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Problems & Ideas

Problems of conventional continual relation extraction methods
— Existing works focus only on sentence-level relation extraction
— Partial labeling of past and future relations severely degrades performance

ldeas: A continual document-level relation extraction framework
with multi-binary knowledge distillation, asymmetric training, and
correlation-augmented label generation to alleviate partial l[abeling
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Proposed CDRE framework. Left: Multi-binary knowledge distillation. Middle: Asymmetric training between
positive and negative samples. Right: Correlation—augmented label generation for new task data and memory data.



Main Contributions

e Contributions

— A novel continual document-level relation extraction task that captures
cross-sentence relations under dynamic, task-specific annotation settings

— A unified framework with multi-binary knowledge distillation, asymmetric
training, and correlation-augmented label augmentation to alleviate partial
labeling across tasks

— An integrated strategy to enhance relation prediction for both learned and
emerging relations, achieving strong performance on realistic benchmarks

| DocRED | ReDocRED

Models

T, T 15 1, T T, 1, 15 T, Ts

Finetuning 56.71 3542 2460 1935 17.20 | 66.73 4275 29.08 25.18 19.71
Joint-training | 56.72 59.03 5940 59.46 60.15 | 66.75 70.27 71.38 7235 7282

DREEAM 56.71 48.89 41.72 3481 30.64 | 6631 55.67 4534 3544 31.38

AA 56.72 4949 4136 35.85 3097 | 66.75 56.83 4891 3645 31.85
CEAR 53.42 45774 37.73 32.03 2998 | 61.34 5226 4125 3222 2692
InfoCL 53.12 4693 4093 3591 31.68 | 62.68 53.21 43.11 34.15 28.79
SCKD 53.03 45.67 37.65 32.14 29.87 | 61.24 5213 4136 32.12 26.84
SpanKL 56.45 3391 33.16 3257 29.78 | 65.80 40.74 3894 36.56 31.94
CDRE 56.74 5584 5557 5471 54.55 | 66.82 67.83 6794 68.41 68.69

F1 scores on the DocRED and ReDocRED benchmarks. CDRE performs significantly better than all
competitors with a large margin on the two benchmarks, except for joint—training.



