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1950 = 2020 - 2022

“The Great Wall of China was built from as early
as the 7th century BC, with selective stretches
later joined by Qin Shi Huang (220-206 BC), the

first emperor of China. ”

Math (GSM8k)

Q: Roger has 5 tennis balls. He buys 2 more cans
of tennis balls. Each can has 3 tennis balls. How
many tennis balls does he have now?

https://en.wikipedia.org/wiki/Great_Wall_of China 3
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2023.3.14 GPT-4

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

=4 Dm PAPLTDONY senes

 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.

OpenAl. GPT-4 Technical Report 5



OpenAl GPTZA4!f=HY

Few-shot

In addition to the task description, the model sees a few
1. F{ZEEER examples of the task. No gradient updates are performed.

Translate English to French: task description
.: - : : 2:3_ sea otter => loutre de mer examples
20551 peppermint => menthe poivrée
plush girafe => girafe peluche
GPT-3 Cheese => prompt

+ RLHF

OpenAl.
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GPT-3
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OpenAl GPTZA4!f=HY
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OpenAl GPTZA4!f=HY

Ground truth
Circulation revenue has increased by 5% in Finland. \n Positive
Panostaja did not disclose the purchase price. \n Neutral
Paying off the national debt will be extremely painful. \n Negative
- The company anticipated its operating profit to improve. \n
1. HZEEER !
)
Positive m
|
— - - Random
. ‘T‘ . . ;%;_ ‘[]7
205F5R Circulation revenue has increased by 5% in Finland. \n Neutral
Panostaja did not disclose the purchase price. \n Negative

Paying off the national debt will be extremely painful. \n Positive

The company anticipated its operating profit to improve. \n
GPT-3 '

Positive m

Facebook.



OpenAl GPTZA4!f=HY

Prompt

Explain the moon landing to a 6 year old in a few sentences.

Completion

1. HZEEEEE

GPT-3

Explain the theory of gravity to a 6 year old.

Explain the theory of relativity to a 6 year old in a few

— ! I sentences.
T 4t
205K

Explain the big bang theory to a 6 year old.
Explain evolution to a 6 year old.

GPT-3
+ RLHF

https://openai.com/research/instruction-following
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OpenAl GPTZA4!f=HY

Prompt

Explain the moon landing to a 6 year old in a few sentences.

Completion
GPT-3

Explain the theory of gravity to a 6 year old.

Explain the theory of relativity to a 6 year old in a few
sentences.

Explain the big bang theory to a 6 year old.

Explain evolution to a 6 year old.

InstructGPT

People went to the moon, and they took pictures of what they
saw, and sent them back to the earth so we could all see them.

https://openai.com/research/instruction-following



Algorithm

State of GPT by Andrej Karpathy

GPT Assistant training pipeline

Pretraining

Raw internet
text trillions of words
low-quality, large quantity

O

Language modeling
predict the next token

D

Base model

1000s of GPUs
months of training

ex: GPT, LLaMA, PaLM
can deploy this model

https://www.youtube.com/watch?v=bZQun8Y4L2A

Supervised Finetuning

Demonstrations ®
Ideal Assistant responses,
~10-100K (prompt, response)
written by contractors

low quantity, high quality

O

Language modeling
predict the next token

init
from 0
SFT model

1-100 GPUs

days of training

ex: Vicuna-13B

can deploy this model

Reward Modeling

Comparisons ®
100K —1M comparisons
written by contractors

low quantity, high quality

O

Binary classification
predict rewards consistent w
preferences

init c
from
RM model

1-100 GPUs
days of training

Reinforcement Learning

Prompts O
~10K-100K prompts -
written by contractors

low quantity, high quality

Reinforcement Learning
generate tokens that maximize
the reward

init from SFT
use RM

RL model

1-100 GPUs

days of training

ex: ChatGPT, Claude
can deploy this model

. May 25, 2023
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BRESERE . GLM—B[E

31

7N

HiEIER Rk vs. B8 BAESEfE  Cond. Gen.

