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LLM and ChatGPT

* Chat-based LLM is walking into our daily life!
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LLM and ChatGPT

* LLMs are taking our jobs!

GPTs are GPTs: An Early Look at the Labor Market Impact

Potential of Large Language Models

Tyna Eloundou!, Sam Manning'?, Pamela Mishkin*!, and Daniel Rock?

10OpenAl
2OpenResearch
3University of Pennsylvania

March 20, 2023

If human logic and creativity can be replaced.
What jobs do you think will be left?

' u = Lior4 &

For the last 10 years | believed Al will free humanity from brainless tasks
and push the world towards a more creative future.

However, with models like Stable Diffusion, artists are also being pushed
out.

2023/9/5
Credit: Google images.
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Trend of LLM In Research Fields

 LLM is rapidly emerging as the hottest direction in research fields
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A sharp increase occurs after the release of ChatGPT: the average number of published
arXiv papers that contain “large language model” in title or abstract goes from 0.40 per
day to 8.58 per day.
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The Cost Barrier of LLM

c%: MARKETS BUSINESS INVESTING TECH POLITICS CNBC TV INVESTING CLUB & PRO @

ChatGPT and generative Al are
booming, but the costs can be
extraordinary
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The cost of training GPT-3 is
estimated to be around S1.4
million, and for some larger
LLM models, the training costs

range between $2 million to
S12 million.

The cost of operating
OpenAl‘s ChatGPT could
potentially reach $S0.7 million
per day.



The Cost Barrier of LLM oy

e How much does it cost when using ChatGPT
6 A

ZEPE

to finish a writing task? =
g iAhiE T omanttEl, IRIBSRSE. (B0R)
Prl ces Of G PT4 AT B A R B JEAF A BAFI AT, A2 A A

K ok, T B E) 894k A

Model Input Output

8K context $0.03 / 1K tokens $0.06 / 1K tokens X6 EFN AT REAG KA LB E? KB —H L
:"P: .

32K context $0.06 / 1K tokens $012 / 1K tokens

K. i&igEAR, WEISE, RFER, BiliT
B, NEEE, NEPE: MNSETAGR:

Prices of GPT3.5-Turbo RSFEO00F .
* Input Tokens: 100 tokens

Model Input Output
4K context $0.0015 / 1K tokens $0.002 / 1K tokens * Qutput Tokens: 800 tokens
16K context $0.003 / 1K tok $0.004 / 1K tok . .
o - o Price of using ChatGPT4:
* Input Price: 100 tokens x $0.03/1K = $ 0.003
* Output Price: 800 tokens x $0.06/1k = $ 0.048
e Total Price: $ 0.003 +$ 0.048 =$ 0.051 = ¥ 0.371
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The Cost Barrier of LLM

ChatGPT and Comparisons, Worldwide
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 According to data released in May
of this year, the ChatGPT website
has surpassed 1.5 billion monthly
active users.

 Due toimmense cost pressures,
companies that fail to capture
market share will ultimately be
eliminated.

2023/9/5
Credit:Google.
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How to Train your ChatGPT Assistant
* ChatGPT Training Pipeline

GPT Assistant training pipeline

Stage Pretraining

Raw internet
text trillions of words

Dataset low-quality, large quantity

)

Language modeling
predict the next token

Algorithm

o

Base model

1000s of GPUs
months of training

ex: GPT, LLaMA, PaLM
can deploy this model

2023/9/5
Credit: Andrej Karpathy @ OpenAl.

Supervised Finetuning

Demonstrations ®
Ideal Assistant responses,
~10-100K (prompt, response)
written by contractors

low quantity, high quality

D

Language modeling
predict the next token

init
from 0
SFT model

1-100 GPUs

days of training

ex: Vicuna-138B

can deploy this model

@

Reward Modeling Reinforcement Learning

Prompts @
~10K-100K prompts »
written by contractors

low quantity, high quality

Comparisons ®
100K -1M comparisons
written by contractors

ow quantity, high quality

[ @

Binary classification
predict rewards consistent w
preferences

init ° o init from SFT
from use RM

RM model

Reinforcement Learning
generate tokens that maximize
the reward

RL model

1-100 GPUs

days of training

ex: ChatGPT, Claude
can deploy this model

1-100 GPUs
days of training

Four Stage Pipeline

Pretraining

¥

Supervised
Finetuning

¥

Reward
Modeling

¥

Reinforcement
Learning



How to Train a ChatGPT Assistant?

