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Foundation Models in Computer Vision
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ChatGPT, Gemini

Gemini ~ @

@ OpenAl

Hello, Hongjo.

() Gemini Apps Activity is off
Some things that require
Gemini Apps Activity are also
turned off, like pinned & recent
chats and extensions. Turning
off Gemini Apps Activity
doesn’t delete past data.

ChatGPT@® Overview T@hrmwcrm Enterpride (ISRt

ChatGPT >

Me As a social trend Recommend new Suggest the best Brainstorm team

| am hosting my friends for brunch on Sunday expert, explain a term types of water sports, parks to visit in a city bonding activities for
and they are asking what to bring. Could you including pros & cons with descriptions our work retreat

give me a list of suggestions? I'll be making a

frittata and mimosas.

ChatGPT

Certainly! Here's a list of brunch items your Q @ @ @

friends could bring:

. Fresh fruit salad or a fruit platter
Pastries or croissants

Bagels with cream cheese and smoked
salmon

Yogurt with granola and berries
Breakfast potatoes or hash browns
Sausages or bacon

Quiches or savory tarts

Pancakes or waffles with syrup

Coffee or tea

Freshly squeezed orange juice

@~

ChatGPT

Get instant answers, find creative

SO ®XNOGO N

1

Hel e
. . . . These options can complement your frittata e P
inspiration, learn something new. anc mimosas nicely and provid a varityof D Activiy
flavors for your brunch gathering. @
® Settings .

[ # Download on the ‘ ‘ GETITON 4. Upgrade to Gemini Advanced

@& App Store || I'® GooglePlay |

Try on web ~

©

0
® South Korea, Gyeonggi-do, Goyang- Enter a prompt here L

si, Deogyang-gu, 255

Smart Infrastructure Lab, Yonsei University




ChatGPT?

O + ChatGPT= OpenAlo]| oJaH 7Het =l

" DALLE GPT-4

r— i Vimilioritv o|Z 2| 7|HtO| CHElE m e

— . Chzel HAE HlOJEIS Bt

. . AT QABH Ao R HAES
MBI ChefE 4 QIS A7
» ALEAC| ZE0|Lt BHY| Cho
AHAR 2 A0 2 SEOHH, CHefet

1o g s poick e e eorton st _%_1-”0." E-|§ %;IE% 1‘”—'33"1, %;é;l
Y et SR e Ags sdol=0l ==
; Ti.fjim;"n‘??fﬁi?m S 9(2

Smart Infrastructure Lab, Yonsei University https://chat.openai.com/



GPT-4 (2023.3)

e 25 RE(O|0]X] &l

El/\E

= A|O‘|Oﬂ ‘6F7:|‘<'50:|
SAITEE A9 10%9 B4 =S
S A A BOIA GPT-3.5=

L
5t9] 1092| T2 85

—

GPT-4 Technical Report

OpenATl*

Abstract

We report the development of GPT-4, a large-scale, multimodal model which can
accept image and text inputs and produce text outputs. While less capable than
humans in many real-world scenarios, GPT-4 exhibits human-level performance
on various professional and academic benchmarks, including passing a simulated
bar exam with a score around the top 10% of test takers. GPT-4 is a Transformer-
based model pre-trained to predict the next token in a document. The post-training
alignment process results in improved performance on measures of factuality and
adherence to desired behavior. A core component of this project was developing
infrastructure and optimization methods that behave predictably across a wide
range of scales. This allowed us to accurately predict some aspects of GPT-4’s
performance based on models trained with no more than 1/1,000th the compute of
GPT-4.

https://cdn.openai.com/papers/gpt-4.pdf
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GPT-4(2023.3)’s performance in academic and professional exams

Exam results (ordered by GPT-3.5 performance) gpt-4 |

gpt-4 (no vision)
gpt35 W

Estimated percentile lower bound (among test takers)
100% —

80% —

60% —

40% —

20% —

Smart Infrastructure Lab, Yonsei University https://cdn.openai.com/papers/gpt-4.pdf



GPT-4(2023.3)'s reasoning capability

GPT-4 visual input example, Extreme Ironing:

User What is unusual about this image?

