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» ChatGPT: ATIEH&EAJIPHONERIZY?
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» GPT4o0
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(a) The problem and our main idea Neural Network Rendering Engine

H 3253 (Gan et al.) 3DJE % (Lv et al.) HEZE A48 (Qian et al.)

Yulu Gan, Mingjie Pan, Rongyu Zhang, et al.: Cloud-Device Collaborative Adaptation to Continual Changing Environments in the Real-World. CVPR 2023: 12157-12166
Chengfei Lv, Chaoyue Niu, Renjie Gu, et al.: Walle: An End-to-End, General-Purpose, and Large-Scale Production System for Device-Cloud Collaborative Machine Learning. OSDI 2022: 249-265

Xufeng Qian, Yue Xu, Fuyu Lv, Shengyu Zhang, et al.: Intelligent Request Strategy Design in Recommender System. KDD 2022: 3772-3782
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Edge-Cloud Polarization and Collaboration: A
Comprehensive Survey

Jiangchao Yao, Shengyu Zhang, et al.
Edge-Cloud Polarization and Collaboration: A Comprehensive
Survey, IEEE Transactions on Knowledge and Data Engineering
(online, DOI: 10.1109/TKDE.2022.3178211)
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+ Hug ?GPTL)\Cha’tGPTfﬂE Zhllgs, TEFREEAPITERII— :.1’E§§E, SCHESSHE
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(@] x ¥ HuggingGPT

Prediction

~ facebook/

detr-resnet-101 I

7 N\
IIT Task Execution

Y

% nlpconnet/
Prediction

vit-gpt2-image-captioning
IV Response T —
Generation

| %) LLM as Controller ~ HuggingFace
, > <
Can you describe this picture and count how r e
[LQL’] many objects in the picture? LITa?k
J i aning e

II Model
Selection

giraffes and zebras grazing in a flelds In
addition, there are five detected objects as
giraffe with score 99.9%, zebra with score 99.7%, zebra | |
with 99.9%, giraffe with score 97.1% and zebra with
score 99.8%. The bounding boxes are shown in the
above image. | performed image classification, object

detection and image caption on this image. Combining <
the predictions of |

-~

and ¥
models, | get the results for you.
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Observation

View-Conditioned Diffusion Text-Conditioned Diffusion

MPOD123: One Image to 3D Content Generation Using Mask-enhanced Progressive Outline-to-Detail Optimization. CVPR 2024




Stage 1

BIRAZE
« Stage 1
T S . i k P 3D Diffusion
NTLENE, BERBIFIIR, & o
ELCEEHAT FREE.
Neural Radiance Field \\

Masked SDS Loss

%

Diffusion Inpainting Priors

HTFStage 1HINeRFIERIALE B Mask,
B2zMaskaBr, fEfRIFStage THZARAY [

» B RRiRaE: KB RiE]VWEE
View-Conditioned Diffusion Priors
Initialization i
. Stage 2 Stage 2 Z v ,sg’"é)f
| 9

"A high-resolution DSLR
image of a <TOKEN>"

FRY, EREBTFHISGREETI,

Neural Radiance Field

MPOD123: One Image to 3D Content Generation Using Mask-enhanced Progressive Outline-to-Detail Optimization. CVPR 2024
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View-Conditioned Diffusion Text-Conditioned Diffusion Our Trial

MPOD123: One Image to 3D Content Generation Using Mask-enhanced Progressive Outline-to-Detail Optimization. CVPR 2024
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» BEFERkAIMDE: One (KIREBY) to All (IJVRBY) &Rk

KIRBUIRENAY IR A R iEZEModel GPT

© ModelGPT + FIFIIERITERIEiA + DEIR ~(HIRER) FHERIMIER, 7

All-in-One BIBAAEELEA 251, FI5HR %EOne to-All BYrTgelE, NN ZRI/
HiE. INES (H) . BN SREANS T,

£ENLP, CV, #liTabular DataZ ;:FU%&}EEJZL{T SUF, HaeiBiFinetune53%,

x©@ ModelGPT

[ Algorithm 1 Pseudo-code of Parameter Generator P(-;6,)

@ User Input — Customized Model Requirement Generator Model Customizer
Please give me an artificial intelligence model, making it ! General requi q LLM - 31 . p— . — . . . N
Pl o User Ot/ ser Deserpton]. | (O St SIS Ny | Mot | peResoston Require: A = {(D; ={X;,Y:}, i)}l
T Tisge frase TN Tabar Ensure: 6, = (0., 0,,,6,) satisfies Equation (5)
a

141
for _ = 0 to flepoch do
for (D;,r;) in A do

scissors  mouse  bottle bike

Please help me discriminate the category of
the given images. These images are office
supplies taken by a DSLR camera.

