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Performance vs. size (model / compute)
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1. J Wei, et al. Emergent Abilities of Large Language Models. arXiv: 2206.07682



“emergent abilities are created by the researcher’s choice of metrics,
not fundamental changes in model family behavior on specific tasks with scale.”

Emergent Abilities
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Why Large Models?

Pre-train 30+ LLMs of varied model (7) and data (5) sizes from
scratch (300M, 540M, 1B, 1.5B, 3B, 6B, 32B)

» Fixed data corpus
* Fixed tokenization
 Fixed model architecture

Evaluate downstream performance on 12 diverse datasets

Different tasks

Different languages
Different prompting types
Different answer forms

1. Z Du et al. Understanding Emergent Abilities of Language Models from the Loss Perspective. arXiv:2403.15796



https://arxiv.org/pdf/2403.15796.pdf

Performance vs. loss of 1.5B, 6B, 32B models
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1. ZDu et al. Understanding Emergent Abilities of Language Models from the Loss Perspective. arXiv:2403.15796



https://arxiv.org/pdf/2403.15796.pdf

Performance (different metrics) vs. loss
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1. ZDu et al. Understanding Emergent Abilities of Language Models from the Loss Perspective. arXiv:2403.15796
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Emergent Abilities defined by loss

The normalized performance on an emergent ability as a function of
the pre-training loss L is:

f(L) if L <n
0 otherwise

Combined with the model scaling law, we can get the normalized
performance as a function of the model size N

f (Lo + (%)QN) ifN > Ny( — Lo,) o

0 otherwise

From this equation, we can explain the observed emergent abilities
with model sizes.

1. Z Du et al. Understanding Emergent Abilities of Lanqguage Models from the Loss Perspective. arXiv:2403.15796
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GLM-4 on Academic Benchmarks

Model MMLU GSMS8K MATH BBH GPQA HumanEval
GPT-4 (0314) 86.4 92.0 52.9 83.1 35.7 67.0
GPT-4 Turbo (1106) 84.7 95.7 64.3 88.3 42.5 83.7
GPT-4 Turbo (2024-04-09) 86.7 95.6 73.4 88.2 49.3 88.2
Claude 3 Opus 86.8 95.0 60.1 86.8 50.4 84.9
Gemini 1.5 Pro 85.9 90.8 67.7 89.2 46.2 84.1
GLM-4-9B-Chat 72.4 79.6 50.6 76.3 28.8 71.8
GLM-4-Air (0605) 81.9 90.9 57.9 80.4 38.4 75.7
GLM-4 (0116) 81.5 87.6 47.9 82.3 35.7 72.0
GLM-4 (0520) 83.3 93.3 61.3 84.7 39.9 78.5




GLM-4 on Instruction Following (IFEval)

Model English Chinese

L-p S-p LI SI |LP S-P LI S-I
GPT-4 (0613) 795 T77.1 855 837|724 689 80.0 75.7
GPT-4 Turbo (1106) 79.1 754 85.1 824 | 743 69.1 80.8 76.5
GPT-4 Turbo (2024-04-09) | 84.5 81.2 887 859 | 793 72.6 842 79.1
Claude 2 75.0 58.0 81.7 67.7 | 571 465 649 55.1
Claude 3 Opus 90.6 855 9377 900 | 783 733 843 804
GLM-4-9B-Chat 73.0 69.0 803 772|730 69.0 803 772
GLM-4-Air (0605) 804 752 86.1 823|793 712 840 773
GLM-4 (0520) 83.7 79.1 887 850 | 79.7 719 842 78.0

Zhou e tal. Instruction following evaluation for large language models. arXiv preprint arXiv:2311.07911, 2023
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From GLM-130B to GLM-4 All Tools

v

GLM-130B Align with human intent
. ChatGLM

Mar. 2023

MMLU: 44.8%
Aug. 2022

GLM-2 Better Architecture with 32K Context
MMLU: 66.6%

v

ChatGLM?2
Jun. 2023

GLM-3 Native Agent & Function Call Capabilities |
MMLU: 71.0% ) ” ChatGLM3

Oct. 2023



Web Browser

GLM-4
(All Tools)

GLM as the Agent

Search for the global population from 2000 to 2023, then calculate the
average annual growth rate.

© (©) webBrowser  Q Search  global population from 2000 to 2023

1 E World Population 1950-2024 5 E World Population Clock

https://www.macrotrends.net/... https://www.worldometers.info/...

