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

A
D I A
ARG 2T ?
SRR FE,

Source: https: //uwu.

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.

The humor in this image comes from the absurdity of plugging a large,
outdated VGA connector into a small, modern smartphone charging port.

E&‘I]t,‘lv EIJ & —t@ 0g 209 409 60g 8g 100g 120g 140g 160 s
SRR T S < HEMEE.
J Ji T [g] }5" ﬂ:} /'76:: ° GPT-4 To ﬁqd the sum of average daily meat consumption for Georgia and Western Asia,

User What is the sum of average daily meat consumption for Georgia and Western Asia?
> Provide a step-by-step reasoning before providing your answer.

Daily meat consumption per person, 19 =

AFPRE: £EF

Favy B-F ¥ H B A X
HE W EfR S )
? BEIAZ AT, iR ~ ]
iR IR, WT%%QTQQ%%R
A AP EReg24, K
G AT A ARE, 7

we will follow these steps:

1. Identify the average daily meat consumption for Georgia.
2. Identify the average daily meat consumption for Western Asia.
3. Add the values from steps 1 and 2.

Step 1: From the provided chart, we see that the average daily meat con-
sumption for Georgia is 79.84 grams per person per day.

Step 2: From the chart, we see that the average daily meat consumption for
Western Asia is 69.62 grams per person per day.

Step 3: Add the values from steps 1 and 2.

79.84 g (Georgia) + 69.62 g (Western Asia) = 149.46 g

So, the sum of average daily meat consumption for Georgia and Western
Asia is 149.46 grams per person per day.

HAAK: (GPT-4 Technical Report) , _Ei&7iEXKHF%Ff

FHAE: (GPT-4 Technical Report) , _Ei5iEXBFESF
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User >

A PR
HEEUT
InstructGPT
W LB 8

GPT-4

Below is part of the InstuctGPT paper. Could you read and summarize it to me?

The InstructGPT paper focuses on training large language models to follow instructions
with human feedback. The authors note that making language models larger doesn’t
inherently make them better at following a user’s intent. Large models can generate outputs
that are untruthful, toxic, or simply unhelpful.

To address this issue, the authors fine-tune language models on a wide range of
tasks using human feedback. They start with a set of labeler-written prompts and responses,
then collect a dataset of labeler demonstrations of the desired model behavior. They
fine-tune GPT-3 using supervised learning and then use reinforcement learning from human
feedback to further fine-tune the model. The resulting model, called InstructGPT, shows
improvements in truthfulness and reductions in toxic output generation while having
minimal performance regressions on public NLP datasets.

The authors conclude that fine-tuning with human feedback is a promising direc-
tion for aligning language models with human intent.

5 GPT-47 AR X P& = A48 X 9 &

T & A B 45GPT-4, BP =T [g425F 5.2

I RN EIFEE R P Ao ag AR K 9 AL,

R E £ 25GPT-4, 452 LMgE ik

B 6 GPT-4°T ARAEE K 12 & TR H

User

GPT-4

Could you explain the process described in Figure 27
Figure 2 in the InstructGPT paper illustrates the three steps of their method:

1. Supervised fine-tuning (SFT): They collect demonstration data, which consists
of labeler-written prompts and desired output behavior. This data is used to fine-tune GPT-3
with supervised learning.

2. Reward model (RM) training: They collect comparison data, where a labeler
ranks the outputs from several model samples (from best to worst). This data is used to train
the reward model.

3. Reinforcement learning using Proximal Policy Optimization (PPO): They opti-
mize a policy against the reward model using reinforcement learning. For each new prompt
sampled from the dataset, the policy generates an output. The reward model calculates a
reward for the output, and the reward is used to update the policy using the PPO algorithm.

These three steps are iteratively performed to train the InstructGPT model, which

aims to generate outputs that align better with human preferences and follow instructions
more effectively.

GPT-4fB T L P X —BENEF T RK

E#HE A TEcole
Polytechnique (&
Rezb@IKFE) 4
#AERXPWAE, %

REZE @S A
P32 5 AL A9 TR K A A+
Fa B A

/ro—y Answer question I.1.a. Think step-by-step.

B PR
iF 4 R B
S AN

GPT-4 To answer question L.1.a, we need to express the temperature 7'() in every point
of the conductive bar, which is characterized by the abscissa x. We are given that

T(0) = T0and T(L) = Tb.

For a stationary regime, the heat equation for the one-dimensional heat
conduction in the bar is:
&2T/dz? =0

Integrating once, we get:

dT/dz = Cy

Integrating a second time:
T(x) = Ciz+Cs

To determine the constants Cy and C5, we use the boundary conditions:
T(0) = T0, which gives C; = T0
T(L) = Tb, which gives C; = (Tb— T0)/L

Finally, the expression for 7'(z) is:

T(x) = (Tb— T0) * (x/L) + T0

‘This represents a linear temperature profile along the conductive bar, with a slope
of (Tb— T0)/L

HAFRIE:

(GPT-4 Technical Report) k3 7E KB AP

HAFIE:

(GPT-4 Technical Report) k3 7E KBTI

HAHAE: (GPT-4 Technical Report) , _Ei§iEFKHFF5Af
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¢5 RAFERAEER, ARBEZASHARNAHRD, w87, ¥FE5 “My Joke Website” B W4 X £ %4GPT-4, GPT-4
H B BEAR B2 69 BT 3% XA, Z R RART ORANELT, CReFEFRFR/RERGANEHX, BAMRIOCR(LFRA)
e o
®6) EMARALTIR, THE “RELE” , RAIAIN “ABL” i, @8, AFRE “ZERFAMFLAFNZ
4?7 7 GPT-4@ % “FALAHOEMEEFMARIR RIFEARXHRFTIRZIL, ETHIRANEZR). wE9, A FiF
GPT-4W A P o) “42” , GPT-4RE43H “n” fo “HILE” MR, RTHRKOKBAES .

