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What is ChatGLM

« ChatGPT and GPT4 has gained enormous popularity
— However, techniques behind GPT become a secret to all

» ChatGLM, an open-source ChatGPT alternative, toward
unclosing the secret
— GLM-130B: an open-source LLM base model
— ChatGLM-6B: a lightweight open-source ChatGPT alternative
— ChatGLM-130B: not open-sourced, but available through API

https://github.com/THUDM/GLM-130B https://github.com/THUDM/ChatGLM3
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ChatGLM-6B: An Open-Source Alternative
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chatglm.al

ChatGLM

o m N ivisos [N o chatGiLm

O who are you?

@ | am an Al assistant named ChatGLM, which is developed based on the language model jointly trained by
Tsinghua University KEG Lab and Zhipu Al Company in 2023. My job is to provide appropriate answers

and support to users' questions and requests.

plo]

help me to write a blog outline which introduces ChatGLM

@ Sure, here's a blog outline that introduces ChatGLM:

iy Welcome to try

A. Brief overview of ChatGLM

B. Importance of Al assistants in today's world

Il. How ChatGLM works

A. Basics of Al language models
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Story generation

tell a 100 words story about athens in english, chinese, and greek

English: Athens, Greece's stunning capital, is a city of ancient ruins, modern architecture, and
vibrant culture. Celebrated for its role in democracy, philosophy, and the Olympic Games, Athens
offers visitors a unique blend of the past and present. Explore the Acropolis, Plaka, and Syntagma
Square, or relax at one of the many beautiful parks and beaches. Enjoy mouthwatering Greek
cuisine, from gyros to spanakopita, and immerse yourself in the city's lively arts and music scene.

Athens is a destination where history comes alive and memories are made to last a lifetime.

iy HHE, REEZWMOEEH, E-ERESTLHERED. IARANESEENm. BRREAHER
F. HEHEAMACRIENPAMUMER, BEIUEXEESZIMEATESHUEMNIZRM. HRE
Acropolis, Plaka ] Syntagma [ 15, SEERZEMHLENSHILE L., RESAETEMNFESE
B, MEASIERR, LECNEREHTEICHNZANEFRFRES. BRE—LHEHRETH, &
TESMTICIZ AR,

FRE1E: ABnva, n kalltepn Kat moAn tne Mailiag, sival Eva guykpououa Tne MAAaLOTEPNC Kal TnS
guYYPOoVNG Kal Tn¢ Karlteyvne pag. Itnv ABriva Ba Bpeilte dha ta omnmld pacg, Tn olyxpovn
APYITEKTOUPA KAl TNV KaAUTEPT KoWwvia. ZekKvnaTe Tn dlafacte v AkpomoAn, Tn Plaka kal to
Syntagma Square, 1) KQAUTITECSTE OTO £va AAAD TNG MOAAES OHOpPGES TTAPKY KAl TTapalies. MlEvoaoTe
v kahn NouykoohaBikn kouliva, and ta yipo oTn oTIAVaKoTiTa, Kal MapadTpePeTe gag eywyeld
LECQ OTY) TUYYPOVN KAAAMTEYVN Kal TN HOUCSLKY gknvr Tng ABrjvacg. H ABrjva eival éva onueio omou

i e ol Py mmmae T sl Caish smi g e i medhm e FRRE IFSLITE aeen Fioirh Tl T i



Applied Math

0 A company produces a toy for which the variable cost is 12.30 per unit and the fixed costs are E\:
98,000.The toy sells for $17.98.Let X be the number of units produced and sold.a) The total cos
t for a business is the sum of the variable cost and the fixed costs.Write the total cost C as a fu
nction of the number of units produced.b)Write the revenue R as a function of the number of

units sold.c)Write the profit P as a function of the number of units sold Y

@ a) The total cost for a business is the sum of the variable cost and the fixed costs. Write the

total cost C as a function of the number of units produced:
C(X) = 12.30X + 98000

b) The revenue R is the sales price minus the variable cost. Write the revenue R as a function of

the number of units sold:
R(X) = 17.98 - 12.30X

) The profit P is the revenue R minus the total cost C. Write the profit P as a function of the

number of units sold:
P(X) = R(X) - C(X) = 17.98 - 12.30X - 98000

Note: The negative sign indicates that the profit is a function of the number of units sold in the

negative direction, meaning that as the number of units sold increases, the profit decreases.



