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A Multimodal Self-Supervised Distillation Method for Enterprise
Network Fault Prediction and Threat Identification

ZENG Hao
(China Rongtong Group Information Technology Co. , Ltd., Beijing 100089, China)

Abstract; To address data scarcity, weak model generalization, and low deployment efficiency of fault prediction and se-
curity threat detection methods in modern enterprise networks, this paper proposes a unified framework based on the multi-
modal self-supervised representation learning and cross-domain knowledge distillation. Specifically, an enhanced multimodal
masked autoencoder with cross-modal consistency constraints is presented, which introduces a random modality dropout to
improve their robustness under missing modalities. Meanwhile, a class-conditioned correlation alignment is proposed,
which achieves second-order statistical alignment at the category granularity by combining confidence-based filtering with
class reweighting. A multi-task joint learning method is conducted on the target domain with limited labeled data, which
completes probability calibration and threshold selection by temperature scaling. Experiments show that, compared with the
best public baselines, this method decreases the RMSE by about 6. 9% and increases the F, by about 2. 1% on the dataset,
with more pronounced advantages under low-label settings, maintaining stability in missing-modality and cross-domain sce-
narios. Moreover, it is convenient for the lightweight student model obtained by the distillation to deploy in edge and re-
source-constrained environments while maintaining the key accuracy metrics, which shows a good robustness for the missing
modalities and cross-domain shifts, further verifying its effectiveness and feasibility in real-world applications through inter-
pretability analysis and O& M metrics.
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