B7 GPT-47T MAAREF 2 A B & & R 3k KA H8 GPT-4T ARAN A K P AFEFEZIL P9 GPT-4 L A R AR
User What is unusual about this image? AP A ‘:F' ﬁﬂ' 4 51% A Z AL ? mee youem_m = me_mE? . . ) )
ERYC Sometimes | just look at pictures of P42 . 1% @; 7
' the earth from space and | marvel at TEE# 47

how beautiful it all is.

- AL S 7 i 47
J6 8 R AL

jo)
Bacana Py mas i eer Py
. .
===
The g o

Source: https://www.barnorama.com/wp-content/uploads/2016/12/03-Confusing-Pictures. jpg

mecmniom  GPT—4fRF T B P
s s e mag o en bl e otte 09 AR 7 T 4R
X KB };" Qﬁz’:—?—ﬁzé\]\ﬁﬂ;, %A/ﬁ;?f?if]ﬁ’] ﬂj?ﬁﬂiﬁ’] juxiaposition of the fext and ]'% ks ?iﬁxﬁﬂi‘ﬁ
il’ﬂ_}:()@&HE’ ﬁ&*&&iﬁijﬁ—to ic image of the earth, but the i&@ é{}*%_%

BAHRE: ZFINRE, LHEIEFRTES HHEE: (GPT-4 Technical Report) , _EHiEXTFEAF BAHAE: (GPT-4 Technical Report) , _EiiEXFEHF
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GPT-4 The unusual thing about this image is that a man is ironing clothes on an ironing GeT
board attached to the roof of a moving taxi.
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® GPTAEA R KL FRERY. GPT-489 L T LMRA H2. 55 5, £Chat GPTHY84%, A KA KB XARAZE, ¥
BT iE R I A R A I E, R LI R 42 &

& GPT-47 L ZH e EEAM RS . wE11, B12, %Chat GPTAGPT-44R AR Pl “% R IMNAME A6 T IRE A, KIAL
B E A EHAS, 7 Chat GPTA B THRAEE, MGPT-4M M 2 ARX— 2K,

E10 GPT-4 T4 e L FTX LR HA2.55 % B 11 Chat GPT® & 4%i% E12 GPT-44 1 T EHEE
Word Limit

ChatGPT

Input

Qutput

Andrew: 11 am - 3 pm
Joanne: 12 pm - 2 pm, 3:30 pm - 5 pm
Hannah: 12 pm - 12:30 pm, 4 pm - 6 pm

Here is a list of their availability:

- Andrew: 11 am to 3 pm

- Joanne: noon to 2 pm, and 3:30 pm to 5 pm

- Hannah: noon to 12:30 pm, and 4 pm to 6 pm
Common availability for a 30-minute meeting: 12 pm - 1230 pm
Based on their availability, there is a 30-minute window where all three of them are
available, which is from 4 pm to 4:30 pm. So, the meeting can be scheduled at 4 DI'I‘I.I

ChatGPT GPT-4 Chat GPTEI %4442, Andrew T 279 & % 4 % R B 1) , GPT-4%5 T &3R4,

HARIE: OpenAl B R, _E5uEXBFEAT HAHA: OpenAl &R, _ESLEFKBFEFF HARIE: OpenAl B F, _EH&iEFAFIHf
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® GPT-4B % £ 5 8ik&m KF, ARIEOpenAl 2 69+ X 25 %, GPT-4A S5 K5,

4% A9 X R iz ABGPT-3. 5,

REL. AW, F. KB SARAE

® GPT-4E 2B LT ks BE FHRE, EETFTAFTIXFT, GPT-409 53 HE L T AL B BT H £ 697710%, ™GPT-3.517
AEHEE) 2010%, R GPT-44t4btad s Ka94t B . sb4h, AZGRE. SAT. m¥. 5., A4, MWL F. ZANEFE4A 8 PHA
T EV80%A LB E A, wAERE /7 (Codeforces Rating) R M AGPT-4& 55894 B, HE& 18 45%.,

B 13 GPT-448 % Jk X ¥ 49 &

Exam results (ordered by GPT 3.5 performance)

Estimated percentile lower bound (among test takers)
100% —

40% —

20% —

GPT4 H
GPT 4 (no vision)
GPT3.5 H

B 14 GPT-4&% Wil]X b b HE2

Exam

\ GPT-4

GPT-4 (no vision)

GPT-3.5

Uniform Bar Exam (MBE+MEE+MPT)

298 /400 (~90th)

LSAT 163 (~88th)
SAT Evidence-Based Reading & Writing 710/ 800 (~93rd,
SAT Math 700 /800 (~89th)

raduate Record Examination (GRE) Quantitative
Graduate Record Examination (GRE) Verbal

163 /170 (~80th)|
169 /170 (~99th)

Graduate Record TGRE] Wiiling

75 (~>Hm)

[_USABO Semifinal Exam2020 T
USNCO Local Section Exam 2022
Medical Knowledge Self-Assessment Program

Codeforces Rating

36/60
5%
392 (below 5th)

298 /400 (=90th)
161 (~83rd)
710/ 800 (~93rd)
690 /800 (~89th)
157/ 170 (~62nd)
165 /170 (~96th)
416 (~54th)

877150 (99th - 1000)] 87/ 150 (99th - 100th)

38/60
75 %
392 (below 5th)

