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QA-P-MMSE: A scalable and high-performance
receiver for cell-free Massive MIMO with

Quantized Fronthaul
Lokesh Kumar Sadrani, and Rakesh Singh Rajput

Abstract—Cell-free Massive MIMO systems promise unprece-
dented spectral efficiency by coherently serving users with a
large number of distributed Access Points (APs). A key practical
challenge, however, is the high capacity required for the fronthaul
links connecting these APs to a central processing unit. To reduce
cost and power, these links must employ low-resolution quantiza-
tion, which introduces distortion that can severely degrade system
performance. This paper tackles this problem by proposing a
novel, scalable receiver scheme: the Quantization-Aware Partial
MMSE (QA-P-MMSE) receiver. Unlike conventional methods
that either ignore quantization effects or require non-scalable
centralized processing, our proposed receiver explicitly incor-
porates the statistics of the quantization noise into its design.
We demonstrate through simulations that the QA-P-MMSE
receiver significantly outperforms other scalable schemes, such as
Maximum-Ratio (MR) and Partial-MMSE (P-MMSE), in terms
of both average spectral efficiency and user fairness. Crucially,
it approaches the performance of an ideal, non-scalable MMSE
receiver with unquantized fronthaul, proving its efficacy as a
practical and high-performance solution for next-generation cell-
free networks. Furthermore, energy efficiency analysis reveals
that the proposed scheme maximizes bits-per-joule performance
at 4-bit resolution, aligning with green 6G targets.

Index Terms—Cell-free massive MIMO, fronthaul quantiza-
tion, MMSE combining, scalable receiver, spectral efficiency,
quantization-aware processing.

I. INTRODUCTION

THE evolution towards 6G wireless systems demands
a paradigm shift from traditional cellular architectures

to more user-centric models. Cell-free Massive MIMO has
emerged as a leading candidate, envisioning a network where
a large number of geographically distributed Access Points
(APs) cooperate to serve all users in their coverage area
without cell boundaries [1], [2]. This architecture promises
substantial improvements in reliability and spectral efficiency
by mitigating inter-cell interference and leveraging macro-
scopic diversity [3].

However, realizing the full potential of Cell-Free MIMO
requires processing signals from thousands of distributed APs.
A major bottleneck for practical deployment is the immense
data load on the fronthaul network connecting these APs to
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a Central Processing Unit (CPU) [4], [5]. As noted in [6],
the capacity of standard fronthaul interfaces (e.g., CPRI) is
easily overwhelmed by the raw I/Q data streams generated
by massive antenna arrays. Recent studies have highlighted
that low-capacity fronthaul links and low-resolution ADCs
are inevitable in cost-effective mmWave deployments [7]. To
make these systems viable, three critical challenges must be
addressed:

• Fronthaul Capacity: The sheer volume of raw baseband
data exceeds commercial fiber link capacities.

• Energy Consumption: The power consumption of
Analog-to-Digital Converters (ADCs) scales exponen-
tially with bit resolution (PADC ∝ 2B). High-resolution
quantization is unsustainable for thousands of APs [8].

• Computational Complexity: Centralized processing of
thousands of antennas leads to cubic computational com-
plexity, which is infeasible for real-time applications.

This necessitates the use of low-resolution quantizers (e.g.,
1-4 bits). While methods like adaptive bit allocation [9] and
hybrid processing [10] can reduce fronthaul load, the non-
linear distortion introduced by quantization fundamentally
limits system performance if not properly handled by the
receiver. Standard receivers treat this distortion as simple
white noise, which leads to suboptimal combining weights and
severe performance degradation.

The choice of receiver combining scheme becomes criti-
cal. Simple, scalable schemes like Maximum-Ratio (MR) are
computationally efficient but are not robust to quantization
noise. Conversely, an optimal Minimum Mean Square Error
(MMSE) receiver that jointly processes signals from all APs
is impractical for large-scale systems [11]. This has led to
a persistent knowledge gap in developing algorithms that
maximize spectral efficiency while ensuring scalability [12].

