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+ LLM : Large Language Model

* GAN : Generative Adversarial Networks

+ VAE : Variational Auto Encoder
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“stsb sentence1: The rhino grazed on the grass.
sentence2: A rhino is grazing in a field.”

["cola sentence: The course is jumping well.."]1

emergency crews tuesday to survey the
damage after an onslaught of severe
weather in mississippi...”

[ “summarize: state authorities dispatched

“six people hospitalized
after a storm in attala
county.”
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Seq-to-seq Learning

Pretrained Models

Multi-task Learning NLP Neural Nets

Attention

2008 2013 2015

(source: A brief history of natural language processing-part 2, 2020)
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Reparameterization
Trick

(source: https://taeu.github.io/paper/deeplearning-paper-vae/)

28 x 28 x 1
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175B Params

Natural Language
Prompt

\

60

No Prompt
- 13B Params

1.3B Params

Number of Examples in Context (K)

GPT-3, an autoregressive language model with 175 billion parameters
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What is human-machine teaming (HMT)?

oH
i

Level 5 (Fu||y automated driving) Human user Humans and machines such as Al and robots work as a team to solve problems.
* A passenger or a shipper who requests automated delivery as a Both humans and machines are supposed to play a role in problem solving.
human user (NO”-HMT)
Level 4 (Fully automated driving under Human supervisor Medical Al + Doctor treats patients.
specific conditions) @ tiuman . . .
* The “designated automatic operation supervisor” as a human C-Machine Autonomous Vehicle + Human Driver drives a car.
Stpervisor 9'(AI) Deep Learning + Human Inspector inspects products for
Level 3 (The system drives under specific Peer ./—\, shipment.
conditions) - " mc hine Dispatch Al + Human Drivers provides rideshare.
- =~

. : ) Robots + Discovery Al + Scientist explores for great
Level 2 (Advanced driving assistance such Machine mentor 4 dis%overies. .
as automatic overtakin LR 1D

9) Q(A') N Personal Agent + Human User solves daily problems.
* Level 1 (Driving assistance such as collision @ humen
dh

damage reduction breaking)

(ZX: ISO/IEC JTC 1/SC 42 Al)
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LLM model history (ex. ChatGPT)

OpenAl

ChatGPT

InstructGPT

* RLHF: Reinforcement Learning from Human Feedback

&

2y @

SbDBulc ag

Electronics
Marine Engineerin

Contact Cent Al Chatbot Connected C: Smart Device Media Education
@ % = N
&5 ) G o

<LLM &

LLM modelling process (ex. ChatGPT )

Step1 Step2 Step3
Collect demonstration data Collect comparison data and Optimize a policy against the
and train a supervised policy. train a reward model. reward model using the PPO
reinforcement learning algorithm.
A promptis {_ \J A prompt and LTI A new prompt is -~
sampled from our i S several model P A sampled from oAy
prompt dataset. toarming to & 6 year okd. outputs are learning to a 6 year old. the dataset. Sbout oters.
' sampled. |
v re ke Y
@ = The PPO model is S
Alabeler initialized from the . i
demonstrates the supervised policy. W
desired output 4
; 2 and
behavior. e
| Alabeler ranks the The policy generates  oncoupona
\ outputs from best anoutput.
SFT
_ ) o to worst. 0-60-0-0
;?"s:“"a 2;15_‘;’5” -()\;:?- | The reward model
"“:"s e sty L v calculates a reward .\ >
lwn supervi 4 s for the output. ’Q‘
learning. @ @ @ -
This data is used A !
to train our o7 The reward is used \
reward model. to update the r
‘ ©-0- ° o policy using PPO. k

Reward Model (RM)

N

Increasing lightweight technology working at smaller devices
for industrial requirements with multimodal data types

Supervised Fine tuned model (SFT) Proximal Policy Optimizer (PPO)
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CODEFUSION: A Pre-trained Diffusion Model for Code Generation '_!_ () e == _;E—> &
s
ooty | 0.1 )3 ()
Mukul Singh José Cambronero Carina Negreanu Gust Verbruggen | oo --—m-—-m-mmmmmoon :
Microsoft Sumit Gulwani Microsoft Research Microsoft ' _-__ _!_ ! _______ !
Delhi, India Vu Le Cambridge, UK Keerbergen, Belgium | oo
N S AND(TextEquals(®Library™, “ves®),
Microsoft “You have a list of final year student. Highlight X g TextEquals(®Sports®, “vesm),
Rcdmond, US the students who got clear from all departments™ [ Gaussian Noise (xf) ] TextEquals(“Lab®, “Yes™))
Figure 1: Architecture diagram for CODEFUSION showing the Encoder (E), Denoiser (N) and the Decoder (D) units.
Abstract

Imagine a developer who can only change their
last line of code—how often would they have
to start writing a function from scratch before
it is correct? Auto-regressive models for code
generation from natural language have a similar
limitation: they do not easily allow reconsid-
ering earlier tokens generated. We introduce
CODEFUSION, a pre-trained diffusion code gen-
eration model that addresses this limitation by
iteratively denoising a complete program con-
ditioned on the encoded natural language. We
evaluate CODEFUSION on the task of natural
language to code generation for Bash, Python,
and Microsoft Excel conditional formatting
(CF) rules. Experiments show that CODEFU-
SION (75M parameters) performs on par with
state-of-the-art auto-regressive systems (350M-
175B parameters) in top-1 accuracy and outper-
forms them in top-3 and top-5 accuracy, due to
its better balance in diversity versus quality.

