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PRE-REQUISITE

# Task-specific Training vs. (General) LLM Training

# Parameter-efficient Fine-tuning vs. Task-specialization
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LLaMA PRO vs. SOLARAD. 7P

Task-specific Training vs. General LLM Training

« Goals

- Task-specific Training: Focused on enhancing performance for specific tasks.

- LLM Training: Designed for general performance improvement across a wide range of tasks.

[Task-specific Training]

Pretrining >
Initial large-scale training of the model The modelis fine-tuned on
on vast amounts of generic data. task-specific datasets to improve its
performance.

[General LLM Training]

Similar to task-specific training, The modelis trained to follow human Fine-tuning to align the model’s outputs
pretraining serves as the foundation instructions better, with human values or ethical guidelines.
where the model learns broad patterns improving its ability to understand and This helps in reducing biases and harmful
in data. respond to user queries. outputs, making the model safer and
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Pretrining Instruction Tuning Alignment Tuning

more reliable.

Natural Language Processing Lab.,
Hanyang University.

PEFT

Aspecialized method that fine-tunes
only a smaller subset of parameters.
-> reduce the computational cost &
resource requirements

SLLM

Make the model more efficient

in terms of memory usage &
computational cost

—> more practical for deploymentin
resource-constrained environments



LLaMA PRO vs. SOLAR 10.7P

Task-specific Training vs. General LLM Training

The model might lose some general capability!

N

Fine-tuning

Fine-tuning allows for performance
improvement on specific tasks, such as
better accuracy, relevance, or efficiency
for your domain, while still respecting
human-aligned behavior.

Pretrining —> Instruction Tuning ——>

Similar to task-specific training, The modelis trained to follow human
pretraining serves as the foundation instructions better,

where the model learns broad patterns improving its ability to understand and
in data. respond to user queries.

Alignment Tuning

Fine-tuning to align the model’s outputs
with human values or ethical guidelines.
This helps in reducing biases and harmful
outputs, making the model safer and
more reliable.

O ] Natural Language P.roce§sing Lab.,
HANYANG UNIVERSITY Hanyang UnlverSIty'

PEFT

Aspecialized method that fine-tunes
only a smaller subset of parameters.
- reduce the computational cost &
resource requirements



LLaMA PRO vs. SOLAR 10.7P

Task-specific Training vs. General LLM Training

Problem States:
How to improve specific task(s) performance while maintaining general model performance

I_La MA PRO Block Expansion
e

N

Fine-tuning
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Hanyang University.




LLaMA PRO vs. SOLAR 10.7P

Task-specific Training vs. General LLM Training

Problem States:
How to improve specific task(s) performance while maintaining general model performance

SOLAR 10.7B Depth Up-Scaling

—> Instruction Tuning ——>  Alighment Tuning ———> sLLM

)
N

Continual Pretraining

Natural Language Processing Lab.,
Hanyang University.




LLaMA PRO vs. SOLARAD. 7P

Parameter-efficient Fine-tuning (PEFT) vs. Task-specialization

« Goals

- PEFT: Reducing the number of trainable parameters while still enhancing task-specific performance.

- Task-specialization: Achieving specialization for tasks by modifying either the entire model or parts of it (like
output heads), but typically not as parameter-efficient.

[Parameter-efficient Fine-tuning] [Task-specialization]

Adds low-rank matrices to fine-tune without updating the
LoRA
full model parameters

Full Fine-tuning | Adjustsall parameters of the model for a specific task.

Inserts smalll, task-specific layers into the model that are

Adaptor Layers trained while the rest of the model remains frozen. Keeps the core layers of the model unchanged while
Task-specific Heads| addingseparate heads for different tasks. Each task-
BitFit Fine-tunes only the bias terms in the model's layers, specific head is fine-tuned independently.

keeping most of the parameters unchanged.

Trains a model across multiple tasks at the same time,

Only tunes the input prompts without modifying the Multi-task Learning | often using shared layers but with different heads or
model weights. output layers for each task.

Prompt Tuning

Uses a gating network to activate only certain experts (sub-networks)

. : Smaller, more efficient versions of large models, typically trained with
[MoE] Sj;fydt;):kthe nput, meaning notall parts of the model are used for [sLLM] fewer parameters while aiming to maintain strong performance.

Natural Language Processing Lab.,
Hanyang University.