Desc.

Tew for batch in D; do

They drank the pub dry. — acceptable . L . ( ) ( )
o || B ettt Text Obtain 6, with Equations (1) to (3
Z | The professor talked us into a stupor. — acceptable Next, I will give you a batch, act just as I instruct above.

[sentence] They drank the pub dry [1abel]
a e

The professor talked us. — unacceptable

Use batch to compute the loss and update 6,
Compute the difference A6; of 6,
Use A6, to compute the gradients of 0,

] They drank the pub [label]

Please help me discriminate whether the input
sentence is semantically acceptable.

Desc.

sor talked us [label]

Tabular s a task 09 text classification to recognize
(©) whether the input sentence is semantically Update 0p
SepalLen SepalWid PetalLen PetalWid Label
51 35 24 02
= 8 27 w1 ! Tabular end for
5 49 25 45 0.7
end for
54 34 1.5 04 Iris-setosa
e , Save best checkpoint according to Equation (5)
A ease help me classify the tabular data from
a the dataset Iris.
\ end for
scriptior both
LengthCm™:5.8,"SepalWi dthC
hCm™:4.1, "PetalWi d(hC 13}
icolor
Imag

7= This is a task of tabular classification to
“ recognize which type of iris plant the input is.

Zihao Tang, Zheqi Lv, Shengyu Zhang, Fei Wu, Kun Kuang:
T o || e e e ] S ModelGPT: Unleashing LLM's Capabilities for Tailored
@ ripeine 7 Model Generation. CoRR abs/2402.12408 (2024)
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» BHFERAIINE: One (KIREY) to All (IJVRBY) &Rk
- KIEBUKENAYIVRBY A RLIESEModelGPT

« £NLP, CV, fiTabular DatagiBiiEEE P TIGIE, [EREBHFinetune5i%,

- HERFRIFRModelGPTEEBLAZE ZS5RIE (HIAI222UHAE. LORARIA) 270
(EEERIREREHTFHIATERERE,

Results on GLUE Benchmark (Distil-BERT)

Methods CoLA SST-2 MRPC STS-B QQr MNLI-m MNLI-mm QNLI RTE WNLI DM Score {Epoch RuEl:xztgne
LoRA 483 91.0 849/80.3 81.2/80.0 68.9/87.3 80.5 33.1 88.1 528  65.1 0.0 71.5 20 216.1
Finetune 455 913 86.6/80.8 82.1/809 69.2/87.8 81.8 80.8 876 569 637 356 744 20 273.8
ModelGPT 39.5 889 853/784 80.9/803 63.3/835 77.8 78.0 846 695 644 280 734 0 1.0
ModelGPT-F 369 90.8 85.5/79.4 81.3/80.5 67.0/86.6 77.8 78.1 8.8 70.0 623 299 738 1 3.1
Results on Tabular Data (MLP)
. Heart . Breast Car Wine Dry . Bank I E2E
Methods Ixie Disease Wine  Adubt Cancer Evaluation Quality Bean Rice Marketing EGEE | Runtime
LoRA 93.3 63.0 67.3 54.7 95.9 713 55.0 88.9 92.5 89.8 77.2 20 46.2
Finetune 88.9 54.3 89.1 55.2 96.5 71.0 553 90.6 93.1 89.9 78.4 20 39.5
ModelGPT 100.0 60.9 94.5 54.7 95.3 71.5 54.1 85.0 92.5 89.8 79.8 0 1.0
ModelGPT-F  100.0 62.0 94.5 55.1 95.9 71.3 55.4 88.8 929 90.0 80.6 1 23
Results on Office-31 (ResNet-50)
Domain Amazon DSLR Average | Webcam (ModelGPT is Zero-Shot) | {E E2E
Methods Acc Acc@3 Acc@5 Acc Acc@3 Acc@5  Acc  Acc@3  Acc@5 | Acc  Acc@3 Acc@5s | Runtime
LoRA 66.4 71.7 84.8 78.4 922 96.1 724 85.0 90.5 72.5 87.5 93.8 400 231.8
Finetune 67.5 792 83.7 843  98.0 100.0 75.9 88.6 91.9 90.0 100.0 100.0 400 257.6
ModelGPT  66.4 79.9 83.7 92.2  100.0 100.0 793 90.0 91.9 76.2 87.5 91.2 0 1.0
ModelGPT-F 67.8  81.3 85.9 92.2  100.0 100.0 80.0 90.7 92.8 71.5 90.0 91.3 1 i)
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FELATERE il TmHvigE=s: Task Arithmetic [1]

