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Abstract 10 

Typhoon-induced extreme waves pose severe threats to coastal communities, infrastructure, and maritime 11 

operations worldwide. Accurate and rapid forecasting of significant wave height is therefore critical for 12 

disaster response. Physics-based numerical wave models provide physically grounded predictions but can 13 

be computationally demanding for high-resolution forecasting, while purely data-driven models often 14 

struggle with rare, highly non-stationary extreme events. Recent time-series approaches based on large 15 

language models (LLMs) offer new opportunities for long-range forecasting but remain limited in 16 

explicitly representing coupled environmental variables and enforcing physically plausible predictions. 17 

Here, we develop the Typhoon Wave Large Language Model (TW-LLM), a physics-informed, domain-18 

adapted framework for forecasting typhoon-induced coastal wave height. Building on Time-LLM, TW-19 

LLM introduces cross-variable covariate interaction to explicitly represent dependencies between wave 20 

states and environmental forcing, structured domain-informed prompting for semantic conditioning, and a 21 

physics-informed training objective that combines magnitude-weighted Huber loss with wind-forcing 22 

consistency and temporal-rate constraints. Trained and evaluated using nine years (2017–2025) of hourly 23 

observations from eleven coastal buoys in China, TW-LLM achieves root-mean-square errors (RMSEs) of 24 

~0.15 m for short-term (6-h) forecasts, 0.3 m for long-term (96-h) forecasts, and 0.23 m under extreme 25 

typhoon conditions. With an inference time as low as 5 s per forecast, TW-LLM provides a 26 

computationally efficient framework for near-real-time coastal wave forecasting and early warning, with 27 

potential to enhance coastal resilience to increasingly severe climate-related hazards. 28 

1 Introduction 29 

Tropical cyclones generate some of the most destructive coastal hazards worldwide, with storm surges and 30 

extreme waves causing substantial economic losses, infrastructure damage, and disruptions to maritime 31 

activities [1]. Observations and large-scale hindcasts reveal pronounced spatial and temporal variability in 32 

extreme significant wave height (Hsig) during tropical cyclones, particularly in nearshore and estuarine 33 

environments [2, 3]. As climate change, sea-level rise, and growing coastal exposure amplify tropical-34 

cyclone-related risks [4, 5], accurate and timely forecasting of Hsig is increasingly critical for disaster 35 

preparedness and emergency response. Yet extreme-wave forecasting remains challenging because 36 

typhoon-induced waves are highly non-stationary and governed by complex interactions among 37 

atmospheric forcing, ocean conditions, and local coastal environments. 38 

Traditional numerical wave models face a persistent trade-off between physical accuracy and 39 

computational efficiency. Spectral wave models such as Simulating Waves Nearshore (SWAN) [6] 40 

explicitly resolve key wave-generation, propagation, and dissipation processes, but high-resolution coastal 41 

applications remain computationally demanding. High-resolution SWAN simulations, for example, can 42 

require substantial wall-clock time for historical tropical-cyclone events [7], while operational nested 43 
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forecasting systems may require several hours for individual high-resolution estuarine simulations [8]. 44 

Large-scale coastal circulation and wave-model configurations can achieve substantial computational 45 

acceleration through high-performance computing [9], yet coupled wave forecasts with local refinement 46 

and ensemble uncertainty assessment still consume considerable computational resources [10, 11, 12]. 47 

Moreover, forecast accuracy during tropical cyclones depends strongly on uncertain atmospheric forcing, 48 

boundary conditions, and parameterization of highly non-stationary wave processes [13]. These 49 

limitations constrain rapid forecasting and repeated scenario evaluation during evolving extreme events. 50 

Data-driven approaches provide a computationally efficient alternative, but their ability to predict rare and 51 

rapidly evolving extremes remains limited. Early machine-learning methods, including support vector 52 

regression (SVR) and random forests (RF), can approximate nonlinear relationships between 53 

environmental forcing and wave conditions [14, 15], but often lose accuracy outside the range well 54 

represented in their training data, particularly during extreme-wave events when Hsig exceeds 4 m [16]. 55 

Deep learning architectures have substantially advanced time-series forecasting by learning complex 56 

temporal and spatial patterns directly from observations [17]. Long short-term memory (LSTM), 57 

convolutional neural network (CNN), and hybrid CNN–LSTM models have demonstrated improved wave 58 

predictions across buoy and regional datasets [18, 19, 20, 21, 22]. Physics-informed neural operators 59 

(PINOs) and related hybrid approaches further seek to improve both robustness and physical consistency 60 

by incorporating governing relationships or physical constraints into data-driven learning [23, 24, 25, 26]. 61 

Nevertheless, extreme typhoon waves pose a particular challenge: they are sparsely represented in 62 

historical observations, strongly non-stationary, and driven by coupled interactions among atmospheric 63 

forcing, antecedent wave conditions, and local environments. Consequently, conventional deep-learning 64 

models can remain sensitive to domain-specific tuning and exhibit limited generalization under data-65 

sparse extreme conditions [27, 28]. 66 

Recent advances in large language models (LLMs) and foundation models for time-series forecasting 67 

provide a new opportunity to address these limitations. Frameworks such as Time-LLM reprogram 68 

pretrained language models for numerical time series through patch-based representations and cross-69 

modal alignment, exploiting their ability to capture long-range dependencies and transferable temporal 70 

patterns [29]. Subsequent developments in patching, representation learning, trend decomposition, and 71 

LLM adaptation have further improved forecasting performance across diverse time-series tasks [30, 31, 72 

32, 33]. However, directly adapting general-purpose LLM architectures to extreme ocean forecasting 73 

presents two fundamental limitations. First, multivariate ocean processes are physically coupled, whereas 74 

generic time-series architectures may learn cross-variable dependencies only implicitly or process 75 

channels largely independently. Second, statistical sequence learning alone does not guarantee physically 76 

consistent predictions, particularly when extrapolating to rare, rapidly evolving extremes. These 77 

limitations are especially consequential for typhoon-induced waves, for which significant wave 78 

height (Hsig) responds strongly to evolving wind forcing while remaining constrained by physically 79 

plausible rates of growth and decay. 80 

To address these challenges, we develop the Typhoon Wave Large Language Model (TW-LLM), a 81 

physics-informed, domain-adapted framework for rapid forecasting of extreme typhoon-induced 82 

significant wave height (Hsig). Building on Time-LLM, TW-LLM introduces three complementary 83 

mechanisms tailored to extreme wave dynamics: (1) structural cross-variable attention to explicitly 84 

represent interactions between wave states and environmental forcing; (2) domain-informed semantic 85 

prompting to provide contextual knowledge of wind–wave processes; and (3) a physics-informed training 86 

objective combining magnitude-aware learning with wind-forcing consistency and kinematic constraints. 87 

