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Where does the knowledge come from?
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e Pre-training on large scale data
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e Goal: Understand and generate natural language

e But: Also absorbs knowledge during pre-training

e \Why:
o Every sentence necessarily carries knowledge
o Knowledge is implicitly learned
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e But: Also absorbs knowledge during pre-training

e \Why:
o Every sentence necessarily carries knowledge
o Knowledge is implicitly learned

e Knowledge is a by-product of language-acquisition
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Where does the knowledge come from? e

e Pre-training on large scale data

e Goal: Understand and generate natural language

e But: Also absorbs knowledge during pre-training

e \Why:
o Every sentence necessarily carries knowledge
o Knowledge is implicitly learned

e Knowledge is a by-product of language-acquisition

e Problems:
o In LLMs knowledge and language are deeply intertwined
o Language is vague, facts and knowledge are precise
o Highly specific concepts
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How to inject Knowledge into LLMs?

e Heavyweight Pre-Training
o Large-scale data (Billions of examples)
o Large-scale hardware-resources (especially GPUs/TPUs)
o Energy consumption

¢ Finetuning
o |Injecting new knowledge modifies parameters
o Previous knowledge fades away
o Catastrophic forgetting

e Lightweight Knowledge-Injection
o Leaves the PTMs parameters unchanged
o Works with smaller training datasets N
o Works in low-budget setting
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What are we going to look at?
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Direct Text Injection (DTI)

Input text Entity Linking Knowledge Graph
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rhythms that evening. pebop - >tgeneot _ jazz

Enriched Input Text
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with his innovative bebop
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Thelonious Monk plays the
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adapted from Cadeddu et al. (2024)




K-BERT

Input Text:
|CLS] Tim — Cook 1S visiting Beiljing now
[CLS] Tim — Cook 1S visiting Beijing
CEO capital 1S
\ Apple /
China
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Liu et al. (2019)
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K-BERT - Embedding Layer
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Input sentence: Tim Cook 1s currently visiting Beljing now

Knowledge Graph
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Y Tim Cook Beijing
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Sentence tree:
Tim — Cook —— 1s — currently — visiting — Beijing — now
CEO — Apple China — capital 1s_a — City
Embedding layer Seeing layer
l Embeddings l Visible matrix

Mask-Transformer Encoder

|

Tasks Classification Sequence labeling .

Liu et al. (2019)
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Input sentence: Tim Cook 1s currently visiting Beijing now
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Integrating Features with MLP

Input Text Extra Features
v
parameters frozen B
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MLP * : — (Multilayer Perceptron)
v
Classification Task 1 L
adapted from Ostendorff et al. (2019)
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Integrating Features with MLP
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Knowledge Adapters (K-Adapter)
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Knowledge Adapters (K-Adapter)

Transformer Layer

Adapter Layer (TRM)
(KIA)

Up Projection
Layer

Down Projection
Layer

Wang et al. (2020)
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Knowledge Adapters (K-Adapter)

hidden size

Transformer Layer

Adapter Layer (TRM)
(KIA)

64 or 128 »/ Down Projection
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Wang et al. (2020)
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K-Adapter - Pre-Training
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Overview

Lightweight Training No Token-Limitation Easy to Implement

Direct Text Injection (DTI)

/4 X /4

K-BERT \// x x
Multilayer Perceptron (MLP) v/ /4 4
K-Adapter v Vs
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K-BERT - Seeing Layer
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