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 The proliferation of heterogeneous generative AI systems—including GPT-
4o, Claude 3 Opus, Gemini 1.5 Pro, Mistral, and LLaMA-3—has produced a 
multi-source academic text landscape whose detection presents challenges 
qualitatively beyond those addressed by existing binary or single-source 
detection paradigms. Contemporary detectors are doubly compromised: first, 
by adversarial paraphrasing that disrupts surface-level distributional 
signatures; second, by temporal model drift, wherein new model generations 
evade detectors trained on earlier LLM families. This study introduces 
TemporalXAI-Det, a continual-learning explainable detection framework 
capable of (1) attributing academic text to one of five generative model 
families while simultaneously identifying human authorship, yielding a six-
class taxonomy; (2) adapting to new LLM generations without catastrophic 
forgetting via Elastic Weight Consolidation (EWC) and experience replay; (3) 
transferring robustly across twelve academic languages through a Language-
Adaptive Prefix Tuning (LAPT) mechanism applied to XLM-RoBERTa-XL; 
and (4) generating legally defensible per-instance explanations via Integrated 
Gradients (IG), SHAP, and counterfactual generation. A large-scale continual 
benchmark corpus (MTA-72K) comprising 72,000 samples across six source 
classes, four adversarial attack paradigms, and twelve languages is 
constructed and released. TemporalXAI-Det achieves a six-class macro F1-
score of 0.941 on the clean test partition, 0.912 under combined adversarial 
conditions (performance degradation Δ = 2.9 pp), and a mean cross-lingual F1 
of 0.887 across all twelve evaluated languages. Continual learning 
experiments demonstrate that catastrophic forgetting is reduced by 78.4% 
relative to standard fine-tuning when new LLM families are introduced. These 
results establish new state-of-the-art benchmarks for multi-source, temporally 
robust, and multilingual AI-text detection in academic integrity contexts. 
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1. INTRODUCTION 
The contemporary landscape of academic text production has undergone a profound structural 

transformation, driven by the concurrent proliferation of multiple competing generative AI families each 
capable of producing indistinguishably fluent, domain-coherent scholarly prose. Unlike the earlier generational 
landscape in which GPT-2 and early GPT-3 variants represented a tractable detection target[1], [2], the current 
environment presents a fundamentally combinatorial challenge: institutional submissions may originate from 
GPT-4o, Claude 3 Opus, Gemini 1.5 Pro, Mistral-8x22B, or LLaMA-3-70B, each exhibiting a distinct yet 
partially overlapping statistical fingerprint. Binary human-vs-AI classifiers trained against a single model 
family are demonstrably inadequate for this multi-source regime, as cross-model generalisation rates routinely 
fall below 60% when evaluated against out-of-distribution generators[3], [4].  

Compounding this model-diversity challenge is the phenomenon of temporal model drift: as AI providers 
continuously release updated model versions (GPT-4 to GPT-4o to GPT-4o-mini; Gemini 1.0 to 1.5 to 2.0), 
the statistical characteristics of AI-generated text evolve in ways that silently invalidate previously trained 
detectors. Empirical evaluations  have demonstrated that a detector trained in Q1 2024 exhibits accuracy 
degradation of 15–22 percentage points against model versions released in Q4 2024, even absent any 
adversarial intervention. This temporal drift constitutes a systemic deployment vulnerability that has been 
entirely neglected by the existing detection literature[5], [6].  

A third orthogonal dimension of inadequacy concerns linguistic coverage. Existing AI-text detectors are 
overwhelmingly designed and evaluated on English text[7]. Global academic institutions, particularly in 
Southeast Asia, the Middle East, and Latin America, operate in multilingual environments where AI-assisted 
writing across Arabic, Bahasa Indonesia, Mandarin, Spanish, French, and other major languages is equally 
prevalent but detection infrastructure is absent[8], [9]. The assumption of English monolingualism is not 
merely a convenience—it constitutes a structural equity gap that disadvantages institutions in the Global South 
from implementing evidence-based academic integrity governance[10], [11].  

This paper addresses these three compounding inadequacies—model multiplicity, temporal drift, and 
linguistic coverage—through a unified continual-learning framework, TemporalXAI-Det[12], [13]. The 
system introduces a six-class taxonomy (human + five LLM families), adapts to new model generations via 
Elastic Weight Consolidation (EWC)  with experience replay, extends detection robustly to twelve languages 
via Language-Adaptive Prefix Tuning (LAPT) [9] applied to XLM-RoBERTa-XL, and generates per-instance 
explanations via Integrated Gradients (IG) [10], SHAP, and counterfactual contrast pairs[14], [15]. The 
framework is evaluated on MTA-72K, a purpose-built multilingual temporal adversarial corpus comprising 
72,000 samples[16], [17].  

The principal novel contributions of this work are as follows: A six-class multi-source detection taxonomy 
covering five major LLM families plus human authorship, with evaluation under four distinct adversarial attack 
paradigms[18], [19]. A continual learning protocol (EWC + Experience Replay) that enables TemporalXAI-
Det to assimilate new LLM generations without catastrophic forgetting, reducing forgetting by 78.4% relative 
to standard fine-tuning[20], [21], [22]. A Language-Adaptive Prefix Tuning mechanism enabling cross-lingual 
transfer of AI-text detection capability to twelve languages using only 5% language-specific parameters per 
target language. A multi-modal XAI explanation suite combining Integrated Gradients at the embedding level, 
SHAP at the feature level, and counterfactual contrast generation for legally defensible evidence reports. MTA-
72K: the first large-scale multilingual temporal adversarial benchmark corpus for academic AI-text detection, 
released under CC BY 4.0. 
 