Coding

e Write a code for a bubble sort algorithm in Python, and give an array as an example

print{sorted_arr)

Sure, here's a simple bubble sort algorithm implemented in Python:
This should output something like:

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]:

# Swap odjocent elements if they are in wrong order
arr[i]l, arr[l+1l] = arr[3+1], arr[]]
return arr

To use this function, you'll need to define an array to sort, like so:

arr = [64, 34, 25, 12, 22, 11, 98]

Once you have your array defined, you can call the bubble_sort() function on it, like so:

sorted_arr = bubble_sort{arr)

Finally, you can print the sorted array like so:

[11, 12, 22, 25, 34, &4, 98]

Let's take a look at an example array to better understand how the bubble sort algorithm

works:

arr = [5, 2, 9, 1, 5, 6§, 18]

In this example, the first element (5) is sorted towards the bottom of the array, and the last
element (10) is sorted towards the top. The middle elements (2, 5, and 9) are sorted in

between their adjacent elements, as shown in the following sorted array:

[1, 2, 5, 5, 6, 9, 18]

Cwverall, the bubble sort algorithm works by iterating through the array, comparing adjacent
elements, and swapping them if they are in the wrong order. This process repeats until all

elements in the array are sorted in increasing order.



GLM-4V (pre-release)
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who are in this picture

@ In this picture, there are three football players. From left to right, they are Suarez, Neymar, and

Messi.



“draw a dog with a hat”
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KG engine ready...




GPT

[ code-davinci-002 ]
RASEUET) | 125

text-davinci-002 :
RLHF @iieiza |New Bing
InstructGPT - > (RLAF) IS GPT-4

GPT-3.5

Supervised FT

o) e |

[ text-davinci-003 J
(RLHF

)
WebGPT (RLHF)
_[2618]_[20'19 5020 (2021 (2021 (20'22]_[2623]_[20'23]_[ 314 ]_,
6 p) 5 L 7 | L 12 J L 11 p) 3 '

RLHF Copilot

[ GPT-3 + ] GitHub

1. 100B Base model 2. Supervised FT 3. RLHF




OpenAl’'s GPT
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General Language Model (GLM)

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

Autoregressive Blank-Infilling J y J
(GLM)

Du and Qian et al. All NLP Tasks are Generation Tasks. ACL’22.



General Language Model (GLM)
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General Language Model (GLM)

Du and Qian et al. All NLP Tasks are Generation Tasks. ACL’22.
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* Better than BERT, T5, RoBERTa

Results on Natural Language Understanding

Table 2. Results on the SuperGLUE dev set. Models with * are pre-trained for two times the number of steps of other methods.

ReCoRD COPA WSC

RTE BoolQ

WiC

CB

MultiRC

Model FllAcs. #Avo. hee oo, Ace oo, FilAes FHlaEM 8
BERTg,.c 65.4/649 660 654 700 749 688 709/768 684/215 66.1
GI M5 73.5/72.8 710 721 712 710 647 89.5/857 72.1/26.1 70.7
BERT] qrge 76.3/75.6  69.0 644 73.6  80.1 71.0 94.8/929 71.9/24.1 72.0
UniLM] yrec 80.0/79.1 720 654 765 805 697 91.091.1 77.2/382 74.1
GLM | grpe 81.7/81.1 760 817 740 821 685 96.1/946 77.1/363 77.0
GLM Ly (multi-task)  80.2/79.6  77.0  78.8 762  79.8 63.6 97.3/964 74.6/32.1 75.7
GLM 4i0n (multi-task) 81.5/80.9  80.0 81.7 794 819 690 93.2/964 76.2/355 78.0
GLM 5,5y (multi-task) 82.3/81.7  85.0 817 79.1 813 694 950/964 77.2/350 78.8
TSBase 76.2/754 730 798 783 808 679 948929 76.4/400 76.0
TS Lare 85.7/85.0 78.0 84.6 848 843 71.6 96.4/982 80.9/46.6 812
BART yrgc * 88.3/87.8 600 654 845 843 69.0 90.5929 81.8/480 76.0
ROBERTay . * 89.0/88.4 900 635 87.0 861 726 96.1/94.6 84.4/529 815
GI M 89.6/89.0 820 837 877 847 712 98.7/982 82.4/50.1 82.9
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 The most important thing is that one model can do all the things

Table 3. Results on Gigaword abstractive summarization

Resutls on Generation

Table 4. Zero-shot language modeling results.

Model RG-1 RG-2 RG-L
MASS it 18.5 34.9
UniLM{ arge 38.5 193 e
GLM Laree 38.6 197 360
GLM 40y (multi-task) 389  20.0  36.2

Model LLambada BookWiki
(Accuracy) | (Perplexity)

GLM Large (uni) 0.0 > 100
GLM | 4ree (multi-task,uni) 47.4 15.1
— 2d positional encoding 45.8 1.3.]
GLM 40m (multi-task,uni) 49.5 14.5
GLM 515M (multi-task,uni) 50.4 13.9
GLM e (multi-task,bi) 48.5 14.9
— 2d positional encoding 473 15.0
GLM 410Mm (multi-task,bi) 53.5 14.3
GLM 5,5m (multi-task,bi) 54.9 157
GPTLarge (uni) 50.1 14.4
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Why 100B-scale model?
(A) Mod. arithmetic

50
* What is 16 mod 12? 40

* 16 divided by 12 X GPT-3 (OpenAl)
equals 1 remainder > >
4. So the answer is 4! S o0

§ LaMDA (&3X)
< 10
0 - - -

10M 1B  100B

1. J Wei, et al. Emergent Abilities of Large Language Models. arXiv: 2206.07682
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(A) Mod. arithmetic
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Why 100B-scale model?

