DP-CRE: Continual Relation Extraction via

Decoupled Contrastive Learnin Mllllll%ﬂ[[‘imd

Memory Structure Preservatlon

Sl
ot

sHa“gZhOU Instltute f01 'A&Véll’lc Study.;t
1 SR




Target and Motivation

Relation 1 Relation 2

Relation 3 Relation 4

Trained model for Relation 1&2&3&4



Target and Motivation

Relation 1

Relation 3

Relation 2

Relation 5

Relation 4

Relation 6

Expand the model

Relation 1&2&3&4 and 5&6




Target and Motivation

Data 1

Data 3

St

Database

Data 2

Data 5

Data 4

Data 6

Retraining the model

Constraints in storage and computational resources




Target and Motivation

Relation 1

Relation 3

Relation 2

Relation 5

Database

Relation 4

Relation 6

How to incrementally
train the model using

these new samples.




@ Summary of Existing Approaches

The Existed Approaches of Continual Relation Extraction

— EE Model
Stepd:
[ Predict
Stepl: Stepl:
Initial Replay
Data for Mem Data of
New Task 0ld Task
[
I
I
Stepl: 1
Select :
|
I
I
I
I
Mem Data of !
—

New Task

The Memory-Based method is widely used in current Continual Relation
Extraction work.



@ Summary of Existing Approaches

The Existed Approaches of Continual Relation Extraction

The Memory-Based method is widely used in current Continual Relation
Extraction work.

RE Model

—
- _» AAA AA ey Train R
Step3: / AA A - RE Model
— asnc New Memory

Memory & New Samples Mixed Together

Data for Mem Data of
New Task 0ld Task
[

Stepl:
Select

Mem Data of
New Task

O




@ Summary of Existing Approaches

The Existed Approaches of Continual Relation Extraction

The Memory-Based method is widely used in current Continual Relation
Extraction work.

RE Model

_- 1
— = AAA AA ey Train N
Seps: \_— | A, 4 @  RE Model
— Y New Memory

Memory & New Samples Mixed Together

Data for Mem f
New Task 0ld Task T

~~a
ry o New task knowledge (Frozen Model Parameters & Class Augmentation)

Stepl:
Select

O

Mem Data of
New Task




@ Summary of Existing Approaches

The Existed Approaches of Continual Relation Extraction

The Memory-Based method is widely used in current Continual Relation
Extraction work.

EE—
Apad, -
> A A ey Train
Stepl: AA A - RE MOdeI
Initial
New Memory
Memory & New Samples Mixed Together

Data for B
New Task 0ld Tas

~~a
o New task knowledge (Frozen Model Parameters & Class Augmentation)

Stepl:
Select

Replay processQontrastive Learning & Data Augmentation)

O

Mem Data of e .
New Task Memory embedding to the same places




Summary of Existing Approaches

The Existed Approaches of Continual Relation Extraction

The Memory-Based method is widely used in current Continual Relation
Extraction work.

EE—
Apad, |
> A A ey Train
Stepl: AA A - RE MOdel
Initial
New Memory
Memory & New Samples Mixed Together

Data for B
New Task 0ld Tas T

~~a
'y N o New task knowledge (Frozen Model Parameters & Class Augmentation)

Stepl:
Select

Replay processQo rastive Learning & Data Augmentation)

O

Mem Data of
New Task

ory embedding to the same places

Train Memory & New samples with the
same status would bring model bias.



Summary of Existing Approaches

The Existed Approaches of Continual Relation Extraction

The Memory-Based method is widely used in current Continual Relation
Extraction work.

EE—
Apad, |
> A A ey Train
Stepl: AA A - RE MOdel
Initial
New Memory
Memory & New Samples Mixed Together

Data for B
New Task 0ld Tas T

~~a
'y N o New task knowledge (Frozen Model Parameters & Class Augmentation)

Stepl:
Select

Replay processQo rastive Learning & Data Augmentation)

Mem Data of
New Task

O

ory embedding to the same places

\

Train Memory & New samples with the Strict Limitation may limit the
same status would bring model bias. ability to learn new relations.