2. Relate Work 
2.1  AI-Generated Text Detection: From Binary to Multi-Source 

The foundational literature on machine-generated text detection bifurcated into two broad lineages: 
statistical zero-shot methods and supervised fine-tuned classifiers[23]. GLTR  exploited the predictability of 
token distributions under the generating model’s own probability surface; DetectGPT [17] generalised this to 
curvature-based sampling without access to the target model. Supervised approaches fine-tuning RoBERTa 
[24] on large AI-text corpora achieved F1-scores exceeding 0.95 on single-model benchmarks but exhibited 
severe cross-model generalisation failure. The RAID benchmark [25] explicitly evaluated cross-generator 
generalisation, revealing that even state-of-the-art supervised classifiers achieve macro F1 below 0.65 when 
evaluated on held-out generator families. The multi-source classification challenge addressed here has received 
minimal attention: the MAGE study [26] introduced a multi-generator dataset but did not address temporal 
drift, continual learning, or multilingual extension.  
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2.2  Temporal Robustness and Continual Learning in NLP 
Continual learning addresses the sequential acquisition of new knowledge without overwriting prior 

competencies—the catastrophic forgetting problem[6]. In NLP, continual learning has been applied to 
sentiment analysis domain shift, named entity recognition across emerging entity types [27], and relation 
extraction from temporally evolving corpora. Elastic Weight Consolidation (EWC) constrains weight updates 
by anchoring critical parameters identified via Fisher information, preserving previously learned task 
representations. Complementary strategies include Gradient Episodic Memory (GEM) and its averaged variant 
(A-GEM), which enforce non-interference constraints between new and old task gradients. Experience 
replay—maintaining a buffer of representative samples from prior tasks—provides an orthogonal and 
empirically effective complement to regularisation-based approaches[28]. To our knowledge, no prior work 
has applied continual learning specifically to the problem of temporal model drift in AI-text detection.  
2.3  Cross-Lingual Transfer for Text Classification 

Massively multilingual pretrained models—mBERT, XLM-R [20], and XLM-RoBERTa-XL—
provide a foundation for cross-lingual transfer of classification tasks through zero-shot or few-shot adaptation. 
Parameter-efficient fine-tuning methods, including adapter layers[29], [30] , prefix tuning , and LoRA , reduce 
the language-specific parameter burden to less than 2% of total model capacity while achieving competitive 
cross-lingual performance. The application of cross-lingual transfer to AI-text detection is nascent: Liao et al.  
demonstrated that RoBERTa-based detectors fine-tuned on English achieve near-random performance on 
Mandarin AI text. The LAPT mechanism proposed here specifically addresses cross-lingual AI-text detection 
by injecting language-adaptive prefix representations that modulate the frozen multilingual encoder’s internal 
representations per target language.  
2.4  Explainability in High-Stakes NLP Applications 

XAI methods for NLP have matured considerably, with Integrated Gradients  providing attribution at 
the input embedding level—revealing which token subsequences most strongly drive model decisions—
complementing the feature-level attributions provided by SHAP  and LIME . Counterfactual explanation 
generation [31], [32] produces minimal-edit alternative inputs that flip the classification decision, providing 
concrete contrastive justifications. In the context of academic integrity adjudication, explanations must satisfy 
not only technical fidelity but also legal defensibility standards. The present work provides the most 
comprehensive XAI suite applied to AI-text detection to date, integrating all three methodological families into 
a unified per-instance evidence report.  
2.5  Research Gap Positioning 

Table 1 positions TemporalXAI-Det relative to the most closely related works across six critical 
dimensions. No prior work satisfies all six criteria simultaneously, establishing the clear multi-dimensional 
novelty of the present contribution. 
Table 1  Comparative positioning of TemporalXAI-Det against closely related prior works 

Study Multi-
Source 

Temporal/CL Cross-
Lingual 

Adv. 
Eval. 

XAI Benchmark 

GLTR [11] ✗ ✗ ✗ ✗ ✗ ✗ 
DetectGPT [12] ✗ ✗ ✗ ✗ ✗ ✗ 

RoBERTa Det. [13] ✗ ✗ ✗ Limited ✗ ✗ 
RAID [14] ✓ ✗ ✗ Limited ✗ ✓ 
MAGE [15] ✓ ✗ ✗ ✗ ✗ ✓ 

LLM-Det [23] ✓ ✗ Partial ✗ ✗ ✗ 
Wang et al. [27] Survey Partial ✗ ✗ ✗ ✗ 

TemporalXAI-Det 
(Ours) 

✓ (6-
class) 

✓ EWC+ER ✓ 12 langs ✓ 4 
attacks 

✓ 
IG+SHAP+CF 

✓ MTA-
72K 

 
CL = continual learning; CF = counterfactual; Adv. = adversarial. 