(B) TPA transliterate
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(F) Grounded mappings
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1. J Wei, et al. Emergent Abilities of Large Language Models. arXiv: 2206.07682

(C) Word unscramble
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Scaling Law

Scaling Law introduces complicated reasoning abilities

—e— Standard prompting

—&— Chain-of-thought prompting A
- = = Prior supervised best
LaMDA GPT 7Y
Math word
60 f| oroviems
BE\ ------------ Doable with chain of —
Y 5 40 thought prompting rerxsonmg
“E“ = Some spectrum Challenging
2 220 of NLP tasks R
3
0 Doable with standard ‘
prompting (GPT-3) ——
80
60
% Sentiment
E 4[] analysis
% £ 90 y
2 O(100B)
0 Scale of language model —————p-

Model scale (# parameters in billions)
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"Emergent abilities”

Gif Credit: Google



How to train a 100B—scale LLM?

« 8 months have witnessed numerous challenges

o Engineering: How to train 100B-scale models from scratch?
= Hygon DCU, NVIDIA A100, Ascend 910, Sunway
" Frequent & random hardware failures, Megatron-DeepSpeed 3D pipeline, CUDA kernel
efficiency, GPU memory overflow, 10K+ threads TCP init & comms...
o Algorithm: How to stabilize the training of 100B-scale models?
* The gradient norms of embeddings, Post-LN / Pre-LN stability, dataloader state seeds,

computation precision in Softmax / Attention

Project  System Data Hygon, NVIDIA  Algo/Sys Training Evaluations

Conceived Debug Large-Scale Tests Ascend, Sunway  Tests Stability Issues Quantization
O O Q O O O O O

2021.12 2022.1 2022.2 2022.3 2022.4 2022.5 2022.6 2022.7 To be

http://keg.cs.tsinghua.edu.cn/glm-130b/ continued
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Training Stability of 100B-Scale Models

O Tradeoff: Stability (Slow) or Efficiency (Instable)

O Existing Solutions

O OPT-175B: manually adjust LR & skip data when collapses (performance drop)
O BLOOM 176B: embedding norm & BF16 (performance drop, few platform)

Empirical Learmning Rate Im4oss-training/Im loss vs tokens

ey [~ tag Im-loss-training/m loss vs tokens “ J
S | : ‘ll u |
Re-load and adjust the \\\ ,” W |
g bed learning rate after collapse = .\“\‘ |
foses | /" / _ \ |
= e I ,/ - " ] '
A X r~ \Q |
0, 2e-4 e 5 E \
/’I-_-"'--_ . u._l'._.,_:__h-_""__'_ 1768 Lycs
. gless] : : -
. Bend ; == o
o 0k 20k 40k B0k B0k 100% 120k 140k \\“
(a) OPT 175B’s experiments (b) BLOOM 176B’s experiments (c) GLM 130B’s experiments

Sources: OPT / BLOOM / GLM-130B



GLM-130B: Training Stability

O Attention score: Softmax in 32 to avoid overflow
QK] \ Q.K; Q.K; B QK] \
softmax( \/E > = softmax << 7 —max( 7 )) X a) = FP16 <Softmax (FPSQ( cvx/g > X a/

Attention scores grow large --- exceeding FP16’s range

Text&Text Attention Distribution (Layer 38)

G000 |

4000 i

2000 = <

attention
_—

0

=2000

0 2 4 5 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



GLM-130B: Training Stability

O Embedding Layer Gradient Shrink (EGS)

word _embedding — word _embedding " alpha
word _embedding alpha

Embedding Layer gradients can be magnitudes larger than others

grad-norm/grad-norm-embedding grad-normy/grad-norm-layer-0
tag: grad-norm,grad-norm-embedding tag: grad-nomm)/grad-nonm-kayer-0

s l . 40B-Embedding-
6.5 b Gradient-Shrink-0.1
0

40B-No-Embedding-

\\ Gradient-Shrink

.
]
A 5
v
F
il
; \

u i 1k
PR, — Iﬂ " —
Ld = CE— 00 500 Tk 1.9k 2k 2.0k 3k 3.5k 4k 4 5k S5k 5.5k 6k 6

o9

1 2k 3k 4k Sk 6k Tk 8k 9k 10

(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



GLM-130B: Training Stability

O The final training run of GLM-130B

(¢) GLM 130B’s experiments (d) GLM 130B’s real training

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



GLM-130B Training Lessons

2021.12

* The "7 " (100B) project towards an open dense pre-traimed 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 1008 scale on one testing cluster

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

* Frequent random hardware failures => Have fo 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 => Lise icetk: the sentence piece is sef to the unigram mode

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

2022.3

* |t can't recover perfectly from optimizer states => Our customized datoloaders 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

* |t can’t launch more than 2,000 computing nodes => Overcome this and support & 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 fost
computation on lorge-dimension vectors.

