Supplementary Materials
Supplementary Methods S1. Dataset details and preprocessing
S1.1 ChineseEEG dataset
The ChineseEEG dataset (1) contains high-density EEG and simultaneous eye-tracking recordings acquired from 10 right-handed participants during silent reading of natural Chinese texts. Participants were aged 18–29 years, with a mean age of 22.7 years, including 5 males. EEG was recorded using an EGI 128-channel GSN-HydroCel system at 1 kHz, with electrode impedances kept below 50 kΩ. Reading materials included the Chinese translation of The Little Prince and Garnett Dream, comprising 115,233 Chinese characters and 2,985 unique characters in total. The two corpora were divided into 7 and 18 formal experimental runs, respectively. Each run lasted approximately 30 min, yielding approximately 13 h of reading per participant and about 130 participant-hours overall. Stimuli were presented on a 1920 × 1080, 60-Hz Dell monitor at a viewing distance of approximately 67 cm. Three lines of text were displayed simultaneously, with the middle line serving as the current reading line. Each Chinese character in the middle line was sequentially highlighted in red for 0.35 s. Eye-tracking data were used to verify reading behavior and support character-level EEG–text alignment.

S1.2 ZuCo 1.0 dataset
ZuCo 1.0 (2) is a naturalistic English reading dataset with simultaneous EEG and eye-tracking recordings. It includes 12 healthy adult native English speakers, each completing approximately 4–6 h of English text reading, and contains 21,629 words, 1,107 sentences, and 154,173 fixation events. ZuCo 1.0 includes two normal reading tasks and one task-specific reading task, with textual materials derived from movie-review sentences and Wikipedia relation-extraction sentences. EEG was recorded using a 128-channel Geodesic HydroCel system at 500 Hz, with recording bandpass of 0.1–100 Hz, Cz as reference, and electrode impedances below 40 kΩ. Eye-tracking was acquired using EyeLink 1000 Plus at 500 Hz. In this study, sentence-level reading-related EEG responses were used for visual language functional boundary delineation and cross-modal semantic transfer.

S1.3 Spanish Speech EEG dataset
The Spanish Speech EEG dataset (3) is a large-scale EEG dataset for Spanish sentence perception and silent speech production. It includes 60 EEG recording sessions from 56 healthy participants using a 64-channel EEG system. Stimuli consisted of 30 daily-use Spanish sentences. Each trial included 5-s resting fixation, a speech perception phase, a 1-s preparation period, and a 5-s silent speech production phase. In early participants, the perception phase lasted 4 s and each sentence was repeated seven times; from participant S19 onward, the perception phase lasted 5 s and each sentence was repeated six times. Thus, the speech perception phase lasted approximately 14–15 min per session, and the full task lasted approximately 48–52.5 min/session. Only the speech perception phase was analyzed in this study. The dataset was used for auditory language functional boundary delineation and visual–auditory semantic-region transfer.

S1.4 HCP dataset
Structural neuroimaging data from HCP (4) were used to construct cortical geometric priors. Structural MRI data from 251 healthy participants were selected. HCP provides high-resolution T1w and T2w structural images acquired at 0.7-mm isotropic resolution and processed using the HCP minimal preprocessing pipeline (5). Based on fsLR-32k cortical surface space, 32,492 cortical vertices per hemisphere and mesh adjacency relationships were extracted. The cortical mid-thickness surface was represented as a continuous manifold for computing geometric neighborhood relationships, geodesic distances, and Laplace–Beltrami eigenfunctions. HCP diffusion MRI data, acquired at 1.25-mm isotropic resolution with multi-shell diffusion weighting at and s/mm², were used when structural-connectivity priors were required.

S1.5 HBN-EEG Dataset
HBN-EEG (6, 7) was derived from the Healthy Brain Network project and provides a large-scale open high-density EEG resource for developmental mental health research. In this study, 11 public HBN-EEG releases comprising 3,257 participants were used. EEG data were primarily acquired using a 128-channel EGI Geodesic HydroCel system at an original sampling rate of 500 Hz. HBN-EEG organizes EEG recordings in BIDS format and provides standardized task-event annotations using Hierarchical Event Descriptors. The dataset also includes demographic variables and questionnaire-derived dimensional psychopathology scores, including p-factor, internalizing, externalizing, and attention dimensions. HBN-EEG was used only to learn large-scale EEG dynamic priors for NPI pretraining.

