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Knowledge Distillation of BERT

Use the large over-parameterized model to distil a small model
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XtremeDistil: Multi-stage Distillation. ACL 2020. Mukherjee and Awadallah https://aka.ms/xtremedistil
TransferDistil: Task Transfer for Task-agnostic Distillation. Mukherjee et al., 2021 C 19))

MiniLM: Deep Self-Attention Distillation for Task-Agnostic Compression of Pre-Trained Transformers. NeurlPS 2020. Wang ! al/



https://arxiv.org/abs/2004.05686
https://arxiv.org/abs/2106.04563
https://arxiv.org/pdf/2002.10957.pdf%22%20/

What are the challenges?

* Small model architectures are hand-designed

* Requires several trials
* Relies on pre-specified compression rates
* Re-running distillation with computational budget change

eMore, one size does not fit all
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AutoDistil with Neural Architecture Search

(4) Optimal compressed

(3) Self-attention relation distillation
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K Search Partitions

K-shot Learning for SuperLM

(1) K-shot search space design

https://aka.ms/AutoDistil

(2) Task-agnostic super language model training



Search Space Design

= Searchable transformer components

= Inductive bias
= Search space partition

Three sub-spaces
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AutoDistil vs. Manually Designed Distilled Models

Model #FLOPs #Para | MNLI-m QNLI QQP SST-2 CoLA MRPC RTE Average
(Metric) (G) M) (Acc)  (Acc) (Acc) (Acc) (Mcc) (Ace) (Acco) 5
BERTBAsE Devlin et al. [2019] (teacher) | 11.2 109 84.5 91.7 913 932 589 873 68.6 82.2
BERTsmarL Turc et al. [2019] 5.66 66.5 81.8 89.8 906 912 535 849 679 80.0
Truncated BERT Williams et al. [2018] 5.66 66.5 81.2 879 904 908 414 827 655 7|
DistilBERTSanh et al. [2019] 5.66 66.5 82.2 892 885 913 513 875 599 78.6
TinyBERT Jiao et al. [2020] 5.66 66.5 83.5 90.5 906 916 428 884 72.2 79.9
MINILM Williams et al. [2018] 5.66 66.5 84.0 91.0 910 920 492 884 715 81.0
AutoDistil Agnostic 2413 26.8 82.8 899 908 906 47.1 873 69.0 79.6
AutoDistilproxyp 4.40 50.1 83.8 90.8 91.1 91.1 550 888 719 81.7
AutoDistilproxyg 2.02 26.1 83.2 90.0 906 90.1 483 883 694 799
AutoDistilproxy 0.27 6.88 79.0 864 89.1 859 248 785 643 72.6

Model #Layers #Hid Ratio #Heads #FLOPs #Para

BERTgAsE 12 768 4 12 11.2G 109M

MINILM 6 768 4 6 5.66G 66.5M

AutoDis. proxyg 12 544 3 9 440G 50.IM

AutoDis. proxyg 11 352 4 8 2.02G 26.1IM

AutoDis. pProxyr 7 160 35 10 027G 6.88M -

AutoDistil Optimal Architectures



AutoDistil Variable Compression

* AutoDistil generates multiple students with variable computational cost

e Given any SOTA compressed model, AutoDistil finds students with better trade-off (FLOPs vs. Accuracy)
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