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Supplementary Notes 1 
Supplementary Note 1. Materials synthesis and characterization 2 
Synthesis of graphene-based hydrogel membranes 3 

Chemically converted graphene (CCG) dispersions were synthesized by following the method 4 
described in our previous publication1. Briefly, a graphene oxide colloid (0.5 mg/mL, 200 mL) 5 
prepared by the modified Hummers' method was mixed with 0.6 mL hydrazine (35 wt% in 6 
water) and 0.8 mL ammonia (28 wt% in water) in a glass vial. After being vigorously shaken 7 
for a few minutes, the flask was put in a water bath (~100 ℃) for 3 hours. 8 
The graphene-based hydrogel membranes were fabricated by following the method we 9 
previously reported2. Briefly, a controlled amount of the as-obtained CCG dispersion was 10 
vacuum filtrated through a mixed cellulose ester filter membrane (0.05 μm in pore size, 47 mm 11 
in diameter, Merck Millipore Ltd). The vacuum was disconnected immediately after no free 12 
CCG dispersion remained on the filtrate. The graphene-based hydrogel membrane deposited 13 
on the filter membrane was then immediately transferred to a petri dish with distilled water. 14 
The graphene membrane was peeled off from the filter membrane and washed with distilled 15 
water several times to remove the remaining ammonia and unreacted hydrazine.  16 
Tuning the average slit pore size and thickness of graphene-based membranes  17 
The multilayered graphene membranes (MGMs) with tuneable slit pore sizes were fabricated 18 
through the capillary compression method we previously reported2. Briefly, the water inside 19 
the as-assembled hydrogel membranes was first exchanged with an aqueous solution of sulfuric 20 
acid of controlled concentration. The water inside the hydrogel membranes was then removed 21 
from the membranes through vacuum drying. The removal of water between CCG layers led 22 
to a uniform shrinkage of membranes across the thickness direction and hence the decrease of 23 
an averaged slit pore size. The shrinkage degree was controlled by the amount of sulfuric acid 24 
retained in the membranes, which can be controlled by the concentration of the initial sulfuric 25 
acid solution used. The membranes were then washed thoroughly with deionized water several 26 
times until the pH of the residual washing solution is close to 7. The as-compressed graphene-27 
based membranes were stored in distilled water for further analysis and electrochemical 28 
experiments. In this work, the concentrations of sulfuric acid aqueous solutions are 0.5, 0.3, 29 
0.1, 0.05, and 0 M.  Given that the CCG sheets in the gel membranes were found to be largely 30 
oriented in parallel, the average slit pore size of the as-prepared graphene-based membranes 31 
can be estimated from the apparent density of the gel membranes using the method we 32 
previously developed3. The average slit pore sizes (carbon to carbon atom centers) of the 33 
graphene-based membranes mediated with 0, 0.05, 0.1, 0.3, and 0.5 M H2SO4 solution were 34 
estimated to be 0.8, 0.9, 1.0, 1.2, and 1.7 nm, respectively. The thickness of the graphene-based 35 
electrodes was readily controlled by stacking multiple membranes with the same average slit 36 
pore size on top of each other. The detailed thickness information of the graphene-based 37 
electrodes used in this work is listed in Supplementary Table 1. 38 
The volume of graphene-based electrodes was calculated based on the following equation: 39 

𝑉𝑉 = 𝑠𝑠 ×  𝑡𝑡 (1) 

where V(cm3), s (cm2), and t (cm) are the volume, base area, and thickness of the graphene-40 
based electrodes, respectively. 41 

Supplementary Note 2. Experimental datasets acquisition of the volumetric capacitance 42 
of individual electrodes 43 
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The electrochemical characterizations used in this work include open-circuit potential 1 
measurement and cyclic voltammetry (CV) test. They were conducted with a customized T-2 
cell on Bio-logic VMP300 (Biologic). The three-electrode test configuration was used for the 3 
above-mentioned electrochemical characterizations. The reference electrode was a saturated 4 
calomel electrode (SCE), the working electrode was our synthesized graphene-based 5 
membranes, and the counter electrode was the graphene-based hydrogel membranes with a 6 
mass loading of two times of the working electrode (for avoiding any side reaction happened 7 
on counter electrode). The testing electrolyte is 1.0 M KCl (2.0 mL). The separator is Celgard 8 
3501 (Celgard) and the current collector is Pt foil (Tianjin Aida). Before the electrochemical 9 
characterization, the working membrane electrodes were immersed into the testing electrolyte 10 
for three days. The open-circuit potential measurement in the given electrolyte was conducted 11 
to determine the starting potential of the working membrane electrodes. In our case, the open-12 
circuit potential of the graphene-based electrode is around 0.25 V vs. SCE (Supplementary 13 
Fig. 1). Through observing the shape of the CV curves (the slope of charge curves) to maximise 14 
the working potential windows of positive and negative electrodes, the end potential for the 15 
positive and negative charge/discharge process of the working electrode is set as 0.8 V and (-16 
0.8 V) vs. SCE to avoid the decomposition of water (Supplementary Fig. 2). Meanwhile, 17 
based on the preliminary experimental results, we observed that with the increase of working 18 
potential of positive and negative electrodes, there is the increase of the differential capacitance 19 
of the electrodes (Supplementary Fig. 3), resulting in higher volumetric capacitance of 20 
electrodes in this charging potential range. Thus, for achieving the higher volumetric 21 
capacitance and energy density of supercapacitor, the tested working potential range of the 22 
electrodes in 1.0 M KCl aqueous electrolyte is 0.25-0.8 V vs. SCE and 0.25- (-0.8 V) vs. SCE 23 
for positive and negative electrodes, respectively. After that, we conducted the CV 24 
characterization of the graphene-based membrane electrodes with different average slit pore 25 
sizes and thickness at the scan rates of 2, 10, 20, and 50 mV/s within the working potential 26 
range for positive and negative polarization in the 1.0 M KCl aqueous electrolyte.  27 
Aqueous solutions of potassium chloride (KCl) have been widely used in nanofluidic research 28 
in both experiments and simulations because K+ and Cl- have similar hydrated ion size and 29 
diffusion coefficient3-5. In this work, KCl in aqueous was chosen as the electrolyte with the 30 
hope that the data we gained could be further compared with the literature in the future.  31 
Compared with the constant current charge/discharge characterization method, the CV testing 32 
method allows the easy control of the charge/discharge time better by controlling the scan rate. 33 
Therefore, in our work, we chose the CV characterization method to obtain the experimental 34 
database of volumetric capacitance vs. charge rate, thickness, and slit pore size. The following 35 
equation was used for calculating the capacitance from the CV curves of various graphene-36 
based electrodes6:  37 