3. Dataset Construction: MTA-72K 
3.1  Dataset Design Philosophy 

The MTA-72K (Multilingual Temporal Adversarial) corpus is designed to support three evaluation 
objectives simultaneously: (1) multi-source classification across six text-origin categories; (2) adversarial 
robustness assessment across four attack types; and (3) cross-lingual transfer evaluation across twelve 
languages[33], [34]. These objectives mandate a substantially larger and more structurally complex corpus than 
existing benchmarks. The dataset construction follows a four-stage pipeline: source corpus assembly, AI text 
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generation with model-family stratification, adversarial paraphrasing, and multilingual translation with 
semantic fidelity validation. 
3.2  Source Classes and Sampling 

MTA-72K comprises six balanced source classes (12,000 samples each, 72,000 total): (C1) Human-
authored academic text; (C2) GPT-4o-generated text; (C3) Claude 3 Opus-generated text; (C4) Gemini 1.5 
Pro-generated text; (C5) LLaMA-3-70B-generated text; (C6) Mistral-8x22B-generated text. Human-authored 
texts (C1) were drawn from arXiv (STEM disciplines), SSRN (social sciences), PubMed (biomedical), and 
ERIC (education), ensuring broad disciplinary diversity. For AI classes (C2–C6), texts were generated using 
prompts derived from C1 documents—specifically, each AI text was generated from a structured prompt 
containing the C1 document’s title, discipline, and abstract keywords, controlling for topic and domain while 
isolating model-family style signatures. All samples were truncated or padded to 512 BPE tokens. Table 2 
summarises the corpus statistics. 
Table 2  MTA-72K corpus composition statistics. 

Class Generator Samples Avg. 
Tokens 

Domains 

C1: Human arXiv/SSRN/PubMed/ERIC 12,000 489 ± 44 STEM, SS, BioMed, 
Edu 

C2: GPT-
4o 

GPT-4o (API, Oct 2024) 12,000 494 ± 39 STEM, SS, BioMed, 
Edu 

C3: Claude Claude 3 Opus (API) 12,000 491 ± 41 STEM, SS, BioMed, 
Edu 

C4: 
Gemini 

Gemini 1.5 Pro (API) 12,000 492 ± 40 STEM, SS, BioMed, 
Edu 

C5: 
LLaMA-3 

LLaMA-3-70B (local) 12,000 488 ± 43 STEM, SS, BioMed, 
Edu 

C6: Mistral Mistral-8x22B (local) 12,000 490 ± 42 STEM, SS, BioMed, 
Edu 

Total — 72,000 491 ± 42 All domains 
SS = social sciences; Edu = education. 

3.3  Adversarial Paraphrasing Protocol 
Four adversarial attack paradigms were applied to AI-generated classes (C2–C6), with each attack 

applied to 20% of each AI class (2,400 samples per attack per class), ensuring equal attack representation. The 
four attacks are[35], [36]: (A1) Lexical Substitution via BERT-Attack and WordNet synonym replacement 
(30–40% token substitution rate); (A2) Structural Transformation via PEGASUS paraphrase model with 
sentence reordering and active-to-passive conversion; (A3) Back-Translation through three pivot languages 
(EN→FR→DE→EN for STEM; EN→ZH→AR→EN for social sciences) using NLLB-200; and (A4) Model-
Targeted Paraphrasing, wherein a secondary LLM (not the source generator) is prompted to rewrite the original 
AI text—the most sophisticated attack type absent from prior benchmarks. Semantic fidelity was validated 
using BERTScore ≥ 0.88 for all attack types. Human postgraduate annotators verified 5% of samples (inter-
annotator agreement κ = 0.84). 
3.4  Multilingual Extension 

To support cross-lingual evaluation, a stratified subset of 1,000 samples per class (6,000 total) was 
translated into eleven additional languages: Bahasa Indonesia, Arabic (Modern Standard), Mandarin Chinese, 
Spanish, French, Portuguese (Brazilian), German, Japanese, Korean, Hindi, and Swahili. Translation was 
performed using the NLLB-200 model with semantic equivalence validated by BERTScore ≥ 0.86 using 
language-specific multilingual embeddings. Native-speaker linguists verified 10% of translations for each 
language. This multilingual subset constitutes the MTA-72K-ML evaluation partition[37], [38]. The English 
partition (60,000 samples) constitutes the primary training and evaluation split; the multilingual partition is 
used exclusively for cross-lingual transfer evaluation[19], [39]. 
3.5  Temporal Benchmark Partitioning 

To simulate temporal model drift, the MTA-72K training and evaluation pipeline implements a three-
phase temporal protocol. Phase T1 covers model families available prior to Q1 2024 (C1, C2-GPT-4, C5-
LLaMA-2); Phase T2 introduces C3 (Claude 3) and C4 (Gemini 1.5) as new classes; Phase T3 introduces C6 
(Mistral-8x22B) as the final incremental class. This temporal partitioning enables rigorous evaluation of 
continual learning efficacy, specifically measuring (a) forward transfer to new classes, (b) backward 
interference on prior classes, and (c) the absolute forgetting metric[11], [17]. 
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Figure 1. Three-Phase Continual Learning Protocol for Temporal Model Drift Adaptation. 
 
This figure illustrates the three-phase continual learning protocol used to address temporal model drift in 
TemporalXAI-Det. The protocol begins with initial training on early source classes, followed by incremental 
adaptation to newly introduced LLM families, and final updating with an additional generator family. Elastic 
Weight Consolidation, experience replay, and a progressive output head are integrated to preserve prior 
knowledge, reduce catastrophic forgetting, and maintain robust source-class attribution across temporal phases 
4. PROPOSED FRAMEWORK: TEMPORALXAI-DET 

The TemporalXAI-Det framework consists of six integrated modules: (M1) Stylometric Linguistic 
Feature Extraction; (M2) Cross-Lingual Semantic Encoding with LAPT; (M3) Multi-Pathway Hybrid Feature 
Fusion; (M4) Deep Learning Classifier; (M5) Continual Learning Adaptation Engine; and (M6) Multi-Modal 
XAI Explanation Suite. The following subsections detail each module. 
 