9 V Click + @ Summarize

According to the information | found, from 2000 to 2023, the global population grew from about 6.15
billion to about 8.05 billion...

(3] o Python @ Generate + & Execute

# Starting and ending population values "
starting_population =6.15e9 # 2000 population Result: 1.17739919480071
ending_population =8.05e9 #2023 population

# Number of years between 2000 and 2023

years = 2023 - 2000 The average annual growth rate of the

# CAGR formula :
cagr = (ending_population / starting._population) ™ (1 /years) - 1 global population from 2000 to 2023 was
cagr * 100 # Convert to percentage approximately 1.18%.

13



AgentBench: Evaluate LLMs as Agents J

Real-world Challenges

(On an Ubuntu bash terminal)

Recursively set all files in the directory to
read-only, except those of mine.

[ (Given Freebase APIs)
What musical instruments do Minnesota-
3 born Nobel Prize winners play?
[ (Given MySQL APIs and existed tables)
kGrade students over 60 as PASS in the table.

(On the GUI of Aquawar)
This is a two-player battle game, you are a
player with four pet fish cards ......

A man walked into a restaurant, ordered a bow!
of turtle soup, and after finishing it, he
committed suicide. Why did he do that?

(In the middle of a kitchen in a simulator)
Please put a pan on the dinning table.
(On the official website of an airline)

Book the cheapest flight from Beijing to Los
Angeles in the last week of July.

IR
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https://llmbench.ai/

AgentBench: Evaluate LLMs as Agents |Imbench.ai

I
I
t-4 - 4.41
» ZINAgent(EsS claude =
1. Operating System gpt-3.5-turbo 1 5 o 2.55
text-davinci-003 A | -
2. Database claude-instant 4" 1.90
3. Knowledge Graph text-davinci-002 1] 1.46
4. Digital Card Game text-bison-001 1 1.39
ateral Thinking Puzzl chatgim2j -
5. Latera inking Puzzles openchat-13D -l i
6. House-holding wizardlm-30b+4 ' 083
7 Web Shopbin ‘vicuna-13b 1o 0.62
8. Web Bm\s:ing wizardim-A3b jo.so DRENs=0URece
I
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0 1 2 3 4

AgentBench Overall Score (Aug. 2023)

Liu et al, AgentBench: Evaluating LLMs as Agents. ICLR 2024. arXiv:2308.03688, 2023. github.com/THUDM/AgentBenclhs



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

AgentTuning: MFERBEGEERERZ L EE J

NaVigatiOn Graph Observation: ..

Grade students
Thought: ..

Held-in Tasks T R e b
| Trajectory 1 :
l D .’Ehought: I should I
Train set | first list all the
== S | tables, then .. |
i Action: SHOW TABLES; |
Operating patapase ' :
System | Instruction Action: INSERT INTO .. :
CE— | ;
TaSk. I Generation Reward: 0.0 x i
L] Derivation | |
— Trajectory 2 |
Web Knowledge : (Database) |
I
Self- | over 60 as Action: UPDATE I
Instruct | PASS in the students SET grade =
Mcsne Rl W - 'PASS' WHERE score > |
Web House \ Reward: 1.0 )

e e e e e e e e e G e e e - w—

Shoobpina Holdina

E R IT SRS

Agentlnstruct %

« NIEREAMESS
{#5F3 Reward 13 E20E
« (MRBEHREAIL866FKZTEHIL

Agent Tuning ;B&1)l

A 4
l\m
Y4

More Agent Tasks

=

Digital ﬁ

Card Game __ .
. Daily Computer
S ‘,J Tasks
Wiki QA &
AgentLM LY Science
Web Experiments
Interaction

20% Agentlnstruct + 80% ShareGPT
=al)

wallEG T Iro IS ERZAHE
182l AgentLM-{7B,13B,70B} Z%It&HY

Zeng et al, AgentTuning: Enabling Generalized Agent Abilities for LLMs. arXiv:2310.12823, 2023. 16
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Zeng et al, AgentTuning: Enabling Generalized Agent Abilities for LLMs. arXiv:2310.12823, 2023. 17



GLM-4 on Agent Tasks (AgentBench)

