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GPT-4

Exam results (ordered by GPT-3.5 performance)

gpt-4 W

gpt-4 (no vision)
gpt3.5 W

Estimated percentile lower bound (among test takers)

100% —

80% —

60% —

40% —

20% —

OpenAl. GPT-4 Technical Report 4

Exam



GPT-4

What is funny about this image? Describe it panel by panel.

- — = ey

Y

N

GPT-4

The image shows a package for a "Lightning Cable" adapter with three panels.

Panel 1: A smartphone with a VGA connector (a large, blue, 15-pin con-
nector typically used for computer monitors) plugged into its charging port.

> .

Panel 2: The package for the "Lightning Cable" adapter with a picture of
a VGA connector on it.

Panel 3: A close-up of the VGA connector with a small Lightning con-
nector (used for charging iPhones and other Apple devices) at the end.

Source: https://www.reddit.com/r/hmmm/comments/ubab5v/hmmm/
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LA 2 B SR Python AEBSEH:

def bubble_sort(arr):
n = len(arr)

for i in range(n):

for j in range(@, n-i-1):
if arr[j] > arr[j+1]:
arr[jl, arr[j+1] = arr[j+1], arr[j]

return arr

TERUHER, SRBA—THE, AMERERAFEENEHATHF, RERbAIFER

#4R:

arr = [64, 34, 25, 12, 22, 11, 90]
sorted_arr = bubble_sort(arr)
print(sorted_arr)

BHERAWT:

[11, 12, 22, 25, 34, 64, 90]

XE—TEXRNERAFEE, AIMRBESRYE#TERNYT R,
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Taking a walk

in the park :
3 [Abigail] : Hey Klaus, mind if

I join you for coffee?
[Klaus]: Not at all, Abigail.

How are you?

morning routine » a2 o b | @io 8 [John]: Hey, have you heard
<~ e S T ’ - v . - - B anything new about the
(VR | 5 * - Pl V) - upcoming mayoral election?
i [Tom] : No, not really. Do you
know who is running?

Finishing a
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General Language Model (GLM)

Framework NLU Cond. Gen. Uncond. Gen.
Autoregressive (GPT) — — i
Autoencoding (BERT) v X X
Encoder-Decoder (T5) — V —

Autoregressive Blank-Infilling J J J
(GLM)

Du and Qian et al. All NLP Tasks are Generation Tasks. ACL’22. arxiv: 2103.10360
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General Language Model (GLM)

; Key
Ts Tg [E] T3 [E] E Ty xp M] x4 [M] [S] 25 s
I r2 T3 Xy T5 T I I I I I r X X X
2 X X X
(a) Sample spans from the input text GLM M] X | x| x
(Transformer w/ masked self-attention) g Ty X X X
: M] X X X
N N I B | Query
: [S] X X
Part A: Ty z2 [M] z4 [M] 5 . «
zy x2 M| za M| [S] 25 =z [S] o3
Ig
; ; i Position1 1 2 3 4 5 5 5 5 3 3 : 8
e .I,;) .l.) .E: - '
Part B: ‘ ’ ' Position 2 0 0 0 0 0 1 2 o 1 2 - e
(b) Divide the input into Part A and Part B (c) Generate the Part B spans autoregressively ; (d) Self-attention mask
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General Language Model (GLM)

80.2

Zero-shot SOTA (PaLM 540B)

GPT-3 175B OPT 175B BLOOM 176B GLM-130B (bi) GLM-130B (uni)

LAMBADA

Zeng, Liu, et al. GLM-130B: An Open Bilingual Pre-trained Model. ICLR’23

X X X X

Context Mask(s)

X X X X X

Bidirectional Attention
(e.g., GLM)

X X X

X X X X
X X X X X

Unidirectional Attention
(e.g., GPT-3, PaLM)

20


https://openreview.net/pdf?id=-Aw0rrrPUF
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@ ChatGL™