LLaMA PRO vs. SOLAR 10.7P

Parameter-efficient Fine-tuning (PEFT) vs. Task-specialization

B Heetal (CMU, ICLR2022) “Towards a Unified View of Parameter-Efficient Transfer Learning”
= Houlsby et al. (Google, PMLR2019) “Parameter-Efficient Transfer Learning for NLP”

Adapter
- : ) Layer
_ - Transformer
[Parameter-efficient Fine-tuning] e O0000O0

LoRA Adds low-rank matrices to fine-tune without updating the

Feedforward
full model parameters j

up-project

Adaptor Lavers Inserts smalll, task-specific layers into the model that are -
P y trained while the rest of the model remains frozen. —

Vertical Approach

Feedforward
down-project

Q00000

(a) Adapter

Natural Language Processing Lab.,
Hanyang University.




LLaMA PRO vs. SOLAR 10.7P

Shared Necessity :: LLaMA PRO & SOLAR 10.7B

A. Background

Both approaches start with the need for a more powerful sLLM.

B. Goal
(In fact) Both approaches aim
to maintain the general ability of the Initial Model
while additionally improving specific tasks.

C. Suggestion
A vertical expansion approach by increasing depth.

Natural Language Processing Lab.,
Hanyang University.
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LLaMA PRO vs. SOLARAD. 7P

Problem States

« Background . .
g Alignment -tuned Alignment -tuned
LLaMA Pro-8B-Instruct @@ LLaMA2-7B-Chat CodelL.LaMA-7B-Chat

- Llama 7B is a large language model (LLM) E HumanEval

that performs well across various tasks.
M) GSMBK MINT—Bench
) ,‘\ A (oo—e9)
= N
4 \

- However, new learning can lead to
catastrophic forgetting of old knowledge.

B
G5 ARC MT-Bench

- The challenge is enabling continual learning

that retains previous knowledge
while learning new information.

Natural Language Processing Lab.,
Hanyang University.



Problem States

- Background

Alignment -tuned
@0 LLaMA2-7B-Chat

- Llama 7B is a large language model (LLM) HumanEval
that performs well across various tasks.
GSM8K

Preventing Catastrophic Forgetting in LLM

Natural Language Processing Lab.,
Hanyang University.




Problem States

- Background

Alignment -tuned
Codel.LaMA-7B-Chat

HumanEval

GSM8K

- However, new learning can lead to
catastrophic forgetting of old knowledge.

Preventing Catastrophic Forgetting in LLM

Natural Language Processing Lab.,
Hanyang University.




Problem States

- Background

LLaMA Pro-8B-Instruct

HumanEval

GSM8K

With the proposed Block Expansion,
the model enables continual learning,

retaining previous knowledge.

Natural Language Processing Lab.,
Hanyang University.




LLaMA PRO vs. SOLAR 10.7P

Background

> Long et al. (DeepMind, PNAS2016) “Overcoming catastrophic forgetting in neural networks”
B Wu et al. (Monash Univ, 2024) “Continual Learning for Large Language Models: A Survey”

« Catastrophic Forgetting * Continual Learning
: When a model forgets old knowledge after : Amethod where a model learns new tasks
learning new tasks, causing performance on incrementally while retaining knowledge of
previous tasks to degrade. previous tasks, avoiding catastrophic forgetting.

2 Low eror for task B == EWC
== Low error for task A = L2

' ' == NO penalty

4 Continual Learning Stage Sl s

8% Instruction Tuned

24':?° o
R Fine-tuned Model Model

L

Qo"zo Pre-trained Model €3 Pre-trained Model

Sy Random Initialized ey Random Initialized
> Model > Model

A o 2 Conventional Continual Learnin Continual Learning with Continual Learning with
L (9) = L B (9) -|— Zl — F i (0 i = H A l) & Pre-trained Language Model Large Language Model
A )

BHOFI Ol Natural Language P.roce§smg Lab., 17
HANYANG UNIVERSITY Hanyang UanerSlty.




Suggestions

Tokens Tokens

S

 Block Expansion

' : Zero-Li
Language Model Language Model with Block-expansion eron near
(LLaMAZ2) (LLaMA Pro) ‘ .
l SLU |
[ Output Tokens \ / Output Tokens Id \ : 1, |
entity i |
P e e TN g e omamee T— ——————————— Copy i Linear Linear |
f i | | l
! ! Expand ' &%  Decoder Block xP 1 SR - ‘
! XN > : ; : RMSNorm
' &  Decoder Block XM ! ! Decoder Block xM -
S [—— ¢ S ¢ MHSA @ MHSA @
Input Tokens J Input Tokens | Linear ! l' Zero-Linear !
. - ] e
Trainin g ! Scaled Dot-Product ! Scaled Dot-Product
! Attention | ! Attention |
Data ! | | ! I |
Huge Unlabeled Corpus Aspect Corpus : Lincar | : Linoar |
S e e — o 1 _________ T, _I _________
el BigCode RMSNorm RMSNorm
5.5 : i Tok Tok
(a) Pre-Training (b) Block-expansion Post-pretraining o o
(a) LLaMA Block (b) LLaMA Block after Identity Copy

Every n-th layer is copied, and new blocks are added.

