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Research Groups
In today's rapldly evolving technologlical landscape, Gene’t‘i‘C’data
numerous research groups are at the forefront of p'rocessilllg

Innovation, each focusing on transformative areas
that have the potentlal to reshape Industries and
enhance our dally lives. Among these, the Internet
of Things (loT) research group Is dedicated to
exploring the Interconnectedness of devices and
sensors, striving to create smart environments that
foster efficlency and convenlence. Meanwhile, our
Artificlal Intelligence (Al) team Is delving Into
advanced algorithms and machine learning
techniques to develop systems that can learn,
adapt, and make Informed declslons, pushing the
boundaries of automation and Intelligence.

Additionally, the Blg Data research group Is
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Telegram Channel: Private Telegram Group:

For class student

Telegram group:
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YouTube Channel:
https://www.youtube.com/chan

nel/UCa8ZFUxp37Vy-
KEbx7SbbHQ

Telegram Channel:
https://t.me/Al Nuroscience Gen
omic Data
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GPU ,o absl> o aldis « S81,5 gladonsijls g (g loxo b G:La.u]—
Fahrenheit, Kelvin Turing, Hopper, Blackwell, Blackwell Ultra JsL: Nvidia LS GPU sla (s loxs azso b b oles]
CB202 Chipset s.sl,5 oz sl Sob b olis]

GPC, Memory Controller, Cache, AMP & Giga Thread Engine, NVENC / NVDEC, Optical Flow slas>lg b olesl]
Engine, PCI Express 5.0 Host Interface.

Mixed FP32/INT32 module Jgilo o),

Ray tracing core, Cude core, Tensor core _sils, o atws sl <obld § 5 lons b olis]

Warp Schedulers & Dispatch Units sls o>lg b oles

Texture Units: perform texture fetches and filtering o>15 L o Les!

Load/Store Units (LD/ST): handle memory access (global/local memory 10-reads/writes) iz L ool
Register File: private storage per thread _zsu L bl

e e ooly g Shared Memory / L1 Cache: memory accessible by all threads in the SM. « . sls abisl> L olesl
ls abadl> ol oS o g 65!

Al Management Processor (Al kernels, Multi-GPU Scaling, tensor parallelism, _csias jiga (3l oxly b olesl]
LLM GsloJos s5le ooly o kil 5l eslaxul 09w 4 Training massive models (LLMs), data parallelism)
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GPU Driver 9 CUDA S yboxo b @LU.J &

User-Space Driver of GPU (Resource & State Management (Logical View), st bl o

Build Command Buffers, Interface with Kernel Driver, API Front-End, State Manager,
Compiler Stack, Resource Manager, Command Buffer Builder, Caching & Pipeline
Database)

Kernel-Space Driver of GPU (Context Manager, Memory Manager, Command s L oltil ¢

Processor Interface, Scheduler / Dispatcher, Synchronization Manager, Interrupt Handler,
Power & Thermal Control, Virtualization Layer)



(o0 YY) NVidia 3T Juwsd s GPU (5 oo 9 (53190 o4 310 99 s (Jgf s
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Large Language Modeling L. L ol ©
ol olew ol il gTokenization L Ll ©
T5 BERT GPTal slaJoo b oLl &
s LLM ,sReasoning L Ll ¢
caabd sae g Hallucination glgl b olsl ¢
(Naive RAG, Advanced RAG, Modular RAG silea) > 5 Siils 4 Jlasl RAG sl gleil b Slal ©

Benchmark ., 4 Jb;,l ©
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Gao, Yunfan, et al. "Retrieval-augmented generation for large language models: A ¢
survey." arXiv preprint arXiv:2312.10997 2.1 (2023).

Hoffmann, Jordan, et al. "Training compute-optimal large language models." arXiv ¢
preprint arXiv:2203.15556 (2022).

Wei, Jason, et al. "Emergent abilities of large language models." arXiv preprint <
arXiv:2206.07682 (2022).

Ji, Ziwei, et al. "Survey of hallucination in natural language generation." ACM computing ¢
surveys 55.12 (2023): 1-38.

CMU - 11-667: Large Language Models _aKuils 5 sla aodl &
Stanford — CS324 / CME 295 _aKuils 8 sl audl &
Princeton — COS 597G _aKuils w5 sl audl &
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1- Sarumi, Oluwafemi A., and Dominik Heider. "Large language models and their ¢
applications in bioinformatics." Computational and Structural Biotechnology
Journal 23 (2024): 3498-3505.

2- Van, Minh—Hao, Prateek Verma, and Xintao Wu. "On large visual language models ¢
for medical imaging analysis: An empirical study." 2024 IEEE/ACM Conference on
Connected Health: Applications, Systems and Engineering Technologies (CHASE).
IEEE, 2024.