[ GSM8KU||2¥J—'\;|E<E(J_/|\¥§E< Qgft Tnew = TA + TB
= MMLUSSESRR—FE | )
= MBPPj)||%RE

FRFEESEE (LLMs) ™= O — O
= DeepSeek-Math-RL
= DeepSeek-Coder-Ins-v1.5

ik . TIES-Merging [2]
» BANES ® Trim Tt = Y O bt
= TIESEFH ® FElect "%, = segn(3i; 77)

® Disjoint Merge

LTI e ﬁzt o
= HEREEENFHRE (CMA-ES) [AP] Zate

Editing models with task arithmetic.
Ties-merging: Resolving interference when merging models.
Unconstrained Model Merging for Enhanced LLM Reasoning." arXiv preprint arXiv:2410.13699 (2024).
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R LLMs: EE N RIE AR R 88
® Qwen2.5-Math-7B-Ins
® MetaMath-78, MetaMath-70B fE SERLMIVRH D Q5 BE TR HP3Y
® OpenMath-Mistral-7B =
® \WizardMath-7B-V1.1
® Codellama-7B-Ins, CodelLlama-70B-In o o ,
® DeepSeek-Coder-Ins-v1.5 (7B) Lusion = ]E(I’i’R’i)ND []H[ (Pw |Qz’¢j)]
R BRI EL

L= )\LSFT + (1 - A)ﬁFusion

Unconstrained Model Merging for Enhanced LLM Reasoning."” arXiv preprint arXiv:2410.13699 (2024).
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» EFERRINE: RIIREBIEERNS

Model MMLU GSMS8K-COT GSMS8K-Coding MATH-COT MATH-Coding HumanEval InfiBench
Source Model Base Model/#Size Source LLMs

Qwen2.5-Math-7B-Ins Qwen2.5/7B 56.31 88.70 (95.2) 87.9 75.26 (83.6) 32.46 48.17 17.36
MetaMath-7B Llama 2/7B 25.28 64.90 (66.5) 9.25 17.24 (19.8) 3.00 0.0 15.00
MetaMath-70B Llama 2/70B 29.49 80.29 (82.3) 73.24 17.68 (26.6) 2.04 6.71 25.82
OpenMath-Mistral-7B Mistral/7B 28.23 44.73 77.33 (80.2) 12.38 27.68 (44.5) 0.0 17.69
WizardMath-7B-V1.1 Mistral/7B 27.66 66.03 74.45 18.08 12.38 15.85 38.47
DeepSeek-Math-RL Deepseek-LLM/7B 25.05 88.17 (88.2) 83.24 48.46 (51.7) 41.68 45.73 32.16
CodeLlama-7B-Ins Llama 2/7B 39.18 26.54 38.74 4.1 12.62 37.2(34.8) 34.83(35.15)
CodeLlama-70B-Ins Llama 2/70B 37.32 4443 - 4.6 B 65.24 (67.8) 38.62 (42.82)
DeepSeek-Coder-Ins-v1.5 Deepseek-LLM/7B 49.78 (49.5) 56.33 73.31 (72.6) 12.28 29.12 (34.1) 68.90 (64.1) 56.67
Pivot Model Source Model Fusion: Heterogeneous LLMs