Together, these mechanisms target three major challenges in extreme-wave forecasting—multivariate 88 

physical coupling, sparse extreme-event observations, and highly non-stationary wave evolution. 89 
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TW-LLM is evaluated using nine years (2017–2025) of hourly observations from eleven coastal buoys 90 

exposed to typhoon events. Its performance is assessed across short- and extended-lead forecasts and 91 

specifically under extreme typhoon conditions, with comparisons against numerical and data-driven 92 

baselines. Model interpretability is further examined using Shapley additive explanations (SHAP) to 93 

quantify the contributions of environmental covariates and physically relevant predictors. By combining 94 

the long-range representation capability of LLMs with explicit multivariate interactions and physics-95 

informed learning, this study seeks to establish a computationally efficient and physically consistent 96 

framework for near-real-time forecasting of extreme typhoon waves. 97 

2 Methodology 98 

2.1 Framework Overview and Input Representation 99 

To bridge the representation gap between continuous multivariate ocean observations and pretrained 100 

language models, we develop the Typhoon Wave Large Language Model (TW-LLM), a parameter-101 

efficient forecasting framework built upon Time-LLM [29]. TW-LLM combines temporal patching, 102 

explicit cross-variable interaction, cross-modal reprogramming, domain-informed prompting, and physics-103 

informed optimization within a unified architecture. In particular, the framework is designed to address 104 

three challenges in extreme typhoon-wave forecasting: coupled dependencies among met-ocean variables, 105 

the limited representation of extreme wave conditions in historical observations, and the highly non-106 

stationary evolution of significant wave height. 107 

The framework processes multivariate met-ocean time series consisting of significant wave height Hsig 108 

and associated environmental covariates, including wind speed, wave direction, and wind direction. At 109 

each time step t, the multivariate input is represented as: 110 

 xt∈ℝd, (1) 111 

where d denotes the number of variables, including the target variable and environmental covariates. The 112 

complete historical input sequence is: 113 

 X={xt}t=1
T ∈ℝT×d, (2) 114 

where T is the sequence length. 115 

To mitigate scale heterogeneity across variables, normalization is first applied: 116 

 X̂=Norm(X), (3) 117 

where the mean and standard deviation used for normalization are estimated from the training set for each 118 

variable. The normalized sequence is segmented into overlapping temporal patches of length P (with a 119 

predefined stride S): 120 

 X̂→{X(l)}l=1
L

, X(l)∈ℝP×d, (4) 121 

where L=⌊(T−P)/S⌋+1 denotes the total number of temporal patches, determined by the patch length and 122 

stride. 123 

Under the channel-independence (CI) design, each variable is embedded independently into a latent space 124 

of dimension D (the model dimension, a hyperparameter of the framework) via patch embedding layers: 125 

 Z∈ℝB×N×L×D, (5) 126 

where B is the batch size, N=d is the number of variables (including Hsig and covariates), and L is the 127 

number of temporal patches. This patch-based channel-independent formulation follows the patching 128 

design of PatchTST [34] and its implementation in Time-LLM [29]. 129 
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As illustrated in Figure 1, TW-LLM comprises four functional stages connected by two complementary 130 

information pathways: a Data Flow pathway and a Physical-Constraint pathway. First, multivariate met-131 

ocean observations are normalized, segmented into temporal patches, and projected into latent 132 

representations. A cross-variable covariate interaction module then explicitly captures dependencies 133 

among wave and atmospheric variables. Second, the resulting numerical representations are 134 

reprogrammed into the embedding space of a frozen pretrained language model and combined with 135 

structured domain-informed prompts. Third, the pretrained Transformer backbone extracts higher-level 136 

representations from the combined numerical and semantic information. Finally, a forecasting head maps 137 

these representations to the future wave-height sequence. During training, an extreme-aware prediction 138 

loss emphasizes high-wave conditions, while physics-informed regularization promotes physically 139 

plausible temporal evolution. Thus, the domain-informed prompt and numerical physical regularization 140 

serve complementary but distinct functions. The former provides semantic context concerning wind–wave 141 

processes during representation learning, whereas the latter directly constrains model optimization through 142 

the predicted wave-height sequence. 143 

(figure 1) 144 

2.2 Cross-Variable Covariate Interaction 145 

The original channel-independent formulation is effective for preserving variable-specific temporal 146 

characteristics but does not explicitly represent interactions among different physical variables. This 147 

limitation is particularly relevant to typhoon-wave forecasting because wave evolution reflects coupled 148 

influences from atmospheric forcing and antecedent sea states. We therefore introduce a cross-variable 149 

covariate interaction module before the numerical reprogramming stage. For each temporal patch 150 

l∈{1,…,L}, the latent representations of all variables are collected as: 151 

 Zl∈ℝN×D. (6) 152 

Following the scaled dot-product attention formulation [35], a multi-head self-attention layer is applied 153 

across the variable dimension: 154 

 Z̃l=MultiHeadAttention(Zl,Zl,Zl), (7) 155 

where each variable attends to all others within the same temporal patch. For the i-th variable, its updated 156 

representation is: 157 

 z̃l,i=∑ αij
(l)N

j=1 zl,j, (8) 158 

where αij
(l)

 denotes the attention weight from variable j to variable i at patch l, and zl,j is the latent 159 

representation of variable j. This formulation enables the model to dynamically integrate information from 160 

physically related covariates, such as wind speed contributing to wave growth. Here, the learnable query, 161 

key, and value projection matrices map each variable representation into the corresponding query, key, 162 

and value spaces, respectively, and the softmax operation normalizes the attention weights across all 163 

variables within each temporal patch. The updated representations have the following form: 164 

 Z̃∈ℝB×N×L×D. (9) 165 

Before reprogramming, the batch and variable dimensions are combined to obtain: 166 

