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N isompsRemit

Natural Instructions (Mishra et al.. 2021)
FLAN (Wei et al., 2021)

TO (Sanh et., 2021)

@
2021

AT EIEZRHES /IR

ZHNLP{ESS ERYESSZ 1L

Visual Instruction Tuning (Liu et al., 2023)
LLaMA-Adapter (Zhang et al., 2023)
MS3IT (Li et al., 2023)

2024
PAT T iZNARTZ M RAIRA

T REIZESSE L

18R + SEEEE

ChatGPTHRIAREYHIA

InstructGPT (Ouyang et al., 2021)

Super-Naturallnstructions (Wang et al., 2022)

FLAN-Collection-vl (Chung et al., 2022)
Self-Instruct (Wang et al., 2022)

mTO (Muennighoff et al., 2022)
OPT-IML (lyer et al., 2022)
@ . @

HIRE. (IS8 DHHTAR
2022

ChatGPT|ajtt

Less is More!

LIMA (Zhou et al., 2023)
DEITA (Liu et al., 2023)
InsTag (Lu et al., 2023)
AlpaGasus (Chen et al., 2023)
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Corpus |Train| |Test| | Task Metrics Domain
Single-Yentence Tasks
CoLA 8.5k 1k | acceptability Matthews cdr. misc.
SST-2 67k 1.8k | sentiment acc. movie reviews
SimilarityjanH Paraphrase Thsks
MRPC 3.7k 1.7k | paraphrase acc./Fl news
STS-B Tk 1.4k | sentence similarjty | Pearson/Speprman corr. misc.
QQP 364k 391k | paraphrase acc./F1 social QA questions
Infference Tasks
MNLI 393k 20k | NLI matched acq/mismatched acc.  misc.
QNLI 105k 5.4k | QA/NLI acc. Wikipedia
RTE 2.5k 3k | NLI acc. news, Wikipedia
WNLI 634 146 | core fercncefNLlI acc. fiction books
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ChatGPT Score

1 Evaluation
B How to evaluate a model as you desire?

prompt:

You are evaluating a response that has been submitted for a particular task, using a specific set of standards. Below is the data:

[BEGIN DATA]

EE

[Task
*kk

1: {input}

[Submission]: {completion}

R

[Criterion]: {criteria}

LS

[END

DATA]

Does the submission meet the criterion? First, write out in a step by step manner your reasoning about the criterion to be sure that your conclusion is correct. Avoid simply stating the correct answers at

Reaso
eval_ty
choice_.

B

criteri
helpf

.

2.
3
: 4.
5
6

2
3
"4":
5
6

ning:
pe: cot_likert
scores:
1.0
(2]
.0
(2]
.0
.0
a:
ulness:
"Not helpful - The generated text is completely irrelevant, unclear, or incomplete. It does not provide any useful information to the user.”
"Somewhat helpful - The generated text has some relevance to the user's question, but it may be unclear or incomplete. It provides only partial information, or the information provided may not be us
"Moderately helpful - The generated text is relevant to the user's question, and it provides a clear and complete answer. However, it may lack detail or explanation that would be helpful for the use
"Helpful - The generated text is quite relevant to the user's question, and it provides a clear, complete, and detailed answer. It offers additional information or explanations that are useful for t
"Very helpful - The generated text is highly relevant to the user's question, and it provides a clear, complete, and detailed answer. It offers additional information, explanations, or analogies tha
"Highly helpful - The generated text provides a clear, complete, and detailed answer. It offers additional information or explanations that are not only useful but also insightful and valuable to t
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N miEsEsh?

Text Evaluation Meta Evaluation

10 Years old!

Human
Judgment

10 Years old!

e.g. Pyramid &

R E ST i
> Correlation

Human Judgment
Metric

Generated
Text

Gold
Text

Question: Are metrics selected by an outdated evaluation reliable?

When calculating reliable
score, we need

* Human judgment
* Gold text
* (enerated text from
diverse systems
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35 I I

—a— Number of papers

30 |-

25

20

15

Number of papers

10

& kB A Survey on Evaluation of Large Language Models
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N Btz KESER S mEERY?
O FRMESHBHRERT (MNERENEIESLIZR)

NLP Tasks
Word Sentence Text Text Pair Text
Tagging Parsing Classification Matching Generation
Use-case (%)
Word Constituency Sentiment Semantic Language
segmentation parsing analysis textual modeling Generation 45.6%
similarity P Wy . . .
_ Open QA 12.4% List five ideas for how to regain
Shallow Semantic Text Natural Machine — g
: . Brainstormin 11.2% .
syntax-chunking [ parsing classification language translation h g T enthUSIasm for my Career“
inference _hat 470
Named entity Dependency Temporal Relation Simplification Rewrite 6.6%
recognition parsing processing prediction Summarization 42%
Classification 3.5%
Part-of-speech Coreference Summarization Other 3.5%
tagging resolution 970
Closed QA 2.6%
Semantic role Dialogue Extract 1.9%
labeling
Word sense Question . .
1 .
disambiguation answering OpenAI m)ﬁ ﬂmAPIﬁglkﬁ%gﬁl-l-

G ARESLHEES
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CWS Dialog CWS
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Parsing Sum Parsing
QA QA

Fine-tuning Prompting
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B wosa0ie

BalEIELN

PR AR R A

L)