BEl3 (GPT) BmEEST] —
B4mi3 (BERT) X EERT] Vv

TRiSes-#Ses (T5) RS
HOFRE (GLM)  WREESSD Vv

T To T3 Ty Ts Tg

(a) Sample spans from the input text : GLM
E (Transformer w/ masked self-attention)

1 (O A O O

1y x2 [M] za [M] [S] 25 =x¢ [S] =z3

Part A: Ty 2 [I\I] Ty [l\vl]

Part B: Ts Tg T3 E Position 1 1 2 3 ! b B) ) D 3 3
Position 2 0 0 0 0 0 1 2 3 1 2

(b) Divide the input into Part A and Part B (c) Generate the Part B spans autoregressively

1. Du, et al. “"GLM: General Language Model Pre-training with Autoregressive Blanking Infilling.”, ACL, 2022

X

Query

=a
zs

Uncond. Gen.

X
Key
ry xp [M] x4 [M] [S] @5 76 [S]

1 X X X X X
2 X X X X X
M] X X X X X
! XA XSRS
(M] X X X X X
(S] X X X X
Ty X | X | X
L X X
[S] X

(d) Self-attention mask

16
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Like a complete unknown, like a rolling stone
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1. Du, et al. “"GLM: General Language Model Pre-training with Autoregressive Blanking Infilling.”, ACL, 2022 17
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Empirical Learning Rate

Im4oss-training/Im loss vs tokens
tag Im-loss-training/lm loss vs tokens

111111

Re-load and adjust the
learning rate after collapse
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(a) OPT 175B’s experiments (b) BLOOM 176B’s experiments (c) GLM 130B’s experiments

Sources: OPT / BLOOM / GLM-130B



GLM-130B: =2xEl

O Attention score |

T T T
softmax (Qz\f_:;’ > = softmax <<Q’\I/{é’ — max (QZ\I/{EZ )) X a) = FP16 <Softmax <FP32 <
Q Q

Attention ENSDHBHREZIET FP16 FREE

=: Softmax in 32 i Tt

5)31A

Text&Text Attention Distribution (Layer 38)

6000 1

4000

2000

attention

0

—-2000

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38

head

Zeng, Liu, et al. GLM-130B: An Open Bilingual Pre-trained Model. ICLR’23
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GLM-1308B: E%L/L:\“

5)31A

O iE/)\ Embedding E#5E, EAFRTHITEERENER)

word emb

Embedding |

edding — word_embedding " alpha
word_embedding alpha

=HEFENER LNER, KRB EEMiEEg

rad-norm/grad-norm-embeddin rad-norm/grad-norm-layer-0 _ TR
t%g: grad-norrg/grad-norm-embeddingg ?ag: grad-norr?m/grad-norm-Ia)),'er-O 6.5 - 1‘\. . é?gd:zer:'ggﬁﬂrl?-01
11 1
007 6 % 40B-No-Embedding-
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(a) Gradient norm of embedding layer (left) and the first layer (right) (b) Training loss curves of GLM-40B with and without gradient shrink

Zeng, Liu, et al. GLM-130B: An Open Bilingual Pre-trained Model. ICLR’23
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GLM-130B: =2xEl

7

o \“
2.5k 3.5k 4k

(c) GLM 130B’s experiments

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

5)31A
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Im-loss-training/Im loss
tag: Im-loss-training/Im loss
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(d) GLM 130B’s real training
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Zeng, Liu, et al. GLM-130B: An Open Bilingual Pre-trained Model. ICLR’23
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% Major Issues Encountered for Training GLM-130B

o

GLM-130B: F{ZiEBIZ R

2021.12

* The “F1Z " (100B) project towards an open dense pre-trained GLM at 100B scale is conceived

* Survey pre-training strategies of existing models of similar scale, such as GPT-3, Gopher => Limited public info
about how they were trained and issues they met

* Search for possible GPU clusters & sponsors

2022.1

* Test the performance of FP16/FP32 at 100B scale on one testing cluster

» Unexpected excessive memory usage in GLM => Torch is better with fixed length input sequences
* Inability to converge and try tricks from CogView and ViT => Use Sandwich-LN

* Frequent random hardware failures => Have to run HCPG test before each run

2022.2

* Very slow training speed than previously calculated => Optimize kernels and fuse operators => Find the input
shape is critical to kernel performance

* Collect pre-training corpora and tokenize => Use icetk: the sentence piece is set to the unigram mode

* Debug the 3D pipeline parallel in the newly-released Megatron and DeepSpeed

2022.3

* It can’t recover perfectly from optimizer states => Our customized dataloaders do not save its state seed
properly in distributed training

* The memory per processor is too small => Require too many pipeline stages => Batch size is too large {up to
12,000) => Harm the model’s convergency

* It can’t launch more than 2,000 computing nodes => Overcome this and support 6,000-node training by
tuning Linux kernel TCP parameters

* Collect data for multi-task instruction pre-training

* Receive opportunities to test trainings on several other clusters

* Very slow training speed than expected => The underlying element-wise operators don’t support fast
computation on large-dimension vectors.

