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Background: Knowledge Distillation
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Background: Seguence Labeling

Words Embed BILSTM CRF-layer
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Background: Seguence Labeling
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Top-K Distillation

. Forward-backward Algorithm - Weighting Top-K
- Top-K Decoding - ): Loss Function
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Words Embed BILSTM CRF-layer

Top-K label sequence
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Posterior Distillation

. Forward-backward Algorithm

. Top-K Decoding

3 v1—| g [~ — -+ |
H 3 |4 P
R I — )
FE Y A
2 35— & [~ —mmm—{) |
e S R SR,
r é _______ — e i -_“-—-“_“-—-“_-“i_:
Il . s i
£ V1—| = | 1 —-{II]—E—-
'3 = |
I c ;) — : — —_— —i—b»

5 Lo b t - () |
— ey E |
& 13— & |~ — -0 |
= : I
L N P SRS

Words Embed BILSTM CRF-layer

- Weighting Top-K
- ): Loss Function
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Structure-Level Knowledge Distillation

- Weighting Top-K

- ): Loss Function
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Results

Task CoNLL NER | Aspect Extraction | WikiAnn NER | UD POS
TEACHERS 89.38 70.20 88.97 96.31
BASELINE 87.36 66.54 87.48 94.06
EMISSION 87.55 65.79 87.43 94.13
Tor-K 87.62 67.18 87.53 94.12
Tor-WK 87.64 67.22 87.57 94.14
POSTERIOR 87.72 67.49 87.83 94.29
Pos.+TorP-WK 87.77 67.34 87.71 94.20

* Monolingual teacher models outperform multilingual student
models

* Qur approaches outperform the baseline model
* Top-WK+Posterior stays in between Top-WK and Posterior



/ero-shot Transfer

NER POS
TEACHERS 41.85 56.01
BASELINE 50.86 84.11
EMISSION 50.19 84.17
POSTERIOR 51.43 84.28
POSTERIOR+TOP-K | 51.14 84.24




KD with weaker teachers

English Dutch Spanish German| Avg.
TEACHERS | 90.63 89.65 88.05 81.81 [87.54
BASELINE | 90.13 89.11 88.06 82.16 |87.36
POSTERIOR| 90.57 89.17 88.61 82.16 |87.63




k Value In Top-K

K7.9 | —m— Top-K —a— Top-WK

7.7 |

87.0 |

F1 Score

87.3

7.1




Conclusion