@ Discussion the Decoupled Tasks

Old Task
Data Bias Brings Model Bias. Al Samp'es W New Task
O Imbalance in old and new data
ory Samples
Regular RE Continual RE

History Task Loss
Current Task Loss

\

Best Ke:ap Point

- Balance Space |
e N

Best Learn Point

L
r

Prior Best Point

Initial Replay




Discussion the Decoupled Tasks

Data Bias Brings Model Bias. - All Samples ~__ New Task

Old Task

O Imbalance in old and new data Q)

A unified Task or Decoupled Tasks? "
ory Samples

\ 4

@ One task can influence the other. Reguiar RE Continual RE

History Task Loss
Current Task Loss

~ Balance Space |

Best Keep Point —
Best Learn Point

L
r

Prior Best Point

Initial Replay




Discussion the Decoupled Tasks

Data Bias Brings Model Bias. - All Samples ~__ New Task

Old Task

O Imbalance in old and new data Q)

A unified Task or Decoupled Tasks? M&mory Samples

\ 4

@ One task can influence the other. Reguiar RE Continual RE

ra

© Historical tasks BEST POINT when unaffected by ‘
new data types.

History Task Loss
Current Task Loss

~ Balance Space

Best Keep Point I
[ Prior Best Point Best Learn Point
Initial Replay

L
r
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Data Bias Brings Model Bias.
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A unified Task or Decoupled Tasks?
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Our Contributions

our Decou PlEd Contributions for Continual Relation Extraction:

[Balancing CRE with Multi-task Learning]
Prior Information Preservation and New Knowledge Acquisition

[Decoupling to Mitigate Overfitting]
Conserve the memory structural information

[Empirical Validation of DP-CRE]

Experiment results demonstrate the SOTA accuracy.
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DP CRE: Decoupled Contrastive Learning to Acquire New Knowledge
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Experimental Results of DP-CRE

DP-CRE: Main Performance

FewRel
Model T T Ts Ty T Ts T Ty Ty Tio
EA-EMR (Wang et al., 2019) 89.0 69.0 591 bB42 478 461 431 40.7 386 352
EMAR(BERT) (Han et al., 2020) | 98.2 948 926 911 89.7 879 871 86.0 847 833

CML (Wu et al., 2021) 912 748 682 582 537 504 478 444 431 397
RP-CRE (Cui et al., 2021) 98.1 948 926 911 89.7 879 87.1 86.0 847 833
CR-ECL (Hu et al., 2022) 978 949 927 909 894 875 857 846 836 827
ACA (Wang et al., 2022b) 984 951 93.0 915 905 889 879 86.7 858 844
CRL (Zhao et al., 2022) 98.0 943 924 0905 895 878 87.0 856 843 830
CEAR (Zhao et al., 2023) 983 95.6 935 920 908 89.3 88.0 868 856 84.0
Ours 98,5 954 93.7 921 909 894 885 874 86.3 851
TACRED
Model T T T3 Ty T Ts T Ts Ty Tio

EA-EMR (Wang et al., 2019) 475 401 383 299 240 273 269 258 229 19.8
EMAR(BERT) (Han et al., 2020) | 98.0 93.0 89.7 84.7 827 815 79.0 775 776 771

CML (Wu et al., 2021) 572 51.4 413 393 359 289 273 269 248 234
RP-CRE (Cui et al., 2021) 96.6 91.4 888 848 828 81.0 779 774 765 757
CR-ECL (Hu et al., 2022) 97.3 925 882 856 837 833 81.8 801 777 76.8
ACA (Wang et al., 2022b) 98.2 93.8 899 859 842 827 805 784 786 77.5
CRL (Zhao et al., 2022) 98.0 93.9 90.8 860 849 829 80.1 79.2 794 785
CEAR (Zhao et al., 2023) 97.9 93.7 907 86.6 847 843 81.9 804 80.2 79.3

Ours 978 938 915 875 857 842 829 813 815 807
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IAURED

Model T T T3 Ty T Ts T Ts Ty Tio
EA-EMR (Wang et al., 2019) 475 401 383 299 240 273 269 258 229 1938
EMAR(BERT) (Han et al., 2020) | 98.0 93.0 89.7 84.7 827 815 790 775 776 771
CML (Wu et al., 2021) 572 514 413 393 359 289 273 269 248 234
RP-CRE (Cui et al., 2021) 966 914 888 848 828 810 779 774 765 757
CR-ECL (Hu et al., 2022) 973 925 882 856 837 833 818 801 777 76.8
ACA (Wang et al., 2022b) 98.2 938 899 859 842 827 805 784 786 775
CRL (Zhao et al., 2022) 98.0 939 908 860 849 829 801 792 794 785
CEAR (Zhao et al., 2023) 979 937 90.7/7 866 847 843 819 804 802 793
Ours 978 938 915 875 85.7 842 829 81.3 81.5 80.7