Source: https://www.barnorama.com/wp-content/uploads/2016/12/03-Confusing-Pictures. jpg

GPT-4 The unusual thing about this image is that a man is ironing clothes on an ironing
board attached to the roof of a moving taxi.

Smart Infrastructure Lab, Yonsei University https://cdn.openai.com/papers/gpt-4.pdf



GPT-4(2023.3)'s reasoning capability

GPT-4 visual input example, Chicken Nugget Map:

User Can you explain this meme?

Sometimes | just look at pictures of
the earth from space and | marvel at
how beautiful it all is.

GPT-4

This meme is a joke that combines two unrelated things: pictures of the earth from
space and chicken nuggets.

The text of the meme suggests that the image below is a beautiful picture of the
earth from space. However, the image is actually of chicken nuggets arranged to
vaguely resemble a map of the world.

The humor in this meme comes from the unexpected juxtaposition of the text and
the image. The text sets up an expectation of a majestic image of the earth, but the
image is actually something mundane and silly.

https://cdn.openai.com/papers/gpt-4.pdf

Smart Infrastructure Lab, Yonsei University



# of Parameters

=

i

Hod Lipson &
@hodlipson

@OpenAl’s #GPT3 has 175 billion synapses (like a hedgehog). Next

year’s #GPT4 is rumored to have about 1 trillion (like a squirrel). By 2030,

#GPT7 may have as many synapses as a human brain (~120 trillion) -- if

only we can figure out how to train it.
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Data: Wikipedia

Chart: @HodLipson
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Foundation Model (& 22

o= O OFo
° O| HE== Efolcoi Tasks
KO Q-H M2 A
L= 1o = T Question 9
Ol= EHT{O| A| & anverno ‘
ML OO 71 L—
= = Data : Sentiment
— ‘ %,’ '. . e/r\‘n':::;;s
— O | =
« 0|2 L1 E2 roe ||| & "
— A “‘t \ & - )
H|OJ & A101 A B ... I ' EE
NN - = ° -
Q!_EE DZ' ) Ef%toi Shesch AJW\; Training | Foundation D w Image /
Lo O—‘ yaR=N= 7 f [ Model @ Captioning g
1 = 1O = O " Structured
* . Data
H= Object N
3D Signals é G aRecogmtlon
Instruction

Following .. -

&
J

Smart Infrastructure Lab, Yonsei University https.//arxiv.org/abs/2108.07258



Al 7|=2] =91 8! 543t (emergence and homogenization)

N
Machine Learning g o %
Learning : Foundation Models

Emergence of... “how” features functionalities
Homogenization of... learning algorithms architectures  models

Smart Infrastructure Lab, Yonsei University https.//arxiv.org/abs/2108.07258



HE M 22 22 SAM (Segment Anything Model)

» Segment Anything 222 O[0|X] Lh A48 E Z2[ot= U] AME
o 118942 JHE[ O[D[X|2F 119 7HES| OrA =0 CHol Sf s
« MBIV HlSoles ZEEEES ArE0i0] = M| A3 Ay Vs

Smart Infrastructure Lab, Yonsei University https://segment-anything.com/



R 22 2= SAM (Segment Anything Model)

Universal segmentation model

iImage
encoder

i*

image

._>

image
embeddings

_©_,

down
sample

T

mask

mask decoder

T T 7

[ lightweight

valid masks

<. confidence
score

)

N confidence
L | score

. confidence

[ prompt encoder ]

Jr M
(x,v,fg/bg) T

(xi,vl),(x2y2)
|

box

points text

score
<

Smart Infrastructure Lab, Yonsei University

https://segment-anything.com/



Problem statement & Goal

Source domain
|

Source Target

AN

Data distribution

Original Image

® Distribution difference(color, background..) between the source domain and target domain
® Time-consuming process of preparation labeling data
® Detection challenges for small objects like personal protective equipment (strap, hook..)

