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HYFLOWSE: HYBRID END-TO-END FLOW-MATCHING SPEECH ENHANCEMENT VIA
GENERATIVE-DISCRIMINATIVE LEARNING

Yang Zhang', Wenbin Jiang"*, Zhen Wang', KaiYing Wu', Wen Zhang', Fei Wen?

1 School of Communication Engineering, Hangzhou Dianzi University, Hangzhou, China
2 School of Information Science and Electronic Engineering, Shanghai Jiao Tong University, Shanghai, China

ABSTRACT

Generative speech enhancement (SE) methods, typically
implemented with diffusion or flow matching, exhibit strong
generalization to unseen acoustic conditions. However, they
often underperform discriminative approaches in matched, in-
domain settings. Recent attempts to close this gap have re-
lied on pretrained discriminative models or cascaded multi-
flow architectures, which add inference steps and increase
computational cost. To address these limitations, we propose
HyFlowSE, a flow matching SE framework with hybrid gen-
erative—discriminative learning. HyFlowSE leverages neural
ordinary differential equations (ODEs) for end-to-end train-
ing and jointly optimizes generative and discriminative objec-
tives within a single model. Experiments on popular bench-
mark datasets show that HyFlowSE, with only 5.2 M param-
eters, outperforms other generative SE methods across nearly
all evaluation metrics, with especially pronounced gains at
low signal-to-noise ratios.

Index Terms— speech enhancement, flow matching, hy-
brid learning, generative model, diffusion

1. INTRODUCTION

Speech enhancement (SE) [1, 2], a core technology in mod-
ern communication, has increasingly shifted from traditional
methods [3, 4] to deep learning-based approaches. For years,
the field has been dominated by discriminative models [5, 6],
which learn a mapping from noisy to clean speech or predict
a mask to recover the clean speech. However, these mod-
els often generalize poorly to unseen noise types and yield
overly-smoothed speech with artifacts.

To overcome these limitations, generative models have
become a powerful alternative. Early diffusion frameworks
such as SGMSE [7] learn a clean speech prior but require
a slow, iterative sampling process with high numbers of
function evaluations (NFE). Flow Matching (FM) [8] was
introduced to reduce this latency, and models like FlowSE

*This work was supported by the Yangtze River Delta Science and Tech-
nology Innovation Community Joint Research Project 2024CSIGG1 100, the
National College Students Tnnovation and Entrepreneurship Training Pro-
gram of China (No. 202510336068), and the National Natural Science Foun-
dation of China (NSFC) under Grant 62271314, The corresponding author is
Wenbin Jiang (whjiang@hdu.edu.cn).

979-8-3315-6701-9/26/$31.00 ©2026 [EEE 16177

[9] match the performance of a 60-NFE diffusion model
using only five NFEs [10]. However, FM entails a perfor-
mance—efficiency trade-off in lightweight models: for ex-
ample, reducing FlowSE’s parameter count lowers its PESQ
score [11] from 3.12 to 2.98 [9, 12].

To solve these issues with generative models, recent work
has proposed two-stage or cascaded solutions. One prominent
approach, StoRM [13], cascades a predictive model with a
generative diffusion model for refinement. Another strategy,
the cascaded two-flows method (CasFlowSE) [12], mitigates
the lightweight FM problem. While CasFlowSE can raise the
PESQ score of the lightweight model back to 3.05, it does so
by introducing an additional estimation step. This reliance on
multi-stage pipelines, whether requiring separate models or
adding intermediate inference passes, fundamentally negates
the primary advantage of high-efficiency generative modeling
and creates a need for a single-pass, end-to-end solution,

Inspired by investigations into diverse training objec-
tives [14], we propose a training paradigm that integrates
generative and discriminative objectives. We argue that a
purely generative Conditional Flow Matching Loss [8] is
insufficient for restoring details in lightweight, low-NFE
models, Therefore, we introduce a discriminative loss that
integrates STFT and L1 objectives for precise supervision.
Our proposed method, HyFlowSE, implements this hybrid
paradigm to successfully resolve the performance trade-off
in lightweight models. The main contributions of this paper
are summarized as follows: 1) We propose HyFlowSE, a
novel end-to-end framework that integrates a discriminative
objective into Flow Matching training, effectively resolving
the performance degradation of lightweight models at low
NFEs without adding inference overhead. 2) We demonstrate
that HyFlowSE achieves state-of-the-art (SOTA) performance
among comparable FM models, with strong results in chal-
lenging low-SNR environments.

