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1 Supplementary Text
1.1 Residual-based adaptive refinement

The original PINN framework proposed by Raissi et al. (2019) has difficulty in approximating the solution of PDEs that have
steep gradients. To overcome this challenge, Lu et al. (2021) proposed the residual-based adaptive refinement (RAR) algorithm,
which distributes collocation points during the training in the locations where the residual of PDE:s is large.

In this study, as in Lu et al. (2021), after 10000 iterations of the Adam optimizer, the residual was evaluated at randomly
sampled 10 locations from the whole spatial and temporal domain (see Fig. S1 (b)). The collocation points were ordered
according to the residual values, and the highest ten collocation points were added to the collocation points that were originally
given. We iterated this procedure ten times before the L-BFGS-B algorithm was used to further minimize the loss function.

We tested the RAR algorithm for the forward modeling of the homogeneous soil (Sect. 3.1 in the main text), and the results
are shown in Fig. S1. The RAR algorithm appeared to improve the performance of PINNs for the problem, but the effects were
minor. Therefore, we did not use the algorithm for further analysis.

1.2 Learning rate annealing

Wang et al. (2021) proposed the adaptive learning rate (ALR) algorithm, where the weight parameters in the loss function \;
are updated in the following way:

A — (1—)Al +aX\™ for i=m,ic,D,F, (1)

where

£\ = maxw«{[Vw- £, (0 >|}, for i=m,ic,D,F, 2
|Vwn AL (O7)]

where the bar represents the mean of the values below the bar; ©™ is the neural network parameters including the weight
matrices W™ at nth iteration of the algorithm. In the study, a was set to 0.1, and the algorithm was used to update \; every 10
iterations of the the Adam algorithm to balance the relative importance of each loss term .

The ALR algorithm was tested for the forward modeling for the homogeneous soil case in Sect. 3.1 of the main text. The three
weight parameters \;., Ayp, and Ay, for the initial, upper boundary, and lower boundary condition, respectively, were initially
set to ten, while they were updated using the ALR algorithm during the training (see Fig. S2 (b)). Figure S2 demonstrated that
the effectiveness of the ALR algorithm was not clear compared to the L-LAAF algorithm. Figure S2 (c) showed that the loss
term for the residual £,. was not minimized as the L-LAAF algorithm (shown in Fig. 4 of the main text). Therefore, we only
used the L-LAAF algorithm in the study for further analysis.

1.3 Finite difference method

A finite difference method was implemented on Matlab R2020b to solve the one-dimensional RRE to evaluate the performance
of PINNs. To deal with the non-linear terms in the RRE, the modified Picard iteration was used (Celia et al., 1990). A constant
spatial mesh size dz and time step dt were used. The internodal hydraulic conductivity K was computed from the geometric
average of the adjacent nodes. The upper boundary condition given as a constant water flux was evaluated using a second-
order one-sided finite difference approximation (LeVeque, 2007). Figure S3 shows that the numerical error €’ decreased with
decreasing dt (Fig. S3 (a)) and dz (Fig. S3 (b)).

1.4 Effects of weight parameters in loss function for heterogeneous case

In Sect. 3.2.4 in the main text, we investigated the effects of weight parameters ); in the loss function for the heterogeneous
case. Here, the effects on the loss terms are shown. Figure S4, S5, and S6 shows the effects on the loss terms for the upper
layer, the lower layer, and the interface conditions, respectively.



2 Supplementary Figures

10—2.5 -

Relative Squared Error ¢?

10—30 |

@O 8o

1073.5 1

‘Without

With

Added
Original

Residual Adaptive Refinement

4

6

Time t [hours]

Figure S1. (a): The effects of the residual-based adaptive refinement algorithm on the performance of PINNs for the forward problem for
the homogeneous soil. (b): The distribution of the original and added collocation points for the same problem.
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Figure S2. The effects of the adaptive learning rate (ALR) algorithm for the forward problem of the homogeneous soil case. (a): The relative
squared error ¢® for PINNs with and without the ALR and L-LAAF algorithms. (b): The evolution of the weight parameters in the loss
function during the Adam algorithm. (c): The evolution of the loss terms during the training.
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Figure S3. (a): The relative squared error with respect to volumetric water content ¢’ for the finite difference solution with varying time
steps dt. The spatial mesh size dz was fixed to 0.1 cm. (b): The relative squared error with respect to volumetric water content €’ for varying
spatial mesh size dz. The time step dt was fixed to 0.0001 h.
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Figure S4. Heterogeneous soil. The effects of weight parameters \; in the loss function on the loss terms corresponding to the upper layer.
The left and right columns correspond to the effects of \; for the upper layer and interface conditions, respectively. (a) and (b): Loss term for
the initial condition L;.. (c) and (d): Loss term for the upper boundary condition L. (€) and (f): Loss term for the residual of the PDE L.
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Figure S5. Heterogeneous soil. The effects of weight parameters \; in the loss function on the loss terms corresponding to the lower layer.
The left and right columns correspond to the effects of \; for the upper layer and interface conditions, respectively. (a) and (b): Loss term for
the initial condition L;.. (¢) and (d): Loss term for the lower boundary condition L. () and (f): Loss term for the residual of the PDE L,.
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Figure S6. Heterogeneous soil. The effects of weight parameters \; in the loss function on the loss terms corresponding to the interface
conditions. The left and right columns correspond to the effects of A; for the upper layer and interface conditions, respectively. (a) and (b):
Loss term for the continuity in the neural network output Ly,,. (¢) and (d): Loss term for the continuity in the water flux Ly, . (e) and (f):
Loss term for the continuity in the residual of the PDE L.
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Figure S7. The relative squared error in terms of volumetric water content e for different numbers of measurement locations.



(a) Two measurement locations
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(¢) Five measurement locations
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Figure S8. Inverse modeling to estimate surface water flux from soil moisture measurements in a layered soil (upper layer: loam soil;
lower layer: sandy loam soil). The evolution of loss terms for the upper layer (left column), lower layer (center column), and the interface
conditions (right column) for different measurement locations zp, [cm]. (a): z,, € {—5,—15}. (b): 2, € {—3,-7,—13,—=17}. (¢): zm €
{-1,-5,-9,—13,—17}.
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