
Article https://doi.org/10.1038/s41467-025-64747-7

Kriging to Kolmogorov-Arnold Network
model accelerated discovery of oxygen
control strategy in lead-based fast reactors

Shiwei Wang1,2, Jiajie Chen1,2, Xiaojing Liu 1,2 , Tengfei Zhang1,2, Xiang Chai1,2,
Qi Lu3, Danhong Shen3 & Hui He 1,2

As a cornerstone of net-zero emission strategies and Gen-IV nuclear technol-
ogies, the commercialization of Lead-based Fast Reactor (LFR) is impeded by
lead-bismuth eutectic (LBE)-induced cladding corrosion. Although active
oxygen control demonstrates promise under laboratory conditions, its long-
term effectiveness under realistic conditions remains uncertain due to multi-
physics interactions and prohibitive computational costs. To address this
challenge, we introduce a high-fidelity and high-accuracy surrogate model,
K2K (Kriging to Kolmogorov-Arnold Networks) with a predictor-corrector
structure combined with a gradient penalty operator, thereby effectively
enhancing model accuracy while mitigating non-physical extrapolations. The
application of K2K enables the identification and localization of cladding
failure mechanisms. Leveraging these insights, we develop a robust and
comprehensive oxygen concentration control strategy, encompassing feasible
concentration ranges and optimal values to support the safe, reliable, and
long-term operation of LFR. Finally, we explore the potential of K2Kmodel for
analyzing multiphysics behaviors in energy systems.

Amidst the escalating global climate crisis1,2, declarations such as “Net
Zero Requires Nuclear Energy” and “Triple Nuclear Energy Declaration”
have been successively endorsed during recent United Nations Climate
Change Conferences3–5. As the demand for nuclear energy intensifies,
the development of fourth-generation (Gen-IV) nuclear technologies has
become a pivotal strategy for mitigating climate change and advancing
sustainable energy systems6–8. Among Gen-IV nuclear technologies, the
lead-based fast reactor (LFR) has garnered significant attention, attrib-
uted to the advantageous properties of lead-based coolants, including
high boiling points, lowmelting points, exceptional heat capacities, and
superior radiation shielding6,9,10. Despite these benefits, the dissolution
and corrosion of steel in lead-bismuth eutectic (LBE) present persistent
challenges, constituting critical bottlenecks for ensuring the long-term
structural integrity and safety of cladding materials11–13.

Active oxygen concentration control has demonstrated potential
in mitigating LBE-induced corrosion by promoting the formation of

protective oxide layers, as evidenced in experimental investigations
and theoretical calculations11,14–20. Oxygen concentration plays a crucial
role in determining the formation of protective oxide layers, with the
oxidation rate closely tied to environmental parameters such as LBE
temperature and flow state12,15,21–23. The requirement for oxygen con-
centration to maintain effective oxidation protection increases con-
siderably with the rise in LBE temperature and flow rate (Fig. 1a, b)12,17.
LBE corrosion experiments indicate that an oxygen concentration in
the range of 1e-6 to 1e-5 wt.% confersmeasurable benefits inmitigating
corrosion under specific experimental conditions21,22,24. Corrosion
theories based on the oxide stability and contamination conditions
provide the oxide stability boundary, serving as a guideline for oxygen
control14. However, under actual LFR operating conditions, the com-
plex interplay of LBE-induced corrosion, fuel performance, and cool-
ant flow leads to notable deviations between the theoretical oxide
stability boundary and cladding safety boundaries25,26. Recent
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multiphysics coupled simulations capture signs of this deviation,
where oxidation corrosion-induced heat transfer degradation and
thermal feedback lead to increases in cladding peak temperature,
strain, and oxide layer thickness26,27. The deviations in oxygen con-
centration boundaries, driven by the nonlinear coupling of multi-
physics fuel performance parameters, highlight the limitations of
existing oxygen control strategy in capturing the dynamic and multi-
faceted nature of real operation scenarios. Addressing this challenge
necessitates an oxygen control strategy for LFR that is informed by
multiphysics fuel performance models and accounts for the full
spectrum of operating conditions. Such a strategy represents a crucial
step toward bridging the gap between corrosion protection theories
and the operational safety requirements of LFR systems.

Reproducing reactor-like conditions, encompassing neutron
irradiation, fission gas pressure, and non-uniform axial heat sources,
presents substantial challenges in experimental settings, making
multiphysics coupling techniques critical for reconciling differences
between experimental conditions and operational environments.
Recent advancements, such as the development of multiphysics ana-
lysis codes for LFR cladding, exemplified by COMMA (Cladding Oxi-
dation/Corrosion Multiphysics Modeling and Analysis), have
successfully captured the spatiotemporal and multiphysical non-
uniformity of cladding performance26. However, multiphysics cou-
pling approaches for fuel performance remain computationally

prohibitive. Key steps, including the solution of constitutive equations
and iterative interactions across physical fields, make the exhaustive
verification of oxygen concentration strategies under diverse operat-
ing conditions exceedingly time-consuming. Given the computation
time of 15–20 h per case, the available sample data is limited to the
scale of several hundred. To address this bottleneck, a surrogate
model capable of providing high-fidelity predictions from limited
sample data is indispensable. Such a model should facilitate efficient
exploration of the operational parameter space without compromis-
ing accuracy. However, the constraints imposed by small datasets
present a formidable barrier to advanced artificial intelligence algo-
rithms, such as long short-term memory networks, gated neural net-
works, and transformers, which are prone to overfitting and instability
under data-scarce conditions28,29. While Physics-Informed Neural Net-
works (PINN) and Deep Operator Networks (DeepONet) inherently
satisfy high-fidelity requirements, the extensive semi-empirical for-
mulations, grid mappings, and complex coupling relationships in
multiphysics analyses introduce formidable challenges to network
construction and training30–32. Thus, based on the current experience
with model training under limited dataset in the energy sector, this
study focuses on improving the predictive accuracy of foundational
models, including Kriging, Multi-Layer Perceptrons (MLP), and
Kolmogorov-Arnold Networks (KAN), aiming to achieve a balance
between robustness and fidelity33–39.

Fig. 1 | Limitations of existing experiment-oriented oxygen control strategies
and conceptual framework for establishing a safety-oriented oxygen control
strategy in LFR. Key experimental results with corrosion duration exceeding
1000h are presented in a, b, with marker colour representing oxide layer
thickness11. a Existing oxygen control strategy for LFR are based on the oxidation
corrosion theory, since the bioxide layer plays a crucial role in protecting nuclear
fuel rod from LBE corrosion. The oxygen control window is defined by the red and
blue curves, calculated from equations (S49) and (S50) in Supplementary Note B.
The red curve denotes the threshold above which lead oxide deposition occur,
while the blue curve represents the minimum oxygen concentration required for
magnetite stability. However, experimental findings reveal that oxidation protec-
tion failure (represented in dark blue points) and excessive oxide layer growth

(represented in dark red points) may occur even within the recommended oxygen
concentration range11. Additionally, the oxygen concentration required for oxida-
tion protection increases significantly with rising temperatures11,14–17. b Liquid LBE
flow corrosion experiments have demonstrated a thinning of the oxide layer with
increasing flow velocity11. Given the non-uniformity of temperature and flow velo-
city distributions within the reactor core, oxygen control strategies should account
for the full spectrum of key operating conditions. c By constructing the K2K sur-
rogate model, predictions of fuel performance across the primary design domain
are achieved using a limited dataset. The K2K predictions enable the identification
and localization of cladding failure modes. Additionally, KAN facilitates the deri-
vation of a formalized optimal oxygen concentration control strategy.
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Essentially, the surrogate model in this context serves as a solver
to multiphysical constitutive equations. Drawing inspiration from
predictor-corrector methods commonly employed in differential
equation solvers, the Kriging to KAN (K2K) surrogatemodel integrates
Kriging for prediction and KAN for correction. A comprehensive eva-
luation of Kriging, MLP, KAN, and K2K models across metrics such as
predictive accuracy, data efficiency, model capacity, hyperparameter
complexity, and non-physical predictions demonstrates the clear
superiority of K2K in scenarios with limited data availability. Further-
more, inspired by the discretization schemes in differential equation
solvers, a gradient penalty operator is incorporated into the K2K
loss function, effectively suppressing non-physical artifacts and
enhancingmodel robustness. To further reducedata requirements,we
introduce a two-stage adaptive sampling strategy tailored to the K2K
framework.

