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The detection of gravitational waves from extreme-mass-ratio inspirals (EMRIs) in space-based antennas 
like Taiji and Laser Interferometer Space Antenna promises deep insights into strong-field gravity and black 
hole physics. However, the complex, highly degenerate, and nonconvex likelihood landscapes characteristic 
of EMRI parameter spaces pose severe challenges for conventional Markov chain Monte Carlo (MCMC) 
methods. Under realistic instrumental noise and broad priors, these methods demand impractical 
computational costs but are prone to becoming trapped in local maxima, leading to biased and unreliable 
parameter estimates. To address these challenges, we introduce flow-matching MCMC (FM-MCMC), a 
novel Bayesian framework that integrates continuous normalizing flows (CNFs) with parallel tempering 
MCMC (PTMCMC). By generating high-likelihood regions via CNFs and refining them through PTMCMC, 
FM-MCMC enables robust exploration of the nontrivial parameter spaces, achieves orders-of-magnitude 
improvement in computational efficiency, and, more importantly, ensures statistically unbiased inference. 
By enabling real-time, unbiased parameter inference, FM-MCMC could unlock the full scientific potential 
of EMRI observations, and would serve as a scalable pipeline for precision gravitational-wave astronomy.

Introduction

   Gravitational wave (GW) observation has gradually revolu-
tionized our view of the Universe since the first detection 
of GW150914 by the LIGO-Virgo Collaboration [  1 ,  2 ]. Over the 
past decade, ground-based detectors such as LIGO, Virgo, and 
KAGRA have cataloged over 100 merger events of compact bina-
ries, including binary black holes, binary neutron stars, and black 
hole–neutron star systems [ 2 –  4 ]. These observatories, limited 
mainly by terrestrial noises, operate in the 10 to 103 Hz fre-
quency band and probe astrophysical systems with masses 
up to hundreds of solar masses [  5 –  7 ]. However, the millihertz 
GW universe encompassing sources like extreme-mass-ratio 

inspirals (EMRIs), massive black hole binaries (MBHBs), and 
galactic binaries (GBs) remains largely unexplored. The planned 
space-based interferometers, such as Taiji, TianQin, and Laser 
Interferometer Space Antenna (LISA) [  8 –  10 ], promise to open 
a new window into such low-frequency GW universe, in which 
EMRIs are among the most promising sources for probing 
strong-field gravity and black hole physics [  11 ,  12 ].

   EMRIs, in which a stellar-mass compact object inspirals into 
a supermassive black hole through more than 105 orbital cycles, 
encode a wealth of information about the spacetime geometry 
and accretion dynamics in the vicinity of the supermassive black 
hole [  13 ]. These systems are expected to retain substantial 
orbital eccentricities in the final stages before plunge [ 11 ]. The 
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combination of high eccentricity and extreme mass ratio pro-
duces GW signals with a rich harmonic structure and tens of 
thousands of orbital cycles within the detector’s sensitive fre-
quency band. Such unique waveform characteristics make EMRIs 
powerful probes of the nature of gravity (including, for example, 
the direct test of the “no-hair” theorem) [  14 –  18 ] and of the astro-
physical environments (including dark matter distributions) 
surrounding the supermassive black holes [  19 –  23 ], while unlock-
ing EMRI’s full scientific objectives and implications will require 
precise measurements of key physical parameters, such as the 
central black hole’s mass M and spin a, the mass of the stellar-
mass compact object  �   , and the orbital eccentricity e.

   However, the application of traditional Bayesian methods 
like Markov chain Monte Carlo (MCMC) to EMRI signal 
parameter estimation faces significant challenges, primarily 
due to prohibitive computational costs and inadequate explo-
ration of the parameter space [  24 ,  25 ]. MCMC relies on inten-
sive waveform evaluations to explore the parameter space, 
as the Bayesian posterior occupies only a minuscule region 
within the high-dimensional space [  26 ], necessitating an enor-
mous number of iterations to locate the global optimum cor-
responding to the true parameters. Such challenges are further 
exacerbated by the long duration of EMRI signals (lasting 
months to years [ 24 , 25 ]), which significantly increases the com-
putational cost of each likelihood evaluation. Another fun-
damental challenge in EMRI searches stems from the highly 
nonconvex structure of the like lihood surface, which is riddled 
with numerous local maxima [  27 –  29 ]. These local peaks cor-
respond to nonlocal degeneracies in the parameter space, that 
distinct regions could yield waveforms nearly indistinguish-
able from the true signal. In other words, widely separated 
parameter regions can produce highly similar gravitational 
waveforms, leading to multiple strong but spurious likelihood 
peaks. Crucially, the global maximum associated with the true 
parameters often lies far from these suboptimal solutions in 

parameter space, making it extremely difficult to identify with-
out exhaustive exploration.

   Traditional methods like grid searches or MCMC are highly 
susceptible to becoming trapped in these local maxima during 
the parameter estimation process [ 26 ].

   In data analysis scenarios, where instrumental noise is present 
(as illustrated in the bottom panel of Fig.  1 ), the performance of 
traditional inference methods is further compromised [  28 ,  30 –  32 ]. 
Instrumental noise introduces additional complexity to the likeli-
hood surface, substantially increasing the number of local max-
ima. These maxima are not only more numerous but also sharper 
and more densely packed, making the parameter space highly 
rugged [ 32 ]. As a result, inference algorithms such as MCMC 
or hybrid methods are prone to becoming trapped in these spuri-
ous local maxima, particularly when degeneracies in EMRI sig-
nals are present [ 28 ]. This dramatically increases the difficulty 
of converging to the true parameters.        