O 20224

* Optimize A100 kernel’s computing efficiency => A100 kernels prefer square-shaped inputs, and
seq_len=2,048 is optimal for our hidden-state dimension (12,288)

* Inability to converge due to large gradient norms (170+) of input embeddings => Try embedding norm and
gradient shrink, which turn out to be almost equivalent

* Naive post-LN or pre-LN disconverges after several thousands of steps => Try Sandwich-LN with PB-Relax

» |t still disconverges after one week’s trial => The dataloader state seeds are not unified for different pipeline
stages, resulting in a mismatch of input data and labels.

* Test two positional encodings: RoPE and Alibi => Alibi can be slower as it requires element-wise
manipulation on attention matrices---changing num_heads *2,048 * 2,048 scalars per layer

* Test GeGLU and GAU => GAU converges faster with relatively poor performance on fine-tuned SuperGLUE

» Abnormal GPU memory usage of newly-added functions and classes => DeepSpeed hardcodes the function
names for checkpoint activation

* Decode to train GLM with 130 billion parameters => allow inference on a DGX-A100 40G node

O 202256

* Implement a RoPE cuda operator in C++ => See unexpected precision errors and finally have it abandoned

* Sandwich-LN still disconverges => 1) Reducing learning rate does not help; 2) Using Hinge cross-entropy
becomes slower and harms performance; 3) Shifting to DeepNorm still disconverges

* Use FP32 in softmax of attention => Success

* Find PB-Relax unnecessary for FP32 softmax => /t also slows down training as it needs to manipulate the whole
attention score matrices

* Experience few spikes in later training => 1) Reduce gradient shrink factor from 1 to 0.1: useful; 2) Reduce the
learning rate: sometimes useful; 3) Jump the noisy data batches: sometimes useful

* Find a mistake in multi-task data after training for 20,000 steps => Use the correct data but it does not forget

O 2022.6-7

* Adapt the pipeline parallel checkpoints to ordinary parallel checkpoints for efficient inference on a single A100

* Work on evaluation scripts on datasets: MMLU, Big-bench, CLUE, SuperCLUE, etc.

* Implement P-Tuning and P-Tuning v2 for parameter-efficient tuning on GLM-130B for tuning on SuperGLUE

* Work with BMInf on adapting GLM-130B to perform inference on a single V100 or 3090 => Use pipeline-style
asynchronous swapping between main memory and GPU memory

* Try to fine-tune GLM-130B with fewer A100 nodes (i.e., 12-16 nodes) => Pipeline-style fails due to too many
pipeline stages => Find that data parallel can not be introduced for fine-tuning => Use 32-way model parallel fo
fine-tuning with reasonable performance

https://github.com/THUDM/GLM-130B
Tsinghua KEG




GLM-130B: FZEEI 7R

Lesson 1 (Bidirectional Architecture).
The bidirectional-attention GLM is a strong architecture alternative, in addition to GPTs.

Lesson 2 (Platform-aware Configuration).
Configure LLMs based on the cluster and parallel strategy used to squeeze hardware potential.

Lesson 3 (Improved Post-LN).
Counter-stereotypically, DeepNorm, a type of Post-LN, is the option to stabilize GLM-130B.

Lesson 4 (Training Stability Categorization).
Unexpected training instability that LL.Ms suffer from arouses systematically and numerically.

Lesson 5 (Systematical Instability: FP16).
Though FP16 induces more instability, it enables training and inference on diverse platforms.

Lesson 6 (Numerical Instability: Embedding Gradient Shrink).
Shrinking embedding layer’s gradient to its 0.1 can solve most numerical instability problems.

Lesson 7 (GLM’s INT4 Quantization Scaling Law).
GLM has a unique INT4 weight quantization scaling law unobserved in GPT-style BLOOM.

Lesson 8 (Future Direction).
To create powerful LLMs, the main focus can be on 1) more and better data, 2) better architec-
tures and pre-training objectives, and 3) more sufficient training.