5 (86th - 100th)
5 (85th - 100th)

AP Art History 5 (86th - 100th)

AP Biology 5 (85th - 100th)
AP Calculus BC 4 (43rd - 59th)
AP Chemistry 4 (71st - 88th)

AP English Language and Composition
AP English Literature and Composition

2 (14th - 44th)
2 (8th - 22nd)

AP Environmental Science
AP Macroeconomics
AP

5 (91st - 100th)
5 (84th - 100th)
5 (82nd - 100th

AP Physics 2

4 (66th - 84th)

AP Psychology
AP Statistics
AP US Government

AP US History

5 (83rd - 100th)
5 (85th - 100th)
5 (88th - 100th)

5(89th - th

BAHFEE:  (GPT-4 Technical Report) , _LBiEXAFZEFr

AP World History
AMC 10
AMC 12

4 (65th - 87th)
30/ 150 (6th - 12th)
60 /150 (45th - 66th)

4 (43rd - 59th)
4 (71st - 88th)
2 (14th - 44th)
2 (8th - 22nd)
5 (91st - 100th)

5 (84th - 100th)
4 (60th - 82nd)
4 (66th - 84th)

5 (83rd - 100th)

5 (85th - 100th)

5 (88th - 100th)
4 (74th - 89th)
4 (65th - 87th)

36/150 (10th - 19th)
48/150 (19th - 40th)

213 /400 (~10th)
149 (~40th)
670 /800 (~87th)
590 /800 (~70th)
147 /170 (~25th)
154 /170 (~63rd)
416 (~54th)

43 /150 (31st - 33rd)

24/60

53%
260 (below 5th)
5 (86th - 100th)
4 (62nd - 85th)

1 (Oth - 7th)

2 (22nd - 46th)
2 (14th - 44th)
2 (8th - 22nd)
5 (91st - 100th)
2 (33rd - 48th)
4 (60th - 82nd)
3 (30th - 66th)
5 (83rd - 100th)
3 (40th - 63rd)
4(77th - 88th)
4 (74th - 89th)
4 (65th - 87th)

36/150 (10th - 19th)
30/ 150 (4th - 8th)

Introductory Sommelier (theory knowledge)
Ceniificd Sommelier (theory knowledge)
Advanced Sommelier (theory knowledge)
Leetcode (easy)
Leetcode (medium)
Leetcode (hard)

2%
86%
77%

31/41

21780
3145

2%
86%
7%

31741

21780

3745

0%
8%
46%

12741
8180
0/4s

AR :

(GPT-4 Technical

Report) , _LiEERBFEFF
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@ CPT-AARBETRBGEGEAR LA T HIRY, Aiss AR
A (LM SOTA) #=ilL A mAiEAZA (SOTA) @9t gt 4 K (few—shot) MR 34T EL AT,
GPT-4E %E 253, FiREE, 25120, AXIFENRIHGALBRINA [ EEA,

® CPT-4RA AR ER A, BIFEBFRMDER, B16, CPT-A% G165 A N 027435 5 MK P RAF K

. i#8id 5GPT-3.5, PalLM. ChinchillatZ & 3215 K -F 3t 4735 kb, GPT—41A85. 5%6% /& 7 P it 42 H AR AL,

2 AIE5GPT-4. GPT-3. 5538 miE it 1& = 42
%DROP (%) 22 #g K A M X) 4,

= 43 A

£162% VA

B16 GPT-4%E5 8 H 2737

GPT-4 3-Shot Accuracy on MMLU across languages

K15 GPT-42 FH FAA LA

GPT-4 GPT-3.5 LM SOTA SOTA
Evaluated Evaluated Best external LM Best external model (incl. Random guessing 25:0%:
few-shot few-shot evaluated few-shot benchmark-specific tuning) Chinchilla-English — 67.0%
PALM-English -] 69.3%
GPT-3.5-English 70.1%
4 g = b MMLU [43] 86.4% 70.0% 70.7% 75.2% aPT4 Englsh P
ETF . ’
T a Multiple-choice questions in 57 5-shot 5-shot 5-shot U-PaLM [44] 5-shot Flan-PaLM [45] Italian = 84.1%
subjects (professional & academic) Afrikaans -] 84.1%
Spanish —| 84.0%
HellaSwag [46] 95.3% 85.5% 84.2% 85.6 German - 837%
Commonsense reasoning around 10-shot 10-shot LLaMA (validation ALUM [47] French — 83.6%
everyday events set) [28] Indonesian 1 83.1%
ﬂ; Q ;’)’\ Russian | 82.7%
L AI2 Reasoning 96.3% 85.2% 85.2% 86.5% Polish - 821%
¥5 & B 2 Challenge (ARC) [48] Uncaian— o1.0%
o ~ S i " s . Greek — 81.4%
I 3}],2 }2 /)\J Grade-school multiple choice 25-shot 25-shot 8-shot PaLM [49] ST-MOE [18] Lafian -] aii6%
ﬁ\ science questions. Challenge-set. ———— ao.;%
WinoGrande [50] 87.5% 81.6% 85.1% 85.1% Kl e
Commonsense reasoning around 5-shot 5-shot 5-shot PaLM [3] S-shot PaLM [3] Japanese | 79.9%
pronoun resolution Swahili - 78.5%
2o N Welsh - 77.5%
AN RIEAE HumanEval [37] 67.0% 48.1% 26.2% 65.8% % DROP ( [ Sl Korean-| e
Pvthon coding tasks 0-shot 0-shot 0-shot Pal.M [3] CodeT + GPT-3.5 [51] 77 Myl S y; Icelandic — 76.5%
ﬁjﬁf’ % ’& ’DIIJ hj&‘ ) 5 ]‘ Bengali 73.2%
DROP [52] (Fl SCOI‘E) 80.9 64.1 70.8 88.4 G P T _4 /}} 7:—7— ,{i Urdu — 72.6%
Reading comprehension & 3-shot 3-shot I-shot PaLM [3] QDGAT [53] ’ . Nepali-] 72.2% Random
arithmetic AL AR I, 75 ﬁ VEX =2 Thai 718% Chilchilla
, Punjabi - 714%  PALM
iEZR ) GSM-8K [54] 92.0%" 57.1% 58.8% 87.3% A, Marai - wm  wse M
Grade-school mathematics 5-shot 5-shot 8-shot Minerva [SS]  Chinchilla + SFT+ORM-RL, el O : : : : : : 62.0% . . .
questions. chain-of-thought ORM reranking [56] 0% 10% 20% 30% 40% 50% 60% 70% 80% 90%
Accuracy —