2. PRELIMINARIES

2.1. Flow Matchi

Based Speech Enh
Flow Matching is an emerging generative modeling frame-

work that defines a continuous, invertible transformation from
a simple prior distribution to a complex data distribution by
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modeling an Ordinary Differential Equation (ODE). Due to
its deterministic nature, flow matching often requires very few
inference steps (NFE) to achieve satisfactory performance([8].
A Continuous Normalizing Flow (CNF) [15] is defined by an

ODE:
dify ()
dt

where () defines the Flow from an initial state 21 ~ p; to
a target state xq ~ py, and v;(-) is the Vector Field defining
the dynamics of this flow. The goal of speech enhance-
ment is to learn a vector field v¢(xy|y) conditioned on the
noisy speech y. Learning this vector field directly is diffi-
cult. Conditional Flow Matching (CFM) significantly sim-
plifies the training objective by introducing a probability
path py(x¢|zo,y) and its corresponding target vector field

= vy (th(x)) (n

vi(z¢|zo, y), both conditioned on xy and y. FlowSE [9]
employs a modified optimal transport (OT) path:

(o, y) = (1 =)o + ty, 2

oy =to 3)

The corresponding target vector field is:

dyi (. y)

a (C))

(= pe(o,y)) +

do, /dt
1‘L(Itlfo-y) = 7(:/
t

FlowSE trains a vector field model v (¢, y,t) to match the
above target using the CFM loss:

Lepy = EJva(z, 5. t) — vl 20, )1 (5)

During inference, one simply samples z; from the prior dis-
tribution py (1 |y) = A (y, 1) and then uses a numerical in-
tegrator like Euler’s method to solve the learned ODE back-
wards from ¢ = 1 to ¢ = 0 to generate enhanced speech in
a few steps. The success of FlowSE demonstrates the great
potential of flow matching for efficient speech enhancement.
However, when lightweight network architectures are adopted
to pursue ultimate deployment efficiency. its performance de-
grades significantly. This efficiency-performance trade-off
presents a new challenge for the practical application of flow
matching models.

2.2. CasFlowSE: Cascaded Flow Matching SE

To alleviate the performance degradation of lightweight flow
matching models, Lee et al. [12] proposed the Cascaded Two
Flows for Speech Enhancement (CasFlowSE) model. The
core idea of CasFlowSE is to cascade the same flow matching
model twice for coarse-to-fine enhancement. The first flow
is identical to FlowSE, and its output Dy(z1,y) is a rough
estimate of the clean speech. This rough estimate is then
used as both a conditioning variable and the starting point for
the second flow, effectively setting the prior distribution to
N(Dg(z1,7), 02T). The second flow performs further refine-
ment based on this to produce the final high-quality speech.

The loss function for CasFlowSE is a weighted sum of multi-
ple CFM losses:

Lol = A1 Lepan + A2 Lerz + AaLervs (6)

where Legn and Lepw correspond to the training objectives
of the two flows, respectively, and Lcpys is an additional
constraint designed to force the output of the first flow to be
closer to the real clean speech. Experiments show that Cas-
FlowSE effectively improves the performance of lightweight
models. Nevertheless, this performance improvement comes
at the cost of inference efficiency. The total NFE becomes the
sum of the steps required by both flows. In essence, this rep-
resents a computation-for-performance compromise that de-
viates from the original intention of flow matching to pursue
highly efficient inference.

3. PROPOSED HYFLOWSE METHOD

We propose HyFlowSE, an end-to-end hybrid learning frame-
work integrating generative and discriminative objectives. As
illustrated in Fig. 1, the core idea is to enhance lightweight
Flow Matching models using a hybrid loss. This is made pos-
sible by a differentiable ODE solver, which unifies both ob-
jectives in a single training pass for end-to-end optimization
without adding inference overhead.

3.1. Neural ODE

The key mechanism enabling this end-to-end optimization is
the concept of a Neural Ordinary Differential Equation (Neu-
ral ODE) [15]. A Neural ODE defines continuous dynamics
by parameterizing the derivative of a hidden state z(¢) with a
neural network fp:

djt” = fal=(t), 1) 7

where z(1) is the hidden state at a continuous time ¢, and the
network fg with parameters # learns its instantaneous rate of
change.

By modeling the generation process as a continuous-time
dynamic system, the entire trajectory becomes differentiable
with respect to the model parameters. This differentiability
serves as the technical foundation of HyFlowSE, enabling the
seamless integration of generative and discriminative objec-
tives. Consequently, the gradients can be propagated through
the ODE solver to optimize the vector field network in a
strictly end-to-end manner.

3.2. Hybrid Generative-Discriminative Objective

The total learning objective of HyFlowSE is a weighted sum
of the standard conditional flow matching loss, Legw, and our
proposed discriminative loss, Lpisc:

Luyriowse = aLepm + FLpisc (8)
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Fig. 1. An illustration of the HyFlowSE framework. It computes the generative loss and the discriminative loss in parallel.

where o and [ are hyperparameters that balance the two ob-
jectives.

