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The origin of supermassive black holes (SMBHs) is a pivotal problem in modern cosmology. This work explores the potential
of the Taiji-TianQin space-borne gravitational-wave (GW) detector network to identify the formation channels of massive black
hole binaries (MBHBs) at high redshifts (z & 10). The network substantially improves detection capability, boosting the signal-
to-noise ratio by a factor of 2.2-3.0 (1.06-1.14) relative to TianQin (Taiji) alone. It increases the detection rate of MBHBs
formed from light seeds (LS) by more than 2.2 times and achieves over 96% detection efficiency for those originating from heavy
seeds (HS). Furthermore, the network enables component mass estimation with relative uncertainties as low as ∼ 10−4 at the
2σ level. These improvements facilitate the assembly of a well-constrained population sample, allowing robust measurement of
the fractional contributions from different formation pathways. The network achieves high precision in distinguishing between
LS and HS origins (7.4% relative uncertainty at 2σ) and offers moderate discrimination between delay and no-delay channels in
HS-origin binaries (24%). However, classification remains challenging for delay versus no-delay scenarios in LS-origin systems
(58%) due to significant population overlap. In conclusion, the Taiji-TianQin network will serve as a powerful tool for unveiling
the origins of SMBHs through GW population studies.
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1 Introduction

Recent observations of quasars already at redshifts z & 7 in-
dicate that supermassive black holes (SMBHs) with masses
MBH & 109M⊙ formed very early in the history of the Uni-
verse, accumulating their mass within a few hundred mil-
lion years (Myr) after the Big Bang [1-6]. How did the
first SMBHs grow so massive so quickly [7-9]? It is widely
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accepted that SMBHs were not born with such large masses;
instead, they must have grown from initial black hole (BH)
seeds over cosmic time [10]. Two primary seeding scenar-
ios are commonly considered. The first is the “light seed”
(LS) scenario, in which the seeds originate from the remnants
of the first Population III (PopIII) stars at redshifts z ≈15-
20, with typical masses of ∼102M⊙ [11, 12]. The second is
the “heavy seed” (HS) scenario, which posits that seeds form
via the direct collapse of protogalactic disks at high redshifts
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(z ≈15-20), resulting in much heavier seeds with masses of
∼105M⊙ [11-13].

In addition to the seed types, the treatment of the time
delay between BH and galaxy mergers—whether it is in-
cluded (delay, d) or not (no-delay, nod)—also plays a cru-
cial role [11]. Following the merger of two galaxies with
central BHs, dynamical friction drives the BHs toward the
center of the newly formed galaxy, eventually resulting in a
bound binary. Subsequently, during the orbital decay phase,
the efficiency of the hardening processes—such as three-
body stellar interactions [14, 15], gas-driven migration [16],
and interactions with other BHs [17]—remains highly uncer-
tain. This uncertainty directly impacts the ability of mas-
sive black hole binaries (MBHBs) to efficiently transition
from parsec(pc)-scale to sub-parsec separations—a challenge
known as the “last parsec problem” [18]. The physics gov-
erning both BH seeding and the time delays between BH
and galaxy mergers at high redshift significantly influence
the predicted merger rates of MBHBs, as well as the distri-
butions of key parameters such as chirp mass, effective spin,
and redshift [17, 19, 20].

At such redshifts or higher (z & 10), electromagnetic ob-
servations become increasingly challenging [10]. Gravita-
tional wave (GW) observatories are crucial in this context, as
GW signals decay slowly with redshift and interact weakly
with matter. The next generation of ground-based GW ob-
servatories, such as the Einstein Telescope (ET) [21], along
with space-borne GW detectors like the Laser Interferometer
Space Antenna (LISA) [22, 23], Taiji [24-28], and TianQin
[29-31], will open unprecedented windows into the birth of
the first SMBHs [20, 32-34]. Together, they will be uniquely
powerful probes of the origin, growth, and formation path-
way of SMBHs in the first billion years of the universe.

In this work, we investigate the potential of the joint Chi-
nese Taiji-TianQin network to distinguish between differ-
ent seeding scenarios. First, we analyze detection rates of
MBHB mergers across different seed models (LS d, LS nod,
HS d, HS nod) under three observational scenarios: Taiji
alone, TianQin alone, and their combined network. Our re-
sults show that the combined Taiji-TianQin network signifi-
cantly enhances the SNR for merger signals from MBHBs at
high redshifts (z & 10), achieving an improvement by a factor
of 2.2-3.0 (1.06-1.14) relative to TianQin (Taiji) alone. This
improvement enables the detection of faint signals that are
undetectable by individual instruments, significantly increas-
ing the number of observable events. In particular, the net-
work greatly enhances the detection of MBHB mergers: for
LS models, the detection rate increases by a factor of 2.2 to
3 compared to Taiji alone, while TianQin alone cannot detect
such events. For HS models, the network achieves a high de-
tection efficiency, capturing more than 96% of merger events.