Utilizing the K2K model in place of traditional multiphysics fuel
performance analyses, we perform high-density predictions and fea-
sibility assessments across the operational parameter domain (Fig. 1c).
K2K effectively captures the nonlinear degradation of cladding per-
formance arising from coupled effects of oxygen concentration and
operating conditions. Building on these predictions, we identify the
cladding failure boundaries encompassing oxidation protection fail-
ure, cladding thickness failure, and cladding overheating. and establish
the optimal oxygen concentration determined by maximizing safety
margins, offering a robust guideline for operational safety. Using KAN
networks, expressions for oxygen boundaries are further derived.
Leveraging the high-fidelity predictions of K2K, we develop a com-
prehensive oxygen concentration control strategy, delineating feasible
ranges andoptimal values across theprimary operational space of LFR.
This strategy serves as a critical reference for the design and safe
operation of LFR systems, bridging theoretical analyses with practical
implementation.

Results
Surrogate modelling for COMMA via K2K
Due to the high-temperature and high-radiation environment inside
the reactor during operation, the fuel pellets undergo physical pro-
cesses such as irradiation swelling, thermal deformation, densification,
fission gas release, etc. The cladding performance is influenced by
irradiation-induced elongation, thermal deformation, Fuel-Cladding
Chemical Interaction (FCCI), LBE-induced corrosion, etc. However,
out-of-reactor experiments can only account for LBE-induced corro-
sion and thermal deformation. COMMA, a comprehensive multi-
physics fuel performance program for LFR, incorporates all these
effects in a coupled manner to ensure the safety of LFR fuel rods26.
Therefore, we select COMMA as the benchmark model for this
research. However, to achieve multiphysics coupling solutions,
COMMA employs regression mapping algorithms, Newton-Raphson
iterations, and advanced numerical methods for solving partial dif-
ferential equations, such as staggered grid technique, finite element
analysis, andfinite volumemethods,whichmake its computation time-
consuming. To replace COMMA, the K2K model is developed and
trained following the workflow outlined in Figure. S1.

Input and output parameters of K2K. Drawing upon the design
parameters of the typical lead-based fast reactor ELSY and CLEAR
(Table S1)6,40,41 and a sensitivity analysis (Table S2), oxygen con-
centration, linear power, and coolant flow rate are selected as K2K
inputs (Table S3). In alignment with safety design criteria, ten output
parameters are identified for the K2Kmodel, encompassingmaximum
cladding thickness reduction, internal gas pressure, maximum clad-
ding axial strain, maximum pellet radial strain, peak cladding tem-
perature, peak pellet temperature, average magnetite layer thickness,
minimum magnetite layer thickness, average spinel layer thickness,
and minimum spinel layer thickness42,43.

K2K development
By analyzing and comparing the performances of Kriging, MLP, and
KAN (detailed in Supplementary Note C), and considering the char-
acteristics of the oxygen control strategy search problem, the K2K
model is constructed. Inspired by the predictor-corrector methods
used in differential equation solving, the K2K model, as illustrated in
Fig. S2g, employs a predictor-corrector structure. In K2K, Kriging is
employed to generate initial output predictions, and KAN is used to
correct the Kriging predictions. The final output of K2K is the sum of
Kriging estimation value and KAN correction value. This structure
enables the K2Kmodel to combine the high fidelity of Kriging with the
high capability of KAN, effectively leveraging the strengths of both
components. During the training process of K2K, we employ a data
trimming technique to ensure that Kriging accurately captures the
overall trendswhilemitigating the impact of error noise introduced by
dense sampling. A gradient penalty term, as defined in Eq. (1), is
incorporated into the loss function to steer K2K predictions away from
non-physical predictions.

Gradient penalty=
ð y!2 � y!1Þ � ð ^y!2 �

^
y!1Þ

x!2 � x!1

������
������� sign

ð y!2 � y!1Þ � ð ^y!2 �
^
y!1Þ

y!2 � y!1

������
������� γ

0
@
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Performance testing of K2K. To evaluate K2K’s performance, com-
parative tests are conducted using an initial sampling dataset calcu-
lated by COMMA. K2K is benchmarked against Kriging, MLP, and KAN
acrossmultiplemetrics, includingmodel accuracy, data requirements,
model capacity, training speed, hyperparameter tuning complexity,
and non-physical predictions (Fig. S2). During the comparative tests,
hyperparameter optimization based on NSGA-II is employed
(Table. S4), aiming to reduce the influence of manual hyperparameter
selection. TheMSE of the comprehensive error is used to compare the
accuracy of different models.

In the 50-point training and testing, the minimum Mean Squared
Error (MSE) achieved by K2K is 40.3 with 95% confidence interval
(CI) = [39.41, 42.40]. The initial accuracy of K2K is relatively high due to
the utilization of the Krigingmodel, being only slightly lower than that
of the original Kriging model. This is primarily attributed to the sig-
nificant overfitting of KAN when the number of data points is limited.
With the implementation of KAN for correction, the model error
decreases rapidly as the number of data points increases. After
reaching 35 data points, K2K emerges as the optimalmodel among the
evaluated four models. At the end of training, K2K achieves a 44% and
9% reduction in error levels compared to MLP and KAN, respectively.
Throughout the training process, the computational cost of K2K is
approximately 2.3 times that of MLP and 1.1 times that of KAN. Owing
to the rapid training efficiency of Kriging, the computational cost of
K2K remains comparable to that of KAN. As for the K2K predictions,
there are only <1% non-physical results (95% CI = [0.75%, 1.18%]), which
are defined by any anomalous fluctuation and inconsistency in the of
multiphysics parameters (Supplementary Note H). In summary, by
combining the high fidelity of Kriging with the high capability of KAN
through the predictor-corrector framework, K2K demonstrates
superior model capacity and fidelity, enabling higher accuracy with
smaller data requirements.

The advantage of K2K lies in its complementary predictor-
corrector structure, which not only overcomes the limitations of Kri-
ging accuracy but also alleviates KAN’s tendency to overfit. Specifi-
cally, Kriging establishes an overall perception of the design domain,
capturing the preliminary trends of parameter variations. However, it
struggles to capture detailed fluctuations. By utilizing the prediction
errors from Kriging to train KAN, K2K can effectively capture the
complex patterns of parameter fluctuations, enabling precise correc-
tion of Kriging’s errors. Benefiting from the strong capability of KAN, a
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small K2K configuration can achieve high accuracy without requiring a
large amount of data points. Additionally, the complex structure of the
error dataset can mitigate the risk of overfitting during KAN training.
Figure 2 provides a more intuitive display of these advantages.

Accuracy of the trained K2K. In K2K, Kriging can provide a prior
estimate of prediction errors. KAN, functioning as the correction
function for Kriging, is also capable of error prediction. The self-error
estimation feature of K2K facilitates guidance of adaptive sampling,
enabling efficient improvements in model accuracy. Thus, based on
the characteristics of K2K, we construct a two-stage adaptive sampling
strategy to optimize the selection of supplementary sampling loca-
tions. As shown in Fig. 3a, after 385 iterations of adaptive sampling, the
integrated MSE for the training and testing datasets decreased to 0.2
and 2.3, respectively,meeting the target accuracy of 0.2. The initial 270
iterations correspond to the first sampling stage, where theMaximum-
Minimum Distance (MD) and MSE criteria are employed to guide the
adaptive sampling, thereby enhancing the global predictive capability
of K2K. TheMDcriterion focuses on the spatial filling characteristics of
the data points (calculated as shown in Eq. 2), whereas the MSE cri-
terion serves as one of the most effective guides for reducing Kriging
errors. At the start of adaptive sampling, the sparsity of the initial data
constrains Kriging’s capacity to capture trends. Consequently, theMSE
criterion dominated the early iterations of the first stage. As the

supplemental sampling in the major high-error regions concludes, the
influence of the MD criterion increases. After reaching 97 iterations,
themodel transitions into amore stable error reduction trendwithMD
criterion dominated. The low decay rate of MD also indicates the
effectiveness of adaptive sampling for space filling in the first stage.
Thus, in the first sampling stage, error reduction follows a hyperbolic
trend.

