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Injecting New Knowledge into Large Language Models via Supervised Fine-Tuning

1. Introduction
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2. Dataset Generation

« 6712| Wikipedia articles:
« 2023 Cricket World Cup
« 2023 American Football Superbowl
« 2023 FIFA Women's World Cup Post-cutoff
+ 2023 PGA Championship
« 2023 NCAA Men's Basketball Division | Tournament
« 2018 FIFA World Cup

- Fact/statistic §27} S5, Olof] 2|5, &8 SEE X7 |2L=E 7= 75

* 2} =A0f| CH3H plain text &, ME THTY, cleaning = H|O[E 4 XY
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2. Dataset Generation - Token-based Scaling

 Article2| overview AlM0f| 7|2F5H0 Q&A A= manualStA| X|ZH6ED question 2[AEN| =7t

- 2f Al F0tC} token 72 E, GPT-40] unique?t QRA A= 2 M EZ 2| 10817 E= W7HX| BH=sHA

d'dot=E & (10x)
* 10x8| subset= 0|8ot0 MAD0ICE 1%, 5x COJE X X| % - FT HIO|HZ At

« IS 1x token scale, uniquedtH train setd] §l= 2252 #e



Injecting New Knowledge into Large Language Models via Supervised Fine-Tuning

2. Dataset Generation - Fact-based Scaling

« 2M0j| = atomic factsE GPT-4 2610 2| AE!
« Atomic factsE iteratedt 10702] unique Q&A & A4 (GPT-4)

* Question =20 gl= BRI =210t £[ 12, UCHH 22 questions A dot== ot 10x M=
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Injecting New Knowledge into Large Language Models via Supervised Fine-Tuning

3. Training Methodology & Evaluation

GPT-4 - v0613 (cutoff 09.2021)2 FTOf| &&

LoRA 2238 FT (rank 16, batch 1, 3 epochs)

_I_

2 E training samples= context lengthQto]| Ct S0{2C} gt

Gradient updates= user prompt H|2|$t & prompt0]| 2 ZIeH

o= 2 OIO|EAI0f| GPT-42 <5 A7) & inferencell| et lora deltagt 2&
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4. Results - Token-based Scaling
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Figure 1: Token-based evaluation set accuracy for our six documents across 1x, 5x, and 10x scaling with models
trained on token-scaled datasets. The base model results with no training are included under the bars annotated as
“original," and we include a RAG baseline as well which leverages the cleaned document sections to answer the eval
questions.
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4. Results - Token-based Scaling
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Figure 2: Fact coverage across token-based datasets.
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4. Results - Fact-based Scaling

Cricket FIFA 2018 FIFA 2023
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Figure 3: Fact-based evaluation set accuracy for our six documents across 1x, 5x, and 10x scaling with models trained
on fact-scaled datasets. The base model results with no training are included under the bars annotated as original," and
we include a RAG baseline as well which leverages the cleaned document sections to answer the eval questions.
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4. Results - Token-based Scaling
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Figure 4: Fact-based evaluation set accuracy for our six documents across 1x, 5x, and 10x scaling with models trained
on token-scaled datasets.
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5. Conclusion

—
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1. Introduction
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2. Knowledge Transfer

©
y Teacher
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 —o .
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Training Data%

Student
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1, Disy
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——————————-
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(c) Parametric Knowledge Transfer
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3. Parametric Knowledge Transfer

 Task-specific parametric knowledge& teacher28 5 MEXO £ student Z20]| transferdt= 20|

=F s

o EfA I 7O} ORI 2 [Mf], teacher model M, (parameter 0;) 22 E] student model M, (parameter 6g)
Of|A| transfer g

« 1EHA|: extraction Extract(®7;®s;T) = Or,

tract ?