? The LLM pre-training takes up 99% of the entire training
pipeline's time and typically requires thousands of GPUs

A training over several months. el
Pretraining

I
Low-quality, large - - 1— - -
quantity Raw text

R

T2

Dataset
Months of
: e training!
ﬂ GPU |  1000s of el
il A100 GPUs |
Accelerator
Next token Based Model
Prediction

GPT, ChatGLM, ...
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How to Train a ChatGPT Assistant?

? Smaller technology enterprises and educational research
labs often can't afford the cost of pre-training LLMs.

Four Stage Pipeline

Pretraining
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How to Train a ChatGPT Assistant?
* Based model are not Chat Assistant!

"’ VU Y [ — |

: I
Write a poem about bread! Pretraining

Write a poem about someone. @
Write a poem about angel.

Write a poem about basketball.

The training task of pre-trained language model is to predict the
next token, rather than engaging in QA (Question-Answering)
dialogues. It may use more questions to answer a question.

2023/9/5 11
Credit: Andrej Karpathy @ OpenAl.



How to Train a ChatGPT Assistant?

O ? During the Supervised Finetuning of LLM, workers are
> hired to gather high-quality QA data and the based-model fqyr Stage Pipeline
is fine-tuned, requiring fewer GPUs and just days to train.

High-quality !

Dataset QA dataset I Supervised
Days of ' Finetuning
_ | pY training! ;
E..EPU 1-100 GPUs Ei?
Accelerator
Next token
Prediction

GPT, ChatGLM, ...

2023/9/5 12
Credit: Andrej Karpathy @ OpenAl.



How to Train a ChatGPT Assistant?

? Multiple answers are generated from the same prompt
Y based on SFT model. Workers rank these answers to
A compile a large ranking dataset, which is then used to
train a Transformer-based Reward Model.

VAl (REI DA E —ERRETHEEAYPythonfR[FEL RSN, RIGE
SENFHEESHEX,

Four Stage Pipeline
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(is_palindrome( ) print(is_palindrome( ‘True', &HNEE] False',
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(is_palindrome( {ERTH:
python Copy code
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ER—TIEREENEN, BFER, EREETEM
EHE, HRBLETRRSAEMITHRFR.

13



How to Train a ChatGPT Assistant?

? In reinforcement learning, policy gradient algorithm are
used to amplify the generation probabilities of "favorable” gqyr Stage Pipeline
responses and minimize those of "toxic" ones.

R

T2

* Action Space: all the vocabulary
* State: currently generated token sequence

* Reward: Provided by Reward Model
RL Fine-tuning

———————————————————————————————————————

}
N

_____________________________

Reward

. Prompts Model \f')
o % | l Aligned LM !
| an) > T | Reinforcement |
. LM Outputs | k"// @ .. : : I .
| Reward Training with RL algorithm (PPO) - _Lejrrllng g
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How to Train a ChatGPT Assistant?

Supervised Reinforcement
Finetuning Learning Alignment
Based Model _ SFT Model _ -
Rank Model IE!':ﬂng Description License . o
1 Bgpra 1274 ChatGPT-4 by OpenAl Propristacy e The SFT model S|gn|f|ca ntly
2 & Claude-v1 1224 Claude by Anthropic Proprietary Aligned Model
G e e outperforms the based pre-

4 e e 1083 : :::;:assii::‘asnt fine-tuned from LLaMA on user-shared ::.:::z ;:ailable; Non- e M
Va8 oy LY . } SET Model trained model in QA tasks.

Weights available; Non-

5 Koala-138 1022 a dialogue model for academic research by BAIR -
e o9 : by commercial

6 RWKV-4-Raven-14B 989 an RNN with transformer-level LLM performance Apache 2.0

7 Qasst-Pythia-128 928 an Open Assistant for everyone by LAION Apache 2.0 ® T h e AI i g n e d M O d e I Ca n

8 hatGLM- 918 ;r:‘ ;}:; t::ilingual dialogue language model by Tsinghua :l;;g:;sf ;:Iailable; Non- fu r t h e r fi | te r O u t eX p re S S i O n S

StableLM-Tuned- e
9 L 906 Stability Al language models CC-BY-NC-SA-4.0

e from the SFT model's output

a model fine-tuned from LLaMA on instruction-following Weights available; Non-

demonstrations by Stanford commercial that a re harmeI Or not in Iine

n FastChat-T5-38 902 a chat assistant fine-tuned from FLAN-T5 by LMSYS Apache 2.0

with human norms.