3- Kao, Jyun-Ping, and Huan-Tang Kao. "Large Language Models in radiology: A ¢
technical and clinical perspective." European Journal of Radiology Artificial
Intelligence (2025): 100021.
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NVIDIA GH200

Built for the new era
of Al supercomputing

CPU to GPU Bandwidth Memory Bandwidth

900 GB/s 4.9TB/s

NVLink-C2C HBM3e per GPU

Energy Efficiency QFT Quantum Simulation RAG LLM Inference

1.9X 90X 100X

Performance vs H100 Performance vs dual x86 CPU Performance vs dual x86 CPU

624 GB High-Speed Memory | 4.9 TB/s | 4 PF Al Perf | 72 Arm Cores




: /|
)/Aq'i e sty



S35 wdlgd> S w3 )0 & S O yleo

039 sl e 6 S0k 5 PYthon b s il

039 Lol > 5550k s CUDA (3l (ungi 4ol p ity b 5

LLM o552 jo (s8ls 055 wiz plox

CPU (sl GPU jl i oolital 5 (55190 4 55 (sla p,651 Joos 5 (5530 ;S5 Ca g
e S5 Jo sl e GPU sl j5laie o cilisee sla GPU (g )lans b L]

S 8y 00ls el SO 55, 2 8

sor b Gk I Nvidia 21 s sl GPU L IS 0520

o590 Ll (> S0k o LINUX s o )18

LLM 059> duo> OYlEe b L;{L:a;"f\

S © @& O O OO NECEEEY



»J/d'/
o&' ')J)/JU/AM/‘ d‘ )

(dtfﬁv///”



(S5 a0 v 9D o il Aw




Y /”\‘\:\\

\ = " — < . - - ,\'. = 5 . NN, \-\\\‘ . » . \\ .
= ! 3 S b R, 7\ NS AN, Tht
— e — s as : i —— '3 ‘\}\\ — - _~ b AN -
== — ) R T e N P e
—— A o B= WA e oA AN AR
. - 5t F — —— R L Y . O . ) .
— .. S > 1 . U -— — : . — _— o
. - DRSS ~ - a3 e ——C ws - - e .
—— — SN . BRTES p =SS NS e -
> — .~ — 13 i L T e > b : . ) . y
"y [ — 5y e ,‘&.», 3 . —-— &= > ~
- - o A B - SO e . . ~ o
. . - X See S Al = T = > ’ =~
' - ‘ . . ' Tt J g W / ‘\
. o phr . L - ¥
- ' .
. LIRS -~

SRR T | T

. . B ————— W— e T L e —

Rem—

B[] e
" e; . v L A i e

V) etees ik Lo,

e L ][ S S

e T — T
\“‘“ S 4




m\
ket

4.8 TB/s Bi-Directional Bandwidth

600 GB/s GPU-to-GPU Bandwidth




u»(j‘/.“//? ﬂ



Time to Reach 100M Users

Months to get to 100 million global Monthly Active Users
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Google Translate Uber Telegram Spotify Pinterest Instagram TikTok ChatGPT

Source: UBS / Yahoo Finance W @EconomyApp & APP ECONOMY INSIGHTS
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{ Data Center Infra
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Schneider
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Manufacturing
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Data Center Value Chain

Semiconductor Value Chain

Data Center

Cloud Providers

Compute
£y aws

on o

NVIDIA CoreWeave Alibaba Cloud

/A

Azure

3

Semicap
Ain s TEL

ASML @) AREHR

Storage

* amazon
S3 Microsoft Azure
[0}

Compute
CPU GPU ASIC
ad Wt aws
@ nNvIiDIA i@ m
NVIDIA ~~ [}
AMDIU 70 . AMD “ =
Networkin intel)
—» ___ nviDia g @
|ﬂ| MARVELL @ BROADCOM ARISTA U1
‘\/ VAST Storage _
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Foundation
Energy || Cooling|| OEMs || Operators
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E\JE:E'E}Z "“=== M—L| ‘ § 'E DIGITAL REALTY

e Google Cloud Storage

@EricFlaningam

On-Prem
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*Not an exhaustive list of companies/segments. Companies may fall into multiple segments. Several inference-focused chips can be used for training




Semiconductor
Companies

Ranked by nyipia
Market Cap

Nvidia’s market cap of © BROADCOM

1.2T is 2.5x TSMC’s _
912718 2.:5¢ ASML

For reference, TEL's market cap AM D :l

is $70B. intel

_ Qualcomm
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Rank

10

Name

NVIDIA

NVYDA

@€ e

Alphabet (Google)

