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Abstract—Real-time speech enhancement on resource-
constrained devices faces a persistent challenge: many causal
systems rely on dual-branch magnitude/complex refinements or
attention-heavy backbones, whereas ultra-light streaming models
often lack explicit cross-band interaction and long-range temporal
memory, resulting in unstable artifacts. We propose Streaming
Subband State-space Graph-frequency Network (S>G-Net), a causal
complex-masking architecture built around a subband state-space
graph-frequency bottleneck. Specifically, SG-Net (i) allocates
frequency-dependent capacity through dynamic subband gating in
the encoder with no look-ahead, (ii) restores cross-band structure
via banded graph-frequency residual propagation that promotes
locally coherent spectral evolution, and (iii) redesigns the temporal
core into a lightweight hybrid architecture that integrates a dilated
causal Temporal Convolutional Network (TCN) for long-horizon
modeling with a graph-conditioned diagonal state-space module.
The proposed graph-conditioned diagonal state-space model
(SSM) uses per frame graph-frequency descriptors to modulate
band-wise memory, enabling causal cross-band interaction with
small attention while stabilizing streaming behavior. S°G-Net is
implemented as a single-stream encoder-bottleneck—-decoder with
no auxiliary branches or post-filtering, and uses a model with only
~30k parameters requiring ~60 M MAC/s. SG-Net outperforms
or matches substantially larger baselines in terms of perceptual
quality across in-domain and out-of-domain evaluations, while
maintaining competitive intelligibility at significantly lower cost.

Index Terms—Causal monaural speech enhancement, Graph-
conditioned state-space model, Lightweight network, DNN.

I. INTRODUCTION

Real-time speech enhancement (SE) on resource-constrained
platforms must simultaneously satisfy three coupled require-
ments: high perceptual quality, streaming operation with low
algorithmic latency, and tight limits on memory and MACs [1]-
[3]. Modern monaural SE methods can be broadly viewed as
discriminative mask/mapping approaches, generative models,
and hybrid or metric-aware systems. Since classical single-
channel SE methods often degrade in non-stationary noise,
data-driven deep neural network (DNN) approaches that learn
time—frequency (T-F) filtering have become standard [4]-
[6]. In particular, complex-spectrum modeling has proven
important for perceptual quality, from causal complex spectral
mapping [7] to complex-valued convolutional architectures [8].
Although diffusion, metric-aware, and recent Mamba/attention-
style discriminative SE models can improve enhancement
quality [9]-[13], their cost, causality assumptions, or heavier
designs remain less suited to strict ultra-light streaming.

Recent efficient architectures, e.g., DeepFilterNet2 [14],
FSPEN [15], LiSenNet [16] demonstrate that real-time causal
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SE is feasible on embedded hardware. However, high quality
in ultra-small footprints remains challenging: subband splitting
or aggressive full-band simplification can weaken cross-band
coordination [15], [16], while short-context temporal modeling
may cause musical noise and streaming instability under rapidly
varying interference [14]. Compression (pruning/quantization
or reduced precision) reduces cost [17], [18], but often trades
numerical fidelity and capacity for efficiency.

In this paper, we propose S2G-Net, a strictly causal complex
masking model that closes the quality efficiency gap without
post-filtering. The core contribution is a subband state-space
graph—frequency bottleneck that combines (i) dynamic subband
gating for frequency-dependent capacity allocation, (ii) a
lightweight GraphFreq residual for band-local coupling and
streaming stability, and (iii) long-context temporal modeling via
a graph-conditioned diagonal SSM (S4D/Mamba family) paired
with a compact dilated causal Temporal Convolutional Network
(TCN). On VoiceBank+DEMAND [19] and the DNS [20]
evaluation sets, S®G-Net matches or exceeds larger real-time
SE baselines while using only ~30k parameters and requiring
~60M multiply-accumulations (MAC)/s.