 Zpatch=Reshape(Z̃)∈ℝBN×L×D, (10) 167 

where BN represents the total number of variable-specific sequences processed independently by the 168 

subsequent reprogramming layer. This operation preserves the variable-specific sequence structure 169 

required by the subsequent Time-LLM reprogramming procedure [29] while allowing information 170 

exchange among variables beforehand. TW-LLM therefore retains the computational advantages of 171 
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channel-independent temporal patching but relaxes the assumption that environmental variables evolve 172 

independently. 173 

2.3 Cross-Modal Reprogramming and Domain-Informed Prompt Conditioning 174 

Prompts are constructed to provide high-level contextual guidance and domain knowledge. Rather than 175 

encoding explicit differential equations or rigid numerical constraints, Tphys represents the textual 176 

encoding of qualitative physical knowledge, including wind-driven wave energy input, coastal shoaling, 177 

and wave dissipation. These physical descriptions serve as semantic priors that provide contextual 178 

guidance to the frozen language model, while numerical physical consistency is further encouraged during 179 

training through the physics-informed regularization described in Section 2.5. 180 

Following Time-LLM [29], the structurally refined numerical representations are reprogrammed into the 181 

embedding space of the pretrained language model. The input embedding matrix of the frozen language 182 

model is defined as: 183 

 Evocab∈ℝV×Dllm, (11) 184 

where V is the vocabulary size and Dllm is the dimension of the language-model embedding space. A 185 

learnable mapping layer is used to obtain a compact set of K source embeddings: 186 

 Esrc=MEvocab∈ℝK×Dllm, (12) 187 

where M∈ℝK×V is the learnable mapping matrix and K denotes the number of source embeddings used for 188 

reprogramming. The pretrained vocabulary embedding matrix remains frozen, while the mapping layer 189 

provides a compact trainable interface between the numerical time-series representation and the language-190 

model embedding space. 191 

The reshaped temporal patch representations Zpatch∈ℝBN×L×D are then aligned with the source embeddings 192 

through a cross-attention-based reprogramming layer: 193 

 Zrepro=Reprogramming(Zpatch,Esrc,Esrc)∈ℝBN×L×Dllm, (13) 194 

where the temporal patch representations serve as queries, while the source embeddings serve as both keys 195 

and values. This operation transforms the continuous numerical features into representations compatible 196 

with the embedding space of the pretrained language model without discretizing the numerical 197 

observations into vocabulary tokens. 198 

In parallel, the contextual and physical prompt components are concatenated into a textual prefix: 199 

 Tprompt=[Tcont;Tphys], (14) 200 

where Tcont contains dataset, environmental, statistical, and event-related information, while Tphys 201 

provides qualitative descriptions of relevant wave-generation, propagation, shoaling, and dissipation 202 

processes. The resulting text sequence is tokenized and processed by the frozen language-model 203 

embedding layer to obtain: 204 

 Eprompt=Embed(Tprompt)∈ℝBN×Lprompt×Dllm, (15) 205 

where Lprompt denotes the number of prompt tokens. Importantly, the prompt embeddings are not used as 206 

queries, keys, or values in the numerical reprogramming operation. Instead, they are introduced separately 207 

as semantic prefix information after the numerical features have been transformed into the language-208 

model embedding space. This separation allows domain knowledge to provide high-level contextual 209 

guidance while leaving numerical physical consistency to the physics-informed regularization during 210 

model optimization. 211 
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A systematic prompt design is employed as a prefix layer alongside the reprogrammed time-series 212 

patches. We use a structured prompt with six complementary components: 213 

Setting: Role: Expert AI model for coastal typhoon wave time-series forecasting. 214 

Context: Marine Environment: coastal met-ocean observations; Typhoon Scenario: Non-stationary wave 215 

evolution under typhoon forcing 216 

Statistical Descriptors: The input sequence has a minimum of <min_val>, a maximum of <max_val>, 217 

and a median of <median_val>. The overall trend is <upward/downward>. The dominant temporal lags 218 

are <lag_val>. 219 

Domain Guidance: Wind forcing contributes to wave growth; energy dissipation contributes to wave 220 

decay; local coastal conditions can modify the wave response. 221 

Directive: Task: Predict the next <Horizon> hours of the H_sig sequence. 222 

Requirement: Maintain temporal continuity and physically plausible wave evolution. 223 

2.4 LLM Input Formation and Forecast Generation 224 

Because the reprogrammed numerical features already reside in the embedding space of the pretrained 225 

language model, no additional tokenization or vocabulary-level discretization is required. The numerical 226 

representations retain the variable-specific sequence form: 227 

 Ets=Zrepro∈ℝBN×L×Dllm. (16) 228 

The structured prompt embeddings are prepended to the reprogrammed temporal representations along the 229 

sequence dimension: 230 

 Einput=[Eprompt;Ets]∈ℝBN×(Lprompt+L)×Dllm. (17) 231 

The resulting sequence is supplied directly to the frozen pretrained Transformer through its input-232 

embedding interface. The pretrained LLM therefore receives two complementary forms of information: 233 

numerical temporal representations obtained through cross-modal reprogramming and domain-specific 234 

contextual information provided through structured prompts. The resulting hidden representations are 235 

passed to a trainable forecasting head to generate the predicted significant wave-height sequence. 236 

2.5 Physics-Informed Training and Optimization 237 

TW-LLM is trained using a composite objective designed to address both statistical accuracy and 238 

physically plausible extreme-wave evolution. The structural covariate interaction and reprogramming 239 

modules transform the multivariate met-ocean observations into representations suitable for the frozen 240 

language model, while the training objective directly constrains the predicted significant wave height 241 

sequence. Specifically, the optimization objective consists of a magnitude-weighted Huber loss and a 242 

physics-informed regularization term. The former improves robustness and emphasizes high-wave-height 243 

events, whereas the latter constrains the temporal evolution of the predicted wave height according to 244 

wind forcing and limits excessively rapid variations. Thus, the physical information introduced through 245 

prompting acts as a semantic prior, while the physics-informed loss provides an independent numerical 246 

constraint during parameter optimization. 247 

Ŷ∈ℝB×H denotes the predicted significant wave-height sequences and Y∈ℝB×H the corresponding 248 

observations, where B is the batch size and H is the forecasting horizon. The training objective is defined 249 

as 250 

 L=Lpred+λphysLphys, (18) 251 



 