Operating DataBase Knowledge Lateral Thinking House @~ Web Web Overall
System Graph Puzzles Holding Shopping Browsing
GPT-4 (0613) 42.4 32.0 58.8 16.6 78.0 61.1 29.0 3.69
GPT-4 Turbo (1106) 40.3 52.7 54.0 17.7 70.0 52.8 30.0 3.77
GPT-4 Turbo (2024-04-09)| 41.0 46.7 53.2 19.4 72.0 55.1 19.0 3.68
Claude 2 18.1 27.3 41.3 8.4 54.0 61.4 0.0 2.03
Claude 3 Opus 23.6 55.0 53.4 20.0 70.0 48.5 28.0 3.62
GLM-4-Air (0605) 31.9 51.0 53.8 12.3 78.0 69.2 30.0 3.58
GLM-4 (0520) 36.8 52.7 51.4 15.3 82.0 68.3 29.0 3.79

Liu et al, AgentBench: Evaluating LLMs as Agents. ICLR 2024. arXiv:2308.03688, 2023. github.com/THUDM/AgentBench?



https://github.com/THUDM/AgentBench

GLM-9B-1M-Chat

1. Multi-Stage Training Activates Long-Context Capability

2. Hybrid Training Preserves Short-Context Capability

[ Init Model ]

Pre-training
~10T Token

Continue Continue

Base Model ] Pre-training f Base Model Pre-training f Base Model
4k context J ~1OBTokenﬁL 128k context | ~10B Token 1 1M context

Short + Long
SFT

[ Final Model )._Evaluation w/ ( Chat Model l Short+ Long (Chat Model
)+ AlignBench | 1M context | RLHF | 1M context
AgentBench

 NaturalCodeBench
* LongBench-Chat




GLM-9B-1M-Chat

« Synthetic data for long context pre-training and alignment

1. Continue Pre-training: Merge documents based on Topic and other relevant information.

2. Alignment: Generate longer alignment data based on a shorter model (e.g., 128k model for 256k data).

« Optimized context parallel for extremely long context training

1. Divide-and-conquer context parallel to

prevent OOM issues with 1M context.
2. Balanced varlen training to reduce idle

bubble time.




LongAlign: 64K, 128K and 1M context g

Instruction fine-tune on long instruction data is crucial! Long context
performance down 40% when only fine-tuned on short data (ShareGPT)

* Long Instruction Data Construction (LongAlign-10k)

______________________________ :
. N | 10+ srcs: Books, Reports, Papers, ... |
User: / ----------------------------- !
In my younger and more vulnerable years my father gave me
— Long Doc
some advice that I've been turning over in my mind ever since. | = ¥ oL oL o oo e e e e e e e e e m e — -

Given the above text, please propose 5 English questions that

require summarization or integration from multiple parts, _ Tasktype

make sure they are diverse and cover all parts of the text, in (summary)

the following format: “1: ”,“2: 7, ...

1. Summarize the plots between Gatsby and Daisy... T Task & Ans
\

[{“role”: “user”, “content”: Long Doc + Task},
{“role”: “assistant”, “content”: Answer}]

Bai et al, LongAlign: A Recipe for Long Context Alignment of Large Language Models. arXiv:2401.18058



LongAlign: 64K, 128K and 1M context ]

~4y
~
Sl

Efficient training: Packing & Sorted batching + loss weighting

I
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= .
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102 —|_|—|__ e 1 :
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Sequence Length : , | |
| 1
: | |
1201 I Naive batching 117.2
[ Packing
100 1 :
< [ Sorted batching . . . . .
¢ a0 By reducing idle time across samples within
2601 the same batch, our two efficient training
T 401 ' i
g F W methods achieve 2~3x speed up
201 :

0 . T '
ChatGLM3-6B-64k Llama-2-7B-64k Llama-2-13B-64k

Bai et al, LongAlign: A Recipe for Long Context Alignment of Large Language Models. arXiv:2401.18058



LongAlign: 64K, 128K and 1M context ]

IR

« LongBench-Chat Benchmark: Real-world queries of 10k-100k length, more

challenging and discerning than Needle-in-a-haystack

Claude 3 Opus 8.67

GLM-4-0520 | | | 866

Gemini 1.5 Pro 8.56
GPT-4-turbo-0409 8.44
8.21

GLM-4-Air

GLM-4-9B-Chat-1M 7;’.82

GLM-4-9B-Chat 7@72

LongAlign-13B-64k 7.02

ChatGLM3-6B-128k 6.52

Mistral-7B-Instruct-v0.2 $.84

0 2 4 6 8
Score on LongBench-Chat (1-10)