𝐶𝐶 = � 𝑗𝑗𝑗𝑗𝑡𝑡/∆𝑈𝑈
∆𝑈𝑈 𝜈𝜈�

0
 (2) 

where 𝐶𝐶 is the volumetric capacitance (F/cm3), j is the absolute value of volumetric current 38 
density (A/cm3), 𝜈𝜈 is the scan rate (V/s), and ∆𝑈𝑈 is the working potential window (V).  39 

Supplementary Note 3. Methodology for machine learning 40 
Artificial neural network model 41 

(1) Choice of ML algorithms 42 
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Artificial neural network (ANN) is a widely used machine learning algorithm that is inspired 1 
by the sensory processing of the brain. It consists of a network of model neurons. By applying 2 
algorithms that mimic the process of real neurons, the network can learn to solve a variety of 3 
complex problems, such as image processing, speech recognition, materials discovery, 4 
chemical synthesis planning, and battery cycling prediction7-12. ANNs can approximate 5 
virtually any measurable input-output nonlinear functions up to an arbitrary degree of 6 
accuracy13. One does not need to have a well-defined process for algorithmically connecting 7 
inputs to outputs. It can adapt itself to reproduce the desired output when being presented with 8 
training sample inputs. It has the simplicity of design as well as universality.  9 
As shown in Supplementary Fig. 5a, the typical structure of an ANN includes one input layer, 10 
several hidden layers, and one output layer. Each layer includes a certain number of neurons 11 
(the basic unit of ANN). The neurons are connected to form a network. A neuron receives 12 
inputs from several other neurons or external resources, weighs each input, and then adds them 13 
up. The sum will be fed into an activation function to generate an output transferring to the 14 
next neuron (as input). During training, the weights are systematically adjusted so that the ANN 15 
can approximate the input-output function (see hyperparameter selection and training section 16 
for details).  17 
We also tested other ML algorithms including ridge regression, polynomial regression, random 18 
forest. We used the same experimental dataset (pre-processed) and the same data splitting 19 
method for training and test purposes. For each algorithm, the grid search method was adopted 20 
to identify their optimal hyperparameters. For other algorithms, the details are in the attached 21 
Jupiter notebook codes (see the attached file: choice of ML algorithms). Supplementary 22 
Table 2 summarised the obtained test R2 results (i.e., the prediction power) of the tested 23 
machine learning algorithms. The ridge regression has the worst performance. We determined 24 
that the ANN and random forest regressor are the two best algorithms for quantitative 25 
prediction and for feature importance analysis, respectively. The linear ridge regression yielded 26 
a test accuracy of just around 0.69984 and 0.62914 for the positive electrode and negative 27 
electrode, respectively. This is much lower than the nonlinear fitting model, such as the ANN 28 
model, with an accuracy of 0.98395 (positive electrode) and 0.98568 (negative electrode). This 29 
quantitative comparison clearly shows the nonlinear dependence of capacitance over the 30 
structure parameters. This is also consistent with the qualitative visualisation of the 31 
experimental results shown in Fig. 1 and Supplementary Fig. 4.  32 
The significant accuracy difference of these ML methods, especially the results of ridge 33 
regression (0.62914 for negative electrode) and ANN (0.98568 for the negative electrode), 34 
could be attributed to the intrinsic nonlinear relationship between the volumetric capacitance 35 
of electrodes and the pore size, thickness and operation rate of electrodes. To better understand 36 
the nonlinear nature of our experimental data, we tried the second-order polynomial fitting. 37 
The obtained accuracy is not good (0.79297 for positive electrode, 0.77535 for negative 38 
electrode). This indicates our data do not follow the relatively simple nonlinearity as the 39 
second-order polynomial. We did not try higher order polynomials for a well-known reason 40 
that they usually result in a lot of artificial wiggles, in other words, high overfitting. Both ANN 41 
and random forest show a much better accuracy. This is not supervised. ANN is well-known 42 
for its high quality of fitting nonlinear data. Random Forest is a collection of decision trees. 43 
Each decision tree is like a series of piecewise functions; hence, they are also flexible enough 44 
to match the dataset. However, such flexibility could increase the risk of overfitting. The 45 
random forest creates a collection of decision trees and takes the averaged results as the 46 
prediction to address this issue. 47 
(2) Descriptor development 48 
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The inputs of our ANN models are the electrode structural parameters and operation rates. We 1 
chose these as the input descriptors based on our previous comprehensive study on the 2 
structures of our graphene membranes and other literatures for supercapacitors. Our previous 3 
works concluded the microstructure of MGMs could be quantitatively represented by a 4 
statistically representative structure model with four parameters: slit pore size (graphene 5 
interlayer distance), aperture size (the hole size in graphene layer), the distance between 6 
adjacent apertures, and the thickness3. Owing to our controllable fabrication method (page 2 in 7 
SI), our graphene membrane electrodes share the same aperture size and the distance between 8 
adjacent apertures. Thus, there are only 2 structural descriptors for ML models, slit pore size 9 
and membrane thickness. Note that the slit pore size and thickness of graphene membranes 10 
could be well-controlled in our experiments. Therefore, our MGMs electrodes with relatively 11 
simple and controllable microstructures are indeed an idealistic platform for collecting reliable 12 
dataset (between electrode capacitance and structure parameters) to train ANN models, 13 
allowing us to study the relationship between volumetric capacitance and slit pore size, 14 
membrane thickness, and charging rate of electrodes. The literatures have widely documented 15 
that the pore size, thickness and operation rates are the primary parameters affecting the 16 
electrochemical performance of supercapacitors, e.g., amorphous carbon particles 17 
performance2,14,15. This confirms the validity of our selection of the three features. Be aware, 18 
for amorphous carbon electrodes, there should be some additional (secondary) structure 19 
features, including active particle size, porosity (or packing density of active particles), 20 
tortuosity (of nanopores), and heterogeneity features for active particle distribution. Our 21 
MGMs do not have these features owing to their unique structure. It may be necessary to 22 
consider these features in ML models for the amorphous carbon electrodes in future. CV is 23 
widely used in experiments to characterize the charge storage performance of supercapacitor 24 
and has the advantage in studying the time-dependent charge storage of supercapacitor. The 25 
operation condition descriptor is, therefore, the charging rate (V/s). The output is the 26 
volumetric capacitance of positive or negative electrodes. 27 
(3) Data pre-processing and splitting 28 
The selected descriptors have different physical meanings. Their numerical values are in 29 
different ranges and have a large variation, which can lead to low training efficiency and high 30 
prediction bias for the gradient-based optimisation algorithms16. To enhance the performance 31 
of ANN, a common practice is to normalise these descriptors and outputs so that the data used 32 
in ML are in a similar scale, e.g., within the range (0, 1)17. The equation for the normalization 33 
is: 34 