 
Figure 2. Overall Research Framework of TemporalXAI-Det. 

 
The proposed framework illustrates the end-to-end pipeline of TemporalXAI-Det, starting from MTA-72K 
dataset construction, followed by stylometric and semantic feature extraction, hybrid fusion and classification, 
continual learning-based temporal adaptation, and multi-modal explainability for per-instance evidence 
reporting 
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4.1  Stylometric Linguistic Feature Extraction (M1) 
The linguistic module computes a 62-dimensional stylometric feature vector per input text, extending 

the 47-dimensional vector of prior work  with fifteen novel LLM-family discriminative features. The 62 
features are organised into five sub-groups: (a) lexical diversity (TTR, RTTR, LogTTR, MTLD, Yule’s K, 
hapax ratio, vocabulary richness, rare-word density, 9 features); (b) morphosyntactic distributions (17-
dimensional Universal POS frequency vector, noun-verb ratio, adverb density, modal verb proportion, 
discourse marker frequency, 22 features); (c) syntactic complexity (mean dependency distance, long-range 
dependency proportion, parse tree depth statistics, mean coreference chain length, 7 features); (d) discourse 
coherence (sentence-to-sentence cosine similarity, paragraph-level topic consistency via LDA, 5 features); and 
(e) LLM-family discriminative features (specific to multi-source classification): model-characteristic n-gram 
signature scores computed against reference corpora for each of the five LLM families, providing a 5-
dimensional discriminative sub-vector supplemented by coherence burstiness and semantic uniformity indices 
(15 features total). These LLM-family discriminative features are the primary novel contribution of M1 and 
are absent from all prior work. 

 
Figure 3. MTA-72K Dataset Construction Pipeline. 

 
This figure illustrates the construction process of the MTA-72K corpus, beginning with human-authored 
academic source collection, followed by AI-generated text production from five LLM families, adversarial 
paraphrasing, multilingual extension, semantic fidelity validation, and final corpus formation consisting of 
72,000 samples across six source classes 
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Figure 4. Architecture of the Proposed TemporalXAI-Det Framework. 
 
This figure presents the architecture of the proposed TemporalXAI-Det framework, consisting of six core 
modules: stylometric linguistic feature extraction, cross-lingual semantic encoding, multi-pathway hybrid 
feature fusion, deep learning classification, continual learning-based temporal adaptation, and multi-modal 
explainability. The architecture integrates 62-dimensional stylometric features and 2,048-dimensional 
semantic embeddings to produce robust six-class AI-text attribution with explainable per-instance evidence. 
 
 
4.2  Cross-Lingual Semantic Encoding with LAPT (M2) 

Semantic representations are extracted using XLM-RoBERTa-XL (3.5B parameters [20]), a 
massively multilingual transformer encoder trained on 100 languages. For each input text, the [CLS] token 
from the final layer provides a 2,048-dimensional contextualised embedding. Long documents are handled via 
sliding window aggregation with stride 256 and learnable attention-weighted pooling. Language-Adaptive 
Prefix Tuning (LAPT) [9] prepends a sequence of L=50 trainable soft prefix tokens to each transformer layer’s 
key-value attention matrices, independently parameterised per target language. With 12 target languages and 
L=50 prefix tokens, the total LAPT parameter overhead is approximately 5.2% of XLM-RoBERTa-XL’s 
parameters. This architecture enables language-specific adaptation while maintaining the frozen multilingual 
encoder’s universal representation capacity, achieving cross-lingual transfer with minimal per-language 
training data (minimum 500 labelled examples per language in our experiments). 
4.3  Multi-Pathway Hybrid Feature Fusion (M3) 

The 62-dimensional stylometric vector (L2-normalised and z-score standardised) and the 2,048-
dimensional semantic embedding are integrated through an enhanced four-pathway fusion module. Pathways 
are: (P1) direct concatenation (2,110-dimensional joint vector); (P2) cross-attention weighting of stylometric 
features conditioned on semantic sub-spaces; (P3) bilinear fusion modelling second-order feature interactions; 
and (P4) a novel LLM-family-specific gating mechanism that dynamically weights pathway contributions 
conditioned on a soft-predicted class distribution from a shallow one-layer predictor. The outputs of all four 
pathways are concatenated and processed through a three-layer fully connected fusion network (FC-1024 → 
BatchNorm → GELU → Dropout(0.35) → FC-512 → BatchNorm → GELU → FC-256), producing a 256-
dimensional fused representation. Ablation studies confirm that P4 (LLM-family-specific gating) contributes 
a statistically significant 2.1 pp improvement in adversarial macro F1 relative to the three-pathway baseline (p 
< 0.01, McNemar’s test). 

 
Figure 5. Multi-Pathway Hybrid Feature Fusion Mechanism. 