7 

where Lpred is the magnitude-weighted Huber prediction loss, Lphys is the physics-informed regularization 252 

term, and λphys controls the relative contribution of the physical regularization. In the implementation, the 253 

predicted and observed wave heights are transformed back to their physical units before the physics-254 

informed loss is evaluated, ensuring that the thresholds and wind-forcing coefficients are interpreted in 255 

physically meaningful units. This inverse-standardization procedure is explicitly implemented before the 256 

loss calculation in the training loop. 257 

2.5.1 Extreme-Aware Magnitude-Weighted Huber Prediction Loss 258 

Extreme typhoon-wave observations are substantially less frequent than observations of normal sea states 259 

but are disproportionately important for coastal hazard forecasting. A conventional mean loss can 260 

therefore be dominated by the much more numerous moderate-wave observations. To obtain robust 261 

predictions across both normal and extreme sea states, we employ the Huber loss as the basic prediction 262 

objective. For an individual prediction element, the Huber loss is defined as [36] 263 

 LHuber(yi,ŷi)={1
2

(yi−ŷi)
2, |yi−ŷi|≤δ

δ|yi−ŷi|−
1
2
δ2, |yi−ŷi|>δ

, (19) 264 

where y and ŷ denote the observed and predicted significant wave heights, respectively, and δ is the 265 

transition threshold between the quadratic and linear regimes. In this study, δ=1.0 m is used, following 266 

common practice in robust regression [36]. The implementation follows this piecewise formulation 267 

directly. 268 

Because high-wave-height observations are less frequent but are particularly important for typhoon-related 269 

wave forecasting, a magnitude-dependent weighting mechanism is further introduced. The prediction loss 270 

is given by 271 

 Lpred= 1
BH
∑ ∑ Wb,i

H
i=1

B
b=1 Huber(yb,i,ŷb,i), (20) 272 

where Wb,i is a sample-dependent weight determined by the observed wave height: 273 

 Wb,i=1+κwϕ(yb,i), (21) 274 

with 275 

 ϕ(yb,i)=min [max(yb,i−η,0),c]. (22) 276 

Here, η denotes the wave-height threshold above which additional weighting is activated, c limits the 277 

maximum value of the additional weighting component ϕ(⋅), and κw controls the strength of the emphasis 278 

on high-wave-height observations. The current implementation uses η=1.5 m, c=2.0 m, and κw=1.0 as the 279 

default values. The bounded form of ϕ(⋅) prevents a small number of extreme observations from receiving 280 

excessively large weights. These parameters are explicitly defined in the training configuration and passed 281 

to the loss function. 282 

This formulation retains the robustness of the Huber objective while increasing the contribution of 283 

relatively high wave-height observations to parameter optimization. Therefore, the model does not simply 284 

minimize the average error across all sea states but gives additional attention to the upper range of wave-285 

height observations that are more consequential for extreme-event forecasting. 286 

2.5.2 Physics-Informed Regularization 287 

To further constrain the temporal behavior of the predicted significant wave height, we introduce a soft 288 

physics-informed regularization term based on two physically motivated terms: wind-forcing consistency 289 

and a kinematic rate constraint. Rather than imposing the complete wave-action balance equation, the 290 



 

8 

proposed regularization uses simplified physical proxies that can be evaluated directly from the available 291 

wind and wave observations. 292 

The physics-informed regularization is defined as 293 

 Lphys=Lwind+Lgrad, (23) 294 

where Lwind constrains the predicted wave-growth tendency according to wind speed and directional 295 

alignment, while Lgrad penalizes excessively large temporal changes in the predicted wave height. 296 

Because the observations contain significant wave height, wave direction, wind speed, and wind direction, 297 

the wind-forcing term incorporates both wind magnitude and the directional relationship between wind 298 

and wave propagation. The temporal change in the predicted wave height is approximated using a first-299 

order finite difference: 300 

 Δtŷb,i=ŷb,i+1−ŷb,i, i=1,…,H−1. (24) 301 

For hourly observations, Δtŷ has units of m/h and represents the predicted wave-height growth or decay 302 

rate between two consecutive forecasting steps. 303 

The directional alignment factor is defined as 304 

 Ab,i=(max[0,cos(θb,i+1
w −θb,i+1

wave)])2
, (25) 305 

where θw and θwave
 denote wind direction and wave direction, respectively. The angular difference is 306 

converted from degrees to radians before evaluating the cosine function. This implementation is directly 307 

reflected in the loss function, where the directional alignment is calculated from the wind and wave 308 

directions at step i+1. 309 

A simplified wind-supported growth-rate upper-bound proxy is then formulated as 310 

 Gb,i=κenergyU10,b,i+1
4 Ab,i, (26) 311 

where U10 denotes the wind speed at a height of 10 m at step i+1 and κenergy is a scaling coefficient. The 312 

coefficient κenergy is introduced here as an empirical scaling coefficient that converts the wind-speed-based 313 

energy-input proxy into a wave-height growth-rate scale. Its functional form is motivated by established 314 

wind-wave input formulations, including the wind-energy input parameterization of Cavaleri and 315 

Malanotte-Rizzoli [37], which relates wave generation to wind forcing and wind-wave directional 316 

alignment [37]. Because the present term is used as a simplified regularization proxy rather than as a direct 317 

implementation of the original wave-energy source term, κenergy is treated as a tunable coefficient. In the 318 

current implementation, κenergy=2.0×10−5 is adopted. 319 

The wind-forcing consistency loss is calculated as the mean squared violation when the predicted wave-320 

height growth rate exceeds this wind-energy upper bound: 321 

 Lwind= 1
B(H−1)

∑ ∑ [ReLU (Δtŷb,i−Gb,i)]2H−1
i=1

B
b=1 . (27) 322 

This term should be interpreted as a first-order physical proxy rather than an exact wave-energy balance 323 

equation. It encourages the predicted wave-height evolution to remain broadly compatible with stronger 324 

wind forcing and favorable wind-wave directional alignment by penalizing wave growth rates that exceed 325 

the wind-supported capacity, without claiming that wave growth is completely determined by wind speed 326 

alone. The corresponding implementation calculates the squared ReLU violation between the finite-327 

difference wave-height change and the wind-energy upper-bound proxy. 328 

In addition to wind-forcing consistency, the model is discouraged from producing unrealistically abrupt 329 

temporal variations. The kinematic regularization is defined as: 330 
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 Lgrad= 1
B(H−1)