Zeng, Liu, et al. GLM-130B: An Open Bilingual Pre-trained Model. ICLR’23
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1
1
1
Model : Model Creator ! Modality # Parameters Tokenizer Window Size Access | Total Tokens Total Queries Total Cost
J1-Jumbo v1 (178B) : AlI21 Labs i Text 178B Al21 2047 limited 327,443,515 591,384 $10,926
J1-Grande v1 (17B) 1 AI21 Labs : Text 17B Al21 2047 limited | 326,815,150 591,384 $2,973
J1-Large v1 (7.5B) ! Al21 Labs 1
Anthropic-LM v4-s3 (52B) i Anthropic : B. S .
BLOOM (176B) 1 BigScience : AI21 Iabs A N T H Ro P\c Ig>cience r
To++ (11B) : BigScience 1
Cohere xlarge v20220609 (52.4B) 1 Cohere :
Cohere large v20220720 (13.1B)® : Cohere 1
Cohere medium v20220720 (6.1B) | Cohere : =
Cohere small v20220720 (410M)>° 1 Cohere I @ GO Ie m M t M <D!
GPT-J (6B) H EleutherAl ] ) &) g e G IC rOSO I t
GPT-NeoX (20B) | EleutherAl ;| [Eu NVIDIA.
T5 (11B) 1 Google :
UL2 (20B) g Google I
H
OPT (66B) 1 Meta 1
1
OFT (1758) L e ] andex TOGETHER
!
TNLG v2 (6.7B) | Microsoft/NVIDIA |
TNLG v2 (530B) I Microsoft/NVIDIA :
I
o . 1 .
S I OpemAl A https://crfm.stanford.edu/helm, 2023.0308
GPT-3 curie v1 (6.7B) 1 OpenAl I
GPT-3 babbage v1 (1.3B) : OpenAl 1 Text 1.3B GPT-2 2048 limited 422,123,900 606,253 $211
GPT-3 ada v1 (350M) 1 OpenAl 1 Text 350M GPT-2 2048 limited 422,635,705 604,253 $169
InstructGPT davinci v2 (175B%) 1 OpenAl : Text 175B* GPT-2 4000 limited 466,872,228 599,815 $9,337
InstructGPT curie v1 (6.7B%) : OpenAl 1 Text 6.7B* GPT-2 2048 limited 420,004,477 606,253 $840
InstructGPT babbage v1 (1.3B%) 1 OpenAl 1 Text 1.3B* GPT-2 2048 limited | 419,036,038 604,253 $210
InstructGPT ada v1 (350M*) 1 OpenAl : Text 350M* GPT-2 2048 limited | 418,915,281 604,253 $168
Codex davinci v2 : OpenAI 1 Code Unknown GPT-2 4000 limited 46,272,590 57,051 $925
Codex cushman v1 OpenAl 1 Code Unknown GPT-2 2048 limited 42,659,399 59,751 $85
1 GLM (130B) ITsinghua University |l Text 130B ICE 2048 open 375,474,243 406,072 2,100 GPU hours
YaLM (100B) I Yandex 1 Text 100B Yandex 2048 open | 378,607,292 405,093 2,200 GPU hours

Liang et al., Holistic Evaluation of Language Models. arXiv: 2211.09110

IHELM
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F{ZEFEGLM-130B

R, BEMES BIREST , BENTIREREE TR RS
. = GPT-3 (2020) #EaFaiEF |, & IR AR EE TR R RN RE
Accuracy 1T Robustness T Fairness 1
InstructGPT davinci v2 (175B%) InstructGPT davinci v2 (175B%*) InstructGPT davinci v2 (175B%)
TNLG v2 (530B) s Anthropic-LM v4-s3 (52B) I TNLG v2 (530B)
Anthropic-LM v4-s3 (52B) I GLM (130B) N Anthropic-LM v4-s3 (52B)
OPT (175B) I TNLG v2 (530B) | OPT (175B)
Cohere xlarge v20220609 (52.4B) BLOOM (176B) s BLOOM (176B)
J1-Jumbo vl (178B) I OPT (175B) I Cohere xlarge v20220609 (52.4B)
GPT-3 davinci v1 (1758) 1 Cohere xlarge v20220609 (52.4B) I OPT (66B)
GLM (130B) I J1-Jumbo v1 (178B) I J1-Jumbo v1 (178B)
OPT (66B) I GPT-3 davinci vl (175B) s GPT-3 davinci v1 (17SB)
BLOOM (176B) s OPT (66B) I GLM (130B)
J1-Grande v1 (17B) J1-Grande v1 (17B) ———— J1- -Grande v1 (17B)
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OGLM-130BIIEIRINTAZ4L (E1FIE75%)