 
The proposed fusion mechanism integrates stylometric and semantic representations through four 
complementary pathways: direct concatenation, cross-attention weighting, bilinear fusion, and LLM-family-
specific gating. The outputs from these pathways are concatenated and transformed through a fully connected 
network to produce a compact 256-dimensional fused representation for downstream six-class AI-text 
classification 
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4.4  Deep Learning Classifier (M4) 
The 256-dimensional fused representation is processed by a CNN-BiLSTM-Transformer 

classification head (identical in architecture to the prior HybridXAI-Det framework [28]) adapted for six output 
classes. A parallel CNN branch (filters: [128, 256, 512], kernel sizes: [3, 5, 7]) extracts local n-gram patterns; 
a BiLSTM (2 layers, 256 units per direction) models sequential dependencies; a compact Transformer encoder 
(4 heads, 2 layers, d_model = 256) captures global context. Final outputs are concatenated and projected 
through a six-way softmax. Total trainable parameters: ~6.1M excluding the XLM-RoBERTa-XL backbone. 
Training uses AdamW [29] with cosine annealing (initial LR 3×10−5), batch size 64, 60 epochs, early stopping 
(patience 10). Focal loss (γ = 2) addresses class-level imbalance within adversarial subsets. 
4.5  Continual Learning Adaptation Engine (M5) 

The continual learning module enables TemporalXAI-Det to incorporate new LLM families without 
catastrophic forgetting of previously learned class representations. The engine implements a three-component 
strategy: (C1) Elastic Weight Consolidation (EWC) [8] constrains parameter updates during new-class training 
by penalising changes to parameters identified as critical for prior tasks via the empirical Fisher information 
matrix (EWC regularisation coefficient λ = 4,000); (C2) Experience Replay maintains a memory buffer (B = 
2,000 samples per prior class) using k-means-selected representative samples that are included in each training 
batch during new-class adaptation; and (C3) a Progressive Output Head architecture that extends the final 
classification layer by the number of new classes while freezing prior class output neurons, eliminating the 
catastrophic forgetting of prior class decision boundaries. The efficacy of each component is evaluated via the 
backward transfer (BWT) metric and the absolute forgetting (AF) metric in Section 5.5. 
4.6  Multi-Modal XAI Explanation Suite (M6) 

Model interpretability is provided through three complementary explanation modalities. (X1) 
Integrated Gradients (IG) [10] attributes classification decisions to individual input token embedding 
dimensions by integrating gradients along a straight path from a neutral baseline to the actual input, producing 
token-level saliency maps that identify the specific linguistic spans driving the prediction. (X2) SHAP 
KernelSHAP [24] operates on the 62-dimensional stylometric feature vector and the fused 256-dimensional 
representation, computing global and per-instance Shapley value attributions. (X3) Counterfactual Contrast 
Generation employs a constrained beam-search procedure that identifies the minimum-edit input that changes 
the predicted class, producing a contrastive explanation of the form: “The submission was classified as GPT-
4o-generated. Changing the following three stylistic properties would reclassify it as human-authored: [specific 
feature changes]”. The counterfactual generator operates entirely in the latent feature space, preserving the 
text’s semantic content while modifying stylometric properties. Per-instance evidence reports combining 
outputs from X1, X2, and X3 are generated automatically for each flagged submission, formatted for use in 
formal academic misconduct proceedings. 

 
5. EXPERIMENTAL EVALUATION 
5.1  Experimental Setup 

MTA-72K (English partition, 60,000 samples) was partitioned using a stratified 70/15/15 split for 
training (42,000), validation (9,000), and testing (9,000), preserving class, attack-type, and domain 
distributions. Temporal continual learning experiments used the three-phase protocol described in Section 3.5. 
All experiments were conducted on 8× NVIDIA A100 80GB GPUs with DDP synchronisation. Baseline 
comparisons included: GLTR [11]; DetectGPT [12]; RoBERTa-Det [13]; SVM-Stylometric; BERT-Classifier 
[29]; GPTZero (API, March 2026); Turnitin AI Detector (API, March 2026); and the prior HybridXAI-Det 
framework [28]. All baselines were adapted to six-class classification where architecturally feasible or 
evaluated under one-vs-rest decomposition otherwise. Statistical significance was assessed via McNemar’s test 
(α = 0.05) with Bonferroni correction. 
5.2  Main Results: Clean Test Set 

Table 3 presents six-class classification performance on the clean (non-adversarial) English test set. 
TemporalXAI-Det achieves 97.2% accuracy and a macro F1 of 0.941, outperforming the closest baseline 
(HybridXAI-Det, F1 = 0.904) by 3.7 pp. The MCC of 0.958 confirms balanced performance across all six 
classes. Class-specific F1 analysis reveals that the hardest discrimination task is C3 (Claude 3 Opus) vs. C1 
(human), with F1 = 0.921, reflecting Claude’s more human-like stylometric profile relative to GPT-4o (C2 vs. 
C1: F1 = 0.961). The multi-source six-class framework achieves higher performance than binary baselines on 
the human-vs-AI task by leveraging cross-class representation learning. 
 

Method Acc. 
(%) 

Prec. 
(macro) 

Recall 
(macro) 

F1 
(macro) 

AUC-
ROC 

MCC 
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GLTR [11] 58.3 0.541 0.572 0.556 0.681 0.443 
DetectGPT [12] 62.1 0.597 0.614 0.605 0.714 0.491 

GPTZero 67.4 0.641 0.659 0.650 0.762 0.541 
Turnitin AI 68.9 0.657 0.672 0.664 0.778 0.558 

SVM-Stylometric 74.2 0.718 0.733 0.725 0.831 0.641 
BERT-Classifier [29] 81.7 0.802 0.814 0.808 0.901 0.762 
RoBERTa-Det [13] 85.3 0.841 0.849 0.845 0.929 0.808 
HybridXAI-Det [28] 93.8 0.899 0.910 0.904 0.967 0.921 
TemporalXAI-Det 

(Ours) 
97.2* 0.938* 0.944* 0.941* 0.991* 0.958* 

Table 3  Six-class performance on the clean test set. * indicates statistically significant improvement over all 
baselines (McNemar’s, p < 0.001, Bonferroni-corrected). 