ChatGLM (AMlhR) R—TEABRZE. SRIEMABEMINENFRIGERE, ETFZEE GLM-130B &, BINBMII%L. AREMBSRARASHEES, HEH

ChatGLM-130B

ChatGLM: F{ZEEERIMERELFiZ AN
—NE‘Z%‘EH&Z—‘F% (2023%F3A14H)

GLM ANAANS XDAI S GLM-130B . CodeGeeX [ © QAGLM
E14 INR FCERE B{z13 XJiE[E)E

| 3w
ChatGLM
GLM-130B EEEH
ChatGLM-6B FFR
RIGHEE

8]

[2023.06.25] ChatGLM2-6B, ChatGLM2-12B. ChatGLM2-32B. ChatGLM2-66B, ChatGLM2-130B #
i, fEEE—UREE MMLU, C-Eval. GSM8K 7 3llEX1E T16%. 36%. 280%RIRRFH, HETNRXIESIZE
C-Eval

[2023.06.25] —{#&5Y ChatGLM2-6B #RELFAR, B AAIMEE (MMLU [+23%]. C-Eval [+33%].
GSMB8K [+571%]) . ERMLETX (2KFREISK) . ESMHVHEIE (HIERERA4I2%) . EFBNFR
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[2023.06.25] ChatGLM-6B FFE="H, HF 2R TH=EIXZI 300 /5, GitHub E47EUAZI 3 7
[2023.05.28] BHEEBERXMICIE LR (PEALEHEEAEINEMRIRS) E/R ChatGLM-6B fiFlIX
REFREZWNE—R, TZERE GLM-130B. iB&REL CodeGeeX, XAEMSNEEL CogVideo, GLM #EEY
BB F R E+

[2023.05.26] ChatGLM-6B £¥k T #1X%/2007, HEEEIFERENERIMNAETZEEF R
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ChatGLM
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FHRE R,
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CogView vs DALL.E
NEEWREBEFETaIRgEE 1 OpenAlRHAELRIDALL-E{RE

Several youths are talking in a bar.

front of a blackboard. blue and cloudy sky.

m)\yzt : Eﬁj )\ E 1% : i/ E 1% Token i zer \\i . Alion teacher wearing a suit is in A robot is riding under the
d . I
! 1

l 20*20=400 Image tokens
.,
7” N a
A girl holdii iI-
Text Token | | [BOI] ImageToken | . ..vee vuunn. Image Token Image Token ugr’rlwbrec/,la 'ﬁgaargiﬁ'y Eﬁ‘f’
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Z A v
‘$0 1 L2 X3 L4 I5 Te X7 I§

[ Transformer

A\ \

WME: L3 X4 @7 Tg

i8X: NeurlPS’21, NeurlPS’22, ICLR’23; 23



CogVideo vs. Make-A-Video vs. Phenaki
5| TiE+¥HMake-A-Video.

. JfE¥iXVideo LDMs, Adobe P|x2V|deo%?m;ﬁ_¢_Eﬁ1‘;§=Elg|9& EY, 3

§

XPhenakifIMAGVIT, fiERiimDragNUWA

0

E’*)\E’JS(% i N\ B9 AT 51001 = ElR Tokenizer |
Oa00 Pretrained Xout
o ‘ CogView?2
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| =
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Transformer (FAER2: 3J33Ns) ) |

i8X: NeurlPS’21, NeurlPS’22, ICLR’23;
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Relay Diffusion

https://github.com/THUDM/RelayDiffusion

[Submitted on 4 Sep 2023]

Relay Diffusion: Unifying diffusion process across resolutions for image synthesis

Jiayan Teng, Wendi Zheng, Ming Ding, Wenyi Hong, Jiangiao Wangni, Zhuoyi Yang, Jie Tang

Diffusion models achieved great success in image synthesis, but still face challenges in high-re

we find the main reason is that \emph{the same noise level on a higher resolution results in a T ot
present Relay Diffusion Model (RDM), which transfers a low-resolution image or noise into an ¢ "-:{ \\\'\\.‘
block noise. Therefore, the diffusion process can continue seamlessly in any new resolution or | ?
RDM achieves state-of-the-art FID on CelebA-HQ and sFID on ImageNet 256X256, surpassing|
and checkpoints are open-sourced at \url{this https URL}.