𝑋𝑋𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = (𝑋𝑋 − 𝑋𝑋′𝑛𝑛𝑚𝑚𝑛𝑛)/(𝑋𝑋′𝑛𝑛𝑚𝑚𝑚𝑚 − 𝑋𝑋′𝑛𝑛𝑚𝑚𝑛𝑛) (3) 

where X is the raw data, 𝑋𝑋𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 is the normalised data, 𝑋𝑋′𝑛𝑛𝑚𝑚𝑛𝑛 and 𝑋𝑋′𝑛𝑛𝑚𝑚𝑚𝑚 are the selected lower 35 
and upper bounds, respectively. For the slit pore size, we took normalisation lower and upper 36 
bounds as 0.8 and 1.7 nm, respectively. For the electrode thickness, the lower and upper bounds 37 
are 10 and 276 µm, respectively. For scan rate, the lower and upper bounds are selected as 0 38 
and 50 mV/s, respectively. For the volumetric capacitance, the lower/upper bounds for the 39 
positive electrode are 0/100 F/cm3 and the lower/upper bounds for the negative electrode are 40 
0/140 F/cm3. 41 
The dataset was divided into three subsets, with 80% for training neural nets, 10% for 42 
validation, and 10% for testing the model performance. Since the number of data is not large, 43 
allocating the data into training, validation, and the test is done through stratification. This is 44 
to ensure a similar distribution of data in these three data sets (Supplementary Fig. 6). By 45 
doing so, the ML model training reliability can be improved18. 46 
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(4) Metrics for predictive models  1 
To build and improve predictive models, reliable metrics to evaluate their accuracy and 2 
reliability are essential. The common performance metrics in machine learning are mean 3 
squared error (MSE) and R2 (coefficient of determination). We adopted them in this work.   4 

𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑁𝑁
�(𝑌𝑌𝑚𝑚 − 𝑌𝑌𝑚𝑚′)2
𝑁𝑁

𝑚𝑚=1

 (4) 

𝑅𝑅2 = 1 −
∑ (𝑌𝑌𝑚𝑚 − 𝑌𝑌𝑚𝑚′)2𝑁𝑁
𝑚𝑚=1

∑ (𝑌𝑌𝑚𝑚 − 𝑌𝑌′)2𝑁𝑁
𝑚𝑚=1

 (5) 

where N is the numbers of data used for training, validation, or test, Yi is the model prediction, 5 
Yi' is the target (experiment), 𝑌𝑌′ is the mean value of the target. 6 
(5) Hyperparameter determination  7 
In this work, two feedforward ANNs were constructed to learn the underlying correlations of 8 
the descriptors and the volumetric capacitance of positive and negative electrodes, respectively. 9 
Some critical hyperparameters must be determined appropriately for these two ANNs.  10 
Activation function. We chose the widely used sigmoid function as the activation function of 11 
neurons. It is primarily used in the feedforward ANN. The sigmoid function has output in the 12 
range (0, 1). One problem of this function is that its output saturates (i.e. the curve becomes 13 
parallel to the x-axis) for a large positive or large negative input. The gradients in these regions 14 
are almost zero. In other words, a notable change of the input in this range generates a slight 15 
change of output. This could lead to the over-saturated phenomenon in the ANN model during 16 
the training and validation process and decrease the prediction accuracy. To mitigate this 17 
problem and minimize the regularization value of the ANN model, we further normalized our 18 
output data in the range of (0.1, 0.9) in the data pre-processing step (see the previous section).  19 
Training algorithm and learning rate. In this work, the backpropagation algorithm was applied 20 
to update the weights to minimise the mean squared error (MSE). Learning rate is a key 21 
parameter for the backpropagation algorithm. It determines how quickly to update the weights19. 22 
The learning rate is in the range of (0,1). If the learning rate is too low, the convergent speed 23 
is sluggish, and the loss function may not reach the minimum value. If the learning rate is too 24 
large, the loss function will probably lose the global minimum and produce an unreliable model. 25 
In this work, we used the grid search method: selecting 56 learning rates in the range of (0,1) 26 
and calculating the MSEs of training and validation to determine the suitable learning rate. 27 
From the validation results (Supplementary Fig. 7), we observe that the ANN model has the 28 
lowest MSE when the learning rate is in the range of [0.48, 0.62] and [0.2, 0.42] for the positive 29 
and negative electrodes, respectively. We thus selected 0.62 and 0.2 as the learning rates to 30 
build ANN models. 31 
Structure of ANN. We set neuron number as 3 in the input layer corresponding to the three 32 
selected descriptors and one neuron in the output layer. We used the grid search method to 33 
identify the number of hidden layers and the number of neurons in each hidden layer for an 34 
optimal ANN. We searched the number of hidden layers in the range of (1,3) and a number of 35 
neurons in the range of (2,16) and compared the obtained R2 score (see the supplemental file 36 
of hyperparameter). Our results conclude 5 × 6 × 2 neurons with the three hidden layers in 37 
ANN can give rise to satisfactory performance. 38 
(6) Training, validation, and testing of ANN model 39 
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With the determined hyperparameters, we followed the standard procedure to train our ANN 1 
models using the training and validation datasets for both positive and negative electrodes and 2 
then test the predictive power using the test data sets. The results are shown in Fig. 2 and 3 
Supplementary Fig. 5. 4 
Random Forest Regressor Model 5 
Despite its high accuracy in predicting a value involved with a complicated nonlinear 6 
regression, ANN has an issue of hard interpretation and is also very hard to analyse the 7 
importance of each input features to the final performance of supercapacitor electrodes and 8 
devices. Other ML techniques such as random forest can also deal with nonlinear problems 9 
while being interpretable. Intuitively, a random forest is an ensemble of decision trees, where 10 
each tree breaks down the data by making decisions based on asking a series of questions20. 11 
Each tree is grown on a random bootstrap of samples (with replacement) and a random 12 
selection of d features (without replacement). Each decision tree starts at the tree root and splits 13 
the data on the feature that maximises the information gain. As a result, the tree is split based 14 
on the most informative features. Thus, this character of decision trees and random forest 15 
makes them a suitable model to analyse feature importance. The splitting process at each child 16 
node is iteratively repeated until the leaves are pure or a certain criterion is met. 17 
To identify the most informative features, an objective function is used, which is optimised via 18 
the tree learning algorithm. As mentioned earlier, this objective function should maximise the 19 
information gain (IG) at each split. The IG index is defined as follows: 20 