A. Our Contribution

This paper introduces a novel receiver architecture, the
Quantization-Aware Partial MMSE (QA-P-MMSE), de-
signed for scalable cell-free systems with quantized fronthaul.
Our contribution is a receiver that is scalable, quantization-
aware [13], [14], and achieves near-optimal performance,
closing the gap between simple scalable receivers and the the-
oretical non-scalable upper bound. We show through extensive
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MATLAB simulations that our QA-P-MMSE scheme provides
superior spectral efficiency and user fairness compared to
existing scalable methods. Additionally, we provide an energy
efficiency analysis demonstrating that our method is optimal
for low-resolution hardware (4 bits).

II. RELATED WORK

The challenge of designing efficient receivers for cell-free
systems with limited fronthaul has been actively researched
[15], [16]. The literature can be broadly categorized into
several themes.

A. Fronthaul Compression and Quantization Strategies

Adaptive and scalable quantization schemes are essential
for reducing fronthaul load while maintaining spectral effi-
ciency [9], [12]. Recent works have proposed Lattice Vector
Quantization (LVQ) which leverages channel statistics to shape
the codebook [16], and Hybrid SVD-based compression for
wideband systems [9]. While effective, these methods often
introduce significant computational overhead at the APs. Our
work focuses on scalar quantization with AQNM modeling,
which offers a favorable trade-off between complexity and
performance [13]. Variable-resolution ADCs have also been
studied to mitigate capacity constraints [17], and zero-forcing
based analysis has shown limits in uplink backhaul [18].

B. Scalable Receiver Architectures

To avoid the complexity of fully centralized processing,
recent studies propose hybrid schemes. User-centric clustering,
where each UE is served by a dynamic subset of APs, is a key
technique for reducing fronthaul load [19], [20]. Alternative ar-
chitectures include sequential processing (Radio Stripes) [21],
which reduces long-haul cabling but increases latency due to
the daisy-chain topology. More recently, Datta et al. explored
Full-Duplex (FD) architectures [22], though self-interference
remains a challenge. Pothan et al. [23] investigated underlay
spectrum access under limited fronthaul, highlighting the need
for robust interference management. In contrast, our proposed
parallel distributed processing maintains low latency while
achieving scalability comparable to radio stripes.

C. Robust Detection for Limited Fronthaul

Robust detection techniques such as Expectation Prop-
agation (EP) [24] and Variational Bayesian methods [25]
explicitly model the heteroscedastic nature of quantization
noise. Bashar et al. [1], [26] also proposed deep learning-
aided approaches to map channel statistics to power allo-
cation. However, these iterative and learning-based detectors
are computationally intensive. Maryopi et al. [27] analyzed
zero-forcing with coarse quantization, showing significant
degradation at low resolution. Our proposed QA-P-MMSE
integrates the quantization noise statistics directly into a linear
MMSE framework, providing robustness similar to non-linear
detectors but with significantly lower complexity suitable for
real-time implementation [14].

III. SYSTEM MODEL

A. Notation

Boldface lower case (x) and upper case (X) letters denote
vectors and matrices, respectively. The operator (·)† denotes
the conjugate transpose, and E{·} denotes the expectation
operator. CN (0, I) denotes a circularly symmetric complex
Gaussian distribution.

B. Channel Model

We consider the uplink of a cell-free Massive MIMO system
with L APs, each equipped with N antennas, serving K single-
antenna UEs. The channel vector hl,k ∈ CN×1 between UE
k and AP l is modeled as hl,k =

√
βl,kgl,k, where βl,k

represents the large-scale fading (path loss and shadowing)
and gl,k ∼ CN (0, IN ) represents the small-scale Rayleigh
fading.

C. Channel Estimation

To perform coherent combining, the system must estimate
the channel vectors. We assume an uplink training phase of
length τp symbols. Let ϕk ∈ Cτp×1 denote the pilot sequence
assigned to user k, such that ∥ϕk∥2 = τp. The received pilot
signal at AP l, Yp,l ∈ CN×τp , is given by:

Yp,l =

K∑
i=1

√
pphl,iϕ

T
i +Np,l (1)

where pp is the pilot transmit power. Using standard MMSE
estimation, the channel estimate ĥl,k is obtained as:

ĥl,k =
√
ppτpβl,kΨ

−1
l,kyp,l,k (2)

where yp,l,k = Yp,lϕ
∗
k is the despread signal, and Ψl,k =∑K

i=1 ppτpβl,i|ϕT
i ϕk|2+σ2IN is the covariance of the received

pilot signal. The channel estimation error h̃l,k = hl,k − ĥl,k

is independent of the estimate and has covariance Cl,k =
E[h̃l,kh̃

H
l,k].