Second, we evaluate the effectiveness of the Taiji-TianQin
network in extracting physical information from MBHB sig-
nals. We assess its parameter estimation capabilities through
Bayesian inference using the dynesty [35, 36] nested sam-
pling package. Our analysis focuses on seven key parame-
ters: the component masses (m1, m2), dimensionless spins
(a1, a2), spin-orbit tilt angles (β, γ), and luminosity distance
(DL). These parameters collectively determine the system’s
logarithmic chirp mass (log10Mc), inverse hyperbolic tan-
gent of the effective spin (arcth(χeff)), and redshift (z). The
network achieves the following typical relative uncertainties
(at the 2σ level): m1, 10−4; m2, 10−4; a1, 10−4; a2, 10−3; β,
10−2; γ, 10−2; and DL, 10−4.

Finally, we examine whether the Taiji-TianQin network
can statistically infer the mixing fractions among different
formation channels of BH seeds. Our analysis follows a se-
quential two-stage procedure to estimate the formation frac-
tions f1 (LS fraction), f2 (delay fraction in the LS case), and
f3 (delay fraction in the HS case). In the first stage, we con-
strain the channel fractions using the arcth(χeff) distributions
with uniform priorsU[0, 1], obtaining posterior distributions
well-approximated by Gaussian functions. These posteriors
are then used as priors in the second stage, where we in-
corporate information from log10Mc, producing refined pos-
terior distributions with significantly reduced uncertainties.
This approach yields three key parameters with distinct pre-
cisions: f1 (7.4% relative uncertainty at 2σ), f2 (58%), and f3
(24%). The results show that the network achieves high pre-
cision in distinguishing between LS and HS origins, offers
moderate discrimination for delay versus no-delay channels
in HS-origin binaries, and exhibits limited performance in
classifying delay scenarios for LS-origin systems—primarily
due to significant population overlap between the LS d and
LS nod scenarios.

In more detail, the paper is structured as follows. Sect. 2
describes the astrophysical models used to generate our
MBHB catalog. In sect. 3, we introduce the method for GW
data simulation, detection, and parameter estimation with the
Taiji-TianQin network. Sect. 4 details the hierarchical infer-
ence methodology for determining formation channel frac-
tions. The conclusion is given in sect. 5.

2 Simulations of MBHB catalogues

In this section, we present a comprehensive overview of the
simulated MBHB catalogs used in our study. These catalogs
incorporate two key physical mechanisms that significantly
influence merger event rates: (i) black hole seeds and (ii)
time delays between galaxy mergers and subsequent black
hole mergers. Following the approaches of ref. [37] (B12),
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[11] (K16), and [17] (B20), we examine both light-seed and
heavy-seed scenarios, as well as delay and no-delay cases for
MBHB formation models1). We begin with an introduction
to the MBHB seeding models employed in our analysis.

2.1 Black hole seeds

A critical component in predicting MBHB merger rates is
the initial mass function of high-redshift black hole seeds.
Among the many proposed formation mechanisms [19, 38],
we focus on two representative scenarios.

(1) Light seed scenario: Seeds form from the remnants
of PopIII stars in low-metallicity environments at z ≈15-
20. The initial stellar masses follow a log-normal distribu-
tion centered at 300M⊙ with a standard deviation of 0.2 dex,
incorporating a pair-instability gap between 140M⊙-260M⊙
[1,19,39]. The resulting black hole seed retain approximately
2/3 the mass of the initial star [11].

(2) Heavy seed scenario: Seeds originate from the col-
lapse of protogalactic disks induced by bar instability, typi-
cally yielding seeds with masses Mseed ∼ 105M⊙ predomi-
nantly at z ≈15-20. This formation mechanism is governed
by the critical Toomre parameter Qc [40], which takes phys-
ically plausible values in the range Qc ≈1.5-3. A threshold
of Qc > 2 is necessary to ensure that a sufficient fraction of
massive galaxies host a massive black hole at z = 0. The
value of Qc directly determines the seed occupation fraction
at high redshifts, with lower values resulting in fewer seeds
and higher values producing more seeds [11, 19].

2.2 Delays

The delays between halo/galaxy merger and BH coalescence
occur through three sequential phases [19, 41].

Halo merger (a few Gyr): When two halos merge ac-
cording to the dark matter tree, the smaller one survives as
a satellite subhalo within the newly formed system and grad-
ually sinks to the center due to dynamical friction [42]. This
phase typically lasts a few Gyr.

Galaxy merger (several Gyr; ∼ kpc-pc separation): After
the subhalo reaches the bottom of the host halo, the galaxies
do not merge immediately. The satellite galaxy continues to
infall toward the center of the host galaxy, driven by dynam-
ical friction and tidal stripping/evaporation [43]. This phase
can last for several Gyr, especially for galaxies with unequal
stellar masses, and is crucial to driving the BH binaries from
∼ kpc to ∼ pc separation.