   Key scientific objectives, such as testing strong-field gravity with 
EMRI systems or inferring black hole physical parameters, remain 
beyond reach with existing analysis techniques [  17 ,  33 –  37 ]. Biased 
parameter estimation introduces significant systematic errors and 
may lead to incorrect astrophysical interpretations, e.g., mises-
timation of spin or orbital dynamics [ 33 ,  34 ,  36 ,  38 ]. Therefore, 
the development of novel algorithms capable of efficiently exploring 
high-dimensional, noise-corrupted parameter spaces while circum-
venting local optima is essential for fully unlocking the scientific 
opportunities offered by EMRI GW observations [  39 –  41 ].

   To address these challenges, we propose flow-matching 
MCMC (FM-MCMC): a hybrid framework that integrates con-
tinuous normalizing flows (CNFs) [  42 ,  43 ] with parallel temper-
ing MCMC (PTMCMC) [  44 ,  45 ]. The FM-MCMC framework 
begins with flow matching, which rapidly and coarsely explores 
the parameter space through gradient-based trajectory learning. 
This approach effectively mitigates initialization sensitivity 
by identifying high-likelihood regions in a computationally 

A

B

Fig. 1. (A) The EMRI signal under instrumental noise conditions. The EMRI waveform (red curve) is generated with the augmented analytic kludge model, showing the time-delay 
interferometry channel A observable over a 60-day observation period. (B) The same EMRI signal combined with simulated Taiji instrumental noise (blue shading), illustrating 
the challenge of parameter recovery in realistic noise environments.
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efficient manner. Subsequently, PTMCMC is initialized using 
samples from these high-likelihood regions, enabling fine-
grained exploration and leveraging its robust capability for local 
precision posterior estimation.

   Our framework is illustrated in Fig.  2 , with methodological 
details provided in the “Accelerating MCMC sampling with 
CNFs” section.        

   For EMRI signals with signal-to-noise ratios (SNRs) exceed-
ing 60—which defines typical “bright” sources prioritized in 
space-based detector observations—our method achieves reli-
able parameter recovery (especially for intrinsic parameters) 
with true values falling within the  1�    posterior credible intervals 
even under realistic instrumental noise conditions. In contrast, 
under identical noise conditions, traditional Bayesian methods 
such as standard MCMC sampling become trapped in local 
maxima of the likelihood function, resulting in substantial 
biases across all parameter estimates. This methodological 
advance enables efficient and unbiased parameter estimation 
for EMRI systems under near-realistic observational condi-
tions, addressing a long-standing bottleneck for conven-
tional Bayesian inference approaches in EMRI analysis. With 
this breakthrough, our approach would pave the way for unlock-
ing the scientific landscape revealed by EMRI observations.

   The paper is structured as follows. Results reports the results 
based on numerical simulations and compares the performance 
of our method with that of standard MCMC. In Discussion, we 
conclude with a discussion of implications and future research 
directions. Methods details the methodologies of data generation 
and preprocessing, which support model training and validation. 
We then present the machine learning framework designed for 
Bayesian posterior estimation of EMRI signals.   

Results
   We present parameter estimation results for injected EMRI signals, 
with the source parameters drawn from the prior distributions 

detailed in Table  1 . The waveform model employed in this 
study is based on EMRIs around a Kerr black hole, imple-
mented within the FEW framework [ 26 ,  46 ]. Detector response 
is modeled for the Taiji mission (as a representative of LISA-
like missions), and the science data streams incorporate 
Gaussian stationary noise generated according to Taiji’s noise 
budget. 

   In this study, we focused on a subset of the parameters, espe-
cially the mass M and spin a of the central black hole, as well as 
the mass of the stellar-mass compact object  �    and the orbital 
eccentricity e, which are crucial for understanding the funda-
mental properties of the system and hold significant implications 
for strong-field gravity and astrophysics [  47 ]. We have simplified 
the analysis to an 8-dimensional parameter space to demon-
strate the capabilities of our method. The full 14-dimensional 
parameter space, which includes orbital semi-latus rectum  p0    
and luminosity distance d, will be addressed in future work. 
As a representative example, the injected EMRI signal analyzed 
in this section has the following parameters: primary mass 
﻿M = 1.0593 × 106M⊙   , secondary mass  𝜇 = 8.6556M⊙   , dimen-
sionless spin  a = 0.1931   , initial semi-latus rectum  p0 = 10.0   , 
initial eccentricity  e0 = 0.4870   , luminosity distance = 2.0 Gpc, 
sky and spin orientations ( �S   ,  �S   ,  �K   ,  �K   ) = (1.672, 1.0372, 
0.4040, 3.6169) radians, and the initial orbital phase is set to zero. 
The waveform is sampled at 25-s intervals over a 2-month obser-
vation period. The resulting SNR is 87.9.

   To benchmark against our machine learning approach, we 
perform traditional Bayesian inference using Eryn [ 44 ], an 
advanced MCMC sampler built upon emcee [ 45 ].

   Eryn has emerged as a popular tool for space-based GW data 
analysis, particularly in multisource and high-dimensional infer-
ence problems (e.g., Ref. [  48 ]). We apply both Eryn and our 
method to the same injected EMRI signal, enabling a direct 
comparison of their sampling efficiencies, convergence proper-
ties, and parameter estimation accuracies. For such comparison, 
each method employs two distinct initialization strategies:

Fig. 2. (A) Flow net inference stage. It demonstrates the transformation from a baseline Gaussian distribution �0 ∼ p
�0

(
�0|x

)
= 

(
�0|0, I

)
 (blue) to the time-evolving EMRI 

posterior distribution �t ∼ p
�t

(
�t|x

)
 (pink) through an ordinary differential equation (ODE). Here, �0 ∼ 

(
0, I

)
 denotes the baseline distribution, x represents preprocessed EMRI 

data (details explained in Methods), and �t models the continuously interpolated transformation state at normalized time t ∈
[
0,1