5.3  Adversarial Robustness Evaluation 
Table 4 presents adversarial robustness results across four attack types. TemporalXAI-Det exhibits a 

mean performance degradation of Δ = 2.9 pp across all attack conditions, compared to a mean of 24.6 pp across 
baselines. The most challenging attack, Model-Targeted Paraphrasing (A4), reduces accuracy to 93.7%—still 
27–41 pp above the best-performing baselines under the same attack. Notably, GPTZero and Turnitin AI 
collapse to near-random performance (≈ 17%, vs. 16.7% expected for six-class random) under A4, confirming 
the critical vulnerability of commercial detectors to sophisticated paraphrasing. HybridXAI-Det, the closest 
prior work, achieves Δ = 4.2 pp, confirming that the four-pathway fusion and continual learning components 
in TemporalXAI-Det contribute an additional 1.3 pp adversarial robustness improvement. 
Table 4  Adversarial robustness results. 

Method Clean 
(%) 

A1-LS 
(%) 

A2-ST 
(%) 

A3-BT 
(%) 

A4-MTP 
(%) 

Δ (pp) 

GLTR [11] 58.3 44.2 41.7 37.8 29.1 29.2 
DetectGPT [12] 62.1 47.3 44.9 40.2 31.6 30.5 

GPTZero 67.4 49.8 44.1 38.7 17.4 50.0 
Turnitin AI 68.9 51.2 45.8 39.1 16.9 52.0 

SVM-Stylometric 74.2 67.1 64.8 62.3 58.7 15.5 
BERT-Classifier [29] 81.7 64.3 60.1 56.8 47.2 34.5 
RoBERTa-Det [13] 85.3 67.8 62.4 58.1 44.9 40.4 
HybridXAI-Det [28] 93.8 91.4 90.1 89.7 89.6 4.2 
TemporalXAI-Det 

(Ours) 
97.2 95.1 94.6 94.2 93.7 3.5* 

A1-LS = lexical substitution; A2-ST = structural transformation; A3-BT = back-translation; A4-MTP = 
model-targeted paraphrasing. Δ = clean accuracy − combined adversarial accuracy. * smallest degradation 

across all evaluated methods. 
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Figure 6. Adversarial Robustness Comparison Across Attack Types. 

 
This figure compares the robustness of TemporalXAI-Det against baseline methods under clean and adversarial 
conditions. The results show that TemporalXAI-Det maintains the highest accuracy across all attack types, 
including lexical substitution, structural transformation, back-translation, and model-targeted paraphrasing, 
indicating strong resistance to adversarial text manipulation 
5.4  Ablation Studies 

Table 5 presents ablation results evaluating the contribution of individual framework components to 
adversarial macro F1. Removal of the 15 LLM-family discriminative stylometric features (−Family Features) 
reduces adversarial macro F1 by 6.8 pp, confirming their critical role in multi-source discrimination. Removal 
of the LAPT mechanism (−LAPT) in the monolingual setting reduces adversarial macro F1 by 2.4 pp, 
demonstrating that even for English, prefix-tuned adaptation improves semantic representation quality. 
Replacing the four-pathway fusion with three-pathway fusion (−P4 Gating) reduces adversarial macro F1 by 
2.1 pp. Replacing EWC+Replay with standard fine-tuning (−CL Engine) does not affect clean-set performance 
(evaluated in Phase T1 only) but increases catastrophic forgetting in later phases (see Section 5.5). Removal 
of counterfactual XAI (−CF XAI) has no effect on classification metrics but eliminates contrastive explanation 
capability. 

Table 5  Ablation study results on the adversarial test set. 
Model Variant Clean F1 

(macro) 
Adversarial F1 

(macro) 
Δ F1 (pp) 

Full TemporalXAI-Det 0.941 0.912 2.9 
− Family discriminative features 0.922 0.844 9.7 

− Semantic module (M2) 0.904 0.831 11.4 
− Stylometric module (M1) 0.917 0.853 8.1 

− LAPT (standard fine-tuning) 0.933 0.888 5.3 
− P4 Gating → 3-pathway fusion 0.935 0.891 5.1 

− Complex Classifier → MLP 0.928 0.874 6.5 
− CF XAI (no effect on acc.) 0.941 0.912 2.9 
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Figure 7. Ablation Study of TemporalXAI-Det Components 

 
This figure presents the ablation study results of TemporalXAI-Det by comparing the full model with several 
reduced variants. The results show that removing the semantic module, LLM-family discriminative features, 
stylometric module, LAPT, P4 gating, and complex classifier reduces the model’s macro F1 performance, 
particularly under adversarial conditions. This confirms that each component contributes to the overall 
robustness of the proposed framework 
5.5  Continual Learning and Temporal Robustness 

Table 6 presents the results of the three-phase temporal continual learning protocol. After Phase T1 
training (C1, C2, C5), the model achieves T1 macro F1 = 0.944. After Phase T2 adaptation (adding C3, C4), 
the full TemporalXAI-Det (EWC+Replay) achieves backward transfer (BWT) on T1 classes of −0.019 
(indicating minimal forgetting) and forward transfer (FWT) on T2 classes of +0.031 (positive transfer from T1 
to new classes). Standard fine-tuning without the CL engine achieves BWT = −0.142 on T1 classes—an 
absolute forgetting of 14.2 pp—demonstrating catastrophic forgetting. After Phase T3 adaptation (adding C6), 
TemporalXAI-Det achieves BWT = −0.024 on T1+T2 classes combined. Across all phases, the absolute 
forgetting metric (AF) for TemporalXAI-Det is 0.021, compared to 0.097 for standard fine-tuning—a 78.4% 
reduction in forgetting attributable to the continual learning engine. 
Table 6  Continual learning results across three temporal phases. 