“Needle in HayStack”

Bai et al, LongAlign: A Recipe for Long Context Alignment of Large Language Models. arXiv:2401.18058




GLM-4 on Long Context Tasks (LongBench)

Model English  Chinese
GPT-4 Turbo (1106) 87.2 71.4
GPT-4 Turbo (2024-04-09) 85.0 82.1
Claude 2 81.3 76.2
Claude 3 Opus 87.7 82.7
GLM-4-9B-Chat 76.8 79.0
GLM-4-Air (0605) 82.4 81.0
GLM-4 (0520) 87.3 84.0

Yushi Bai et al. LongBench: A Bilingual, Multitask Benchmark for Long Context Understanding. ACL 24 24



Inference: Auto-Parallel Auto-Regressive (APAR)
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Liu et al, APAR: LLMs Can Do Auto-Parallel Auto-Regressive Decoding.arXiv:2401.06761, 2024.



Self-Contrast: Feedback-Free Alignment

Obtaining preference data pairs is costly. In contrast, negative samples
are massively cheap to obtain.

« Adding negative samples is equivalent to adding positive samples

O O © Positive Sample
OO o
® © Negative Sample
@
O O O Optimization direction
O O O determined by samples
/j Average optimization direction
/ / " = Optimal optimization direction
Single preference pair Self Contrast Use More Samples
Limited Performance Accurate and Efficient Accurate but Expensive

Liu et al, Extensive Self-Contrast Enables Feedback-Free Language Model Alignment. arXiv:2404.00604



Self-Contrast: Feedback-Free Alignment

« Alignment using self-generated negatives without preference labeling.

3. Cosine Similarity 4. Dissimilar
Embedding Space as Negatives

Self-Contrast

1. Self-Generate 2. Compute
Massive Responses Embeddings & Potentially

Response 0 Positive Zone _..-t-p-¥ 7777777 ™| SFT target

Pl g
Response 1 \O ‘ T DPO
Response 2 Lﬁ“ pons
Response 3 Q et >m

HS elf—Contrast

Response N @ >m

, &= — (Generation = —— — — — Response Filtering= = = — =®= — — =Training— — — —®

Liu et al, Extensive Self-Contrast Enables Feedback-Free Language Model Alignment. arXiv:2404.00604



Self-Contrast: Feedback-Free Alignment

« Alignment using self-generated negatives without preference labeling.

86

Win Rate
(0 0]
N

IS
o

o]
o
1

~
(o]
N\ 1

HH-RLHF
7.4 1
///7 7.3 1
/ c 7.2
O
o
——————————————————————————— @ 7.1 -
—— Self-Contrast (a=50%) =
Self-Contrast (a=75%) 7.0 7
—— Self-Contrast (unfiltered) 6.9 -
=== DPOgq '
———————————— SFT 6.8 -

2 . 4 8 16
Negative Sample Quantity

Nectar
—— Self-Contrast
Self-Contrast (unfiltered)
— == DPOgq
_______ —-== SFT
1 2 4 8 16

Negative Sample Quantity

MT-Bench

UltraChat

—— Self-Contrast
Self-Contrast (unfiltered)
~=- DPOsq
_______ -== SFT
1 2 4 8 16

Negative Sample Quantity

Continuous performance improvement by adding negative samples only.

Liu et al, Extensive Self-Contrast Enables Feedback-Free Language Model Alignment. arXiv:2404.00604




Self-Contrast: Feedback-Free Alignment

« By increasing the number of negative samples and applying filtering, Self-
Contrast outperforms standard DPO and iteration-based methods.

N?gative sarznples per Erompt of %8k SFT daliéa

7.0
Self — Contrastyc 7.400___ SalfoContragt =t oy
6-8 . * Self . COntrastl ”””” x ~~~~~~~~~~ SPIN - 1s
——————— X '
>
6.6 _ . DPOstq” - B L e . i
s | 5
c e C 7.325
2 6.4- o
= ~ 7.3001
S s B an
6.2 1 7.275 /
60 i 7.250+
SFT ;
7.2251 —e— More preference pairs
5.8

. o o . 16 18 29.632 40.4 481 54
iter 1 iter 2 , iter 3 iter 4 Total preference data pairs (k pairs)
Iteration

Increasing negative samples matches the performance boost of more preference pairs.