MD= max
S= 1, 2, :::

mini, j = 1, 2, :::

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð~xðiÞ �~xðjÞÞ 2

r� �� �
ð2Þ

The remaining 115 iterations correspond to the second sampling
stage,where the sampling strategy is basedon theMaximumpredicted
Error (ME) criterion and an improved Expected Improvement (EI) cri-
terion. The ME and EI criterion are chosen to guide the adaptive
sampling, thereby enhancing the prediction accuracy of K2K in high-
complexity local regions. As illustrated in Fig. 3, the additional sam-
pling points in this stage are concentrated in regions with low oxygen
concentration or low flow rates, where cladding corrosion behavior
exhibited heightened complexity. The increased dataset size induces
evolutions in the hyperparameter search outcomes for the optimal
KAN structure (from3-4-10 to 3-2-4-10), leading to amore rapiddecline
in MSE during the later iterations of the second stage. Meanwhile,

Fig. 2 | Data sensitivityofKriging and advantagesof theK2Kmodel. aToclearly
demonstrate the sensitivity of Kriging to data volume, Kriging is trained with
dataset volume expanded incrementally from 50 to 400. Across varying prediction
parameters, Kriging consistently exhibits instances of error escalation with
increasing dataset volume. b, c The error escalation phenomenon in Kriging is
further examined using peak cladding temperature datasets. As the dataset volume
increases from 300 (b) to 400 (c), newly added data introduces local distortions
and leads to overfitting in the surface predictions. Compared to theoriginal Kriging
model, the predictor-corrector framework and data trimming strategy in K2K
mitigate these issues, enhancing both prediction accuracy and fidelity. d–f Taking
the peak cladding temperature as an example, wedemonstrate the complementary
roles of Kriging and KAN in the K2K prediction process and the K2K outputs. The
error distribution is illustrated in the xy-plane projection, where darker colors

indicate larger errors. d Initially, the Kriging predictor is trained on the original
dataset. Through data trimming, a Kriging model with correct global trends and
moderate overall predictive accuracy is achieved. As influenced by the true func-
tion’s behavior, the error distribution exhibits localized concentrations.
e Subsequently, the KAN corrector is trained using the error dataset. The KAN
effectively captures the complex surface of error distribution, addressing the
overlooked details in Kriging’s predictions. f Finally, the combined output of the
K2K model, integrating Kriging prediction and KAN correction, produces smooth
functional trends with minimal errors. The resulting predictions demonstrate high
fidelity, free from significant error concentrations oroverfitting artifacts. Inb–f, the
coloring of the surface plots is based on the corresponding y-axis variable and
shares a consistent parameter range.
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benefiting from the balance between global and local exploration
provided by the EI criterion, the decay rate ofMD remains around 7e-4
per point in the second stage. No significant oversampling is observed
during the second stage (Fig. S3b, c). By the conclusion of training, the
maximum prediction error of K2K does not exceed 4.8, significantly
lower than the modeling error of COMMA (Table S5). Furthermore,
errors are uniformly distributed across the design domain (Fig. S3b, c).
No signs of model overfitting in densely sampled regions or localized
error surges resulting from insufficient data coverage are detected.
Benefiting from the gradient penalty operator, within the design
domain, K2K’s predictions of oxide layer thickness aligns precisely
with the trends identified using COMMA (Fig. S4–S5)26. Additionally,
the K2K predicted variation trends in temperature, strain, and gas
pressure closely align with the original coupled physical relationships,
demonstrating comparable consistency (Fig. S6–S8). K2K predictions
revealed no evidence of non-physical behavior within the design
domain. These results affirm that the trained K2K model serves as a
high-fidelity and high-accuracy surrogate for COMMA within the spe-
cified design domain.

To further assess the robustness of the trained K2K model, stra-
tified 10-fold cross-validation and adversarial testing are conducted.
During cross-validation, prediction errors across different folds exhibit
minimal variation, with the maximum fluctuation in MSEtotal not
exceeding 0.033 for the training set and 0.22 for the testing set
(Fig. S9). In the adversarial testing, under the maximum allowable
input perturbation ϵ= ½0:05, 0:005, 0:005�, the resulting output
deviation remains within 5% of the original prediction error of K2K
(Fig. S10). Additionally, an independent validation set comprising 62
samples is generated using the EI and ME criteria in combination with
an improved LHS method to examine the model’s susceptibility to
overfitting. To evaluate the extrapolation capability, an extreme con-
dition set is constructed by expanding input parameters by 10-15%.
Results show that the MSEtotal for the independent validation set and
the extreme condition set are 2.1 and 3.4, respectively, indicating that
the model demonstrates satisfactory generalization and certain
extrapolation capability. The detailed testing process of K2K’s
robustness is provided in Supplementary Note F.

Optimal concentration and cladding failure boundaries
Leveraging the high-fidelity and high-accuracy predictions of LFR fuel
performance from trained K2K, oxygen concentration control
boundaries in discrete form (Fig. S11) are identified through an initial
rough estimation followed by precise localization, with a maximum

error of 1e-4 lg.wt.%. These boundaries encompass cladding failure
boundaries, feasible oxygen concentration ranges, and optimal oxy-
gen concentrations. The cladding failure boundaries are identified by
the conservative safety limits that incorporate both prediction errors
of K2K and model errors of COMMA (Table S5). Based on cladding
failure boundaries, feasible oxygen concentration ranges are estab-
lished. The optimal oxygen concentration for various operating con-
ditions is determined by iteratively approaching the maximum safety
margin using a bisectionmethod. Furthermore, oxygen concentration
boundary formulas, constituting the final oxygen concentration con-
trol strategy, are derived from theK2Kpredictions using KANnetwork.
The process of searching for and establishing the oxygen concentra-
tion control strategy is illustrated in Fig. S12.

Oxygen concentration control strategy. The KAN network achieves
an accuracy with R2 greater than0.95 andMSE not exceeding 5.7e-4, as
shown in Fig.S13 and Table S6. In the 10-fold cross-validation, the
maximum error fluctuation of the KAN network does not exceed 5.7e-
5, demonstrating good robustness. The six oxygen concentration
boundary formulas generated are 81-term polynomials of linear power
p and flow rate v (Table S7), with the highest powers of linear power
and flow rate being 8 and 16, respectively. After formula structural
transformation, the oxygen concentration boundary formula can be
calculated as follows,