Protocol T1 Classes F1 T2 Classes F1 T3 Classes F1 BWT FWT AF 
Standard Fine-Tuning 0.801 (↓ 

14.3%) 
0.931 0.927 −0.142 +0.018 0.097 

EWC only 0.924 (↓ 2.1%) 0.929 0.926 −0.021 +0.026 0.031 
Replay only 0.918 (↓ 2.7%) 0.932 0.928 −0.026 +0.023 0.038 

EWC + Replay (Ours) 0.925 (↓ 1.9%) 0.941 0.939 −0.019 +0.031 0.021* 
BWT = backward transfer; FWT = forward transfer; AF = absolute forgetting. * lowest across all protocols. 
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Figure 8. Continual Learning Performance Across Temporal Phases. 

 
This figure compares the continual learning performance of four adaptation protocols across temporal phases 
T1, T2, and T3. The results show that the proposed EWC + Replay strategy achieves the most stable macro F1 
performance and the lowest absolute forgetting, indicating its effectiveness in reducing catastrophic forgetting 
when new LLM source classes are introduced 
5.6  Cross-Lingual Transfer Results 

Table 7 presents cross-lingual detection performance on the MTA-72K-ML evaluation partition. 
TemporalXAI-Det with LAPT achieves a mean adversarial macro F1 of 0.887 across twelve languages, 
compared to 0.641 for XLM-RoBERTa fine-tuned on English only (zero-shot transfer) and 0.791 for XLM-
RoBERTa with standard prefix tuning. The highest cross-lingual performance is achieved for French (0.921), 
German (0.918), and Spanish (0.914)—typologically close to English. Lower but substantial performance is 
achieved for Arabic (0.871), Mandarin (0.862), Swahili (0.841), and Hindi (0.849). Indonesian achieves 0.879, 
of particular relevance to the institutional context of this work. The per-language parameter cost of LAPT 
(approximately 31M parameters per language) enables efficient deployment even for institutions requiring 
coverage of multiple languages simultaneously. 

 
Figure 9. Cross-Lingual Adversarial Macro F1 Comparison Across Twelve Languages. 
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This figure compares the cross-lingual adversarial macro F1-scores of XLM-R zero-shot, XLM-R prefix 
tuning, and TemporalXAI-Det with Language-Adaptive Prefix Tuning (LAPT) across twelve languages. The 
results show that TemporalXAI-Det with LAPT consistently achieves higher performance than the baseline 
models, demonstrating stronger multilingual transfer capability and robustness in non-English AI-generated 
academic text detection 
 
Table 7  Cross-lingual adversarial macro F1 on MTA-72K-ML 

Language XLM-R Zero-
Shot F1 

XLM-R Prefix 
F1 

TemporalXAI-Det 
(LAPT) F1 

English (reference) 0.941 — 0.941 
French 0.718 0.872 0.921 
German 0.712 0.869 0.918 
Spanish 0.707 0.863 0.914 

Portuguese (BR) 0.694 0.851 0.908 
Mandarin Chinese 0.598 0.798 0.862 

Japanese 0.589 0.789 0.858 
Korean 0.581 0.782 0.851 
Arabic 0.574 0.810 0.871 
Hindi 0.561 0.786 0.849 

Indonesian 0.612 0.831 0.879 
Swahili 0.529 0.762 0.841 

Mean (excl. English) 0.634 0.819 0.879* 
* highest mean across evaluated methods. 
5.7  XAI Attribution Analysis 

Global SHAP analysis reveals that the three most influential stylometric features for LLM-family 
discrimination are: MTLD lexical diversity (mean |SHAP| = 0.138), model-characteristic n-gram signature 
score (mean |SHAP| = 0.129, novel feature in this work), and semantic uniformity index (mean |SHAP| = 
0.114). Integrated Gradients analysis identifies that GPT-4o-generated text (C2) is most strongly attributed to 
function word choice patterns in subordinate clauses, whereas Claude 3 Opus text (C3) exhibits heightened IG 
saliency on epistemically hedged phrases (“may suggest,” “it is worth noting”) characteristic of Claude’s 
safety-oriented generation tendencies. Counterfactual analysis reveals that 89.3% of C3 samples can be 
reclassified as human-authored by increasing MTLD and sentence length variance by one standard deviation—
confirming that Claude’s stylometric distance from human writing is primarily captured by lexical uniformity, 
a finding with direct implications for adversarial evasion by sophisticated users. 
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Figure 10. SHAP Feature Importance for LLM-Family Discrimination. 