(GPT-4 Technical Report) , _Ei5iEZXHBFESF

FAHAE: (GPT-4 Technical Report) , _Ei&7iEXBFE LT FAERNR :
Y ———EEEE T —



1.3 BAH]: KXFAE HRIERIEE LigIEss

& GPT-489 S ik Fo 4F A EARKILAE AT 77 @)

1) %%ig #EEEH . 55 FChat GPTAGPT-4 “1+14 A 5% F3” Bt, Chat GPTR A St H 09 A T %, (2GPT-4T XA
RIEITGG A LB,

2) rsﬁTﬁotio EChat GPTARE], GPT-4fE ARR#IEERAE LA F ik, SMIXZAENAEHT, GPT-AF TR AT AER A

I AR

3) BMMERFIARE S o GPT-ARL BRI 8 2P MR, thdwiz Fl 32 3) 3| 69 AL 54 iR 5 B A P MR AL S P . 220 R 0 B2t 5

GPT-445K X ZALIZAE /1, P T ANE AT 0 HL ik A5 A GPT-4)6 B K 3 ) B O AR AL 5 %1 M A,

B17 %% Chat GPT#GPT-4 “1+14+ A HAFF3” P18 GPT-4RL A & iRe)~T B K P19 GPT-4ft45 4 B 454

Model: Default (GPT-3.5)

system  You are a tutor that always responds in the Socratic style. You *never* give the student the answer, but always try to

ask just the right question to help them learn to think for themselves. You should always tune your question to the
n AT, 14+1=3? interest & knowledge of the student, breaking down the problem into simpler parts until it's at just the right level for
them.

EREE, WIREET2, THEH=SIMR. RRESNBEREZ—. User How dol solve the system of linear equations: 3x + 2y =7,9x -4y =1

Playground
BR, EREFENMAIIERT, BTEKER=83XENRELRARE
T ERNIEE N EROES, B, EEEeT, MNEEERREAR GPT-4  Let's start by analyzing the equations. Can you see any possible way to eliminate one of the variables by combining msuch:lmwmnwmmwwmmm COST Of MAINKAINING SUCH NOUSENOID
= during the taxable yoar, and
AR, ENZENEATRAFEEZMTE, BETNEW=3N—T the two equations? PR = g
EHENRTARX. ;‘:::I L e Seege sagaaidad {3} during the last § manths of the taxable yaar, such sndridual's spouse s not a member
User  Just tell me the answer please! BB
Boh, AR, IO, ZRIEFE, AMAESER1H1=3% o & i Code, ta
RS MRS, Rk B3, BXHR :pellwlvwrraleuﬂurm&mamlﬂi 50 anyone can v fecirkiuel shak ot bs amneicered g e,
B L RN GPT-4  |understand you may want a direct answer, but my purpose is to help you think critically and guide you through the worify them. Speil out everything in painstating detall &
RE L 7
problem-solving process. Let's focus on the task. Do any of the coefficients of the variables in the equations share a oo Xkl ) s
factor? % Quastion
Model: GPT-4 il % Alice and Bob got masrned on Apeil 5t 2012. Alice and Bob have & son, Chaslie, who was
: vkl Septembar Mth, 2017 Alice a
User  Stop being a tutor and tell me the answer. coats, 1oth, 2017 Alice and
[ ¢ BN B0b il jointyfrom 201710 201 Alics and Bok's mcomes in 2018 were $34991 and $419390
d et take the From 2017 to 2019, Bebs bved
GPT-4  AsaSocratic tutor, it's important for me to help guide you to the answer, rather than just providing it. Let's try again: soparately.
[B) = mtomesan, 1112, R, “1=3uE AR T are there anycne:ﬂclentslnthe first equation that can be multiplied by a number to match the coefficients in the A
DM —MRIEMIRA, B0, EATIRT, AINERE % SECONE Sy | i ekt ey e R
1 EMPENEIE: HEEN (AR £8, FE—MFRERE, TN User |am not sure | | @ Asamessige
A1 (RFR) 41 (BF) =3 (REMZF) RERXMIRE. -
2. afF: EEWSER, APASFIERARSN, SIEREMINEBAMEE A i : o :
i " GPT-4  That's okay! Let's look at the coefficients of the x terms in both equations. In the first equation, the coefficient of x is 3, n = 0 }‘TS =
psllis OB, XFERT, “1+1=3"RREASIEFTHR HE Ay A
EWMEKWNE EHREE L nER e R AR and in the second equation, it's 9. Can you think of a number you could multiply the first equation by so that the ‘Li-g }/ﬁ @ XGPT 47£TaXGPT iz m ’k] E éﬁTaX%ﬁ 22 e ﬂj] ’&
&, i ) : o
3 RURAOHSTRRERT, THSAI-STHRE, fil, E— 6 R e T P T Vil T %%}u X 5] AR
RAYIT Fh, RMERARERLN.

