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= Geological uncertainty challenges safe cyclic operation. Caprock integrity, fault transmissivity, and reservoir heterogeneity govern H, Fig. 3. SAM-ConvLSTM rollout surrogate. (1) Inputs: history states {X,_,;,1,...xJ = [P, S}, 7 static features (PERMX, PERMZ, @, X/Z coords, d,, ¢ R X T Mo
containment, plume migration, and recoverability, yet are constrained only by sparse data. Hydrogen dissolution and residual trapping decrease d,..s) and a 15-d well control vector u, embedded into a 16-channel field c,; concatenated to 25 channels per timestep. (2) A weight-shared M, (x)=1{S1, ¢, (x)>0.05}, Ri=Pos(ux)— Ps(u), ,=active cells.
the storage efficiency. Sufficient aquifer support, etc. 2-stage CNN encodes each frame to a %-resolution latent. (3) L, stacked SAM-ConvLSTM layers propagate spatio-temporal hidden state. (4)
= Conventional simulation is too slow for assessment. Multiphase simulations with hysteresis, capillary, gravity and compositional effects must be L., causal-attention blocks add sinusoidal time encoding and apply masked self-attention; the last attended token at time t feeds the Note: error norms are evaluated on the normalized state variables (pressure, saturation). Active cells are cells with a non-
rerun for every operational condition and realization, which are too expensive to account for real-time monitoring data. decoder. (5) The decoder upsamples back to native resolution and predicts a residual A[P, S], which a rollout combiner adds to the current zero gas saturation change history.
= A deep learning surrogate enables continual, dynamic forecasting. A trained model predicts the new state of the system [P, Sl.,, based on its state to obtain the next state [P, S],.,. Training minimizes Ly, = Ay Lygea + A, Ly With the PDE-residual term L, - added in the physics-
L[] L[] *
past states at a fraction of the simulator cost and rolls out autoregressively over many future cycles. informed variant. A licati
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to pure data-driven: RMSE_active = 0.036 MPa (P,), 0.0031 (S,); SSIM = 1.000.
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