P =
p

10kW=m ð3Þ

V =
0:5 � v+ 1

m=s

� �2

ð4Þ

K4× 1 =D4× 3

P
V
1

0
B@

1
CA ð5Þ

O4× 1 =L4× 5 �
K4× 1

1

� �2

5× 1

ð6Þ

CO = k �
X4
i= 1

miOi +n

 !
lg:wt:% ð7Þ

Fig. 3 | Training process and error distribution of the K2K model. a During the
two-stage adaptive sampling process employed for training the K2K model, the
training and testing errors are represented by the purple and pink curves,
respectively. The overall error of the K2K model exhibited a rapid decline in the
early stages, followed by a gradual stabilization. The brown-yellow curve illustrates
the slow decline of the MD value, indicating a well-distributed spatial arrangement
of the sampling points. Based on the predefined MD value requirement, the MD
value drops to 0.099 after the training dataset reaches 321 sampling points,

indicating that the adaptive sampling enters the second stage. The first and second
stages of adaptive sampling are indicated by light pink and purple-pink back-
grounds, respectively. At the end of the first stage, the integrated MSE for the
training and testing datasets is 2.6 and 11.8, respectively. The spatial distribution of
errors in the trainedK2K is visualized through projections of oxygen concentration
versus linear power (b) and oxygen concentration versus flow rate (c). Within the
design domain, the error distribution remains uniform and does not exceed 5.0,
with no discernible trends.
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Where P is the non-dimensional linear power and V is the non-
dimensional flow rate.D4 ×3 andK4× 1 are the input projection matrix
and oxygen concentration factor, respectively. L4× 5 andO4× 1 are the
oxygen boundary coefficient matrix and oxygen concentration
coefficient, respectively. k and n are correction factors, and mi is a
sign coefficient taking values of +1 or −1. Tables S8 and S9 provide the
values of D4×3, L4× 5, k,n, and mi for the six oxygen concentration
boundaries. The detailed formula simplification and computational
procedures are provided in Supplementary Note G. Equations (3–7)
enable the calculation of corresponding failuremodes, feasibleoxygen
concentration ranges, and optimal oxygen concentrations based on
selected operating conditions. Thus, Eqs. (3–7) constitute an oxygen
control strategy for LFR that ensures long-termcladdingdurability and
operational safety under specified conditions.

Boundary formula analysis. In Fig. S14, an analysis of the term
importance in the original 81-term polynomial form of oxygen con-
centration boundary formulas is presented. The oxygen concentration
boundary formulas generated by K2K and KAN exhibit several char-
acteristics consistent with physical phenomena: (1) Flow rate exhibits a
higher power than linear power; however, the contribution of high-
power flow rate terms is relatively small. This is due to the dominant
influence of linear power, while flow rate primarily modulates more
nuanced aspects of cladding behavior. (2) A comparison between
Fig. S14a–c and S14d–f indicates that the dominant terms for the upper
and lower oxygen concentration limits, as well as the optimal oxygen
concentration, involve higher orders than those of cladding failure
boundaries. This is because the upper and lower oxygen concentration
limits are constrained by varying failure mechanisms across distinct
operating scenarios, resulting in complex, non-linear transition
boundaries between these regions. (3) The terms contributing most
significantly to the boundary formulas are predominantly associated
with linear power. This aligns with the greater sensitivity of fuel per-
formance to linear power compared to flow rate, as evidenced in
Table S2. These findings underscore the interpretability and physical
consistency of oxygen concentration boundary formulas, which
effectively capture the interplay between linear power, flow rate, and
oxygen concentration boundaries.

Applicability testing of boundary formulas. The applicability range
of the derived oxygen concentration boundary formulas is evaluated
using COMMA. Employing the fallback stepwise validation methodol-
ogy detailed in Supplementary Note D, a recommended usage range
for Eqs. (3–7) has been established, ensuring prediction errors remain
below ±0.01 lg.wt.% (Table S10). In terms of application beyond the
design domain, the boundary formulas demonstrate a robust toler-
ance of up to ±6 ~ 7% for variations in geometric parameters, such as
inner pellet diameter, outer pellet diameter, gap size, and cladding
thickness. In contrast, due to the direct impact of lattice pitch and
coolant inlet temperature on heat transfer, the tolerance for variations
in these parameters is limited to ± 2% and ±3%, respectively. For
allowable errors of 0.03 and 0.1 lg.wt.%, the permissible variation
ranges for fuel geometric parameters can reach up to 11% and 14%,
respectively (Table S11). Validation through COMMA shows that the
surrogatemodel errors affect the optimal oxygen concentration by no
more than 0.5%. Equations (3–7) demonstrate strong extrapolation
capability in regions adjacent to the design domain boundaries.

Patterns of fuel performance captured by K2K
Since the oxygen control strategy is derived from the outputs of K2K,
which is trained without incorporating explicit physical principles, the
preceding validation and discussion analysis are conducted solely
from a numerical perspective. To provide further insight, we present a
detailed examination of the intricate variations in fuel performance
within the operating domain, based on K2K predictions. Particular

emphasis is placed on key parameters, including oxidation corrosion,
cladding temperature, deformation, and gas pressure. These analyses
aim to guide the selection of operating conditions that optimize the
economic efficiency of LFRwhile ensuring safety. The variations in fuel
performance as a function of operating condition is illustrated in
Figs. 4 and S15. Further detailed analyses, from the perspective of fuel
performance, are included in Supplementary Note E.

Parabolic influence of oxygen concentration induced by corrosion
mode transition. Oxygen concentration serves as a decisive factor of
cladding corrosion performance. A dual-layer oxide film, consisting of
an outermagnetite layer and an inner protective spinel layer, forms on
the cladding surface in oxygenated LBE. The effect of oxygen con-
centration manifests predominantly through its regulation of oxide
layer thickness (Fig. 4a, b). As illustrated in Figs. 4c and S5, at low
oxygen concentrations, the oxidation rate is insufficient to counteract
the reductive removal effect of LBE, resulting in oxide layer penetra-
tion and the failure of oxidation protection. Complete coverage of the
cladding substrate by the spinel layer is achieved only when oxygen
concentrations reach approximately 4e-8 wt.%. With further increases
in oxygen concentration, the oxygen diffusion rate, oxidation rate, and
corrosion inhibition removal all intensify, transitioning the corrosion
mode toward oxidation-dominated behavior. Consequently, oxide
layer thickness exhibits a parabolic growth pattern with increasing
oxygen concentration. The most significant influence of oxygen con-
centration on the oxide layer occurs in the range of 1.8e-9 to 1.0e-7
wt.%, accounting for approximately 80% of the total effect. Beyond the
oxygen-dominated concentration threshold, the surface becomes
oxygen-saturated, and further increases in oxygen concentration pri-
marily affect the oxygen diffusion process, slowing the increment of
oxide layer growth at higher concentrations. Due to the transition of
corrosionmode fromoxide removaldominated tooxidation corrosion
dominated, the variation rate of oxide layer thickness becomes more
pronounced at low oxygen concentrations. As a result, fuel perfor-
mance parameters exhibit higher sensitivity to oxygen concentration
under low oxygen conditions.

As oxide layer thickens, heat transfer efficiency declines, leading
to an increase in peak cladding temperature. In turn, the rising tem-
perature accelerates the corrosion rate, establishing a positive feed-
back loop. As shown in Fig. 4, peak cladding temperatures exhibit a
parabolic trend as oxygen concentration increases. Under the com-
bined effect of the heightened oxidation corrosion and enlarged
thermal strain, the cladding axial strain also follows a parabolic
increasing trend as oxygen concentration rises. Similarly, rising tem-
peratures elevate gap gas temperatures, while deformation-induced
gap volume reductions result in parabolic growth of gap gas pressure
with increasing oxygen concentration. For instance, at a linear power
of 23 kW/m and a flow rate of 1m/s, when the oxygen concentration
increases from 1.8e-9 to 4.0e-6 wt.%, the cladding peak temperatures,
cladding axial strain, and gas pressure increase by 10.5 K, 12.3%, and
2.1%, respectively. However, as the oxygen concentration rises further
to 1.3e-4 wt.%, the corresponding increments diminish to 1.2 K, 1.9%,
and 0.5%. These findings highlight the K2K model’s capability to pre-
cisely capture the parabolic influence of oxide layer growth and its
cascading effects across multiple physical fields, offering valuable
insights into the coupled dynamics of corrosion, heat transfer, and
mechanical deformation in LFR systems.