>

Q)

Bl Microsoft
-. MSET

Amazon

v AMIN

& TSMC
sini

TSM

(N ,'fffta Platforms (Facebook)

n Saudi Aramco

&% Broadcom

vGcOo

T Tesla

Market Cap

$4621 7T

$3.888T

$3.800T

$2952 T

$2.255T

$1921 T

$1.658T

$1657T

$1577 7

$1545T

Price

$189.82

$264.58

§314.90

$397.23

$210.11

$370.54

$655.66

$6.85

$332.65

$411.82

Today

- 1.02%

- 1.54%

~ 3.74%

«~0.31%

-~ 2.56%

-~ 2.82%

~ 1.69%

- 0.39%

- 0.40%

-~ 0.03%

Price (30 days)

-\//\/’V
T N
~N,

Country

== USA

= USA

= USA

= USA

== USA

M Taiwan

== USA

B S. Arabia

= USA

== USA
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Desktop GPU Market Share
by Revenue

100

80.2%

T}
~

50

AMD1
17.4%
te

25

Source: Jon Peddle Research



Data Center Market Share

3 largest chip providers ,
o0 NVIDI
- 72.8%
() S
64.3% 66.0%
59.4% 60.0% 4/¢4
60% e 54.7% S
/
47.0% " ok
o 7o, 464%  46.1%/
40% I
33.6% _— )
29.5% 29.29% e e 38.0% 39.0% i’n tel )
26 770{_ L ————g =
19.1%
20% 15.0% 16.3% 17.1% 14.0%
1% 1o7% e _— AMDII
9.0% ' : 8.3% ¢
= . 8.0%
0%

Q2 '21 Q3 '21 Q4 '21 Q1 '22 Q2 '22 Q3 '22 Q4 '22 Q1 '23 Q2 '23 Q3 '23
@EricFlaningam Source: 10Qs, *Nvidia includes networking



Hyperscaler Quarterly Capex
| MSFT GOOGL | | META |  AM2N a

$20B

$15B

$10B

Generative Value @EricFlaningam e Fe licis
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Nvidia surpasses $35B in
quarterly revenue, up 5xin

The Rise of Nvidia

just 6 quarters.
NVIDIA.
/A Mellanox
Nvidia acquires Mellanox, ChaiGET
. g - the leader in InfiniBand DGX
] et ) :
Nvidia’s Quarterly Revenue (since Yo . L T networing o relased gy
IPO) ";If’.ﬁ-fj:){ =
| o e e" ®
AlexNext won the ImageNet m
Visual Recognition Challenge, Ampere

Nvidia releases Tesla, theirfirst using CUDA and Nvidia GPUs. OpenAl  architecture Hopper

HPC-focused GPU 9 founded.  released. architecture

architecture. =~ released,

pl
Lo ; s architecture is g chip o
Nvidia's RIVA 128 is Nvidia’s first GPU, the <SINVIDIA. = architecture announced
released, its first GeForce 256, is released. CUDA released. released. and DGX
commercially successful L ' Pascal . e
chip. s CUDAIs e, i released.
released, > * Volta
Proarammable  Ntroducing The Fermi Maxwell architecture
Nvidia's first chip, the Sc;% e GPU archlectim e architecture released. F
NV1,isreleased. | NvidialPOsata : computing. ISceeee
. released with released.
$600M valuation. GeForce 3. o,
Nvidia is g i - (J
Founded w ( H { —w

1993 1997 2001 2005 2009 2013 2017 2021 2024

Passed $1B in annual revenue

Passed $10B in annual revenue




CPU GPU

(latency-oriented design) (throughput-oriented design)
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Streaming Multiprocessor (SM)

Register File (16,384 x 32-bit)

CUDA
CORES

LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST LD/IST = SFU

[ Dispatch Unit (32 th
Register File (16,384 x 32-bit)

CUDA
CORES

LD/ST LD/ST LD/ST LD/ST LD/ST LDIST LD/ST LD/IST  SFU

Register File (16,384 x 32-bit)

CUDA
CORES

LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST SFU

Register File (16,384 x 32-bit)

CUDA
CORES

LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST LDIST  SFU

Tex Tex

Tex Tex




WHY GPUs ARE FAST

(BUT IDLE)
4R

@  CPU-BOUND
#°  PREPROCESSING

:
: .
bt

INEFFICIENT
DATA LOADERS .-

|

GPU UTILIZATION: 50%

OWN THE ENTIRE PIPELINE,
NOT JUST THE MODEL.