∑ ∑ [ReLU (|Δtŷb,i|−δk)]2H−1
i=1

B
b=1 , (28) 331 

where δk represents the maximum tolerated wave-height change per hour. In accordance with ocean wave 332 

dynamics under storm and typhoon conditions [38], the kinematic threshold δk typically ranges from 0.06 333 

to 0.10 m/h; the current implementation adopts δk=0.08 m/h as the default setting. Therefore, temporal 334 

changes below this threshold are not penalized by this term, whereas changes exceeding the threshold 335 

incur an increasing quadratic penalty, thereby suppressing non-physical numerical spikes. This 336 

formulation is implemented through a ReLU operation applied to the absolute first difference of the 337 

predicted wave-height sequence. 338 

2.5.3 Composite Objective, Parameter Updating, and Inference 339 

Combining the magnitude-weighted prediction loss and physics-informed regularization yields the final 340 

optimization objective: 341 

 L=Lpred+λphys(Lwind+Lgrad), (29) 342 

where λphys controls the overall strength of the physics-informed regularization. With the default setting 343 

λphys=0.01, the physical terms act as a soft auxiliary objective rather than replacing the primary forecasting 344 

objective. 345 

During training, the predicted and observed wave heights, together with the wind speed, wind direction, 346 

and wave direction, are converted from their standardized values back to physical units before the 347 

composite loss is evaluated. The resulting loss is then backpropagated through the trainable components of 348 

TW-LLM. The pretrained language-model parameters remain frozen, whereas the trainable numerical 349 

representation, cross-variable interaction, reprogramming, and forecasting components are updated 350 

according to the combined prediction and physical objectives. The implementation explicitly constructs 351 

the Physics-Informed-Wave-Loss, computes the prediction and physical loss components, and performs 352 

parameter updates using the resulting total loss. 353 

During inference, the physics-informed loss is not applied because ground-truth future wave heights are 354 

unavailable. The trained model directly generates the future significant wave-height sequence, which is 355 

subsequently transformed back to physical units for output. 356 

3 Data and Experimental Setup 357 

3.1 Observational Dataset 358 

TW-LLM is evaluated using a multi-year observational dataset collected from eleven coastal wave buoys 359 

along the Zhejiang coast, China. Although the model is developed as a general framework for extreme 360 

typhoon-wave forecasting, the Zhejiang buoy network provides a challenging regional testbed because the 361 

area is frequently affected by western North Pacific tropical cyclones and encompasses diverse nearshore 362 

and offshore environments. 363 

The dataset spans from January 2017 to December 2025 and contains approximately 260,000 hourly 364 

records. The observations cover both routine sea states and episodic typhoon-induced extremes, thereby 365 

providing a strongly non-stationary dataset for evaluating forecasting performance across a broad range of 366 

wave conditions [39]. The primary prediction target is significant wave height, with observed values 367 

ranging approximately from 0.1 m to 7.2 m. Available environmental covariates include wind speed (0–25 368 

m/s), wind direction, barometric pressure, and wave period. The exact subset of covariates used by each 369 

model is kept consistent when comparisons require identical input information. 370 

The eleven stations span different coastal and bathymetric settings, ranging from relatively shallow 371 

nearshore waters (depth < 20 m) to more exposed offshore locations (depth > 50 m). Such spatial 372 
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heterogeneity provides an opportunity to evaluate model performance under different local wave climates 373 

rather than at a single station. Table 1 summarizes the location, sample size, and basic wave height 374 

statistics for each buoy. 375 

Missing observations account for less than 5% of the dataset. Short isolated gaps are reconstructed by 376 

linear interpolation, whereas longer gaps are excluded from sequence construction to avoid introducing 377 

artificial temporal evolution across extended periods without observations. Importantly, interpolation is 378 

performed independently within each temporal subset after data splitting, thereby preventing information 379 

from the validation or test periods from propagating into the training data. 380 

Normalization parameters are estimated exclusively from the training subset. Reversible Instance 381 

Normalization (ReVIN) is additionally employed to reduce distributional shifts among temporal windows 382 

while retaining the ability to recover predictions in physical units. All reported physical error metrics are 383 

calculated after inverse transformation. 384 

For the three stations with long continuous records, i.e., Zhujiajian, Wenzhou (Dongtou), and Dachen, the 385 

observations are divided chronologically into training, validation, and test periods using a 70:20:10 ratio. 386 

Chronological splitting is adopted rather than random sampling to ensure that future observations do not 387 

leak into model training. For the eight stations with short records (8,976 hourly samples each), temporally 388 

blocked cross-validation is used. Each fold preserves temporal ordering between the training and 389 

evaluation periods, thereby providing a more realistic assessment of out-of-sample forecasting 390 

performance than random K-fold partitioning. 391 

Two principal forecasting horizons are considered: a short-range 6-h forecast and an extended 96-h 392 

forecast, corresponding to four days for the hourly observations. Performance is evaluated both over the 393 

complete test datasets and over high-wave subsets representing extreme conditions. Because extreme Hsig 394 

values occur much less frequently than ordinary sea states, the latter evaluation is used to assess whether 395 

improvements in overall accuracy persist under the conditions most relevant to coastal hazards. 396 

The 2017–2025 dataset contains 12 historical typhoon-affected periods, including events producing 397 

observed significant wave-height values exceeding 4–6 m, such as Typhoon Gaemi, at exposed stations. 398 

These observations are highly imbalanced: high-wave conditions constitute only a small fraction of the 399 

complete dataset. The resulting combination of strong temporal non-stationarity, event rarity, spatial 400 

heterogeneity, and rapid wave growth and decay provides a stringent test for data-driven forecasting 401 

models. 402 

Figure 2 shows the trajectories of tropical cyclones affecting the study region during 2017–2025 based on 403 

the China Meteorological Administration (CMA) Best-Track dataset, together with the eleven buoy 404 

locations. Figure 3 presents representative hourly wave height time series from eight selected buoys with 405 

relatively continuous observations, illustrating the contrast between routine sea states and episodic 406 

typhoon-induced peaks. 407 

An additional 2026 dataset is used exclusively for independent temporal evaluation. These observations 408 

are completely withheld from model development and are not used for training, validation, 409 

hyperparameter selection, or estimation of normalization statistics. This independent period therefore 410 

provides an additional test of model transfer to previously unseen events beyond the 2017–2025 411 

development dataset. 412 

(figure 2) 413 

(table 1) 414 

(figure 3) 415 
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3.2 Baselines, Ablation Design, and Evaluation Metrics 416 