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

o]

2022.4

= 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, 228)

* |mability 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-Relox

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

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

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

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

* Decode to train GLM with 130 billion parameters => aliow inference on g DEX-A100 406G node

2022.5-6

* |mplement a RoPE cuda operator in C++ => See unexpected precision errors and finalfy hove it obondoned

= Sandwich-LM still disconverges => 1) Reducing learning rote does not help; 2) Using Hinge cross-entropy
becomes slower and harms performance; 3) Shifting te DeepMNorm still disconverges

* Lse FP32 in softmax of attention == Success

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

* Experience few spikes in later training => 1) Reduce gradient shrink factor fram 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 doto but it does not farget

2022.6-7

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

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

* |mplement P-Tuning and P-Tuning v2 for parameter-efficient tuning an GLM-1308 for tuning on SuperGLUE

* Work with BMInf on adapting GLM-130B to perform inference on a single VY100 or 3090 => Uise pipeline-style
asynchronous swapping between main memory and GPU mermary

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



GLM-130B

English: better than GPT-3/0OPT/PaLM
on MMLU, LAMBADA, BIG-bench-Iite

43.9

44.8
GPT-3
PaLM
76.2 321
& i

LAMBADA {D—shnt]l BIG-bench-lite (0-shot) MMLU (5-shot)

= GPT-3175B = OPT-175B = PalLM-540B = BLOOM-176B = GLM-130B

Chinese: better than ERNIE 260B & YUAN 245B

g5.088.892.5 775 87.587.1901
16. E

EPRSTMT OCNLI-FC BUSTM CHID-FC CLUEWSC-FC CMRC2018

= YUAN 1.0-245B = ERNIE TITAN 3.0-260B = GLM-130B

research use
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Aug., 2022-Mar. 2023,
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« Oxford «Ping An Cap

«Shanghai Al Lab



GLM-130B in HELM
Stanford’s Holistic Evaluation of Language Models (HELM, Nov. 2022)

il 1
! I
Model : Model Creator : Modality # Parameters Tokenizer Window Size Access | Total Tokens Total Queries Total Cost
J1=Jumbo w1 (178B) : Al21 Labs 1 Text 1785 AlZ1 2047 limited | 327,443,515 391,384 510,926
J1-Grande v1 (17B) 1 AlZ21 Labs : Text 17B Al21 2047 limited 326,815,150 591,384 $2.973
J1-Large v1 (7.5B) : Al21 Labs 1 \
Anthropic-LM v4-53 (52B) ! Anthropic : B. s i
BLOOM (1768} I BigScience | AI21 Iabs Ig>cience . r
To++ (11B) { BigScience 1 .
Cohere xlarge v20220609 (52.4B) | Cohere ;
Cohere large v20220720 (13.18)™ : Cohere 1
Cohere medium v20220720 {(6.1B) | Cohere :
Cohere small v20220720 (410M)™ 1 Cohere 1 . . . ft @
1
I Bt m~ Microso
GPT-NeoX (20B) I EleutherAl 1| NVIDIA.
i
T5(118) : Google 1
UL2 (20B) 1 Google !
OPT (66B) [ Meta I
1
OPT (175B) i Meta : dan d ex TOGETHER
THNLG v2 (6.7B) : Microsoft/NVIDIA :
THNLG v2 (530B8) 1 Microsoft/NVIDLA
romree : ! 1 .
GPT-3 davinel v (175E) - - Y https://crfm.stanford.edu/helm, 2023.0308 )
GPT-3 curie v1 {(6.7B) 1 OpenAl 1 ol
GPT-3 babbage v1 (1.3B) : OpenAld 1 Text 1.3B GPT-2 2048 limited | 422,123,900 606,253 5211
GPT-3 ada v1 (350M) 1 OpenAl : Text 350M GPT-2 2018 limited 422,635,705 ok, 253 5169
InstructGPT davinci v2 (175B%) 1 OpenAl 1 Text 175B" GPT-2 4000 limited | 466,872,228 399,815 59,337
InstructGPT curie v1 (6.7B%) : OpenAd 1 Text 6.7B* GPT-2 2048 limited 420,004,477 606,253 3840
InstructGPT babbage v1 (1.38%) 1 OpenAl : Text 1.3B* GPT-2 2048 limited 419,036,038 6k, 253 5210
InstructGFT ada v1 (350M*) 1 OpenAl 1 Text 3500~ GFT-2 2048 limited | 418,915,281 604,253 168
Codex davinei v2 : OpenaAl 1  Code Unknown GPT-2 400 limited 46,272,590 37,051 $925
Codex cushman vi Opendd I Code Unknown GPT-2 2048 limited 42,659,399 59,751 85
'—_-.-._._---__ - - - - . NN EEN EEN EEN SEN SEE EEN SN SEN NN SEE SEN SEN SEN NN SEE SEN SN SES SEN SEE SEN NN SEE SEN SEN SEN NN SEE SEN SN SEE SN BEE SEN SN SEE NN SN EEm ‘
GLM (130B) Tsinghua University | Text 1308 ICE 2048 open 375,474,243 406,072 2,100 GPU hours 1
1
-
YalL.M (100B) : Yandex 1 Text 1005 Yandex 2045 OpET 378,607,292 405,093 2,200 GPLU hours
G-