As the generative objective, Lcpy is consistent with the
definition in FlowSE [9]. It learns the continuous transfor-
mation of the data distribution by matching the target vector
field. Its formula is:

Lemt = B ooy o (@0, 1,) — vz, )|° )

On the other hand, the discriminative objective Lpjsc pro-
vides a more direct and fine-grained supervisory signal. It di-
rectly computes the difference between the enhanced speech
o, generated by the complete ODE integration from ¢ = 1
to ¢ = (), compared against the ground-truth clean speech .
This loss fuses metrics from both the time and frequency do-
mains:

Lpisc = w1 Ly + walsc + walmac (10)

where Ly = E|&p — 2ol is the time-domain L1 loss,
which ensures waveform-level accuracy. To simultaneously
optimize speech quality from a frequency-domain perspective
that is more consistent with human auditory perception, we
employ multi-resolution STFT losses following [16], con-
sisting of the Spectral Convergence loss defined as Lgc =

—H‘STFR‘(E%)IN‘.F(EJ)T[?"’”l“ and the Log STFT Magnitude loss

defined as Lyag = + || log |STFT ()| — log [STFT(&)|[|:.
where || - || and || - [|; denote the Frobenius norm and the L
norm, respectively, and N denotes the number of elements in
the magnitude spectrogram.

3.3. End-to-End Training via Differentiable ODE Solver

Our hybrid objective is trained end-to-end using a differen-
tiable ODE solver. We implement this using the odeint
function from the torchdiffeq library [17]. In each train-
ing iteration, we compute the standard Lcpy while simulta-
neously using odeint to perform a full NFE-step integra-
tion to generate I for the Lpsc calculation. The gradients
from both losses are then combined to update the vector field
network vg. This differentiable pipeline is the technical core
of HyFlowSE, enabling the discriminative objective to effec-
tively guide the entire generative process.

4. EXPERIMENTS

4.1, Datasets

Our experiments are conducted on the VoiceBank+DEMAND
dataset [ 18], which consists of clean speech from VCTK[19]
mixed with noise from DEMAND[20].Additionally, we use
three datasets based on the WSJO corpus [21], generated us-
ing the open-source code from StoRM [13]: WSJO+CHiME3
[22], which includes a high-SNR (H, [0, 20] dB) version and
a low-SNR (L, [-4, 16] dB) version, and WSJ0+Reverb for
evaluating performance in reverberant conditions.

4.2. Implementation Details

Our models are based on the NCSN++ architecture, We use
four configurations of different scales by adjusting hyperpa-
rameters, resulting in models with 65.6M, 27.8M, 11.7M,
and 5.2M parameters. The proposed models are named
HyFlowSE, HyFlowSE(M), HyFlowSE(S), and HyFlowSE(T),
corresponding to these four parameter configurations, re-
spectively. We compare them against representative Flow
Matching baselines, including the 65.6M FlowSE, the 27.8M
FlowSE(M)[9], and CasFlowSE [12]. For a fair comparison,
baseline results are either cited from the original papers or,
for unavailable NFE=5 settings, reproduced by us using the
official open-source code.

All models are trained with the Adam [23] optimizer with
a learning rate of 1 x 107*. The key weights for our hy-
brid loss are & = 2 x 10~* for the generative term, and
(wry, wse, warag) = (1.0,0.5,0.5) for the discriminative
term.

Our evaluation proceeds in two stages. First, to demon-
strate the framework’s effectiveness and scalability, we con-
duct a performance comparison of all four HyFlowSE vari-
ants on the VoiceBank+DEMAND dataset, focusing on the
impact of different model capacities. Second, we bench-
mark our smallest 5.2M model (HyFlowSE(T)) against larger
competitors on the WSJO datasets to validate its competitive
performance, which is our core hypothesis. For all compar-
isons, the number of function evaluations (NFE) is fixed at
5. Performance is evaluated using standard metrics including
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Table 1. Speech enhancement performances for proposed and compared methods on the VoiceBank+DEMAND datasets.

Trained and Tested on VoiceBank+DEMAND

METHOD Para.(M) PESQ eSTOI  SI-SDR WVMOS DNSMOS  SIG BAK OVRL
FlowSE 65.6 3.12 0.88 18.95 434 3.58 3.49 4.05 3.21
FlowSE(M) 27.8 2.98 0.87 18.97 4.30 3.58 3.48 4.05 3.20
CasFlowSE 27.8 3.05 0.88 19.13 4.26 3.58 3.48 4.03 3.20
HyFlowSE 65.6 3.28 0.89 19.12 4.43 3.52 3.55 4.05 3.26
HyFlowSE(M) 27.8 3.26 0.89 19.20 442 3.52 3.54 4.05 3.26
HyFlowSE(S) 11.7 3.25 0.88 19.20 4.42 3.52 3.54 4.05 3.25
HyFlowSE(T) 5.2 3.21 0.88 19.09 4.39 3.52 3.54 4.05 3.26

Table 2. Speech enhancement performances for proposed and
compared methods on the WSJ0 series datasets.