OpenMath-Mistral 7B CodeLlama-70B-Ins 53.321% 71.4977 80.13 20.2211 24.02 47.5671 422117
WizardMath-7B-V1.1 CodeLlama-70B-Ins 46.7411 76.6511 74.90 24.0411 15.46 53.6671 40.291
Qwen2.5-Math-7B-Ins CodeLlama-70B-Ins 55.8677 83.6277 71.19 56.42771 26.80 50.007 17.73-
CodeLlama-7B-Ins MetaMath-70B 40.11717 29.267 43.591 6.067 12.5217 45.1211 311117
CodeLlama-7B-Ins OpenMath-Mistral 7B 36.9811 29.341 42.387 6.267 13.687 457371 29.8711
CodeLlama-7B-Ins Qwen2.5-Math-7B-Ins 38.28- 29.641 42.07t 6.57 16.067 46.3411 32.3611
MetaMath-7B CodeLlama-70B-Ins 33.4411 61.1177 31.1671 15.8671 1.48) 15.2411 24.05 11
OpenMath-Mistral 7B Deepseek-Coder-Ins-v1.5 53.3871 723311 80.367 20.6671 21.98) 48.1717 40.961"
CodeLlama-7B-Ins WizardMath-7B-V1.1 37.9811 28.287 4291 6.327 13.867 414671 31.51)

RS /e IR

Y APt s

" GHEFENRSREEES IR MRISEE], ESEMRRRISEEAYKF. XAJgERA, BIIKIE
S&EE (LLM) EH, KETHSED—RImEHFRENRmEE], TAMUNENBIEERIZIN.

« HERLAHERES (FINEFEMTRB) NLLMIEASAEER, SHENERRIMEANR. #F

A, ANRMXAEEZEF)

SLMEMEMEEREIVERNE
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nstruction tuning for large language models: A survey

Instruction Tuning for Large Language Models: A Survey

SHENGYU ZHANG, Zhejiang University, China
LINFENG DONG, Zhcjiang University, China
XIAOYA LI, Shannon.Al, China

SEN ZHANG, Zhejiang University, China
XIAOFEI SUN, Zhejiang University, China
SHUHE WANG, Peking University, China
JIWEI LI, Zhejiang University, China
RUNY! HU, Zhejiang University, China
TIANWEI ZHANG, Nanyang Technolog
FEI WU, Zhejiang University, China
GUOYIN WANG, Amazon, United States

| University, Singap

This paper surveys research works in the quickly advancing field of instruction tuning (IT), a crucial technique to enhance the capabilities
and controllability of large language models (LLMs). Instruction tuning refers to the process of further training LLMs on a dataset
consisting of (INSTRUCTION, OUTPUT) pairs in a supervised fashion, which bridges the gap between the next-word prediction objective
of LLMs and the users” objective of having LLMs adhere to human instructions. In this work, we make a systematic review of the
the general y of IT, the of IT datasets, the training of IT models, and applications to different
modalities, domains and application, along with analysis on aspects that influence the outcome of IT (e.g., generation of instruction

literature, i

outputs, size of the instruction dataset, etc). We also review the potential pitfalls of IT along with criticism against it, along with efforts
pointing out current deficiencies of existing strategies and suggest some avenues for fruitful research.

CCS Concepts: * C hodol Neural networks.

~+ Natural P
Additional Key Words and Phrases: Large Language Model, Instruction Tuning, Survey

ACM Reference Format:

Shengyu Zhang, Linfeng Dong, Xiaoya Li, Sen Zhang, Xiaofei Sun, Shuhe Wang, Jiwei Li, Runyi Hu, Tianwei Zhang, Fei Wu,
and Guoyin Wang. 2018. Instruction Tuning for Large Language Models: A Survey. In . ACM, New York, NY, USA, 38 pages.
htps://doi.org/XXX) XXXXXXX

1 INTRODUCTION

The field of large language models (LLMs) has witnessed remarkable progress in recent years. LLMs such as GPT-3 [18],
Pal.M [25], and LLaMA [130] have demonstrated impressive capabilities across a wide range of natural language
tasks (2, 22, 45, 47,70, 73, 87, 96, 103, 120-122, 132, 134, 135, 143, 144, 153-155, 165]. One of the major issues with
LLMs is the mismatch between the training objective and users’ objective: LLMs are typically trained on minimizing the

Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without foe provided that copies are not made or
distributed for profit or commercial advantage and that copses bear this notice and the full citation on the first page. Copyrights for components of this work
owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or 1o redistribute 1o
lists, requires prior specific permission and/or a fee. Request permissions from permissions @acm.org.