Liu et al, Extensive Self-Contrast Enables Feedback-Free Language Model Alignment. arXiv:2404.00604



GLM-4 on Alignment (AlignBench)

Model Math Logic Language Chinese QA  Writing Role Play Professional | Overall
GPT-4 (0613) 754  7.17 7.82 7.02 7.39 7.67 8.20 7.29 7.46
GPT-4 Turbo (1106) 7.85  7.66 7.90 7.22 8.24 8.53 8.46 7.95 7.90
GPT-4 Turbo (2024-04-09) | 8.32  7.67 7.60 7.57 8.37 7.75 8.18 8.59 8.00
Claude 2 6.39 5.85 6.75 5.72 6.68 5.87 6.86 6.56 6.26
Claude 3 Opus 7.27  7.11 7.94 7.71 8.21 7.61 7.73 8.02 7.53
Gemini 1.5 Pro 7.07 7.77 7.31 =22 8.55 7.83 7.79 8.52 7.47
GLM-4-9B-Chat 7.00 6.01 6.69 7.26 7.97 7.59 8.10 7.52 7.01
GLM-4-Air (0605) 7.69  6.95 7.53 8.00 7.90 8.01 8.35 8.09 7.65
GLM-4 (0116) 720 7.20 7.60 8.19 8.45 7.88 8.05 8.56 7.66
GLM-4 (0520) 7.89  7.95 8.00 7.86 8.11 8.04 8.06 8.47 8.00

Liu et al., AlignBench: Benchmarking Chinese Alignment of Large Language Models. arXiv:2311.1874330



From GLM-130B to GLM-4 All Tools

GLM-130B Align with human intent

MMLU: 44.8% ChatGLM
Aug. 2022 Mar. 2023
GLM-2 Better Architecture with 32K Context
MMLU: 66.6% ChatGLM2
Jun. 2023
GLM-3 Native Agent & Function Call Capabilities |
MMLU: 71.0% ) ] ChatGLM3
Oct. 2023
GLM-A * LongAlign « AgentTuning : GLM-4

MMLU: 81.7%

CAll Tools)
Jan. 2024

GLM-4 9B

(1M | Open)
Jun. 2024



GLM-4 All Tools

MeZ#HIHA Agent 25,

wmroaELR, Bilfix

« Browser, Code Interpreter, Text2lmage (CogView3)

O x"3+ax"2-5x+9FRbAx+4, EHx"2+bx-1, RE N3, ITH a, b KIfE,

@ BERAR IS, BITTNERSRAIAOEE, BIE, Y1 2R Pe) WB— BT D(2) B

BRES, BIIABEI—1E Q(z) 1— MR R(z), EXMIERT, H1HE:
P(z) = D(z) x Q(z) + R(x)
BHEHR P(x) =2 +az> -5z +9, D(z)=z+4, Qz)=2>+bzx—1, BRE R(z) =
RIEZIMAFRENRIE, AT P(z) RixN D(z) M Q(z) MR _LRE R(2):
z® +ax® — 5z +9=(z+4)(z® +bxr — 1)+ 13

BMNAUNBTRAAMNFRABERS M STVATLEESRLE] o 70 b B9E, TTHR, BEHTIH

ri RBEM: BEFEMA

HR

{a: 3, b: -1}

RIBTEER, « b MWESAZ 3 -1, Eitt, SHR 2° +ax® — 52+ 9N e +4, HEFR 22 +br — 1
, RN 13EL, a=3, b=—

G QF &

© RBER: EFR
python

from sympy import symbols, Eq, solve

X, a, b = symbols('x a b")

P_X = Xx¥k*k3 + akxxk2 — 5%x + 9
Dx=x+4

Q_X = xkk2 + bkx - 1

R x = 13

equation = Eq(P_x, D_x * Q_x + R_x)

expanded_equation = equation.expand()

solutions = solve(expanded_equation, (a, b))
solutions

{a: 3, b: -1}

=L



GLM-4 All Tools
- ISZHMI AR Agent IS, TEFIEEIR, Bilitk

- Browser, Code Interpreter, Text2lmage (CogView3)