BH binary evolution (a few Gyr; sub-pc separation):
Once the galaxies have merged, the two BHs are slowly

dragged toward the center of the newly formed galaxy via
dynamical friction against the stellar background, eventu-
ally forming a bound binary. Subsequently, the binary hard-
ens further through three-body interactions with stars (“stel-
lar hardening” [14]), typically reaching the small separations
(∼< 10−2 pc) within a few Gyr. Additional mechanisms—such
as galaxy rotation [44, 45], planetary-like migration [46],
and triple MBH interactions [47]—may also facilitate the bi-
nary’s evolution into the sub-pc separations [48]. The ef-
ficiency of these processes remains significantly uncertain;
however, they play a critical role in influencing the capacity
of MBHBs to transition effectively from parsec-scale to sub-
parsec separations—a challenge known as the “last parsec
problem” [18].

The total delay between the initial halo merger and the fi-
nal BH coalescence reflects the cumulative duration of these
three evolutionary phases. This hierarchical delay structure
shapes the predicted merger rates and the distributions of pa-
rameters like chirp mass, effective spin, and redshift. In the
absence of such delays, BH binaries merge promptly before
they have a chance to grow and substantially spin up [17].
The specific delay models considered can be broadly catego-
rized into three classes [19]. All incorporate delays between
halo and galaxy mergers, but they differ in the degree of delay
between galaxy and black hole mergers: (i) No delays: These
assume the BH mergers at the same time as their host galax-
ies. Representative examples include LS nod (B12 [37]),
HS nod (B12), and Q3 nod (K16 [11]). (ii) Medium delays:
These incorporate additional processes at sub-pc separation,
such as stellar hardening, MBH triplets, and planetary-like
migration. Representative cases are popIII d (K16 [11]) and
Q3 d (K16 [11]). (iii) Long delays: These account for the
complete hierarchical delay, including the evolution of black
hole pairs at separations of ∼ 100 pc. This category in-
cludes LS SN d (B20 [17, 41]), LS noSN d (B20 [17, 41]),
HS SN d (B20 [17, 41]), and HS noSN d (B20 [17, 41]).
The labels “SN” and “noSN” indicate simulations with and
without supernova (SN) feedback, respectively; “LS” (or
“popIII”) and “HS” (or “Q3”) denote the light-seed and
heavy-seed scenarios for the high-redshift initial mass func-
tion.

We consider in particular the semianalytic model in B12
(no delay) and K16 (medium delay). The four specific model
combinations used in this work are.
(1) LS d (popIII d in K16 [11]): A light-seed scenario in

which the MBH seed originates from the remnants of the first
generation (PopIII) stars, with a typical mass of ∼ 100M⊙.
This model also incorporates time delays between galaxy and
BH mergers.

1) The catalogs are available at https://people.sissa.it/ barausse/catalogs/.

https://people.sissa.it/~barausse/catalogs/
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(2) HS d (Q3 d in K16 [11]): A heavy-seed scenario in
which the MBH seed forms via the direct collapse of pro-
togalactic disks, with a mass of ∼ 105M⊙. This model also
includes the time delays between galaxy and BH mergers,
with the critical Toomre parameter set to Qc = 3.
(3) LS nod (B12 [37]): A light-seed scenario similar to

LS d, but assume no delays between galaxy and BH merg-
ers.
(4) HS nod (B12 [37]): A heavy-seed scenario similar to

HS d, but the time delay between galaxy and BH mergers is
not included.

3 GW data simulation, detection, and parameter
estimation

3.1 GW data simulation

We simulate MBHB merger signals from the four catalogs
described in sect. 2 using the phenomenological waveform
model IMRPhenomPv2 [49-51] implemented in PyCBC [52].
As shown in Table 1, each catalog includes the following GW
parameters: the redshift z of the BH merger; the component
black hole masses m1 and m2 (in solar masses); the dimen-
sionless spin magnitudes a1 and a2; the angle α between the
spin vectors â1 and â2, defined via â1 · â2 = cosα; the angle
β between â1 and the orbital angular momentum L̂, defined
by â1 · L̂ = cos β; and the angle γ between â2 and L̂, with
â2 · L̂ = cos γ; and the angle ψ between the projections of â1

and â2 onto the binary orbital plane.
In this work, we focus exclusively on MBHBs at high red-

shift (z > 10). The chirp mass Mc, effective spin χeff , and
its inverse hyperbolic tangent transformation arcth(χeff) are
defined as:

Mc = (m1m2)3/5/(m1 + m2)1/5, (1)

Table 1 Summary of GW parameters and their meaning included in each
catalog

Parameter Description

z Redshift

m1 The component black hole mass

m2 The component black hole mass

a1 Dimensionless spin magnitude

a2 Dimensionless spin magnitude

α
The angle between the spin vectors

â1 and â2

β
The angle between â1 and the orbital

angular momentum L̂
γ The angle between â2 and L̂

ψ
The angle between the projections of a1 and

a2 onto the orbital plane

χeff =
m1a1 cos(β) + m2a2 cos(γ)

m1 + m2
, (2)

arcth(χeff) =
1
2

ln
(

1 + χeff

1 − χeff

)
, |χeff | < 1, (3)

where Mc traces the black hole seed mass (distinguishing
light from heavy seeds), while χeff quantifies the effective
spin-orbit alignment and encodes the formation history of the
binary system [53]. The inverse hyperbolic tangent of the ef-
fective spin, arcth(χeff), provides enhanced sensitivity to spin
orientation effects: values clustered near zero (χeff ≈ 0) in-
dicate randomly oriented spins, while significant deviations
(χeff & 0.76 corresponding to arcth(χeff) & 1) reveal strong
alignment mechanisms.