]
. The conditional probability path of the entire 

ODE is modeled by Flow net. The theoretical foundation and implementation details are comprehensively described in the “Continuous normalizing flows” section. (B) Flow 
net training stage. It illustrates the Flow net training process, where the Flow net learns the velocity field v

�
 by minimizing the flow matching [42] loss function. (C) FM-MCMC 

inference stage. During FM-MCMC inference initialization, PTMCMC determines starting distribution points through its temperature parameter T and walks C. This initialization 
distribution is then generated by Flow net’s proposal distribution. Final posterior sampling is executed exclusively via PTMCMC’s likelihood evaluations, completing the Bayesian 
inference cycle for EMRI parameter estimation.
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1. � Informative initialization setting: Both intrinsic parame-
ters (M, �, a, e0) and extrinsic parameters (�S, �S, �K, �K) 
are initialized within a narrow neighborhood of the true 
values, with absolute deviations less than 10−7 times the 
corresponding true parameter values. This configuration 
provides favorable initial conditions to assess conver-
gence under idealized, truth-proximal starting points.

2. � Practical initialization setting: The intrinsic parameters 
(M, �, a, e0) are initialized by randomly drawing sam-
ples from their respective broad prior distributions, as 
defined in Table 1. In contrast, the extrinsic parameters 
(�S, �S, �K, �K) are initialized identically to setting 1, 
within a tight range (<10−7× true values) around the 
true values. This setup evaluates the sampler’s ability 
to recover the correct posterior mode when intrinsic 
parameters are initialized under realistic (i.e., unin-
formed) priors.

   Both settings employed identical parallel tempering configu-
rations with 20 walkers and 20 temperature ladder levels. For 
FM-MCMC, 20,000 iterations were used, while PT-MCMC was 
run with 50,000 iterations in order to provide sufficient sam-
pling. Despite this increased iteration count, PT-MCMC still 
struggled to achieve convergence, highlighting the efficiency 
advantage of FM-MCMC. For FM-MCMC, the priors are fixed 
and generated by FMPE, which also provides initial sampling 
points. This setup reflects the different strategies of the two 
approaches: PT-MCMC depends on broad predefined priors, 
while FM-MCMC leverages informed priors from FMPE to 
improve efficiency.  

Result of parallel tempering Markov chain  
Monte Carlo
   Running MCMC under setting 1 where all parameters are ini-
tialized close to the true values, we successfully recover the 
posterior distributions of the source parameters (see Fig.  3 ). 
This confirms that MCMC can accurately reconstruct EMRI 
parameters when starting from favorable initial conditions near 
the global maximum of the likelihood. However, in realistic 
data analysis, the true parameters of an EMRI are unknown, 
and such informed initialization is not feasible. To assess the 
practical performance of the MCMC sampler, we perform 
inference under setting 2, sampling intrinsic parameters drawn 
from broad priors.        

   The resulting posteriors exhibit significant biases across all 
intrinsic parameters, with the true values lying outside the 3 �    
credible regions (see Fig.  4 ). This behavior is due to the inherent 
multimodality and strong degeneracies in the EMRI data analy-
sis, which cause MCMC chains to become trapped in local 
maxima. As a result, the sampler oscillates around suboptimal 
solutions without achieving convergence to the global optimum. 
Therefore, under current settings, using PTMCMC alone is 
insufficient for robust scientific analysis of EMRI data, as it lacks 
the efficiency and global exploration capability required for such 
complex parameter spaces. To the best of our knowledge, no 
existing study has demonstrated that MCMC methods can reli-
ably recover the correct posterior distribution for EMRIs when 
initialized from broad and realistic priors. This limitation high-
lights the severe challenges posed by the high-dimensional, 
multimodal, and degenerate structure of the EMRI likelihood 
surface.           

Result of CNFs
   To evaluate the performance of our CNF model (named flow 
matching posterior estimation, FMPE for short [ 42 , 43 ]), we 
first tested it on 1,000 EMRI signals with source parameters 
randomly drawn from the priors defined in Table  1 . The result-
ing posterior samples were then used to generate the P–P (prob-
ability–probability) plot, as shown in Fig.  5 .        

   The P–P plot shows that the cumulative distribution func-
tions (CDFs) of the posterior percentile values for the intrinsic 
parameters closely align with the diagonal line. This vali-
dates the statistical reliability and unbiasedness of our CNF-
based posterior estimation across the full extent of the prior 
volume.

   We further compared the performance of FMPE and MCMC 
under the more realistic setting 2, in which intrinsic parameters 
are initialized from broad priors. As shown in Fig.  6 , FMPE 
successfully recovered the posterior distributions of intrinsic 
parameters (e.g., M and a) with high accuracy, while clearly 
identifying the true values (red lines). In stark contrast, MCMC 
under the same broad initialization (Fig.  4 ) failed to converge 
to the global maximum of the likelihood due to parameter 
degeneracies and local maxima.        

   Notably, FMPE achieves accurate posterior inference in 
minutes per inference, an improvement of several orders of 
magnitude over MCMC, which requires days to reach thermal-
ization. This remarkable computational efficiency demonstrates 

Table 1. Prior distributions used in this work. For each parameter, the table lists its lower and upper bounds, assuming a uniform distribution 
between them.

Parameter Description Prior lower bound Prior upper bound Units

﻿M﻿  Central black hole mass 9 × 105 1.1 × 106
M⊙

  �    Secondary object mass 50 100 M⊙

﻿a﻿  Central black hole spin 0.1 0.9 –

  e0    Orbital eccentricity 0.1 0.6 –

  �S    Sky location polar angle 0 rad � rad rad

  �S    Sky location azimuthal angle 0 rad 2� rad rad

  �K    Initial black hole spin polar angle 0 rad � rad rad

  �K    Initial black hole spin azimuthal angle 0 rad 2� rad rad
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that our pure machine learning-based approach enables rapid 
and unbiased parameter estimation for EMRIs, even in the 
challenging noise-dominated situations.