EE—TRRIEHSENGDPIER, HEHEAE, NRIEGDP T, HRBRRIGIRHE,

/ \ [ import matplotlib.pyplot as plt \ @ \

@ Eil 1R, {71 TRRHEE 0 # GDP data for the years 2007 to 2022 jele S S T T e
years = ... 7
. gdp_values = ...
® BXMEif: global GDP data recent years # Identify the years where GDP decreased 09
decreased_years = [ _
v TR years[i] g .
for i in range(1, len(gdp_values)) s
World GDP 1960-2024 | MacroTrends if gdp_values[i] < gdp_values[i-1] 8
0.7
plt.plot(years, gdp_values, marker='o"')
# Highlight the years where GDP decreased o6
© EEWTIH S L for y in decreased_years:

plt.plot(y, gdp_values[years.index(y)]l, 'ro') SELS P FPESPSP
Year

\ j \ ;.).1‘.c.show() j \ /

33



GLM-4 All Tools
- MEZHMIHER Agent I2E, TEFIEELE, Hilftsg

« Browser, Code Interpreter, Text2lmage (CogView3)

9 E—EETRE O EFHEHEST 9 —RIRFNAE—E 9O  EHATHNRMIRT
o & CogView AIEE: B o Y CogView Al o & CogView AlE AlEE: B5EK
RERAEAMENTERERNIEE, FEESER! BRERAECAMENEERRNTBAERNIESE, FEES BRE—skFEAEN MR F—ERSNERE, FEEE RERAEEMEN-TERERNN R FINEFIRAIEE,
ERENTHENNRENGR! ! HEBER!

Zheng et al., CogView3: Finer and Faster Text-to-Image Generation via Relay Diffusion. arXiv:2403:05121
Yang et al., Inf-DiT: Upsampling Any-Resolution Image with Memory-Efficient Diffusion Transformer. arXiv:2405.04312
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Zheng et al., CogView3: Finer and Faster Text-to-Image Generation via Relay Diffusion. arXiv:2403:05121
Yang et al., Inf-DiT: Upsampling Any-Resolution Image with Memory-Efficient Diffusion Transformer. arXiv:2405.04312
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BRIBOIR BB ERERAP

GLMs API
|
f A 1
2
Tools
Model -
(GLM-4-alltools) $ T i I g
Image Code Web Web )
(CogVigew) (Sandbox) (Browser) [ (Search) User Function

& Bi&iBS chatglm.cn | APPs on iOS, Android, Windows, Mac 37



CO o1

1
|

LLM/VLM for Building GUI agents?
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CogVLM: Vision Language Models AR

Position ids for RoPE ﬁ T‘ ______________
00000..123456.. I ; "]
| . ] ( N ) ( FN )

C - - ? Text features
~—® (Concat Image features ‘ TaseNors ]

[ Image feature sequence ] ‘ \

' MLP Adapter [Text feature sequence ] f<
T 4 t (' Muti-head Attention )

ViT encoder Word embedding 3 L "
o| [k] [v]l ' [o] [k] [V
1 | OKVmarrix )  OKVmarrix |
A fox is sitting { ; ¥ Text features
- on the books. Image features || Layer]Norm ]

Q1: What is funny thing in this image?
BliE: EPHBERTA?

|

|

|

|

|

|

|

|

|

|

|

|

|

|

|

|

|

1

| 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
1
|
|
|
1
1
|
|
|
1
|
|
|
|
|
|
|
|
|
|

unusual and might be considered humorous
because it combines the functionality of a
charging cable with the appearance of an old
video game accessory.

B XA ERRNR, —BPHLEAEE— AR
HUSBEE ML, XA HOBERBVCARMBIEK. X7
BOHHY AR, TRSPIAAZMRE, HAHEHFERL
IS RE5 IR AR LA S AR 25 6 o

J

11

MiniGPT4: The image shows a smartphone with
a USB cable plugged into it. The phone appears to
be charging. The image is not funny.

W XIEE T RR T IR RETAL, FALEES —AUSB
Ko FHUIPIELET . KIHEHIHARLFR

J

PatCh ified images Paired Text e G— _____________ 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

(a) The input of visual language model (b) The visual expert built on the language model adds  humorous lement o the scene.