1. Liang et al., Holistic Evaluation of Language Models. arXiv: 2211.09110 x REELM
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InstructGPT davinci v2 (175B%)
TNLG v2 (530B)
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GLM-130B in HELM

InstructGPT davinci v2 [(175B%*)

Anthropic-LM v4-s3 (52B)
GLM (130B)

TNLG v2 (530B)

BLOOM (176B)

OPT (175B)

Cohere xlarge v20220609 (52.4B)
J1-Jumbo v1 (178B)

GPT-3 davinci vl (175B)

OPT (66B)

J1-Grande v1 (17B)

GPT-NeoX (20B)

J1-Large v1 (7.5B)

Cohere large v20220720 (13.1B)
InstructGPT curie v1 (6.7B*)

UL2 (20B)

GPT-3 curie v1 (6.7B)

GPT—g (6B)

TNLG v2 (6.7B)

Cohere medium v20220720 (6.1B)
TOpp (11B)

InstructGPT babbage v1 (1.3B*)
T5 (11B)

YaLM (100B)

GFT-3 babbage vl (1.3B)
Cohere small v20220720 (410M)
InstructGPT ada v1 (350M*)
GPT-3 ada v1 (350M)

1. Liang et al., Holistic Evaluation of Language Models. arXiv: 2211.09110
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GLM-130B in HELM

Calibration error 1 Bias | Toxicity {4

InstructGPT ada v1 (350M#)

OPT (66B)

InstructGPT babbage vl (1.3B%)
InstructGPT curie v1 (6.7B*)
BLOOM (176B)

OPT (175B)

YalLM (100B)

GPT-NeoX (20B)

InstructGPT davinci v2 (175B%)
GFT-] (6B)

uL2 (20B)

T5 (11B)

Cohere small v20220720 (410M)
GPT-3 babbage v1 (1.3B)

Cohere medium v20220720 (6.1B)
Cohere xlarge v20220609 (52.4B)
GPT-3 curie v1 (6.7B)

GPT-3 ada w1 (350M)

GPT-3 davinci vl (175B)

THLG v2 (530B)

GPT-] (6B)

InstructGPT ada v1 (350M*)
YaLM (100B)

GPT-3 davinci vl (175B)
InstructGPT curie v1 (6.7B*)
GPT-3 curie v1 (6.7B)

TNLG v2 (6.7B)

GPT-3 babbage v1 (1.3B)
GPT-NeoX (20B)

T5 (11B)

Cohere medium v20220720 (6.1B)
GLM (130B)

Cohere small v20220720 (410M)
Cohere large v20220720 (13.1B)
GPT-3 ada v1 (350M)

J1-Grande v1 (17B)

BLOOM (176B)

UL2 (20B)

Anthropic-LM v4-s3 (52B)
InstructGPT davinci w2 {175B*)
Cohere xlarge v20220609 (52.4B)
TNLG v2 (530B)

InstructGPT babbage v1 (1.3B*)
J1-Large v1 (7.5B)

TOpp (11B)

GPT? (6B)
J1-Large v1 (7.5B)
Cohere small v20220720 (410M)
Cohere large v20220720 (13.1B)
YaLM (100B)

J1-Grande v1 (17B)

BLOOM (176B)

Anthropic-LM v4-53 (52B)
GPT-NeoX (20B)

UL2 (20B)

Cohere xlarge v20220609 (52.4B)
Cohere medium v20220720 (6.1B)
GPT-3 curie v1 (6.7B)

OPT (175B)

GPT-3 ada v1 (350M)

T5 (11B)

InstructGPT davinci v2 (175B*)

GLM (130B)

THLG v2 (530B)

OPT (66E)

GPT-3 davinci v1 (175B)
GPT-3 babbage v1 (1.3B)
THLG v2 (6.7B)

TNLG v2 (6.7B)
OPT (175B) InstructGPT babbage v1 (1.3B%*)
Cohere large v20220720 (13.1B) TOpp (11B) InstructGPT curie v1 (6.7B%)
GLM (1308B) OPT (66B) J1-Jumbo v1 (178B)
TOpp (11B) J1-Jumbo v1 (178B) InstructGPT ada v1 (350M*)
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0

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



INT4 Quantization for RTX 3090s/2080s
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INT4 Quantization for RTX 3090s/2080s

OGLM-130B INT4 Quant. w/o perform. degradation

GLM-130B GPT-3
FP16 INT8 INT4 FP16

MMLU (acc, 1) 44,75 4471 44.80 43.9
LAMBADA (acc, 1) 80.21 80.21 79.47 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