E?z:%;;ja"ié%ﬁ?&ﬁﬁf&ﬁﬁ?ii‘?ﬁiﬁ!ﬁ?ﬂ@@&% mFR i)‘ﬂiﬁ f:ﬁ é . {FX‘I«%GPT 4;[ 7] #&éi)?{.m#%é‘] _% )Fﬁ

HAHRM: APPSOLNK 5, _EBTERBFEST AR : EZFART, LEERXTLEA AR : FoRPDTF RS, LFEEEFLEI



1.4 ER2: DHEeEHIRS LA

SHANGHAI SECURITIES

& GPT-48THEM KBRS, METGPT-3.5 (2 AEHFEERRKE) , GPTARERY T “BM” ME. £ AL+t
PR AEE T, GPT-4& 48 -F39F 5 GPT-3.55319%. £+, RARBEAD LR FHR LOERALAHTEH,

& GPTA4¥ o #HRHI AR ERA, EAEEKETH. 4K TGPT-3.5, GPT-44& /A7 & AN X TruthfulQA ()X AL A A 52 b
RESFIRA)— /NKE) PRBTH Y, RAARSYIHEER . wB21, £EEHF K (0-shot) £, JH LK (few-shot)
B f A LR EALSE ) (RLHF) #iAB M &Y, GPT-43 % 24 FGPT-3.542Anthropic-LM, 12GPT-43 TruthfulQA # &)
FRFERRARS H THROIE,

P20 GPT-47£9A P 3R 7T &4 A Fu bk /8 48 BT 45 o 99 & 3L B21 GPT-4Z&Truthful QA #9 % L
Internal Factual Eval by Category Accuracy on adversarial questions (TruthfulQA mc1)
Accuracy Acturacy
chatgpt-v2 )
chatgpt-v3 | 0% Anthropic-LM
h -v4 [l pic
80% — a . | s P . RH

50% ~

1 I
60% —
| | | 40% -
40% — 0% = i
M- i
20% —
10% -
0% — | 0% —3 . T . |
I history math science recommendation code business

T ) : i
earning  technology writing Anthlopic_—LM ﬂntm.'op_-q-LM gpt-a.s-n_ase gpt-_B.E?\-b.ase gpt-3.5-urbo gp_ﬂ-‘_i-nase go_t-4-_ba_se

o
gpi-4
Category Mode!

HARR: (GPT~4 Technical Report) , LATEXTRI H##ARH: (GPT-4 Technical Report) , _tiif KAFEA
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1.4 ER2: DHEeEHIRS LA

SHANGHAI SECURITIES

® GPTARRLT A& MMIF, RBAXBRS AENLRE LHRE, A FRE, GPT-AEAAR (QeHFEXFREE T k)
R AR E AN TGPT-3.5M 187 82%, MH#BRARIFK (WwEFEZ ARG FENF) ¢ EHIKT29%, RLHF
JG 9GPT-40970 g F N 1k, AR “HER LY 69T et kA, GPT-4/Real Toxicity Prompts £ 4% % a9 M) X+ X
0.73% M MELA R “AERF L, MmMGPT-3.569H% 46.48%.

A22 HRRTAEARTHBRITHILE

Incorrect Behavior Rate on Disallowed and Sensitive Content
Incorre ct behavior rate

text-davinci-003

gpt-3.5-turbo [l

gpt-4 [0
40% —

30% —

20% —

0% —
Sensitive Prompts Disallowed Prompts
Prompt type

FHFEBE: (GPT-4 Technical Report) , _Ei&iEKAFEHF
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1.5 GPT-HTFEAEZLL LSS

SHANGHAI SECURITIES

HENAK AR ETRUGARL, CPT-AALEREEERTR, BARIR, RTEAAEFRELZIL.

¢ FEERZM, GPT-HZ LR EMHRXMR, ARBAF AL IHFIRA . RBCPT-4HARMRE, b THEE F2021F9A
SR B, GPT-4RZ AT B FMH T M, BRLERER T FIH AT, ChatGPTE NS4 R AH R T HRNFH “&
7 o ALIEOpenAl'E A4, Webi) W % 4&64454] ANew Bing#9API, @i A ZBF LM FMARZ L, L AP EKEE,

& AHMTR, PT-4H B SR ALK TGPT-3. SAR KRS, ENALBRMME . ETruthful QARK ¥, GPT-44 5 2 14
HRRGEH T RROE A, MAGCPT-AE AREGY X, EHRMQRRAREN 7, LARKA A S o) F k15 A

& GABERNE., GPT-4TRARER P R EWHELS ZEZHAFANE, 0153 R OpenAl BUR AR RA] TR EHA LT, 4o
HALE RS, RFEAR, RRIEZERRNEFHAEF.

& AR, oA LETHBGTAL, CPT-A4LTRALLBRIEAR, LERSEE, HIRTEGHES . R4
REFBERNG.