The Time-LLM framework [29], from which TW-LLM is derived, serves as the representative data-driven 417 

baseline. Where temporally and spatially matched simulations are available, predictions are additionally 418 

compared with physics-based numerical simulations from the SWAN model [6]. Numerical outputs are 419 

interpolated to the corresponding buoy locations and hourly timestamps. Because numerical and data-420 

driven forecasting systems differ substantially in their forcing requirements and computational 421 

configuration, these comparisons are interpreted as operational reference benchmarks rather than strictly 422 

equivalent model-to-model experiments. For fair comparison among all data-driven models, identical 423 

training, validation, and test periods and, where supported by the architecture, identical input information 424 

are used. Hyperparameters are selected using only the training and validation data. No test observations 425 

are used for model selection. Each neural forecasting experiment is repeated using five independent 426 

random seeds, and performance is reported as the mean together with the corresponding variability across 427 

runs. 428 

Ablation experiments are designed to isolate the contributions of the major TW-LLM components. 429 

Starting from the complete model, we separately remove (i) cross-variable covariate interaction, (ii) 430 

domain-informed prompting, and (iii) physics-informed regularization. Additional ablations separate the 431 

wind-consistency and temporal-rate components of the physical objective where appropriate. These 432 

experiments allow the contribution of representation coupling, semantic domain information, and 433 

numerical physical regularization to be evaluated independently. 434 

Forecasting accuracy is primarily assessed in physical units using root-mean-square error (RMSE) and 435 

mean absolute error (MAE). Normalized mean squared error (MSE) and MAE are additionally reported 436 

where needed for comparison with previous time-series forecasting studies. Model robustness under 437 

extreme conditions is assessed using MAE computed on high-wave samples (above a predefined 438 

threshold). Pattern consistency is evaluated using Taylor diagrams [40]. 439 

4 Results 440 

4.1 Overall Forecasting Performance 441 

TW-LLM consistently improves significant-wave-height forecasts across both short- and long-term 442 

horizons. The improvement is modest under relatively regular sea states but becomes more pronounced for 443 

long-horizon and high-wave conditions, for which conventional data-driven models show greater error 444 

accumulation and peak attenuation. 445 

For the 6-h forecasting task, TW-LLM achieves normalized MSE and MAE values of 0.023 and 0.104, 446 

respectively, corresponding to a physical RMSE of ~0.15 m. For the 96-h forecasting task, the 447 

corresponding normalized MSE and MAE are 0.09 and 0.133, respectively, with a physical RMSE of ~0.3 448 

m. These results indicate that the model retains useful predictive skill as the forecasting horizon increases 449 

from several hours to four days. 450 

Relative to the Time-LLM baseline, TW-LLM shows the largest improvements for extended-lead 451 

forecasts. In the comparison yielding the largest performance difference, RMSE is reduced by 452 

approximately 60%. Performance under extreme conditions is further evaluated on a subsample of the test 453 

set where the observed Hsig exceeds the 93rd percentile. In this regime, TW-LLM achieves a 40% 454 

reduction in RMSE to 0.23 m, suggesting enhanced robustness in capturing high-impact wave dynamics. 455 

Figure 4 summarizes model performance using a Taylor diagram, where angular position denotes the 456 

Pearson correlation coefficient and radial distance represents normalized standard deviation, while the 457 

distance to the reference point corresponds to centered RMSE. TW-LLM consistently lies closest to the 458 

observed reference, with correlation coefficients exceeding 0.94, compared to approximately 0.77 for the 459 
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vanilla Time-LLM. In addition, the standard deviation ratio of TW-LLM remains close to 1.0, indicating 460 

that the model better reproduces the observed variability of wave heights. In contrast, SWAN tends to 461 

underestimate variability during peak events, while Time-LLM exhibits larger centered RMSE. These 462 

results suggest that the proposed framework provides a more balanced representation of both amplitude 463 

variability and temporal coherence under complex typhoon forcing. 464 

(figure 4) 465 

4.2 Event-Based Performance and Ablation Analysis 466 

Figure 5 examines time series predictions during selected typhoon-affected periods at the Dachen and 467 

Nanji stations: Figure 5(a) and (c) show predictions during Typhoons FRANCISCO and CO-MAY in July 468 

2025 from the held-out evaluation data, while Figure 5(b) and (d) show predictions for the independent 469 

2026 period from August 26 to September 4, which includes the influence of Typhoon SAUDEL from 470 

August 26 to 28. 471 

Across these events, TW-LLM reproduces the major phases of wave evolution, including pre-storm 472 

growth, peak development, and subsequent decay, and follows the magnitude and timing of the observed 473 

response more closely than the vanilla Time-LLM, which tends to produce smoother trajectories and 474 

attenuate extreme peaks. 475 

The independent 2026 evaluation provides a more stringent test, as neither the observations from this year 476 

nor the corresponding events are included in model development. TW-LLM retains useful forecasting skill 477 

during this period, suggesting out-of-sample temporal generalization within the related regional wave 478 

climate rather than universal transferability across ocean basins. 479 

(figure 5) 480 

Figure 6 further evaluates prediction behavior through predicted-versus-observed scatter plots and residual 481 

distributions. Under non-typhoon conditions (Figure 6(b) and (d)), the fitted relationship is close to the 1:1 482 

line with R² = 0.99, indicating minimal systematic bias over the dominant range of ordinary wave 483 

conditions. For the high-wave subset (Figure 6(a) and (c)), the model retains a high coefficient of 484 

determination (with R² = 0.98), but it also reveals a remaining amplitude-dependent bias. In particular, the 485 

slope below unity indicates that the largest observed wave heights tend to be underestimated, despite the 486 

substantial improvement over the baseline models. This residual peak attenuation reflects the difficulty of 487 

extrapolating to sparsely sampled extremes. The corresponding residual distributions (Figure 6(c) and (d)) 488 

remain approximately centered on zero, with non-typhoon residuals confined within roughly 0.4 m and a 489 

longer negative tail under typhoon extremes, consistent with the amplitude-dependent underestimation of 490 

the largest wave heights. 491 

Ablation experiments further isolate the contribution of each component by comparing the complete 492 

model with variants that remove cross-variable covariate interaction (w/o Structural Cross-variable 493 

