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This talk covers

and many others at Tsinghua University and Zhipu.AI (智谱)Jie Tang 

https://arxiv.org/abs/2406.12793

…
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https://bigmodel.cn/

10,000,000 free tokens!



Performance vs. size (model / compute)

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



1. Schaeffer, et al., NeurIPS’23 Best Paper

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



Why Large Models?

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

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

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


Performance vs. loss of 1.5B, 6B, 32B models

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 (different metrics) vs. loss

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


Emergent Abilities defined by loss

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

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

! 𝑓 𝐿 if 𝐿 < 𝜂
0 otherwise

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

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

https://arxiv.org/pdf/2403.15796.pdf
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GLM-4 on Academic Benchmarks
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GLM-4 on Instruction Following (IFEval)

Zhou e tal. Instruction following evaluation for large language models. arXiv preprint arXiv:2311.07911, 2023



From GLM-130B to GLM-4 All Tools

GLM-130B
MMLU: 44.8%

ChatGLM

GLM-2
MMLU: 66.6% ChatGLM2

GLM-3

Align with human intent

Better Architecture with 32K Context

Aug. 2022 Mar. 2023

Jun. 2023

GLM-3
MMLU: 71.0% ChatGLM3Native Agent & Function Call Capabilities

Oct. 2023
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GLM as the Agent
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AgentBench: Evaluate LLMs as Agents

llmbench.ai

开源

https://llmbench.ai/
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• 多项Agent任务
1. Operating System
2. Database
3. Knowledge Graph
4. Digital Card Game
5. Lateral Thinking Puzzles
6. House-holding
7. Web Shopping
8. Web Browsing

• 仅单一Agent任务
无法泛化到多任务

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

AgentBench: Evaluate LLMs as Agents llmbench.ai

(Aug. 2023)

https://github.com/THUDM/AgentBench
https://llmbench.ai/
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AgentInstruct 智能体轨迹数据集

• 六项智能体任务

• 使用 Reward 过滤数据

• 仅保留高质量的1866条交互轨迹

Agent Tuning 混合训练

• 20% AgentInstruct + 80% ShareGPT

• 混合训练后于外分布任务展现泛化性

• 得到 AgentLM-{7B,13B,70B} 系列模型

开源AgentTuning: 少样本激活智能体泛化能力

Zeng et al, AgentTuning: Enabling Generalized Agent Abilities for LLMs. arXiv:2310.12823, 2023.
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AgentTuning: 少样本激活智能体泛化能力

同分布任务
显著提升, 比肩 GPT-4

外分布任务
泛化性良好, 接近 GPT-3.5

通用能力
与微调前表现相当

+76% +57%

+176%

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

开源
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GLM-4 on Agent Tasks (AgentBench)

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

Base Model
128k context

Base Model
1M context

Chat Model
1M context

Continue
Pre-training
~10B Token

Short + Long
SFT

Base Model
4k context

Pre-training
~10T Token

Chat Model
1M context

Evaluation w/

Init Model

Continue
Pre-training
~10B Token

Short+ Long
RLHF

1. Multi-Stage Training Activates Long-Context Capability

2. Hybrid Training Preserves Short-Context Capability

Final Model • AlignBench
• AgentBench
• NaturalCodeBench
• LongBench-Chat



• Synthetic data for long context pre-training and alignment

• Optimized context parallel for extremely long context training

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).

1. Divide-and-conquer context parallel to 

prevent OOM issues with 1M context.

2. Balanced varlen training to reduce idle

bubble time.

GLM-9B-1M-Chat



• Long Instruction Data Construction (LongAlign-10k)

Task type 
(summary)

Long Doc

Generated 
Task & Ans

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

User:
In my younger and more vulnerable years my father gave me 
some advice that I've been turning over in my mind ever since.  
…

Given the above text, please propose 5 English questions that 
require summarization or integration from multiple parts, 
make sure they are diverse and cover all parts of the text, in 
the following format: “1: ”, “2: ”, ...

Assistant:
1. Summarize the plots between Gatsby and Daisy…

10+ srcs: Books, Reports, Papers, ...

Multiple types: Multi-hop, Summarization, ...

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

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

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



• Efficient training: Packing & Sorted batching + loss weighting

…

Device1

Device2

Idle time

Device…

Packing

Training time

Sorted batching

…

…

… …

Batch 1 Batch 2

block diagonal attention mask

loss weighting
× "
#!$

# packs in the batch
# sequences in the batch
# target tokens in 

current sequence %

Naïve batching

Sequence Length

Nu
m

be
r

Length distribution
#!