« 2T injection Inject(@s; @Textract) — @/S,
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3. Parametric Knowledge Transfer - Knowledge Extraction

« Parameter sensitivity: £ parameterE 02 M|&5t1 loss2| Mzt HEE E 1 sensitivity

« Parameter removalO| loss0Oi| & &2 FICHH O| 20| E
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3. Parametric Knowledge Transfer - Knowledge Extraction

« LEHEIZE2|0[0] o~ X} AD|2t Cr2 7] [Z0]| layer selectionZt dimensionality reduction2 sensitivity

scored|| 7|25t Tl

« Teacher 229| layer & sensitivity MZ HASHD, "It I =2 Top Lg (student 22 2|0]0] £=0|
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« YUHFNMO Z teacher?| student2 L} 2 dimension2 ?HX[7 || 2= 2D matrix0]| Cisl parameter
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submatrices
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3. Parametric Knowledge Transfer - Knowledge Injection
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3. Parametric Knowledge Transfer
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4. EXperiments

| 2t X| 2] HIX|OF30f| CHoH Q24 2tQ1: (1) reasoning (GSM), (2) professional knowledge (MMLU), (3)

instruction-driven NLP tasks (Super NI), (4) open-ended conversation (AlpacaFarm)

= AFO|X2| Llama 2 &20| teacher -2 RHI0| student

Student &S @8l 2 HIX|OF30IC}F 1,000 instances BHEMESIH AL

LoRAE= rank 16, embedding layer, FFN, self-attention layer0| =7}
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4. EXperiments

Table 1: Results for parametric knowledge transfer. “7B-LoRA + 13B Param.” represents that we
extract parameters from the 13B teacher model and transfer them to the 7B student model.

GSM MMLU Super NI AlpacaFarm  Average
Models 0-shot  8-shot  0-shot  5-shot EM R-L Win Rate% -
LLaMA-1
Vanilla 7B 4.70 10.77 32.10 35.30 0.67 5.55 - -
7B-LoRA 17.26 16.93 43.43 3890 2291 40.49 9.07 27.00
+ 13B Param.  18.73 18.85 44.03 39.77 2451 4237 9.28 28.22
+ 30B Param. 18.63 18.52 4520 40.60 25.01 43.08 9.40 28.63
Vanilla 13B 4.93 17.44 43.50  46.80 2.18 7.78 - -
13B-LoRA 26.18 23.78 50.43 50.03 2734 45.53 13.91 33.89
+ 30B Param.  27.85 27.70 51.30 51.03 2751 46.09 17.27 35.54
LLaMA-2
Vanilla 7B 3.34 15.54 41.70  45.80 0.00 4.68 - -
Vanilla 13B 6.52 27.82 52.10 55.20 0.00 4.84 - -
7B-LoRA 23.38 21.05 47.77 47.07 2493 41.25 20.50 32.28

+ 13B Param.  25.30  26.31 49.37 4653  26.16 4298 24.64 34.47
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4. EXperiments

Table 2: Transfer experiments with different task-specific extracted parameters. The leftmost col-
umn indicates the dataset on which the knowledge extraction is based. The teacher model and

student model are LLaMA-2 13B and 7B, respectively.

GSM MMLU Super NI AlpacaFarm  Average

Models 0-shot 8-shot  0-shot  5-shot EM R-L Win Rate% -

Vanilla 7B 3.34 15.54 41.70 45.80 0.00 4.68 - -

7B-LoRA 23.38 21.05 47.77 47.07 2493  41.25 20.50 32.28
GSM 25.30 26.31 48.40 45.97 2445  42.11 23.68 33.75
MMLU 24.11 25.47 49.37 46.53 25.55 4255 24.01 33.94
Super NI 23.78 24.11 48.60 46.70 26.16 4298 24.31 33.81
LIMA 24.08 25.60 49.03 47.23 25.63  42.83 24.64 34.15
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4. EXperiments
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5. Conclusion

« L2 scale®| LLMZt2| parametric knowledge transfer 9131

« Knowledge extraction & injection 24| Xt

 Sensitivity 7|2t selection 2412} dimension reduction &i410f| CHot CiFot A S Sl tE QA0
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