Causes of Performance“Degradation in"Deep Learning Models

Improving the Performance of Deep Learning Models




Mask mAP@50
Targetl Baseline model Optimized model
Worker 49.9 86.2
Hardhat 61 99.2
Strap 0 46.8
Hook 0 56.6

Mask mAP@50
Target?2
Baseline model Optimized model
Worker 99.1 97.3
Hardhat 61 94.3
Strap 59.7 75.8

Hook 57.7 71.8




Findings

Reduce mask label data generation time Improving object performance
g Time 10,000 labeling
L g : D: m 50,000 Worker Worker
y Worker : 30 tO 90 Hook
| e seconds
per image
3t0 5 - | 5
» minutes Before After
: 250
per image ]

BBOX Mask Improving small object detection performance

If there are more images and classes?

If the BBOX labels are manually generated by a perts%rn, then the mask labels can be automatically
generated!




CLIP(Contrastive Language-Image Pre-Training) =&

. CLIP 22 0|0|X|9F E|AE 24M AH0|2] 2AIZ SH&3HE O A
. 0] DHS S XHQ{0f CHeh KT A FSISIX| 41T O|0|X|0f 7 2HEl A
Ol HAE 0%

- O] ZEE R2H ImageNetOf| A 1282712 2f|0[ 20| 22 C|NE AFESHA]
Or 1% ResNet-500 H|A, 1 0l 855 "Al=4"2= =fH

Smart Infrastructure Lab, Yonsei University https://arxiv.org/abs/2103.00020



CLIP(Contrastive Language-Image Pre-Training) =&

(1) Contrastive pre-training (2) Create dataset classifier from label text

-I . Ta\xt‘ PL | \‘
aussie pup o photo of Text

[ ' Encoder l l l i 0g o P . [ Encoder

, . . . )

T, T, T, Ty : -

Feppear the

» I I1’Ty | Iy T2 I-Ty I+ Ty Lo

7 (3) Use for zero-shot prediction v v v v

» Iy IyTy | 13Ty | 15Ty Iy Ty --___-_""----_____ T T4 Ty Ty
Image . . ; .

1 I3Ty | 13Ty | I3-T 14T

El'mdar 3 3 ! 372 = e i°H Il.Tl [].ITZ [1'T3 - Il'TN'

» Iy Ly Ty | Iy Ty | Iy Ty Iy Ty . A photo of

a 1

« BFO[0XIEZE=2D0XIEY E=72 B 277 SR 2 o0 PHE S 10l =oh=EIH-DMQ2 10| DA

RITEHLIEAERITHZS RIH 2SI O| D[ A= A ExI2 A 0N 2 IsHHE IS 0] =

Smart Infrastructure Lab, Yonsei University https://arxiv.org/abs/2103.00020



Construction site image

Safety-centric
Instruction Following Data

»{ GPT-4V(ision) > w
~___ 'L

Large Multimodal
Model for Context-
aware Construction
Safety Monitoring

Type of Instruction
hazardous scenario > prompting
LoRA
Fine-tuning
Location of /

hazardous scenario /

Safety-centric Image Caption with Safety Regulation

Image Caption: There are two workers on the scaffolding system, and
they are wearing personal protective equipment such as helmets.
However, it appears they are performing simultaneous up and down
operations on the scaffolding, which is a dangerous act that violates
construction site safety rules

Fine-tuned
Large Multi Modal

T Safety Rule:
RAG According to OSHA regulations, performing simultaneous
vertical work on scaffolding is considered a hazardous
situation that requires careful attention. It is essential to ensure that
proper safety measures and protocols are adhered to in order to
mitigate risks associated with such activities