GLM-130B GPT-3
FP16 INT8 INT4 FP16

MMLU (acc, 1) 4475 4471 44.80 43.9
LAMBADA (acc, 1) 80.21 80.21 7947 76.2
Pile (a part, BPB, |) 0.634 0.638 0.641 0.74

Model Precision

GPU Type 128 Enc./Dec. 512 Enc./Dec,
8 x A100 (40G) 0.15s 4.29s 0.18s 17.7s
8 X V100 (32G) 0.31s 6.97s 0.67s 28.1s
4 x RTX 3090 (24G) 0.37s 8.16s 1.30s 32.3s
8 X RTX 2080 T1 (11G) 0.39s 6.77s 1.04s 27.3s

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

45
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O FovthonBt B BEHFEAORE, BA— T RAENAT, SIMHER
T2 B HEF B4 Python LR3I

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

for i in range(n):

4% S~ 1 N pod A JIE G 2

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

TENXER, ERBA—THAE, HEBERAFRENERTHR, ARHLHFEHNE
4:

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

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

XE2—TEFNERAFEE, FJURERRKSEATESNT R,



Z-Bench =1 FBuFNzE
(e TR iR AR )

GPT3.5 GPT4 Sy N ChatGLM
HIligE N 59/63 60/63 26/63 40/63
BB RE 71 120/209 159/209 41/209 74(+5)/209
& B 9 20/39 26/39 11/39 11(+5)/39
5 199/311 245/311 78/311 125(+10)/311
he/mn 64.0 78.8 25.1 40.2(+3)

2023.03.20 54
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EHCBfx %% ChatGLM-6B

Download all model files from Huggingface
1. qgit clone https://huggingface.co/THUDM/chatglm-6b

Download the demo
1. git clone https://github.com/THUDM/ChatGLM-6B
2. cd ChatGLM-6B

Install the demo
1. pip install gradio
2. python web_demo.py 1 -o

Interactive demo
1. python cli_demo.py

Install the api
1. pip install fastapi uvicorn
2. python api.py

Run on your MAC (w/ Apple Silicon)

1.  model = AutoModel.from_pretrained("your Ic



https://huggingface.co/THUDM/chatglm-6b
https://github.com/THUDM/ChatGLM-6B

ChatGLM-6B
o 6B parameters

o 1T tokens training data
o 6G GPU mem (INT4)

Mar. 14, 2023, open-soured model
Mar. 16, 2023, #1 on GitHub Trending
Mar. 18-30, #1 on HF Trending
Jun. 23, 2023, 3M downloads in HF
30k stars on GitHub

> https://huggingface.co/THUDM

EHCBfx %% ChatGLM-6B

B Spaces using THUDM/chatglm-6b

* multimodalart/ChatGLM-6B # ChallengeHub/Chinese-LangChain

OptimalScale/Robin-7b * ysharma/ChatGLM-6b_Gradio_Streaming
DrSong/ChatGLM-6B-ChatBot

ysharma/OSChatbots_ChatGPT_ToeToToe @ shibing624/ChatPDF

¥ josStorer/ChatGLM-6B-Int4-API-OpenAl-Compatible

gingxu98/academic-chatgpt-beta M |jsabc/Fujisaki
hahahafofo/ChatGLM-Chinese-Summary
Kevin676/Shanghainese-TTS-demo & suchun/chatGPT_acdemic

hahahafofo/ChatPDF ¥ Ameaou/academic-chatgpt3.1

@ OedoSoldier/chatglm_int4_demo € Dao3/Che" ™" 7

* aodianyun/ChatGLM-6B

elitecode/ChatGLM-6B-ChatBot ¥ fkhuggingm E EE
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ChatGLM2-6B

- EESEARYTERE:

* 1.AT REFRRRTHITI)IZRS ASSREF I 77114k
+ MMLU (+18%) . CEval (+33%) . GSM8K (+572%) . BBH (+60%) .,

- BRMLETX:

- HEEERR) ETRIKE (Context Length) B ChatGLM-6B Y 2K ¥ EEI T 32K;
o YNEMER(ER 8K FULETFAKENIZR, OIFEZHIRAIRTIE.

o FERSHERR

- HIEIRERLCTCIREA T 42%;
- INT4 &, 6G EFFAIMNEIKER 1K #2737 8K,

- BBHRRIEDIN

- ChatGLM2-6B NENZ AR
- EREELNPEFAE, TFFrLEA.



