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Laser cooling, which cools atomic and molecular gases to near absolute zero, is the crucial initial step for nearly
all atomic gas experiments. However, fast achievement of numerous sub-µK cold atoms is challenging. To resolve the
issue, we propose and experimentally validate an intelligent polarization gradient cooling approach enhanced by an optical
lattice, utilizing maximum hypersphere compensation sampling Bayesian optimization (MHCS-BO). MHCS-BO demon-
strates a twofold increase in optimization efficiency and superior prediction accuracy compared to conventional Bayesian
optimization. Finally, approximately 108 cold atoms at a temperature of 0.4±0.2 µK can be achieved given the optimal pa-
rameters within 15 minutes. Our work provides an intelligent protocol, which can be generalized to other high-dimensional
parameter optimization problems, and paves the way for the preparation of ultracold atoms in quantum experiments.
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1. Introduction
Atomic cooling plays a crucial role in various quantum

systems,[1] including quantum precision measurement,[2,3]

quantum simulation,[4] and quantum information.[5] Atomic
cooling methods include magneto-optical trap (MOT)
cooling,[6] polarization gradient cooling (PGC),[7] evapora-
tive cooling,[8] Raman sideband cooling,[9] and so on. Among
these, PGC stands out as a cheap approach that could ob-
tain lower atomic temperature simply by designing the tim-
ing sequence without the need for extra hardware. Research
indicates that in quantum metrology based on cold atomic
interferometry, lower atomic temperature could improve inter-
ference fringe contrast and measurement sensitivity.[10] While
conventional PGC is fundamentally limited to the µK regime,
evaporative cooling can prepare Bose–Einstein condensation
(BEC) at the nK level. However, the generation of BEC usu-
ally requires demanding hardware (e.g., high-power optical
trap) and exhibits low efficiency,[11] which is a critical lim-
itation incompatible with the demand for high measurement
frequency in quantum metrology. Thus, the efficient prepa-
ration of sub-µK cold atoms holds critical importance for
enhancing atomic interferometer performance and enabling
engineering applications. With the aid of an optical lattice
for adiabatic cooling, the atomic temperature could be further
reduced.[12] However, the process of preparing cold atoms is
quite complex, highly nonlinear, and susceptible to environ-
mental influences. Conventional manual optimization results
in low accuracy and efficiency, making it difficult to control
the cooling process more finely due to the complexities associ-

ated with high-dimensional optimization. It is also particularly
challenging to ensure a lower temperature while maintaining
a higher atomic number.

Recently, artificial intelligence (AI) has been applied to
solve optimization problems involving quantum systems.[13]

Evolutionary algorithms such as genetic algorithm,[14] differ-
ential evolution,[15] and particle swarm optimization,[16] can
search for globally optimal parameters. However, these al-
gorithms, usually depending on large population scales and
iteration steps, work inefficiently in scenarios with high ex-
perimental cost. Neural networks (NNs) such as multi-
layer perceptron,[17] deep learning,[18] and reinforcement
learning[19] are applicable to high-dimensional multi-objective
optimization problems. Similar to evolutionary algorithms,
NNs also require a large amount of experimental data to train
networks. The accuracy of NNs extremely requires a robust
system and high-quality datasets. Fortunately, Bayesian opti-
mization (BO)[20–22] can efficiently optimize parameters, es-
pecially in complex systems with high experimental cost. The
acquisition function, e.g., expected improvement (EI), prob-
ability of improvement, and upper confidence bound, could
obtain good optimization effects in the majority of scenarios.
Nevertheless, traditional acquisition functions always leave
large non-sampling regions in parameter space, compromising
the predictive performance of the model in high dimension.

In our previous work,[23] we utilized reinforcement learn-
ing (RL) to optimize the PGC sequence, demonstrating supe-
rior cooling performance over manual tuning while validating
the feasibility of intelligent fine control over the PGC process.