GLM-130B

Training . : Cross-
Backbon SO ntization  Acceleration
ackbone Objective Quantizatio cceleratio Platform
GPT3-175B GPT SSL Only — — NVIDIA
OPT-175B GPT SSL Only INT8 Megatron NVIDIA
BLOOM-176B GPT SSL Only INT8 Megatron NVIDIA
SsL * NVIDIA
* INT8 Faster * Hygon DCU
GLM-1308 i M8:P - INT4 Transformer |« Ascend 910
* Sunway
Performance Impro: | Affordable Serving: Fast Inference: SDiverste
upports:
+ Big-bench-lite: +5.2% It saves 75% GPU | 7-8.4 faster than . PP .
Effects . : mem in inference; Pytorch; supports
LAMBADA:  +2.3% | y More diverse
- CLUE: +24.3% It can infer on 2.5 faster than  adoptions of
« FewCLUE: +12.8% 3090x4 / 2080x8 Megatron LLMs

36



Develop ChatGLM based on GLM-130B



Challenge 1: Simple NLP task vs. Complex task

QQP (Paraphrase)

Questioni

Question2

1 | Label

How is air traffic controlled?

How do you become an air traffic controller?

0

are duplicates or not
duplicates.

. . )
{Question1} {Question2} I received the questions
Pick one: These questions "{Questioni}" and

"{Question2}".
duplicates?

Y

y

[ {Choices[label]} )

[ {Choices[label]} )

Simple NLP task => Complex task (e.g., logic reasoning)

Math (GSM8Kk):

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?

Last Letter Concatenation:
Q: Take the last letters of the words in “Lady Gaga”
and concatenate them.
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Challenge 2: Static NLP vs. Dynamic knowledge

e GPT-3’s knowledge can be limited, obsolete, and uninterpretable

— Limited: Limited long-tailed knowledge
e Example: what is the sixth highest mountain in the world? (Answer: Mount K2)

— Obsolete: GPT-3’s knowledge is before 2020
— Uninterpretable: No reference for answers that require knowledge

Case Study: Limited Knowledge Case Study: Obsolete Knowledge

What is the second highest mountain on earth? Who is the president of US in 20227

The second highest mountain on earth is Cho Oyu which is in Hillary Clinton
the Himalayas in Tibet, China and Nepal. Its height is 8,188
meters or 26,206 feet which is 28 feet taller than Mount

Everest.
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Challenge 3: Traditional NLP vs. Align with Human

e (Case Study: Explain the moon landing to a 6 year old in a few sentences.

— Without proper " prompt engineering’’, GPT-3 and GLM-130B won’t return

satisfying answers, either

Input

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

Output

Explain the moon landing to a 6 year old in a few sentences. Explain the
moon landing to a 6 year old in a few sentences. Explain to a six year old
how the moon was discovered. Describe the moon to a child in a way that
he or she can understand. Discuss the moon with a six-year-old child. 1. 2.
3.4.5.6.7.8.9. Explanation: 1) The moon was first discovered by Galileo in
1610. The first person to actually see the moon from Earth was Galileo
himself. He used a telescope to see the

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.

40



Develop ChatGLM based on GLM-130B

Augmenting Code, Alighment,
Web, Image understanding...

GLM-130B Text & Code

(ACL'22, ICLR’23)

Base model
~1TB, 4096

CodeGeeX (KDD’23)

Code->Reasoning
~0.4TB, 4096

Supervised/Fine-tune

GLM-130B++(GLM 3.5)

Instruction following

RLHF
>

WebGLM
(KDD’23)

Combining Search

Chat Product

Image understanding

Visual-ChatGLM
(NeurlPS’21/22, ICLR’23)

Multi-modal

41



6B/13B parameters, 100+ languages

Support both Nvidia and 910A/B

Free VSCode and JetBrains plugins

70%

5]
=
3=

20%

10%

HumanEval (Python) pass@100

0%

CodeGeeX-13B

CodeGeeX

® CodeGer;MultHGB

InCoder-6.7B

CodeGen-Multi-6B
GPT-J-6B

PolyCoder-2.7B

2.9

2.0

7.5 10.0 125 15.0
Number of Parameters (B)

17.5

GPT-NeoX-20B
&

20.0

Generating over 10M lines codes
CodeGeeX: Al Code AutoComplete, Chat, Auto Comment
< 0 Zhipu Al | & 241,909 installs | i dcde s 3 (47) | Free
CodeGeeX is an Al-based coding assistant, which can suggest code in the cument or fallowing
lines. It is powered by a large-scabe multilingual code generation model with 13 billion parameters
pratrained on a lrge code conpus of more than 20 programming languages

CodeGeeX

Optimization
Operators (Layernorm/Gelu/BatchMatmul/Add)

Auto search for optimizing matrix multiplication

Performance
Improve 257% on Ascend 910A

Trained with over 1,000 Ascend 910A
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S
Relay Diffusion Model (RDM) Sigh

https://github.com/THUDM/RelayDiffusion @) g

- RDM transfers a low-resolution image into an equivalent high-
resolution one via blurring diffusion and block noise.