DP-CRE outperforms previous CRE work.
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DP-CRE: Main Performance

FewRel
Model T T Ts Ty T Ts T Ty Ty Tio
EA-EMR (Wang et al., 2019) 89.0 69.0 591 bB42 478 461 431 40.7 386 352
EMAR(BERT) (Han et al., 2020) | 98.2 948 926 911 89.7 879 871 86.0 847 833
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EA-EMR (Wang et al., 2019) 475 401 383 299 240 273 269 258 229 19.8
EMAR(BERT) (Han et al., 2020) | 98.0 93.0 89.7 84.7 827 815 79.0 775 776 771

CML (Wu et al., 2021) 572 51.4 413 393 359 289 273 269 248 234
RP-CRE (Cui et al., 2021) 96.6 91.4 888 848 828 81.0 779 774 765 757
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DP-CRE outperforms previous CRE work.

9 More significant enhancement in the later CRE tasks.
DP-CRE accumulate advantages when facing denser feature space and more imbalanced tasks number.
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DP-CRE: Modules Ablation Study

Initial Learning(IN) , Decoupled Contrastive Learning(DP), Change Amount Limitation(CA), Multi-task Balance(BA) , Double-NCM Prediction(D-NCM)
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0 TACRED dataset consists of a larger number of conflicting relation types,
CA-Limit more significant in handling frequent embedding changes.
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0 TACRED dataset consists of a larger number of conflicting relation types,
CA-Limit more significant in handling frequent embedding changes.

A accuracy (%) .



Experimental Results of DP-CRE

DP-CRE: Influence of Memory Size

—8— memory size =5

—@— memory size = 10 Fewnel

e memonysze= 1> Memory Size 5 10 15

ACA (Wang et al., 2022b) | 82.8 844 85.1
CRL (Zhao et al., 2022) 803 83.0 84.0
CEAR (Zhao et al., 2023) | 826 84.0 849
Ours 83.4 85.1 86.1

TACRED

80 Memory Size 5 10 15
ACA (Wang et al., 2022b) | 76.2 775 78.7
e ——— CRL (Zhao et al., 2022) | 75.0 785 79.7
e CEAR (Zhao et al., 2023) | 76.7 79.3 80.4
Ours 773 80.7 813

100
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90

FewRel Acc

854
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100

—&— memory size =5
—&— memory size = 10

—&— memory size = 15
95

90

TACRED Acc

854
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Experimental Results of DP-CRE

o DP-CRE: Influence of Memory Size

—@— memory size = 10 Fewnel

e memonysze= 1> Memory Size 5 10 15

ACA (Wang et al., 2022b) | 82.8 844 85.1
CRL (Zhao et al., 2022) 803 83.0 84.0
CEAR (Zhao et al., 2023) | 826 84.0 849
Ours 83.4 85.1 86.1

TACRED

80 Memory Size 5 10 15
ACA (Wang et al.,, 2022b) | 76.2 775 787
CRL (Zhao et al., 2022) 75.0 785 797

95

90

FewRel Acc

854

75

T T T T T T T T T T
Tl T2 T3 T4 T5 T6 T7 T8 T9 T10

CEAR (Zhao et al., 2023) | 76.7 79.3 80.4
Ours 773 80.7 813
o memory e 13 Additional memory samples providing more
information.
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Experimental Results of DP-CRE

o DP-CRE: Influence of Memory Size

—@— memory size = 10 Fewnel
e memonysze= 1> Memory Size 5 10 W
ACA (Wang et al., 2022b) | 82.8 84.4 |85.1
CRL (Zhao et al., 2022) 80.3 83.0 |84.0
CEAR (Zhao et al., 2023) | 826 84.0 (84.9
Ours 83.4 85.1 [86.1

TACRED
80 Memory Size 5 10 15
ACA (Wang et al., 2022b) | 76.2 77.5 |78.7
e ——— CRL (Zhao et al., 2022) | 75.0 785 |79.7
e CEAR (Zhao et al., 2023) | 76.7 79.3 |80.4
Ours 773 80.7 (813

95

90

FewRel Acc

854

75

100

—&— memory size =5
—&— memory size = 10

—o- memory size = 15 Additional memory samples providing more
information.

95

90

TACRED Acc

854

Change amount for each memory sample individually
make more memory samples information used.