Sensitivity of linear power impact to oxygen concentration. Linear
power, as a critical determinant of total fuel heat generation, exerts its
primary influence on fuel performance through its effect on tem-
perature. As linear power increases, the peak cladding temperature
rises significantly (Fig. 4d). This temperature elevation, coupled with
the deterioration of heat transfer caused by oxide layer growth,
amplifies cladding corrosion, leading to a mutually reinforcing effect.
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Consequently, the influence of linear power exhibits a dependence on
oxygen concentration. In the lowoxygen concentration range of 1.8e-8
to 4.0e-7 wt.%, oxide layer thickness remains relatively minimal, and
the mutual amplification effect is not prominent. Within this range,
cladding temperature is jointly governed by both oxygen concentra-
tion and linear power. By contrast, in the higher oxygen concentration
range of 4.0e-7 to 1.3e-4 wt.%, oxide layer growth accelerates with
increasing linear power, resulting in an approximately linear relation-
ship between cladding temperature and linear power. As linear power
rises, the oxygen-dominated concentration also increases, elevating
the steady-state oxidation rate. Near the oxygen-dominated con-
centration, the mutual amplification effect becomes most pro-
nounced. For instance, as linear power increases from 15 to 30 kW/m,
the oxygen concentration influence zone expands by up to 21%. Fur-
thermore, at low oxygen concentrations, the oxidation removal rate
exhibits heightened sensitivity to temperature, leading to an expan-
sion of the oxidation protection failure region (Fig. 4c). Similarly,
cladding axial strain and fission gas pressure both increase with rising
linear power (Fig. 4e, f). Given the strong correlation of cladding
thermal deformation and fission gas release with temperature, axial
strain and fission gas pressure distributions closely mirror the tem-
perature profile as linear power increases.

Oxygen concentration dependence of flow rate impact. Coolant
flow rate predominantly influences element diffusion and heat trans-
fer, exhibiting a distinct dependence on oxygen concentration. At low
oxygen concentrations, the cladding surface contains an excess of

iron, and an increased flow rate facilitates the removal of this excess,
thereby enhancing the oxidation removal rate. In contrast, at high
oxygen concentrations, the cladding surface becomes saturated with
oxygen, and the limiting factor for oxidation rate is the element dif-
fusion rate on the solid side. Consequently, the impact of flow rate is
more pronounced at low oxygen concentrations and diminishes sig-
nificantly at higher oxygen concentrations, demonstrating a clear
oxygen concentration dependence (Fig. S15).

The enhanced oxidation removal rate at low oxygen concentra-
tions also leads to a notable increase of up to 20% in the oxygen
concentration required to prevent oxide layer penetration (Fig. S15c).
Additionally, at low oxygen concentrations, the intensified flow rate
exacerbates corrosion-induced cladding thinning, resulting in a
reduction in peak cladding temperature, which also causes a slight
increase in cladding axial strain and fission gas pressure due to the
thermal-mechanical coupling (Fig. S15e, f).

Physical interpretation and analysis of oxygen concentration
control strategy
Building upon the detailed physical interpretation of the K2K predic-
tions, we provide an analysis regarding the trends and positions of the
oxygen concentration boundary formulas within the oxygen control
strategy. This analysis aims to identify the critical factors influencing
boundary behavior under diverse operating conditions, enabling the
detection of potential vulnerabilities in the LFR design. These insights
provide a valuable reference for optimizing reactor performance and
extending the operational lifespan of LFR systems.

Fig. 4 | Prediction of fuel performance parameters using K2K at a flow rate of
1.5m/s. K2K is employed to predict the variation of fuel performance parameters
within the design domain as a function of linear power and oxygen concentration.
The upper, lower, and middle doted lines denote the oxygen concentration upper
and lower limits determined by conservative safety limits and the optimal oxygen
concentration derived for maximum safety margins, respectively. To clearly
represent the range of parameter values, the contour values are not evenly spaced.
a, b The average thicknesses of magnetite and spinel layers illustrate the evolution
of cladding corrosionmodes under varying operational conditions. Understanding
cladding corrosion modes is critical for discerning the trend of multiphysics fuel

performance parameters. c The minimum spinel layer thickness serves as an indi-
cator of oxidation protection failure, thereby defining the lower oxygen con-
centration limit. d The cladding peak temperature is related to the identification of
cladding overheating, which determines the upper oxygen concentration limit.
e, f The cladding axial strain and the gas pressure provide guidance for mitigating
failure risks. The similar trends observed in (a, b) are attributable to the dual-layer
oxidationbehavior of the cladding,while the strong resemblancebetween (d and e)
arises from the dominant influence of thermal deformation. These correlations
highlight the high fidelity and accuracy of K2K in capturing the true physical
characteristics of LFR fuel performance.
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Cladding failure locations and trends. Cladding thickness failure
occurs near saturation oxygen concentrations. As shown in Fig. S13d, a
reduction in flow rate and an increase in linear power lead to elevated
cladding temperatures and accelerated oxidation corrosion, thereby
expanding the regions of cladding thickness failure. Oxidation pro-
tection failure emerges when the oxide layer removal rate surpasses
the oxidation rate at low oxygen concentrations (Fig. S13e). A decrease
in flow rate prolongs the diffusion time of elements, resulting in a
linear contraction of the oxidation protection failure region with
reduced flow rates. Due to the transition in corrosion modes and the
parabolic nature of oxidation corrosion, the oxidation protection
failure boundary exhibits a three-stage increase as linear power rises.
Since higher linear power corresponds to greater heat flux, cladding
overheating cases are distributed in the high-power region of
29–30 kW/m (Fig. S13f). At a linear power of 30 kW/mand a flow rate of
1.0m/s, oxidation protection failure occurs at an oxygen concentra-
tion as low as 1.2e-7 wt.%.

Reduction and upward shifting of feasible oxygen concentration
rangewith operating conditions. As shown in Fig. 5a, the upper limits
of oxygen concentration under different operating conditions can be
categorized into three regions, constrained by the solubility limit of
lead oxide, cladding thickness failure, and cladding overheating,
respectively.With increasing linear power, cladding temperature rises,
intensifying oxidation corrosion, and resulting in a progressive decline
of the upper limit by up to 58% in Region A.II, followed by a rapid and
steep reduction in Region A.III. Similarly, the lower oxygen con-
centration limits are divided into two regions, determined by oxide
stability and oxidation protection failure. Influenced by flow rate and
linear power, which govern element distribution and oxidation
removal rates, the lower limit in RegionB.II increases by approximately
2.3e-8 wt.% as flow rate and linear power rise (Fig. 5b).

Consequently, the feasible oxygen concentration range narrows
with increasing linear power and decreasing flow rate. As depicted in
Fig. 5, operating conditions that fully satisfy the initial oxygen con-
centration range are confined to region C.I, characterized by low linear
power and high flow rate. Enhanced flow rates improve heat transfer
and oxidation removal rates, causing the oxygen concentration range
to shift upward (Fig. 5d). However, higher linear power results in a
contraction of the feasible range by up to 58% (Fig. 5e). Even under the
design condition, the usable oxygen concentration range shrinks by
approximately 22%. This deviation from the ideal scenario can be
attributed to non-uniform cladding temperatures and the complex
interactions between multiple physical phenomena.

Stability of optimal oxygen concentration across varying opera-
tional conditions. The optimal oxygen concentration typically lies
below the oxygen-dominant concentration within the design domain,
ranging from approximately 4.1e-7–2.3e-6 wt.%. Corresponding to the
regions defined by the upper and lower limits of oxygen concentra-
tion, the distribution of optimal oxygen concentration can be cate-
gorized into four main regions (Fig. 5c). The optimal oxygen
concentration exhibits a slight increase with rising flow rate and linear
power (Fig. 5f). At high linear powers, the risk of cladding overheating
failure sharply increases due to the positive temperature feedback
from oxide layer growth under high oxygen concentrations. After the
linear power rises to approximately 29 kW/m, a decrease in theoptimal
oxygen concentration is observed. By restricting linear power to the
range of 21–27 kW/m, the optimal oxygen concentration can be
maintained within the range of 3.9e-7–1.2e-6 wt.%. Considering the
precision limits of current oxygen sensor technology44,45, this suggests
that a single optimal oxygen concentration control can effectively
encompass a broad operational range, thus simplifying operational
management.