LDM-4
V...
10
g
DiT-XL/2
9<
¥
o
Q8
&)
w
7-
it MDT-XL/2
“““““ A
6-
RDM(ours)
5 41— - - - - r : - —
200M 600M 1B 1.4B 1.88

Number of Training Images




CogVLM

IREEFANNSRSIEFERL, LIRCIGPT-AVRIIERE

CogVLM G

Q1: How many houses are there in this cartoon?)

CogVLM: There are four houses in this cartoon.

= 4

Q2: Why do I only notice three? J

CogVLM: The reason you only see three houses is
because the fourth house, which should be located on
the right side of the picture, cannot be seen clearly.

Q3: How many houses which can be seen
completly in this image? J

CogVLM: In this image, only three houses can be
seen completely. The fourth house is partially visible
and cannot be fully identified.

|

GPT-4V G

Q1: How many houses are there in this cartoon?J

GPT-4V: There are three houses in the cartoon. J

Q2: Why do I notice four? J

GPT-4V: I'm sorry for the oversight, but I cannot
directly view images. You'd have to describe the
content of the image for me to provide relevant
information. If there are indeed four houses in the
cartoon you mentioned, then you're correct, and I

apologize for the error. 0

iEX: ICLR’24 (submitted)

VQAV2

VizWiz-VQA

TextVQA

OKVQA

ScienceQA-IMG

GQA

NoCaps

COCO-caption

3.85

82.47
51368045 175

RefCOCOg

Visual7W

Flickr30K

RefCOCO

RefCOCO+

BLIP2
InstructBLIP
Shikra-13B
Qwen-VL
PaLI-17B
PaLI-X-55B
PaLM-E-84B
CogVLM-17B

MCogVLMIESIESER IS IR 7
HEBEAATE, EshEMEE

TRIDERTHOBSEHIN T T SRR,

ILJ\/ N

11B (Hit17B) SEGEEEGIFAE
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REEFIARNSAETIE

HIVIEhREE

Position ids for RoPE ﬁ

[0000O0..123456..

—

[Text feature sequence)

f

~——» Concat
[ Image feature sequence ]

ViT encoder

Word embedding ’

{

Ll
L1

f

A fox is sitting
on the books.

Patchified images Paired Text

(a) The input of visual language model

« NWHEERIAEVSSKFER MiniGPT-4, LLaVA-vl.5,
oJLABH, CogVLM-17BEEHGIEMRE. H=EZ]mlL

CogVLM
Bk, EMEBIGPT-4V

A

|

FFN FFN J
= — T Text features
Image features ‘ LayerNorm ]

<
<

o] [x] [v]
[ QKV matrix )

Image features

? Text features
LayerNorm ]

_ Muti-head Attention ) 3

(b) The visual expert built on the language model

RXARB G EESEE IR

iEX: ICLR’24 (submitted)

Q1: What is funny thing in this image?
BRE: EPAERRIN R4

CogVLM: The funny thing in this image is that
a mobile phone is being charged with an
unconventional USB interface, which looks like
the top of a VGA cable. This design is quite
unusual and might be considered humorous
because it combines the functionality of a
charging cable with the appearance of an old
video game accessory.

Bk XEEAPERGR, —BPILEEEE R
USBEOFEH, XA OBERBVCARMIM. XFh
BTN, RSB ARMRE, HAEHETRE
PRI RE 5 IHAUSIF R AL ISP AR 256 o

MiniGPT4: The image shows a smartphone with
a USB cable plugged into it. The phone appears to
be charging. The image is not funny.
BE: XIEE A RR T —IE T FHLEMEA—AUSB
%o FHUIPIEET L. XIRE FIHFAHFE.