80+

75

T T T T T T T T T T
TL T2 T3 T4 T5 TG T7 T8 T9 T10
Task Num



Experimental Results of DP-CRE

DP-CRE: Task Balance Experiment

FewRel
Model Task T5 Ts Ty Ts Ts T~ Ts Ty Tio
ACA old | 1.50 250 286 329 385 435 509 509 548
new | 1.33 2.083 3.06 3.13 469 406 531 6.34 553
CEAR old | 141 208 264 3.11 349 423 470 548 6.16
new | 1.08 180 2.16 281 366 341 494 559 513
Ours old | 1.22 1.67 229 291 327 3.73 352 448 4.70
new | 096 1.63 226 291 342 3.09 4.78 5.34 4,59

TACRED

Model Task 15 T3 Ty T T6 T Tg Ty Tio

ACA old | 1.83 292 3.15 339 396 443 489 513 547
new | 1.30 2.33 3.05 3.10 4.7/5 418 528 585 585

CEAR old | 133 215 271 321 358 430 458 543 5.98
new | 0.90 2.00 218 2.78 3.73 325 5.13 5.05 545

Ours old | 1.08 199 254 3.04 342 382 435 4.61 4.78
new | 1.07 180 2.08 295 3.73 3.13 490 5.00 5.10




Experimental Results of DP-CRE

DP-CRE: Task Balance Experiment

FewRel
Model IQSK T5 Ts Ty Ts Ts T~ Ts Ty Tio
ACA ol 1.50 250 286 329 385 435 509 509 548
ne 1.33 203 3.06 313 469 406 531 6.34 553
CEAR/ old\| 141 208 264 3.11 349 423 470 548 6.16
new|| 1.08 180 2.16 281 366 341 494 559 513
Ours old || 1.22 1.67 229 291 327 3.73 352 448 4.70
new || 0.96 1.63 226 291 342 3.09 4.78 5.34 4,59

TACRED

Model Task 15 T3 Ty T T6 T Tg Ty Tio

ACA old || 1.83 292 3.15 3.39 396 443 489 513 547
new | 1.30 233 3.05 3.10 4.75 418 528 585 585

CEAR| old || 1.33 215 271 321 358 430 458 543 5.98
new/| 0.90 200 218 278 3.73 325 5.13 5.05 545

Ours 0|(% 1.08 1.99 254 3.04 342 382 435 461 4.78
Es

1.07 180 208 295 3.73 3.13 490 5.00 5.10

o New and old tasks calculated separately.



Experimental Results of DP-CRE

DP-CRE: Task Balance Experiment

FewRel
Model IQSK T5 Ts Ty Ts Ts T~ Ts Ty Tio
ACA ol 1.50 250 286 329 385 435 509 509 548
ne 1.33 203 3.06 313 469 406 531 6.34 553
CEAR/ old\| 141 208 264 3.11 349 423 470 548 6.16
new|| 1.08 180 2.16 281 366 341 494 559 513
Ours old || 1.22 1.67 /2.29 X2.91\ 3.27 3.73 3.52 4.48 4.70
new || 0.96 1.63 (2.2662.91) 342 3.09 4.78 5.34 4.59

N7 V4

Model Task 15 T3 Ty T T6 T Tg Ty Tio

ACA old || 1.83 292 3.15 3.39 396 443 489 513 547
new | 1.30 233 3.05 3.10 4.75 418 528 585 585

CEAR| old || 1.33 215 271 321 358 430 458 543 5.98
new/ | 888 2.00 2.18 278 3.73 325 5.13 5.05 15.45

Ours 0|(% 1.08 )1.99 2.54< 3.04 > 342 382 435 4.61 4,78
Es

\1.07 /1.80 2.08\ 2.95 /3.73 3.13 4.90 5.00 5.10
~— \_/

o New and old tasks calculated separately.

g AF1 of the CRE model and the regular RE model.
Prevents any over-bias towards either side in case of conflicts, thereby ensuring a balanced model.



Experimental Results of DP-CRE

DP-CRE: Training Time Discussion
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DP-CRE: Training Time Discussion
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Experimental Results of DP-CRE

DP-CRE: Training Time Discussion
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Conclusion

DP-CRE

Balance prior information preservation and new knowledge acquisition.

Monitor the changes in embedding and maintain the structural
information of memory samples.

Enhance the performance of SOTA CRE models.



