsiNet

—15.04 —e— cvaE

~17.597:¢5

-19.08 -18.8

50 60 70 80 90 100
Compression Rate (%)

Figure 6: Average NMSE (dB) at a UE speed of 40 km/h.

compression demonstrating its robustness under lower mo-
bility due to increased temporal correlation in the channel.

Rate (%) | CVDAE CRNet CsiNet CVAE
UE Speed: 360 km/h
50 0.9997  0.9972 0.9918 0.9987
75 0.9995  0.9968 0.9893 0.9970
80 0.9986  0.9966 0.9881 0.9950
90 0.9985  0.9964 0.9852 0.9941
95 0.9985  0.9928 0.9762 0.9938
99 0.9825  0.9738 0.9681 0.9826
UE Speed: 100 km/h
50 0.9998  0.9973 0.9920 0.9988
75 0.9996  0.9969 0.9898 0.9971
80 0.9991  0.9967 0.9884 0.9953
90 0.9990 0.9966 0.9852 0.9945
95 0.9989  0.9929 0.9784 0.9940
99 0.9830 0.9745 0.9694 0.9831
UE Speed: 40 km/h
50 0.9998  0.9978 0.9930 0.9989
75 0.9997  0.9972 0.9905 0.9972
80 0.9994  0.9970 0.9884 0.9954
90 0.9992  0.9969 0.9853 0.9946
95 0.9990  0.9945 0.9794 0.9949
99 0.9850 0.9768 0.9700 0.9834

Table 2: Average Cosine Similarity (p) at Different Com-
pression Rates and UE Speeds

It is observed that at higher compression rates (> 95%),
the complex-valued autoencoder (CVAE) outperforms CR-
Net in terms of cosine similarity and achieves compara-
ble NMSE, while requiring nearly 9x fewer FLOPs. It
highlights the efficiency of complex valued representations,
which preserve the inherent amplitude—phase relationships
of the CSI without resorting to separate real and imaginary
processing.

The proposed CVDAE further improves reconstruction
quality by approximately 6 dB across all compression rates
compared to CVAE. The modest increase in computational
cost (table 1) arises from the difference and summation sub
networks each comprising two fully connected complex val-
ued linear layers that process concatenated CSI vectors to
capture temporal dependencies. At 95% compression rate,
CVDAE provides the same or better NMSE and cosine sim-
ilarity performance compared to that of other models at 50%
compression rate.

Conclusion

This work introduced a novel complex-valued differential
autoencoder (CVDAE) for compressing temporally corre-
lated CSI in FDD systems. By learning differential rep-
resentations in the complex domain, CVDAE effectively
preserves amplitude—phase relationships and temporal con-
sistency. It was showed that the proposed CVDAE model
achieves superior reconstruction accuracy, particularly at
high compression rates. Although the complex-valued linear
layers incur a moderately higher computational footprint,
this is well compensated by drastic performance gains both
in terms of cosine similarity and NMSE. The experiments
demonstrated the efficacy of proposed CVDAE model per-



formance in wireless CSI compression at different Doppler
frequencies. As future work, we plan to extend this frame-
work to complex-valued convolutional and graph neural net-
work architectures, which can exploit the spatial and struc-
tural correlations in CSI more efficiently.
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