LLava-v1.5: The funny thing in this image is that
the cell phone is plugged into a charger, but the
charger is upside down. This is unusual because
chargers are typically used with the correct
orientation, with the plug facing downwards to
connect to the device. The upside-down charger
adds a humorous element to the scene.

B XIEE A PAEBRE, FIUEETRS L, HEha
B o XARATH, B 7 HL AR B R IE A7 16 66
B, HESREIR DUERRE] e dr. XANGHEI R 7 AR AR IR
THIBTH
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Agent&EgefCIEge1(lmbench.ai)

t-qy 4.41
« ZIMAgent{Es chaude =
: gpt-3.5-turbo 4™ 2.55
1. Operating System (o) : text-davinci-003 1= it
claude-instant {™* )
2. Database text-davinci-002 1" 1.46
3. Knowledge Graph text-bison-001 ™ i
L. chatglm2 {7 '
4. Digital Card Game openchat-13b 4...! 1.15
5. Lateral Thinking Puzzles Riieend 06r
6. House-holding wizardim-13b S OpenL-leslurced
7. Web Shoppmg wizardcoder-15b - 0.:'21 >
. dolly-v2-12b 4 0.15
8. Web Browsing oasst-sft-4-12b - 0.0]']{
AZ :Avg:Q.42 ] : '
° 12'23 Agent'ijj 0 1 2 3 4
%;ﬁ;‘zﬂséugﬁz% AgentBench Overall Score

(b) Closed & open LLMs on agent tasks (Liu et al., 2023)

FrREE Agentge D BE AU AEILEE

Liu et al, AgentBench: Evaluating LLMs as Agents. arXiv:2308.03688, 2023. github.com/THUDM/AgentBench 29



https://llmbench.ai/
https://github.com/THUDM/AgentBench

AgentTuning: DEAREEAgent;ZLEES]

He|d-in TaSkS ¢ _ _____ b More Agent Tasks
Trajectory 1
\ D Ehought: I should =€
[iE';'_ Train set first list all the y]
C— > tables, then ..
Action: SHOW TABLES;

Digital é

Operating patapase

, |
: |
| I
, |
| I
System I : Action: 0. | Card Game
Task | Instructl.on BT R ) | m  Daily Computer
Derivation! G€neration  rewazd: 0.0 3 : oEhh Tacke
—PI i ==
Web Knowledge F  eoseasaE Teajeeions ' Wiki QA
Navigation Graph | Grade students gﬁserzit:ion: : &
Self- : QUELE.S60; s Acz?gn: 'UPDATE | A LM (r‘—
Instruct | iiii;n the :g;ggntjmgg i : gen (- . Science
[ —= ; . t
Shoopina Holdina ~  ~ -~~~ " TTTT T T oo oo o7
a& L . N \
Agentinstruct HBERHITHIEE Agent Tuning ;B&1)|4x
o NIIEBEMMESS « 20% Agentinstruct + 80% ShareGPT
{$5F3 Reward {TjE4EE - RBAIGETIIMRIESEIZE

- (VREBSHRERI1866FAEEH I

codes & models: http://github.com/THUDM/AgentTuning

153 AgentLM-{7B,13B,70B} Z&FI/{&HY
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http://github.com/THUDM/AgentTuning

B SciWorld
B WebArena

B ReWOO

o0 on
5
N =
o
e =
= 5
- o
<
———
TBE

Main Results: 258

REVRBESTR]IZ L

B MiniWoB++ B AlfWorld B WebShop
B MMLU B Humankval
HotpotQA B Mind2Web Knowledge Grapt
. MT-Bench GSM8k
B Digital Card Game B Operating System B Database =

Llama2-13B

al]

il

;