𝐼𝐼𝐼𝐼�𝐷𝐷𝑝𝑝,𝑓𝑓� = 𝐼𝐼�𝐷𝐷𝑝𝑝� −�
𝑁𝑁𝑗𝑗
𝑁𝑁𝑝𝑝

𝑛𝑛

𝑗𝑗=1

𝐼𝐼(𝐷𝐷𝑗𝑗) (6) 

where f is the feature to perform the split, Dp and Dj are the datasets of the parent and jth child 21 
node, I is the impurity measure, Np is the total number of samples at the parent node, and Nj is 22 
the number of samples in the jth child node. As seen, the IG is simply the difference between 23 
the impurity of the parent node and the sum of the child node impurities – the lower the impurity 24 
of the child nodes, the larger the IG. To keep it simple, most standard libraries only assume 25 
two child nodes for each parent node. This substantially reduces the combinatorial search space. 26 
Hence, the above equation is simplified to: 27 

𝐼𝐼𝐼𝐼�𝐷𝐷𝑝𝑝,𝑓𝑓� = 𝐼𝐼�𝐷𝐷𝑝𝑝� −
𝑁𝑁𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿
𝑁𝑁𝑝𝑝

𝐼𝐼(𝐷𝐷𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) −
𝑁𝑁𝑅𝑅𝑚𝑚𝑅𝑅ℎ𝐿𝐿
𝑁𝑁𝑝𝑝

𝐼𝐼(𝐷𝐷𝑅𝑅𝑚𝑚𝑅𝑅ℎ𝐿𝐿) (7) 

where NLeft and NRight are the number of samples in the left and right leaves (child) respectively, 28 
while DLeft and DRight are the datasets of the left and right child nodes.  In a regression problem, 29 
decision trees can be understood as the sum of piecewise linear functions compared to the 30 
global linear and polynomial regression models. Indeed, decision trees would subdivide the 31 
input space into smaller manageable regions. As an impurity measure, the mean squared error 32 
(MSE) is used for a typical child node, which should be measured on the training subset at that 33 
node. This MSE is often also referred to as the within-node variance. A general issue with 34 
decision trees is overfitting. A random forest usually has a better generalization performance 35 
than an individual decision tree due to randomness, which helps to decrease the model variance. 36 
Other advantages of random forests are that they are less sensitive to outliers in the dataset and 37 
don't require much parameter tuning. 38 
Due to its tree structure, random forest models are suitable for identifying the importance of 39 
features in predicting a multi-variant regression problem. Hence, for prediction purposes and 40 
exploring the design parameter space, an ANN model was employed, while for identification 41 
of the importance of features, a random forest regressor was used. 42 
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Supplementary Note 4. Numerical pairing of positive and negative electrodes and the 1 
calculation of volumetric capacitance of the resultant supercapacitor cells 2 
The numerical pairing of positive and negative electrodes is based on the principle of equal 3 
charges stored in two electrodes at any time (Eq. 1 in the main text). In this work, four different 4 
thickness of the inactive component was selected, which is 0, 35, 65, and 130 µm, as the 5 
example to study the thickness of inactive component effect on the optimal matching of 6 
positive and negative electrodes as well as the final optimal volumetric capacitance of 7 
supercapacitor cells. Considering the inactive component mainly composted by the separator, 8 
current collector, and packing materials, to the best of our knowledge, with the thickness 9 
increase of current collector and packing materials, there should be no change of the stored 10 
charge of the active electrode materials as the current collector and packing materials are 11 
inactive and shows no effect to the transport of both electrons (current collector is high 12 
conductive metal) and ions. Meanwhile, the separator has a microstructure with the 13 
composition of various micropore, the pore size of the separator is much larger than that of our 14 
graphene-based electrodes, thus, increasing the thickness of the separator (from 0-130 µm), 15 
there should be also almost no change of the stored charge of the active electrode materials. 16 
Therefore, it is possible to use our achieved experimental datasets, with the assistance of ML, 17 
to study the inactive component effect on the optimal electrodes pairing. The generally 18 
numerical pairing process of positive and negative electrodes as well as the volumetric 19 
capacitance calculation of the supercapacitor cell is provided in Supplementary Fig. 8. Briefly, 20 
with the assistance of the developed ANN models for positive and negative electrodes, we first 21 
predicted 50,000 volumetric capacitances of positive and negative electrodes at the 22 
corresponding parameters (slit pore size and thickness) under different operation rates. In 23 
details, we equally divided the pore size in the range of [0.8 nm, 1.7 nm] into 100 intervals 24 
with an average value of (1.7-0.8)/100 nm for both positive and negative electrodes. We also 25 
equally divided the thickness in the range of [11 µm, 276 µm] into 500 intervals with an average 26 
value of (276-11)/500 µm for both positive and negative electrodes. Therefore, there are 50,000 27 
× 50,000 options for numerical pairing positive and negative electrodes to fabricate a 28 
supercapacitor cell for working at a given operation rate. However, in light of the domain 29 
knowledge for supercapacitor design and our experimental results, these options must obey the 30 
following boundaries:  (1) the charges stored in positive and negative electrodes will be equal 31 
at any time (Eq.1 in the main text); and (2) The operation rate of the negative electrode is 32 
approximately two times that of positive electrodes as the working potential window for the 33 
positive (∆𝑈𝑈+) and negative electrodes (∆𝑈𝑈−) is 0.55 and 1.05 V in the supercapacitor cell, 34 
respectively. In this work, all the numerical pairing of positive and negative electrodes and 35 
volumetric capacitance calculation of supercapacitor cells were automatically conducted in a 36 
Python environment with the software code attached in Supplemental files of electrodes 37 
pairing. 38 
To achieve the optimal matching of positive and negative electrodes, we extracted the datasets 39 
with the top 100 volumetric capacitance of supercapacitor cells and the corresponding electrode 40 
parameters (slit pore size and thickness) for positive and negative electrodes at the charging 41 
rates of 6, 30, and 75 mV/s when the thickness of inactive components are 0, 32, 65, and 130 42 
µm. The extracted top 100 volumetric capacitance of the cells at a given working condition 43 
show very similar results and with a standard deviation less than 0.1 F/cm3.  44 
To study the volumetric capacitance distribution and the probability for achieving the highest 45 
volumetric capacitance of the supercapacitor cells with different thicknesses of inactive 46 
components at different operation rates, we first extracted and listed the predicted volumetric 47 
capacitance of the supercapacitor cells in order from highest to lowest for the studied operation 48 
rate and thickness of the inactive components. Then we counted the amounts of paired 49 
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combinations for various volumetric capacitance range with an interval of 0.2 F/cm3 and 1 
calculated the probability at the corresponding volumetric capacitance range by dividing the 2 
total paired combinations at any given conditions for different operation rates and thickness of 3 
inactive components. To calculate the probability for achieving pairing the negative and 4 
positive electrodes for supercapacitor cells with the top 10% volumetric capacitance, we first 5 
counted the combination of pairing negative and positive electrodes for supercapacitor cells 6 
with the volumetric capacitance among the top 10% at the corresponding volumetric 7 
capacitance distribution and then calculated the probability by dividing the total paired 8 
combinations of 50000 × 50000. 9 