S1.6 Task-state EEG preprocessing and semantic feature construction
For the task-state language EEG datasets, including ChineseEEG, ZuCo 1.0, and Spanish Speech EEG, a unified preprocessing strategy was applied to improve comparability across datasets while preserving dataset-specific temporal annotations. Continuous EEG recordings were first subjected to band-pass filtering, bad-channel handling, re-referencing, and artifact correction. For ChineseEEG, we adopted and extended the official preprocessing workflow. Raw EEG signals were filtered between 0.5 and 80 Hz using a fourth-order zero-phase Butterworth filter. Infomax independent component analysis was then applied to remove stereotypical artifacts. Components related to ocular, muscular, and cardiac activity were identified using ICLabel/mne-iclabel and were removed after visual inspection.

For ChineseEEG, EEG epochs were time-locked to the onset of each highlighted Chinese character and extracted from −200 ms to +800 ms. Baseline correction was performed using the −200 to 0 ms pre-stimulus interval. The 0–800 ms post-stimulus interval was used for ERP and source-space neural-field analyses. Specifically, the N170, P200, and N400 time windows were used to interpret orthographic, attentional/sequence-related, and semantic processing, respectively. All participant-level EEG data were z-score normalized to reduce amplitude differences across subjects. To construct textual semantic features, BERT-base-Chinese was used to extract 768-dimensional character-level embeddings from the final hidden layer. These embeddings were used for semantic alignment between EEG-derived neural-field representations and textual representations.

For ZuCo 1.0, reading-related EEG segments were extracted according to fixation events and word boundaries provided by the synchronized eye-tracking annotations. Word-level EEG responses were then aggregated at the sentence level to obtain sentence-reading evoked responses. For Spanish Speech EEG, EEG segments were extracted according to the onset of each sentence during the speech perception phase, and sentence-listening evoked responses were computed at the sentence level. Only the speech perception phase was used in the present study.

To reduce distributional differences caused by recording systems, channel configurations, and participant variability, all task-state EEG datasets were mapped onto a common standard electrode space and normalized within participants. Euclidean alignment was then applied before cross-subject and cross-modal analyses to reduce inter-subject covariance mismatch. The resulting aligned task-state EEG representations were used for Chinese EEG-to-text decoding, language functional boundary delineation, visual–auditory semantic transfer, and ERP-informed error-subtype analysis.

S1.7 Non-task continuous EEG preprocessing for NPI pretraining
TUEG was used to learn large-scale clinical EEG neurodynamic priors for the NPI module. Unlike ChineseEEG, ZuCo 1.0, and Spanish Speech EEG, TUEG was not used for language decoding, semantic alignment, or cross-modal transfer. Instead, it served as a large-scale source of non-task clinical EEG signals for learning general temporal dynamics, rhythmic structure, and state-transition patterns.

Usable continuous EEG segments were selected according to recording metadata, channel availability, signal quality, and preprocessing quality-control criteria. EEG recordings were then processed by valid-channel selection, bad-channel handling, re-referencing, 50/60-Hz power-line notch filtering, 0.5–50 Hz band-pass filtering, sampling-rate harmonization, amplitude normalization, and temporal window segmentation. When required for model input consistency, recordings were resampled to 100 Hz during preprocessing. Channel standardization was performed to map heterogeneous clinical recordings to a common electrode configuration.

After preprocessing, continuous clinical EEG signals were divided into fixed-length temporal windows for NPI pretraining. These windows were used to train the NPI branch to model general EEG neurodynamic patterns, including temporal dependencies, oscillatory structure, and perturbation propagation tendencies. The resulting pretrained NPI parameters provided neurodynamic priors for subsequent task-state language EEG modeling. By separating TUEG pretraining from task-state language decoding, the framework used large-scale clinical EEG to improve the stability of neurodynamic inference without introducing language-label information into the downstream Chinese EEG-to-text decoding task.

Supplementary Materials S2. Model Architecture and Implementation of CAGNNF
S2.1 Overall Architecture
The context-aware geometric neurodynamic neural field framework (CAGNNF) is a geometric neurodynamic framework for reconstructing language-network-enriched source-space neural fields from scalp EEG and performing EEG-to-text decoding. The framework consists of a Geometric Neural Field Encoder and a Meta-Diffusion Semantic Decoder. The encoder maps EEG time series into cortical-geometry-constrained neural fields, whereas the decoder aligns the neural-field representation with textual semantic space and generates language outputs under limited subject-specific calibration.
The total objective function is defined as:

Here, denotes the perturbation propagation reconstruction loss, denotes the geometric neural field constraint loss, regularizes the latent distribution, denotes the meta-learning adaptation loss, and denotes the diffusion decoding loss. The contribution of each term is controlled by the weighting coefficient .