Figure 1 presents the population distributions of log10Mc,
arcth(χeff), and z, derived through kernel density estimation
(KDE) [54] using SciPy [55]. The log10Mc distribution
(left panel) reveals a distinct separation between LS and HS
populations. The HS distribution exhibits greater variance,
suggesting diverse formation pathways potentially involving
multiple accretion episodes or hierarchical mergers.

The arcth(χeff) distributions (middle panel) exhibit differ-
ent characteristics between delay and no-delay cases. Here,
χeff ∈ (−1, 1) represents the effective spin parameter quan-
tifying spin-orbit alignment, while its arcth transformation
serves to enhance sensitivity near extreme values. The
no-delay models (LS nod, HS nod) peak near zero, con-
sistent with weakly aligned or isotropic spin orientations.
In contrast, models incorporating delay mechanisms (LS d,
HS d) exhibit pronounced peaks at arcth(χeff) & 1, indicat-
ing strongly aligned spins. This distinction arises because,
without delays, BHs merge promptly before significant gas-
driven spin-up can occur, whereas delay mechanisms al-
low time for accretion-driven alignment and spin amplifica-
tion [17].

The redshift distributions (right panel) show that delayed-
formation models peak systematically at lower redshifts than
their non-delayed counterparts, owing to the additional time
introduced by the delay. Note that Figure 1 reflects the intrin-
sic population distributions, without accounting for detection
thresholds. In subsequent sections, we will present the de-
tectable population (signal-to-noise ratio, SNR > 8), whose
distributions are anticipated to differ significantly.

3.2 Detection

In general, the observed signal d(t) can be expressed as the
sum of the GW signal h(t) and the detector noise n(t). For
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Figure 1 (Color online) Distributions for high-redshift systems (z > 10) under different formation channels. The parameters shown are the logarithmic chirp
mass (log10Mc), the inverse hyperbolic tangent of the effective spin (arcth(χeff )), and the redshift (z). The blue, green, orange, and red lines represent the
LS d K16, LS nod B12, HS d K16, and HS nod B12 models, respectively.

a single detector, the SNR of a given source is defined as√
⟨d|h⟩, where the noise-weighted inner product is given by

⟨a|b⟩ ≡ 2
∫ ∞

0
d f

a∗( f )b( f ) + a( f )b∗( f )
S n( f )

, (4)

with S n( f ) denoting the power spectral density (PSD) of the
detector noise n(t). We generate the detector noise using the
S n( f ), adopting the Taiji noise model from ref. [25] and the
TianQin noise model from ref. [30]. The corresponding am-
plitude spectral densities (ASDs), derived from

√
S n( f ), are

shown in Figure 2.
For a network of N detectors, current data-analysis

pipelines typically adopt coincidence analysis rather than
a coherent approach [56]. In the coherent approach, data
from all detectors are coherently combined and filtered us-
ing a consistent signal model, whereas in the coincidence ap-
proach, each detector’s data are analyzed independently and
cross-compared to identify coincident events. This prefer-
ence arises primarily from the nature of detector noise and
computational feasibility [56]. Firstly, the noises of different
detectors are dominated by independent instrumental sources
and are neither Gaussian nor stationary. Under these con-
ditions, the assumption of statistical independence between
detectors is well justified, and coincidence analysis can po-
tentially reduce the background. Secondly, coherent analysis
is computationally far more expensive than coincidence anal-
ysis, making it presently impractical to employ [56]. Under
the coincidence framework, the network SNR for N detectors
is given by [57]

ρN =

√√√ N∑
i=1

ρ2
i , (5)

which, for the Taiji-TianQin network, reduces to

ρjoint =
√
ρ2

Taiji + ρ
2
TianQin. (6)

Figure 2 (Color online) The sensitivity curves of Taiji [25] and Tian-
Qin [30].

Figure 3 compares the SNR achieved by the joint Taiji-
TianQin network with that of each detector operating individ-
ually. The top and bottom panels show the ratios ρjoint/ρTaiji

and ρjoint/ρTianQin as functions of total mass, respectively. The
network significantly enhances the SNR for MBHB merger
signals, achieving an improvement by a factor of 2.2-3.0
(1.06-1.14) relative to TianQin (Taiji) alone. This differ-
ence arises from Taiji’s complementary sensitivity, which
compensates for TianQin’s higher noise floor in specific fre-
quency bands.