ChatGLM-6B vs. ChatGLM2-6B

ChatGLM-6B vs. ChatGLM2-6B
80

+18% +33% +572%
60
40
20
0

MMLU C-Eval GSM8K

B ChatGLM-6B (3H14) ChatGLM2-6B H 2XRFLEMRE-7B (7H48)




ChatGLM-6B - ChatGLMZ2-6B

ChatGLM-6B  ChatGLM2-6B

o 6B parameters o 6B parameters

o 1T tokens training data o 1.4T tokens training data
o 6G GPU mem (INT4) o 6G GPU mem (INT4)

Mar. 14, 2023, open-soured model
Mar. 16, 2023, #1 on GitHub Trending
Mar. 18-30, #1 on HF Trending
Jun. 23, 2023, 3M downloads in HF

Jun. 25, 2023, open-soured model
Jun. 27, 2023, #2 on GitHub Trending
Jun. 26- Jul. 8, #1 on HF Trending
Jul. 8, 2023, 880k downloads in HF
30k stars on GitHub 8k stars in GitHub

> https://huggingface.co/THUDM



ChatGLM-130B vs. ChatGLM2

ChatGLM vs. ChatGLM2 vs. ChatGPT vs. GPT-4
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# Model

0 ChatGLM2
1 GPT-4*
2 SenseChat

3 InternLM

4 ChatGPT*

5 Claude-v1.3*

6 ChatGLM2-6B

74 SageGPT

8 AndesLM-13B
Claude-instant-

v1.0*

10 WestlakeLM-19B

11 =
bloomz-mt-
12 176B*

Creator

Tsinghua & Zhipu.Al
OpenAl
SenseTime
SenseTime & Shanghai Al
Laboratory (equal
contribution)
OpenAl
Anthropic
Tsinghua & Zhipu.Al

4Paradigm Inc.

AndesLM
Anthropic

Westlake University and
Westlake Xinchen
(Scietrain)

Fuxi Al Lab, NetEase

BigScience
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67.8

68.8

56.4

53.6
53.7
49.8
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WebGLM = GLM + Search

Why do people try to maintain eye contact while communicating?

People try to maintain eye contact while communicating because it is a form of body
language which can help improve communication and create a positive impression. Eye
contact is a non-verbal form of communication which can help show that you are actively
listening and paying attention "' It can also make others more likely to like and respect you,
making it an important tool for building and maintaining relationships '?!. Furthermore, a lack

of eye contact can negatively impact communication, making misunderstandings more likely
to occur.

{7 Like G2 Dislike

[1] Why Eye Contact is Important in Communication

Eye contact is a type of body language that is extremely important during communication and
conversation. Sometimes, our eyes and body language speak even more than words. Keeping eye
contact with the person you are talking to shows that you are actively listening and paying attention.

[2] Why Eye Contact is Important during Conversation?



A& EE GLM R5IIEEY

6H25H

=)A5

WebGLM 1451654
8 | KDD ;
8. 500{7+ =24 FIR | ChatGL:MZ 6B
> FR
FhR | KDD g ChatGLM2-12B
10,000{Z=F+ §FT

ChatGLM2-32B
ChatGLM-6B .
FiR

ChatGLM2-
4,000{ZFF 6,000 +SFT atGLM2-668

GLM GLM GLM-130B GLM-130B
2814 | ACL FiZ | FoE | ICLR | > ChatGLM ChatGLNZ
ZOEL 15 98 85 38148
l I l l iu I l l L l |¢ 2 £ l I
— g ———— i —— 1

118308  3814H
ChatGPT GPT-4



r0tERICodeGeeX

1301284, 20SThmIZES XIS REL CodeGeeXiREWIGRIIAGE™ALT H
SISTITIRES , BERIBE. B, HESeh il

. . HFRE&(Layernorm/Gelu/BatchMatmul)
2.6k GitHuUb& , VSCode, JetBrainsiwgiEthi{t N \
FEpERE FE RN E RGN EHEERS