†These authors contributed equally to this work.
‡Corresponding author. E-mail: zhulingxiao31@163.com
© 2026 Chinese Physical Society and IOP Publishing Ltd. All rights, including for text and data mining, AI training, and similar technologies, are reserved.

http://iopscience.iop.org/cpb http://cpb.iphy.ac.cn

100205-1

https://doi.org/10.1088/1674-1056/ae24ef
https://cstr.cn/32038.14.CPB.ae24ef
mailto:zhulingxiao31@163.com
http://iopscience.iop.org/cpb
http://cpb.iphy.ac.cn


Chin. Phys. B 35, 100205 (2026)

In this study, we implement one-dimensional (1D) deep cool-
ing along the vertical direction assisted by an optical lattice
to obtain sub-µK cold atoms. The increased system complex-
ity and strong parameter coupling increase the cost of the ob-
jective function, which would lead to lower efficiency using
the RL framework. We utilize Bayesian optimization (BO)
to address this challenge. As an efficient global optimiza-
tion framework well-suited for expensive objective functions,
BO demonstrates superior optimization efficiency compared
to evolutionary algorithms and neural networks.[24] Further-
more, we make improvements to the traditional BO and pro-
pose maximum hypersphere compensation sampling Bayesian
optimization (MHCS-BO) to perform stepwise decoupled op-
timization of the cooling process. It is illustrated that MHCS-
BO has twice the optimization efficiency and higher prediction
accuracy than traditional BO. As a result, lower atomic tem-
perature and more sufficient atoms can be obtained. In the
experiment, the cooling process is divided into 10 segments to
be finely controlled, and thus a total of 16 experimental pa-
rameters are optimized in a decoupled manner by MHCS-BO.
Approximately 108 cold atoms at a temperature of 0.4±0.2 µK
can be obtained with 15 minutes of MHCS-BO.

2. Results and discussion
The experimental setup is mainly composed of a three-

dimensional (3D)-MOT, laser systems, a vacuum chamber,
and a controller (Fig. 1(c)). The laser system can be found in
Note 1 of the supplementary information. The cooling beam
has a radius of about 26 mm, a power of about 14 mW, and
is red-detuned by 15 MHz from the |F = 2〉 → |F ′ = 3〉 tran-
sition. A Gaussian beam with a power of about 30 mW, red
detuning of approximately 67 GHz from |F = 2〉 → |F ′ = 3〉
transition, and diameter of around 1.8 mm (forming potential

Fig. 1. Experiment diagram: (a) the atoms are trapped in a 3D MOT, where
the PGC assisted by optical lattice can be achieved through controlling the
experimental parameters such as magnetic field, laser power, and detuning.
The 1D optical lattice is formed by two red detuning laser beams, with in-
tensity distribution following Gaussian and harmonic profile along the radial
and axial directions respectively. (b) When the atomic cloud falls across de-
tection zone, TOF signal is generated, which can be utilized to calculate the
objective function. A host computer executes the MHCS-BO algorithm with
observed dataset (d), predicting the optimal parameters which are utilized in
the laser system through the controller (c).

well with depth about 15Tr–30Tr, where Tr ≈ 0.362 µK is the
recoil temperature), is incident into the vacuum chamber, re-
flected by a mirror to form a 1D optical lattice at the center of
the MOT. A charge-coupled device (CCD) camera is mainly
used to observe the atomic cloud during operation and mea-
sure the atomic temperature. The light used for detection of
time-of-flight (TOF) signal is shaped by a 100 mm×1 mm
aperture. When atomic cloud passes through this region, the
resonant fluorescence could be detected by a photonic detec-
tor (PD) and conveyed to the host computer by a 16-bit data
acquisition card.

Fig. 2. Timing sequence and parameters space. OL: optical lattice; tm: time
to turn off magnetic coils; PL: power of lattice light; tu: duration of the opti-
cal lattice unloading; th: holding time of optical lattice; Pc: power of cooling
light at the end of PGC; δc: detuning of cooling light at the end of PGC; ti
(i = 1,2, . . . ,10), the time step of PGC. The MOT loads for a duration of 2
seconds, followed by the starting of PGC after a delay of tm. The atoms are
then pumped to the |F = 2〉 state by turning off the repumping light 1-ms later
than the cooling light. After being released from lattice, the atoms undergo a
235-ms free-falling in vacuum chamber before reaching the detection zone,
which is about 270 mm blew the center of MOT.

