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Knowledge Distillation

Knowledge Distillation for Pre-training
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Knowledge Distillation for Fine-Tuning
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Knowledge Distillation for Fine-Tuning

2 Fine-tuning via distillation

3 (Optional) reguiar fine-tuning

1 Pre-training via distillation

Quantization

Quantization

Definition
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Linear Quantization

2=S(q-2)

Teacher ]
i ‘Student.

\ d
L]

2 Fine-training via Data

distillation
Data 84
Quantization Quantization
[——

oL
Wit = UpdateParameter (w', 7z 1)

« QBERT {0, ey 251} Wi

0 Nt ¢ ) CoMLE ¢ 0 conLn 1



https://unsplash.com/photos/FTfjMijq-Ws

Quantization with Distillation

Figure 2: Depicton ofth proposed distllion-awsre ternaizaton of BERT model

Pruning

Pruning

Lottery Ticket Hypothesis

Movement Pruning
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Efficient Attention

Efficient Attention
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Data-Dependent Patterns

Data-Dependent Patterns

Buckets: Hashing

Data-Dependent Patterns
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Recurrence

1/0 Awareness

Mixture-of-Experts

Compressive Transformers

Attention on GPT-2

19785 20M8)

ovrsTus oG §

1acus
=5

Memory Hierarchy with
Bandwidth & Memory Size

FlashAttention

FlashAttention (Dao et al, 2019

MoE layer

FEN(z) = max(0, 2W; + b)Wa + by

Mixture-of-Experts

Mixture-of-Experts

Structure State Spaces
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Ireguiar sampiing Stateful inference Parallelizable training

x Complex, ver inefficient . Ineficint trining X Inefiiont nforonco
Vanishing gradients Vanishing gradients Bounded context

(CNN)

Existing model families have clear tradeoffs
Al struggle with long-range dependencies (LRD)

$4(Gu etal, 2022)



https://arxiv.org/abs/1701.06538
https://arxiv.org/abs/2006.16668

Structure State Spaces
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