Our contributions are:

e we propose a causal, single-stream complex-masking

architecture designed for ultra-low computational cost;

« we introduce a novel subband state-space graph-frequency
bottleneck combining dynamic subband gating, GraphFreq
coupling, and graph-conditioned diagonal state-space
temporal modeling;

« we extensively validate strong quality—efficiency trade-offs
on standard benchmarks and conduct detailed ablations
and complexity analysis.

II. PROPOSED METHODOLOGY

In real-time monaural speech communication, the observed
signal is y[n] = s[n] + v[n], where s[n] denotes clean
speech and v[n| denotes non-stationary noise. The goal is to
estimate s[n| causally while suppressing background/transient
interference and preserving intelligibility, timbre, and onsets.
We operate in the left-aligned Short-Time Fourier Transform
(STFT) domain and enhance both magnitude and phase using
a complex ratio mask (CRM). Given the noisy spectrum
X = STFT{y[n]}, with X € RBXFXTx2 and a predicted
mask M e RBXFXTX2 the enhanced spectrum is

S=MoX, 1)

where © denotes element-wise complex multiplication. The
waveform is reconstructed by inverse STFT (iSTFT) of S.
All operators are causal; the encoder and decoder process
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each STFT frame only along the frequency axis and therefore
introduce no additional algorithmic delay.
A. Network architecture

Fig. II summarizes the proposed S>G-Net and its hyper-
parameters. We propose a causal complex-masking SE model
for low-power streaming that remains stable in non-stationary
noise, addressing common failure modes of ultra-light designs,
i.e., frequency misallocation, temporal jitter (musical noise),
and weak cross-band consistency [14], [16], [21], [22]. The
model is a single-stream encoder—bottleneck—decoder with
frequency-axis skip connections. The band-aware encoder with
dynamic subband gating compresses F'— L, the lightweight
bottleneck couples causal dual-path temporal modeling (dilated
depth-wise TCN + diagonal SSM) with a band-local GraphFreq
residual, and the decoder restores frequency resolution to
predict the CRM—all without auxiliary branches, post-filtering,
or look-ahead. We use (B-T,C, F) for frequency-only blocks
and (B,C, T, L) for temporal blocks, with F'=257 and L=32.

B. Frequency encoder and dual-path causal modeling

Ultra-light causal encoders may misallocate frequency ca-
pacity: fixed receptive fields may be too narrow to capture
low-band structure while remaining too coarse for rapidly
varying high-frequency content. [15], [16]. We, therefore, use a
frequency-only two-kernel mixture with a frame-wise, channel-
wise gate that selects the effective receptive field under strict
causality (Fig. II(a)). For each frame ¢ and x; € RB*CnxF

g = U(Wq GAPF(xt))a g €
yr = g © conve(xy) + (1 — g¢) © conve(wy),

RB X Cou X 1 , (2a)

(2b)

where convy and conv. are 1-D convolutions along F' with
kernels k¢=3 and k. € {6,8}. The gate is broadcast over F,
enabling causal frame-/channel-wise selection. A 1x1 projec-
tion maps Coy= C =32 to C},=16, yielding band-compressed
features Y € REXCpxTxL

Given Y (with C,=C/2), we apply a dual-path causal core
(Fig. TI(b)) that separates cross-band binding over L from
temporal modeling over 7T'. The intra-path runs a unidirectional
Gated Recurrent Unit (GRU) across the L bands per frame,
while the inter-path uses an 8-layer causal depth-wise dilated

TCN along time (kernel 3, doubling dilations) with 1x 1 mixing
and residual skips. Depth-wise separability keeps complexity
linear in C),, and dilation expands receptive field without
look-ahead. The resulting features are refined by GraphFreq
(Sec. II-C) and the GC-SSM (Sec. II-D) for band-consistent,
streaming-stable estimates.