S2.2 Geometric Neural Field Encoder
The Geometric Neural Field Encoder integrates EEG temporal dynamics with cortical spatial structure. Rather than directly using channel-level EEG features, this module first estimates perturbation propagation among brain regions and then represents the resulting propagated source-space activity as a continuous neural field defined on the cortical surface.
Given an EEG time series , the dynamics of the -th brain region are modeled as:

where  denotes the activity of region ,  represents the directional influence from region  to region ,  denotes the propagation delay,  is the perturbation noise term, and  is a nonlinear response function. NPI learns the effective connectivity matrix by minimizing the perturbation propagation prediction error:

The resulting matrix  characterizes time-varying directional perturbation propagation among N source-space cortical nodes. Importantly,  itself is not directly projected onto a cortical geometric mode. Instead,  is treated as a directional propagation operator acting on the source-space neural state s(t), producing a propagated source-space activity pattern:

Here, Wt is an N×N matrix, s(t) is an N-dimensional source-space activity vector, and α(t) is also an N-dimensional source-space activity vector. Therefore, the multiplication Wt produces a propagated activity pattern with the same node dimension as the cortical surface representation. GNFC is then applied to the propagated activity α(t), rather than to the effective-connectivity matrix Wt itself. In the HCP cortical surface space, the Laplace–Beltrami eigenvalue problem is solved on the cortical manifold :

where  denotes the -th geometric eigenmode and is the corresponding eigenvalue. Let  denote the retained cortical geometric eigenmode basis, where Φ is an N×K matrix. The modal coefficients of the NPI-propagated activity are computed as:

where  denotes the cortical surface mass matrix. When the discretized eigenmodes are treated as Euclidean-orthonormal, this expression reduces to:

The geometry-constrained neural field is then reconstructed as:

Equivalently, in discretized vector form, this can be written as:

The geometric neural field constraint loss is defined as:

The first term encourages the reconstructed field to be represented by the retained cortical geometric modes, whereas the second term promotes spatial smoothness and continuity over the cortical surface. This formulation clarifies the dimensional relationship among the NPI operator, source-space activity, and cortical eigenmodes. NPI provides the directional propagation operator .  gives the propagated source-space activity pattern, and GNFC constrains the spatial expression of this propagated activity on the cortical manifold. Therefore, the model does not project an N x N effective-connectivity matrix onto a single 1 x N mode; it expands and regularizes the NPI-propagated source activity in a low-dimensional cortical geometric basis.
To explicitly incorporate the language network, we constructed a probabilistic language-network prior in source space. The prior was defined as a vertex-wise weighting map  in [0,1], based on canonical language-related cortical regions reported in previous neuroimaging studies, including inferior frontal, superior and middle temporal, anterior temporal, temporoparietal, and semantic-processing regions. This prior was used as a soft weighting map rather than as a hard exclusion mask.
Given the geometry-constrained whole-brain neural field , the language-network-enriched component was obtained as:

The latent representation passed to the semantic decoder was computed by pooling information from both the whole-brain geometry-constrained neural field and its language-network-weighted component:

The encoder therefore outputs a latent neural-field representation:

where  denotes the set of geometric eigenmodes and  denotes the soft language-network prior. This design preserves whole-brain NPI-derived propagation while emphasizing the component expressed in canonical language-related cortex. The reconstructed representation is therefore referred to as a language-network-enriched source-space neural field. Its anatomical relevance was evaluated by comparing the reconstructed field with reference language regions using Dice, IoU, and HD95, and its semantic relevance was further assessed through bidirectional visual-auditory transfer analyses.
To stabilize the latent distribution, a KL-divergence regularization term is introduced:

where denotes the standard normal prior.