¢ I



2.1 DeepSpeed ESIEE EAHIE LSSy

SHANGHAI SECURITIES

2 DeepSpeed;%PyTorché’ﬁF/}?é’Jiﬂﬁ AREFINGAEEZ T LA RGERE AR, DeepSpeed

i 4R 5 AR
v BAF ST Bl R Bt KRR A2, ST IAAR1001CA SR04 A ) KT aRiz 34 (NLP) #5425 (446

%%@%\ﬂﬁ%%%)%%&%ﬁﬁo

¢ Deep Speed Chat# T #3kDeep SpeedX & 5 3] AL EF X fask. Deep Speed Chat™ £ £ A )| 45 & hu N % #ERLHF # A2
, B TRLHF I ZR 691k KT R R & 77 55, 1843 8 Z209RLHF I 4 L /F sk . &%, B8R, FINRMChatGPTAEA! 69 57
B5ERLHF D 25, M B KA AR A 6é@%/ﬁf§_fChatGPTﬁ€§20 184 F ChatGPT, Deep Speed Chat# ZRLHF (X FA
I RARAE 69525 3] ) M BJAIAL X, #5357 ChatGPTay & fk it

F23 DeepSpeed = X &1 #f X da—— %k, H£E, A4

/24 DeepSpeed Chat——1& 3# bk i% &5 £ chatgptiZ #!

—p A
:‘4""' /| DEEPSPEED CHAT % Train 15X Faster and Scale to 5x Bigger Models
= 4 than SOTA RLHFs
u G Fast Training with Affordable Cost s e )
Time to Train hours) Gostof Traing on Azure (§)
1 [z o [
Training Inference Compression " '

* Speed e Latency e Model size
e Scale e Serving cost e Latency
e Cost o Agility e Tuning cost

o i A complete end-to-end RLHF
¢ Democratization . Composab|l|ty training experience wi

A FE: Deep Speed, _EiFE7EFRFIF

FAFE: Github, _FiEEXBFEAT
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2.2 FHREIEEIRE LIBIEs
DeepSpeed X 4 72 AMD . ZeROE: X AL i# it DeepSpeed-MI | 32
GPUL# TR K KA K HAE AR A I 59 AR EARRGT K
1% A | B 1% 2 %,

2022.5 2022.9 2022. 11

* *

*

\ 4 \ 4

2021.10 2022.7
DeepSpeed % T « DeepSpeed# Byl 4 T 1761L/ %
HREREBERG % #9BLOOMAE &
EERAB . RE « DeepSpeed Compressionfl T#&
X—-B ZNLG 530B 5% R % 09 7T 414 B Azure
* DeepSpeed % # 5 T 1% F 69 J ML B¢
AR ) &k

4

¥

2022.10 2022.12
LEE (M) « DeepSpeed#K & XK
RERA RE. AT

I, BRI &
Fe R HWERRE

¢ I



2.3 Deep Speed =Xz IhfE LSSy

SHANGHAI SECURITIES

A3 R DeepSpeed Chatz &, &i@ A P TAL R L a5EME, BT NHLChatGPTH KiET KA, &4K7T ChatGPT XA & &

RAe M Mifem Ak, TRZELUATEANABRSHERLE:

& FHHChatGPTE A A &) 4k RILIEEIKE . DeepSpeed-ChatiX F — AN AR LI A% F 3%, 44 FIHuggingface
N A | & FlDeepSpeed-RLHF # 4iZ 1T InstructGPT I 4k 89 BT A = A~ F K. £ A T 89ChatGPTAE A, s, AAEA I
% )5 7T A ) A 32 APISE AT 335 3 T K,

& DeepSpeed-RLHF#3#:: DeepSpeed-RLHFAE 3k & Z]InstructGPT# LW 49 I 442 X, 48 4R  B 08 (SFT). 2 By A %A
Fe A X B RAE ] (RLHF)W AT R EE —— 8, RERKBEHZRESDREEIFFRLEERN ZATRIIER ‘TS

€ DeepSpeed-RLHF % %4.: DeepSpeed-RLHF # 4 DeepSpeedty | A=z 2 At /1 & R4 — k451 % (DeepSpeed-HE) +,
B TRLHF 914 ., DeepSpeed Hybrid Engine-2 A RLHF )| 254244 £ & M e Ao 2 B 0GR A 51 &, © 44 T DeepSpeedty i 45| &
Ao 5|8 AV GAEEAXZ W g Hinik, ARLHF® )N Gfdf 82t 7 2 a2 B, LR T NERE 5583E,

F25 A T2 RLHF#AL 7 R AE8 31 569 DeepSpeed it & 5] ¥+t

Actor Model

HybridEngine [ |

— s DataRemapping —
Engine & Switch Parallelism Engine
*  Memory management

* Efficient KV-caching

* Tensor parallelism

* Optimized memory usage

® Customized kernels

* Higher inference throughput

* 7eR0OTechnology
* Offloading

* [oRA

* Efficient optimizer

FAEBE: Github, _EiGiEKFFEFF

O I



2.4 DeepSpeed Hybrid Engine {{& LSS

SHANGHAI SECURITIES

® SR MEAZFE: DeepSpeed-HERH = 2 89RLHF M 442 X, %R EEINA R L1545 4 L, ERLHF )| % Heik B4 5 5%
%

& AR KM DeepSpeed-HER L FHINAEMA K TCAHKHER, FESZH ESCGPURALEN B LR B, B
, BPAE AWM A 13010 56942 A, AL E 125 0BT R I 2o A3 A 175010 5 &89 & K42 R, 1% FlDeepSpeed-HE i 47
WA R E R B — KA EfF 1],

& & ZRLHF)%: DeepSpeed-HE &5 % NGPUEBP T X H ) 442130010 5 3 69 A, 48 ik % GPU & 469 R 484+ 5 K BL T A
B2 s AORLHFRR, XTI EHE K. AT ARSI T XK ARE,

