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@Open Al —0¢ decoder GPT-I +Scale | GPT-2 +Scale GPT 3 +Code Codex +RLHF InstructGPT GPT 3, 5 GPT-4V GPT-4Th | |
"~ only y 2018.06 2019.02 In-context 2020 05 2021 07 2022.03 2022.11 2023 03 2023.09 2023.11 |

0.11B 1.58 Learning 1758 1758 1758 1758 I =1.7T ? ?

- Applications

~ Goocle = encoder BERT encoder- ELECTRA mT5 FlanT5 I [:] Open source
a only| 201810 decoder 2019 10 2020.03 2020 10 2022.10 I Li] Closed source

0.11B, 0.348 0.228 0.11B, 0.348

interface

decoder| XLNet g [ FLAN 1 [ LampA ] PaLM FIanPaLM Bard PaLMZ
only| 2019.06 2021.09 2022.01 2022.04 2022.10 2023.03 2023 05
BERT 0.348 1.58 1378 5408 5408 6778

variants | +RLHF| Chat

. RoBERTa || BART | S~ " opr | | Galactica " LlaMA | [LLaMA2 || Code LLaMA
2019.07 | 2019.10 S | 2022.05 2022.11 l 2023.02 2023.07 | 2023.08

0.148 1758 1208 7B-65B 78-70B 7B-34B
LLaMA
(:I variants ;
Other .. DistilBERT BLOOM - Various Open-source LLMs &

Research 2019.10 2022.11 | Instruction Fine-tuned LLMs
Groups 0.068 1768 .

v 3
Financial »| FINBERT-19 FinBERT-20 FinBERT-21 FLANG BIoombergGPT FinMA InvestLM l ‘ FInGPT
LMs 2019.09 2020.07 2021.01 2022 10 2023.03 2023.06 2023.09 2023.10

0.11B 0.11B 0.118 0.11B 78, 308

Lee J, Stevens N, Han S C, et al. A survey of large language models in finance (finllms). arXiv 2024
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Domain-Specific Continued Pre-Training
@ Continue Pre-Training % Instruction Fine-tuning %

General Financial Financial
Foundation Foundation Instruct

LLM LIM LLM
Large Financial

Financial Instruction
Corpus Dataset

Domain Instruction Fine-tuned
@ Instruction Fine-tuning %

General Financial
Foundation Instruct

LLM LLM
Financial

Instruction
Dataset

Domain Pre-Training from Scratch

Mixed-Domain Continued Pre-Training
@ Continue Pre-Training % Instruction Fine-tuning @

General Financial Financial
Foundation Foundation Instruct
LLM LILM LLM
General Corpus General Instruction

Large

General
Corpus %
Pre-Training Instruction Fine-tuning

Financial Financial
Large Foundation Instruct
Financial LLM LLM
Corpus General Instruction

Financial Instruction Financial Corpus Financial Instruction

Instruction Dataset Large Corpus Instruction Dataset
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Dual-Stage Mixed-Domain Continued Pre-Training
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General Financial Long Context Long Context
Foundation Foundation Financial Financial
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Financial Corpus Mathematical Financial Instruction

Large Corpus Long Context

Instruction Dataset

Financial Wiki
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High Quality Corpus
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Stage : Pretraining .+ Supervised Finetuning :: Reward Modeling Reinforcement Learning :
: Raw internet : i Demonstrations ® :: Comparisons o Prompts @ |
+ text trillions of words - Ideal Assistant responses, b - 100K -1M comparisons - ~10K-100K prompts » .
Dataset : low-quality, large quantity s+ ~10-100K (prompt, response) i : written by contractors written by contractors :
: 1| written by contractors : i low quantity, high quality low quantity, high quality
+ 1 low quantity, high quality
Language modeling Language modeling Binary classification Reinforcement Learning
1 » predict the next token « 1 preaict the next token + i predict rewards consistent w enerate tokens that maximize | ;
Algorithm dict th k predict th k i predi ds consi g kens th imi
' preferences the reward
: Q init 0 init 0 e init from SFT :
y from p from use RM
Model : Base model i} SFT model : i RM model RL model : .
T T Ty lessssssnssnsnnnnennnsnannnunnnnnnnnn e s N RSN NN NN AN NN NN NN NN NN NN NN NN NSNS NN NN NN NN NN NN NN EENEE NSNS EEEEEEEEEEEEE
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The Llama 3 Herd of Models. Meta Llama Team, arXiv 2024
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The Llama 3 Herd of Models
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3.1.3 Annealing Data

Empirically, we find that annealing (see Section 3.4.3) on small amounts of high-quality code and mathematical
data can boost the performance of pre-trained models on key benchmarks. Akin to Li et al. (2024b), we
perform annealing with a data mix that upsamples high-quality data in select domains. We do not include
any training sets from commonly used benchmarks in our annealing data. This enables us to assess the true
few-shot learning capabilities and out-of-domain generalization of Llama 3.

Following OpenAl (2023a), we evaluate the efficacy of annealing on the GSM8k (Cobbe et al., 2021) and
MATH (Hend: s et al., 2021b) training sets in annealing. We find that annealing improved the performance

of a pre-trained Llama 3 8B model on the GSM8k and MATH validation sets by 24.0% and 6.4%, respectively.

However, the improvements on the 405B model are negligible, suggesting that our flagship model has strong
in-context learning and reasoning capabilities and does not require specific in-domain training samples to
obtain strong performance.

Using annealing to assess data quality. Similar to Blaken al. (2024), we find that annealing enables us to
judge the value of small domain-specific datasets. We measure the value of such datasets by annealing the
learning rate of a 50% trained Llama 3 8B model linearly to 0 on 40B tokens. In those experiments, we assign
30% weight to the new dataset and the remaining 70% weight to the default data mix. Using annealing to
evaluate new data sources is more efficient than performing scaling law experiments for every small dataset.
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A comprehensive capability analysis of gpt-3 and gpt-3.5 series models, Arxiv 2023
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Stagel: Reveal the Core Question

Q: Raymond and Samantha are cousins. Raymond was born 6 years before Samantha. Raymond had
a son at the age of 23. If Samantha is now 31, how many years ago was Raymond's son born?
Please extract the core question, only the most comprehensive and detailed one!

[ A: How many years ago was Raymond's son born?

LA

Stage2: Extract the Problem-solving Information

€

@©:
B

Q: Raymond and Samantha are cousins ...how many years ago was Raymond's son born?
Note: Please extract the question-solving information related to the problem (How many years ago
was Raymond's son born?), only extract the most useful information, and list them one by one!

A: 1. Raymond was born 6 years before Samantha. 2. Samantha is now 31. 3. Raymond had a son at
the age of 23.

Stage3: Generate and Extract the Answer

S

Q: Raymond and Samantha are cousins ...how many years ago was Raymond's son born?

Hint: 1. Raymond was born 6 years before Samantha. 2. Samantha is now 31. 3. Raymond had a son
at the age of 23.

How many years ago was Raymond's son born?

Please understand the Hint and question information, then solve the question step by step and show
the answer.

[ A: Raymond is 6 years older than Samantha, so he is now 31 + 6 = 37 years old. Raymond had a son

when he was 23, so his son was born 37 - 23 = 14 years ago. The answer is: 14
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