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Supporting Note S1
DATA
The high-quality observational data of daily mean surface temperature and total precipitation on 0.25°×0.25° grids for the period 1961–2014 are extracted from the CN05.1 dataset1,2, which is constructed based on measurements collected at more than 2400 national observation stations in China3. This dataset has been widely used in studies of extreme weather events and climate characteristics in China4,5.
To conduct detection and attribution analysis, daily mean surface temperature and total precipitation dataset from CMIP6 are used6. As a sub-project of the CMIP6, the Detection and Attribution Model Intercomparison Project (DAMIP) provides simulation outputs of preindustrial unforced control simulation experiments (CTL) and hist-ALL climate experiments (including anthropogenic and natural forcings simultaneously). In addition, the Tier-1 experiments of DAMIP consider different external forcings, including experiments driven by hist-NAT, hist-AER and hist-GHG. Outputs of these experiments are used to investigate influences of individual forcing and combination forcings on CHTDE and CHTRE in the present study7. The 12 models listed in Table S1 are used, and the results of external forcings simulation experiments over the period from 1961 to 2014 are used for analysis. The CTL involves 89 chunks of nonoverlapping 54-year data (a total of 4806 years).
For convenience, both the observational data and multi-model simulation data of daily mean surface temperature and daily total precipitation are remapped to 1°×1° grids using the bilinear interpolation algorithm.
Supporting Note S2
METHODS
The details of CHTDE index (CHTDEI) and CHTRE index (CHTREI).
1． For the definition of potential CHTDE and CHTRE, various combinations of multiple thresholds (95th, 90th, 80th and 75th) have been used for the calculation, and all of them yield similar results. Eventually, the concurrence of daily temperature greater than the 90th percentile and daily total precipitation greater than the 75th percentile (less than 25th percentile) in the summers (June, July and August) of 1961–2014 is defined as a potential CHTRE (CHTDE). The selected threshold has been widely used in the study of compound extreme events8–10.
2． The empirical Gringorten plotting formula  11 is used to estimate marginal distributions of frequency and duration, while n is sample size and  is the number of .
3． The severity index of compound extreme events is . Here, the x and y represent the thresholds of X and Y12. 
4． According to the definations and properties of Archimedean copulas proposed by Genest and Markay13,14, the bivariate Archimedean copula can be expressed as follows: .  is a generator of C. And  is the pseudo inverse of . 
5． The three widely accepted Archimedean copulas are applied in this study 12,15,16:
(1) For Frank copula, the generator is , and the copula  is ;
(2) For Gumbel copula, the generator is , and the copula  is ;
(3) For Clayton copula, the generator is , and the copula  is .
Note that the copula function is a model based on the correlation between variables. After calculation, u and v show a strong correlation. So it would be a reasonable choice to estimate the parameter of copula function based on the correlation index method. The link between Archimedean copulas and Kendall Tau rank correlation coefficient  is as follows17: ,  and .
Evaluation method of copula model.
[bookmark: OLE_LINK1]In this paper, in order to determine the optimal fitting copulas for calculating multivariate joint distribution, we use several criteria to compare the performance of different copulas, including the Akaike Information Criterion (AIC) information criterion method, the Bayesian Information Criterion (BIC) rule method and the Root Mean Square Error (RMSE) criterion. These criteria are based on the empirical joint distribution of observed sample points18. More specifically, the empirical joint distribution is expressed as
                (1)
where  is the number of  and  in the joint observation samples of size n.
The AIC information criterion method considers both the over-regulation due to the complexity of model and minimization of error residuals, which is a relatively robust indicator to measure model effect. The formula is written as: 
                (2)
                      (3)
Where m is the number of copula model parameters. Same as AIC, the BIC is expressed as follow: 
                     (4)
In addition, the 
               (5)
is also used in this study. Although RMSE only considers the minimization deviation of copula fit, its model evaluation ability is recognized by previous studies19. More importantly, a lower AIC, BIC and RMSE are associated with a better fit of copula model.
The optimal fingerprint method.
[bookmark: OLE_LINK83]In this paper, the optimal fingerprint method, which is widely used in global and regional climate change research, is applied for detection and attribution in CHTDE and CHTRE. To perform full-ranked estimation of internal covariance and avoid using empirical orthogonal functions truncation, the regularized optimal fingerprint method based on the total least squares20 is applied to quantify the consistency between model simulated responses of CHTDE and CHTRE and observations in China21,22. The total least squares method considers the fact that the simulated response may deviate from real response due to the random error caused by internal variability and limited pattern of multi-model ensemble. If different external forcing signals can be linearly superimposed, the statistical model of optimal fingerprint method can be written as:
                      (6)