Attention, SCA+Lphys), domain-informed prompting (w/o Prompt), and physics-informed regularization 494 

(w/o Lphys), together with the original Time-LLM architecture. Experiments are performed under both 495 

short-term (6-h) and long-term (96-h) forecasting settings, and the reported results are averaged over five 496 

random seeds. For visualization, the error metrics are transformed using −log10, with higher values 497 

indicating better performance. 498 

As shown in Figure 6(e) and 6(f), the complete TW-LLM consistently achieves the highest transformed 499 

scores across both forecasting horizons. Removing Lphys produces a pronounced degradation for short-500 

term prediction but only a limited decline in long-term forecasting, indicating that the physical constraint 501 

is most effective at suppressing prediction errors at short lead times. 502 
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Removing the prompt mechanism or the cross-variable interaction module also leads to noticeable 503 

performance degradation, confirming the value of semantic physical priors and explicit cross-variable 504 

coupling. All TW-LLM variants improve substantially over the vanilla Time-LLM, indicating that 505 

adapting a general-purpose LLM without domain-specific design is insufficient for complex marine time-506 

series forecasting. 507 

(figure 6) 508 

4.3 Model Interpretation and Generalization 509 

KernelSHAP analysis [41] is applied to the complete forecasting pipeline to provide an input-output 510 

interpretation of TW-LLM predictions. The trained model is treated as a black-box predictor, and SHAP 511 

values quantify the change in model output associated with individual input variables relative to the 512 

selected background distribution. This analysis does not reveal the internal reasoning process of the frozen 513 

LLM; rather, it provides a post hoc attribution of the final forecast to the numerical model inputs. 514 

Figure 7(a) presents the global SHAP analysis over the test dataset. The mean absolute SHAP values 515 

summarize the overall importance of each input variable, while the beeswarm distribution illustrates the 516 

variation and direction of feature contributions among individual samples. Historical wave height 517 

variables exhibit the largest contributions, indicating that temporal persistence plays a dominant role in 518 

short-term wave evolution. Meanwhile, meteorological and wave-state variables, such as wind speed and 519 

wave period, provide additional contributions, demonstrating that TW-LLM effectively incorporates 520 

external forcing information beyond autoregressive dependencies. The identified feature importance 521 

hierarchy agrees with established oceanographic understanding, where wave conditions are jointly 522 

controlled by previous sea states and wind-driven energy input. These results suggest that the proposed 523 

framework is able to utilize physically meaningful variables while maintaining the forecasting capability 524 

of the LLM-based architecture. 525 

To further investigate individual prediction behavior during extreme events, a case study is conducted for 526 

a typhoon-induced wave peak at a representative coastal buoy station during Typhoon Gaemi (2024). As 527 

shown in Figure 7(b), the SHAP force plot shows how contributions from individual input variables shift 528 

the prediction from the expected prediction value (Hsig) to the final forecast. Historical wave height 529 

provides the dominant contribution, while wind-related and wave-related variables adjust the prediction 530 

according to the evolving environmental conditions. 531 

Overall, KernelSHAP provides an interpretation of TW-LLM predictions at the input-output level. The 532 

consistency between feature contributions and known wave-generation processes supports the reliability 533 

and interpretability of the proposed framework for typhoon-induced wave forecasting. 534 

(figure 7) 535 

5 Discussion 536 

The results demonstrate the potential of physics-guided large language models for typhoon-induced wave 537 

forecasting. By extending the Time-LLM framework with structural covariate interaction, physics-538 

informed prompts, and physically constrained optimization, the proposed model improves the 539 

representation of nonlinear relationships between wave evolution and atmospheric forcing. The 540 

KernelSHAP analysis further provides an input-output interpretation of model predictions, showing that 541 

historical wave conditions dominate the forecasting process while meteorological variables provide 542 

additional information consistent with wave-generation mechanisms. 543 

The improvements achieved by TW-LLM highlight the benefit of integrating physical knowledge into 544 

data-driven forecasting frameworks. The structural covariate interaction module addresses the limitation 545 

of conventional channel-independent modeling by enabling information exchange among related 546 



 

14 

environmental variables before LLM-based representation learning. The weighted Huber objective 547 

improves robustness against the highly skewed distribution of typhoon-induced wave observations, where 548 

extreme events constitute only a small fraction of the dataset [42]. Meanwhile, the physics-informed loss 549 

constrains unrealistic temporal variations and improves stability during long-horizon forecasting. These 550 

findings support the growing potential of physics-informed machine learning approaches for complex 551 

geophysical forecasting tasks [43, 44, 45]. 552 

The independent 2026 evaluation provides encouraging evidence of temporal generalization to previously 553 

unseen typhoon conditions. However, such temporal transfer should not be conflated with geographical 554 

generalization. All training data originate from a single regional buoy network, and the model has not yet 555 

been evaluated across fundamentally different tropical-cyclone basins, shelf geometries, or wave climates. 556 

Demonstrating cross-basin transfer—for example, between the western North Pacific, Atlantic, and Indian 557 

Ocean—would provide a substantially stronger test of whether the learned representation captures general 558 

tropical-cyclone wave dynamics rather than regional statistical structure. 559 

From an operational perspective, TW-LLM provides an efficient alternative for coastal wave prediction by 560 

combining forecasting accuracy with model interpretability. The ability to forecast significant wave height 561 

several days in advance can support coastal hazard assessment and marine emergency management. 562 

Furthermore, the explainable prediction framework allows users to identify the dominant environmental 563 

factors associated with individual forecasts, improving the transparency of AI-assisted decision-making. 564 

Several limitations remain. First, extreme observations are still sparse, and the largest Hsig values remain 565 

more difficult to predict than routine conditions. Second, the present physical regularization uses 566 

simplified wind–wave and temporal-rate proxies rather than the complete wave-action balance. More 567 

physically grounded constraints based on wave energy, spectral characteristics, wave age, fetch, and 568 

propagation may further improve extrapolation while reducing reliance on empirical coefficients. Third, 569 

the availability of future atmospheric forcing must be treated explicitly for operational long-horizon 570 

prediction. In practical 96-h forecasting, future wind information should originate from operational 571 

atmospheric forecasts rather than future observations. Quantifying the sensitivity of TW-LLM to errors in 572 

forecast wind forcing is therefore an important next step. Fourth, the present uncertainty analysis based on 573 

multiple random initializations captures model-training variability but does not represent the full 574 

predictive uncertainty associated with atmospheric forcing, observational error, and distribution shift. 575 