Query External
[Z3 Database

Smart Infrastructure Lab, Yonsei University



Large Multimodal Model for Context-aware Construction Safety Monitoring
Multi-Task

Examples of Context-aware Construction safety Monitoring

Detailed-description (Image

Look at the image in detail
Answer for following 2 requirements

1. Provide the description of the image Ca pt lonin g)
2. Please respond with either 'Safe' or 'Unsafe' to

indicate whether the situation in the photo is » Detailed description including construction

dangerous or not

\ object

Proposed fine-tuned model :

1. A forklift is depicted in the image, carrying a stack of materials that appears to obstruct the e Context-aware in construction site
driver's forward visibility, posing a potential safety hazard. A worker is standing nearby, wearing a

safety vest and hard hat, indicating a commitment to safety protocols despite the unsafe material

loading practice.

2. Unsafe. The materials loaded on the forklift obstruct the driver's line of sight, creating a risk of

accidents due to reduced visibility.

— Complex Reasoning

1. The image shows an outdoor setting where a person in a high-visibility vest and hardhat is .

standing on a paved area, observing a forklift. The forklift is transporting a large stack of white « Com pIeX Reasoni ng for Safety
material which appears to be securely placed on its forks. Behind the scene is a fence and beyond

that, some dense greenery. The worker is standing a safe distance away from the forklift, which is assessment

currently stationary.

2. Safe, The situation seems to be under control, with safety measures being followed as the worker ° _ : H H
maintains a safe distance from the operational forklift. The area around the forklift is clear, without Context-aware in construction site
evident hazards, and the load being carried by the forklift appears to be stable and properly secured.

Smart Infrastructure Lab, Yonsei University



Large Multimodal Model for Context-aware Construction Safety Monitoring

Few shot: Detailed description

O|0|X] &0il= =A{7[7F Y0l BHX|=0] R, &g S0l
0] 22|10 27t 7|20{F ZAF HES I'_ptl-ol- o
_'_0“ X+ II“— I77|E Dgl-%p_f EII-OE )\|2

7\74|E O#O%EE A %’Oﬂ s XAlot= O I*:L#QE Yoot AsS &
7 UASHLEL ZA7]= 80 L2 % 22 S2Mel SHO| (X522 A
AN ZHYAI2| S et trefot Al AR g 2 H o OIAL| Ct “7\
A = Mo 0| HHX\EE} UHSIH RP= P T2 EZ0| 4510 Q= 7
= E%'—\Ef A7 2R tlo o ALO[Q] FHEfo S 7:'%;

e gds2 ?lef B SR

9
Rald
p'_l-
for
O
mio
s
7
o

Smart Infrastructure Lab, Yonsei University

o

X A
O = O
SU| QX[ =AY
1. AT Y0 X E0] QoM A SO 2 HIIZ2 &
H 22|10 27 71204 USL|Ct,
Moo
1. OFMOQF =0f & o= X2 ARSH0] Al S A0S of A
UL L|CE,
2. MopE ZAV|Q OHESE H2|E K X|SHH XA S| b X|
|0 UG
3. AMopE HOl ZAMTVIE SSIEE M IO 2 Y XIAH] &
2™Mo2 St QUSLCE.
HH A Bl =t
1. 27| LR o2 S2{Mel S50 XISt JUSL
Ct.
2. AN JPAXE|E el Chfot A X2 F i 2 SO
U LT,
Ot ZT2EE
L 247| 2 & tl=49] viX| 9 Esto] 2& obd &2
EZ0| =450 GsL|C
2. MV 2TXILF M4 AFO[Q Hetol EA H2TF RK|

§
E\Q—{ HA 9&50‘ OIS EIF&L“}.