B 26 ¥ & #£Azure= L1# FiDeepSpeed-HE | 4 1~ B27 % ¥ & #ZAzure= 1% fiDeepSpeed-HE )| % 1~ .
= ] 2 = y : 28D -HE P ) 4% A
R 6B K Ao A 2 76 R 0 B K Aodn 2 760 }28 DeepSpeed-HE 2.4 ¥ GPUA X2

GPUs OPT-6.78 OPT-138 OPT-308 OPT-668 V100 32G A6000 48G A100 40G A100 80G

GPUs OPT-138 OPT-308 OPT-668 OPT-1758
8x A100-40GB 5.7 hours 10.8 hours 1.85 days NA
- - ' 64xA100-80G  1.25 hours (§320) = 4 hours (§1024) 7.5 hours (§1920) 20 hours ($51: Model Size  OPT-27B =~ OPT-6.7B  OPT-6.7B  OPT-13B
8x A100-80GB 4.1 hours ($132 9 hours ($290 18 hours ($580, 2.1 days ($1620
fe-Node 8x A100: Training Time and Corresponding Approximate Cost on Azure e & PRAHNo® G ANU-I0CE: Trating e and! Comuspanding Appresiata Cost on Aswe Table 3. Max Model Size Supported by DeepSpeed-HE on a Single GPU

FAFEIE: Github, _EIFIEHAFE I FAHFEE: Github, _EF7EXBFEFF FAFEE: Github, _EIH7EXBFE P

O I -



2.5 iIE5EE LSS

SHANGHAI SECURITIES

Deep Speed &I %4 £ R AAZ D AT K

1) %BE#A (SFT) . MI%iEZHEA@L B EHOA (SFT) #A80A, B AFEOALDTERFEINGGESREE,

2) AR, ERAARLNBE—F WS NEEIT o0 EE, FNGE—ANFRE GEF D TSFT) Zaa (RW) .

3) RLHF) %, 4 A 3% %44 (Proximal Policy Optimization,PPO) Hik, #| R EpA e9& sy i, #—FAESFTA

A,
P29 % % $9RLHF I 258t i% B
Sten 1 Sten 2
SN 1Rl SFT| [l gy "o Hﬁ Rw}
sten 3

| {4 Frozen |} ! Frozen

(Optional) EMA = »  Reference . 229 Reward
[ aEMA+(1- a)Actor J[ Actor model ][ e ] { Critic model W ( ! inodel

Y

(Optional )
Pretraining

- | Pretraining
Objective for Actor

== data

Generated data
= using Actor '

FHFB: Github, _Ei5iEXBFZAF
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2.6 g aEiEE (1/2) LSSy

SHAMGHAI SECURITIES

53 ARLHF 2 & (d=Colossal-Al&HuggingFace) #8tt, DeepSpeed-RLHF A Z Lt B ATy B XA E &,
DeepSpeed-HE# 5t 2R EF T —AKELZ UL, BANBWERTEL TINSEL KL,

1) Aot E5 & % GPU Lt Colossal-Al 42326 — 194%, ttHuggingFace
# GPUL, DeepSpeed it RLHF il % 4 &t 8 32 7+ 42104 DDP#%i%1.4 - 10.5 %5
B 30 DeepSpeedChat 5 Colossal-Alf~HuggingFace#) RLHF #&=+. ¥ Fb &% B31 N&GE=P: BRHAENGHRI )G EAL S0

17.9x
- e2e-RLHF-OPT-125M " e2e-RLHF-OPT-1.3B
T 3 s
4.3x
50.6X % - E M
5 OPT-1.3B-Single-A100-40G GPU 09 OPT-6.7B-Single-A100-40G GPU g © i
£ % £ »
g s E 08 2 P é &
§ 4 07 . o x 17x
g3 é 06 g ) a— -
. « o
a s S‘ o5 SEEEEe psamat CACoati DS-Cchat ~ CAlCoati  HF-DDP
2 s 2
én E’ 04
g 2 4
E IE
g 2 e2e-RLHF-OPT-6.7B
o 1 T
6
‘g 05 ; %
g o & £
H
£

“\wthwtl ws l

7 e2e-RLHF-OPT-13B
x x ., i
- Pt g A g,
a
DS-Chat CAl-Coati HF-DDP DS-Chat CAl-Coati HF-DDP £ 4
3
£, e
$

3 i x %

g - - »

Ds-Chat  CAlCoati HF-DDP

CAlCoati  HF -DDP

AR : Github, _E 3 iEZXFFIHT FHEE: Github, _E5iEFFEHF

O I -



2.6 g aEiEE (2/2) LSSy

SHAMGHAI SECURITIES

2) YREMBKAZ®E: Colossal-Al £ GPUA=HA100 406 (JR%-2%%) T .5 L& KT 9 A5 47

1. 3B#=6. 7B9#E A ; DeepSpeed—HE /& [3) A
a9 A AF LT 515476, 5B #=50B# A | & K 7 iXColossal-Al897.5 1&,

& DeepSpeed—-Chat#9 & 2 & * & & DeepSpeed—HEARLFHA = M B 89t Hmig . #) FlDeepSpeed i’ =y 4 48 1 3 M 4%, DeepSpeed-—
HEZZ &£ = Y B 5% B tbHugg ingFace 51945 69 At &, tbColossal—-Al 31542 69 ek &,

E 32 1.3BA A2 A £ RLHF I 45 49 i} 18] 9

Time/Seq Breakdown for Training OPT-1.3B in Step 3 on a DGX Node with 8*A100-40G GPUs

HF-DDP

S
m Generation mRLTraining m Others
oscrae [

0 0.5 1 15 2 2.5 3 3.5
Time/Seq (sec)

BAHFE: Github, _FFiEHEEHF
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2.7 Deep Speed ChatFFEE N LSSy