BHOFI O Natural Language P.roce§sing Lab.,
HANYANG UNIVERSITY Hanyang UnlverSIty'




Suggestions

Tokens

VR

Zero-Linear

 Block Expansion

SiLU

Linear Linear

E ded Block
xpanded Bloc L LaMA

L L a M A P RO Original Block  Original — Added |

PES S | st Block———]
[ \ i B l ocC k ! ! ) !
! — i ! Zero-Linear i
i | | ! i :
! Scaled Dot-Product | ! Scaled Dot-Product ;
! Attention : ! Attention :
1 1
02| SN0y OO | G2 SCZ i | : E | :
1:]‘;\ ae i}\ aE (}\ aE 1;;\ aE (}\ ae ' Linear ! ' Linear {
VA= V= VA= /s o0 o0 Vg~ S===ee—— 1 _________ 7 Ssmm s -I _________ 7

RMSNorm RMSNorm

\ ) Tokens Tokens

(a) LLaMA Block (b) LLaMA Block after Identity Copy

Every n-th layer is copied, and new blocks are added.

BHOFI O Natural Language P.roce§sing Lab.,
HANYANG UNIVERSITY Hanyang UnlverSIty'




Suggestions

4 )
« Principle of Block Expansion
4—
. o Expanded Block
A. The original layers are frozen. P
Original Block
<—
are initialized
with weights set to 0
to ensure the output doesn’t affect the initial signal.
C. Residual connections are used
to maintain the original signal flow.
\_ J
(a) LLaMA Block (b) LLaMA Block after Identity Copy

In LLaMA Pro, the original layers are frozen, and only the newly added layers are trained.

Natural Language Processing Lab.,
Hanyang University.




Suggestions

- Training Strategy

Language Model
(LLaMA2)

[ Output Tokens

ixN
&  Decoder Block XM
___________ T___________
k Input Tokens
Training
Data
Huge Unlabeled Corpus

Expand

,.'//'" %

?'*’ W

N 2 Crawl
S

(a) Pre-Training

The model is trained using only new data, without mixing in old data.

Language Model with Block-expansion
(LLaMA Pro)

/ Output Tokens \

Original BlockxM

— P )

K Input Tokens /

Aspect Corpus

BigCode

(b) Block-expansion Post-pretraining

Natural Language Processing Lab.,
Hanyang University.

Only the

while the frozen layers maintain
their original parameters.

layers are

)




Results

[ [
 Pretraining& SFT Results
- It not only preserves the general performance LLaMA Po
. LLaMA2-7B
of its base model, LLaMA2-7B, w0
but also surpasses it in the average performance of general language tasks.
CrystalCoder
LLaMA-7B
46
Model Language Tasks Math Tasks Code Tasks Avg. )
ARC HellaSwag MMLU TruthfulQA Winogrande | GSM8K GSMS8K-PoT | HumanEval MBPP :%D Falcon-7B  OpenLLaMA-v2-7B
Pretrained comparison %
LLAMA Pro (8B) 54.10 77.94 47.88 39.04 73.95 17.89 25.42 28.66 33.20 | 44.23 [:, o
5 0]
CrystalCoder (7B) 47.01 71.97 48.78 35.91 67.17 10.77 24.96 28.38 36.38 | 41.26 ?o
LLaMA2-7B 53.07 78.59 46.87 38.76 74.03 14.48 17.68 13.05 20.09 | 39.62 §
CodeLLaMA-7B
CodeLLaMA-7B 39.93 60.80 31.12 37.82 64.01 5.16 25.20 33.50 41.40 | 37.66
StarCoder-15B 30.38 47.93 29.96 41.28 56.12 9.48 25.09 33.63 43.28 | 35.24 18
LLaMA-7B 50.94 77.81 35.69 34.33 71.43 8.04 10.46 10.61 17.04 | 35.15
OpenLLaMA-v2-7B 43.69 72.20 41.29 35.54 69.38 3.49 5.46 15.32 12.69 | 33.23 S—
1: -
Falcon-7B 47.87 78.13 27.79 34.26 72.38 4.62 4.32 9.42 13.39 | 32.46 Tokens ocer
SFT comparison 34
LLAMA PRO - INSTRUCT 52.30 76.88 52.57 48.80 72.53 43.59 55.61 44.51 37.88 | 53.85
LLaMA2-7B-Chat 52.90 78.55 48.32 45.57 71.74 7.35 19.73 14.63 21.60 | 40.04
CodeLLaMA-7B-Instruct 36.52 55.44 34.54 41.25 64.56 7.96 34.67 34.80 444 | 39.35
WizardCoder-Python-7B 41.81 65.06 32.29 36.32 61.72 4.70 17.60 42.07 47.20 | 38.75 30 ! T I |
WizardMath-7B 54.10 79.55 45.97 43.65 72.69 2.73 25.57 12.20 18.00 | 39.38 6 14 22 30 38

Code Tasks Avg.