C. Graph-frequency residual

The dynamic subband encoder operates in a frequency-local
manner, which in ultra-light streaming models can lead to
overly independent band estimates and narrowband artifacts
under non-stationary noise. To inject a minimal cross-band
prior at low cost, we apply a single-step per-frame graph
residual propagation over the compressed band axis L. Fig. II(c)
summarizes the fixed versus learned adjacency variants used
in our ablations. For each frame ¢, let X; e RBXL*Cr denote
bottleneck features (with C,=C/2) on which we apply a
small channel projection Wpoj € R *C»_ We then initialize
© as a (2w+1)-diagonal band (we use w=3), which bounds
parameters and MACs to O(LC,w) per frame and biases
the coupling to be band-local. Then a nonnegative adjacency
A = softplus(©) is defined through symmetric normalization,
A, = D~Y?2AD~Y/? with D = diag(A1). The propagation
is implemented as a residual update:

Xi = A XiWhi), X, = Xe+ Xy, )

where ¢(-) is a pointwise nonlinear function (e.g., ReLU).
The residual form preserves the original representation while
encouraging cross-band consistency. To condition the temporal
memory block (Sec. II-D), we derive a per-frame band descrip-
tor from the propagation update by pooling over channels:

gE* P = QAP (X;) € REXE, )
graph

Stacking g; yields g € , enabling frame-wise
band conditioning in the GC-SSM while preserving causality.

RBXTXL

D. Graph-Conditioned Diagonal SSM

The dual-path core provides causal context, while the
GraphFreq residual yields a per-frame band descriptor g, that
summarizes cross-band diffusion. The remaining challenge in
streaming SE is adaptive temporal smoothing, i.e., suppressing
non-stationary interference without smearing onsets or inducing
musical noise. Classical causal backbones [8], [14], [16],
[20], [21] improve temporal modeling but incur increased
computational and memory costs. Diagonal SSMs offer an
efficient alternative [23], but such lightweight SE typically rely
on fixed per-channel dynamics limiting band-wise adaptivity.

We introduce a graph-conditioned diagonal SSM that keeps
the linear-time diagonal scan while making its dynamics
frame- and band-adaptive using g;. The hybrid time core finite
impulse response (FIR) branch + conditioned diagonal scan +
lightweight mixing) is shown in Fig. TI(d). Let z; ¢ RE*C»*L
denote the input at frame ¢ and s; € RBX“ <L the diagonal
state. The scan is

St41 = Gt © 8¢ + by © @4,

_ 5 ©)
Yo = Ct © 8¢ +dy © x4,



where y; € REXC*L and © is element-wise. The base
coefficients (a, b, ¢, d) €R® introduce only O(C),) parameters;
stability is enforced by a = tanh(ay,,), a., € R. To adapt
dynamics across time and bands, we gate these coefficients
with the descriptor g; € RP*% (broadcast over Cp):

by = b® o(BgFP" +by),
dy = d ® o (5g5P" + by),

ar=a0® a(agtgraph + ba),

graph (6)
G=coo(yg " +be),

with trainable scales «, 3, ~, 0 and biases b, by, b, by broadcast
over (B, L). This yields a stable diagonal scan whose effective
time constants vary with the graph-conditioned evidence. Hence,
bands/frames that require longer retention can increase |a|,
while transient-dominated regions can shorten memory to avoid
smearing. The scan costs O(TLC),) with O(LC)) state. A
small C,xC}, mixer after the scan (plus the parallel FIR
branch) restores cross-channel expressivity at negligible cost for
small Cp, and the resulting features are refined by lightweight
frequency attention and causal smoothing (Sec. II-E) before
CRM prediction.