Setting reasonable parameters 𝑋 , one experiment cycle
can be conducted following the timing sequence depicted in
Fig. 2. Consequently, the TOF signal can be obtained on the
host computer. The atomic temperature Ta is acquired by fit-
ting the TOF signal in the velocity domain (see Note 5 of the
supplementary information for details), which is subsequently
used to calculate the objective function O(𝑋). A pairwise ob-
served data point consisting of scaled parameters 𝑋 and cor-
responding O(𝑋) would be used to fit the surrogate model,
which is a Gaussian process in this study. MHCS-BO is uti-
lized to predict the optimal parameters for the next experiment
cycle. The above process iterates until reaching the termina-
tion criterion. To finely control the process of PGC, we dis-
carded the linear changing of cooling light parameters in tra-
ditional PGC (blue line). Instead, the PGC interaction time
is divided into 10 steps, and each step ti (i = 1,2, . . . ,10) is a
variable to be optimized. The initial power and detuning of the
cooling light in PGC are the same as those in the MOT stage,
and are subsequently changed to Pc and δc at the termination
of the PGC stage. There is a time delay tm between MOT and
PGC. By adjusting ti, Pc, and δc, the power and detuning can
have different sequences, achieving fine control of the PGC
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process. After the completion of PGC, only the lattice light
continues to hold on for a certain time th and then unloads adi-
abatically within time tu to achieve a lower Ta. However, if th
is too long, atoms will be accelerated due to gravity and the
lattice, leading to a decrease in the atomic number Na within
the potential well. Additionally, the power of the lattice light
PL can affect the well depth and scattering rate. A deep well
results in more confined atoms, but the velocity distribution of
atoms will be widened, resulting in a higher Ta. Conversely, a
shallow well corresponds to fewer Na and a lower Ta. More-
over, a higher scattering rate, which means a higher probability
of interaction between atoms and photons, would elevate the
probability of atom heating. Thus, th and PL are key parame-
ters that need to be optimized and balanced.

In summary, the parameters that need optimization are
𝑋 = {Pc,δc, ti, tm, tu, th,PL} (16 dimensions). As Pc is con-
trolled by an acousto-optic modulator (AOM), its value can
be directly controlled by setting the attenuation (Att) of the
radio-frequency signal. PL is controlled by another AOM with
its radio-frequency signal provided by an arbitrary waveform
generator, and the signal amplitude is modulated by the volt-
age VL provided by the controller. We use Att and VL to replace
Pc and PL (see Note 8 of the supplementary information for
details). Therefore, the actual parameters for optimization are
𝑋a = {Att,δc, ti, tm, tu, th,VL}. If all parameters are optimized
together in a coupled manner, it could easily lead to poor sig-
nals, misleading the optimization direction. Hence, we first
turn off the optical lattice and optimize the PGC-related pa-
rameters 𝑋P = {Att,δc, ti, tm} to initially cool the atoms to be-
low 5 µK. Subsequently, we turn on the lattice and optimize
the lattice-related parameters 𝑋L = {th, tm, tu,VL} to achieve
deep cooling of the atoms. It is noteworthy that the magnetic
field delay parameter tm also has some impact on the cool-
ing effect in the optical lattice; thus, it is included in 𝑋L. The
attenuation coefficient, light power, time, and voltage are mea-
sured in dB, mW, ms, and V, respectively.