S2.3 Meta-Diffusion Semantic Decoder
After obtaining the neural-field representation , the Meta-Diffusion Semantic Decoder maps it into textual semantic space. This decoder consists of a model-agnostic meta-learning module and a diffusion-based semantic decoding module.
In the MAML module, each participant or corpus segment is treated as a decoding task . Given a small number of calibration samples, task-specific parameters are first updated on the support set:

and the meta-parameters are then optimized on the query set:

This procedure enables rapid adaptation of the neural-field-to-semantic mapping using only a small number of subject-specific calibration samples.
The diffusion decoder generates text sequences through conditional semantic recovery. Let  denote the semantic embedding of the reference text. The forward diffusion process gradually adds noise to . At a single diffusion step, this process can be written as:

Equivalently, the noisy semantic state at diffusion step t can be written in closed form as:

where epsilon is sampled from a standard Gaussian distribution and  denotes the cumulative noise-schedule coefficient:

This equation indicates that  contains two components: the retained semantic signal and the injected Gaussian noise. The reverse denoising process is conditioned on the neural-field representation :

The diffusion decoding loss is:

The denoising network is trained to predict the injected noise epsilon from the noisy semantic state , the diffusion step t, and the source-space neural-field representation . Through the reverse denoising process, the decoder recovers the semantic embedding and maps it to the final text output. Compared with direct classification- or regression-based decoding, this diffusion formulation models EEG-to-text generation as a conditional semantic recovery process and is better suited to the one-to-many relationship between neural activity and natural language outputs.

S2.4 Training Procedure
CAGNNF was trained using a staged strategy. First, the Geometric Neural Field Encoder was pretrained using TUEG and HCP data. TUEG was used to learn perturbation propagation priors from large-scale EEG dynamics, whereas HCP provided cortical geometric eigenmodes and structural connectivity constraints. This stage aimed to obtain stable NPI parameters, geometric modal bases, and a source-space neural-field encoder.
The model was then trained on ChineseEEG for semantic alignment and text decoding. For each character- or sentence-level event, the corresponding EEG window was passed through the Geometric Neural Field Encoder to obtain . The latent neural-field representation was then fed into the Meta-Diffusion Semantic Decoder to generate textual semantic representations and text sequences. The MAML module supported rapid adaptation across participants and corpora, whereas the diffusion module performed conditional text generation.
In the cross-modal experiments, visual reading EEG and auditory speech EEG shared the same Geometric Neural Field Encoder, while semantic alignment parameters were adapted under different task conditions. This design was used to test whether the reconstructed neural field could support semantic transfer from visual to auditory language processing and from auditory to visual language processing.

S2.5 Model Outputs
CAGNNF produces three types of outputs. First, it generates a language-network-enriched source-space neural field defined on the cortical surface, which is used for language functional network boundary delineation. Second, it produces the neural-field latent variable , which supports cross-subject and cross-modal semantic transfer. Third, it generates text sequences through the Meta-Diffusion Semantic Decoder, which are used for EEG-to-text decoding and decoding-error subtype analysis.
Through this encoder–decoder architecture, CAGNNF reformulates non-invasive speech decoding from a direct EEG-to-text mapping into a continuous modeling process involving EEG dynamics, geometric neural fields, and language generation. The implementation code is available at: https://github.com/zhaoshuhzi/NPI-GNFC.

Supplementary Methods S3. Experimental design, training procedure, and comparative experiments
S3.1 Experimental Design
The experimental design was constructed to evaluate whether CAGNNF could support four related objectives: continuous EEG-to-text decoding, language functional network boundary delineation, cross-modal semantic generalization, and decoding-error mechanism analysis.

First, ChineseEEG was used to evaluate Chinese EEG-to-text decoding under cross-subject character-level and sentence-level settings (1). Both The Little Prince and Garnett Dream corpora were included to assess whether CAGNNF could improve decoding performance across different natural Chinese reading materials. This experiment further examined whether meta-learning-based semantic alignment, diffusion decoding, and cross-subject alignment contributed to decoding performance.

Second, visual reading EEG from ZuCo 1.0 and auditory speech perception EEG from Spanish Speech EEG were jointly used to evaluate language functional network boundary reconstruction. Sentence-level source-space responses were reconstructed for both visual reading and auditory perception conditions. Regions consistently involved across the two modalities were integrated to form a visual-auditory reference language boundary. The source-space neural fields reconstructed by NPI alone and by CAGNNF were then compared with this reference boundary using Dice, IoU, and HD95 (8). This analysis was designed to determine whether CAGNNF could recover anatomically meaningful language-network boundaries supported by convergent visual and auditory language responses.