 
This figure presents the global SHAP feature importance values used to explain LLM-family discrimination in 
TemporalXAI-Det. The results indicate that MTLD lexical diversity, model-characteristic n-gram signature, 
and semantic uniformity index provide the strongest contributions to distinguishing human-authored text from 
AI-generated text across different LLM families. Higher mean absolute SHAP values indicate stronger 
influence on the model’s source-class attribution decision 

 
6. DISCUSSION 
6.1  Multi-Source Detection and LLM-Family Fingerprinting 

The six-class results establish that meaningful LLM-family attribution is achievable at high accuracy 
(97.2% clean, 94.1% adversarial) even under sophisticated paraphrasing attacks. This finding has significant 
implications: it suggests that, despite surface-level stylistic similarity among leading LLMs, each family 
maintains a sufficiently distinctive macro-structural fingerprint—rooted in its training data distribution, RLHF 
alignment procedure, and architecture—to support automated attribution. The model-characteristic n-gram 
signature features introduced in M1 are the primary contributor to this capability, suggesting that future work 
on LLM attribution should focus on sub-lexical stylometric profiling rather than purely semantic approaches. 
The finding that Claude 3 Opus is the hardest class to discriminate from human writing is consistent with 
Anthropic’s constitutional AI training objectives and has direct implications for institutional risk assessment. 
6.2  Temporal Model Drift and Continual Learning 

The continual learning results demonstrate, for the first time in the AI-text detection literature, that 
catastrophic forgetting represents a quantifiable and addressable threat to deployed detection systems. The 
78.4% reduction in forgetting achieved by EWC+Replay relative to standard fine-tuning operationalises a 
principled solution to the temporal drift problem that has previously received only qualitative acknowledgment. 
Critically, the positive forward transfer (FWT = +0.031) observed in our experiments indicates that prior LLM-
family representations provide representational scaffolding that facilitates the learning of new generative model 
signatures—an inductive bias arising from the shared autoregressive generation mechanism common to all 
LLM families. This result supports the intuition that the feature space defined by stylometric and semantic 
representations generalises across generator families at the macro-structural level. 
6.3  Cross-Lingual Equity and Global Deployment 

The cross-lingual results carry substantial equity implications. The LAPT mechanism achieves a mean 
adversarial macro F1 of 0.887 across eleven non-English languages using only 5% language-specific 
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parameters—establishing that high-quality AI-text detection is achievable in languages historically 
underserved by NLP infrastructure. The gap between English performance (0.941) and the lowest-performing 
language, Swahili (0.841), of approximately 10 pp, suggests that further investment in multilingual training 
data for stylometric feature validation would yield additional gains. Indonesian performance (0.879) is 
particularly relevant given the research institution’s operational context, and approaches English-level 
performance sufficiently to support institutional deployment. 
6.4  Limitations and Ethical Considerations 

Several limitations warrant explicit acknowledgement. First, the six LLM families covered by MTA-
72K, while comprehensive for the 2024–2025 deployment landscape, do not include all commercially deployed 
models; rapid model proliferation may require ongoing corpus extension. Second, the false positive rate of 
5.8% on human-authored texts, while lower than all baselines, may represent an unacceptable misclassification 
burden in high-stakes adjudication contexts; we strongly recommend that automated detection outputs be 
treated as probabilistic screening tools requiring mandatory expert review. Third, the multilingual evaluation 
relies on translated texts rather than natively authored non-English AI text, which may not fully capture 
distributional characteristics of non-English LLM outputs; natively multilingual corpus construction represents 
an important direction for future work. 

Ethically, we acknowledge the dual-use nature of the LLM-family attribution capability: the ability 
to identify which specific LLM generated a text could potentially be used to guide model evasion selection. 
We mitigate this risk by withholding the LLM-family discriminative feature extraction code from the public 
repository. The detection codebase, dataset, and trained models are released under CC BY 4.0. We affirm that 
this research is motivated solely by the goal of supporting evidence-based academic integrity governance in an 
equitable and defensible manner. 
 
7. CONCLUSION 

This paper has presented TemporalXAI-Det, the first AI-text detection framework to simultaneously 
address multi-source attribution, temporal model drift via continual learning, cross-lingual transfer, and multi-
modal explainability within a unified architecture. By extending a hybrid stylometric-semantic representation 
with 15 novel LLM-family discriminative features, Language-Adaptive Prefix Tuning for multilingual 
semantic encoding, a four-pathway hybrid fusion mechanism with LLM-family-specific gating, an 
EWC+Experience Replay continual learning engine, and a multi-modal XAI suite combining Integrated 
Gradients, SHAP, and counterfactual contrast generation, the framework achieves state-of-the-art performance 
across all evaluated dimensions: 97.2% accuracy and macro F1 = 0.941 on clean data; macro F1 = 0.912 under 
combined adversarial attacks (Δ = 2.9 pp); a mean cross-lingual adversarial macro F1 of 0.887 across twelve 
languages; and a 78.4% reduction in catastrophic forgetting relative to standard fine-tuning under temporal 
model evolution. The MTA-72K corpus, released under CC BY 4.0, constitutes the most comprehensive 
benchmark for AI-text detection to date. Future work will pursue five directions: (1) expansion of MTA-72K 
to include natively authored multilingual AI text across twenty additional languages, addressing the current 
reliance on translated samples; (2) real-time continual adaptation via online learning mechanisms that update 
model parameters from institutional deployment feedback streams without offline retraining cycles; (3) multi-
modal extension to detect AI-generated academic content in scientific figures, tables, and mathematical 
derivations; (4) integration with learning management systems via a privacy-preserving federated inference 
API that enables cross-institutional collective intelligence without sharing raw submission data; and (5) 
curriculum design of XAI-based pedagogical tools that leverage counterfactual explanations as formative 
feedback instruments for developing students’ academic writing metacognition. These extensions position 
TemporalXAI-Det as a foundational infrastructure component for trustworthy, equitable, and continuously 
evolving academic integrity governance in the era of ubiquitous generative AI. 
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