MHCS-BO is proposed to find the optimal parameters as
shown in Fig. 3. The Gaussian process is fitted initially by the
dataset, which could be obtained from prior data or randomly
sampled in parameter space. The prediction stage is mainly
composed of two steps: (i) prediction based on the EI function,
(ii) prediction based on MHCS. The corresponding optimal
points 𝑋EI and 𝑋MHCS would be implemented in the appara-
tus, yielding the objective functions OEI and OMHCS respec-
tively, all of which would be added to the observed dataset.
Compared to traditional EI, MHCS can improve the distri-
bution of sampling points and enhance the ability to explore
parameter space. To balance Ta and Na, the objective func-
tion is defined as O(𝑋) = Ta/Ab

s , where As ∝ Na represents
the amplitude of the TOF signal, and b is a balancing coeffi-
cient within the range of 0.1–1. A higher b prioritizes maxi-

mizing atomic numbers, whereas a lower b emphasizes mini-
mizing atomic temperature. To ensure sufficient atomic num-
bers while pursuing deep cooling, we empirically set b = 0.5,
which strikes a balanced compromise between these compet-
ing goals. To evaluate the impact of random factors such
as atomic number fluctuations, atomic temperature variations,
and detection noise on O(𝑋), 800 experiments are conducted
independently, and the system exhibits good long-term stabil-
ity (see Note 6 of the supplementary information for details).
Considering both optimization efficiency and the probabilis-
tic modeling capability of Gaussian processes, we performed
only a single measurement per data point during the optimiza-
tion iterations. As the iteration process runs, the fitted Gaus-
sian process would be more accurate in reflecting the map-
ping relationship between the experimental parameters and the
corresponding O(𝑋). Additionally, to assess the performance
and generalizability of MHCS-BO, we apply it to 5 standard
test functions[25] (see Note 4 of the supplementary informa-
tion for details). Here, the optimization accuracy is character-
ized by the historical optimum values recorded during iterative
episodes. The results reveal that MHCS-BO outperforms tra-
ditional BO, with nearly double the optimization speed and
superior prediction accuracy as shown in Fig. 4.

Fig. 3. Flowchart of MHCS-BO. The light blue blocks represent the
data generated during optimization process, the red blocks indicate im-
plementing parameters to apparatus and conducting one experiment, the
purple blocks depict critical steps in BO, and the gray frame indicates
MHCS prediction.

Here, as for the 16 parameters in our experiment, we
first provide an intuitive comparison of the optimization ef-
ficiency among three methods: MHCS-BO, manual optimiza-
tion (MO), and brute-force search. MHCS-BO requires de-
coupling and optimizing the parameters step by step, running
a total of 200 experiments, taking about 15 minutes. The MO
similarly comprised two steps. For PGC, only the cooling
laser power and detuning at the termination stage of PGC were
adjusted following the light-blue sequence in Fig. 2. Cool-
ing performance is assessed via fluorescence images of the
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atomic cloud after 10 ms–25 ms of free fall, where smaller
and brighter images corresponded to higher atomic numbers
and lower temperatures. Based on the optimized PGC config-
uration, the optical lattice parameters are then optimized by
observing the TOF signal similar to that in Fig. 5(d). The pro-
cess was inherently dependent on prior experience and less
efficient than algorithmic approaches. Even when MO is op-
erated by an experienced operator familiar with the system,
it typically takes 4–6 hours to obtain satisfactory results. In
the context of grid brute-force search, employing a parameter
step size of Prange/3 (Prange is the parameter range), which de-
notes a coarse granularity, necessitates conducting an imprac-
tical number of 316 experiments, equivalent to an estimated
duration of approximately 6 years. As a result, MHCS-BO is
appropriate for our experiment.

Fig. 4. Performance comparison between MHCS-BO and BO under 5 typical
test functions. The historical optimum (a) and time consumption (b) under
different test functions are displayed. Each data is averaged by 9 repetitions,
and the error bars indicate one standard deviation. SphM: sphere model, SP:
Schwefel’s problem 2.21, QFN: quartic function i.e., noise; GRF: general-
ized Rastrigin’s function, AF: Ackley’s function.

The optimization results under different conditions are il-
lustrated in Fig. 5. The impact of BO and MHCS-BO on the
optimization process of PGC is compared in Fig. 5(a). The
iterations for BO and MHCS-BO are set to 100 and 50, re-
spectively, yielding 100 sampling points. It can be observed
that in the vast majority of iterations, the EI prediction line in
MHCS-BO is significantly lower than that in BO, indicating
that MHCS-BO can obtain promising parameters. This im-
plies that exploration of non-sampling sparse regions by the
MHCS effectively enhances the completeness of the observed
dataset, bringing a more precise mapping from the model to
the apparatus, resulting in greatly improved EI prediction per-
formance. MHCS-BO and BO reach the historical global op-
timum at the 61st and 66th samples, respectively.