Supplementary Note 5. Experimental testing of the assembled supercapacitor cells based 10 
on various electrodes pairing 11 
We firstly fabricated supercapacitor cells with the paired structural parameters (slit pore size 12 
and thickness) that were predicted to generate optimal volumetric capacitance values of 12.4 13 
F/cm3 at 6 mV/s, 9.1 F/cm3 at 30 mV/s, and 7.8 F/cm3 at 75 mV/s. Then, we applied two 14 
electrochemical work-station channels to simultaneously conduct the CV characterisation of 15 
the assembled supercapacitors at the cell operation rate of 6, 30 and 75 mV/s and monitor the 16 
potential change of the positive electrode when charge/discharge the supercapacitor cells in the 17 
working voltage of 0-1.6 V. The results show that using the optimal structural parameters at 30 18 
and 75 mV/s to design the supercapacitor cell working at 6 mV/s, the achieved volumetric 19 
capacitance of the assembled supercapacitor cell is 9.3 and 8.3 F/cm3, respectively, which are 20 
both lower than that of the supercapacitor cell fabricated based on the optimal electrodes 21 
pairing at 6 mV/s (12.1 F/cm3). Selecting the optimal structural parameters at 75 mV/s to design 22 
the supercapacitor cell working at 30 mV/s, the achieved volumetric capacitance of the 23 
assembled supercapacitor cell is 8.0 F/cm3, which is lower than that of the supercapacitor cell 24 
fabricated based on the optimal electrodes pairing at 30 mV/s (8.7 F/cm3). Selecting the optimal 25 
prediction structure parameters at 6 and 30 mV/s to design the supercapacitor cell working at 26 
75 mV/s. The achieved experiment results show that the achieved volumetric capacitance of 27 
the cell is 4.3 and 7.0 F/cm3, respectively, which is lower than that of the supercapacitor cell 28 
fabricated based on the optimal electrodes pairing at 75 mV/s (7.4 F/cm3).  29 
To demonstrate that different electrodes should be used in the design of high-performance 30 
supercapacitor. As a demonstration, we fabricated symmetric supercapacitors based on the 31 
predictive optimal structural parameters of positive or negative electrodes of the supercapacitor 32 
cell working at 30 and 75 mV/s. At the cell operation rate of 30 mV/s, when the working 33 
potential window of the positive electrode is 0.55 V, the capacitance of the fabricated 34 
symmetric supercapacitor cells are 8.6 and 8.0 F/cm3, respectively, with the working cell 35 
voltage of 1.2 and 1.0 V, respectively (Supplementary Fig. 10), which is much lower than that 36 
of the optimal design supercapacitor cell working at 30 mV/s (1.6 V). At the cell operation rate 37 
of 75 mV/s, when the working potential window of the positive electrode is 0.55 V, the 38 
capacitance of the fabricated symmetric supercapacitor cells is 7.0 and 6.3 F/cm3 with both the 39 
cell working voltage of 1.0 V (Supplementary Fig. 11), which is much lower than that of the 40 
supercapacitor cell fabricated based on the optimal electrodes pairing at 75 mV/s (1.6 V). 41 
 42 

 43 

 44 

 45 
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Supplementary Figures 1 

 2 

Supplementary Figure 1. Open circuit potential of graphene-based electrodes with varied 3 
average slit pore size. 4 
 5 