70%

o CodeGeeX-13B tEgeiRH

= 60% Multi- ek

: CodeGen-Mult-168 ERIE910: Kl IR 257%

% 50% CTORE £SO 07 SRR T+ 299%

Q GPT-NeoX-20B RFHIE I LU A VIERRAS e 0

S 40% CodeGen-Multi-6B

M o=

& 30% SlET BRXBERFRRWS5002 51708 (2023.05)
‘_g 209 PolyCoder-2.7B CodeGeeX

UCJ o > Zhipu Al | &,3219%installs | ¢ % % % % (19) | Free

)

€ 10% o e e e
:E IpretrainedponaIa(:gbeycoi:iegcorpulofmlolre?har: 20dprggramming Ian(:;u:age: e I

25 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Number of Parameters (B)

Zheng et al., CodeGeeX: A Pre-Trained Model for Code Generation with Multilingual Evaluations on HumanEval-X. KDD’23



(73tEEICodeGeeX

3 Visual studio Code [ (@ g [ § oy

Aj;Lg User prompt i 1L‘:{i55:é555;i§2

# Write a factorial function

. J

v

A Pre-trained CodeGeeX
(’/’ ! (Code Generation)

v

(1 def factorial(n):

2 factorial = 1
3 for i in range(1, n + 1):
4
S5

-

factorial x= i
return factorial

. ) il ) ~ .
e 5, User prompt ) User prompt ;35%';%2
# Translate from Python to C++ : # Explain the code line by 1line

. J

< AN Fine-tuned CodeGeeX < . | CodeGeeX + Few-shot prompting
/ (Code Translation) / (Code Explanation)

1 int factorial(int n) { i ( def factorial(n):

int result = 1; # initialize factorial

for (int i = 2; i <= n; ++i) { factorial = 1

1
2
3
result *= i; 4 # loop through the list
} 5 for i in range(1, n + 1):
6
7
8
9

\

J/

A

SN

N =
—
1,

N

return result; # multiply the entry to the factorial
factorial %= i

# return the factorial

return factorial

,
No s WN




A& EE GLM R5IIEEY

6H25H

=)A5

WebGLM 1451654
8 | KDD ;
8. 500{7+ =24 FIR | ChatGL:MZ 6B
> FR
FhR | KDD g ChatGLM2-12B
10,000{Z=F+ §FT

ChatGLM2-32B
ChatGLM-6B .
FiR

ChatGLM2-
4,000{ZFF 6,000 +SFT atGLM2-668

GLM GLM GLM-130B GLM-130B
2814 | ACL FiZ | FoE | ICLR | > ChatGLM ChatGLNZ
ZOEL 15 98 85 38148
l I l l iu I l l L l |¢ 2 £ l I
— g ———— i —— 1

118308  3814H
ChatGPT GPT-4



Ay RPN ELS T

&l ChatGLM-6B | Public
ChatGLM-6B: An Open Bilingual Dialogue Language Model | FFEXIEXY
SR8

@ Python Yr31.2k ¥ 4.1k

[ ChatGLM2-6B ' Public
ChatGLM2-6B: An Open Bilingual Chat LLM | FFEXIEMHEIE S (&

@ Python Y79 % 1.3k

] WebGLM | Public
WebGLM: An Efficient Web-enhanced Question Answering System
(KDD 2023)

@ Python Yrk %102

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

@ Python 1y 66k % 518

(] CodeGeeX ' Public

[ VisualGLM-6B | Public
CodeGeeX: An Open Multilingual Code Generation Model (KDD 2023)

Chinese and English multimodal conversational language model | Z&E&
PRIGENTEIESIRE

@ Python ¥ 28k % 291 @ Python Yr6k % 432

https://github.com/THUDM



Ay RPN ELS T

e 2023F05H28H , #HEER 12000 - 6000.00
FERRXHHSIE ERTN (oo | e
F AT EHRERREIMPEAZT 000 4000.00
IReS) E7< ChatGLM-6B 6000 - 3000.00