HIGH-PERFORMANCE

Al PIPELINE

ASYNCHRONOUS

STABLE TENSOR
SHAPES



NVIDIAS Evolution: From Graphics 1o Al Leadership

Intraduction al Lawich ol Ads Imtradustion al
CLOE programming Lavelane Blackwell
Ik TR I ArcnmnEClinre

20086 2022
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Nvidia H100 SXM5 AMD Radeon Instinct MI300X
132 SMs 304 Compute Units (CUSs)

50 MB 126 MB

Die Arrangement Monolithic 8x Compute Dies
4x Base Dies

288 GB HBM3E 80 GB HBM3 192 GB HBM3
8 TB/s 3.3 TB/s 5.3 TB/s

Process TSMC 4NP TSMC 4N TSMC 5nm (Compute Dies)
TSMC 6nm (Base Dies)




Supported CUDA Core Precisions Supported Tensor Core Precisions
FP8 FP16 FP32 FP64 INT1 INT4 |INT8 TF32 BF16 FP8 FP16 FP32 FP64 INT1 INT4 INT8 TF32 BF16
NVIDIATeslaP4 No No Yes Yes No No Yes No No No No No No No No No No No
NVIDIA P100 No Yes Yes No No No No No No No No No No No No No No

NVIDIA Volta No Yes Yes No No No No No No No No No No No No

NVIDIA Turing No Yes Yes No No No No No No No No No

NVIDIA A100 No Yes Yes No No No No No
NVIDIA H100 No Yes Yes No No No No
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Volta Ampere Blackwell

>21 billion transistors >54 billion transistors >80 billion transistors >208 billion transistors
815mmA*2 826 mm~”2 814 mm”2 >1600 mmA2
TSMC 12nm FFN TSMC N7 TSMC 4N TSMC 4NP




Hopper Platform Blackwell Platform Rubin Platform

Vi I
~ 4
I ,
1
GPU 'm: t
: Blackwell Ultra GPU
et 8S HBM3e 12H
CPU
-
‘_
— |
NVLINK I'Z"I
&
F7
NIC
SWITCH 'Efl A .
= L
[
Quantum-X400
Uttra X800
KRR Ethernet Switch 512-Radix
\_
\
_ J
2022 2023 2024 2025 2026 2027

BRPORR - —F8ZE - MRS - —EZRE
DATACENTER SCALE « ONE-YEAR RHYTHM « TECHNOLOGY LIMITS « ONE ARCHITECTURE
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Pascal Turing Tensor Core Ada Tensor Core Blackwell Tensor Core
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Figure Blackwell 5th Generation Tensor Cores with FP4, double throughput of
FP8



FP64, TF32, bfloat1é

FP16, INTB, INT4

FP3Z, P16,

NTEB




Feabure

el L

ey Freoskan

Traniimme™ A rddsiarioa

FAan 5% Caunld

L Cores (FR130

kMemory

Ih'-'ll II'III' 1. FII'I III: il

]

MDA 500 | Armiperas

= m

|} ]
III L L
=

n
II | . R

im
II

RO I, B 100 5oz pear
2 TPE
-'-.'
| -
I. 1

Rt 10A Edackwell]

I TP



RTX 40 Series RTX 30 Series RTX 20 Series
NVIDIA Architecture Architecture Name Ada Lovelace Ampere Turing
Streaming 2x FP32 2x FP32 1x FP32
Multiprocessors
Ray Tracing Cores Gen 3 Gen 2 Gen 1
Tensor Cores (Al) Gen 4 Gen3 Gen?2
NVIDIA DLSS 3 el 2



.
LN .

Pascal
19 TFLOPS

1000X Al Compute in 8 Years -

Volta 620 TFLOPS
130TFLOPS  BF16/FP16

Blackwell

20,000 TFLOPS
FP4

2020

2024

1

W
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Streaming Multiprocessor (SM)

(32 thr ]
Register File (16,384 x 32-bit)

CUDA
CORES

LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST LD/IST ~ SFU

Register File (16,384 x 32-bit)

CUDA
CORES

LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST ~ SFU

|‘

Dispatch Unit (32 thread/clk)
Register File (16,384 x 32-bit)

CUDA
CORES

LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST SFU

patch Unit (32 thread/clk) -

Register File (16,384 x 32-bit)

CUDA
CORES

LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST LD/ST  SFU

Tex Tex

Tex Tex

(7}
|=

Register File (16,384 x 32-bit)

LoisT LO/ST LO/IST LOIST SFU

Register File (16,384 x 32-bit)

LO/ST Lo/ST LO/ST LO/IST SFU

Register File (16,384 x 32-bit)