Third, bidirectional visual-to-auditory and auditory-to-visual transfer analyses were conducted to examine whether the reconstructed neural fields contained semantic representations shared across sensory modalities. In these experiments, one modality was used as the source domain and the other as the target domain. This design tested whether CAGNNF captured modality-invariant semantic regions rather than modality-specific visual or auditory features.

Fourth, decoding failures in ChineseEEG were mapped back to ERP time windows and source-space neural field distributions. Error samples were categorized as orthographic, omission/sequential, or semantic errors according to character-form similarity, sequence-position relationships, and contextual semantic similarity. These error subtypes were interpreted with reference to N170, P200, and N400 components (5, 9). This analysis was designed to determine whether different decoding errors corresponded to distinct stages of language processing and whether CAGNNF could provide diagnostically informative failure-mode analysis.

S3.2 Model training and implementation
CAGNNF was implemented in PyTorch and trained on an NVIDIA RTX 4090 GPU. The training procedure followed a staged strategy. First, the NPI branch was pretrained using TUEG to learn temporal neurodynamic priors from large-scale non-task continuous EEG recordings (7, 10, 11). In parallel, the geometric constraint branch was constructed from HCP cortical surface geometry and structural connectivity, which provided cortical geometric eigenmodes and source-space constraints for GNFC (4, 5).

After prior construction and pretraining, task-specific training and transfer validation were conducted using ChineseEEG, ZuCo 1.0, and Spanish Speech EEG. For ChineseEEG, the model was trained to align EEG-derived source-space neural-field representations with textual semantic embeddings and to generate character-level or sentence-level outputs. For ZuCo 1.0 and Spanish Speech EEG, the same Geometric Neural Field Encoder was used, while semantic alignment parameters were adapted under visual reading and auditory perception conditions to test cross-modal transfer.

The optimizer was AdamW with an initial learning rate of  (12). During MAML training, the inner-loop learning rate was set to 0.01, the outer-loop learning rate was set to , and the number of adaptation steps was set to 5 (13). This configuration was used to support few-shot adaptation to new participants or linguistic contexts. For experiments involving subject-specific calibration, the number of calibration sentences was varied to evaluate adaptation efficiency; subsequent fine-tuning experiments used 100 calibration sentences because the MAML curve stabilized around this calibration size.

S3.3 Baseline models and comparative experiments
Comparative experiments were conducted to evaluate CAGNNF against three groups of models. The first group included conventional EEG-to-text decoding methods, including EEG-to-Text (14), DeWave (15), Wave2Vec (16), EEG2TEXT (17), and CCSUMSP (18). These models were used to assess whether CAGNNF improved performance relative to representative EEG-to-text pipelines.

The second group included EEG foundation or large-model baselines, including CBrMod (19), Neuro-GPT (20), LaBraM (21), EEGMamba (22), BENDR (23), and BIOT-6D (24). These comparisons were designed to test whether the advantage of CAGNNF could be attributed only to large-scale EEG representation learning, or whether source-space neural-field reconstruction and semantic alignment provided additional benefit.

The third group included representative online speech EEG or online BCI models, including MindSpeak (25), FRDW (26), and T-TIME (27). These models were compared with offline language/EEG foundation models and CAGNNF in terms of average decoding performance, real-time latency, communication efficiency, online update frequency, and window processing throughput (28). This deployment-oriented comparison was used to characterize the trade-off between offline decoding accuracy and online real-time processing capability.

All models were evaluated under cross-subject character-level and sentence-level settings when applicable. For ChineseEEG, performance was reported separately for The Little Prince and Garnett Dream. For deployment-oriented analyses, average CER and BLEU were computed across the two corpora to summarize overall decoding performance.

S3.4 Ablation analyses
Ablation analyses were performed to quantify the contribution of the major components in CAGNNF. Four aspects were examined: contextual information, MAML-based adaptation, diffusion-based semantic decoding, and error-informed post-decoding correction.

The contextual analysis assessed whether prior-token contextual information improved decoding stability. For this analysis, Context-CAGNNF was evaluated across different prior-token positions, and CER variability across token positions was used to quantify whether contextual information introduced unstable token-position-dependent fluctuations or supported robust decoding (29). The MAML ablation assessed whether meta-learning improved few-shot adaptation to new participants or linguistic contexts (30). The diffusion-decoder ablation compared diffusion-based semantic recovery with alternative decoders, including GAN- and BERT-based decoders, to determine whether conditional denoising improved neural-field-to-language generation. The error-informed correction analysis evaluated whether decoding-error subtype information derived from source-space neural-field analysis could further reduce CER after the initial decoding stage.