[bookmark: OLE_LINK89][bookmark: OLE_LINK87][bookmark: OLE_LINK88]Where y is the observation vector of CHTDEI and CHTREI. Since  is the response pattern simulated by finite models for ith forcing, the real climate response contains a random term , which represents the internal variability within sampling noise or climate model simulation. n is the number of signal from single external forcing or combined external forcings and  is the internal variability in the observation, which is represented by CTL. Here it is assumed that the distributions of  and  both are Gaussian and they have a same covariance structure. However, due to the model limitation, it is necessary to reduce the dimension of spatial and temporal scales to ensure the estimability of covariance. Therefore, in this paper the anomaly time series of model and observation data with a length of 18 can be obtained by processing the original dataset into a non-overlapping three-year-mean sample series. The 89 chunks of CTL are also separately processed into non-overlapping three-year-mean sample series. In addition, the treatment of non-overlapping three-year-mean is excepted to suppress natural variability and detect the effects of natural forcing such as short-lived response to volcanic activity23.
[bookmark: OLE_LINK91][bookmark: OLE_LINK92][bookmark: OLE_LINK93][bookmark: OLE_LINK94]The key information of the optimal fingerprint method is the scaling factor , which quantifies the amplitude of the external forcing response to the observation. If the probability of observed change that occurs randomly due to the internal variability is smaller than 10%, it is called detection, that is, the 90% (5%–95%) confidence interval of scaling factor is greater than zero24. If the 5%–95% margin of scaling factor is greater than zero and includes unit, it can further confirm the most likely cause of detected changes of CHTDE and CHTRE at a certain confidence level, which is called attribution. In addition, if the optimal scaling factor is greater than unit, the response is underestimated; if it is less than unit, the response is overestimated. Finally, in order to ensure that the residual covariance is consistent with the internal variability of the model, CTL is divided into two parts, one is used for pre-whitening the data, the other is used to calculate the confidence interval of the scaling factor and implement the residual consistency test20,21. Meanwhile, the CHTDEI and CHTREI simulated with different external forcings are multiplied by corresponding best estimate of scaling factor (5%–95% margin of scaling factor) and further multiplied by the time period of the time series to investigate the attributable changes in CHTDEI and CHTREI4,5,22.
Ensemble Empirical Mode Decomposition (EEMD).
[bookmark: OLE_LINK40]In this paper, the EEMD method is applied to divide CHTDEI and CHTREI at different timescales25 into interannual-to-decadal variability and long-term nonlinear trend. The EEMD method is an adaptive filter which decomposes the signal based on itself without basis function and can solve the mode mixing. It is suitable for nonlinear and non-stationary time series decomposition.
Specifically, the EEMD method can be divided into the following steps:
(1) [bookmark: OLE_LINK41]Add the white noise with normal distribution to CHTDEI and CHTREI.
(2) [bookmark: OLE_LINK2]Decompose the time series and obtain each intrinsic mode functions (IMFs), whose extreme points and zeros points are equal or differ at most by one.
(3) Add a new white noise each time and repeat step (1) and (2).
(4) [bookmark: OLE_LINK44]Obtain the final IMFs  from the averaged IMFs each time. The  is the residual component of time series  after filtering out IMFs (size of m). The variance contribution of  is the ratio of the variance of  to the sum of the variances of m components26. Then the time series is written as follow:
                       (7)
Here, the interannual-to-decadal variability is obtained by summing the first several components while the last component is long-term nonlinear trend.
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Supplementary Fig. 1: Differences (units: ℃) in the climatological spatial pattern of mean temperature in the summers of 1961–2014 between the historical simulations of 12 CMIP6 models and observations. The corresponding model is indicated in the upper left corner of each panel.
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Supplementary Fig. 2: Same as Figure S1, but for the total precipitation in summer (units: mm).
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Supplementary Fig. 3: Temporal evolutions of (a) mean temperature and (b) total precipitation in the summers of 1961–2014 from historical simulations and observations. The black line shows the observation. Different colors represent simulations from different models, and the corresponding shadings indicate the one standard deviation range.
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Supplementary Fig. 4: Temporal evolution of non-overlapping three-year-mean CHTDEI during 1961–2014 from historical simulations and observations. The black line shows the observation. The shadings denote the 25th–75th percentile range for the distribution and the lines of different colors show the average. 
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Supplementary Fig. 5: Same as Figure S4, but for the CHTREI.
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[bookmark: OLE_LINK123]Supplementary Fig. S6: Temporal series of (a–f) nonlinear trend and (g–l) interannual-to-decadal variability of observed and simulated CHTDEI based on the MME of the seven models over different sub-regions and across China for the period of 1961–2014.
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Supplementary Fig. 7: Best estimates of the scaling factors (dot) and their 5–95% uncertainty ranges (error bars) from single-signal (hist-ALL, hist-AER, hist-GHG, hist-NAT, hist-ANT and hist-OA) analysis for nonlinear long-term trend of CHTDEI (a) across China and (b–f) in different subregions from EEMD method. The two dashed lines parallel to the horizontal axis represent zero and unit respectively.
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Supplementary Fig. 8: Same as Figure S6, but for the CHTREI.
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Supplementary Fig. 9: Same as Figure S7, but for the CHTREI.
Supporting Tables
Supplementary Table 1: List of simulations by CMIP6 models employed in this study. The numbers indicate the numbers of ensemble members (runs) for hist-ALL, hist-AER, hist-GHG and hist-NAT simulations and the corresponding numbers of 54-year nonoverlapping chunks for CTL. The models with bold font and the runs in parentheses represent the preferred models selected after evaluating the model performance.
	Model
	hist-ALL
	hist-AER
	hist-GHG
	hist-NAT
	CTL