   Moreover, the inferred posterior distributions significantly 
narrow the initial Bayesian prior ranges. This prior refinement 
can inform and improve subsequent analyses for both machine 
learning models and traditional MCMC pipelines. In particular, 

as shown in the next subsection, the high-fidelity posteriors 
generated by our FMPE model provide an ideal starting distribu-
tion for MCMC samplers. By initializing chains within the high-
probability region of parameter space, FMPE enables a “hot start” 
for MCMC sampling that mitigates the risk of trapping in local 
maxima, addressing the major bottleneck in traditional EMRI 
parameter estimation.   

Fig. 3. MCMC parameter recovery with narrow initialization. Posterior distributions from MCMC chains initialized near true EMRI parameters (red lines) using setting 1. In the 
figure, the blue line represents the posterior probability distribution of the EMRI parameters. The 3 contours represent the 1�, 2�, and 3� confidence regions of the posterior 
distribution. This validates the MCMC reliability with proper initialization, demonstrating that the chains converge accurately when started within a reasonable proximity to 
the true parameters.
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Result of FM-MCMC
   Building on the flow-based acceleration techniques, we pro-
pose in this work the pioneering FM-MCMC framework: a 
novel framework that seamlessly fuses the posterior sampling 

dynamics of CNF with the chain and temperature dynamics 
of PTMCMC.

   Figure  7  demonstrates the parameter recovery of FM-MCMC 
for the same EMRI signal analyzed in the previous subsection 
under the broad priors listed in Table  1 . The full inference was 
completed within 48 h on a single NVIDIA RTX 4090 GPU, 
demonstrating the feasibility of FM-MCMC for realistic EMRI 
data analysis tasks. Crucially, unlike the case for stand-alone 
MCMC (Fig.  4 ), FM-MCMC converges unambiguously to the 
true values (red lines in Fig.  7 ) across all intrinsic parameters. 
Moreover, as quantified in Figs.  6  and  7 , FM-MCMC also 
achieves significant improvements over FMPE. This enhanced 
performance arises from the synergistic integration of the rapid 
exploration of machine learning with the refined sampling of 
MCMC, combining the speed of machine learning with the 
statistical reliability of Bayesian sampling. We note that while 
normalizing flows are sometimes reported to under-represent 
small modes, in our framework, the CNF does not serve as the 
final posterior estimator. Instead, CNF proposals are used to 
accelerate initialization, and the subsequent PTMCMC stage 
ensures more precise Bayesian inference. As shown in Fig.  7  
and in the additional walk results in Fig.  S2 , FM-MCMC suc-
cessfully identifies and explores multiple modes in the likeli-
hood surface, including subdominant ones. This confirms that 
the framework does not collapse to a single dominant mode 
but robustly preserves the multimodal structure of the EMRI 
parameter space.        

   Clear evidence presented in Table  2  offers direct quantitative 
comparisons between the injected signal parameters and those 
recovered by FM-MCMC and stand-alone MCMC. This rigor-
ously confirms the unprecedented precision of the FM-MCMC 
framework, which, to the best of our knowledge, marks the first 

Fig. 4. MCMC parameter estimation with broad initialization. Posterior distributions 
from MCMC chains initialized with wide priors. In the figure, the blue line represents 
the posterior probability distribution of the EMRI parameters. The dashed red lines 
indicate the true values of the parameters. The 3 contours represent the 1�, 2�, and 
3� confidence regions of the posterior distribution.

Fig. 5. P–P plot for the FMPE model, based on 500 simulated EMRI signals. The 
dashed line represents the ideal case, while the colored lines represent the empirical 
CDFs of the parameters. The shaded blue region indicates the 95% confidence bands. 
All parameters lie well within the confidence region, demonstrating that the CNF 
captures posterior uncertainty with high fidelity.

Fig. 6. EMRI parameter estimation using FMPE under broad priors. Posterior distributions 
from FMPE initialized with wide priors. The blue shading represents the posterior 
probability distribution of EMRI parameters. Red dashed lines indicate injected true 
parameter values. The 3 contours represent the 1�, 2�, and 3� confidence regions 
of the posterior distribution.

https://doi.org/10.34133/research.1055


Liang et al. 2026 | https://doi.org/10.34133/research.1055 7

successful estimation of the intrinsic parameters for Kerr EMRIs 
under realistic noise conditions of LISA-like missions with fully 
unrestricted priors. This advancement finally brings within reach 
a deep understanding of the astrophysical formation channels 
[  49 ,  50 ], unprecedented precision tests of GR including direct 
validation of the “no hair” theorem [  51 ,  52 ], and a novel pathway 
for probing potential dark matter signatures around massive 
black holes [ 49 ,  53 ,  54 ] with EMRI observations.     

Discussion
   In this work, we have proposed and demonstrated the FM-MCMC 
framework for EMRI parameter estimation. Compared with 

traditional methods, FM-MCMC significantly improves com-
putational efficiency while maintaining high accuracy, thereby 
making EMRI parameter estimation more tractable. Our results 
show that this approach can effectively overcome the difficulties 
associated with highly multimodal likelihood surfaces and effi-
ciently recover the intrinsic parameters of EMRIs. While our 
current focus has been on demonstrating the feasibility and effi-
ciency of FM-MCMC, realistic EMRI data analysis will face fur-
ther challenges. In addition to instrumental noise, one must 
also consider uncertainties in the noise PSD, astrophysical fore-
grounds such as galactic white dwarf binaries, and GW back-
grounds from other astrophysical sources. Developing methods 
that remain effective under such complex noise and confusion 
conditions will be a key direction of future research.