Weights available; Non-
commercial

10 Alpaca-138 904

an instruction-tuned open large language model by

lly-V2-1
2 Lollyve-128 263 Databricks

13 aMA-1 826 open and efficient foundation language models by Meta

2023/9/5 15
Credit: Andrej Karpathy @ OpenAl.



What happens when LLM generates an answer?

Output: SYSU Output: is Qutput: a

4 S = Autoregressive
Coum Y (oM Y (M

* When a LLM generates

[ Transformer | [ Transformer | [ Transformer | response, it uses its own
. Layer | | Layer | | Layer | previous outputs as inputs
) 1 . ) 1 . ) 1 . for future predictions,
Transformer Transformer Transformer forming 3 chain of
. Layer | | Layer | | Layer | ,
A A 0 dependencies.
( Transformer | ( Transformer ) ( Transformer )

| Layer | | Layer | | Layer |  This autoregressive behavior
—= ) ==/ == €

G G ﬁ allows the model to generate

Input: Help me write an  Input: Help me write an Input: Help me write an coherent and contextually
introduction about Sun  introduction about Sun introduction about Sun Yat- relevant text.
Yat-sen University. Yat-sen University. SYSU  sen University. SYSU is

Credit: Andrej Karpathy @ OpenAl.



What happens when LLM generates an answer?

Output: SYSU

ity

Cooum )
[ Transformer |
Layer
e T D
Transformer
Layer |
4 T )
Transformer
Layer
& ’/

4P

Input: Help me write an
introduction about Sun
Yat-sen University.

2023/9/5
Credit: Andrej Karpathy @ OpenAl.

OQutput: is
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Transformer
Layer
i N
Transformer
Layer

T

4 N
Transformer

. v

Layer |
NS 2/

)

Input: SYSU

Output: a

ity

STV

( )
Transformer
Layer
( N
Transformer

Layer

T

4 N
Transformer

. 7

Layer |
NS 2/

)

Input: is

Intermediate Cache

LLM will cache previous
computational results
(such as the calculations
from the black parts of
Self-Attention) in memory
to avoid redundant
calculations.

The inference process of
LLM can be divided into
two distinct phases:

Encode and Decode
17



What happens when LLM generates an answer?

Output: SYSU

A\

A

Input: Help me write an
introduction about Sun
Yat-sen University.

2023/9/5
Credit: Andrej Karpathy @ OpenAl.

OQutput: is

ity

STV

( B
Transformer
Layer
i N
Transformer

Layer

T

4 N
Transformer

. v

Output: a

ity

STV

( )
Transformer
Layer
( N
Transformer

Layer

T

4 N
Transformer

. 7

Layer |
NS 2/

)

Input: SYSU

Layer |
NS 2/

)

Input: is

Encode Phase: Inference
on LLM's input involves
potentially hundreds or
even thousands of tokens,
making it computationally
intensive.
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What happens when LLM generates an answer?

Output: SYSU OQutput: is Output: a
G G G e Encode Phase: Inference
/ N | ™\ on LLM's input involves
LLM LLM LLM potentially hundreds or
[ Transformer | [ Transformer Transformer ) even thousands of tokens,
___Layer | . making it computationall
£ Memory Intensive . S P Y
. X Intensive.
Transformer Decode Phase
La%/er ) § ? ; ? e Decode Phase: each
- 1 . N reviously predicted token
Transformer Transformer] [Transformer ps ino tte»(Ich))ne 2t 3 time
§ Layer L Layer Layer | 15 Inpu Ime,
N 2 T S IR T / requiring frequent retrieval
G | of intermediate cache from
Input: Help me write an Input: SYSU Input: is
introduction about Sun Storage-
Yat-sen University.
2023/9/5 19

Credit: Andrej Karpathy @ OpenAl.