NARBFREZMAOE—8 00 ' e i e 2000.00
+  F{ZEE: GLM-130B, 2°°§ I B R 7 22 E imf§§7 : oer ;goooo.oo
U
g?iiﬂ;g: zf);(\el)i(gleo\ 06‘& @Oc’%@wi@/& @\%@&0&:&\&0 (géﬁ\\ > éﬁ’\
ERRIIET GLM & ¢ @y
HESAMER\ EFEEI S &
wr BN —— K

https://github.com/THUDM



INAIARTRESRER

O %5 In-context 8E/]
O B351)l|4k: KEpn ARBLERR )2

O A sufficiently-trained LLM could be more powerful than we ever thought
O Efé FIIMERNBRESE. SREES (BIRRED)
IRz H/BEMA
O 1.:?(1‘%””*[! =]
O 1EXREIME (BfEWeb) 32B
0 BREFS
0 XERBRPERKRE (self-instruct)




O BAR:
O B RFANA TR =E (KEG)
o £FiZAl

0 B AFPACMANSLIG=
0 AR AR S ANE

“'?
2l

/11

o&Eh: }-%%

FELZIE

o BIEAER Jﬂﬂ%‘ﬁ SRS g ) 5 A

0 FZ)l145: u.ﬁiﬁ_%“m/b (GLM-130B)
0 ChatGLMi)llZk: Z5iZAl




AR !

¥~ https://chatglm.cn

O https://github.com/THUDM

w. | https://huggingface.co/THUDM




IJ f



Dunbar's Number

How Many Connections
Do/Can You Maintain?
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<OLP

Dunbar's Number

SUPPORT SYMPATHY YOUR CLAN YOUR TRIBE ACQUAINTANCES NAME/FACE

GROUP GROUP people you the number of people you run into and people who you
consider close people with whom are able to hold a have met and can

your inner circle / people you can

the “closer than turn to for friends / those you can maintain casual conversation put a name to
kin” friendships sympathy or call you trust and are a meaningful with / you remember their face
able to be relationship how you met

for help in an

emergency vulnerable with

R.I.M. Dunbar. The Social Brain Hypothesis. Evolutionary Anthropology: Issues, News, and Reviews: Issues, News, and Reviews, 6(5), 178-190. 1998
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CodeGeeX: Code Generation

@ example_python.py U @ >y @ O -
1 1

P main* O ®O0OAO0 Ln1, Col2 Spaces:4 UTF-8 LF Python 3.10.864-bit < & Q


https://models.aminer.cn/codegeex/playground

CodeGeeX: Code Generation

G0 example_go.go U @

1

Ln1,Col1 TabSize:4 UTF-8 LF Go < & Q


https://models.aminer.cn/codegeex/playground

CodeGeeX: Code Translation

» example_python.py U @

1

X

Ln1, Col1 Spaces:4 UTF-8 LF Python < & Q


https://models.aminer.cn/codegeex/playground

CodeGeeX: Code Explanation

example_python.py U @ >y % M

1 def quick_sort(array):

if len(array) <= 1:
return-array

else:
pivot = array[0]
less = [i for-i-in-array[1:] if i <= pivot]
greater:-=-[i-for-i-in-array[1:]-if-i->-pivot]
return quick_sort(less) + [pivot] + quick_sort(greater)

Spaces: 4 UTF-8 LF Python 3.10.864-bit <»Done & [


https://models.aminer.cn/codegeex/playground
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3 Visual studio Code [ (@ g [ § oy

Aj;Lg User prompt i 1L‘:{i55:é555;i§2

# Write a factorial function

. J

v

A Pre-trained CodeGeeX
(’/’ ! (Code Generation)

v

(1 def factorial(n):

2 factorial = 1
3 for i in range(1, n + 1):
4
S5

-

factorial x= i
return factorial

. ) il ) ~ .
e 5, User prompt ) User prompt ;35%';%2
# Translate from Python to C++ : # Explain the code line by 1line

. J

< AN Fine-tuned CodeGeeX < . | CodeGeeX + Few-shot prompting
/ (Code Translation) / (Code Explanation)

1 int factorial(int n) { i ( def factorial(n):

int result = 1; # initialize factorial

for (int i = 2; i <= n; ++i) { factorial = 1

1
2
3
result *= i; 4 # loop through the list
} 5 for i in range(1, n + 1):
6
7
8
9

\

J/

A

SN

N =
—
1,

N

return result; # multiply the entry to the factorial
factorial %= i

# return the factorial

return factorial

,
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