By adding new layers to the existing Llama2-78,
LLaMA PRO likely grew by about 1 billion parameters, reaching a total of 8B parameters.

SHOFL Ol Natural Language P'roce§sing Lab.,
HANYANG UNIVERSITY Hanyang UanerS|ty.
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LLaMA PRO vs. SOLAR 10.7P

Task-specific Training vs. General LLM Training

Problem States:
How to improve specific task(s) performance while maintaining general model performance

SOLAR 10.7B Depth Up-Scaling

—> Instruction Tuning ——>  Alignment Tuning —> sLLM

o\
N

Continual Pretraining

Natural Language Processing Lab.,

a 5 24
Hanyang University.




Problem States

" Shazeer et al. (Google, ICLR2017) “Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer”
" Tan et al. (Google, ICML2019) “EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks”

- Background
- Scaling Laws in LLMs: Increasing model size & training data improves performance.

- Goal: Efficiently scale models while maintaining performance and compatibility.
- Related Work: Mixture-of-Experts (MoE)
- Parallel connection of multiple small models/networks/... (experts)

- Inspired by EfficientNet

Applies depth-wise scaling from computer vision to LLMs.

Natural Language Processing Lab.,
Hanyang University.




Scaling Laws for Reward Wodel Overoptimization

Background (D Scaling Laws

= Kaplan et al. (OpenAl, 2020) “Scaling Laws for Neural Language Models”

 (Empirical Study) Scaling Laws for Language Model Performance

- Model size (parameters) N, Dataset size D, Computing Power C

- Language modeling performance improves smoothly as we increase the model size, dataset size, and
amount of compute? used for training,.

—— L=(D/5.4- 1013)—0.095 ; —— L=(N/8.8" 1013)—0.076

[S2 BN e) BN |

S

0
0
(o]
|
ra
g
=

w

e L= (Cmin/2-3 . 108)—0.050
2 ;
1079 1.O™7 107> 1073 101 101 108 10° 107
Compute Dataset Size Parameters

Larger language models will continue to perform better

Natural Language Processing Lab.,
Hanyang University.




TASER: Task-Aware Specialization for Efficient and Robust Dense Retrieval for Open-Domain Question Answering

Background (2 Mixture-of-Experts

= Cheng et al. (Microsoft, ACL2023) “Task-Aware Specialization for Efficient and Robust Dense Retrieval for Open-Domain
Question Answering”

B Fedus et al. (Google, JIMLR2023) “Switch transformers: Scaling to trillion parameter models with simple and efficient sparsity”

« MoE with routing mechanism
[ITIT19/p

Specialized Transformer Block

T

' Add & Norm
Shared Transformer Block / V\

$ Q-FFN  P-FFN
! \/V

. Router
Specialized Transformer Block

T Add & Norm
5 t

\
Shared Transformer Block . MHA

T

Question / Passage

Natural Language Processing Lab., o7
Hanyang University.




TASER: Task-Aware Specialization for Efficient and Robust Dense Retrieval for Open-Domain Question Answering

Background (2 Mixture-of-Experts

= Cheng et al. (Microsoft, ACL2023) “Task-Aware Specialization for Efficient and Robust Dense Retrieval for Open-Domain
Question Answering”

B Fedus et al. (Google, JIMLR2023) “Switch transformers: Scaling to trillion parameter models with simple and efficient sparsity”

« MoE with routing mechanism

Gs,g = GATE (x,)
FFN,(xs) = wo, - ReLU(Wi, - xg)
E

Vs = ng,e * FF N (xs)
e=1

h(x) = W; - x Select
p = softmax(h(x)) top-k experts !

Natural Language Processing Lab., o
Hanyang University.