Large Multimodal Model for Context-aware Construction Safety Monitoring

Few shot: Detailed description
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Large Multimodal Model for Context-aware Construction Safety Monitoring
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GPT-4V’s Output example of Complex reasoning task
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2.2 Cljzkd A2 BEX|S M| A T2 A A X2

------------------
o .,

{ Embedded

%, References ; ﬁi & .

l LangChain Chroma
+
Text Covert to N Chroma Cosine Prompt Template
: Tokenization . User’s question +
Extraction Chunks Vector store Similarity Chunks

T (" Provided Question
\_ References From user H &G cpr 3.5turbo]
« Embedded References: HEXH nIXH ZrAX|El Ol X2 AT AL

o
 Text extraction: reference=
C

« Convert to chunks: #|E 2Ch2 2XH Tk
 Tokenization: EZ&2} X|
« Chroma Vector store: chroma DBO|| EE AHE X%t

« Cosine similarity: E2 29| QAL Q14t
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Relevance

—o- A1 (Proposed Method)
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E28A/SAF EEAIZ M Chatbot
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- EMA/SAF EEAIZY A Chatbot

Road Surface Drainage RAG bot

B e ° E Xt e rn a | D a.t a

 EE2AA7|E B pdf

Temperature = 0.1

LLM = gpt-4-1106-preview(GPT 4 Turbo)

Text Embedding Model = Text-embedding-ada-002-v2
Top K =2

Chunk Size = 512
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arXiv:1803.09123v1 [stat. ML] 24 Mar 2018

Equation Embeddings

Kriste Krstovski ' David M. Blei'

Abstract

We present an unsupervised approach for dis-
covering semantic representations of mathemat-
ical equations. Equations are challenging to an-
alyze because each is unique, or nearly unique.
Our method, which we call eguation embeddings.
finds good representations of equations by using
the representations of their surrounding words.
We used equation embeddings to analyze four
collections of scientific articles from the arXiv,
covering four computer science domains (NLP,
IR, AL and ML) and ~98.5k equations. Quanti-
tatively, we found that equation embeddings pro-
vide better models when compared to existing
word embedding approaches. Qualitatively, we
found that equation embeddings provide coher-
ent semantic representations of equations and can
capture semantic similarity to other equations and
1o words.

L. Introduction

Equations are an important part of scientific articles, but
many existing machine learning methods do not easily han-
dle them. They are challenging to work with because cach
is unique or nearly unigue; most equations occur only once.
An automatic understanding of equations, however, would
significantly benefit methods for analyzing scientific liter-
ature. Useful representations of equations can help draw
connections between articles, improve retrieval of scientific
texts, and help create tools for exploring and navigating
scientific literature.

In this paper we propose equation embeddings (EqEmb),
an unsupervised approach for learing distributed represen-
tations of equations. The idea is to treat the equation as
a igleton word.” one that appears once but that appears
in the context of other words. The surrounding text of the
equation—and in particular, the distributed representations
of that text—provides the data we need 1o develop a useful

'Columbia University, New York, NY 10027. Correspondence
to: Kriste Krstovski < kriste krstovski @columbia_edu >, David M.
Blei <david.blei @columbia.edu>.

Copyright 2018 by the author(s).

representation of the equation.

Figure | illustrates our approach. On the left is an article
snippet (Li ct al,, 2015). Highlighted in orange is an equa-
tion; in this example it represents a neural network layer.
We note that this particular equation (in this form and with
this notation) only occurs once in the collection of articles
(from arXiv). The representations of the surrounding text,
however, provide a meaningful context for the equation.
Those words allow Us to learn its embedding, specifically
as a "word" which appears in the context of its surround-
ings. The resulting representation, when compared to other
equations’ and word helps
find both related equations and related words. These are
illustrated on the right.

EqEmbs build on exponential family embeddings (Rudolph
et al., 2016) to include equations as singleton observations
and to model equation elements such as variables, symbols
and operators. Exponential family embeddings, like all em-
bedding methods, define a context of each word. In our
initial EqEmb, the context for the words is a small window,
such as four or eight words, but the context of an equation
is a larger window, such as sixteen words. Using these
two types of contexts together finds meaningful represen-
tations of words and equations. In the next EqEmb, which
builds on the first, we consider equations to be sentences
consisting of equation units, i.c., variables, symbols, and
operators. Equation units help model equations across two
types of context—over the surrounding units and over the
surrounding words.