Fig. 5 | Oxygen control strategy involving oxygen concentration limits and
optimal oxygen concentration under different operating conditions. a–c The
spatial distributions of the upper limit, lower limit, and optimal oxygen con-
centration are illustrated using color-coded surfaces. Based on distinct constraints,
the upper limit, lower limit, and optimal oxygen concentration are categorized into
3, 2, and 5 regions, respectively, as depicted in the projection on the xy-plane.dThe
influence of flow velocity on the oxygen control strategy is demonstrated using a
sequence of linear power values of 15, 20, 25, and 30 kW/m. As operational con-
ditions vary, the width of the feasible oxygen concentration range decreases from

4.8 to 2.0 lg.wt.%. The arrows in d–f indicate the trend of oxygen concentration
boundary changes as the parameters increase. e The impact of linear power on the
oxygen concentration limits is shown for flow velocities of 1.0, 1.3, 1.6, and 2.0 kW/
m. With changes in operational conditions, the upper oxygen concentration limit
decreases by a maximum of 1.8 lg.wt.%, while the lower oxygen concentration limit
increases by a maximum of 1.5 lg.wt.%. f The variation of the optimal oxygen con-
centration under characteristic flow velocities and linear powers is presented. By
restricting linear power and flow velocity, the width of the optimal oxygen con-
centration range can be constrained to only 0.4 lg.wt.%.
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Discussion
Replicating actual operating conditions and evaluating their influence
on fuel performance through experimental methods presents sub-
stantial challenges. Currently, a gap exists between experimental
investigations and practical applications. Although the oxygen control
technology has been demonstrated to mitigate LBE corrosion under
experimental conditions, the long-term performance and lifespan of
LFR fuel rods under actual operating conditions remain unverified. To
ensure the long-term operational safety of fuel rods, the oxygen con-
trol strategy based on the multiphysics fuel performance evaluation
becomes a critical imperative for the commercialization of LFR. The
necessity, complexity, and time-consuming nature of multiphysics
coupling fuel performance calculations have resulted in the oxygen
control strategies for operational conditions remaining in the pre-
liminary stages of investigation. To address these challenges, we
developed an oxygen control strategy for the primary operational
parameter design domain of LFR based on the established K2Kmodel.

To mitigate the high computational cost associated with multi-
physics coupled fuel performance calculations for LFR and to establish
a practical oxygen concentration control strategy, we propose a sur-
rogate model, K2K. The K2K model employs a predictor-corrector
framework, integrating a Kriging-based predictor with a KAN-based
corrector. Comparative analyses with Kriging, MLP, and KAN algo-
rithms underscore the superiority of K2K in addressing small-sample,
high-complexity problems. To ensure physically plausible predictions,
a gradient penalty operator is incorporated during model training. We
implement a two-stage adaptive sampling strategy to efficiently train
the K2K model. Validation against the benchmark model COMMA
confirms the high fidelity and predictive accuracy of K2K.

The advantages of the K2Kmodel primarily stem from several key
features. First, the predictor-corrector architecture of K2K allows dual
utilization of the sample set, significantly enhancing the efficiency of
information extraction from limited data. The Kriging-based predictor
provides robust stability, while the KAN-based corrector refines com-
plex predictive details, establishing a synergistic relationship that
enhances the model’s expressiveness. Second, the K2Kmodel remains
a small-scalemodel. By reducing thenumber ofKANnodes,K2Kavoids
divergence and overfitting caused by an excessive number of trainable
parameters. Third, although there are certain requirements for data-
sets’ features during usage, the gradient penalty term captures the
trend information of physical fields without the need for explicit
physical information, further enhancing the model’s fidelity. To adopt
the K2K algorithm as a general-purpose approach, several aspects of
its construction can be improved. First, the KAN corrector introduces
substantial computational overhead during training, which limits the
overall training speed. Developing a more lightweight yet equally
expressive corrector could alleviate this issue. Second, the Kriging
model demonstrates limited applicability to certain specialized data-
sets, such as those with extreme fluctuations. Adapting the choice of
the predictor to align with dataset characteristics could further
enhance predictive accuracy.

Leveraging the trained K2K model, we identify and localize the
potential failure modes and regions within the operation domain,
including oxidation protection failure, cladding thickness failure, and
cladding overheating. Furthermore, we define the feasible oxygen
concentration range and the optimal oxygen concentration under
different operational conditions. Interpretable oxygen concentration
boundary formulas are derived using the KAN network. Utilizing these
formulas, the corresponding optimal oxygen concentration for selec-
ted operational conditions can be computed, thereby enhancing the
long-term safety margin for LFR operations. In situations where
maintaining stability at the optimal oxygen concentration is challen-
ging, keeping the oxygen concentration within the feasible range
effectively prevents fuel failure and reduces the risk of nuclear

accidents. This studyoffers an effective oxygen control strategy for the
safe and reliable operation of LFR systems.

Finally, by integrating actual physical processes, we conduct a
comprehensive analysis of fuel performance and oxygen control
strategies from the perspectives of corrosion, temperature, defor-
mation, and gas pressure. The results indicate that the influence of
oxygen concentration follows a parabolic trend, suggesting a self-
limiting nature. This inherent characteristic provides a safety buffer
against unstable oxygen control during the initial stages of LFR
operation. The analysis further highlights the synergistic interaction
between linear power and oxygen concentration, demonstrating
that the impact of linear power on fuel performance intensifies at
higher oxygen concentrations. As linear power and flow rate
increase, the feasible oxygen concentration range contracts up to
54%. At low oxygen concentrations, the impact of flow rate on fuel
performance becomes more pronounced. Additionally, higher flow
rates shift the feasible oxygen concentration range towards elevated
oxygen levels.

Under practical operating conditions, the width of the feasible
oxygen concentration range reflects the operational flexibility and
safety margin of the reactor. The above analysis suggests that, by
strategically placing oxygen measurement points and developing
more stable oxygen concentration control technologies, the long-term
operational safety of LFR can be markedly improved. Moreover, while
the feasible oxygen concentration range exhibits significant variation
across different operating conditions, the optimal oxygen concentra-
tion remains relatively stable. This stability within the design domain
suggests that long-term safe operation of LFR can be achieved with
minimal operational intervention through effective oxygen con-
centration control and operating condition design. The proposed
oxygen concentration control strategy provides detailed references
for the design and operation of LFR.

Methods
Multi-physical coupling analysis program COMMA
The multi-physical coupling analysis program COMMA primarily con-
sists of threemodules, comprising the fuel performance solver, the 2D
steady-state LBE flow andmass transfer model named RACER, and the
cladding corrosion module26. The fuel performance solver is a 1.5D
steady-state fuel performance calculation program, incorporating
multiple solvers for neutron physics, temperature field, mechanical
deformation, and fission gas release. In COMMA, to solve the coolant
temperature distribution, flow state, and changes in elemental con-
centrations, the 2D steady-state LBE flow and mass transfer solver
program, RACER, is selected. As for the cladding corrosion module, a
parabolic growth model based on available space model and oxide
removal rate that aligns well with experimental studies has been
selected14,25,46,47.

As shown in Fig. S16a, following the main computational flow of
COMMA, RACER, and the cladding corrosion module are integrated
into the calculation process of fuel performance. Multi-module con-
nections are achieved through internal parameter transfers, andmulti-
physics convergence is obtained through multi-level iterations. In
COMMA, T91 ferritic-martensitic steel is selected as cladding material
for analysis, owing to its favorable high-temperature properties and
demonstrated commercial applicability. COMMA has been rigorously
validated against material corrosion experiments, including COLI-
MESTA, LINCE, CICLAD, CORRIDA, and CIEMAT, as well as fuel per-
formance results calculated by FEMAXI-SCI-1. The relative errors
remain below 3%, confirming the reliability of COMMA as a reference
standard for this study19. The detailed calculations of COMMA can be
referred to Supplementary Note A. The reference case for oxygen
concentration strategy search is provided in Table S1, derived from
typical LFR, such as ELSY and CLEAR6,40,41.
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Training of the K2K model
The K2K training process is systematically divided into three stages,
including initial dataset construction, initial K2K development, and
K2K accuracy enhancement. Firstly, sampling of initial dataset is per-
formed using the Latin Hypercube Sampling (LHS) method, enhanced
byMD criterion (Eq. 2) to avoid unreasonable LHS (Fig. S17). Due to the
oxygen concentration varying across multiple orders of magnitude,
the oxygen concentration is pre-processed using a logarithmic trans-
formation with base 10.