For detectability, we adopt an SNR threshold of 8. Ta-
ble 2 represents the number of detectable GW events (Ndet)
for each model (LS d, LS nod, HS d, HS nod) under three
detection scenarios: Taiji, TianQin, and their combined net-
work. Our results demonstrate that the Taiji-TianQin net-
work significantly enhances detection capabilities. For the
LS models (LS d and LS nod), the network increases the
detection rate by a factor of 2.2 to 3 compared to Taiji alone.
TianQin alone, conversely, cannot detect such events. For
the HS models (HS d and HS nod), the network achieves
high detection efficiency, capturing over 96% of all merger
events. This enhancement enables the detection of previously
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Figure 3 (Color online) SNR enhancement from Taiji-TianQin network.
Top: Ratio ρjoint/ρTaiji versus total mass. Bottom: Corresponding ratio
ρjoint/ρTianQin. The colour bar represents the number of simulated binaries.
Here, all four seeding models (LS d, LS nod, HS d, and HS nod) are in-
cluded.

inaccessible faint signals, thereby expanding the observable
population of MBHBs. The substantially larger event sample
provided by the network is crucial for performing population-
level studies, which will allow us to reliably infer the origin
of SMBHs.

3.3 Parameter estimation

Given a simulated observed signal d(t) = h(t) + n(t), where
the noise n(t) is generated according to the PSD described
in sect. 3.2, we employ the IMRPhenomPv2 waveform model
for parameter recovery [58]. In this analysis, we assume the
source has already been identified in the data stream and fo-
cus exclusively on parameter estimation. The likelihood is
given by

L(θ) ∝ exp
[
−1

2
⟨d − h(θ)|d − h(θ)⟩

]
, (7)

where the noise-weighted inner product is defined as eq. (4).
The injected parameters are zinj = 11.0979 (correspond-
ing to DLinj = 119426 Mpc), with component masses
m1inj = 461251M⊙ and m2inj = 89022.5M⊙, and spins
a1inj = 0.851959 and a2inj = 0.844949. Additionally, the
angles βinj = 0.069212, γinj = 0.162004, and ψinj = 3.84752
are included.

We perform Bayesian inference using the nested sam-
pling package dynesty [35, 36] to obtain posterior proba-
bility distributions. Our analysis focuses on a set of param-

eters {m1,m2, a1, a2, β, γ,DL} for the binary system, with di-
rect relevance to its chirp mass (Mc), effective spin (χeff), and
redshift (z). For computational efficiency while maintaining
physical relevance, we adopt narrow Gaussian priors on all
parameters (see Table 3). This approach allows us to focus
on the influence of key parameters in distinguishing forma-
tion channels (see sect. 4), while a more comprehensive pa-
rameter estimation study across the full parameter space is
reserved for future work.

Figure 4 shows the posterior distributions obtained with
TianQin (grey), Taiji (red), and the Taiji-TianQin network
(blue), respectively. Both Taiji and the network yield distri-
butions whose peaks are closer to the true values than those
from TianQin. Furthermore, the Taiji-TianQin network pro-
duces noticeably narrower posteriors, as seen in the tighter
contours, reflecting higher precision in parameter estimation.
Table 3 lists the prior distributions used for parameters θ j

and their corresponding posterior 2σ (95%) credible inter-
vals. The Taiji-TianQin network achieves the following typ-
ical relative precisions (at the 2σ level): m1, 10−4; m2, 10−4;
a1, 10−4; a2, 10−3; β, 10−2; γ, 10−2; and DL, 10−4.

4 Formation channels distinction using Taiji-
TianQin network

As shown in Table 2, the Taiji-TianQin network can detect
207,707 GW events, constituting our complete detectable
set. Each formation channel simulated in sect. 2 considered

Table 2 Number of total GW events (Ntot) and detectable events (Ndet) for
various models and detection scenarios at high redshift (z & 10). Percentages
of detectable events are shown in parentheses

Type Ntot Ndet (TianQin) Ndet (Taiji) Ndet (Taiji+TianQin)

LS d 472578 0 (0%) 31 (0.0066%) 68 (0.0144%)

LS nod 1659482 0 (0%) 22 (0.0013%) 66 (0.0040%)

HS d 319 279 (87.5%) 302 (94.7%) 307 (96.2%)

HS nod 207266 207257 (99.996%) 207266 (100%) 207266 (100%)

Table 3 Prior distributions of parameters θ j and their posterior P with 2σ
(95%) credible intervals. The notation G(µ, 2σ) denotes a Gaussian distribu-
tion with mean µ and standard deviation σ