D. Uplink Signal Model with Quantization

The signal received at AP l ∈ {1, . . . , L} is given by the
linear model:

yl =

K∑
k=1

√
pkhl,ksk + nl (3)

where pk is the transmit power of UE k, sk is the data
symbol, and nl ∼ CN (0, σ2IN ) is the thermal noise. To
reduce fronthaul load, the APs quantize their received signals.
We adopt the Additive Quantization Noise Model (AQNM)
[3], [28]:

yq
l = αByl + ql (4)

where αB = 1 − π
√
3

2 2−2B is the quantization gain for B
bits derived from high-resolution quantization theory [29], and
ql is the additive quantization noise with covariance Cql

=

αB(1− αB)diag(E{yly
†
l }).
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E. Uplink Spectral Efficiency Analysis

The CPU estimates the symbol sk using a combining vector
vk as ŝk = v†

ky
q . The achievable spectral efficiency (SE) is

derived using the standard lower bound for imperfect CSI. The
ergodic capacity is given by:

SEk =

(
1− τp

τc

)
E
{
log2

(
1 +

PS,k

PIN,k

)}
(5)

where the desired signal power is PS,k = pkα
2|v†

kĥk|2. The
interference-plus-noise power PIN,k explicitly includes the
quantization noise term:

PNoise,k = α2σ2∥vk∥2 + v†
kCqvk (6)

Standard receivers ignore the structure of Cq, whereas our
QA-P-MMSE minimizes it.

IV. PROPOSED QA-P-MMSE RECEIVER

A. Optimizaton Problem and Derivation

The goal of the receiver is to minimize the Mean Square
Error (MSE) between the transmitted symbol sk and the
estimated symbol ŝk, subject to the constraints of the scalable
architecture. The MSE cost function is defined as:

J(vk) = E
[
|sk − v†

ky
q|2
]

(7)

To minimize this cost function, we apply the orthogonality
principle, which ensures that the estimation error is uncorre-
lated with the observation space:

E
[
(sk − v†

ky
q)(yq)†

]
= 0 (8)

Rearranging the terms yields the Wiener-Hopf equation:

v†
kE[y

q(yq)†] = E[sk(yq)†] (9)

The term E[yq(yq)†] represents the total covariance matrix
of the quantized received signal, which includes the signal
part, interference, thermal noise, and the crucial quantization
noise term Cq. Solving for vk, we obtain the general MMSE
solution. For the proposed QA-P-MMSE, we restrict the
observation vector yq to the subset of APs serving user k,
denoted as the cluster Ak. The total effective noise covariance
is:

Ctotal noise = α2
Bσ

2ILN +Cq (10)

The final combining vector is given by:

vQA-P-MMSE
k =

(
α2
B

∑
i∈Sk

piĥiĥ
†
i +Ctotal noise

)−1

αBĥk

(11)
where Sk is the set of users served by the same APs as user
k.

B. Algorithm Implementation

The implementation of the proposed receiver is summarized
in Algorithm 1.

Algorithm 1: QA-P-MMSE Receiver Combining

Input: Estimates ĥl,k, error cov. Cl,k, Bits B.
1. Compute quantization gain αB = 1− π

√
3

2 2−2B .
2. Compute noise covariance Cq = αB(1 −
αB)diag(Ry).
3. for k = 1 to K do

a. Identify serving AP cluster Ak.
b. Construct local covariance Ψk including Cq.
c. Compute vk = Ψ−1

k (αBĥk,Ak
).