LLaWMA PRO vs. SOLAR10. 7%

Background @ EfficientNet

= Cheng et al. (Microsoft, ACL2023) “Task-Aware Specialization for Efficient and Robust Dense Retrieval for Open-Domain

Question Answering”
B Tanetal. (Google, ICML2019) “EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks”

- TASER || EfficientNet - Depth Scaling

[(IITTq/p

Specialized Transformer Block

T

H #channels

Shared Transformer Block

T

Specialized Transformer Block '

T

Shared Transformer Block

; '?" higher . E .-r.higher
T ‘ . resolution +__resolution

Question / Passage _ . : _ _ _ ,
(a) baseline (b) width scaling (c) depth scaling (d) resolution scaling (e) compound scaling

BHOFI Ot Natural Language P'roce§smg Lab., 2
HANYANG UNIVERSITY Hanyang UnlverSIty'




Problem States

" Shazeer et al. (Google, ICLR2017) “Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer”
" Tan et al. (Google, ICML2019) “EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks”

- Background

- Scaling Laws in LLMs: Increasing model size & training data improves performance.

- Goal: Efficiently scale models while maintaining performance and compatibility.

- Related Work: Mixture-of-Experts (MoE) #ohannels
- Parallel connection of multiple small models/networks/... (experts)T—
—
- Inspired by EfficientNet ——

----layer_i

T resolution HxW

Applies depth-wise scaling from CV to LLMs. (@ baseline

Natural Language Processing Lab.,
uuuuuuuuuuuuuuuuu Hanyang University.

'
————————

(b) width scaling

'
'
'
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'
'
'
'
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ﬁ deeper
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|

(c) depth scaling




LLaWMA PRO vs. SOLAR 10. 7P

Suggestions

« Depth Up-Scaling (DUS)

24 Layers

8 Layers

Copy
32Layers |[Lammmm d 32 Llayers

8 Layers

24 Layers

Step 1. Depthwise Scaling

SOLAR 10.7B Depth Up-Scaling

W,

Hm Natural Language Processing Lab.,
Continual Pretraining RS DAL

24 Layers

@-----==muu- >4 48 Layers
Continued

Pretraining
24 Layers

Step 2. Continued Pretraining




Results

- Effect from DUS Continual Learning
- Mistral 7B = SOLAR 10.7B : Better performance

Model Size Type H6 (Avg.) ARC HellaSwag MMLU TruthfulQA Winogrande GSM8K
Qwen 72B ~ 72B Pretrained 73.60 65.19 85.94 77.37 60.19 82.48 70.43
Yi 34B-200K ~ 34B Pretrained 70.81 65.36 85.58 76.06 53.64 82.56 61.64
Yi 34B ~ 34B Pretrained 69.42 64.59 85.69 76.35 56.23 83.03 50.64
Mixtral 8x7B-v0.1 ~ 47B Pretrained 68.42 66.04 86.49 71.82 46.78 81.93 57.47
Llama 2 70B ~ 70B Pretrained 67.87 67.32 87.33 69.83 44.92 83.74 54.06
Falcon 180B ~ 180B Pretrained 67.85 69.45 88.86 70.50 45.47 86.90 45.94
SOLAR 10.7B ~ 11B Pretrained 66.04 61.95 84.60 65.48 45.04 83.66 55.50
Qwen 14B ~ 14B Pretrained 65.86 58.28 83.99 67.70 49.43 76.80 58.98
Mistral 7B-Instruct-v0.2 ~ 7B Instruction-tuned 65.71 63.14 84.88 60.78 68.26 77.19 40.03
Yi 34B-Chat ~ 34B  Instruction-tuned 65.32 65.44 84.16 74.90 55.37 80.11 31.92
Mistral 7B ~ 7B Pretrained 60.97 59.98 83.31 64.16 42.15 78.37 37.83

SOLAR 10.7B Depth Up-Scaling

Hm Natural Language Processing Lab.,
Continual Pretraining RS DAL




Suggestions

" Yu et al. (Univ. of Cam., ICLR2024 Spotlight) “MetaMath: Bootstrap Your Own Mathematical Questions for Large Language
Models”

« Training Details : Synth. Math-Instruct
- While using open-sourced dataset, add synthetic math QA dataset. (Rephrase GSM8K question & Answer)

( Question Bootstrapping )

(Rephrasing Question: What is the total amount that James paid when R
he purchased 5 packs of beef, each weighing 4 pounds, at a price of $5.50
. per pound? Answer: ...... J

Meta-Question: James buys 5
packs of beef that are 4 pounds each.
The price of beef is $5.50 per pound.