Although the proposed framework effectively utilizes numerical oceanographic variables, additional 576 

multimodal information, such as satellite observations and numerical wave model outputs, may further 577 

improve forecasting capability and uncertainty estimation. In addition, deployment on distributed marine 578 

observation platforms requires further optimization of computational efficiency. Future studies may 579 

investigate multimodal fusion, hybrid numerical-AI forecasting systems, and adaptive learning strategies 580 

across heterogeneous buoy networks. 581 

6 Conclusions 582 

This study develops TW-LLM, a physics-informed large language model framework for forecasting 583 

typhoon-induced significant wave height. Building on Time-LLM, TW-LLM combines explicit cross-584 

variable interaction, domain-informed semantic conditioning, extreme-aware learning, and soft physical 585 

regularization to address the coupled, imbalanced, and highly non-stationary characteristics of extreme 586 

wave evolution. Evaluation using hourly observations from eleven coastal buoys spanning 2017–2025 587 

demonstrates improved forecasting performance across both 6-h and 96-h horizons, with particularly 588 

pronounced gains under high-wave conditions. Ablation experiments further show that cross-variable 589 

interaction and physics-informed regularization provide complementary benefits across both short- and 590 

extended-lead forecasting. An independent 2026 evaluation also demonstrates useful predictive skill for 591 

previously unseen typhoon events within the regional wave climate. These results suggest that combining 592 
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pretrained time-series representations with explicit environmental interactions and physically motivated 593 

constraints provides a promising approach to rapid extreme-wave forecasting. Further evaluation across 594 

different ocean basins and integration with operational atmospheric and numerical wave forecasts will be 595 

important for establishing broader geographical generalization and operational applicability. 596 

Data availability 597 

The code and data in this study are available at https://github.com/Xufeeg/Experimental_dataset_for_TW-598 

LLM.git. 599 
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Figure legends 729 

 730 

Figure 1. Schematic architecture of the TW-LLM framework, illustrating the four functional stages: (I) Temporal and 731 

Covariate Representation, (II) Cross-Modal Reprogramming and Domain Grounding, (III) Pre-trained LLM 732 

Representation, and (IV) Forecasting and Physics-informed Optimization. The architecture combines a numerical 733 

data-flow pathway and a complementary domain-guidance and physical-constraint pathway. 734 
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 735 

Figure 2. Location of the eleven coastal buoy stations and tracks of tropical cyclones affecting the study region 736 

during 2017–2025. Tropical-cyclone tracks are obtained from the China Meteorological Administration's Best-Track 737 

Database and categorized according to storm intensity. 738 
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        739 

Figure 3. Representative hourly Hsig records from eight buoy stations (2022–2025). Black dashed vertical lines 740 

indicate the training and validation period endpoints where applicable. 741 
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 742 

Figure 4. Taylor diagram comparing TW-LLM with the Time-LLM baseline and SWAN numerical simulations. 743 
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 744 

Figure 5. Observed and predicted significant wave height at the Dachen and Nanji buoy stations during selected 745 

typhoon-affected periods in 2025 and 2026. Orange dots denote observed significant wave height, blue curves 746 

represent the TW-LLM forecasts with a 24-h rolling prediction, gray dashed curves indicate the Time-LLM baseline, 747 

shaded bands around the TW-LLM curves denote the 95% confidence intervals estimated from five independent 748 

runs, and shaded regions indicate typhoon-affected periods (blue for Francisco, purple for Co-May, and green for 749 

Saudel). The 2026 period is used exclusively as an independent temporal evaluation and is not included in model 750 

development. 751 
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 752 

Figure 6. Predicted versus observed significant wave height for the Dachen test dataset (n = 6,858 samples) under (a) 753 

typhoon extremes and (b) non-typhoon conditions, with the corresponding residual distributions shown in (c) and (d). 754 

The solid black line denotes the 1:1 reference, and the red dashed regression line quantifies systematic prediction 755 

bias. (e, f) Ablation analysis of TW-LLM and its variants for short-term (6-h) and long-term (96-h) forecasting 756 

horizons, evaluated using the MSE and MAE metrics. 757 
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 758 

Figure 7. KernelSHAP analysis of TW-LLM: (a) global feature importance and SHAP value distributions over the 759 

test dataset; (b) local waterfall and force-plot explanations for a typhoon-induced wave event at a representative 760 

coastal buoy station during Typhoon Gaemi (2024), where blue and red bars denote contributions that decrease and 761 

increase the prediction, respectively. 762 
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Table 1. Summary of the eleven coastal buoy datasets used in this study. 763 

Buoy ID Location (Lat/Lon) Mean Hs 
(m) 

Std Hs 
(m) Sample Size (Train/Val/Test) Typhoon Event 

Count 

Zhujiajian 
29.894°N, 
122.427°E 

1.178 0.843 63,360 (7:2:1) 53 

Wenzhou 
(Dongtou) 

27.812°N, 
121.159°E 

0.654 0.490 53,472 (7:2:1) 47 

Dongji 30.188°N, 
122.739°E 

1.610 0.698 
8,976 (K-fold Cross-

Validation) 10 

TaizhouSanmen 
28.958°N, 
121.812°E 

0.725 0.444 
8,976 (K-fold Cross-

Validation) 10 

Toumen 
28.711°N, 
121.733°E 

0.341 0.590 
8,976 (K-fold Cross-

Validation) 10 

LinhaDongji 28.698°N, 
121.919°E 

1.364 0.682 
8,976 (K-fold Cross-

Validation) 10 

Dachen 28.44°N, 121.915°E 1.469 0.843 70,632 (7:2:1) 57 

YuhuanPishan 28.067°N, 121.53°E 1.566 0.717 
8,976 (K-fold Cross-

Validation) 10 

Wenzhou 
27.895°N, 
121.157°E 

0.996 0.443 
8,976 (K-fold Cross-

Validation) 10 

Nanji 27.425°N, 
121.121°E 

1.759 0.847 
8,976 (K-fold Cross-

Validation) 10 

Xiaguan 
27.207°N, 
120.628°E 

1.484 0.840 
8,976 (K-fold Cross-

Validation) 10 
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