LDIST  LDIST  LDIST  LDIST SFU

Register File (16,384 x 32-bit)

LOIST  LO/IST  LoiST  LoisT  SFU

96KB L1 Data Cache / Shared Memory

RT CORE




NVIDIA RTX FULL-STACK INVENTIONS

15T GEN RTX 2N0 GEN RTX

DLss 2

DLSS 1

DXR

2D SGM
Optical Flow

Displaced
Micro-Meshes

' .:::‘Lif%
1

3R0 GEN RTX
DLSS 3
Real-Time Opacity
Path Tracing Micro-Maps
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The Evolution of Tensor Cores in NVIDIA

GPUs

TURING TENSOR CORES TURING TENSOR CORES TURING TENSOR CORES

PASCAL
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. Hopper Architecture

Fourth Generation

H100 FP8

A100 FP16




CUDA



cuSPARSE

B NCCL

GPUT -

cuDNN

TensorRT

CUDA NVIDIA

MEMCHECK i Visual Profiler
Nsight IDE CUDA-GDB
Debugger




models and Pytorch/TensorFlow
training loops

APi's provide CUDA Libraries
S EELECLVY  CUBLAS, cUDNN, NCCL, SHARP  Iessrees

Kernels for
tensor oper,

linear Algebra, CUDA Runtime

convolution..

Allocated GPU
Mem, schedules
Kernel
execution.

Kernel space




Application

\ 4

CUDA Libraries

4

CUDA Runtime

Y

CUDA Driver




Multithreaded QDA Progmam

Block0 Blockl Block2 Block2

Block4 BlockS Blocke Block7

|
!

GPU with 2 5Ms GPU with 45Ms

SM O SM1 SMO SM 1

BlockD Block1




o5 £
“/J‘}} U/ 3y
GPU



Nvidia B200

AMD Radeon BX 9070

Nvidia H100

AMD Radeon RX 6900XT

Nvidia A100 | 20.57
AMD Radeon Instinct MI300X |, 0c.72
I 35.86

AMD Radeon Instinet M1210

=
on

10

15

Local Memory Latency

20

Latency (ns)

25

30

35

40



Nvidia B200

AMD Radeon Instinct MI300X

AMD Radeon RX 6900XT

Nvidia H100

Nvidia A6000

Nvidia A100

First Level Cache Bandwidth

I 36927.11

I ©709.06

0 5000

10000

15000

20000
Bandwidth (GB/s)

25000

30000

35000

40000



AMD Instinct MI300X

Nvidia B200

Nvidia H100

AMD Radeon RX 6900XT

Nvidia A100

Nvidia A6000

Local Memory Bandwidth

I ©94383.96

I 37063.07

I 25458.61

I 22748.78

N 10313.77

I 11008.68

10000

20000

30000

40000
Bandwidth (GB/s)

50000

60000

70000

80000




Compute Gravitational Potential (FP64)

AMD Instinct M 1300 | 7 01.09
Nvidia B200 I 146.77
Nvidia H100 I  03.18
AMD Instinct MI210 I 04,52
Nvidia A100 I 56.32
Nvidia V100 I 13.19
AMD Radeon VIl N 34.15
Intel Max 1100 I 79.04
Nvidia P100 1IN 21.16
AMD Radeon RX 7900 XTX I 21.03
AMD Radeon RX 6900 XT NN 14.63
Nvidia GeForce RTX 4090 HE 9.20
Nvidia Tesla K80 I 5.71
AMD Radeon Pro V520 MW 4.05
Nvidia A10 W 3.28
AMD Radeon 780M (Z1 Extreme/Phoenix) B 2.65
AMDVega8 1 1.51
AMD Radeon RX 460 1 1.39
AMD Desktop Zen 4 iGPU (Raphael) 0.35
0 50 100 150 200 250 300

Thousands of Pixels/Sec




FluidX3D, FP32

Nvidia B200 | /11267
AMD Radeon Instinct MI300A (760wW) NG 2 1661
AMD Radeon Instinct MI300X I 20711
AMD Radeon Instinct MI300A (550w) I, 2 0567
Nvidia H100 (SXM5) I 11690
Nvidia H100 (PCle) NG 11125
Nvidia A100 I 5504
AMD Instinct MI210 IR 5133
Nvidia V100 I 1961
AMD Radeon RX 7900 XTX | 3665
Intel Max 1100 I 3486
Nvidia P100 I 3187
Nvidia A10 I 2963
AMD Radeon RX 6900 XT I 2028

Nvidia Tesla K80 Jl 917

0 5000 10000 15000 20000 25000 30000 35000 40000 45000
Million Lattice Updates/Sec (MLUPS)
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Oberon Rack