(Self-Verification Question: James buys x packs of beef that are 4 h
pounds each. The price of beef is $5.50 per pound. He paid 110. What is

I
I
I
I
I
I
I
\ the value of unknown variable x? Answer: ...... )1
I
|
I
I
I

[ S

How much did he pay?
(FOBAR Question: James buys x packs of beef that are 4 pounds each.\
Answer: He bought 5%4=20 The price of beef is $5.50 per pound. How much did he pay? If we know Finetune
pounds of beef. So he paid 20 * 5.5 the answer to the above question is 110, what is the value of unknown LLaMA-2 MetaMath
— $110. The answer is: 110 \kvariable x? Answer: ...... )/
Answer Augment: James buys 5 packs of beef that are 4 pounds each,
Original Data so he buys a total of 5 * 4 = 20 pounds of beef. The price of beef is $5.50

per pound, so he pays 20 * $5.50 = $110. The answer is: 110 )

-

SOLAR 10.7B

Pretrining Instruction Tuning Alignment Tuning ——>

BHOFI O Natural Language P'roce§sing Lab.,
HANYANG UNIVERSITY Hanyang UanerSlty.




Results

« Training Details : Synth. Math-Instruct

Model Alpaca-GPT4 OpenOrca Synth. Math-Instruct H6 (Avg.) ARC HellaSwag MMLU TruthfulQA Winogrande GSM8K
SFT v2 O O X 69.21 65.36 85.39 65.93 58.47 82.79 57.32
SFT v3 O O O 70.03 65.87 85.55 65.31 57.93 81.37 64.14

- Adding Synth. Math-Instruct was found to improve overall performance, especially in math-related tasks.
- However, new learning can lead to catastrophic forgetting of old knowledge.

SOLAR 10.7B

Instruction Tuning

BHOFI O Natural Language P'roce§sing Lab.,
HANYANG UNIVERSITY Hanyang UanerSlty.




Results

« Training Details : Synth. Math-Instruct

Model Alpaca-GPT4 OpenOrca Synth. Math-Instruct H6 (Avg.) ARC HellaSwag MMLU TruthfulQA Winogrande GSM8K
SFT vl O X X 69.15 67.66 86.03 65.88 60.12 82.95 52.24
SFT v4 O X O 70.88 67.32 85.87 65.87 58.97 82.48 64.75

- Adding Synth. Math-Instruct was found to improve overall performance, especially in math-related tasks.

- However, new learning can lead to catastrophic forgetting of old knowledge.

SOLAR 10.7B

Instruction Tuning

BHOFI O Natural Language P'roce§sing Lab.,
HANYANG UNIVERSITY Hanyang UanerSlty.




Results

« Training Details : Synth- Math-lnstruct

Model Alpaca-GPT4 OpenOrca Synth. Math-Instruct H6 (Avg.) ARC HellaSwag MMLU TruthfulQA Winogrande GSM8K
SFT vl O X X 69.15 67.66 86.03 65.88 60.12 82.95 52.24
SFT v2 O O X 69.21 65.36 85.39 65.93 58.47 82.79 57.32
Training Datasets
Properties Instruction
Alpaca-GPT4 OpenOrca Synth. Math-Instruct
Total # Samples 52K 2.91M 126K
Maximum # Samples Used 52K 100K 52K
Open Source O O X

SOLAR 10.7B

Instruction Tuning

Natural Language Processing Lab.,

OFOF [ Bt 7]




Results

« Training Details : Synth- Math-lnstruct

Model Alpaca-GPT4 OpenOrca Synth. Math-Instruct H6 (Avg.) ARC HellaSwag MMLU TruthfulQA Winogrande GSM8K
SFT v3 O O O 70.03 65.87 85.55 65.31 57.93 81.37 64.14
SFT v4 O X O 70.88 67.32 85.87 65.87 58.97 82.48 64.75
Training Datasets
Properties Instruction
Alpaca-GPT4 OpenOrca Synth. Math-Instruct

Total # Samples 52K 2.91M 126K

Maximum # Samples Used 52K 100K 52K
Open Source O O X

SOLAR 10.7B

Instruction Tuning

BHOFI O Natural Language P'roce§sing Lab.,
HANYANG UNIVERSITY Hanyang UanerSlty.




Results

« Training Details : Synth. Math-Instruct

Model Alpaca-GPT4 OpenOrca Synth. Math-Instruct H6 (Avg.) ARC HellaSwag MMLU TruthfulQA Winogrande GSM8K
SFT vl O X X 69.15 67.66 86.03 65.88 60.12 82.95 52.24
SFT v2 O O X 69.21 65.36 85.39 65.93 58.47 82.79 57.32
SFT v3 O O O 70.03 65.87 85.55 65.31 57.93 81.37 64.14
SFT v4 O X O 70.88 67.32 85.87 65.87 58.97 82.48 64.75
SFT v3 + v4 O O O 71.11 67.32 85.96 65.95 58.80 82.08 66.57

Adding Synth. Math-Instruct was found to improve overall performance, especially in math-related tasks.
However, new learning can lead to catastrophic forgetting of old knowledge.