 6 

 7 

Supplementary Figure 2. Differential capacitance vs. working potential of the graphene-8 
based individual electrodes (with an average slit pore size of 0.8 and 1.2 nm) 9 
experimentally obtained with the mass loading of 1, 3, 6, 9, and 12 mg/cm2 at 20 mV/s. a, 10 
Differential charging capacitance vs. working potential (0.25-0.8 V) of graphene-based 11 
positive electrodes with 0.8 nm slit pore size. b, Differential charging capacitance vs. working 12 
potential (-0.8-0.25 V) of graphene-based negative electrodes with 0.8 nm slit pore size. c, 13 
Differential charging capacitance vs. working potential (0.25-0.8 V) of graphene-based 14 
positive electrodes with 1.2 nm slit pore size. d, Differential charging capacitance vs. working 15 
potential (-0.8-0.25 V) of graphene-based negative electrodes with 1.2 nm slit pore size. 16 
 17 
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 1 

 2 

Supplementary Figure 3. Differential capacitance vs. working potential of the graphene-3 
based individual electrodes (with the average slit pore size of 0.8 nm, 1.0 nm, and 1.7 nm) 4 
experimentally obtained under various conditions. a, Differential charging capacitance vs. 5 
working potential of graphene-based positive (0.25-0.8 V) and negative (-0.8-0.25 V) 6 
electrodes with the slit pore sizes of 0.8 (top), 1.0 (middle), and 1.7 nm (bottom) at the mass 7 
loading of 12 mg/cm2 under various scan rates. b, Differential charging capacitance vs. working 8 
potential of graphene-based positive (0.25-0.8 V) and negative (-0.8-0.25 V) electrodes with 9 
the slit pore size of 0.8 (top), 1.0 (middle), and 1.7 nm (bottom) at 10 mV/s under different 10 
mass loading or thickness. 11 

 12 

 13 
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 1 
Supplementary Figure 4. Volumetric capacitance obtained by experiments of the 2 
graphene-based individual electrodes with an average slit pore size of 0.8, 0.9, 1.0, 1.2, 3 
and 1.7 nm under various operation conditions. a, 𝐶𝐶𝑣𝑣+  (top) and 𝐶𝐶𝑣𝑣− (bottom) vs. the 4 
thickness (t) of the multilayered graphene membrane electrodes at 2 mV/s. b, 𝐶𝐶𝑣𝑣+ (top) and 5 
𝐶𝐶𝑣𝑣−(bottom) vs. the thickness (t) of the multilayered graphene membrane electrodes at 20 mV/s. 6 
c, 𝐶𝐶𝑣𝑣+  (top) and 𝐶𝐶𝑣𝑣−(bottom) vs. the thickness (t) of the multilayered graphene membrane 7 
electrodes at 50 mV/s. 8 

 9 

Supplementary Figure 5. Representative ANN model structure and results of ANN model 10 
for the positive electrode. a, Schematic illustration of the ANN model. b, c, and d, Model 11 
training results vs. experimental data, model validation results vs. experimental data, and model 12 
test results vs. experimental data of ANN model for the positive electrode. e, The cross-13 
validation learning curve of the developed ANN model for the positive electrode. 14 
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 1 

Supplementary Figure 6. Total samples and samples for ANN training, validation and 2 
testing through stratification. a, Positive electrode ANN model. b, Negative electrode ANN 3 
model. 4 

 5 

Supplementary Figure 7. MSE values of ANN models at 56 different learning rates with 6 
the hidden layer structure of 5×6×2 for validation. a, The MSE values of positive electrode 7 
ANN model. b, The MSE values of negative electrode ANN model. 8 
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 1 

Supplementary Figure 8. Flow chart for a numerical pairing of positive and negative 2 
electrodes based on the predicted datasets from the developed ANN models. 3 
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 1 

Supplementary Figure 9. Experimental validation of paired structural parameters of 2 
positive and negative electrodes on the optimization of cell working at the operation rates 3 
of 6, 30, and 75 mV/s. The thickness of the inactive component is 65 µm. a, The 4 
experimental and predictive volumetric capacitances of supercapacitor cells based on 5 
predictive paired structural parameters. b, The experimental CV curves of graphene-based 6 
supercapacitor cells based on predictive paired structural parameters. c, The experimental 7 
potential-time curves of the positive electrodes based on predictive paired structural parameters.  8 
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 1 

Supplementary Figure 10. Experimental results of symmetric supercapacitor cells 2 
fabricated based on optimal structural parameters of positive or negative electrodes for 3 
the cell working at the operation rate of 30 mV/s with the inactive component thickness 4 
of 65 µm. a and b are the experiment potential-time curve of the positive electrode and 5 
experiment CV curve of graphene-based supercapacitor cell through the symmetric design of 6 
positive and negative electrodes with slit pore size of 0.8 nm and a thickness of 22 µm. c and 7 
d are the experiment potential-time curves of the positive electrodes and experiment CV curves 8 
of graphene-based supercapacitor cell through the symmetric design of positive and negative 9 
electrodes with the slit pore size of 1.25 nm and a thickness of 103 µm.  10 
 11 

 12 

 13 

 14 

 15 

 16 

 17 

 18 

 19 

 20 

 21 
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 1 

Supplementary Figure 11. Experimental results of symmetric supercapacitor cells 2 
fabricated based on optimal structural parameters of positive or negative electrodes for 3 
the cell working at the operation rate of 75 mV/s with the inactive component thickness 4 
of 65 µm. a and b are the experiment potential-time curve of the positive electrode and 5 
experiment CV curve of graphene-based supercapacitor cell through the symmetric design of 6 
positive and negative electrodes with the slit pore size of 0.8 nm and a thickness of 15 µm. c 7 
and d are the experiment potential-time curves of the positive electrodes and experimental CV 8 
curves of graphene-based supercapacitor cell through the symmetric design of positive and 9 
negative electrodes with the slit pore size of 1.35 nm and a thickness of 73 µm.  10 
 11 