For the decoder and adaptation analyses, CER and BLEU were used as the primary evaluation metrics (31). Error bars indicate variability across evaluation folds or repeated runs, depending on the corresponding experiment (8). The ablation results were used to determine whether decoding improvements reflected a single dominant module or the coordinated effects of contextual modeling, rapid semantic adaptation, conditional semantic generation, and neural-field-informed correction.

Supplementary Methods S4. Evaluation metrics and statistical analysis
S4.1 Text decoding metrics
Chinese EEG-to-text decoding performance was evaluated using character error rate (CER) and BLEU. CER was defined as the Levenshtein edit distance between the predicted and reference character sequences divided by the number of reference characters. It measures character-level substitution, insertion, and deletion errors, with lower values indicating closer agreement between decoded and reference text (31). BLEU was used to measure n-gram overlap between predicted and reference texts with a length penalty, with higher values indicating better local word-order consistency and stronger similarity to the reference text. CER and BLEU were used for the main decoding comparisons (32), decoder ablations, MAML adaptation analyses, contextual stability analyses, and post-correction evaluation.

S4.2 Generation quality metrics
For the contextual stability analysis in Supplementary Fig. 1, CER was computed across different prior-token positions. The mean CER and standard deviation across token positions were reported to evaluate whether contextual information supported stable decoding across prior-token conditions (33). A lower mean CER indicates better decoding accuracy, whereas a smaller standard deviation indicates stronger prior-token stability (34). For the decoder and adaptation analyses in Fig. 4, CER and BLEU were used to compare GAN, BERT, diffusion decoding, MAML-only, diffusion-only, and MAML-plus-diffusion configurations.

S4.3 Functional boundary delineation metrics
Language functional network boundary delineation was evaluated using Dice similarity, IoU, and HD95 (8). Dice similarity measures the spatial overlap between predicted and reference language-related regions and is defined as twice the intersection divided by the sum of the two region sizes. Higher Dice values indicate stronger spatial agreement.

IoU was defined as the intersection area divided by the union area between predicted and reference regions. Higher IoU values indicate better overlap and reduced false-positive or false-negative boundary estimation. HD95 measures the 95th percentile of the Hausdorff distance between two boundaries, thereby reducing the influence of extreme outliers. Lower HD95 values indicate closer boundary correspondence. Together, Dice, IoU, and HD95 characterize the overlap, completeness, and boundary stability of language functional network localization.

S4.4 Cross-subject alignment and stability metrics
The effect of Euclidean alignment was assessed using identity proximity and inter-subject covariance distance (35). Identity proximity measures the compactness of samples from the same participant in feature space, with lower values indicating more compact within-subject representations. Inter-subject covariance distance measures differences in EEG covariance structure across participants, with lower values indicating reduced cross-subject distributional variability.

Model performance after alignment was further evaluated using accuracy, F1 score, and cross-subject performance variability. Accuracy measures overall correctness, whereas F1 score jointly accounts for precision and recall (36). Cross-subject stability was quantified using the standard deviation of performance across participants, with lower values indicating more stable performance across individuals.
S4.5 Error-subtype analysis
Decoding-error subtypes were analyzed using a post-decoding diagnosis pipeline that combined algorithmically defined text-error labels with CAGNNF-derived ERP and source-space neural-field features. The procedure consisted of five steps.

First, decoding-error events were identified by aligning each predicted token sequence with its reference sequence using the Damerau–Levenshtein dynamic-programming algorithm (32, 37). This algorithm computes the minimum-cost edit path between two sequences and returns the corresponding edit operations, including substitution, insertion, deletion, and adjacent transposition/order displacement. The optimal edit path was backtracked to locate each mismatch in the decoded sequence, and each mismatch segment was treated as an elementary decoding-error event.