Combining models trained with and without OpenOrca improved performance across multiple tasks.
‘SFTv3+v4’ indicates that the model is merged from ‘SFTv3’&‘SFTv4’ by simply averaging the model weights.

SOLAR 10.7B

Instruction Tuning

BHOFI O Natural Language P'roce§sing Lab.,
HANYANG UNIVERSITY Hanyang UanerSlty.




Suggestions

" Yu et al. (Univ. of Cam., ICLR2024 Spotlight) “MetaMath: Bootstrap Your Own Mathematical Questions for Large Language
Models”

- Training Details : Alignment Learning (DPO)
- ‘SFTv3’ is used as the SFT base model for DPO.

Model Ultrafeedback Clean Synth. Math-Alignment H6 (Avg.) ARC HellaSwag MMLU TruthfulQA Winogrande GSMS8K
DPO vl O X 73.06 71.42 88.49 66.14 72.04 81.45 58.83
DPO v2 O O 73.42 71.50 88.28 65.97 71.71 82.79 60.27
DPO vl +v2 O O 73.21 71.33 88.36 65.92 72.65 82.79 58.23
Training Datasets
Properties Alignment
Orca DPO Pairs  Ultrafeedback Cleaned Synth. Math-Alignment
Total # Samples 12.9K 60.8K 126K
Maximum # Samples Used 129K 60.8K 20.1K
Open Source O 0 X

SOLAR 10.7B

—> Instruction Tuning Alignment Tuning

BHOFI O Natural Language P'roce§sing Lab.,
HANYANG UNIVERSITY Hanyang UanerSlty.




Suggestions

" Yu et al. (Univ. of Cam., ICLR2024 Spotlight) “MetaMath: Bootstrap Your Own Mathematical Questions for Large Language
Models”

- Training Details : Alignment Learning (DPO)
- ‘SFTv3’ is used as the SFT base model for DPO.

Model Alpaca-GPT4 OpenOrca Synth. Math-Instruct H6 (Avg.) ARC HellaSwag MMLU TruthfulQA Winogrande GSMS8K
SFT vl O X X 69.15 67.66 86.03 65.88 60.12 82.95 52.24
SFT v2 O O X 69.21 65.36 85.39 65.93 58.47 82.79 57.32
SFT v3 O O O 70.03 65.87 85.55 65.31 57.93 81.37 64.14
SFT v4 O X O 70.88 67.32 85.87 65.87 58.97 82.48 64.75
SFT v3 + v4 O O O 71.11 67.32 85.96 65.95 58.80 82.08 66.57

Model Base SFT Model H6 (Avg.) ARC HellaSwag MMLU TruthfulQA Winogrande GSMS8SK

DPO v2 SFT v3 73.42 71.50 88.28 65.97 71.71 82.79 60.27
DPO v3 SFT v3 + v4 73.58 71.33 88.08 65.39 72.45 81.93 62.32

SOLAR 10.7B

—> Instruction Tuning Alignment Tuning

BHOFI O Natural Language P'roce§sing Lab.,
HANYANG UNIVERSITY Hanyang UanerSlty.




Suggestions

" Yu et al. (Univ. of Cam., ICLR2024 Spotlight) “MetaMath: Bootstrap Your Own Mathematical Questions for Large Language
Models”

« Training Details : Hyper-parameter Tuning (for merging technique)

Model  H6 (Avg.) ARC HellaSwag MMLU TruthfulQA Winogrande GSM8K

Cand. 1 73.73 70.48 87.47 65.73 70.62 81.53 66.57
Cand. 2 73.28 71.59 88.39 66.14 72.50 81.99 59.14
Model Merge Method  H6 (Avg.) ARC HellaSwag MMLU TruthfulQA Winogrande GSMS8SK
Merge vl  Average (0.5, 0.5) 74.00 71.16 88.01 66.14 71.71 82.08 64.90
Merge v2  Average (0.4, 0.6) 73.93 71.08 88.08 66.27 71.89 81.77 64.52
Merge v3  Average (0.6, 0.4) 74.05 71.08 87.88 66.13 71.61 82.08 65.50
Merge v4 SLERP 73.96 71.16 88.03 66.25 71.79 81.93 64.59

SOLAR 10.7B

—> Instruction Tuning Alignment Tuning

Natural Language Processing Lab.,
Hanyang University.