The Backbone Architecture in LLM

* The vast majority of LLMs are based on the Transformer architecture.

miatcrerviaial
Probabiities | Text Task
I | Prediction | Classifier
Decoder | |
: ! X
p |
| Feed
______ . Forward l
r I
I - | \ | e Nom K I
I f"l&f,'\:ﬂl (| [areas I Feed Forward
I EE Attention A
Encoder | Fovard | [1() :Nx 1ox L
~— ]
le I| Add & Norm I
| ~{AddENom ) :I ——— : Layer Norm
Multi-Head Multi-Head
l Attention | Il | Attention | é
| 1 || —
| — )||\, — ) I Masked Multi
L = ] R el asked ytl
Positional” ) @ Positional Self Attention
Encoding Encoding A
Input Output
Embedding Embedding - - i
Inputs Outputs Text & Position Embed
(shifted right)
Attention is all you need! (NIPS 2017) GPT Series (2019-now)
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The Backbone Architecture in LLM

* The vast majority of LLMs are based on the Transformer architecture.
 The computations in a Transformer Layer consist of

Text Task
Prediction | Classifier several large-scale matrix multiplications.
A
S | e - Pl —
Layer Norm l — — |
C 2 5 |
I — - - — 5 | 9)1 o 9’1 : O
I 2 —w s 3 —> |8
I Feed Forward —- | o) - 1 c
| 1 N o | b
[ e —— N —— S 0 -0 1
12x — L= = ,
_ L —— > _— _
LayerNorm | |
g ‘\
=== - 0 =Ry [g| |[g B
: o — | =t O o)
Masked Multi I s = | ® — 3 —> |T 'ﬁ [ o =
| Self Attention ° = ® | 0 o = I gr >
< = x| ! L Za
~ s 5|, ﬁ |8
==2 L I
Text & Position Embed ‘o !
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Credit:Reducing Activation Recomputation in Large Transformer Models.



Parameter Size and Memory Footprint in LLM

 Alanguage model is generally considered "large" if it has tens of millions
to billions of parameters.

--

2019-10 Google
GPT-3 2020-05 OpenAl 175B
LaMDA 2021-05 Google 137B
Jurassic 2021-08 Al21 178B
MT-NLG 2021-10 Mll\;:\r/(;]s;)& 530B
ER,ES; ¥ 2021-12 Baidu 260B
Gopher 2021-12 DeepMind 280B
Chinchilla 2022-04 DeepMind 70B
PalLM 2022-04 Google 540B
OPT 2022-05 Meta 125M-175B
BLOOM 2022-07 BigScience 176B
GLM-130B 2022-08 Tsinghua 130B
LLaMA 2023-02 Meta 7B-65B

2023/9/5 22



Parameter Size and Memory Footprint in LLM

 Alanguage model is generally considered "large" if it has tens of millions
to billions of parameters.

CTRETTEETTRETIN o e e

use Float64 and require 4 bytes each,

2019-10 Google i ' .
GPT-3 202005  OpenAl 175B while during inference, they use
LaMDA ~ 2021-05 Google 137B Float32 and require 2 bytes each.
Jurassic 2021-08 Al21l 178B
Microsoft,
MT-NLG 2021-10 NVIDIA 530B h k f . f
ERNE3O — o The pea memory ootprint for |
Titan accommodating the ChatGLM-130B model is:
Gopher 2021-12 DeepMind 280B
Chinchilla 2022-04 DeepMind 70B
PalM S oois 5408 * Float64: 130B * 4 /1024/1024 = 480GB!!!
OPT 2022-05 Meta ~ 125M-175B * Float32:130B * 2 /1024/1024 = 240GB!!!
BLOOM 2022-07 BigScience 176B
GLM-130B 2022-08 Tsinghua 130B
LLaMA 2023-02 Meta 7B-65B

2023/9/5 23



How to Break the Resource Wall of a Single GPU?

* The memory of a single device is insufficient to accommodate an entire LLM.

@D! Megatron-LM: Training Multi-Billion Parameter Language Models Using
Model Parallelism
NVIDIA.

Mohammad Shoeybi !> Mostofa Patwary !> Raul Puri'? Patrick LeGresley” Jared Casper >
Bryan Catanzaro ?

Y = Self-Attention(X)
[V

e Leveraging matrix decomposition

!
N
I
o
3
°
=]
g
=

| &

techniques, a Tensor-Parallel (TP) E":hgi.gi@ﬂl% =

. . . =Kk 17 &| & - - §
distributed algorithm was developed e ;;m ;

t iti : SfE= (8 8] m 5 ;

o partition the model across multiple mg N 8 ST D 5
GPUs, with each GPU storing only a . B _m.;J ,
fraction of the model's weights. T {if—iﬂii‘,‘ifjl j T——

- V=D
2023/9/5 24

Credit:Megatron-LM: Training Multi-Billion Parameter Language Models Using Model Parallelism.