Blackwell Ultra NVL72

Second Half 2025

1.1 EF Dense FP4 Inference
0.36 EF FP8 Training
1.5X GB200 NVL72

New Attention Instructions
2X

20 TB HBM | 40 TB Fast Memory
1.5X

14.4 TB/s CX8
2X

€

Blackwell Ultra

OA\.2 coticle-Sized GPUS
1% Dense FP4 | 288GB HBM3e
\ L}

— — = =
nvioia



a Rubin NVL144

Half 2026

3.6 EF FP4 Inference
1.2 EF FP8 Training
3.3X GB300 NVL72

13 TB/s HBM4
75 TB Fast Memory

1.6X

260 TB/s NVLinké

2X

28.8 TB/s CX9

2X

g8 Custom Arm Cores
176 Threads
1.8 TB/s NVLink-C2C

Rubin

2 Reticle-Sized GPUs
S50PF FP4 | 288GB HBM4

<

nvioia



15 EF FP4 Inference
5 EF FP8 Training
14X GB300 NVL72

4.6 PB/s HBM4e
365 TB Fast Memory

8Xx

1.5 PBs NVLink7
12X

115.2 TB/s CX9
8Xx

gg Custom Arm Cores
176 Threads
1.8 TB/s NVLink-CZC

4 Reticle-Sized GPUs
100PF FP4 | 1TB HBM4e

<3

nviDia



NVIDIA Paves Road to Gigawatt Al Factories
One-Year Rhythm | Full-Stack | One Architecture | CUDA Everywhere

Blackwell Rubin
(

Feynman

<

nvioia



NVIDIA Al Infrastructure for Enterprise Computing
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1 PFLOPS — . 1 DGX GB300
d J sy .'
| L= DGX B200 15 EFLOPS
™ Sk RTX PRO
RTX PRO Station Enterprise Server A
\
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Announcing NVIDIA Dynamo
Distributed Inference Serving Library

.|
B aEEEEn | —

o —- [ I -
= )

\
\ &8 -
Disaggregated Inference ’ ' GPU Resource Allocation ‘ ‘ KV Cache Routing | l Communication Library (NIXL)
AVz Fireworks Al QMeta [ e 96 perplexdity o <\“ “SGL together.ai ST VAST
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TPS | MW

ell 40X HO opper
BIaCkW RT-LLM Continuous Optumlzatlon

D amo. d T

lm EP64PPZ0PP4 gatch 480, 529 nt
P64PP20W4 gatch 224,.5 ~ontext
900,000 — EP64PP20PP4 gatch 160, 489% context
EPS4PPA+PP4 gatch 224, 46% context
800,000 — EP64PP40PP4. Batch 160, 44% Context
700,000 EP640EP4 Batch 32, 4 Context,
~ et
P640EP4 gatch 16, ¢ ~ontext
600,000 EPG“‘EP4 Batch 8, ~ontext
P640€P4 Batch 4, 299
n-—" EPBA+EP4, Batch 2, 19%
[
400,000 1
' /
[ J
. Blackwell /
it Hopper ' FP4 /
I
FP8 : NVL72
200,000 NVL8 I Dynamo
I
I
I
I
I
I
0! :
’ 100
200 300 —
500
TPS for 1 User Smart Al

Conte xt

Ccon

text,

EPB4+EP4, Batch 1, 129 Con

TEP4+EP4, Batch 1,3%C

TEP8+ atch 1,

EP4.B

|

text,

ontext,

TEP16+EP4, Batch 1,

/

TEP32+EP4, Batch 1, 1% Context,
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CUDA-X FOR EVERY INDUSTRY
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Artificial intelligence (Al) Machine
§ learning (ML)

Large

Natural W Deep
language mocg:lelsg learning
process (DL)

ing (NLP) i
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%o

Input == Tokenize == Token Embeddings Human Feedback ----------- * Qutput Text
[Encode text inta (Pl wsands with sirmilar meaning :
Books numeric reg.) closs in vactor space) :
|
The Sun is Shining i oo
o Embaedding functions -0.66/0.34]-0.44]0.71]-0.58]
Wikimedia l {Pre-Trained Madel) i
¥
Research The Sun is Shining 1
Papers 3
g |-6189 | 0,18 | -84 | 0.20 | 9.07 | -0.53 | Pre-Trained This| is I
Internet Data Transformer
Model

Billions of Parameters

Encoding Decoding



Data
Cleaning

Data
Splitting

LLM
Models

Training

'| ’tc o }l
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Model
Checking

Model
Usability

Model
Enhancement
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Exceptional Large Language
Model Use Cases