The historical global optimal parameters for MHCS-BO
are 𝑋∗P = {31.5, 188.21, 10.0, 6.42, 2.37, 5.25, 0.9, 0.42, 9.96,
7.76, 1.04, 0.3, 6.87}. Setting the PGC parameters 𝑋P =𝑋∗P ,
𝑋L is optimized while keeping the lattice light holding on.
The results are depicted in Fig. 5(b). The majority of the
best values are generated by EI predictions, which is similar
to Fig. 5(a). This suggests that MHCS predictions serve as
effective supplements to EI predictions, which play a role in
exploring the blind areas in the parameter space, thereby en-
hancing the overall performance of the model. However, there

is still one MHCS prediction point appearing in the historical
best value (gray solid line), indicating that the MHCS algo-
rithm has a certain probability of exploring potential optimal
values that the EI algorithm cannot predict, highlighting the
necessity of the MHCS algorithm. The entire iterative process
reaches the historical global optimum at the 63rd sample with
𝑋∗L = {4.75,9.76,0.6,4.16}. It is noteworthy that the mag-
netic field delay tm here is different from that in 𝑋∗P , changing
from 6.87 ms to 4.75 ms. The last optimal parameters are
𝑋∗ =𝑋∗P(1 : 12)∪𝑋∗L.

The optimal Ta and Na of PGC obtained by MHCS-BO
and MO are 3.1 µK, 4.3 µK, and 4.2×108, 3.6×108 as shown
in Fig. 5(c), respectively. Although MO can also achieve a
relatively acceptable temperature and atomic number, the op-
timization process relies on the intuition and familiarity of the
system. In other words, different individuals may obtain dif-
ferent optimization results, leading to a degree of subjectiv-
ity. In contrast, MHCS-BO executes optimization more ob-
jectively and accurately based on O(𝑋), resulting in signif-
icantly higher optimization metrics compared to MO. With
the optical lattice holding on and the parameters set to 𝑋∗,
the TOF signals are compared between MHCS-BO and MO.
Due to the finite potential depth of the optical lattice, some
hotter atoms escape and begin falling first under gravity. In
contrast, the colder atoms remain trapped, as the potential is
sufficient to counteract gravity, and only start falling after the
optical lattice is turned off. Therefore, a dual-peak structure is
observed in Fig. 5(d), corresponding to the two distinct atom
clouds arriving at the detection zone at different times, respec-
tively. Consequently, the peak of the TOF signal exhibits a rel-
ative lag. Moreover, the TOF signal for atoms confined within
the optical lattice displays a significantly narrower width, in-
dicating a better cooling effect. The optimal Ta and Na inside
the optical lattice for MHCS-BO and MO are 0.91 µK, 0.82
µK, and 1.6× 108 and 7.1× 107, respectively. With the as-
sistance of the optical lattice, MO also achieves an acceptable
atomic temperature, but the atomic number is lower than that
of MHCS-BO. This is because we have set a comprehensive
optimization metric that balances both Ta and Na, rather than
solely optimizing the atomic temperature.

In order to verify the necessity of parameter decoupling,
we compare the optimization under parameter coupling (OPC)
and decoupling (OPD) as shown in Fig. 5(e). Overall, O(𝑋)

of OPC is generally worse than that of OPD. In our experi-
ments, Ta cannot be calculated if the TOF signal is poor. In
such an instance, it is directly assigned the value of 100. As
a result, the mapping accuracy between the model and the ap-
paratus may be compromised, potentially misleading the op-
timization direction and slowing down the optimization effi-
ciency. It can be seen that some poor TOF signals are gener-
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ated in some samples under OPC. Conversely, such a signal
cannot be found in OPD. The optimal Ta and Na inside the op-
tical lattice from OPC are 1.18 µK and 1.2×107, respectively,
as depicted in Fig. 5(f), even worse than the ones from MO.