© 2018 Association for Computing Machinery

Manuscript submitied to ACM

Shengyu Zhang, Linfeng Dong, Xiaoya Li, et al.
Under Review
(online, https://arxiv.org/pdf/2308.10792.pdf )
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Step1: Instruction Dataset Construction |

Step2: Instruction Tuning

;I
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I‘
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instructions

InstructPix2Pix (983M)

5. Multi-modality
Video-LLaMA Instruction Fine-

-

InstructBLIP (1.28)

LLaVA (138)

Otter
MultiModal-GPT
Dialogue
Intent Classification and Slot Tagging
Information Extraction 6. Domain-specifc
Instruction
_Finetuning

Instruction Fine-tuning

Aspect-based Sentiment Analysis Algorithms

Writing
Medical
Arithmetic
Code
LORA Instruction Tuning
HINT for Large
Qora_ \, 7. Efficient Tuning Techniques Language Models
_LOMO
Delta-tuning

8. Evaluation, Analysis and Criticism
HELM Evaluation
Low-resource Instruction Tuning
Smaller Instruction Dataset
Evaluating Instruction-tuning Datasets
Do IT just learn Pattern Copying?
Proprietary LLMs Imitation

AL AR

2. Methodology

3. Instruction
Fine-tuning Datasets

4. Instruction
Fine-tuned LLMs

Supervised
Finetuning

'I

Instruction Dataset Construction

Instruction Tuning

Natural Instructions

P3

xP3

Flan 2021

Unnatural Instructions

Self-Instruct

Evol-Instruct

LMA

Super-Natural Instructions

Dolly

OpenAssistant Conversations

Baize
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£ Microsoft Azure

Phi-3 family

Phi-3-small

%X Phi-3 Apple Intelligence

e HfiPhi-1B&H LB RE3. 812888 phi-3-mini, £2133.3751ZtokensH)145, EMEREATLASMixtral 8x7BFIGPT-3.5t82E, ZBEEFHLL.
® Apple Intelligence: FEMIVEELS | iPhone, iPad [ Mac #ZOBINABEER S
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Research models have been deployed in Mobile Taobao, Huawei Music, and Tencent News

Huawei Music Taobao, Guess You Like
Playlist Recommendation Product Recommendation
=] iTE MF [~ EE
Self-supervised : B Edge-clouei
. . .. = Collaborative
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: Recommendation
learning
- From 2021.10
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Taobao, Single-image Reconstruction

Audio-driven Talking face Generation
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Zihao Tang, Zheqi Lv, Sheng

Zhang, Yifan Zhou, Xinyu Duan, Fei Wu, Kun Kuang: AuG-KD: Anchor-Based Mixup

Generation for Out-of Domain Knowledge Distillation. ICLR 2024
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1EMNEXS A