E. Attention, temporal smoothing, and decoder

After the dual-path core, we apply a residual ConvGLU
before the GraphFreq/GC—-SSM blocks to add low-cost non-
linearity. Then, a lightweight per-frame frequency attention
(4 heads) refines cross-band mixing, followed by a causal
depth-wise temporal convolution (kernel 5) to smooth frame-to-
frame variations and reduce mask jitter. The decoder upsamples
along frequency using three transposed-convolution stages with
skip connections where each stage uses a 1x1 fusion before
upsampling. A high-frequency-aware LevelNorm stabilizes the
predicted complex ratio mask. Finally, an optional harmonic-
floor constraint is applied to the mask magnitude and the
resulting mask M is used to produce the enhanced spectrum.

F. Loss Function

Following [15], [16], [20], we employ a six-term training
objective addressing complementary aspects of causal enhance-
ment. Multi-resolution STFT loss enforces signal reconstruction
fidelity; differentiable PESQ and STOI surrogates promote
perceptual quality and intelligibility; a frozen WavLM feature
loss ensures representation consistency; a CBAK penalty
suppresses background artifacts; and total variation (TV)
regularization on the mask magnitude encourages smoothness
[20], [24], [25]. The overall loss is
@)

{STFT,PESQ,STOI,

6
L= NLi, Lic{Lln}
=1 "€ WavLM,CBAK, TV}

with (Ag,...,A) = (0.88,0.03, 0.10, 0.02, 0.08, 0.04).
LstrT averages power-compressed magnitude and complex
reconstruction losses over N € {27,282 2191 with hop
N/4 (p=0.30). Lcpak suppresses residual energy in non-
speech regions via a clean-STFT soft Voice Activity Detection
(VAD), and TV regularization penalizes abrupt time—frequency
changes in the estimated mask magnitude, | M| ~ |S|/(|X|+e),
avoiding instability near spectral zeros:

g7 (1A Ml + 5 [Af[M][1) - (®)

Lty =

TABLE I
OBJECTIVE RESULTS ON VOICEBANK+DEMAND (VB+DEMAND) TEST
SET. “~” DENOTES NOT REPORTED.

Model Params [M] MACs [G] Causal PESQ CSIG CBAK COVL STOI
Noisy - - - 197 334 244 263 0921
XLSTM-SENet [28] 2.20 40.367 No 348 474 393 422 0960
MBTU-SE [29] 0.40 - No 339 465 383 4.12 095
Mamba-SEUNet [23] 6.21 9.09 No 359 480 402 432 0960
RNNoise [30] 0.06 0.04 Yes 233 340 251 284 0922
DCCRN [8] 3.70 14.36 Yes 279 374 313 275 0938
TSRM [31] 2.63 - Yes 298 436 358 370 -
FRCRN [21] 10.27 12.30 Yes 321 423 364 373 0.942
DeepFilterNet2 [14] 1.78 0.35 Yes 3.08 430 340 370 0943
CCFNet+ [6] 0.62 1.47 Yes 3.03 427 355 3.61 0.950
FSPEN [15] 0.096 0.09 Yes 297 - - - 0942
LiSenNet [16] 0.037 0.06 Yes 307 - - - 0939
Proposed S®G-Net 0.030 0.063 Yes 3.607 436 329 3.92 0.938

t MACs are converted from the reported 80.71G FLOPs in MambAttention [27] using 1
MAC = 2 FLOPs; the value is indicative due to differing FLOP/MAC conventions.

TABLE 11
EVALUATION OF MODELS TRAINED ON VOICEBANK+DEMAND. WE
REPORT PESQ/ESTOI ON THE UNSEEN VOICEBANK+DEMAND-EX TEST
SET AND DNSMOS OVRL ON REAL RECORDINGS FROM DNS2020.

VoiceBank+DEMAND-Ex DNS2020 (Real Rec.)