« RDM achieved state-of-the-art FID on CelebA-HQ and sFID

ImageNet-256 (FID=1.87)!

FID-50K

LDM-4




“draw a dog with a hat”
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CogVLM

« CogVLM connects pretrained language model and image
encoder by a trainable visual expert model

Position ids for RoPE ﬁ T.—
(0000601234858 . ! -

) C s ) ( FN )

 T— ? Text features

— Concat Image features
LayerNorm J
[ Image fea;ure sequence ) X
| MLP Adapter | [Text feature sequence ) | L—

1 4 _ Muti-head Attention )
A
ViT encoder ] Word embedding = =T AT
; [¥] [V] 0] [x] [V]
I OKVmamix )| (  OKVmarrix |
- . Bash
aw - Af ox Is siting 1 ? Text features
u = on the books. Image features LayerNorm J
1 ‘
e :
Patchified images Pl $488909099999999090 @ eeemeeeRE ﬁ **********
(a) The input of visual language model (b) The visual expert built on the language model

ICLR’24 (submitted)



Visual Math Problem Solving

T, .~ B

5y o . —
e | O

Q1: How to solve it? J

CogVIL.M: The problem in the picture is a simple math
problem, where a sliced green apple is equated to a guestion
mark. Specifically, in the middle of the picture, there are
three green apples placed side by side and three cardboard
signs. The signs have black characters on them: a plus sign,
an equal sign, and a question mark. The equation shown in

the picture is: 2+ 1 =7

Q2: What's the linal answer? /I

CogVLM: 2+1=3 J

a

CogVLM

Grounding Yisual Cuestion Answering

[ Wher color mee the cloches of the girl wlwss
bands are helding flowers? Let's think step by siep.
"

Cop WA Fiesd the Howers [ 328 519836, T80] ] Check ke
girl Balding it, gat the girl [[115.068450.927]). Check the
dothes o i, pot the clothes [[134309418852]]. The
chathes [[134, 308318852 are hlue. %o the answer 5 hine,

OF: What codar are the jeans of the gifl whiose hands
are zol hokling Neeaers®? Lel's think dep by sbep.

CagVI.M: Fird the notiBawers) bands [[654,637,710.728]].
Chess the il with i, ot the gisl [[526,109,B80.544]].
Check the jeans of W, god the jeans [[S31603880871]]. The
jeans [[530,513 850,8711] ame gray. S the mswer is gray.

VQas2 COCO-caption

VieWiz-VOA Flacks 10K

TextVQA L 48 RefCOCO

OKVOA RefOO00+
BLIP2
InstrectBLIP
Shikra-138
. . —— Qwen-V1
ScienceQA-IMNKG RefCOC0,
R : . PaLL-178
Pall-X-558
GOA v W PalM-E-548
—— CogVLM-17B

Achieved the best on 10+
benchmarks
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GLM-4V (pre-release)

QA\;\R Ve

AIRWAY 2 Q A" A‘K

AIRWAYS

who are in this picture

@ In this picture, there are three football players. From left to right, they are Suarez, Neymar, and

Messi.
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Why do people try to maintain eye contact while communicating? Q

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. ¥

u‘b Like Il:_', 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?

Liu et al. WebGLM: Towards An Efficient Web-enhanced Question Answering System with Human Preference. KDD’23



LLM Agent

KG engine ready...
get_relations(Hurricane Marie)
[meteorology.tropical_cyclone.category, meteorology.tropical_cyclone.tropical_cyclon
e_season]
I need to first find the relations of Hurricane Marie.

get_neighbors(Hurricane Marie, meteorology.tropical_cyclone.category)
variable #0 Act get_relations(Hurricane Marie)

bserva [meteorology.tropical_cyclone.category, meteorology.tropical_cyclone.troj
clone_season)

FEER% ROUND 2 #¥#2¥

I need to find the category of Hurricane Marie. To achieve this, I will use
orology.tropical_cyclone.category relation.

get_neighbors(Hurricane Marie, meteorology.tropical_cyclone.category)

Hurricane Marie vanable #0

variable #9, which are instances of meteorology.tropical_cyclone

ga#n® ROUND 3 ####

Eastern North America




AgentTuning: Enabling Generalized Agent Abillities
For LLMs

Held-in Tasks ¢y T TS T T T T o T T T T T e e 1 More Agent Tasks

Trajectory 1
0 ihou;ht: I should
first list all the
tables, then ..
Action: SHOW TABLES; Digita|

I |
I |
I |
I |
| |
' Instruction Action: INSERT INTO .. : Card Game _
(Ee) Task Generation Reward: 0.0 X | [::> zn  Daily Computer
Derivation: : ' L: fj Tasks
I |
I |
I |
I |
|
|
)

N T e

2 : Train set
. . . —’

Operating patapase

System

Web Knowledge
Navigation Graph

(Database)

Grade students Observation: ..

Thought: ..