Second, reference error-subtype labels were assigned automatically using text-level decision rules rather than manual annotation. For each error event, three text features were computed: form similarity, sequence-position deviation, and contextual semantic similarity. Form similarity was calculated between the decoded token and the reference token using glyph-level structural similarity for Chinese characters and normalized character-level edit similarity for alphabetic words (38). Sequence-position deviation was computed from the alignment path as the absolute displacement between the decoded token position and its matched or expected reference position. Contextual semantic similarity was computed as the cosine similarity between contextual token embeddings extracted from the final hidden layer of a pretrained language model, such as BERT-base-Chinese for ChineseEEG (39). An error was labeled as an orthographic/form error when it was primarily a substitution with high form similarity but incorrect token identity. It was labeled as an omission/sequential error when the edit path contained deletion, insertion, repeated-token, or order-displacement operations. It was labeled as a semantic/choice error when the decoded token or word was contextually related to the reference but showed semantic deviation or inappropriate lexical choice. If multiple criteria were satisfied, sequence-level errors were prioritized first, followed by form errors and then semantic/choice errors, to avoid duplicate labeling of the same error event.

Third, CAGNNF-derived neural features were extracted for each algorithmically labeled error event. ERP features included peak amplitude and latency within the N170, P200, and N400 windows. Source-space features were extracted from CAGNNF contribution maps by averaging neural-field strength within occipital visual regions, parietal regions, and temporal language-related regions. Thus, each error event was represented by a joint feature vector containing its text-defined error label, text-level descriptors, ERP features, and source-space neural-field strengths.

Fourth, unsupervised clustering was used to examine whether the text-defined error subtypes were separable in neural-feature space. Gaussian mixture models initialized by k-means were fitted separately to ERP features and source-space features (40, 41). For ERP features, clustering was used to identify which ERP component best separated each error subtype. For source-space features, clustering was used to identify the dominant cortical region and activation strength associated with each subtype. Cluster-to-subtype correspondence was determined by majority overlap with the algorithmically assigned text-error labels.

Finally, a linear support vector machine was used to evaluate whether the joint text–neural feature representation could recover the text-defined error labels across participants (42). Leave-one-subject-out cross-validation was performed: in each fold, the classifier was trained on nine participants and tested on the held-out participant (31). Representative classifiers were further compared to evaluate whether the proposed CAGNNF-based error-subtype representation provided improved discriminability over conventional feature sets and neural-network baselines. These classifiers included raw EEG-SVM, ERP-based classifiers, source-ROI classifiers, EEGNet (43), Transformer (44), and CAGNNF-based variants. Classification performance was evaluated using accuracy (ACC), area under the receiver operating characteristic curve (AUC), sensitivity, and specificity. For multi-class error-subtype classification, AUC, sensitivity, and specificity were macro-averaged across orthographic/form, omission/sequential, and semantic/choice error categories. This validation tested whether orthographic/form, omission/sequential, and semantic/choice errors could be reliably classified from CAGNNF-derived ERP and source-space features rather than reflecting subject-specific patterns. Subtype-specific ERP differences, source-region strengths, subtype proportions, and cross-subject correlations were then analyzed to determine whether the three decoding-error subtypes corresponded to distinct stages of language processing, with N170 linked to early visual orthographic processing, P200 linked to attentional or sequence-related processing, and N400 linked to semantic integration (45-49) 

S4.6 Deployment-oriented efficiency metrics
Engineering deployability was assessed using six metrics: average CER, average BLEU, real-time latency, communication efficiency, online update frequency, and window processing throughput. Average CER and BLEU were computed across The Little Prince and Garnett Dream to summarize overall Chinese EEG-to-text decoding performance.

Real-time latency was defined as the average time required to generate one output for a single decision window (50, 51). Lower latency indicates faster system response. Communication efficiency was reported in bits/min to quantify effective information transfer (52), which is a standard consideration in BCI communication systems. Online update frequency was reported in updates/s and measured how frequently the model could update its output during continuous decoding (27). Window processing throughput was reported in windows/s and measured the number of EEG windows processed per second (53, 54).

These metrics were used to compare offline language/EEG foundation models, online speech EEG models, and CAGNNF from both decoding-performance and real-time-deployment perspectives. This evaluation was designed to identify the trade-off between high-accuracy offline decoding and low-latency online deployment.

S4.7 Statistical analysis 
Repeated experimental results were reported as mean ± standard deviation. Depending on data distribution, paired t-tests or Wilcoxon signed-rank tests were used for group comparisons (55, 56). Multiple comparisons were corrected using the false discovery rate procedure, with statistical significance defined as .