LLM on Mobile Edge Devices

* Mobile Computing + LLM has emerged as a new paradigm
e Popularization of mobile devices in both magnitude and variety
* Proliferation of mobile data in both scale and modality

Connected Devices and Data

DATA O
180 80
135 60
90 40
45 20

7B 2020 2021 2022 2023 2024 2025

0 0B

2023/9/5 25
Credit: https://coruzant.com/opinion/the-future-is-edge-computing/



https://coruzant.com/opinion/the-future-is-edge-computing/

LLM on Mobile Edge Devices

 Model lightweighting and edge deployment will become new research
focuses in LLMs.
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Challenges of LLM on Mobile

How to apply?

Constrained
Capability

Mobile
Devices

Heterogeneous Dynamic
Hardware Resources

2023/9/5
Credit: Google Image

LLM Computing is extremely
computation-intensive and resource-
demanding

Mobile devices are resource-
constrained and heterogeneous

27



Break the Memory Wall of Mobile Devices

e Utilizing the concept of paging from operating systems, Transformer layers
not in use are offloaded to auxiliary storage like SD cards to expand the
available memory on mobile devices.

POET: Training Neural Networks on Tiny Devices
with Integrated Rematerialization and Paging

Shishir G. Patil' Paras Jain' Prabal Dutta' Ion Stoica' Joseph E. Gonzalez '

4 .
(Ne“”“ “Et\ Operator cost POET solver Execute on edge device
model profile —
o :> (®) |:> min total energy usage |:> [(1) Rematerialize @*@J
.:. > E é # s.t. memory constraint _
\. Y, s.t. runtime constraint [(2) Page to flash {® ->ﬂ]
\o Y,
2023/9/5 .

Credit: POET: Training Neural Networks on Tiny Devices with Integrated Rematerialization and Paging.



Break the Memory Wall of Mobile Devices

* Propose a framework support memory-efficient on-device LLM training

Memory-efficient DNN Training on Mobile Devices

In Gim and JeongGil Ko
School of Integrated Technology
College of Engineering
Yonsei University, Seoul, Korea
{hyunjun kim,jeonggil ko}@yonsei.ac.kr

[a} Dperatorfuslon (manadlc) {b) Operator fusion (variadic) (a) Input graph . (b) Conventional AD graph  (c) Unified AD graph (Sage)

= ) | e 5

fuse
(c) Subgraph reduction

{a) Dynamlc gradlent checkpomtlng (b) Dynamlc gradlent accumulatlon

(N AN

______________ h ﬁ m
p(xa(f(x).y))

e\nc.t node when OOM evict batch when OOM .
QOevicted Qoccupied

@

C
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Collaborative Execution on Mobile Cluster

* Federated Few-shot Learning on Mobile Cluster

Federated Few-Shot Learning for Mobile NLP

Dongqi Cai

Beiyou Shenzhen Institute

Felix Xiaozhu Lin
University of Virginia

Clients

Shangguang Wang

Beiyou Shenzhen Institute

Yaozong Wu
Beiyou Shenzhen Institute

Mengwei Xu
Beiyou Shenzhen Institute

Gold labels
(all)

Cloud
Aggregator

(a) Classic FL: rely on abundant labels

Inference [ ciients

Gold labels
(few)

Pseudo
Labels (some)

Unlabeled
(most)
(b) Our FedFSL Scenario
Bl #oflabels Training

<+=-- Updated model ===+ Updated labels

i1 iteration | <«—

o OO\l -

model —

d 1 | o

ig, iteration | «—
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Jutf iteration

model
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Summary

 LLM+Mobile is the new frontier, teeming with open questions that are
ripe for exploration—let's pioneer the unknown!

PY Awes O m e O n _d evi Ce—AI 9 ysyisyourbrother Merge branch 'main' of https://github.com/ysyisyourbrother/awesome-o... ..  ssfd7fé onJul7 %) 12 commits
(3 READMEmd Merge branch 'main’ of https://github.com/ysyisyourbrother/awesome-... 2 months ago
https://github.com/ysyisyourbrother/awesome-on-
‘= README.md Va

device-Al

» A Reading List for Machine Learning Systems: ‘Welcome to Awesome On-device Al

A curated list of awesome projects and papers for Al on Mobile/loT/Edge devices. Everything is continuously

https://jeongseob.github.io/readings_mlsys.html

e Edge Al Paper List:
https://github.com/xumengwei/Edge-Al-Paper-List

updating. Welcome contribution!

* Resource Efficient Large Language Model

https://github.com/UbiquitousLearning/Paper-list-
resource-efficient-large-language-model
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