   We also note that our current framework, similar to stan-
dard MCMC methods, assumes that the signal parameters lie 
within the predefined prior distribution used to train the CNF 
model. Inference cannot be guaranteed if the data fall com-
pletely outside this defined parameter range, and the develop-
ment of robust out-of-distribution handling, potentially using 
methods such as transfer learning or fine-tuning to adapt the 
model to new data regimes, remains an important direction for 
future work. So far, the so-called “global fitting” problem—the 
joint analysis of all signals and noises—remains an active 
research area. Several prototype designs for global fit pipeline 
(e.g., Refs. [ 39 ,  48 ,   55 ]) have been proposed, which generally 
adopt a modular structure. Namely, the overall workflow is 
divided into modules, such as the characterization of noise, 
foreground and background, as well as the parameter estima-
tion of MBHBs, GBs, and EMRIs, with exchange of information 
and residual data between them. Among these target signals, 
MBHB mergers are high-SNR (up to  (103)    to  (104)   ) tran-
sient signals, while GBs are persistent signals highly localized 
in the frequency domain. It is therefore natural to analyze them 
in the pipeline’s early stages, and noise characterization mod-
ules should also be invoked for the construction of likelihoods. 
Besides, verification sources (such as verification GBs) and 
auxiliary data of the spacecrafts (such as the readouts of gravi-
tational reference sensors, fluctuations of temperature and 
residual magnetic fields near core payloads, and platform atti-
tude jitters) can also provide supplementary information for 
calibrating the noise profile.

   Consequently, it is reasonable to focus here on the analysis 
of EMRI, under the condition that other bright signals have been 
extracted and the spectra of noise/foreground/background are 
known in the prior stages. Crucially, the key challenge for EMRI 
parameter estimation, and the core contribution of this work, 
lies in overcoming local optima and computational complexity 
to enable inference across relatively wide priors.

   We show that compared with traditional methods, FM-MCMC 
can efficiently achieve global maxima under highly multimodal 
likelihood surfaces, making EMRI parameter estimation more 
tractable. The proposed algorithm is designed to ultimately func-
tion as the “EMRI parameter estimation module” in the full 
global fitting pipeline. In future work, we will also explore the 
potential interaction of EMRI signals with instrumental noises 
and GW foreground/background, upon integration into the 
full global fitting pipeline. For example, the nonstationar-
ity in instrumental noise and astrophysical foreground can 
be handled through methods such as whitening in the time-
frequency domain [ 41 ,  56 ], an approach fully compatible with 
our framework.

Fig. 7. The posterior distributions from the FM-MCMC framework initialized with 
wide priors. The blue contours show the posterior probability distribution of the 
EMRI parameters, while the red dashed lines indicate the true parameter values. 
The contours represent the 1�, 2�, and 3� confidence regions of the posterior 
distribution, highlighting the presence of multiple modes in the likelihood surface. 
The walkers shown in the figure correspond to the 0th walker, which has the largest 
negative log-likelihood among the 20 walkers.

Table 2. The table compares the parameters injected with those 
recovered by FM-MCMC and Eryn. The recovered values corre-
spond to the median estimates, and the 1� confidence intervals 
are shown for each parameter.

Parameter Injected value FM-MCMC Eryn

  log10M
[

M⊙

]

   6.0250 6.0266
+0.0020

−0.0024
6.0391

+0.0013

−0.0026

  𝜇
[

M⊙

]

   86.5560 86.7030
+0.0525

−4.8716
50.6465

+0.6955

−0.4585

﻿a﻿ 0.19310 0.1894
+0.0172

−0.0000
0.7958

+0.0748

−0.0855

  e0   0.48706 0.4821
+0.0062

−0.0195
0.1379

+0.0173

−0.0241
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   This work establishes FM-MCMC, the first machine learn-
ing-enhanced Bayesian framework integrating CNFs with 
PTMCMC, which resolves the long-standing challenge in EMRI 
data analysis, that of global convergence in high-dimensional, 
multimodal parameter spaces. Conventional MCMC methods 
are prone to become trapped in local likelihood maxima, lead-
ing to systematic biases in the recovery of intrinsic EMRI 
parameters under realistic instrumental noise conditions 
and initial priors. In contrast, given flow matching to learn 
and deploy globally informed proposal distributions, that by 
dynamically generating high-likelihood regions via CNFs and 
refining them through PTMCMC, FM-MCMC enables robust 
exploration of degenerate, high-dimensional parameter spaces, 
while achieving order-of-magnitude improvements in com-
putational efficiency and, more importantly, ensuring sta-
tistically reliable inference. For EMRI analysis, FM-MCMC 
alleviates parameter-estimation degeneracies arising from both 
instrumental noise and the complex harmonic structure of 
AAK waveforms with higher modes. Our results demonstrate 
that FM-MCMC can successfully recover EMRI parameters 
even under broad prior assumptions, highlighting its robust-
ness compared to traditional methods. Looking forward, 
the extension of this framework to realistic data conditions, 
including uncertain noise PSDs, astrophysical foregrounds, 
and potential GW backgrounds, will be an essential step. 
Ultimately, such developments will make EMRI parameter 
estimation a feasible and powerful tool for unlocking the rich 
scientific opportunities enabled by future space-based GW 
observations.

   Last but not least, FM-MCMC enables real-time analysis of 
EMRI signals, reducing inference times from days to hours on 
a single GPU, and establishing a scalable pipeline for the future 
planned space-based antennas like Taiji, TianQin, and LISA. 
Future work will extend this hybrid paradigm to multisource 
inferences and continue to advance GW astronomy into the 
era of intelligent data exploitation.   