A

AgentLM-13B

iy

, tbig GPT-4

GPT-3.5
GPT-4

)
~
o

©

€
L
—

Llama2-70B
AgentLM-70B
AgentLM-7B
Llama2-13B
AgentLM-13B

BES

&
Z
Ef.
e

Llama2-70B

+176%. B

= o

ZIERY, =k

GPT-3.5
GPT-4
Llama2-7B
AgentLM-7B
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AgentLM-13B
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AgentLM-70B
GPT-3.5
GPT-4

H.)q AgentLM-70B

G5
GPT-3.5 S VEEIESIGEE

31



== M oab AV Z= g5
J\5E] _Hbjjlez.'ﬂﬁ %Ea}t
Size Models Held-in Held-out General s
AgentLM-7B 196 067 063 - (XGEF Agent iR
7B Base + General 038 064 0.6l I TRESZHEARE
Base + AgentInstruct | 1.34  0.09 0.22 e e e A S
— = - SERSIERANE
AgentLM-13B 2.11 0.78 0.69 N
13B | Base + General 043  0.81 0.63 DI IS 2R E RS
Base + AgentInstruct | 1.57  0.10  0.19 BREEF RIS RAEEREED
AgentLM-70B 2.55 1.40 0.96 — "
o . UM R ARIIERY(70B) 5
70B Base + General 0.99 0.98 1.00 N
Base + Agentlnstruct | 2.47 0.87 0.83 EAEE
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#star

34,919

13,708

7,208

7,123

4,347

3,467

3,207

LIS BRI LLMER 5

ChatGLM-6B  Public
ChatGLM-6B: An Open Bilingual Dialogue Language Model | FFREMNIENIFIES &5

@ Python fx’ 34,919 @Apache-zo ? 4,707 @ 489 I'l 42  Updated 2 weeks ago
ChatGLM2-6B  Public

ChatGLM2-6B: An Open Bilingual Chat LLM | FRRERGEMIEIE S 158

@Python Yy 13708 % 2,169 () 353 §9 27 Updated last week

GLM-130B  Public

GLM-130B: An Open Bilingual Pre-Trained Model (ICLR 2023)

@Python Yy 7,208 &8 Apache-20 % 575 () 109 19 5 Updated onJul 25
CodeGeeX  Public

CodeGeeX: An Open Multilingual Code Generation Model (KDD 2023)

@Python Y 7123 8B Apache-20 % 501 (D 129 {1 4 UpdatedonSep5
CodeGeeX2  Public

CodeGeeX2: A More Powerful Multilingual Code Generation Model

@ Python  YY 4,347 &8 Apache-20 ¥ 279 (D 105 $% 1 Updated on Aug 12
VisualGLM-6B  Public

Chinese and English multimodal conversational language model | ZESHHEIGEIFIES 1EEY
@ Python  Y¥ 3,467 B8 Apache-20 % 351 () 203 19 6 Updated 3 days ago
CogVideo ' Public

Text-to-video generation. The repo for ICLR2023 paper "CogVideo: Large-scale Pretraining for Text-to-Video
Generation via Transformers"

@ Python  ¥¥ 3,207 &3 Apache-20 % 338 (D 10 19 2 Updated on Jun14

https://github.com/THUDM
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thomas . liao @ThomaslILiao - Mar 15

Models announced today:
- @OpenAl GPT4

- @AnthropicAl Claude
J@thukeg ChatGLM |

- @GoogleAl Med-PalLM 2

Any more | need to add to foundationmods

foundationmodeltrac
Model Tracker v0.9
Following everything*

Patrick Loeber @patloeber - Mar 17
What a week for Al %'

- @OpenAl GPT-4

- @AnthropicAl Claude

{@thukeg ChatGLM |

- @GoogleAl PaLM API & MakerSuite
- @AssemblyAl Conformer-1

- Stanford Alpaca

- Midjourney v5

- Microsoft 365 Copilot

- @PyTorch PyTorch 2.0
- @LightningAl PyTorch Lightning 2.0

Exciting times!
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Why large models?
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¢ “You shall know a word Ey the company it Eeejos.” —dJohn Rupert Firth
o FESFEN
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Apple v.s. Apple?
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p(output|prompt) = / p(output|concept, prompt)p(concept|prompt)d(concept).
concept