4. Output: Combining vectors vk.

TABLE I
COMPUTATIONAL COMPLEXITY OF RECEIVER SCHEMES

Receiver Scheme Complexity Order

MMSE (Ideal) O((LN)3)
MR (Scalable) O(LNK)

P-MMSE (Scalable)
∑K

k=1 O(M3
k )

QA-P-MMSE (Proposed)
∑K

k=1 O(M3
k )

C. Asymptotic Analysis

To gain further insight, we examine the behavior of the
receiver in the regime of massive antenna arrays (N → ∞).
As the number of antennas per AP increases, the phenomenon
of channel hardening occurs. The off-diagonal elements of
the channel correlation matrix tend to zero, and the diagonal
elements stabilize. In the QA-P-MMSE receiver, the quantiza-
tion noise matrix Cq is diagonal. This structure is particularly
favorable for massive MIMO because, as N → ∞, the impact
of uncorrelated quantization noise vanishes relative to the
coherent combining gain of the desired signal, provided that B
is not trivially small (i.e., B ≥ 1). This theoretical asymptotic
behavior confirms that even low-resolution quantization can
support high spectral efficiency in cell-free systems, validating
our choice of low-bit ADCs.

D. Computational Complexity Analysis

Scalability is determined by complexity per user. As shown
in Table I, our proposed method maintains the same complex-
ity order as the standard scalable P-MMSE while significantly
outperforming it.

• MMSE (Ideal): Requires inverting a global LN × LN
matrix. Complexity: O((LN)3). Not Scalable.

• QA-P-MMSE (Proposed): Inverts only local Mk ×Mk

matrices, where Mk is the cluster size. Since Mk ≪ LN ,
the complexity scales linearly with K:

∑K
k=1 O(M3

k ).
Scalable.

Crucially, the addition of the diagonal quantization noise
matrix Cq adds negligible O(Mk) complexity.

V. SIMULATION RESULTS

A. Simulation Parameters and Baselines

Monte Carlo simulations were conducted using MATLAB
to evaluate the proposed scheme. We simulate a dense network



4 L. K. SADRANI, R. S. RAJPUT

TABLE II
SIMULATION PARAMETERS

Parameter Value

Number of APs, L 100
Antennas per AP, N 4
Number of Users, K Varied (20-100)
Fronthaul Bits, B Varied (1-10)
Coherence Interval, τc 200 symbols
Pilot Sequences, τp 20
Bandwidth 20 MHz
Power Model:
Fixed Power AP 0.8 W
Power per Antenna 0.2 W
ADC Power Proportional to 2B

with L = 100 APs and varying users. Pilot contamination is
present with τp = 20. We compare our method against four
baselines:

• Centralized MMSE: The theoretical upper bound (un-
quantized), representing optimal performance.

• Maximum Ratio (MR): A low-complexity lower bound
that ignores inter-user interference.

• LP-MMSE: A distributed scheme based on large-scale
fading decoding, serving as a legacy scalable benchmark.

• P-MMSE: The standard scalable benchmark, which ig-
nores quantization noise structure.

B. Performance vs. Fronthaul Quantization

We first investigate the trade-off between quantization res-
olution and spectral efficiency to determine the minimum
number of bits required to approach ideal performance. Fig. 1
shows the average SE vs. bits B. We observe that the per-
formance of all schemes improves with B, but the rate of
convergence differs significantly. The QA-P-MMSE scheme
significantly outperforms MR and P-MMSE, particularly in
the critical range of B = 2 to 6 bits. It converges to the ideal
MMSE bound at B ≥ 6. This saturation point is consistent
with recent findings in the literature [13], which suggest that 5-
6 bits are sufficient to capture most of the massive MIMO gain.
However, for low-resolution scenarios (B < 4), the explicit
modeling of Cq in our proposed receiver recovers substantial
performance that is otherwise lost by naive receivers.

Fig. 2 highlights the 5th percentile SE, a proxy for user fair-
ness. Cell-edge users suffer most from quantization noise be-
cause their signals are weaker relative to the quantization floor.
By incorporating the noise statistics, QA-P-MMSE effectively
“denoises” these weak signals, doubling the performance for
the worst-case users at 4 bits compared to P-MMSE.