Methods
   The construction of the datasets for EMRI analysis in this work 
rests on 4 key components: (a) the numerical synthesis of 
EMRI waveforms, (b) the specification of the detector orbit 
configuration, (c) the application of time-delay interferometry 
(TDI), and (d) the preprocessing of data for model training. 
As illustrated in Fig.  8 , this methodological framework sequen-
tially integrates these components to ensure physical fidelity 

and computational tractability. The following subsections pro-
vide detailed descriptions of each operational stage within this 
pipeline.          

Extreme mass ratio inspiral waveforms
   The accurate waveform modeling for EMRI systems constitutes 
a critical challenge, requiring high-fidelity implementations of 
gravitational self-force (GSF) calculations and black hole per-
turbation theory to achieve the sub-radian phase precision for 
meaningful scientific inference [  57 ,  58 ]. Perturbative expan-
sions of the binary metric have been applied at the first order 
for solving general orbits around Kerr black holes [  59 ], with 
significant progress also made in second-order calculations 
[  60 ,  61 ]. However, the computational efficiency of numerical 
GSF calculations remains insufficient to meet the demands of 
data analysis. Recent developments in effective-one-body mod-
els [  62 ,  63 ] synthesize GSF data into resumed potentials and try 
to balance between physical self-consistency and compu-
tational efficiency. On the other hand, rapid generation of 
approximate kludge models has been developed [  64 –  67 ]. Early 
analytic kludge (AK) models [ 64 ], while sacrificing some accu-
racy, offer significantly improved computational efficiency. 
Numerical kludge (NK) models [  65 ,  68 ], on the other hand, 
achieve high-fidelity EMRI waveforms by fitting the perturba-
tive calculations. The augmented analytic kludge (AAK) models 
[ 26 ,  66 , 67 ] incorporate the NK model, enabling the generation 
of high-precision EMRI waveforms without significantly increas-
ing computational costs. To date, the most advanced compu-
tational framework FastEMRIWaveforms (FEW) [ 26 , 46 ] can 
rapidly compute EMRI waveforms in the time domain. For data 
preparation, we employ the AAK model implemented in FEW 
to generate the EMRI waveforms. The model’s sub-radian phase 
accuracy satisfies the precision criteria required for reliable 
parameter inference in this study.   

Detector orbit configuration
   Both the Taiji and LISA antennas consist of 3 spacecrafts (S/
Cs) forming near-equilateral triangular constellations in helio-
centric orbits. By continuously monitoring variations in the 
optical path lengths between S/Cs using laser interferometers, 
these detectors can measure the imprints induced by incident 
GWs. In this paper, we model the single-arm GW response in 
terms of laser frequency modulations as defined in [  69 ] and 
[  70 ], which explicitly depends on the detector’s orbit configura-
tion. As mentioned, we take Taiji as the representative of LISA-
like missions, and employ an equal-arm analytic model to 

Fig. 8. The framework for EMRI signal generation and preprocessing pipeline. This framework begins with parameter priors and waveform generation, followed by orbital data 
and instrumental noise input, TDI response calculation, noise spectral analysis, and time-to-frequency domain transformation through preprocessing steps.
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describe its orbit, where the coordinates of S/C i     ( i ∈ {1, 2, 3}   ) 
in the solar system barycentric frame read [  71 ,  72 ]:
﻿﻿  

where
﻿﻿   

   Related parameters are specified as follows: the nominal arm 
length of Taiji is  L = 3 × 109 m   , the orbital radius and period 
of Taiji’s guiding center are  R = 1 AU    and  T = 1 year   , respec-
tively, and the initial phase angles are set to  �0 = �0 = 0   , without 
loss of generality. Taiji has a nominal arm length of 3 million 
km (compared to LISA’s 2.5 million km) and a readout noise 
budget of 8  pm∕

√
Hz    (versus LISA’s 15  pm∕

√
Hz   ). Thus, Taiji 

is expected to have slightly better sensitivity to GW signals (e.g., 
approximately 1.3 times better at 1 mHz); see Ref. [  73 ] for the 
overall design of Taiji, and Fig. 1  of Ref. [  74 ] for the comparison 
among Taiji, LISA, and TianQin’s sensitivities. As a result, Taiji 
may detect a slightly larger number of observable EMRIs, 
which, in turn, would lead to greater demand for the analysis 
of these signals. However, due to the current significant uncer-
tainties in EMRI population models, it is not yet feasible to 
provide a quantitative comparison.   

Time-delay interferometry
   For space-based GW detection, the inequality of arm and the 
instability of lasers causes the laser frequency to be orders of mag-
nitudes larger than the target GW signals [  75 ]. To achieve the 
designed sensitivity, TDI is proposed effectively to suppress laser 
frequency noise in the data processing stage [  76 ,  77 ]. The basic 
principle of TDI is to apply appropriate time delays to the single-
arm measurements and combine them to synthesize an effective 
equal-arm interferometer. First-generation TDI combinations 
perform well for static unequal-arm configurations, while second-
generation TDI further extends this capability under situations 
with time-varying arm lengths and, hence, is more suitable for 
the realistic Taiji and LISA orbits [  78 ]. For example, the second-
generation Michelson TDI combination  X(t)    is defined as [  79 ]:
﻿﻿  

where y denotes the single-arm measurement, and the digits 
following the comma represent time-delay operations applied 
according to the corresponding arm lengths (see Ref. [ 79 ] for 
details). The  Y     and  Z    channels are obtained by cyclically per-
muting the indices according to the rule  1→ 2   ,  2→ 3   , and  3→ 1   . 
We further derive the widely adopted quasi-noise-orthogonal 
﻿{A,E,T}    channels from  {X,Y ,Z}    as follows:

﻿﻿   

   Since data analysis is performed in the form of TDI variables, 
it would be beneficial to provide an explanation on the impacts 
of detector orbit and TDI on the EMRI waveforms. Firstly, the 
rotation of the detector constellation causes time-varying ampli-
tude modulation. Secondly, the translation motion of the detec-
tor induces a Doppler frequency shift. Thirdly, TDI combination 
involves the summation of waveforms at different times. For the 
impact of second-generation TDI, an intuitive illustration to the 
effect of TDI can be given under the equal-arm approximation. 
Taking the second-generation Michelson-X channel as an exam-
ple, the Fourier transform of TDI result can be expressed as

﻿﻿  

with  u ≡ 2�fL∕c   ,  X̃0

(
f
)
    being the response of a Michelson inter-

ferometer, and the preceding factor represents the additional 
correction introduced by the TDI combination (relative to 
﻿X̃0

(
f
)
   ; see also the result for the first generation in Ref. [ 71 ]). 