Office-31: resnet34 — mobilenet_v3_small

Settings Amazon, Webcam—DSLR Amazon, DSLR— Webcam DSLR, Webcam—Amazon
Acc Acc@3 Acc@5 Acc Acc@3 Acc@5 Acc Acc@3 Acc@5
T 92.2 96.1 97.0 93.1 96.2 97.3 97.7 99.6 99.8
eacher
67.1 82.6 88.0 60.0 71.5 82.5 15.2 26.1 36.0
DFQ+ 804457 933+4.1 96.4+2.1 86.5+£5.7 97.5+£2.0 99.0+1.0 46.6+45 67.6+24 765429
CMI+ 67.1+3.5 86.6+43 9294+3.0 70.0+£53 88.0+5.1 943421 359423 56.1+5.1 65.0+5.6
DeepInv+ 65.9+6.3 847449 90.6+3.8 70.0+54 915405 948+16 36.5+44 56.1+5.1 66.31+3.3
w/o KD 63.5+79 847445 90.2+3.7 82754 96.0+19 983+0.7 529434 725436 79.942.2
ZSKT+ 33.3+59 553+11.8 659+11.5 33.0+8.1 553+143 66.8+162 23.7+53 427+7.1 537459
PRE-DFKD+ 68.3+19.5 87.8+14.3 91.8+13.3 66.5+209 82.0+17.3 889+129 284+133 464+19.0 55.9420.8
Ours 843+3.1 949+26 97.6+0.8 87.8+7.6 963+18 99.5+0.7 58.8+3.7 73.7+2.1 79.7+1.5
Office-Home: resnet34 — mobilenet_v3_small
Settings ACP—R ACR—P APR—C CPR—A
Acc Acc@3 Acc@5 Acc Acc@3 Acc@5 Acc Acc@3 Acc@5 Acc Acc@3 Acc@5
894 93.2 94.5 88.6 925 93.8 66.7 75.8 79.6 90.9 94.4 954
Teacher
30.3 46.7 55.2 35.8 534 60.8 24.7 40.6 48.7 19.6 31.2 39.1
DFQ+ 333+1.3 51.7+14 60.7+1.7 60.0+3.8 75.8+29 81.8+2.6 50.61+2.8 67.7+2.8 752+1.6 21.0+34 31.8+35 40.3+25
CMI+ 16.4+1.2 29.0+04 37.0+0.7 48.8+1.5 639+14 703+1.6 353+19 51.24+2.0 584+1.7 134430 214427 27.5+2.8
DeepInv+ 154+1.7 28.6+1.8 36.4+2.1 47.84+2.1 629422 70.7+22 36.9+2.5 525434 60.5+29 13.0+2.1 223424 27.5+2.1
w/o KD 32.54+3.8 484438 57.61+33 599420 77.2+14 826408 499+14 67.0+1.6 73.6+1.1 16.8+2.1 289415 36.4+23
ZSKT+ 155433 29.7+44 38.5+45 119456 235495 32.0+109 7.8429 19.5+53 27.5+6.7 7.9+3.1 17.64+3.6 26.7+3.0
PRE-DFKD+ 223437 369450 449452 344495 524411.2 60.5+11.0 384+79 579+11.2 654+11.1 9.0+2.7 204+3.7 27.5£5.0
Ours 352425 534420 62.8+1.8 653+1.6 793+14 84.1+2.0 53.4+3.0 703+14 76.6+14 21.2+4.7 33.4+3.8 41.7+4.6
VisDA-2017 (train— validation): resnet34 — mobilenet_v3_small
Settings Teacher DFQ+ CMI+ Deeplnv+ w/o KD ZSKT+ PRE- Ours
DFKD+
Acc 100.0 12.1 53.4+1.0 495+1.3 47.61+0.9 50.740.9 484435 549+1.0 55.5+0.3
Acc@3 100.0 345 80.21+0.6 77.2+1.1 75.5+0.7 78.74+0.7 77.5+2.6 81.4+1.0 82.11+0.2
Acc@5 100.0 54.7 89.0+0.4 88.1+0.7 87.3+0.6 89.3+0.4 88.9+1.2 90.6+0.6 91.3+0.1
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Dataset
Model Method Amazon-CD MovieLens-100k
E%?')U*EFU}_Q{E NDCGT | Hit] | Params|| FLOPs| | NDCG] | Hit] | Params| | FLOPslI
Base 0.0386 0.0529 1.3107 0.2086 0.0517 0.1077 1.3107 0.2086 |

1 )\J *Hj- M/ LTIEHX SASRec DIET 0.0425 0.0590 0.0410 0.1154 0.0635 0.1319 0.0410 0.0416
21 \ I T 10.96% 11.53% X 31.97 X 1.81 22.82% 22.47% X 31.97 5.01
SRR R I ERARR EEE?IHEEM?EHJ — —

Base 00310 | 00424 | 04922 | 0058 | 00569 | 00719 | 04922 | 0.0586
cee Caser DIET 0.0356 | 0.0488 | 0.0154 | 0.0294 | 0.0617 | 0.0771 | 0.0154 | 0.0488
(-
]‘ { = JZF%E’ j( Improv. 1| 14.84% | 1509% | x31.96 | x199 | 1042% | 7.32% | x3196 | X176
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