By reducing idle time across samples within 
the same batch, our two efficient training 
methods achieve 2～3x speed up

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

开源LongAlign: 64K, 128K and 1M context



• LongBench-Chat Benchmark: Real-world queries of 10k-100k length, more 
challenging and discerning than Needle-in-a-haystack

“Needle in HayStack”

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

开源LongAlign: 64K, 128K and 1M context
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GLM-4 on Long Context Tasks (LongBench)

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



Inference: Auto-Parallel Auto-Regressive (APAR)

⾃并⾏⾃回归（APAR）⾃回归（AR）

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



Self-Contrast: Feedback-Free Alignment

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

• Adding negative samples is equivalent to adding positive samples

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



Self-Contrast: Feedback-Free Alignment

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

• Alignment using self-generated negatives without preference labeling.



Self-Contrast: Feedback-Free Alignment

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

Continuous performance improvement by adding negative samples only. 

• Alignment using self-generated negatives without preference labeling.



Self-Contrast: Feedback-Free Alignment

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

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

Increasing negative samples matches the performance boost of more preference pairs.
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GLM-4 on Alignment (AlignBench)

Liu et al., AlignBench: Benchmarking Chinese Alignment of Large Language Models. arXiv:2311.18743



From GLM-130B to GLM-4 All Tools

GLM-130B
MMLU: 44.8%

ChatGLM

GLM-2
MMLU: 66.6% ChatGLM2

GLM-3
MMLU: 71.0% ChatGLM3

GLM-4
MMLU: 81.7%

GLM-4 
（All Tools）

Align with human intent

Better Architecture with 32K Context

Native Agent & Function Call Capabilities

Aug. 2022 Mar. 2023

Jun. 2023

Oct. 2023

Jan. 2024

• AgentTuning• LongAlign

GLM-4 9B
（1M | Open）

Jun. 2024
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GLM-4 All Tools

• 融合多种工具的 Agent 形态，无需手动指定工具，自动触发
• Browser, Code Interpreter, Text2Image (CogView3)
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GLM-4 All Tools

• 融合多种工具的 Agent 形态，无需手动指定工具，自动触发
• Browser, Code Interpreter, Text2Image (CogView3)

“请查一下全球过去十多年的GDP情况，并画出趋势图，如果哪年GDP下降，在趋势中用红色标出来。”
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GLM-4 All Tools

• 融合多种工具的 Agent 形态，无需手动指定工具，自动触发
• Browser, Code Interpreter, Text2Image (CogView3)

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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智谱清言：智能体

chatglm.cn | APPs on iOS, Android, Windows, Mac
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智谱清言：智能体APIs

零代码创建智能体及智能体API

chatglm.cn | APPs on iOS, Android, Windows, Mac
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LLM/VLM for Building GUI agents?
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开源

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

CogVLM: Vision Language Models



• 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

CogAgent: A Visual Language Model for GUI Agents 开源

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

https://github.com/THUDM/CogVLM


CogAgent
请删除ppt中个人信息

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

https://github.com/THUDM/CogVLM
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任务：1. CogAgent日程设定；2. 邮件回复；3. github star

CogAgent

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

https://github.com/THUDM/CogVLM


AutoWebGLM 开源

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



AutoWebGLM——训练框架

课程学习 -> DPO 偏好学习 -> 拒绝采样微调

开源

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



AutoWebGLM (Android)

!"#$%&'()**
+,-**+./012
3456178

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

Human: 78%

48.2%



AutoWebGLM (Android)
!"#$%&'()*+,
-./0123.45
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1. 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
MMLU: 44.8%

ChatGLM

GLM-2
MMLU: 66.6% ChatGLM2

GLM-3
MMLU: 71.0% ChatGLM3

GLM-4
MMLU: 81.7%

GLM-4 
（All Tools）

Align with human intent

Better Architecture with 32K Context

Native Agent & Function Call Capabilities

Aug. 2022 Mar. 2023

Jun. 2023

Oct. 2023

Jan. 2024

CogVLM | CogAgent | AutoWebGLM

• AgentTuning• LongAlign

GLM-4 9B
（1M | Open）

Jun. 2024



Benchmarks
• 对齐：AlignBench (ACL’24)

• evaluating Chinese alignment for language and reasoning
• 智能体：AgentBench (ICLR’24)

• evaluating LLMs’ agent capacities
• 长文本：LongBench (ACL’24)

• evaluating long context handling
• 工程代码：NaturalCodeBench (ACL’24 Findings)

• evaluating real code problem solving
• 多语言代码：HumanEval-X (KDD’23)

• evaluating code generation beyond Python
• 安全：SafetyBench (ACL’24)

• evaluating LLM ethics and safety



49Figure credit: google | nvidia

Scaling 的尽头？
Ac

cu
ra

cy
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https://github.com/THUDM

谢谢大家！