θ j Inject Prior PTianQin PTaiji PJoin

m1 461251 G(m1inj, 100) 461227+79
−72 461227+76

−78 461260+77
−79

m2 89022.5 G(m2inj, 100) 88990+38
−37 89030+16

−15 89030+16
−16

a1 0.851959 G(a1inj, 0.004) 0.8519+0.0006
−0.0006 0.8521+0.0005

−0.0005 0.8521+0.0004
−0.0005

a2 0.844949 G(a2inj, 0.004) 0.8447+0.0033
−0.0033 0.8448+0.0034

−0.0032 0.8448+0.0035
−0.0032

β 0.069212 G(βinj, 0.004) 0.0710+0.0020
−0.0021 0.0700+0.0022

−0.0022 0.0706+0.0018
−0.0019

γ 0.162004 G(γinj, 0.004) 0.1620+0.0034
−0.0034 0.1621+0.0032

−0.0034 0.1621+0.0033
−0.0034

DL 119426 G(DL inj, 100) 119414+85
−79 119403+81

−73 119396+80
−69



P. Shen, et al. Sci. China-Phys. Mech. Astron. March (2026) Vol. 69 No. 3 230412-7

Figure 4 (Color online) Posterior distributions of the source parameters for
different detection strategies. The grey, red, and blue curves correspond to
the TianQin, Taiji, and the joint Taiji-TianQin network detection scenarios,
respectively. The injected values are marked by the vertical black lines.

only a single seeding prescription. However, the actual pop-
ulation of BHs in the universe is unlikely to be described by
such “pure” models, but rather by a mixture of different for-
mation scenarios. To account for this, we introduce three
mixing fractions: f1 between the LS and HS scenarios, f2
between the LS d and LS nod sub-channels, and f3 between
the HS d and HS nod sub-channels. The complete binary
BH population distribution is then modeled as:

P = f1 × [ f2 × PLS d + (1 − f2) × PLS nod]

+ (1 − f1) × [ f3 × PHS d + (1 − f3) × PHS nod]. (8)

In this section, we will distinguish the formation chan-
nels from the MBHB populations using the Taiji-TianQin
network. To balance computational efficiency with statisti-
cal reliability, we randomly subsampled 252 events (0.12%
of the detectable set) to form the observed set. The number
and fraction of observed events from each formation channel
are summarized in Table 4.

Figure 5 validates our sampling method through the KDE
of three parameters: arcth(χeff), log10Mc, and redshift (z, de-
rived from DL). It compares the full detectable population
(207,707 events; solid lines) with the observed subset (252
events; dashed lines). The close alignment of the KDE curves
indicates that the sample retains its key statistical prop-
erties across all channel models (LS d K16, LS nod B12,
HS d K16, HS nod B12), demonstrating the robustness of
our selection.

Following the parameter recovery method described in
sect. 3.3, we use dynesty to estimate the parameter set
θ = {m1,m2, a1, a2, β, γ,DL} for each event in the datasetD =
{di}252

i=1 , and derive the distributions of log10Mc, arcth(χeff),
and redshift z. As shown in Figure 6, the reconstructed dis-
tributions (dashed curves) agree closely with the true injected
distributions (solid curves), confirming accurate recovery of
the intrinsic population properties. This consistency across
different formation channels confirms the reliability of our
method in the presence of potential systematic biases.

Table 4 The number and percentage of observed events across different
formation channels

Type Number Percentage (%)

LS d 66 26.2

LS nod 66 26.2

HS d 59 23.4

HS nod 61 24.2

Figure 5 (Color online) Probability density distributions comparing the full detectable set (207707 events; solid lines) with the observed set (252 events;
dashed lines). The three parameters shown are: logarithmic chirp mass (log10Mc), inverse hyperbolic tangent of the effective spin (arcth(χeff)), and redshift
(z). The blue, green, orange, and red lines represent the LS d K16, LS nod B12, HS d K16, and HS nod B12 models, respectively.
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Figure 6 (Color online) Similar to Figure 5 but comparing the observed set (252 events; solid lines) with the recovered results (dashed lines).

We now infer the formation channel fractions for the 252-
event sample. Our inference framework models the likeli-
hood of the observing dataset D = {di}252

i=1 through a hierar-
chical mixture of formation channels. The likelihood of the
observing dataset D for the parameter θ j is the product of
probabilities for all 252 events:

L( f1, f2, f3|D, θ j) =
252∏
i=1

P(di| f1, f2, f3, θ j), (9)

where the probability for each event P(di| f1, f2, f3, θ j) is de-
fined as a weighted mixture over four formation channels:

P(di| f1, f2, f3, θ j)

= f1 ×
[
f2 × PLS d(di|θ j) + (1 − f2) × PLS nod(di|θ j)

]
+ (1 − f1) ×

[
f3 × PHS d(di|θ j) + (1 − f3) × PHS d(di|θ j)

]
.

(10)

For each event di, the probability of arising from a specific
channel depends on: (1) the population-level fractions f1 (LS
vs. HS), f2 (LS d vs. LS nod), and f3 (HS d vs. HS nod); (2)
the channel-specific probability densities Pmodel(di|θ j), where
model ∈ {LS d,LS nod,HS d,HS d}, derived from the full
detectable population (207707 events) using kernel density
estimation.

Table 5 presents the hierarchical Bayesian framework used
to infer formation channel proportions. The analysis under-
goes a two-stage sequential updating process, with each stage
refining the posterior distributions.