Additionally, O(𝑋) in OPC fluctuates more significantly than
in OPD, indicating it is more susceptible to the environment.
Therefore, the overall performance of OPD surpasses that of
OPC.

Fig. 5. Optimization of PGC and optical lattice. (a) The optimization of PGC using two different BO algorithms. (b) The MHCS-BO algorithm
is used to optimize the 4 parameters of optical lattice. Panels (c) and (d) show the TOF signals of cold atomic clouds under the optimal
parameters when optical lattice is closed and open, with the red lines indicating the MHCS-BO results and the blue lines representing the MO
results. (e) The BO process under OPC and OPD conditions, where the gray lines represent their respective historical optimum. (f) The best
optimization results under OPC and OPD conditions. In panels (c), (d), and (f), the time zero corresponds to the trigger moment of acquisition
card, at which point the atomic cloud has been falling for approximately 205 ms after the optical lattice is switched off.

O
↼X
↽

Fig. 6. Key parameter scans under optimal settings. When one parame-
ter changes, the remaining ones are kept at 𝑋∗, indicated by solid dots
in corresponding colors. Each data represents the average of 3 mea-
surements, and the gray area donates one standard deviation. (a) The
changing of Ta (solid line) and As (dashed line) versus scaled parame-
ters. (b) Variation of O(𝑋) versus scaled 𝑋 .

Considering the existence of systematic error and random
error, the actual experimental parameters may deviate from the
setting value. Therefore, it is crucial to ensure that our exper-
imental results, generated by optimal parameters with a few
deviations, are proximal to the optimum. Each parameter is

scanned under the optimum (𝑋∗). Here, only the three pa-
rameters that have the greatest impact on cooling effects are

analyzed as shown in Fig. 6. The results for other parame-
ters can be seen in Note 7 of supplementary information for
details. As the holding time th increases, both Ta and As de-
crease (blue line). This phenomenon aligns with physical in-
tuition, because the dipole force, scattering force, and gravity
all act on the atoms within the optical lattice. As a result, some
atoms escape from the potential well, leading to a decrease in
the number of atoms inside the trap. The remaining atoms
are those with kinetic energy less than the well depth, which
means a lower atomic temperature. With the further extension
of th, Ta will gradually stabilize. When δc gradually increases
(red line), there is no apparent pattern in the changes of Ta

and As. Overall, when δc is not too large, Ta decreases with
increasing δc, while As exhibits the opposite trend.

The t10 represents the final time step of PGC. As this
value increases, As decreases gradually, while the change in
Ta is less pronounced (purple line). This phenomenon indi-
cates that the atoms have already been sufficiently cooled in
the preceding time steps. Therefore, extending the value of
t10 is equivalent to increasing th, resulting in a correspond-
ing alignment between the trends in Ta and As with the anal-
ysis of th. Since O(𝑋) is based on Ta and As, the lowest
atomic temperature was not set as the optimization target. In-
stead, a balance between them was considered. The position of
the optimal parameter can vividly reflect this, indicating that
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the objective function has achieved the intended purpose. As
shown in Fig. 6(b), the changes of O(𝑋) in the vicinity of the
optimal point are relatively smooth, without abrupt gradient
shifts. This implies that the optimal parameters 𝑋∗ predicted
by MHCS-BO do not coincidentally fall on a singular optimal
point and demonstrate a certain degree of robustness, high-
lighting the superiority of the algorithm proposed in this paper
for optimizing multiple parameters in PGC.

(a)

Fig. 7. (a) Scaled σ and Na versus th. σ is the Gaussian radii of the
atomic cloud, which is obtained by fitting the fluorescence image along
vertical direction. A smaller σ means a corresponding lower atomic
temperature. Na is calculated by integrating the counts of fluorescence
image. (b) Mean radii of atomic cloud versus expansion time. Each data
is averaged by 10 repetitions, and the error bars indicate the standard de-
viation. The insets is fluorescence images of atomic cloud taken during
ballistic expansion. The loading time is adjusted to 3 seconds in order to
enhance the detection signal, while the exposure time of CCD camera is
set at 0.5 ms.