Model

PESQ 7 eSTOI DNSMOS OVRL 1
Noisy 1.63 0.63 226
DeepFilterNet2 [14] 241 0.71 2.54
FSPEN [15] 2.35 0.68 2.42
Proposed S>G-Net  2.47 0.69 2.53

III. EXPERIMENTAL RESULTS

We evaluate S2G-Net on VoiceBank+DEMAND [19], using
the standard 16 kHz split without speaker overlap. Train-
ing/validation uses 4 s segments with batch size 8. Enhancement
is performed in the left-aligned causal complex-STFT domain
with Hann windows, Ng=512, and hop = 256 samples,
giving 257 frequency bins. During training, a shared random
complex rotation R(¢), ¢ ~U[—m, ], is applied to both X
and M to reduce global phase bias, and perceptual losses use
iSTFT waveforms reconstructed with the same window/hop.
We further evaluate generalization on VB-DemandEx [26],
[27], introduced in MambAttention [27], as an extended
VoiceBank+DEMAND-style benchmark, and on DNS Chal-
lenge 2020 [20]. Full-utterance results use WB-PESQ/STOI;
models are trained with Adam for 220 epochs, 5x10~4
learning rate, and StepLLR decay 0.98 every 4 epochs. Code:
https://github.com/drchk/S3G-Net-SE.

A. System evaluation

We compare S3G-Net to representative non-causal [23], [28],
[29] and causal systems [6], [8], [14]-[16], [30], [31] on
VB+DEMAND (Table I). S?G-Net attains the highest overall
PESQ (3.607) with only 30k parameters and 0.063 G MACs,
and it also achieves the highest COVL (3.92) among causal sys-
tems with competitive STOI (0.938), while using ~200x and
~6x less compute over FRCRN and DeepFilterNet2. Although
several baseline causal models still depend on a few future
frames [16], S?G-Net avoids any form of look-ahead. While
several baselines also employ MR-STFT objectives, our gains
are consistent across complementary metrics (COVL/STOI) and
are achieved with a single-stream causal architecture without
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TABLE III
EXPERIMENTAL RESULTS ON THE DNS CHALLENGE TEST SET.
Method WB-PESQ STOI
Noisy 1.58 0915
FRCRN [21] 3.23 0.976
CCFNet+ [6] 3.06 0.972
Proposed S3G-Net 3.613 0.951

auxiliary branches or post-filtering. Even under reconstruction-
driven training, Lgrpr alone yields PESQ 2.98, before in-
corporating perceptual or self-supervised supervision, which
increases to 3.11 after adding Lcpak,Tv, indicating that the
architecture provides a strong causal prior. For robustness
(Table II), VB+DEMAND-trained models are evaluated on
unseen VB+DEMAND-Ex [27] and DNS2020 real recordings
[20]. S3G-Net achieves the highest PESQ on VB+DEMAND-
Ex (2.47) and remains competitive on DNS2020 (DNSMOS
OVRL 2.53), suggesting good transfer under domain shift.
Similar conclusions are derived on the DNS Challenge test set
(Table TIT), where S®G-Net achieves WB-PESQ 3.613 and STOI
0.951. We further analyze the source of these improvements in
Fig. 1, which illustrates the intended GraphFreq—SSM coupling.
For example, a small example region in Fig. 1 shows the
enhanced harmonic structure coincides with increased SSM
gating g,(t,1) = o(wag:,1 +b,) and a longer effective memory
horizon 7, ; = —1/log(|Ges (t,1)| +¢€) (.e., AgT > 0), which
is consistent with band-adaptive temporal retention when voiced

structure is supported by cross-band diffusion.
It is worth noting that on a notebook-class Intel Core i5

CPU, our proposed S3G-Net reaches a real-time factor (RTF)
of ~ 0.10 on VoiceBank+DEMAND, comparable to or lower
than the RTFs reported for DeepFilterNet2 [14] and LiSenNet
[16], without relying on post filtering as [14], [16]. Further,
all metrics and costs correspond to a single-pass predictor.
Ablation Study: Table IV shows that removing the inter-
path dilated TCN gives the largest single-module drop (-
TCN_inter; PESQ: -0.352, STOIL: -0.020), confirming it as the
main causal long-context stabilizer against temporal modulation.
Removing the second dual-path stage (-2nd DPGRU; PESQ:
-0.297) also degrades quality, while ablating GraphFreq (-
GraphFreq; PESQ: -0.137, STOI: -0.016) hurts both quality
and intelligibility, supporting the role of cross-band diffusion in
preserving harmonic/formant structure. ConvGLU has a smaller
but consistent effect (~ConvGLU; PESQ: -0.057). The fixed

TABLE IV
VOICEBANK+DEMAND ABLATION. A = DROP FROM FULL.