B XIBEAPEBRE, FUUEER RS L, ERE
BV XARATH . R 7 FhL 25 A IE A 16
I, Sk T DU R B A IXANBUBI 78 . 3 R 4 SR TR
THIRTEH o

J

Wang et al. CogVLM: visual experts for large language models. Submitted https://github.com/THUDM 39



CogAgent: A Visual Language Model for GUI Agents | -

- High resolution (1120*1120 pixel) by
adding a efficient high-resolution
cross-module

- Visual agent ability: Web,
smartphone app- -

« Achieves SOTA on 5 text-rich and 4

general VQA benchmarks
. Will release soon

High-Resolution Cross-Module

L-th layer

1st layer

Cross-Attention
(hidden size = 1024)

:‘ cross-attn li
>

[ High-resolution image feature |

High-resolution
Image Encoder
(light-weight)

= P
Bl J0y-Nostaig Hotel & Suites Manila Managed
=1 —
W
\ (L]

mm >
‘D dOWﬂSdmple ~ W= = click on the 'Free Wi-Fi'

Input Image (1120x1120)

:‘ cross-attn Ii
-~ |
e

~/¢y
N
Sl

Original VIM 3‘%‘: [Targft Text]

Visual Language Decoder
(hidden size = 4096)

-

T concat

[Low-resolution image feature] [ Text feature]

f f

’ MLP Adapter Word Embedding

f }

Task: How can I find an
apartment that offers free

Low-resolution gi-Fi?l i 1
an: 1.Locate and select
Image Encoder the price filter option.
2.Select the 'Free Wi-Fi'
option. 3. Apply the filters

to update the search

? results, and choose one
satisfying apartment.

= Action: Move the cursor

p—— - to the 'Price filter' on the

left sidebar where it says
- '"Your previous filters’, and

[ . checkbox.

Input Image (224x224) Input Text

Hong et al. CogAgent: A Visual Language Model for GUI Agents. CVPR’24 https://github.com/THUDM/CogVLM



https://github.com/THUDM/CogVLM

CogAgent
iBERpptH AR

A )
afime  Wiewtsr — Sicam E&Ecmwm..lmm
V2 S

N

\wersel)

e fTHvscodereplay task g% ERUES f
fTFFvscodenew task build success b ERULES
FJFFvscodereplay task iR ERES
FTFfvscodereplay task LS BIIES =h
FJHvscodereplay task e ERUES
FTFFvscodereplay task iR ERUAESS
fRpptRFTE N AERreplay task 5 ERUAES
BEEpptHIFTE N AfSSnew task build success s FRIAES
BZpptHEIFTE N AfESreplay task
BEppt PRI N AfESreplay task
MIBEpptERAI N AfSBnew task build success

IPRpptEEAI D AEBnew task build success
TiBRpptREEI S AfS B replay task

E% D 0Ox0 TR pptEEEAI N AfE B replay task
- B o »

patent.do visual_agn '\Hll( tation 01234567 ﬁ)]il[!%pptiﬁﬂg’h}\fé%replay task

3z .docx  UlAutoDa.. s thuthesis-v..  bcDemo

alto-ppt ViSUAIATEN e Atestn

@ |1 00:00:18/01:00:00 (AR

Hong et al. CogAgent: A Visual Language Model for GUI Agents. CVPR’24 https://github.com/THUDM/CogVLM



https://github.com/THUDM/CogVLM

CogAgent

{153 : 1. CogAgentAIZEE ; 2. HMEEIES ; 3. github star

Hong et al. CogAgent: A Visual Language Model for GUI Agents. CVPR’24 hitps://github.com/THUDM/CogVLM42



https://github.com/THUDM/CogVLM

Source Data

' 1
' 1
N H Real world environment & !
: Open-source training set |
s » a
i .
L 1
; |
! |
|

Hybrid Human-Al
Construction

Manual Annotation /w LLM

...........................................

ey Trace Collection :
g  f 1 Sampling from virtual :-
D m— environment i

...........................................

. Curriculum Learning

- Learn to understand and
' manipulate webpages.

- Reinforcement Learning
! Learn from its own mistakes.

~/¢y
N
Sl

AutoWebGLM J

—
Execute ‘: Webpages
/ Element Selector
B

Action

C =

- 0 I\@ Perception
= L

==, | Screenshot, HTML

A

& [y U [‘;’1 Parse
. Rejection Sampling OCR Tool,
J— o HTML Parser
' Fine-Tuning
Enhancing proficiency in Observation
- web environments. Parsed HTML,

History, Task...

1.  Hanyu Lai, Xiao Liu, et al. AutoWebGLM: A Large Language Model-based Web Navigating Agent. KDD’24



1.