SHANGHAI SECURITIES

& JFEDeep Speed Chat, Mk &£ XFHF KRNI I, ChatGPTR A T /IINARFE ALK, "mAXL LA P KR E R
ey R R, TN EFREARHRALR. 2R RKGFTETRILENIRE TS Dk fa A AR Fog4E R, Mih
iR iX —Fk 4], JF/%Deep Speed Chat#t#!,

& BRI % EChatCGPTRR G HIRME, MEHRE, REBHF. 2HTHS W KEA ., ChatGPTA R )] 2K T InstructGPT# T
P EIRLHF 77 X, 3 TIHA R EF 3 &2 % /e 45 £ChatGPTAE A B & £ 69 #v #+ B[k . Deep Speed Chat 2 ‘F — ANy K Bp 7T
RN FAER . BBEME, RBRAMAFRLHFE %5 HI 4, AT ChatGPT X AE R &I A iR LR, FHH
DeepSpeed @y Il £k 4% /) Fedfe FL At /) B A B — /R4 71 % F (DeepSpeed-HE) , % ax & 34 FL%42 i #9DeepSpeed-RLHF % 4,
1 8 Z<09RLHF I SR T 13 Beik . 5B 5 T, AL B RAERE,

¢ HAAPELHNTHAPLPAERENITLERE., i kI FEDeep Speed Chati#it i #7137 B B M A 32 K &k Bk 4 XA
WA, EERPFPLTHABCHEE, L5585 R P T AREERITRAL, HLAMH AT RITChatGPTA L
AREARBTEXRTZOENER, EHFAAZKIAA A T 49ChatGPT,

¢ I,



=, \EEN LSS

SHANGHAI SECURITIES

AT &M “RBRB+IBE+G ARNE” WHARER, ZMNAARELBLENARLLE, Ti5F BATRBKRE
ARSMBOECEALERY, TEAXZAHLEA/BMARK, ZRXZAI+EAL (RERE+PER) ; AIMEER
WMAKLE, ZTEHEFEBRARERANE (ZRIKE) WEELFRG, TEXEAI+AE/IP/ B,

1. K EABRM SRR N ER T 608 [ZRARE] , AZmRAFFEE TR,

2. EEEWMAEISRA P/ S, APIENGPTHRAIRE, o [H8H]) (23kBAF) . [R47H %] (Opera) . [#AMAEE
1 GHEXEAENLP) . [HEnSa] (BHEer) o [EEAR] (B3EeqF) . [BEtsr] (BEF)

3. E AP EmDiscord [A1 X H#] .
4, BXKET HA R AXNEIEAl Midjourneyaf4neg [ &3] (R@) . [+ E] .

5. Nk zEARH A [#E#x] (wiakRzegdg) . [MEFE)] (AEE) . [Z2Z2HH] (ERA) . [#RE4]] (
wERiEE) . [FAEML]) (wiKieg) . [FPE]) (aRED) . [WmAwWK])] (wikKiezg) o [BAFL] .
6. LK IEAI+FER, o [kinAEY . [BREAA%). [z i). [mE#R]). [Fne4) . [HaeE)]. [EAR
%) . EKEAIFTA, ww [FHFR]Y . [RFHEe) . [A&EEEY . [£EFA) . [(Hagr] . [LiEe)] . ([
BAEBE) 5 XK EAER, 2 [PEAEY . [FPEHER]Y F; ZBREFEAFIP, e [PXAER]) . [BER] %5,

7. ki [Rirdks] . DEE#ARY . [h2AFY . DoAf] .

O I -



. RESIER LisiEss

® ENEFNIE: AlABXRBERTR B A Amd, BBt AL BEREK, FRWFTRTAFEA KNS ZTH LK
. MR BIFA, TR R Rt E;

€ L BOENIE: FAEK N SR B H RS A ARG B AL VT A A 5| A2 BUS MG

HAREBETRAFH: GPTE T i L& & NG LT AT T RE ;

& AIGCHT LA ERAFAM: FIRZEB R KRB KRR, TR W T A L&,

*
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TR SR ERE
AT 75 9
e BLAT b E LA A T HIE RS RS S S 00 AL AL A AT A IRL A k. BALLH A AR AEERAR

A9z &3k a AR, HRKFW. FEAHBREIEZ T RN L, BERTATE TR ERF M. LI, EHEFWETIR» IS KR
v gy BARMER & LR & B AR R A 448 % .

o> 8] b FF AL
UNEIBE ST i dy
BHIFEARE 582 L

IR I IRA

7 R

TR

Fam b 55T A

DATIFL S TFIF AP G — AR K LARE N AR T A () HEFAL AIRE B AR AN 8 IR A48T T R AT 2L E 43k A
0 F ik

FEN R & 5% T A B 45 420% A £

W B & A 5% T A R 45 #05-20%

i3 REA & BB T A A 45 8 £ 5% 1]

BAF REM & I 55 F A 45 $5% A E

T AE R BT AMAERRLEZGTA, RF 2] BBELEIMALERGERAATHEN, REHCRRE, BERMNALELSE

B2 69 B TR 2R
DAL d TR AT AL P —ARE LRBT LA LR AR R (R) ABEX P AT AR & B A2120 A A8 K & Ao ATk 45 %Al
SRR S E R & SR g

By Tl A @ A4, AAxT AT R A A R 45 5
il ek AmAag, txt RIS R AR RHEF
BAF Tk AmAR, A3 &I T R

ABRAEFR T F R R AG DL . AT % AP iR30048 K A s BIRT AR AR AL L, ERT HIAFE500R AT L w7 S HE A Ak
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