C. Scalability Analysis

Next, we evaluate the receiver’s robustness under heavy
network load and interference. Fig. 3 compares performance
under increasing user load. At B = 3, quantization noise is
dominant. Standard P-MMSE degrades rapidly as users are
added because it misinterprets quantization noise as interfer-
ence. QA-P-MMSE, however, provides massive gains because
it accounts for the distortion in the covariance matrix.

Fig. 1. Average per-user uplink spectral efficiency vs. number of fronthaul
quantization bits (B) for K=100 users.

Fig. 2. 5th percentile uplink spectral efficiency vs. quantization bits (B) at
K=100. QA-P-MMSE significantly improves user fairness.

Fig. 3. Average spectral efficiency versus number of users K at high distortion
(B = 3 bits). Quantization noise is dominant, and QA-P-MMSE provides
massive gains.
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Fig. 4. Average spectral efficiency versus number of users K at optimal
energy efficiency (B = 4 bits). QA-P-MMSE nearly converges to the ideal
centralized MMSE.

Fig. 5. Energy Efficiency vs. Fronthaul Quantization Bits. The proposed
scheme maximizes EE at 4 bits.

As seen in Fig. 4, at B = 4, the proposed receiver effectively
nullifies the quantization error, behaving almost identically to
the ideal unquantized MMSE even as the network load doubles
from 20 to 100 users.

D. Energy Efficiency Analysis

We then seek to identify the optimal operating point for
“Green 6G” deployments. We evaluate the total system energy
efficiency (EE) in Fig. 5. The power consumption model,
grounded in the framework established by Björnson et al. [30],
includes fixed AP power, circuit power, and load-dependent
processing power. The ADC power consumption is modeled as
PADC = c · 2B , which penalizes high-resolution quantization.
The EE peaks at B = 4 bits, reaching ≈ 21 Mbits/Joule. This
confirms that 4-bit resolution is the “sweet spot” for 6G cell-
free systems, striking the best balance between quantization
distortion and power consumption. This finding aligns with
recent mmWave studies [31] reporting similar optimal bit
depths.

Fig. 6. Cumulative Distribution Function (CDF) of Spectral Efficiency at
K=40 and B=4 bits.

E. User Fairness Analysis
Finally, we verify that performance gains are distributed

across all users, not just the strong ones. We plot the Cumula-
tive Distribution Function (CDF) of the spectral efficiency for
all users at the optimal operating point (B = 4,K = 40) in
Fig. 6. The CDF confirms that QA-P-MMSE (blue solid line)
shifts the entire user distribution to the right. It is important
to interpret the MR curve correctly: although it rises sharply
to 1.0, this indicates poor performance, as nearly 100% of
users have low SE (< 2.5 bit/s/Hz). In contrast, the QA-
P-MMSE curve extends far to the right, showing that over
90% of users achieve rates higher than 2.5 bit/s/Hz. The
tail of the distribution is significantly improved, indicating
that the proposed receiver effectively mitigates the “cell-edge”
problem caused by quantization noise.

F. Performance Summary
Table III summarizes the numerical gains achieved by

the proposed method. QA-P-MMSE delivers near-optimal
performance with 98% lower complexity than the ideal
MMSE, while significantly outperforming the standard P-
MMSE benchmark in fairness and energy efficiency.

VI. DISCUSSION AND PRACTICAL INSIGHTS

A. Comparison with State-of-the-Art
Table III summarizes how QA-P-MMSE compares with

other recent approaches. While methods like Lattice Vector
Quantization [16] offer slightly higher SE, they require com-
plex codebook searches. Our method achieves a better balance
of performance and complexity for massive deployments.