	ACCESS-CM2
	5
	3
	3
	3
	9

	BCC-CSM2-MR
	2
	3
	3
	3
	–

	CanESM5
	10
	–
	–
	–
	18

	CESM2
	9
	2
	2
	2
	5

	CNRM-CM6-1
	10
	–
	–
	–
	–

	FGOALS-g3
	5
	–
	–
	–
	–

	GFDL-ESM4
	3
	1
	1
	1
	9

	HadGEM3-GC31-LL
	5
	5
	5
	5
	9

	IPSL-CM6A-LR
	10
	–
	–
	–
	18

	MIROC6
	10
	–
	–
	–
	9

	MRI-ESM2-0
	10
	5
	5
	5
	3

	NorESM2-LM
	3
	3
	3
	30
	9

	Sum
	82 (37)
	22
	22
	22
	89



[bookmark: OLE_LINK3]Supplementary Table 2: Evaluation of Archimedean copula. Evaluation of Frank, Gumbel and Clayton Archimedean copula based on the AIC, BIC and RMSE criteria on CHTDEI.
	
	Clayton
	Gumbel
	Frank

	AIC
	–457.85
	–409.90
	–388.37

	RMSE
	0.0148
	0.0228
	0.0274

	BIC
	–455.86
	–407.91
	–386.38



Supplementary Table 3: Same as Table S2, but for the CHTREI.
	
	Clayton
	Gumbel
	Frank

	AIC
	–491.89
	–493.01
	–415.76

	RMSE
	0.0387
	0.0165
	0.0220

	BIC
	–489.90
	–491.02
	–413.77
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