BIESS -> DPO RIFES) -> T

AutoWebGLM——-)

25kt
1

11

7

N N R
Step I: Curriculum Learning Step II: Reinforcement Learning Step III: Rejection Sampling Finetuning
Teach LM how to understand, Teach LM to learn from its own Enhancing proficiency through LM's
and manipulate on the Web. mistakes. self-play on the Web.
=) Base Model =) SEFT Model =) DPO Model
(ChatGLM3-6B) Self-Sample on the Self-Play on the EJS)
Stage2 Training Web Environment DB
Data / \
o . ( o ( \ o 1 . ( \
Stagel: Enable Golden Op. and Golden Model O-nhneTrace. Corect Erroneous
LMs to Read and Model Op. to Operation Operation Pick Correct Trace Trace
Operate on the Form Contrastive ° ° Trace (Using 0 °
Web _ Data & ) Env Signal) q ﬁr
1 d : o 2 . : e N
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Hanyu Lai, Xiao Liu, et al. AutoWebGLM: A Large Language Model-based Web Navigating Agent. KDD’24
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1.  Hanyu Lai, Xiao Liu, et al. AutoWebGLM: A Large Language Model-based Web Navigating Agent. KDD’24



AutoWebGLM (Android)
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Hanyu Lai, Xiao Liu, et al. AutoWebGLM: A Large Language Model-based Web Navigating Agent. KDD’24



From GLM-130B to GLM-4 All Tools

GLM-130B Align with human intent
MMLU: 44.8%
Aug. 2022 Mar. 2023

GLM-2 Better Architecture with 32K Context
MMLU: 66.6%

ChatGLM

ChatGLM?2

Jun. 2023
GLM-3 Native Agent & Function Call Capabilities |
MMLU: 71.0% ) ” ChatGLM3
Oct. 2023
GLM-4 * LongAlign « AgentTuning : GLM-4

CAll Tools)
Jan. 2024

CogVLM | CogAgent | AutoWebGLM [Rermmi

Jun. 2024

MMLU: 81.7%




Benchmarks

« ¥J3F: AlignBench (ACL'24)
» evaluating Chinese alignment for language and reasoning
- 8888l : AgentBench (ICLR'24)
+ evaluating LLMs' agent capacities
« KX 4 : LongBench (ACL24)
« evaluating long context handling
- TF2XR3: NaturalCodeBench (ACL'24 Findings)
« evaluating real code problem solving
« Z1IBEEMEE: HumanEval-X (KDD'23)
- evaluating code generation beyond Python
- | : SafetyBench (ACL'24)
» evaluating LLM ethics and safety



Scaling F9=:L?

1980s Now

+ : e : neural networks
| compute k
S | ther approat
Q | |
O
EO| |
| |
|
| |
l I Pascal
e : 19 TFLOPS
Scale (data size, model size) D i

2016

Figure credit: google | nvidia

1000X Al Compute in 8 Years

Volta
130 TFLOPS
FP16

Blackwell
20,000 TFLOPS
FP4

Hopper
4,000 TFLOPS

FP8
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Team GLM et al. ChatGLM: A Family of Large Language Models from GLM-130B to GLM-4
All Tools. arXiv:2406.12793

Hanyu Lai, Xiao Liu, et al. AutoWebGLM: A Large Language Model-based Web Navigating
Agent. KDD24

Wenyi Hong, et al. CogAgent: A Visual Language Model for GUI Agents. CVPR’24.
Zeng et al. AgentTuning: Enabling Generalized Agent Abilities for LLMs. arXiv: 2310.12823
Liu e al. AgentBench: Evaluating LLMs as Agents. ICLR 2024. arXiv: 2308.03688

Yushi Bai et al. LongBench: A Bilingual, Multitask Benchmark for Long Context
Understanding. ACL 24

Wang et al. CogVLM: Visual Expert for Pretrained Language Models. arXiv: 2311.03079

Qinkai Zheng, Xiao Xia, et al. CodeGeeX: A Pre-Trained Model for Code Generation with
Multilingual Benchmarking on HumanEval-X. KDD'23.

Xiao Liu, Hanyu Lai, Yu Hao, Yifan Xu, Aohan Zeng, Zhengxiao Du, Peng Zhang, Yuxiao
Dong, and Jie Tang. WebGLM: Towards An Efficient Web-enhanced Question Answering
System with Human Preference. KDD’23.

Aohan Zeng, Xiao Liu, Zhengxiao Du, et al. GLM-130B: An Open Bilingual Pre-trained Model.

ICLR’23.
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