 12 

 13 
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 1 

Supplementary Figure 12. Volumetric capacitance distribution and probability density 2 
of the paired supercapacitor cells at the working condition of 6, 30, and 75 mV/s. a, b, and 3 
c, The capacitance distribution and probability density of the achieved cell capacitance with 4 
the thickness of inactive component of 0, 65, and 130 µm, respectively. d, The probability 5 
density of the paired supercapacitor cells achieves the top 10% capacitance.  6 
 7 
 8 
 9 
 10 
 11 
 12 
 13 
 14 
 15 
 16 
 17 
 18 
 19 
 20 
 21 
 22 
 23 
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Supplementary Tables 1 

Supplementary Table 1. The structural parameters of the individual graphene-based 2 
electrodes. 3 

Pore size 

(nm) 

Thickness 

(µm) 

Thickness 

(µm) 

Thickness 

(µm) 

Thickness 

(µm) 

Thickness 

(µm) 

0.8 11.0 33.0 66.0 99.0 132.0 

0.9 12.0 36.0 72.0 108.0 144.0 

1.0 13.0 39.0 78.0 117.0 156.0 

1.2 15.5 46.5 93.0 139.5 186.0 

1.7 23.0 69.0 138.0 207.0 276.0 

 4 

Supplementary Table 2. Summarization of the as-obtained R2 test results for various tested 5 
machine learning algorithms. 6 

R2 
Ridge 

regression 

Polynomial 

regression 
Random forest ANN 

Positive 

electrode 
0.69984 0.79297 0.89874 0.98395 

Negative 

electrode 
0.62914 0.77535 0.93799 0.98568 

 7 
 8 
 9 
 10 
 11 
 12 
 13 
 14 
 15 
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Supplementary Table 3. A comparison of the experimentally obtained performance (Cv-cell 1 
and ∆𝑈𝑈𝑐𝑐𝐿𝐿𝑐𝑐𝑐𝑐) of the assembled supercapacitor cells with representative electrodes pairing. The 2 
corresponding working potential windows of positive electrodes (∆𝑈𝑈+) were included in the 3 
table as well.  4 

v 

(mV/s) 

[d+;t+ || d-;t-] 

[nm;µm||nm;µm] 

Cell 

type† 

Cv-cell‡ 

(F/cm3)  

∆𝑼𝑼𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄 

(V) 

∆𝑼𝑼+ 

(V) 
Difference# 

6 

[1.25;103||0.80;22] As 9.3 1.6 0.52 

68.6% 
[1.35;73||0.80;15] As 8.3 1.6 0.53 

[0.80;96.5||0.80;31] As 12.1 1.6 0.56 

30 

[1.35;73||0.80;15] As 8.0 1.6 0.555 

91.9% 
[1.25;103||1.25;103] Sy 8.6 1.2 0.55 

[0.8;22||0.8;22] Sy 8.0 1.0 0.55 

[1.25;103||0.8;22] As 8.7 1.6 0.545 

75 

[0.80;96.5||0.80;31] As 4.3 1.6 0.525 

58.1% 

[1.25;103||0.80;22] As 7.0 1.6 0.563 

[1.35;73||1.35;73] Sy 7.0 1.0 0.55 

[0.8;15||0.80;15] Sy 6.3 1.0 0.55 

[1.35;73||0.80;15] As 7.4 1.6 0.552 

‡The volumetric capacitance for supercapacitor cell was calculated with an inactive component 5 
of 65 µm. † “As” and “Sy” indicate the asymmetric and symmetric supercapacitors, 6 
respectively. # The difference means the ratio of the lowest Cv-cell (marked in Red) 7 
experimentally obtained from other electrodes pairing and the one achieved by optimal 8 
electrodes pairing (marked in blue) at the same cell operation rate.  9 

 10 
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Supplementary Table 4. A list of optimal volumetric capacitance values of supercapacitor 1 
cells (Cv-cell_0) and the linearly scaled down volumetric capacitance when the thickness of the 2 
inactive components is 65 and 130 µm. The equation applied to calculate the linearly scaled 3 
down volumetric capacitance: 4 

𝐶𝐶𝑣𝑣−𝑐𝑐𝐿𝐿𝑐𝑐𝑐𝑐 = 𝐶𝐶𝑣𝑣−𝑐𝑐𝐿𝐿𝑐𝑐𝑐𝑐_0 × (𝑉𝑉+_0 + 𝑉𝑉−_0)/(𝑉𝑉+_0 + 𝑉𝑉−_0 + 𝑉𝑉𝑚𝑚𝑛𝑛𝑚𝑚𝑐𝑐𝐿𝐿𝑚𝑚𝑣𝑣𝐿𝐿) 5 
where Cv-cell_0 is the optimal volumetric capacitance of the supercapacitor cell without 6 
considering the inactive component. 𝑉𝑉+_0  and 𝑉𝑉−_0  are the volume of positive and negative 7 
electrodes when the supercapacitor cell achieves the optimal volumetric capacitance without 8 
the consideration of inactive components. 9 

Supplementary Table 5. A list of the corresponding paired volumetric capacitance values of 10 
positive and negative electrodes when the supercapacitor cell achieved the optimal volumetric 11 
capacitance in the examined range of structural parameters at selected operation rates of the 12 
cell (𝜈𝜈_cell) and the thickness of inactive components and the highest volumetric capacitance of 13 
positive and negative electrodes.  14 

𝜈𝜈_cell 

(mV/s) 

Cv-cell_0 [d+;t+ || d-;t-] 

F/cm3 [nm;µm||nm;µm] 

Cv-cell_65 

F/cm3 

Cv-cell_130 

F/cm3 

6 22.0 [0.80;35||0.81;14] 9.4 6.0 

30 19.7 [0.81;31||0.88;11] 7.7 4.8 

75 17.0 [0.81;24||1.37;11] 5.9 3.6 

𝜈𝜈_cell 

(mV/s) 