B. Numerical Complexity Example
To quantify the computational advantage, consider a typical

setup with L = 100 APs and N = 4 antennas (M = 400
total antennas), serving K = 20 users. A centralized MMSE
receiver requires inverting a 400×400 matrix, requiring approx
6.4 × 107 FLOPs. In contrast, QA-P-MMSE with a cluster
size of 10 APs (Mk = 40) requires 20 inversions of 40× 40
matrices, totaling only ≈ 1.2 × 106 FLOPs. This represents
a 98% reduction in computational load, making real-time
processing feasible on standard hardware.
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TABLE III
COMPARATIVE PERFORMANCE SUMMARY

Metric Scenario QA-P-MMSE (Proposed) P-MMSE (Benchmark) MMSE (Ideal) MR (Baseline)

Average SE (bit/s/Hz) High Distortion (B = 3) 3.12 2.78 3.40 0.85
Average SE (bit/s/Hz) Optimal EE (B = 4) 3.58 3.35 3.92 0.85
User Fairness (5th %-tile) Optimal EE (B = 4) 0.70 0.46 1.11 0.02
Peak Energy Efficiency B = 4 bits 21.2 Mbits/J 19.8 Mbits/J 23.1 Mbits/J 4.9 Mbits/J
Computational Load K = 20, N = 4 1.2× 106 FLOPs 1.2× 106 FLOPs 6.4× 107 FLOPs 8× 103 FLOPs
Complexity Reduction vs. Ideal MMSE 98% 98% 0% ¿99%

TABLE IV
COMPARISON WITH STATE-OF-THE-ART APPROACHES

Method Scalable? Complexity Class Quantization Aware? Target Scenario

Centralized MMSE [11] No High O((LN)3) No Ideal Benchmarking
Radio Stripes [21] Yes Medium O(L) Partial Sequential Cabling
Lattice VQ [16] Yes High (Combinatorial) Yes Ultra-low Capacity Fronthaul
QA-P-MMSE (Proposed) Yes Low O(KM3

k ) Yes Massive Distributed MIMO

C. Resilience to Pilot Contamination

In cell-free massive MIMO, pilot contamination is a major
limiting factor. With a pilot reuse factor of 5 (τp = 20,K =
100), channel estimates are inevitably corrupted. Standard P-
MMSE receivers, which assume white noise, often exacerbate
this error by attempting to beamform towards the contaminated
channel estimate. In contrast, QA-P-MMSE incorporates the
total noise covariance, which implicitly includes the pilot
contamination effects (via the signal correlation matrices).
This acts as a regularization term, making the receiver more
conservative and robust against directing beams towards inter-
fering users who share the same pilot.

VII. CONCLUSION AND FUTURE WORK

This paper proposed the QA-P-MMSE receiver for scal-
able cell-free massive MIMO. By rigorously deriving a
quantization-aware combining vector, we demonstrated that
the negative effects of low-resolution fronthaul can be largely
mitigated without increasing computational complexity. Sim-
ulation results confirm that the proposed scheme is robust
to high user loads and achieves optimal energy efficiency
at 4-bit resolution, making it a key enabler for green, high-
performance 6G networks.

Future work will focus on two key directions. First, extend-
ing this framework to adaptive bit allocation (as suggested in
[27]), where the number of quantization bits is dynamically ad-
justed based on channel quality to further save energy. Second,
investigating the integration with Reconfigurable Intelligent
Surfaces (RIS) [26], which could provide an additional degree
of freedom to mitigate quantization noise in the analog domain
before digitalization.

APPENDIX A
PROOF OF OPTIMALITY FOR QA-P-MMSE

In this appendix, we provide the derivation for the proposed
QA-P-MMSE combining vector. The objective is to minimize

the MSE for user k, given by Jk = E[|sk − ŝk|2], where
ŝk = v†

ky
q . Expanding the MSE cost function:

Jk = E[(sk − v†
ky

q)(sk − v†
ky

q)†] (12)

= 1− v†
kE[y

qs∗k]− E[sk(yq)†]vk + v†
kRyqvk (13)

Taking the gradient with respect to v∗
k and setting it to zero:

∇v∗
k
Jk = −E[yqs∗k] +Ryqvk = 0 (14)

Thus, the optimal combining vector is vk = R−1
yq E[yqs∗k]. The

cross-correlation vector is:

E[yqs∗k] = E[(αBhksk + . . . )s∗k] = αBĥk (15)

The auto-correlation matrix Ryq is:

Ryq = α2
B

K∑
i=1

piĥiĥ
†
i +Ctotal noise (16)

where Ctotal noise includes the thermal noise α2
Bσ

2I and the
quantization noise covariance Cq. Substituting these back
yields the expression in Eq. (11).
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