LLaWMA PRO vs. SOLAR 10.7P

Background @ sDPO

B Kim et al. (Upstage, 2024) “sDPO: Don't Use Your Data All at Once”

« Stepwise DPO

- Preference datasets are divided to be used in multiple steps instead of using them all at once.

&S
D,

Dr

EI Yl [ aggor
HANYANG UNIVERSITY

Calc.
Log prob.

S

DPO
Training

Calc. DPO

~ Log Prob. - ) Training
S S —> M,
Step 1

D; : DPO Dataset D; : DPO Dataset w/ Ref. Logprobs S : Initial SFT Model

Preventing Overoptimization

Natural Language Processing Lab.,
Hanyang University.
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Scaling Laws for Reward Wodel Overoptimization

Recap.

« Overoptimization

- Goodhart’s Law

“ When a measure becomes a target, it ceases to be a good measure. ”

e.g. In machine learning, this effect arises with proxy objectives provided by static learned models, such as discriminators
and reward models.

14 RM Size RM Type
Cq el | e Reward Model Score
- Solid Line: Gold RM Score , — 25M  —— Gold (Fit)

— 42M

= Real Preference Score — &M

RM Score
o
[e0)

0.6

Reward models don’t fully represent the real world. | 20 0w

KL distance between RL tuned policy and initial policy

Natural Language Processing Lab.,
Hanyang University.
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Results

 Effect from DUS + Synth. Math-Instruct + sDPO

- Evaluation results in OpenLLM Leaderboard

Model Size Type H6 (Avg.) ARC HellaSwag MMLU TruthfulQA Winogrande GSM8K
SOLAR 10.7B-Instruct ~ 11B  Alignment-tuned 74.20 71.08 88.16 66.21 71.43 83.58 64.75
Qwen 72B ~ 72B Pretrained 73.60 65.19 85.94 77.37 60.19 82.48 70.43
Mixtral 8x7B-Instruct-v0.1 ~ 47B  Instruction-tuned 72.62 70.22 87.63 71.16 64.58 81.37 60.73
Yi 34B-200K ~ 34B Pretrained 70.81 65.36 85.58 76.06 53.64 82.56 61.64
Yi 34B ~ 34B Pretrained 69.42 64.59 85.69 76.35 56.23 83.03 50.64
Mixtral 8x7B-v0.1 ~ 47B Pretrained 68.42 66.04 86.49 71.82 46.78 81.93 57.47
Llama 2 70B ~ 70B Pretrained 67.87 67.32 87.33 69.83 44.92 83.74 54.06
Falcon 180B ~ 180B Pretrained 67.85 69.45 88.86 70.50 45.47 86.90 45.94
SOLAR 10.7B ~ 11B Pretrained 66.04 61.95 84.60 65.48 45.04 83.66 55.50
Qwen 14B ~ 14B Pretrained 65.86 58.28 83.99 67.70 49.43 76.80 58.98
Mistral 7B-Instruct-v0.2 ~ 7B Instruction-tuned 65.71 63.14 84.88 60.78 68.26 77.19 40.03
Yi 34B-Chat ~ 34B Instruction-tuned 65.32 65.44 84.16 74.90 55.37 80.11 31.92
Mistral 7B ~ 7B Pretrained 60.97 59.98 83.31 64.16 42.15 78.37 37.83

SOLAR 10.7B

Hm Natural Language Processing Lab.,
Continual Pretraining RS DAL




LLaMA PRO vs. SOLAR10.7%

Conclusion

# Main Findings

BHOFI O Natural Language P.roce§sing Lab.,
HANYANG UNIVERSITY Hanyang Un|VerS|ty.




Summary

1.

2.

3.

(Background) Both approaches start with the need for a more powerful sLLM.

- Both make the model more efficient in terms of memory usage & computational cost.

(Goal) Both approaches aim to maintain
the general ability of the Initial Model

while additionally improving specific tasks.

- Target task: Mathematical Reasoning

(Suggestion) A vertical expansion approach

by increasing depth.
- Block Expansion: Adding New Knowledge

8 Layers

24 Layers

24 Layers

8 Layers

- Depth Up-Scaling: Improving overall performance with small scale increases
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(a) LLaMA Block

Hyper parameter optimization challenges / HW constraints

Natural Language Processing Lab.,
Hanyang University.
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Summary
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Stay tuned for SOLAR PRO = and better generalization in sLLMs 39

Natural Language Processing Lab.,
Hanyang University.



LLaMA PRO vs. SOLAR10.7P

ank You

Yejin Yoon

HYU NLP Lab.
Hanyang University, South Korea

stillwithyou@hanyang.ac.kr

H Y l | SrE oot ul
HANYANG UNIVERSITY