𝑪𝑪𝑽𝑽+||𝑪𝑪𝑽𝑽− 

(F/cm3) 

tinactive=0 µm 

𝑪𝑪𝑽𝑽+||𝑪𝑪𝑽𝑽− 

(F/cm3) 

tinactive=65 µm 

𝑪𝑪𝑽𝑽+||𝑪𝑪𝑽𝑽− 

(F/cm3) 

tinactive=130 µm 

𝑪𝑪𝑽𝑽+_𝒉𝒉𝒉𝒉𝒉𝒉𝒉𝒉𝒄𝒄𝒉𝒉𝒉𝒉||𝑪𝑪𝑽𝑽−_𝒉𝒉𝒉𝒉𝒉𝒉𝒉𝒉𝒄𝒄𝒉𝒉𝒉𝒉 

(F/cm3) 

6 89||119 72||119 57||118  

89||123 30 78||112 49||119 46||118 

75 72||81 47||120 44||120 
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Supplementary Table 6. A list of the calculated average volumetric capacitance values of 1 
supercapacitor cells (Cv-cell) and the corresponding standard deviation when pairing the 2 
electrodes based on the top 100 capacitance of the positive electrodes which meets the 3 
electrodes paring principles. The results are from the cell with the inactive component of three 4 
thicknesses (0, 65, and 130 µm). 5 

Supplementary Table 7. A list of the calculated average volumetric capacitance values of 6 
supercapacitor cells (Cv-cell) and the corresponding standard deviation when pairing the 7 
electrodes based on the top 100 capacitance of the negative electrodes which meets the 8 
electrodes paring principles. The results are from the cell with the inactive component of three 9 
thicknesses (0, 65, and 130 µm). 10 

 11 

𝜈𝜈_cell 

(mV/s) 
Cv-cell_0 （F/cm3） Cv-cell_65 （F/cm3）  Cv-cell_130 （F/cm3）  

6 19.4 ± 1.3 8.6 ± 0.2 5.5 ± 0.1 

30 18.2 ± 0.3 5.8 ± 0.2 3.4 ± 0.1 

75 16.9 ± 0.1 5.7 ± 0.1 3.4 ± 0.1 

𝜈𝜈_cell 

(mV/s) 
Cv-cell_0 （F/cm3） Cv-cell_65 （F/cm3）  Cv-cell_130 （F/cm3）  

6 16.7 ± 1.7 9.4 ± 0.5 6.5 ± 0.3 

30 14.8 ± 1.2 7.8 ± 0.3 5.3 ± 0.2 

75 9.4 ± 4.8 5.2 ± 1.8 3.7 ± 1.0 
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Supplementary Table 8. A list of optimal volumetric capacitance values of supercapacitor 1 
cells (Cv-cell) and the probability to achieve the top 10% values of Cv-cell for all the cases we 2 
examined with the satisfaction of electrodes pairing principles when the positive and negative 3 
electrodes have the same slit pore size, as well as the comparison with the optimal values of 4 
Cv-cell. The results are from the cell with the inactive component of three thicknesses (0, 65, and 5 
130 µm). 6 

# The difference means the ratio of the lowest Cv-cell (marked in Red) optimally obtained from 7 
the electrodes pairing when the positive and negative electrodes have the same slit pore size 8 
and the one achieved by optimal electrodes pairing (marked in blue) at the same cell operation 9 
rate.  10 

 11 

𝜈𝜈cell 
(mV/s) 

Cv-cell_0 [d+|| d-] 
F/cm3 [nm||nm] 

Cv-cell_65 [d+|| d-] 
F/cm3 [nm||nm] 

Cv-cell_130 [d+|| d-] 
F/cm3 [nm||nm] 

Top 10% Cv-

cell probability 

      6 

22.0 [0.8||0.8]  12.4 [0.8||0.8] 9.5 [0.8||0.8] 0.024% 
 19.8 [0.9||0.9]  11.7 [0.9||0.9] 9.1 [0.9||0.9] 0.027% 
17.8 [1.0||1.0]  11.5 [1.0||1.0] 9.2 [1.0||1.0] 0.031% 
16.1 [1.2||1.2]  11.3 [1.2||1.2] 9.2 [1.2||1.2] 0.037% 
11.7 [1.7||1.7]   8.7 [1.7||1.7] 7.5 [1.7||1.7] 0.038% 

22.0 [0.80||0.81] 12.4 [0.80||0.80] 9.8 [1.15||0.80]  
#Difference=53.2

% 
#Difference=70.2

% 
#Difference=76.5

%  

     30 

19.0 [0.8||0.8]  8.3 [0.8||0.8] 5.4 [0.8||0.8] 0.012% 
17.9 [0.9||0.9]  8.1 [0.9||0.9] 5.4 [0.9||0.9] 0.015% 
17.1 [1.0||1.0]  8.1 [1.0||1.0] 5.8 [1.0||1.0] 0.018% 
15.6 [1.2||1.2]  8.7 [1.2||1.2] 6.6 [1.2||1.2] 0.022% 
12.2 [1.7||1.7]   6.9 [1.7||1.7] 5.2 [1.7||1.7] 0.029% 

19.7 [0.80||0.88]   9.1 [1.25||0.80] 6.9 [1.25||0.80]  
#Difference=61.9

% 

#Difference=75.8
% 

#Difference=75.3
%  

     75 

 6.4 [0.8||0.8]   4.4 [0.8||0.8] 3.3 [0.8||0.8] 0.0024% 
 8.6 [0.9||0.9]   5.1 [0.9||0.9] 3.6 [0.9||0.9] 0.0081% 

     14.8 [1.0||1.0]   6.6 [1.0||1.0] 4.3 [1.0||1.0]  0.012% 
     15.1 [1.2||1.2]  7.2 [1.2||1.2]        5.1 [1.2||1.2] 0.017% 
     13.0 [1.7||1.7]  6.4 [1.7||1.7]  4.5 [1.7||1.7] 0.021% 
17.0 [0.81||1.37] 7.8 [1.35||0.80] 5.5 [1.35||0.80]  
#Difference=37.6

% 

#Difference=56.4
% 

#Difference=60.0
%  
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Supplementary Table 9. A list of the optimal volumetric capacitance values of supercapacitor 1 
cells (Cv-cell) when pairing the electrodes only based on our experimental datasets of positive 2 
and negative electrodes which meets the electrodes paring principles. The results are from the 3 
cell with the inactive component of three thicknesses (0, 65, and 130 µm). 4 
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