Social Media Finance Cyber Law

Customer Experience E-Commerce and Marketing and Healthcare
and Support Retail Advertising

ai: SolulLab



Application of LLMs

Machine Sentiment
{éi Translatioy Analysis =®

=@
Text

Question
Generation _;——} Da__}] Answering
= 0=
el o=]
Content Summarization &
Creation Classification

)
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Global Large Language Model (LLM) Market

Size, by Deployment, 2023-2033 (USD Billion)

B On-Premises m Cloud
90
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70

82.]
61.4
60
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40 34.4
- 257
s 192
- ap 108 ‘
10 45 6.0 ' .
o mm m N —

2023 2024 2025 2026 2027 2028 2029 2030 2031 2032 2033

The Market will Grow 3 3.7% ;?z: l;::ezcaggtiendul\gg:ket $ 8 2.1 B 5“| m’g'[!(’gg..gg,_
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U.S Enterprise LLM Market Size (USD Million)

2,713.29

2,384.12
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Market Size (USD Million)




Enterprise LLM API

25%

0%

Change in Enterprise LLM API Market Share

50%

16%
12%
7%

ANTHROP\C

&) OpenAl

34%

24%

16%

12%

W Meta

Coding Market Share




Companies Choose

BEnierprises BShoriups

1100

T7%

5%

51%

B0%

28%

25 169

11%

11%

o — |

Do not use open-source Experimenting or low-usage Moderate usaqge

[1-10% of workloods) [11-50% of worklooas)

4%
[ |

High usaga

[B0%+ of workloads)



How large are they? BERT Large - 2018

345M

Transformer model Neural

network

o(wx + b) GPT2 - 2019

1.5B

GPT3 - 2020

175B

Turing Megatron NLG
2021

530B

Input layer Output layer

Hidden layers GPT4 - 2023

Function: weight * input plus bias 1 4T
- ( estimated)



1800

Rapid change In model size

NLP’s Moore’s Law: Every year model size increases by 10x

lion)

ms in Bil
. 'S and
o

S i
o o

\l
N
o

w
o))
o

Model Size (#Para

Google

Switch Transformg‘r

1.6T
@ &
NLP model size and computation are increasing exponentially %’;_'F%I
B Microsoft 1'208
T-NLG
1B .
© © INVIDIA .~
Google OpenAI Google OpenAl MegatronLM""
Transformer GPT  BERT GPT-2 838
0.05B 0. 118 0. 348 ................ 1.5B"

2021



Model Size in Tokens

PaLM Gato LLaMA
GPT3 Anthropic Goog'e ooeethd QN Meta
Assistant 14T
780 B 157
©OpenAI ANTHROP\C
S00B
XLNet 400 B
SAnvIDIA
3.38B

BERT GPT2

Megatron

Google G 0penat &SAnviDiA

3.78 9.5B 4358 e

2018 2019 2020 2021 2022 2023



B4 Mistral

%% Mistralic

. Phind-CodeLlama
s SQLCoder-7B

!' OpenAssistant-Codellama

@ Mistral-OpenOrca
D NexusRaven

S. stableLM
GPT-3.5-Turbo S. StableCode

!J OpenAssistant-StableLM

Claude

Claude-2

* StarCoder

A SQLCoder-15B

‘_ '.aﬂ’ WizardCoder-15B

@ Pythia

ZleutherAl

Pythia-ChatBase

!_. OpenAssistant-Pythia

m Lliama2

- OpenChat
- Nous-Hermes

TOGETHER

NSQL

Llama2-32K

WizardLM

0N

-,

CodelLlama

Vicuna

Redmond-Puffin

OpenAssistant-Llama2




Top 10 Large Language Models in 2025

G

GPT-4
Al21labs o é
Al21 Labs Google
Jurassic-2 Gemini 2.5
Pro

BL M

BLOOM Clauda 3.7

?Q.

PalM 2 {
(Google) D ‘ B Mistral

PN
alcon

(Meta)

Command
R+ (Cohere)




De<tra

Top 15 LLM to boost
your performance, capabilities and innovation
r-3.5: OpenA Claude v1: Anthropic

\)L Li
Cal wwf\I

www.dextralabs.com

eming Falcon LLM [ PR 'H | J A ) viesA
( Pl S — o — railll ' JAL) saici
)agie veepwviing
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LLM Market Share

