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SM1. Graph representation learning
An approach generalizing Deep Neural Networks for processing graph-structured data involves not only learning the features on nodes or edges but also leveraging the inherent graph structure information. A typical graph convolution network (GCN) employs neighbourhood aggregation or message-passing mechanisms, where a node representation is iteratively updates by aggregating features from its neighbouring nodes and edges (Kipf and Welling, 2016). The GCN operation is defined as:
									Eq.1
where H(l) ∈ RN×D is the feature matrix of the l-th layer, D is the feature dimension for each node, and W(l) ∈ RD×K is the learnable weight matrix of this layer. The aggregation function M defines the message passing scheme, which specifies how features are exchanged between nodes. A GCN model aggregates messages by transforming the features of nodes within the spectral domain. This transformation consists of aggregating node features with a normalized graph adjacency matrix. In a GCN layer, M is computed by:
											Eq. 2
where , IN is an identity matrix and  ∈ RN×N is a diagonal degree matrix, with . From a node-wise perspective, the message is aggregated as follows:
									Eq. 3
where di and dj are the node degrees of node i and node j, respectively, and ,  ∊ RD are feature vectors of vi and vj at the l-th layer. N(i) denotes the set of the neighbour indices within at most one−hop distance away from node i (including i).
The standard GCN method aggregates the information of neighbouring nodes using a binary adjacency matrix A, resulting in the target node being equally affected by its neighbouring nodes (Zhang et al., 2022). However, edge features as annotations of relative relationships between SUs are also of interest in our task. The adjacency matrix solely indicates whether SUs spatially interact, but edge features can further be enriched with other geologically meaningful relationships, such as spatial and volumetric relationships between neighbouring SUs. Therefore, we further expect to explore graphical learning by integrating these edge features within a neighbourhood aggregation process.
The Edge-featured graph attention network (EGAT) is a graph learning model that incorporates both edge and node features into the learning process (Wang et al., 2021). Unlike GCNs that primarily focus on node features, EGAT leverages edge features to enhance graph representation learning. The EGAT model consists of two core modules: the node module and the edge module, both utilizing attention mechanisms to update features. 
The node module applies an attention mechanism (Veličković et al., 2017) to compute attention weights for both node and edge features. The node representations are then updated by accepting adjacent nodes and edges features in an embedded manner. The update of node features is shown expressed as follows:
									Eq. 4
								Eq. 5
where aij indicates the normalized attention scores of node j and edge ij to node i, a is an attention mechanism contained a single-layer feedforward neural network, a activate function of LeakyReLU and the softmax function used to normalization the output (Wang et al., 2021).  ∊ RE is edge features between vi and vj,  is the update node features embedded the node and edge features. Wh ∊  and We ∊  are weight matrices applied to node and edge, respectively. Besides, a hyperparameter λ is introduced to control the relative ratio of node and edge features in the embedded features.
Similarly, the edge module update edge feature by aggregating the node and edge features. Firstly, the edge features are integrated to the adjacent nodes using the attention mechanism, and subsequently the node features and the integrated edge features on the two nodes of the target edge are used for the update of the edge features. Specifically, the update process of the edge features is followed:
									Eq. 6
									Eq. 7
									Eq. 8
where βij indicates the normalized importance of edge ij, ei’ is the aggregated edge features stored on node i. Subsequently, the multilayer perceptron (MLP; Attali and Pagès, 1997) uses the aggregated edge features and node features to update the edge features.
SM2. Training, testing and validation of the models
All models are trained with Adam optimizer (Kingma and Ba, 2015) and the Mean square error loss function. The optimizer is initialized with learning rate of 5×10-3 and a regularization penalty of 5×10-4. The learning rate is exponentially decayed every 20~50 steps by a factor of 0.9 until the model converged (for more details, please refer to parameters in the provided code). The training data is generated by randomly selecting 50% of the SUs, with the remaining 50% reserved as the test set. Additionally, 20% of the training data is used as a validation set to evaluate models during training phase. In fact, a total of 3,140 SUs are generated in our study area, whereas 223 of SUs lack of InSAR relevance point data but contain complete attribute data. Therefore, these SUs are not participated in the MLP training, but for the GCN and EGAT models, their information is retained as neighbouring node features.
We evaluate the prediction performance of MLP, GCN and EGAT on the test set using multiple accuracy evaluation metrics common to regression tasks (Jin et al., 2001; Rainio et al., 2024). Here, we use the Mean Absolute Error (MAE), r-squared (R2), and Pearson Correlation coefficient (PCC) as metrics to compute model prediction error:
									Eq. 9
										Eq. 10
									Eq. 11
where n is the number of SU for testing, yi and  are the calculated and predicted VLOS.  and  are the average values for calculated and predicted VLOS on test set.
SM3. Integrated gradients explanation
Integrated gradients (IG) is a local explaining method for deep learning and aims to capture the contribution of each feature to the model's output prediction (Sundararajan et al., 2017) . It is an analog of the Aumann-Shapley method, which extends discrete Shapley values to continuous settings (Sundararajan and Najmi, 2020). IG computes the integral gradient of the straight-line path from x’ to the input x. Generally, this path was defined as p(𝛼) = (x’ + 𝛼 (x − x’)), 𝛼∊[0, 1]. The IG along the i-th dimension for an input x with respect to a baseline x′ is defined as:
							Eq. 12
where x′i denotes the i-th dimension of baseline x′, F(x) represents a deep network,  is the partial derivative of F(x) along the predefined path. In general application, the IG can be calculated by the Riemann approximation, which estimates it as the sum of gradients at sufficiently small intervals along the predefined path.
Given that the baseline has IG values of zeros, it highlights that the IG values of instances are relative to this reference state. Consequently, the interpretive value of IG hinges on the baseline’s relevance and representativeness. Here, the baseline is set to zeros. Since, in the VLOS modeling phase, we adjust covariates distribution in the same range, with mean zero and unit variance. This choice ensures that the IG values capture the impact for each covariate compared to the average state, thus offering a clearer understanding for the model’s predictions.
SM4. Model parameterization and cross-validation choice
Below we provide a table listing the model parameterization across the three tested architectures and, we conclude this section summarizing the cross-validation design we opted for.
Table SM1. Parameters setting during models training.
	Models
Parameters
	MLP
	GCN
	EGAT

	Epoch
	400
	300
	260

	Learning rate
	0.005
	0.005
	0.008

	Loss function
	MSE
	MSE
	MSE

	Optimization method
	Adam
	Adam
	Adam

	Step size
	50
	30
	40

	Delay rate
	0.9
	0.9
	0.9

	Weight decay
	5E-5
	5E-5
	5E-5



Cross-validation evaluates a model's performance across different subsets of data, which is especially important for small datasets. It helps prevent overfitting and provides a reliable estimate of the model's generalization ability. Additionally, it offers a comprehensive assessment of model performance and supports the optimization of the model architecture and training parameters.
In our experiments, 40% training and 10% validation set for modeling training and hyperparameter tuning, ensuring we could optimize the model's performance. Allocating 50% of the data to the test set ensures a robust evaluation of the model’s generalization ability, which helps mitigate the risk of overfitting, especially in large datasets like ours. To further verify the model’s stability and generalization, we conducted multiple tests using random data splits. 