We studied EqEmbs on four collections of scientific articles
from the arXiv, covering four computer science domains:
natural language processing (NLP), information retrieval
(IR), antificial intelligence (Al) and machine learning (ML),
We found that EqEmbs provide more efficient modeling
than existing word embedding methods. We further carried
out an exploratory analysis of a large set of ~87k equations.
We found that EqEmbs provide better models when com-
pared to existing word embedding approaches. EqEmbs
also provide coherent semantic representations of equations
and can capture semantic similarity to other equations and
to words

Smart Infrastructure Lab, Yonsei University
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Fquation Embeddings(2018)

Tensor Network RNTN (Socher et al., 2013) he=f(e" - W-e+V-e)

enables richer compositions between early time [ e el 0 I

output e;_, and current word embedding ¢,. For 4 b

recurrent| version, let e = [h;_1, e;]. The |output Top Equations Top Words

gembedding are; isl—given by: 1. 4 = J(Wizxt + Wipri—1 + Wicer—1 + bi) 1. recurrent
hi = f(e" - W-e+V e (6) 2.ey=f(el - W-e+V-e) g :255:

'Similar| method| can be extended to |recursivel 3.¢ct=ft-ci—1+ i+ 1y 4. embedding

model. Let € = [ejef, erigh] [denote the concate- 4 RS = o -c 5. network

nation of the two children’s'vectors}. Parent repre- U

sentation e, is given by: 5. c1 = encode fized(n, m, start)

observed word word-equation context window

---------------------------------------------------------------------------

current word embedding|recurrent version output embedding given h; = f(e' - W - e+ V - e) similar method extended
recursive model denote concatenation vectors

-----------------------------------

word context window
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« Experiment

- arXivoll A fEEINLP, IR, Al, ML 20F =& 87k(LaTex format)
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« Results
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Cross-sectional design

O[ O] X]

e You ChatGPT

The image you've uploaded contains mathematical formulas related to the calculation
of the maximum resistance moment for reinforced concrete beams. Since you've
L\" Nl BRERE requested the extraction of these formulas, I'll transcribe them from the image:

EIE 22006 M, = LA0N 18 AR 6 2
OF SO A D2S(A, = S0Vne) g2

; For the balanced section calculation (M, ): r = = — L L

Jas0WPaR 82, ASRYR 013 U222 ) v
| T e ' ) wlbEi, ) Analysis X . o
— Lops=—F7r" "33 —
s | - quathHE
1) 2% AFENSDWE i, ) L WMPa, 0= 03, =04, ¢ v
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-
a =08, = 04,6, = 0.0033 9 prise. < q [ O:I A I
: -l
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==
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v )
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This results in:

"%M &M,,; = 1,050.5kN -m < M, = 1,400kN - m
RA Asl_balanced = rho_s_balanced * b * d

-
= < h et rho_s_balanced = (alpha * ( * fc_prime)) / (beta * f£y)
R <o) « (g T O et

c_balanced = (phi * ( * fc_prime * b)) / (fy / (

Source: ME#, ZEfH, (2021.) B2 23 2| E(KDS 14 20, KDS 41 30). 0| 2A}. 6-42.
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=4 HH 0|8 = 2FA using LaTeX

432 +E H4 2H
(W B4E SR
3.6x10°xQxa
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0i7|M,8: B4% 7+% (m)
. 2574 (0.9) LaTeX format
I:Z9%% (mm/h) \subsection®{4.3.2 T=+H F ZEH)
Q: =0Ho 58 £ (m?/sec)
(1) " ZAHH
W:EH+= (m)
58
a: 284 . .
\begin{equation*}
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n Calling function: vector_tool with args: {"input":"What is the formula for determining the
spacing between catch basins in road surface drainage?”}