LLM Global US India Germany France Taiwan Hong Kong Russia
ChatGPT 78% 78% 80% 81% 87% 79% 49% 57%
DeepSeek 8% 4% 5% 6% 2% 2% 24% 25%
Gemini 6% 7% 6% 5% 5% 9% 4% 2%
Grok 2% 2% 4% 1% 0% 3% 6% 3%
Perplexity 2% 3% 2% 3% 2% 2% 11% 5%
Claude 2% 3% 2% 1% 1% 4% 1% 0%
Copilot 1% 2% 1% 2% 2% 1% 4% 0%
Qwen 0% 0% 0% 0% 0% 0% 0% 5%
Mistral 0% 0% 0% 0% 1% 0% 0% 2%

Hey & Go 0% 0% 0% 1% 0% 0% 0% 0%
Sessions (v 1obile), SimilarWeb, without apps, without APIs, Jan-Apr 2025, Malte Landweht



LLMs: NEXT PUBLIC RELEASES IN 2026

Jan-Mar Apr-Jun Jul-Sep Oct-Dec
Meta Al Meta Al
;  Gros

Anthropic Anthropic

Claude 5 Claude 5.5
OpenAl OpenAl
Google DeepMind Google DeepMind Google DeepMind
Microsoft Baidu

MAI-2 ERNIE 6
imates only, selected highlights only. Full models table at: https://lifearchitect.ai/models-table/ Alan D. Thompson. December 2025. https://lifearchitect.ai/

& LifeArchitect.ai/timeline

Grok-5 (6T)




Model Training Chip T°Ps Chip Wall Total Retail MMLU

(max)

end type count clock time (US$)
(days) (years)

GPT-3175B Apr/2020 V100 130 10,000 15 days 405y $9M 439
Llama165B Jan/2023 A100 312 2,048 21days M8y $4M 634
Llama 270B Jun/2023 A100 312 2,048 35 days 196y $7M 68.0
Titan 200B  Apr/2023 A100 312 13,760 48days 1,319y $45M 70.4
GPT-41.7T Aug/2022 A100 312 25,000 95days 6,507y $224M 86.4
Gemini Nov/2023 TPUv4 275 57,000 100 days 15,616y $440M 90.0
Llama 3 405B Apr/2024 H100 989 24,576 50days 3,366y $125M 85+
GPT-5 Apr/2024 H100 989 50,000 120 days 16,438y $612M

Grok 2 Jun/2024 H100 989 20,000 50days 6,571y $245M
Olympus Aug/2024 H100 989

Gemini 2 Nov/2024 TPUv6 1,847

Grok 3 Dec/2024 H100 989 100,000 50 days 32,855y $1.2B

Table. Model training compute (see working, with sources®).



The GPT-4x and o Model Family: Varied Intelligence Scores 2024-2025

OpenAl's GPT-4x and o models on GPQA scores - LifeArchitect.ai

o reasoning models 90

(high intelligence)

g (tools)

81.3

Frontier

73.3
GPT-4.5

69.5
GPT-4.1 Mini
66.3

60

% GPT-40 models
(default ChatGPT,
low intelligence)

46

49.9

gpt-4o gpt-4o gpt-40  gpt-4.5-preview gpt-4.1 o1-mini o03-mini-high o4-mini-high o1-preview ol 03-high GPT-5 (tools) o4
2024-05-13 2024-08-06 2024-11-20 2025-02-27 2025-04-14 (estimate)

Source: LifeArchitect.ai/GPT-5 based on official eval data from GitHub.com/openai/simple-evals
LifeArchitect.ai + Get the data Datawrapper




GPT MODALITIES (2024)

GPT-3 ronaceT, GPT-4 GPT-40 GPT-5

NExT-GPT, 4M-21...

Text Text

Text Depth

- Vision Vision
Vision

Audio Audio

Audio IMU

\ More...

Inertial measurement unit:
accelerometer, gyroscope,
magnetometer or compass...

& LifeArchitect.ai/GPT-5




FRONTIER Al MODELS + HIGHLIGHTS

& /

{ Gemini Claude ‘ Grok
gemini.google N claude.ai grok.com

’ 4

| Avocado
meta.ai

C_D

LOADING...
L poe.com '
-} Google Gemma Meta Al Llama
Alibaba Qwen/QwQ OpenAl GPT-OSS
Mistral S Kimi
Microsoft phi DeepSeek R
+ hundreds more... + hundreds more...

tion Some images by Flaticon.com. Alan D. Thompson. 2021-2026.

Selected highlights only. Model highlights: https://lifearchitect.ai/models-table/ Total models: https://huggingface.co/models?pipeline tag=text-genera

¢ LifeArchitect.ai/models-table (700 model highlights of 300,000 total models)




LARGE LANGUAGE MODEL MARKET MAP
B VAP ACENgw LT L PR L o A LA S ST AR _ A

@OpenAI aAWS Llamalndex . DISTYL
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