(1) Effective spin analysis: We first constrain the channel
fractions ( f1, f2, f3) using the arcth(χeff) distributions. Begin-
ning with uniform priors U[0, 1] for all fractions, we obtain
posterior distributions well-approximated by Gaussian func-
tions G(µ, 2σ) with mean µ and standard deviation σ.

(2) Chirp mass refinement: The approximate Gaussian
posteriors from the first step become the new priors as we
incorporate log10Mc information. This stage produces up-
dated posteriors with reduced uncertainties, yielding the final
estimation of ( f1, f2, f3).

Figure 7 shows the hierarchical Bayesian inference results
of the formation channel fractions, with confidence intervals

Table 5 Strategies and results for formation channel fraction inference.
True values of each fraction are indicated in bold. Posterior distributions are
summarized using 2σ (95%) credible intervals. U[a, b] denotes uniform dis-
tribution on [a, b]; G(µ, 2σ) denotes Gaussian distribution with mean µ and
standard deviation σ

Step θ j f1 (0.524) f2 (0.5) f3 (0.492)

1 arcth(χeff) Prior U[0, 1] U[0, 1] U[0, 1]

Posterior 0.517+0.068
−0.069 0.54+0.43

−0.46 0.39+0.21
−0.20

2 log10Mc Prior G(0.517, 0.069) G(0.54, 0.46) G(0.39, 0.21)

Posterior 0.523+0.039
−0.039 0.39+0.29

−0.26 0.41+0.12
−0.12

Figure 7 (Color online) Posterior distributions of channel fractions
{ f1, f2, f3} across inference stages. The true values are f1 = 132/252 ≈
0.524, f2 = 66/132 = 0.5, and f3 = 59/120 ≈ 0.492, which are marked by
black lines. The contours show the 2σ credible intervals. Step 1 (red curves)
uses only arcth(χeff) constraints, while Step 2 (blue curves) incorporates ad-
ditional log10Mc information, demonstrating uncertainty reduction.
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progressively narrowing across the analysis stages. All true
fraction values— f true

1 ≈ 0.524 (LS vs. HS), f true
2 = 0.5 (LS d

vs. LS nod), and f true
3 ≈ 0.492 (HS d vs. HS nod)—fall

within their respective 2σ credible intervals, confirming the
validity of the inference framework. The network effectively
distinguishes between LS and HS models, achieving a rela-
tive uncertainty of 7.4% at the 2σ level, and reliably discrim-
inates delayed from prompt mergers within the HS channel,
with an uncertainty of 24%. The comparatively lower accu-
racy in classifying delay scenarios for LS systems, exhibiting
a relative uncertainty of 58%, is primarily due to greater pop-
ulation overlap between the LS d and LS nod scenarios.

As previously emphasized, the Chinese Taiji-TianQin net-
work is expected to play a vital role in distinguishing between
different seeding scenarios. To quantify the additional ben-
efit of expanded detector coverage, we investigate the per-
formance enhancement achieved by incorporating LISA to
form the three-detector Taiji-TianQin-LISA network. Rel-
ative to the dual-detector Taiji-TianQin configuration, the
Taiji-TianQin-LISA network improves the SNR by a factor
of 1.19-1.25 and increases the detection rate of MBHBs orig-
inating from LS d (LS nod) by a factor of 2.8 (3.7). For HS
models, the Taiji-TianQin-LISA network will capture more
than 98% of merger events.

Based on the larger population of detectable MBHBs, we
analyze a sample containing twice as many events for the
Taiji-TianQin-LISA network as for the Taiji-TianQin config-
uration to infer the formation channel fractions. Figure 8
clearly shows that the Taiji-TianQin-LISA network yields
more accurate and precise confidence intervals for all channel
fraction parameters, with particularly remarkable improve-
ment in constraining f3. Specifically, it constrains the forma-
tion channel fractions with distinct precisions: 5.7% relative
uncertainty at the 2σ level for the LS fraction ( f1), 50% for
the delayed fraction in the LS scenario ( f2), and 18% for the
delayed fraction in the HS scenario ( f3). It provides signif-
icantly enhanced capability to distinguish between delayed
and prompt mergers within the HS channel. The classifica-
tion of delayed mergers in LS systems remains challenging
due to the substantial population overlap between LS d and
LS nod channels.

5 Conclusion

The origin of SMBHs remains a profound mystery in astro-
physics. The recent detection of a black hole at z = 10.6 in
the galaxy GN-z11 [6] has revitalized interest in BH seeds.
These seeds may have formed from the remnants of the
PopIII stars, or could result from the direct collapse of pri-
mordial protogalactic disks in the early Universe. Unraveling

Figure 8 (Color online) Posterior distributions of the channel fractions
{ f1, f2, f3} under different detector network configurations. The results for
the Taiji-TianQin and Taiji-TianQin-LISA networks are represented by the
red and blue curves, respectively. True values f true

1 ≈ 0.524, f true
2 = 0.5, and

f true
3 ≈ 0.492 are indicated by the vertical black lines. The contours show

the 2σ credible intervals.

the origins of SMBHs lies at the intersection of fundamental
physics, cosmology, and astrophysics, bridging GW astron-
omy with traditional electromagnetic observations.