The GW responses in the A and E channels are equivalent to 
two Michelson interferometers oriented at 45° relative to each 
other [  80 ], whereas the T channel is insensitive to signals and 
hence referred to as the “noise” channel or “null” channel.

   In this study, to leverage their complementary sensitivity, we 
utilize both the A and E channels for the likelihood calculation 
in the final MCMC parameter estimation. For the training of the 
CNF model (described in the “Accelerating MCMC sampling 
with CNFs” section), however, we used data exclusively from the 
﻿A channel. This choice was made for computational efficiency, 
as the A channel alone proved sufficient to generate an effective 
proposal distribution for initializing the MCMC sampling. The 
﻿T channel, which is typically used for noise characterization, was 
not included as this study operates under the assumption of 
known noise PSDs; see also the Discussion section. The TDI 
response calculations for all channels were implemented using 
the open-source tool FastLISAResponse ( https://github.com/
mikekatz04/lisa-on-gpu/tree/master ). Each data sample (used 
for training, as detailed in the “Dataset generation” section) com-
prises 2-month-duration TDI-A channel measurements, simu-
lated at a sampling interval of 25 s. The GPU-accelerated 
heterogeneous computing architecture employed for both wave-
form generation and response emulation [ 69 ] enables the genera-
tion of single waveforms with latency under 1 s, while maintaining 
the required numerical precision [  81 ].   

Data preprocessing
   Although GPU acceleration significantly improves the effi-
ciency of waveform generation, the high dimensionality of 
the raw time-domain data still poses difficulties for machine 
learning models. Frequency domain analysis [ 81 –  83 ] has 
proven to be an exceptionally effective method for estimating 
parameters in EMRI analysis. Therefore, we transform the 
time-domain samples to the frequency domain using the Fast 
Fourier Transform (FFT) algorithm.

(1)

Ri(t)=

�
Rcos�+

L

2
√
3

�
1

2
sin2�sin� i−

�
1+ sin2�

�
cos� i

�
,

Rsin�+
L

2
√
3

�
1

2
sin�cos� i−

�
1+cos2�

�
sin� i

�
,

−
L

2
cos

�
�−� i

�
�

,

(2)�(t) ≡ 2�

T
t + �0, � i ≡ 2�(i−1)

3
+ �0.

(3)

X(t) = y1� +y3,2� +y1,22� +y2�,322�

+y1,3�322� +y2�,33�322� +y1�,3�33�322�

+y3,2�3�33�322� −y1−y2�,3−y1�,3�3

−y3,2�3�3−y1�,22�3�3−y3,2�22�3�3

−y1,22�22�3�3−y2�,322�22�3�3.

(4)

A=
1
√
2
(Z−X),

E=
1
√
6
(X−2Y +Z),

T =
1
√
3
(X+Y +Z).

(5)X̃
(
f
)
≈ − 4e−i3usin2usinuX̃0

(
f
)
,
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   For discrete time-series  sA
EMRI

(
tn
)
    with N samples, the spec-

tral components can be derived as
﻿﻿  

where  tn = nΔt    defines the sampling times and  Δt    is the sam-
pling interval,  fk = k∕(NΔt)    denotes frequency bins, and  w

(
tn
)
    

is the Tukey window (α = 0.05).      denotes the FFT algorithm. 
The windowed signal satisfies
﻿﻿  

with  Norig    being the original signal length and  Npad    being the 
zero-padded length.

   In the EMRI analysis, conventional min–max normalization 
may induce information degradation. Therefore, we propose a 
preprocessing scheme that combines spectral whitening with 
standardization. For the TDI-A channel, we first compute its 
noise power spectral density (PSD) in terms of the test-mass 
acceleration noise  Sacc

(
f
)
    and the optical metrology system 

noise  Soms

(
f
)
   ,

﻿﻿  

where  u ≡ �Lf∕c    is the normalized frequency, and  Soms

(
f
)
   , 

﻿Sacc
(
f
)
    take the designed spectral profiles of Taiji (see, e.g., 

Ref. [  84]).
   The amplitude spectral density (ASD) is then derived as 

﻿ASD ≡√
PSD   . To ensure that the SNR remains consistent 

before and after whitening, we introduce a scale factor:
﻿﻿  

with  Nt    being the number of time samples. The whitening process 
is ultimately implemented through spectral normalization:
﻿﻿   

   This pipeline effectively decouples noise correlations while 
maintaining the phase coherence and amplitude characteristics 
of EMRI GW signals.

   We then establish a physically consistent noise injection 
framework based on whitened signals. The complex Gaussian 
noise in the frequency domain is modeled with independent 
real and imaginary components,

﻿﻿  

where the variance  �2 = 1    is guaranteed by whitening normal-
ization. The noise injection is implemented through spectral 
superposition,
﻿﻿   

   This process preserves the phase coherence of the signals 
while ensuring consistency with Taiji’s noise PSD characteris-
tics. This completes the full pipeline for generating individual 
EMRI GW signals.   