In order to further explore lower Ta, we increase th under
the optimal parameters obtained from MHCS-BO. However,
as th increased, the number of atoms gradually decreased. This
would lead to some problems in the measurement of atomic
temperature. On one hand, the weakened atomic fluorescence
degrades TOF signal fitting precision. On the other hand, the
reduced atomic cloud size compromises temperature measure-
ment accuracy, because the thickness of the probe light could
not be omitted (see Note 5 of the supplementary information
for details). Therefore, we increase the MOT loading time to
3 seconds to obtain more atoms, and employ the ballistic ex-
pansion method to precisely measure atomic temperature. By
setting th to 20 ms, a lower Ta could be achieved without a
significant decrease in Na as depicted in Fig. 7(a). Under this
condition, images of the atomic cloud at different expansion
times t were captured by a CCD camera. The relationship be-
tween the radius of the atomic cloud σ and the expansion time
t could be expressed as σ2 = σ2

0 +(kBTa/m)t2.[26] Here, σ0

is the initial radius of the atomic cloud, kB is the Boltzmann

constant, and m is the mass of the 87Rb atom. By fitting the
above equation as shown in Fig. 7(b), Ta can be obtained as
0.4±0.2 µK, very close to the recoil temperature.

3. Conclusion
In summary, we have provided the first demonstration of

MHCS-BO used in preparing sub-µK cold atoms through PGC
assisted with an optical lattice. MHCS-BO inherits the merits
of BO, enhances the prediction accuracy, and accelerates the
optimization of experimental parameters. Compared to BO,
MO, and grid brute-force search, MHCS-BO exhibits signifi-
cant superiority in rapidly predicting optimal experimental pa-
rameters. Within 15 minutes of optimization, the temperature
of atoms in the 780-nm optical lattice is 0.4±0.2 µK with an
atomic number of 108. For the first time, hundreds of millions
of cold atoms close to the recoil temperature are created, and it
can be extended to 3D cooling by adding another lattice beam.
One limitation of MHCS-BO, however, is that it cannot find
the complete Pareto frontier in multi-objective optimization
problems. Thus, future iterations could use multi-objective
BO to overcome this limitation. Overall, this study demon-
strates a new scheme to generate high-quality sub-µK cold
atoms, providing insights for initial cooling of cold atom ex-
periments, e.g., BEC, quantum computing, and quantum sim-
ulation.
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233401

[12] Wei C and Kuhn C C N 2018 J. Mod. Opt. 65 1226

100205-6

http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/ae24ef
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/ae24ef
http://dx.doi.org/10.1088/0256-307X/40/9/093101
http://dx.doi.org/10.1088/0256-307X/40/9/093101
http://dx.doi.org/10.1038/23655
http://dx.doi.org/10.1117/1.AP.5.1.016005
http://dx.doi.org/10.1103/PhysRevA.107.042404
http://dx.doi.org/10.1103/PhysRevA.107.042404
http://dx.doi.org/10.1038/s41586-024-07913-z
http://dx.doi.org/10.1038/s41586-024-07913-z
http://dx.doi.org/10.1103/PhysRevLett.67.181
http://dx.doi.org/10.1103/PhysRevLett.119.043001
http://dx.doi.org/10.1364/OE.419854
http://dx.doi.org/10.1364/OE.419854
http://dx.doi.org/10.1103/PhysRevA.106.063111
http://dx.doi.org/10.1103/PhysRevA.106.063111
http://dx.doi.org/10.1103/PhysRevA.84.033610
http://dx.doi.org/10.1103/PhysRevLett.132.233401
http://dx.doi.org/10.1103/PhysRevLett.132.233401
http://dx.doi.org/10.1080/09500340.2018.1429684


Chin. Phys. B 35, 100205 (2026)

[13] Wigley P B, Everitt P J, van den Hengel A, Bastian J W, Sooriyaban-
dara M A, McDonald G D, Hardman K S, Quinlivan C D, Manju P,
Kuhn C C N, Petersen I R, Luiten A N, Hope J J, Robins N P and Hush
M R 2016 Sci. Rep. 6 25890
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