The initial training and testing datasets consist of 50 and 30 cases,
respectively. Themultiphysics fuel performance at each sampling data
point is obtained using COMMA. Then, the initial K2Kmodel is trained
on the initial dataset, with 50 rounds of hyperparameter optimization
conducted to determine the optimal model configuration. Given the
limited size of the initial dataset, additional sampling is necessary to
further improve the prediction accuracy and fidelity of K2K. To this
end, a two-stage adaptive sampling strategy is devised to expand the
training dataset and optimize the selection of sampling locations,
thereby accelerating improvements in model accuracy. In subsequent
training following each adaptive sampling, 20 rounds of hyperpara-
meter optimization are performed to update themodel parameters. As
the training dataset expands, the testing dataset is correspondingly
augmented. Specifically, after every ten adaptive sampling iterations
for the training dataset, the testing dataset is expanded once through
random search guided by the MD criterion.

During the above training process, data trimming techniques are
also employed to enhance training stability. Additionally, a gradient
penalty term, as defined in Eq. 1, is incorporated into the loss function
to steer K2K predictions away from non-physical solutions. A detailed
description of the key techniques utilized during the K2K model
training is provided below.

MD criterion improved LHS. For the selected three-dimensional
design domain, an initial dataset is generated using an improved LHS
method based on the MD criterion48. LHS is a classic random multi-
dimensional stratified sampling method49. It effectively avoids the
clustering or duplication issues that can arise with traditional Monte
Carlo methods. However, LHS does not account for the spatial filling
characteristics of design points. To address this limitation, the MD
criterion is introduced to evaluate the spatial filling quality of the LHS
datasets50. The initial dataset is obtained using a random search
strategy aimed at maximizing the spatial filling.

Gradient penalty operator. Methods to avoid non-physical predic-
tions typically require the direct incorporation of physical information
into the model training process. Notable advancements in this area
have been made through algorithms such as PINN, DeepONet, and
KAN30–32. However, this fusion of physics and machine intelligence
necessitates highly specialized expertise, complex network modeling,
and considerable training costs. In these physics-informed neural
network computations, the underlying function is essentially serving
as a highly generalizable solver for differential equations. Inspired by
the differential equation solver and the concept of redesigning loss
functions of PINN, the gradient penalty operator, as expressed in Eq.
(1), has been proposed to penalize the loss function. In Eq. (1), operator
� denotes the pointwise multiplication of matrices. By inputting two
sets of data values and predicted values, the model’s gradient pre-
diction error is obtained. The allowable gradient error is controlled via
a relaxation factor γ, and penalties are applied when the gradient error
exceeds this threshold. In the training process of K2K, the value of γ
ranges from0.2 to 0.4 anddecreases as the data volume increases. The
combinations of x1 and x2 are selected through random generation.
Under well-distributed data conditions, the gradient penalty operator
exhibits low sensitivity to the selection strategy of x1 and x2. In the
isolation tests, the use of the gradient penalty operator results in only

approximately 0.14 s of additional training time per epoch. The
intention behind the gradient penalty operator is to enhance the
fidelity of existing models’ predictions and reduce non-physical out-
comes,without relying onexpert knowledgeor significantly increasing
training costs.

It is noteworthy that the gradient penalty operator itself imposes
no constraints on the function’smonotonicity or the distance between
two input values. Thus, during its application, the selection of data
points should be adjusted based on the problem’s characteristics. For
highly nonlinear problems, the effectiveness of this penalty term may
be limited. In the K2K training process, the loss value calculation is
performed using a validation set composed of pairs of data, where, for
each data point, the nearest five data points are selected.

Data trimming. The interpolation nature of Kriging renders it highly
sensitive to both data distribution and quality. As depicted in Fig. 2a–c,
within high-dimensional input spaces, an increase in data points can
exacerbate errors and induce non-physical hyperplane distortions. To
preserve the global predictive accuracy of the Kriging model, a data
trimming strategy is employed during K2K training. Data trimming
regulates the volume of data used for Kriging training, mitigating
overfitting and ensuring robust performance. The information from
data excluded during trimming is leveraged by the KAN corrector,
which captures additional intricate details. The extent of data trim-
ming emerges as a crucial hyperparameter in the K2K training process.

Two-stage adaptive sampling strategy. In the adaptive sampling
process, the strategy for selecting the locations of new samplingpoints
is a decisive factor for the rate of error reduction (Fig. S16d). Based on
the estimation-correction characteristics of the K2K model, a two-
stage adaptive sampling method has been designed.

In the first stage, the priority is to enhance the spatial breadth of
the data points, thereby improving the global predictive capability of
the K2K model. This approach quickly leverages the predictive
potential of the Kriging model, leading to a rapid decrease in the
overall error of the K2K model. Consequently, the MD criterion and
MSE criterion are employed to evaluate the quality of the sampling
points during the first stage.

The MD criterion is a prior sampling criterion based solely on the
spatial filling of data points48. TheMD criterion can evaluate the spatial
distribution quality of the dataset without relying on the accuracy of
outputs. However, due to its disregard for output trend information,
the MD criterion may lead to sparse sampling in regions with con-
centrateddata variation. TheMSE criterion leverages the characteristic
of Kriging to provide prior assessments of prediction errors, thereby
enabling sampling at locations with larger prediction errors33. TheMSE
for prediction value is,

MSEðŷðxÞÞ= σ 2 ð1� rTR�1r + ð1� FTR�1rÞ 2 =FTR�1FÞ ð8Þ

The MSE criterion is one of the most effective criteria for rapidly
improving the accuracy of Kriging. By combining the MD and MSE
criterion through the multi-objective optimization algorithm NSGA-II,
the sampling location search can rapidly enhance the exploration
breadth and overall accuracy of the K2K model during the first stage.

Due to the limitations of Kriging’s expressive capacity, once the
design point filling becomes dense or themodel error has reached the
level of the original COMMA model, it becomes difficult to further
improve Kriging’s prediction accuracy. Therefore, when the MD value
of the dataset decreases to 0.1 or the testing dataset error MSEtotal
decreases to 10.0, the adaptive sampling process transitions into the
second stage.

In the second stage, the focus is on enhancing the K2K model’s
ability to predict local details, allowing it to closely replicate the
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original multi-physical model COMMA. Therefore, the sampling
points’ fitness is evaluated using the ME criterion and an improved EI
criterion during the second stage of sampling. By leveraging KAN’s
expressive potential, the predictive accuracy of the K2K model is fur-
ther improved.