Trained and Tested on WSJ0+CHIiME3 (H)
METHOD Para.M) PESQ eSTOI SI-SDR DNSMOS

FlowSE(M) 278 300 093 1870 4.05
CasFlowSE 278 315 094 1984 4.05
HyFlowSE(T) 5.2 331 095 1996 3.90

Trained and Tested on WSJ0+CHIiME3 (L)
METHOD Para.M) PESQ eSTOI SI-SDR DNSMOS

FlowSE(M) 278 264 089 15.34 4.01
CasFlowSE 278 264 089 15.96 4.01
HyFlowSE(T) 52 3.09 093 17.39 3.88

Trained and Tested on WSJ0+Reverb
METHOD Para.M) PESQ eSTOI SI-SDR DNSMOS

FlowSE(M) 278 245 0.84 443 3.96
CasFlowSE 278 2.80 0.89 7.90 397
HyFlowSE(T) 52 295 0.89 2.80 391

Para.(M), PESQ scores [11], DNSMOS [24], wav2vec MOS
(WVMOS) [25], eSTOI [26], DNSMOS P.835 [27] including
SIG, BAK, OVRL, and Scale-Invaraiant Signal-to-Distortion
Ratio (SI-SDR) [28].

4.3. Results
4.3.1. Evaluation results on VoiceBank+ DEMAND dataset

We first evaluate the performance of the compared methods
on the VoiceBank+DEMAND dataset. Audio samples and
additional materials are available online'. As shown in Ta-
ble 1, our proposed hybrid paradigm demonstrates superior
performance on the VoiceBank+DEMAND dataset. On one
hand, our method achieves substantial gains in objective met-
rics measuring signal fidelity and intelligibility. Specifically,
with a comparable parameter count of 27.8M, HyFlowSE(M)
secures a distinctly higher PESQ score than both FlowSE(M)
and CasFlowSE. This advantage is further underscored by pa-
rameter efficiency, where the compact HyFlowSE(T) (5.2M)
surpasses the significantly larger FlowSE (65.6M) in terms
of PESQ. Moreover, the method exhibits remarkable robust-

'https://zhangyang77.github.ic/HyFlowSE/

ness to lightweighting; despite a drastic parameter reduction
from 65.6M in HyFlowSE to 5.2M in HyFlowSE(T), the
model sustains a performance level comparable to the full-
size model with a stable SI-SDR. On the other hand, while
baseline models hold a marginal edge in the non-intrusive
DNSMOS metric, our hybrid design prioritizes and excels in
signal-level fidelity.

4.3.2. Evaluation results on WSJO dataset

We further evaluate the performance on the more challeng-
ing WSJO dataset, and the results are presented in Table 2.
The data demonstrates that the superiority of our method is
particularly evident in adverse acoustic conditions. In the
low signal-to-noise ratio scenario of WSJO+CHIMES3 (L), the
compact HyFlowSE(T) with only 5.2M parameters achieves
a substantial improvement in PESQ, significantly surpassing
both 27.8M baseline models. Similarly, in the reverberant
setting, our method outperforms FlowSE(M) and CasFlowSE
in terms of perceptual quality. A notable trade-off appears
in the reverberation task where CasFlowSE attains a higher
SI-SDR, yet our HyFlowSE(T) delivers superior PESQ per-
formance. Despite a slight advantage for the baselines in
DNSMOS across all sub-datasets, HyFlowSE(T) consistently
leads in key metrics for speech quality and intelligibility, such
as PESQ and eSTOI, underscoring its effectiveness in produc-
ing high-fidelity speech under challenging environments.

5. CONCLUSION

To address the performance bottleneck of lightweight Flow
Matching models at low NFE, we proposed HyFlowSE, a
hybrid training framework that enhances a model’s intrinsic
capabilities without any inference overhead. Using differ-
entiable neural ODEs, HyFlowSE deeply fuses a generative
CFM loss with a powerful discriminative loss, enabling stable
end-to-end optimization during training. Experimental results
confirm that our 5.2M HyFlowSE(T) model achieves SOTA
performance and significantly outperforms baselines several
times its size, particularly in challenging low-SNR scenarios
with an NFE of just 5. The HyFlowSE framework provides
a new path to break the trade-off between efficiency and per-
formance in the enhancement of generative speech.
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