Dataset generation
   EMRI data are inherently challenging to process due to their 
large size [  85 ], and this difficulty is further amplified in machine 
learning applications, where models are trained on batched data. 
After the FFT, each sample can reach lengths of up to millions. 
While dimensionality reduction techniques like image-based 
downsampling or adaptive pooling could theoretically compress 
the data volume, these methods risk losing vital relativistic fea-
tures present in EMRI waveforms. To preserve the full harmonic 
coherence and orbital features essential for robust parameter 
inference, the TDI-A channel EMRI signals were kept in their 
pristine, noise-free form within the training dataset. During 
each training iteration, distinct realizations of instrumental 
noise were dynamically generated and injected into the clean 
signal data, which accurately emulate the stochastic noise char-
acteristics encountered in real observations. Specifically, we first 
perform random sampling within the prior parameter ranges 
listed in Table  1 , selecting 20,000 EMRI signal parameters with 
SNRs exceeding 60 to form the training dataset.

   An additional 2,000 parameter sets meeting the same SNR 
criterion were selected to constitute the test set.   

Accelerating MCMC sampling with CNFs
   This study introduces an innovative method, FM-MCMC, which 
accelerates MCMC sampling through CNFs. By integrating CNFs 
into the widely used Eryn [ 44 ] MCMC framework for space-
based GW data analysis, the proposed approach significantly 
enhances the efficiency of parameter estimation. Specifically, we 
first train a CNF model to rapidly generate posterior distri-
butions for EMRI’s intrinsic parameters. Through a dynamic 
matching mechanism, the sample size generated by the model 
automatically adapts to Eryn MCMC’s walker count and tem-
perature ladder configuration. Simultaneously, based on the 
posterior distribution characteristics output by CNFs, the system 
intelligently optimizes Eryn MCMC’s initial parameter space to 
achieve automated contraction of prior distribution ranges.  

Continuous normalizing flows
   While current machine learning applications in natural sciences 
frequently employ neural posterior estimation [ 33 , 72 ,  86 –  88 ] 
with discrete normalizing flows [  89 ,  90 ], recent advances suggest 
that flow matching with CNFs [  91 ]—termed FMPE [ 42 , 43 ]—
offers superior training efficiency and accuracy [ 33 , 42 , 88]. We 
examine 2 probability distributions over  ℝd    characterized by 
densities  q

(
�0
)
    (base distribution  q0   ) and ﻿q

(
�1|x

)
    (target poste-

rior  q1   ), where x represents observational data. The fundamental 
objective of CNFs is to construct a diffeomorphism  f :ℝd

→ ℝ
d    

satisfying the transport condition: if  �0 ∼ q0   , then  f
(
�0
)
∼ q1   . 

CNFs realize this transformation via a continuous process gov-
erned by a temporal parameter ﻿t ∈ [0,1]   , where the dynamics are 
defined by a neural velocity field  vt,x :ℝ

d
→ ℝ

d   ,
﻿﻿  

(6)
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)
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,
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=nreal
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0,�2
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,
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(
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.
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dt
�t,x(�) = vt,x

(
�t,x(�)

)
, �0,x(�) = �0, �1,x(�) = �1,
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where  �t,x    represents the flow map transporting samples from 
﻿q0    to  q1    under the conditioning variable x. In this context, x 
corresponds to the EMRI signal in the presence of noise. Target 
distribution samples are generated by numerically integrating 
 Eq. 13  with initial conditions drawn from  q0   . The associated 
probability density evolution follows the continuity equation,
﻿﻿  

yielding the instantaneous density via
﻿﻿   

   This formulation enables simultaneous density evaluation 
and sampling through adaptive ordinary differential equation 
(ODE) solvers.

   Following flow matching principles, we parameterize the 
velocity field through regression on conditional vector fields,

﻿﻿  

which induce Gaussian probability paths
﻿﻿   

   These paths interpolate between a standard normal distri-
bution at t = 0 and a posterior distribution centered at  �1    as 
﻿t → 1   . The training objective is to minimize the expected 
deviation between learned and target vector fields,

﻿﻿  

﻿﻿  

where  vt,x    learns to transport samples while preserving density 
consistency through the divergence term in  Eq. 15 .   

High-precision Bayesian inference
   Our framework employs CNFs, trained through flow matching, 
to enable rapid posterior estimation for EMRI. The trained model 
generates 103 posterior samples in just a few minutes, providing 
high-quality, optimized initial proposals for PTMCMC sampling. 
The CNF sample generation dynamically adapts to PTMCMC’s 
chain configurations and temperature ladder parameters. Final 
posterior distributions are derived from thermally equilibrated 
PTMCMC chains.

   Our training set comprises 20,000 clean EMRI waveform 
samples, each waveform representing a 2-month Taiji observa-
tion window sampled at fixed intervals, totaling 200,000 data 
points. The neural architecture comprises two core compo-
nents: (a) a 1-dimensional convolutional dimensionality reduc-
tion encoder that compresses raw GW signals from 200,000 to 
2,048 dimensions through nonlinear operations while preserv-
ing critical phase information, and (b) a CNF network with 
21 residual blocks, achieving progressive feature compression 
from 3,072 to 4 dimensions.

   This hierarchical architecture achieves synergistic optimiza-
tion of EMRI signal embeddings  x   , temporal evolution param-
eter  t    , and dynamic parameter states  �t    through a multiphase 
feature interaction mechanism. By progressively integrating the 
3 critical components, the framework establishes an accurate 

mapping to the vector field  vt,x
(
�t
)
   . The training was conducted 

on an NVIDIA RTX 4090 GPU, utilizing the Adam optimizer 
(initial learning rate 0.0001) with a 2,000 epoch cosine annealing 
schedule. The full training cycle required approximately 48 h.     
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