The ME criterion utilizes the estimation-correction structure of
the K2Kmodel to identify themodel’s weaknesses and guide sampling.
Due to the predictor-corrector structure of K2K, locations with high
predicted correlation value from KAN correspond to areas where Kri-
ging’s expressive capability is insufficient. Furthermore, becauseof the
nature of the Kriging model, locations with significant prediction
errors are more likely to exhibit complex parameter fluctuations or
steep changes. Leveraging these characteristics, the ME criterion is
established as follows,

MEðxÞ= yKANðxÞ ð9Þ

The EI criterion, based onprior predictive errors, guides sampling
by evaluating the expected improvement in model accuracy from
addingnewpoints51. However, theoptimal values comprisea surfaceof
optimal oxygen concentrations under varying conditions rather than a
single value. Thus, the formula for assessing improvement, IðxÞ, needs
to be reconstructed. Assuming the true value yðxÞ at point x is known,
the error improvement brought by the yðxÞ at point x can be expressed
as,

IðxÞ= yðxÞ � ŷðxÞ � yKANðxÞ ð10Þ

And it can be approximated that the correlation value estimated
by the KANmodel, yKANðxÞ, is roughly equal to the true error. Similarly,
the modified EI criterion can be expressed as follows,

EI = yKANΦ
yKAN
sðxÞ

� �
+ sðxÞϕ yKAN

sðxÞ

� �
ð11Þ

The EI criterion serves as a sampling strategy that balances both
global and local considerations, thereby preventing an excessive
concentration of sampling points during the second stage. Based on
the inherent errors of the COMMAmodel, the K2Kmodel achieves the
required accuracy and reaches the end of training process when
training dataset error MSEtotal falls to 0.2. Additionally, the effective-
ness of the proposed two-stage adaptive sampling is tested based on
test functions as shown in Supplementary Note C.

Construction of oxygen concentration control strategy based
on K2K and KAN
As shown in Fig. S12, the construction of oxygen concentration control
strategy process comprises four main steps: rough estimation, precise
localization, boundary formula generation, and applicability test.

Evaluation criteria. As shown in Table S5a conservative safety limit is
established based on safety design limits of LFR, along with error
margins from both COMMA and K2K models. This threshold is
employed in subsequent evaluations to ensure that thederivedoxygen
concentration control strategy robustly supports the long-term
operational safety of the LFR. The feasibility of specific design points
is assessed relative to this conservative safety limit. Any performance
parameter exceeding these limits is considered indicative of fuel fail-
ure. Specifically, the failure boundaries for oxygen concentration are
determined by comparing fuel performance parameters from indivi-
dual physicalfieldswith their corresponding conservative safety limits.
The upper and lower oxygen concentrations correspond to the
boundaries of the interval where no failures occur in any physical field.
The optimaloxygen concentration under givenoperating conditions is
determined bymaximizing the integrated safetymargin defined by Eq.

(12), thereby enhancing the reliability of the proposed control strategy.

Δtotal =

Δmag ×Δsp ×Δclad

1 μm ×
ΔTco ×ΔTf i

10K ×
Δεc ×Δεf

0:1% × ΔP
0:01MPa

Δmag +Δsp +Δclad

1 μm +
ΔTco +ΔTf i

10K +
Δεc +Δεf

0:1% + ΔP
0:01MPa

ð12Þ

Where Δmag , Δsp, and Δclad represent the safety margins associated
with magnetite layer thickness, spinel layer thickness, and cladding
substrate thickness, respectively. ΔTco and ΔTf i denote the safety
margins of peak cladding temperature and peak pellet temperature,
respectively. Δεc and Δεf correspond to the safety margins of max-
imum cladding axial strain and maximum pellet radial strain, respec-
tively, while ΔP represents the safety margin related to the fission gas
pressure.

Rough estimation. A dense sampling of the three-dimensional design
domain, defined by oxygen concentration, linear power, and flow rate,
is performedusing a 50× 50 × 100grid and validated usingK2K. A total
of 52,932 instances of fuel failure are identified. The causes of cladding
failure include reductions in cladding thickness (15,777 cases), oxida-
tion protection failure (35,084 cases), and cladding overheating (233
cases). As shown in Fig. S11, failures related to cladding thickness are
predominantly observed in regions with high oxygen concentrations,
while oxidation protection failures primarily occur at low oxygen
concentrations. Cladding overheating is concentrated in regions of
high linear power. The failure regions expand with increasing linear
power and decreasing coolant flow rate. The optimal oxygen con-
centration is approximately situated just below the oxygen-dominated
concentration. This rough estimation provides a preliminary identifi-
cation of potential failure scenarios and their spatial distributions
within the operational domain.

Precise localization. Based on the rough estimation dataset, an
approximate oxygen concentration boundary with a resolution of
~0.044 lg.wt.% is obtained. To achieve a maximum allowable error of
1e-4 lg.wt.%, further refinement and additional sampling are conducted
near these boundary points using a bisection method. Through step-
wise localization across 50 × 50 (linear power×flow rate) conditions, a
total of 7733 precise oxygen concentration boundary points are
identified.

Boundary formula generation. Due to the complex interplay of mul-
tifactorial influences and nonlinear interactions within multiphysics
coupling, deriving reasonable and effective formula structures based
on human intuition is challenging. As an alternative to empirical for-
mula structures, oxygen concentration boundary formulas are gener-
ated through the symbolic training of KAN. The inherent structure of
KAN features both common and independent nodes. Thus, this char-
acteristic enables the generated oxygen concentration boundary for-
mulas to incorporate shared components while retaining independent
elements, which align with the multi-physical characteristics of the
oxygen control strategy. Consequently, predefined formula structures
andmanual construction are supplanted by symbolic training through
the KAN network, facilitating the development of high-accuracy oxy-
gen concentration boundary formulas. Using the oxygen concentra-
tion boundary dataset, a KAN network is designed and trained to
generate the corresponding boundary formulas.

The inputs to the KAN include linear power and flow rate, while
the outputs encompass the upper and lower oxygen concentration
limits, the optimal oxygen concentration, and the oxygen concentra-
tion boundaries for cladding thickness failure, oxidation protection
failure, and cladding overheating. In the symbolic training of KAN, the
operator set selected for symbolic training consists of [x, x², sin, tanh].
The detailed symbolic training and term selection procedures are
provided in Supplementary Note G. To improve the fit accuracy of the
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oxygen concentration boundary formulas, hyperparameter optimiza-
tion of the KAN network structure and training parameters is con-
ducted using the NSGA-II algorithm. To enhance the fidelity of KAN
trained formulas, the gradient penalty operator is also applied. The
multi-objective optimization evaluation metric is the goodness of fit,
represented by R², for different boundaries. The optimization process
concludes when the R2 values for all fits reach or exceed 0.95, resulting
in the final output of the oxygen concentration boundary formulas.

Applicability test. To explore the applicability of the generated for-
mulas, the design parameters are appropriately extended in the vici-
nity of the design domain of the K2K model. Six primary design
parameters related to fuel rods, including core inlet temperature, gap
size, pellet outer diameter, pellet inner diameter, lattice pitch, and
initial cladding thickness, are selected for testing. During the testing
process, fuel performance data for the extended design points are
obtained using the COMMA model.

Conducting extensive calculations of fuel performance in a six-
dimensional design space using COMMA entails significant time costs.
To reduce the time required for searching the applicability range, the
testing process follows a structured approach. The applicability range
testing comprises three main steps, which include design parameter
variation, design parameter validation, and design parameter rollback.
At the beginning of the applicability range testing, design parameter
variations are initiated, followed by design parameter validation. If a
set of design parameters fails to pass the validation, the design para-
meter rollback and design parameter validation are performed
repeatedly until the renewed design parameter successfully meets the
criteria. The process described above is repeated for five iterations.
The design parameter exhibiting the maximum variation magnitude
that satisfies the validation criteria is considered the applicability range
of the formulas. It is important to note that the choice of five iterations
is based on computational cost considerations, which means the
maximum design parameter variation is limited to only 5%. Conse-
quently, the applicability range obtained through this search serves as
a reference range, while the actual applicability range may be larger.

Data availability
All other data supporting the findings of this study are available in the
Supplementary Information file. Source data are provided in this
paper. Source data are provided with this paper.

Code availability
The core code of K2K model is available via GitHub at https://github.
com/wangshiwei20000711/K2K.git. Shiwei Wang, Jiajie Chen, Xiaojing
Liu, Tengfei Zhang, Xiang Chai, Qi Lu, Danhong Shen, Hui He,
Kriging to KAN model accelerated discovery of oxygen control strat-
egy in lead-based fast reactors, K2K, https://doi.org/10.5281/zenodo.
16040458, 2025.
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