In cross-subject experiments, all metrics were computed on independent test participants to avoid training–testing leakage. In cross-modal transfer experiments, source and target modalities were strictly separated during training and testing to evaluate whether the reconstructed neural fields generalized to modality-independent semantic representations. Cross-validation was used in ablation experiments involving MAML, diffusion decoding, and their combination, and the reported variability reflects differences across validation folds (57).
Supplementary Table 1. Performance comparison of representative classifiers for ChineseEEG error-subtype classification.
[Insert Supplementary Table 1 near here]

Supplementary Figure Legends
[bookmark: OLE_LINK1][Insert Supplementary Figure 1 near here]
Supplementary Figure 1. Contextual information improves prior-token decoding stability in Context-CAGNNF. (A) CER across different prior-token positions on The Little Prince. The blue curve shows Context-CAGNNF performance across 10 prior-token positions, the shaded region indicates mean ± standard deviation, and the dashed line denotes the mean CER. Context-CAGNNF maintains stable performance across prior-token positions, with a mean CER of 30.1 ± 0.8. (B) CER across different prior-token positions on Garnett Dream. Context-CAGNNF again shows stable decoding performance across prior-token positions, with a mean CER of 30.0 ± 0.5. These results indicate that contextual information contributes to stable Chinese EEG-to-text decoding rather than causing strong token-position-dependent fluctuation.
[Insert Supplementary Figure 2 near here]
Supplementary Figure 2. Error-informed correction improves Chinese EEG-to-text decoding performance. (A) Comparison of CER before and after error-informed correction on The Little Prince. The correction procedure reduces CER from 30.1 ± 0.8 before correction to 27.6 ± 0.7 after correction. (B) Comparison of CER before and after error-informed correction on Garnett Dream. The CER is reduced from 30.0 ± 0.5 before correction to 27.5 ± 0.5 after correction. (C) Summary of correction gains across the two corpora, showing consistent CER reduction after correction. These results indicate that neural-field-based error-subtype information can guide post-decoding correction and improve Chinese EEG-to-text decoding performance.
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Supplementary Table 1. Performance comparison of representative classifiers for ChineseEEG error-subtype classification.
	Models
	ACC
	AUC
	Sensitivity
	Specificity

	Raw EEG-SVM
	0.72
	0.76
	0.70
	0.82

	ERP-SVM
	0.76
	0.80
	0.74
	0.84

	ERP-GMM
	0.75
	0.79
	0.73
	0.83

	Source ROI-SVM
	0.79
	0.83
	0.78
	0.86

	Source ROI-GMM
	0.78
	0.82
	0.77
	0.85

	EEGNet
	0.80
	0.84
	0.79
	0.86

	Transformer
	0.81
	0.85
	0.81
	0.88

	CAGNNF-SVM
	0.84
	0.88
	0.83
	0.89

	CAGNNF-GMM
	0.83
	0.87
	0.82
	0.88

	CAGNNF-GMM-SVM
	0.87
	0.90
	0.86
	0.91


Note. ACC indicates overall accuracy. AUC, sensitivity, and specificity were macro-averaged across the three error categories. CAGNNF-GMM-SVM denotes the proposed full error-subtype classification pipeline.
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Supplementary Figure 1. Contextual information improves prior-token decoding stability in Context-CAGNNF. (A) CER across different prior-token positions on The Little Prince. The blue curve shows Context-CAGNNF performance across 10 prior-token positions, the shaded region indicates mean ± standard deviation, and the dashed line denotes the mean CER. Context-CAGNNF maintains stable performance across prior-token positions, with a mean CER of 30.1 ± 0.8. (B) CER across different prior-token positions on Garnett Dream. Context-CAGNNF again shows stable decoding performance across prior-token positions, with a mean CER of 30.0 ± 0.5. These results indicate that contextual information contributes to stable Chinese EEG-to-text decoding rather than causing strong token-position-dependent fluctuation.
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Supplementary Figure 2. Error-informed correction improves Chinese EEG-to-text decoding performance. (A) Comparison of CER before and after error-informed correction on The Little Prince. The correction procedure reduces CER from 30.1 ± 0.8 before correction to 27.6 ± 0.7 after correction. (B) Comparison of CER before and after error-informed correction on Garnett Dream. The CER is reduced from 30.0 ± 0.5 before correction to 27.5 ± 0.5 after correction. (C) Summary of correction gains across the two corpora, showing consistent CER reduction after correction. These results indicate that neural-field-based error-subtype information can guide post-decoding correction and improve Chinese EEG-to-text decoding performance.
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