T3 A0|2] A= Z2F0le =AM 2 e s U

I | S =\frac{3.6 \times 10*{&} \times QHI \times (C_{1} \times W_{1}+ C_{2} \times W_{2}}} ] I

G 7] M
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( FEZ(L/s) YL
o (1)EZRZ=(mm/hr)YLC
(C_{1})TH(C_2}) =L =2 BEO| 35 A $YLCL
(

W_{1})2t (W_{2} )= 4 =2 F(m) 2 LCL

Smart Infrastructure Lab, Yonsei University

g —

B 3.6 x10°x Q x a
CxIxW




A wrmw
L S A A

¢ SE MAIIE L EEAMUN HES J|WoR TR Bt HE XS5}
& ZAMAO| KA HEHO A I|E L AL LYSO| £BBH=X| 2O
& 4 HAo| BB DEAMMNE MY A O[S & U=E Bz

—

0%

o

24} 4E A58}

@ I 2ol CfEF oMM HE ( AI2SM HE )
- m2ol 3 otEH2 HEY LWedl Us AP, 2o S| i3 U wEsE
Sk I _‘?_ |

|4
|

1.4 ALY upss 2y Excel 1.4 DR viSE 2N

f
140 A Che HlEA e if = = = & i =
o Zo tislo HEE Woot glou Enists dFos MEs wHo=z qlzof ofst
0.000 m H1 0220 m 0000 _ _
0500 x B o 0s0 of HESt{0F St
0.000 n = = H3| 0.000 g
Ll Lz 0,000 m L1 L2 [m 0 0 ) B
) | o220 0.300 N - _
i 0.608 0 5 5 i o ) 0o [ I 2§ 125X otk == H22 SHYESH 1™ ]
3 o] T 2 B H| o400 o 1.250 &
‘ 0 = 5 =
E ® o | 0 Hael 5 | Haol ol o arx2eiwgl
E : E 20,0k 0,000 ¢
e sl - SD30 130 MPa
2.0 ke & 3 Bel= gasw | 2.0 Wi
225 K I 7 S=gsane gase| 25 i SD35 140 MPa
2.5 kn® ERTS
72,0 ke 72.0 Whin* 5D40
W EE 0140 a0
'
1.4.2 BB M [ =y | 4.2 w1 M .
o DTS > ] z . fe = M, 0 A x d x
) ot 4] =aszin | HEHEI) [2HEK ) HO. =izt ZEA2 () [ SME(ki-a)
1| 0000 x 5000 .00 1,158 0,000 1 0.000 1158 0.000 = 29577600 I 1324.0 0.9118 )
2 | % x 0000 x 0,000 x 25.000 .01 0.5 0,000 2 0000 0 o8, o_nor
3 | 0,500 x 0,000 = 25,000 .01 1,158 0,000 3 0.000 1158 = 136.1 MPa < 0.Kl
4 | % x 0000 x 0,000 x 25.000 .01 0.5 0,000 [ 0000 [
5 | 0,500 x 0,280 = 25,000 3.5 1,158 .05 5 500 1158
B | 1,408 x 0,220 % 25,000 7740 0T 5,440 5 774 PR
T | % x 1250 » 0,000 x 25.000 .01 0.5 0,000 7 0000 0574
B | 0,158 x 0,000 = 25,000 .01 .07 0,000 8 o000 o7
5 | 0,008 x 0,080 = 23,500 1,708 0,454 [ B 06 vy
10| 1.0 1,000 1,158 1,158 10| 1 oo 0 | 158 E
TOTAL 13,947 11.431 TOTAL 13 847 11431
4 —t
@ ZGHE (DB-24: Pr=95kN ) Pr N _T_'_l'E:| L _Q_O-I O E-I'O _I_ A-I 7:| 7
 BEIE REE (05 5.8 8.6.0.4 ) — o o — =