Variant Params [k] MACs [G] PESQ APJ STOI AS]
Full $3G-Net (GC-SSM) 30 0.063 3.607 0.000 0.938 0.000
GraphFreq choice

GraphFreq fixed (banded mix) 30 0.063  3.607 0.00 0.938 0.00
GraphFreq learned (Theta) 30 0.063  3.531 0.076 0.937 0.001
Module removal

—ConvGLU 29 0.062 3.550 0.057 0.931 0.007
—GraphFreq 28 0.061 3.470 0.137 0.922 0.016
~TCN_inter 25 0.055 3.255 0.352 0.918 0.020
—2nd DPGRU 24 0.056 3310 0.297 0.919 0.019
Loss ablation

LstrT only 30 0.063 2.98 - 0.934 -
+LcBAK, TV 30 0.063 3.11 - 0936 -
+LpPESQ 30 0.063  3.471 - 0.927 -
+LwWavLM 30 0.063 3.559 - 0.933 -
+LsTtor (= Full) 30 0.063 3.607 - 0938 —

banded GraphFreq adjacency slightly outperforms learned ©
(PESQ 3.607 vs. 3.531), suggesting that a structured local prior
is more stable at this scale. Module and loss ablations address
complementary questions. The PESQ-related term shifts the
model to a stronger perceptual operating point, but this gain is
not due to the loss alone. With the same objective, removing
the TCN, GraphFreq residual, ConvGLU, or second dual-path
stage consistently reduces PESQ and/or STOI. Thus, the final
performance reflects the interaction between metric-aligned
supervision and the compact causal architecture, whose cross-
band diffusion and long-context modeling allow perceptual
and intelligibility losses to be used without destabilizing
speech structure under a 30k-parameter budget. With LgTpr
alone, S3G-Net remains competitive with causal STFT-trained
baselines [14]-[16], [30], [32], although perceptual quality
is limited (PESQ 2.98). Adding Lcpak,Tv improves back-
ground cleanliness and smoothness (3.11). Lpgrsq gives the
largest PESQ gain (3.471) but lowers STOI (0.927 vs. 0.934),
showing the quality—intelligibility trade-off. Lyyayin improves
perceived quality and linguistic consistency (3.559/0.933), and
the final Lgro1 restores the best intelligibility while preserving
the top PESQ (3.607/0.938). This shows that the loss terms
are complementary, while S?G-Net provides the compact 30k-
parameter structure needed to exploit them effectively.

IV. CONCLUSION

In this paper, we presented S?G-Net, a causal, single-pass
CRM model for real-time SE under edge constraints. A single
branch couples a band-aware encoder with dynamic sub-band
gating, a per-frame graph—frequency residual, and a lightweight
time core that combines a diagonal state-space module with
a dilated causal TCN. This architecture concentrates capacity
on rapidly varying bands, enforces harmonic/near-diagonal
spectral coupling, and provides both adaptive short-range
memory and long-range temporal context without look-ahead
or post-filtering, thus, latency and compute reflect the deployed
predictor. S3G-Net improves perceptual quality in the causal
regime, narrowing the gap to heavier non-causal systems,
especially under non-stationary interference. Ablations show
the inter-path TCN drives long-range modeling, stacked dual-
path layers add depth, the graph residual stabilizes spectra, and
ConvGLU reduces mask jitter at negligible cost.
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