In this study, we conduct a detailed analysis of the Taiji-
TianQin network and its potential to distinguish between dif-
ferent seeding scenarios. Our results demonstrate the net-
work’s potential across three key areas: detection, parameter
estimation, and the statistical discrimination of astrophysi-
cal formation channels. First, the combined Taiji-TianQin
network significantly enhances the SNR for MBHB merger
signals at high redshift (z & 10), improving the network SNR
by a factor of 2.2-3.0 (1.06-1.14) relative to TianQin (Taiji)
alone. This improvement enables the detection of faint sig-
nals that are undetectable by individual instruments, signifi-
cantly increasing the number of observable events. In partic-
ular, the combined network greatly enhances the detection of
MBHB mergers: for LS models, the detection rate increases
by a factor of 2.2 to 3 compared to Taiji alone, while Tian-
Qin alone cannot detect such events. For HS models, the
network achieves a near-complete detection efficiency, cap-
turing more than 96% of merger events.

Second, our Bayesian inference analysis reveals high pa-
rameter estimation precision across seven key physical pa-
rameters characterizing MBHBs. The network achieves typ-
ical relative uncertainties at the 2σ level, ranging from 10−4

for the component BH mass to 10−2 for spin-orbit tilt angles.
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These high precisions in measuring the component masses,
spins, orientations, and luminosity distance will enable de-
tailed characterization of MBHB systems and their origins.

Finally, the Taiji-TianQin network’s enhanced SNR and
parameter estimation precision collectively support the con-
struction of a sufficiently large and well-characterized pop-
ulation sample. This enables robust statistical inference of
the fractional contributions of different formation channels.
Using a hierarchical Bayesian framework, we sequentially
incorporate arcth(χeff) and log10Mc to constrain the forma-
tion channel fractions with distinct precisions: 7.4% relative
uncertainty at the 2σ level for the LS fraction ( f1), 58% for
the delayed fraction in the LS scenario ( f2), and 24% for the
delayed fraction in the HS scenario ( f3). The results show
that the network achieves high precision in distinguishing be-
tween LS and HS origins, offers moderate discrimination for
delay versus no-delay channels in HS origin binaries, and ex-
hibits limited performance in classifying delay scenarios for
LS systems—primarily due to significant population overlap
between the LS d and LS nod scenarios.

Our findings are based on formation scenarios modeled
within a merger-tree framework. However, it is important to
note that alternative formation channels may also contribute
to BH growth, such as hierarchical BH mergers occurring
in active galactic nucleus (AGN) disks [59-62]. As shown
in ref. [63], the maximum BH mass from such hierarchical
mergers is limited by the lifetime of AGN disks. For typi-
cal AGN lifetimes of 10-100 Myr, the maximum BH mass
increases with lifetime but saturates near ∼ 103M⊙, which is
significantly less massive than a central SMBH. Therefore,
such merger products in AGN disks can not be seeds for
high-redshift SMBHs. Nevertheless, these hierarchical BH
mergers could potentially interfere with our detections. We
will analyze this effect in the future once the relevant binary
black hole catalogs are established.

Furthermore, the James Webb Space Telescope (JWST)
has revealed a new class of high-redshift (4 . z . 11)
sources, dubbed “little red dots” (LRDs) [64-66], identi-
fied by their red rest-frame optical emission and compact
morphologies [66]. These objects have sparked consider-
able debate regarding their interpretation and physical ori-
gin [67-69]. It remains uncertain whether LRDs can be
fully explained as AGNs or whether they also represent a
substantial population of massive/compact galaxies in the
early Universe [69]. Resolving the nature of these sources—
particularly if they are reddened AGN—carries important im-
plications for understanding black hole growth and galaxy
assembly at cosmic dawn.

In the absence of definitive conclusions on early mas-
sive BH formation via the astrophysical channels discussed
above, it is worth considering other, more exotic path-

ways [70]. Upcoming GW detectors such as Taiji and Tian-
Qin will be capable of detecting increasingly distant and mas-
sive BHs, which would likely originate from exotic condi-
tions. These include primordial BHs formed shortly after the
Big Bang [68, 71, 72], supermassive stars sustained by dark-
matter annihilation [73], efficient energy dissipation of mag-
netic fields in atomic cooling halos [74,75], and fueling BHs
by self-interacting dark matter [76, 77].

This work represents the first step of our group toward
unveiling the origin of SMBHs. In future studies, we will
use the Millennium-II [78] merger trees to model the cos-
mological evolution of MBHBs, incorporating additional pa-
rameters relevant to GW observations, such as eccentricity
evolution and orbital inclination. By tracking the formation
pathways of SMBHs and extracting the binary merger events
along these pathways, we aim to reconstruct their assembly
history and generate mock catalogs of GW signals up to very
high redshift (z & 20) [79]. These catalogs will allow us to
evaluate the capability of space-borne GW detectors to di-
rectly observe such high-redshift BH mergers and probe the
earliest phases of SMBH formation and growth.
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