Table 1: Comparison of CODEFUSION with baselines on the task of NL to code generation for Python, Bash and CF
rules. We report top-1, top-3 and top-5 predictions. Model denotes the underlying base model’s checkpoint name.

#P denotes the number of model parameters. We note the metric used for each language in parentheses.

System description Python (CodeBERT) Bash (template) CF Rule (execution)
System Model #P top-1 top-3 top-5 top-1 top-3 top-5 top-1 top-3 top-5
T5 t5-large 770M 80.4 823 84.8 67.1 68.9 70.3 7511 73.4 74.6
CodeT5 codet5-large 770M  80.5  83.1 850 676 693 705 727 753 7538
GPT-3 text-davinci-003  175B 82,5 837 858 669 677 684 703 724 728
ChatGPT gpt-3.5-turbo 20B 806 825 839  66.1 669 67.8 708 73.1 74.5
StarCoder starcoder 155B 792 820 84.1 645 653 665 706 728 745
CodeT5+ codet5p-16b 16B  79.6  82.1 845 657  66.1 672 705 729 743
CodeGen codegen-350m 350M  80.1 818 837 672 692 703 714 737 750
Diffusion-LM  Custom 50M 704 743 765 594 616 620 624 655 682
GENIE Custom 9M 732 771 803 600 615 623 629 668  68.7
CODEFUSION  Custom 75M 80.7 863 903 667 702 720 728 767 785

* Parameter = synapse = weight among neuron

13
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in Al system @
f . " n Automotive
Learning Pipeline Al Models ;;q
----» Collect Labels ---- . , £ ﬁd d
i / Experimentation — mbedde Data Center
| ’ OO O
! Generate v . .
Aty ! i Learning Validate & ! Inf Inference S
Historical —f—— —» Publish Model ] 5 nierence ystem
b e ) Models Select Models Input —— M , l\iL B IYIM — Model — Mo_del_ operations
ata ( Data preprocessing Convert Optimization
Offline \. J
------------------------------------------------------------------------------------------------------------- — Ffameworks
Online T
4 N
' Al Inference Hardware
Application Inference . . .
Live Data | Models Load Model
T .5‘ le level |
Inference Pipeline R -
\ y Multiple level
Figure 6 — Example of Al inference framework of an Al system
- [ o A L=
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(source: Al Inference Framework for Al Systems, SC 42 )
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ISO/NEC 23894:2023) Z7F | Artificial Intelligence — Guidance on risk management ISO/IEC 23894:2023| &7t | Artificial Intelligence — Guidance on risk management

SOMECTR | wiy - o . y . SONECTR | wioy o N . g .

240272021 =7 Artificial Intelligence — Bias in Al systems and Al aided decision making 540272021 = 7! Artificial Intelligence — Bias in Al systems and Al aided decision making

ISO/IEC TR a7} Artificial Intelligence (Al) — Overview of trustworthiness in Artificial ISO/IEC TR B} Artificial Intelligence (Al) - Overview of trustworthiness in Artificial

24028:2020 =2 | Intelligence 24028:2020 =5 | Intelligence

ISO/IEC TR e Artificial Intelligence (Al) — Assessment of the robustness of neural ISO/IEC TR e Artificial Intelligence (Al) — Assessment of the robustness of neural

24029-1:2021 = networks - Part 1: Overview 24029-1:2021 == networks - Part 1: QOverview

ISO/IEC FDIS 50.20 Artificial Intelligence (Al) — Assessment of the robustness of neural ISO/IEC FDIS 50.00 Artificial Intelligence (Al) — Assessment of the robustness of neural
24029-2 ' networks - Part 2: Methodology for the use of formal methods 24029-2 ' networks - Part 2: Methodology for the use of formal methods

ISO/IEC PRF TR H1o} e . _ . . . ISO/IEC PRF TR 17} e . B . . .

543682002 =1 Artificial Intelligence (Al) — Overview of ethical and societal concerns 543682022 =1 Artificial Intelligence (Al) — Overview of ethical and societal concerns
ISO/IE;?{?,}]WJ, 15 20.00 | Artificial intelligence — Quality evaluation guidelines for Al systems lSOflESCAﬁWJ' 15 20.00 | Artificial intelligence — Quality evaluation guidelines for Al systems
ISOAIEC WD TS Artificial intelligence — Controllability of automated artificial intelligence ISO/IEC WD TS Artificial intelligence — Controllability of automated artificial intelligence

20.60 20.60
8200 systems 8200 systems
ISO/IEC 25059 60.00 Soﬁware engineering — Systems and software Quality Requirements and ISO/IEC 25059 60.00 Software engineering — Systems and software Quality Requirements and

15
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