=0.8-X+1.14=0.8 X 0.808 + 1.14 = 163 m HIM, ® = 0.608 m £=0. +1.14=0.8 x 0808+ 1.14 = 1.63 g oM, X = 0 m 1 L

274 P X'I 1 o) k A I 2 =
P=15/ 40+l =15/ [s0+0802) = 007 > 0.30 i = 0.300 SIS a0+ L) <8 0+ 0608 ) = (.57 = 0.30 = 0.300 H L € — _I_
e




2=

- AMESUV|H (Retrieval Augmented Generation)2 &&0t
HUAH 22 =22 (Hallucination) 942 2V [Ho = 24

o« AMEIN 2 A 7|8 ChatBot i 7t=

e HE I 22 B

» EquationOf| Cier defot o 25 2= 7Y B

1 UE EM O LLMAE 2 A4 Arser 89R2 o8 s

SHO|
—1 L

Smart Infrastructure Lab, Yonsei University



JEEs
BT
CINIcHem 71 st 2oty

hongjo@yonsei.ac.kr
02-2123-2888
010-9658-1788
hongjo.github.io/

Smart Infrastructure Lab, Yonsei University



mailto:hongjo@yonsei.ac.kr

	슬라이드 1: 생성형 AI의 건설산업 활용
	슬라이드 2: 목차
	슬라이드 3: Foundation Models in Computer Vision
	슬라이드 4: ChatGPT, Gemini
	슬라이드 5: ChatGPT?
	슬라이드 6: GPT-4 (2023.3)
	슬라이드 7: GPT-4 (2023.3)’s performance in academic and professional exams
	슬라이드 8: GPT-4 (2023.3)’s reasoning capability
	슬라이드 9: GPT-4 (2023.3)’s reasoning capability
	슬라이드 10: # of Parameters
	슬라이드 11: 건설 산업에서 생성형 AI의 활용 전망
	슬라이드 12: Foundation Model (범용 모델)
	슬라이드 13: AI 기술의 출현 및 동질화 (emergence and homogenization)
	슬라이드 14: 범용 객체 분할 모델 SAM (Segment Anything Model)
	슬라이드 15: 범용 객체 분할 모델 SAM (Segment Anything Model)
	슬라이드 16: Problem statement & Goal
	슬라이드 17
	슬라이드 18: Findings
	슬라이드 19: CLIP(Contrastive Language-Image Pre-Training) 모델
	슬라이드 20: CLIP(Contrastive Language-Image Pre-Training) 모델
	슬라이드 21
	슬라이드 22
	슬라이드 23
	슬라이드 24
	슬라이드 25
	슬라이드 26: 결론
	슬라이드 27: 거대 언어모델 기반  대화형 건설안전 정보 제공 서비스 구축
	슬라이드 28: 연구 배경
	슬라이드 29: 연구 범위 및 방법
	슬라이드 30: 2.2 대화형 건설안전 정보제공 서비스 프로세스 제안
	슬라이드 31
	슬라이드 32: 평가 결과
	슬라이드 33: 결론
	슬라이드 34: 도로설계/공사 표준시방서 Chatbot
	슬라이드 35: 도로설계/공사 표준시방서 Chatbot
	슬라이드 36: 도로설계/공사 표준시방서 Chatbot
	슬라이드 37: QA Chatbot – 수치적 정확도
	슬라이드 38: QA Chatbot – 수식적 정확도
	슬라이드 39: QA Chatbot – 수식적 정확도
	슬라이드 40: QA Chatbot – 수식적 정확도
	슬라이드 41: 도로설계/공사 표준시방서 Chatbot
	슬라이드 42: Equation Embeddings(2018)
	슬라이드 43: Equation Embeddings(2018)
	슬라이드 44: Equation Embeddings(2018)
	슬라이드 45
	슬라이드 46
	슬라이드 47
	슬라이드 48
	슬라이드 49: 결론
	슬라이드 50: 감사합니다.