B, 28, FES AL

Number of Examples in Context (K) 45



In-context8EJRY T
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W(" China") — W(" Beijing") ~ W(" Japan") — W(" Tokyo")

Language Models are Unsupervised Multitask Learners. (OpenAl, Radford et al.)
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GPT

(Sentence1, Answer1)

~-——_

73t 2ZIn-Context LearningB3¥Y
» In-context learningfIFine tuningx [a] {55 &
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—
— —_———
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5
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Answer
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GPT
f«
Feed-Forward Network
Meta-Gradients AW,CL :
--------- > Self-Attention
Forward f
Computation
A
’J
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Demonstration Examples Query Example

In-Context Learning:
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Learning an output layer Adjusts query prediction given in-context

by gradient descent

fZIn-Context

Find 6

Equivalent? st. to(Tquery; D) & Youery T
' I { Transformer 9}
s.t. (W — Vi L(D"™")) fo(Ttest) = Ytest [ Deontet ] [xquery}
N
LOW + AW) = o= 37 (7 +EWDa: - il
1=1
=S e - [Ba?
= oN 2 i Yi Yi

- Von Oswald, Johannes, et al. "Transformers learn in-context by gradient descent." International Conference on Machine Learning. PMLR, 2023. 48
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~{Z,(100B)AH#E

« Whatis 16 mod 127

» 16 divided by 12
equals 1 remainder
4. So the answer is 4!

1. J Wei, et al. Emergent Abilities of Large Language Models. arXiv: 2206.07682

(A) Mod. arithmetic

o0 |

Accuracy (%)

— (W) w N

= (=, = ()
[ [

(=
n
i

GPT-3 (OpenAl)

LaMDA (&)

10M 1B

100B
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(A) Mod. arithmetic
50
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(E) TruthfulQA
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(B) IPA transliterate
50

40 |

30

BLEU (%)
S

10M

1B 100B

(F) Grounded mappings
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—aA— Chinchilla —@— PaLM

(C) Word unscramble

- = = Random
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(G) Multi-task NLU
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. J Wei, et al. Emergent Abilities of Large Language Models. arXiv: 2206.07682

(H) Word in context
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Scaling;

ER

bbb

Scaling Lawts RV E ZHEIEEE155E

—e— Standard prompting

—&— Chain-of-thought prompting &
- = = Prior supervised best
LaMDA GPT PalL.M
60
§ Doable with chain of
M 2 40 thought prompting
°2° = Some spectrum
8 © 20 of NLP tasks
3
0 Doable with standard
80 prompting (GPT-3)
S
a 60
= 240
°
0 Scale of language model| =——————=p-

Model scale (# parameters in billions)

»|

A

¥ Math word
problems

Symbolic
reasoning

Challenging
commonsense
reasoning

4

Translation

Sentiment
analysis

O(100B)
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@OpenAl Researchv APIv  ChatGPTv  Safety Company v

Search Login Get started ~

Introducing
Superalignment

We need scientific and technical breakthroughs to
steer and control Al systems much smarter than us.
To solve this problem within four years, we're starting
a new team, co-led by llya Sutskever and Jan Leike,
and dedicating 20% of the compute we’ve secured to
date to this effort. We're looking for excellent ML
researchers and engineers to join us.
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« 2020-KiRAITTE
e GPT vs GLM
— ChatGPT vs. ChatGLM
— DALL.E vs. CogView
— Codex vs. CodeGeeX

— WebGPT vs. WebGLM
— GPT-4V vs. GLM4 (CogVLM, AgentTuning...)

e 2024-AGlyTE
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