4 e Trajectory 2
Wiki QA &
Self- ==

over 60 as

i Jninct | Tehen e LI o ) soience
| i AN v e Xperiments
Web House Reward: 1.0 .
Shoobina Holgino B i Interaction
Six agentlnstruct trajectory datasets Agent Tuning Mix-training
« 1,866 high-quality CoTs « 20% Agentinstruct + 80% ShareGPT

codes & models: http://github.com/THUDM/AgentTuning 51



http://github.com/THUDM/AgentTuning

B Sciworld B MiniwWoB=+
B WebArena HotpotQa

B FReWOOD B Digital Card Game

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

In-domain dist

Significant improvement

m N

Main Results

B AlPNYorld B 'WebShop

fimdZ2Web Knowledge Grapt

B Operating System B Databaze

ua]
AN
0

m

E
L,
—l

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

Out-domain dist

Good generalization

GPT-4

B MMLU B HumanEval

B MT-Bench GSMEK
EESEEmEl
1 1 — = [ [ “r' |
T 2 4« <= 5 G
(s
E = 8 3 @ 3 &
m C E = E =
[=)] = Q =5 Q
L= oh h
< <

Better generalization
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ChatGLM-6B

https://github.com/THUDM/ChatGLM3

Download from Huggingface

— git clone https://huggingface.co/THUDM/chatglm3

Download demo %f*irfig @'t" ChatGI.M
— git clone https://github.com/THUDM/ChatGLM3 oo

— c¢d ChatGLM-6B

Install demo s

— pip install gradio s

— python web_demo.py
Run the demo
— python cli_demo.py
Install the api
— pip install fastapi uvicorn
— python api.py
Run ChatGLM on your own MAC (w/ Apple Silicon)
— model = AutoModel.from_pretrained("your local path", trust_remote_code=True).half().to('mps')

53


https://huggingface.co/THUDM/chatglm3
https://github.com/THUDM/ChatGLM-6B
https://github.com/THUDM/ChatGLM3

#star

35,471

14,125

7,315

7,215

4,850

4,635

3,941

Open LLM Research

ChatGLM-6B Public
ChatGLM-6B: An Open Bilingual Dialogue Language Model | FFEI BN E S EHY

@ Python  TF 35471 BB apache-20 ¥ 4770 () 495 [ 42 updated last week
ChatGLM2-6B  Public

ChatGLM2-6B: An Open Bilingual Chat LLM | A EWiEFEE MR

®Python 5 18125 % 2217 () 381 11 27 Updated 2 weeks ago
GLM-130B Public

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

®Python ¥ 7,315 B8 Apache-2.0 % 882 (D 109 I1 5 Updated on Jul 25
CodeGeeX Public

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

@ Python 17 7215 &8 Apache-20 % 510 (9 134 11 5  Updated 2 weeks ago
CodeGeeX2 Public

CodeGeeX2: A More Powerful Multilingual Code Generation Model

@ Python  IT 4850 BB Apache-z0 % 303 () ne [N 1 Updated on Aug 12
ChatGLM3  Public

ChatGLM3 series: Open Bilingual Chat LLMs | FHEEMEESEE

@pPython 17 4635 % 404 (937 116 Updated 5 hours ago

VisualGLM-BB Public

Pkt s s PRI L T . S T Y T S T (R —— e O W - B o s T g R R T R P ST T

https://github.com/THUDM
M. e e

P, .hr.



Bigmodel.ai—AP! Platform

ChatGLM-Pro

Powerful
0.002% /1K Tokens

High quality, Knowledge
base, reasoning

ChatGLM

Flexible
0.0002% /1K Tokens

Balanced effect and cost,
news writing, abstract
generation, vertical search

ChatGLM-Lite

Fast
0.0001% /1K Tokens

High speed, lower cost,
chatting, customer service,
classification, extraction
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What's the next?



Abstraction and Reasoning

1. Francois Chollet. On the Measure of Intelligence. 2019



Abstraction and Reasoning




Abstraction and Reasoning
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Generative Agent

Generative agents: computational software agents that simulate
believable human behavior

— A “Westworld” with 25 agents; Auto-GPT; AgentGPT...

Joining for coffee at a cafe |
55| - e ‘”'!’ || ::‘ .
] - - il - ’f

Taking a walk
in the park

Finishing a

morning routine &

’ ) Arriving at school

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

B How are you?

[John] : Hey, have you heard
anything new about the

upcoming mayoral election?
[Tom] : No, not really. Do you

know who is running?

1. Joon Sung Park et al. Generative Agents: Interactive Simulacra of Human Behavior. 2023
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@Open.&l Research~ APl~ ChatGPT~ Safety Company~

Search Login A Get started A ‘

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.




Summary

« GPT vs GLM
— ChatGPT vs. ChatGLM
— DALL.E vs. CogView
— Codex vs. CodeGeeX
— WebGPT vs. WebGLM
— GPT-4V vs. GLM-4V (CogVLM, AgentTuning...)

o 2024-toward AGI
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Thank you'!

Many many collaborators from Tsinghua and Zhipu Al!

https://github.com/THUDM/
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