Task Tested Concepts Supercategor
“Abstract Algebra Groups, rings, fields, vector spaces, - STEM
Anatomy Central nervous system, circulatory system, ... STEM
Astronomy Solar system, galaxies, asteroids, STEM
Business Ethics Corporate rcsponslblhly, xlakcholdcrs n:gulauun, . Other
Clinical Knowledge Spot di joints, abd Other
College Biology Cellular structure, molecular biology. ecology, ... STEM
College Chemistry Analytical, organic, inorganic, physical, ... STEM
College Computer Science Algorithms, systems, graphs, recursion, ... STEM
College Mathematics Differential equations, real analysis, combinatorics, ... STEM
College Medicine Introd istry, sociology, Other
College Physics Electromagnetism, thermodynamics, special relativity, ... STEM
Computer Security Cryptography, malware, side channels, fuzzing, .. STEM
Conceptual Physics Newton’s laws, rotational motion, gravity, sound, ... STEM
Econometrics Volatility, leng-run relationships, forecasting, ... Social Sciences
Electrical Engineering Circuits, power systems, electrical drives, .. STEM
Elementary Mathematics Word problems, multiplication, remainders, rounding, .. STEM
Formal Logic Propositions, predicate logic, first-arder lagic, . Humanities
Global Facts Extreme poverty, literacy rates, life expectancy, ... Other
High Schoal Biology Natural selection, heredity, cell cycle, Krebs cycle, ... STEM
High School Chemistry Chemical reactions, ions, acids and bases, ... STEM
High Schoal Computer Science  Arrays, conditionals, iteratian, inheritance, .. STEM
High School E History ion, industr Humanities

High Schoal Geography
High Schoal Gov't and Politics

Population migration, rural land-use, urban processes, .
Branches of government,civil liberties, politial idealogies, -

High School Macro

High School Mathematics
High School Microeconomics
High School Physics
High School Psychology
High School Statistics
High School US History
High School World History
Human Aging

Human Sexuality
International Law
Jurisprudence

Logical Fallacies
Machine Learning
Management

Marketing

Medical Genetics
Miscellaneous

Moral Disputes

Moral Scenarios
Nutrition

Philosophy

Prehistory

Professional Accounting
Professional Law
Professional Medicine
Professional Psychology
Public Relations

Security Studies

national income, international trade, ...

Pm-algcbm, algebra, trigonometry, calculus, .

Supply and demand, imperfect competition, market failure, ...

Kinematics, energy, torque, fluid pressure, ...

Behavior, personality, emotions, learning, ...

Random variables, sampling distributions, chi-square tests, ...

Civil War, the Great Depression, The Great Society, ...

Ottoman empire, coonumlc imperialism, World. War L, ..
longevity, p chan

Pregnancy, !cxual differentiation, sexual orientation, .

Hunan rights, sovereigaty, law of the sea, use of forcs, -

Natural law, classical legal positivism, legal realism, ..

Ne true Scotsman, base rate fallacy, composition fallacy, ...

SVMs, VC dimension, deep learning architectures, ..

Organizing, communication, organizational structure, ..

Segmentation, pricing, market rescarch, ...

Genes and cancer, common chromosome disorders, ...

Agriculture, Fermi estimation, pop culture, ..

Freedom of speech, addiction, the death penal

Detecting physical violence, stealing, externalities, ...

Metabolism, water-soluble vitamins, diabetes, ...

Skepticism, phronesis, skepticism, Singer’s Drowning Child, ...

Neanderthals, Mesoamerica, extinction, stone tools, .
Auditing, reporting, regulation, valuation, .

Torts, criminal law, contracts, property, evidence, ...
Diagnosis, pharmacotherapy, disease prevention, .
Diagnosis, biology and behavior, lifespan development, ...
Media theory, crisis management, intelligence gathering, ..

Environmental security, terrorism, weapons of mass destruction, ...

Social Sciences
Social Sciences
Social Sciences
STEM

Social Sciences
STEM

Social Sciences
STEM
Humanities
Humanities
Other

Social Sciences
Humanities
Humanities
Humanities
STEM

Other

Other

Other

Other
Humanities
Humanities
Other
Humanities
Humanities
Other
Humanities
Other

Social Sciences
Social Sciences
Social Sciences

Sociology Socialization, cities and community, inequality and wealth, .. Social Sciences
US Foreign Policy Sufl powcr Cold War fomgn pollcy isolationism, ... Social Sciences
Virology logy, hcrpcsvlmscs Other

‘World Rel Judaism, Christianity, Islam i1 Jamlsm |;

MMLU:ZM R 757 AR, B35/)\8
. iTENRZE. EESF

FEEE.

=
>x

VAP

SERFERS TEIF/Electrical Engineer
A& i/ Metrology Engineer
A al e Programmin

LY /High School Biology

Bk /High School Chemistry
=S¥ E/High School Physics
S&=/High School Mathematics
ik /Middle School Chemistry
4=/ Middle School Physics
MhEY/Middle School Biology
¥hEE/Middle School Mathematics

Hmz fé’TEBChEI Quahf\canoﬂ

EhihiE/High School Geography
=9 BiA/High School Politics
#=hitsFE/Middle School Geography
# B4/ Middle School Politics

CEval: &+ =z,

R ITHN TR

/Environmental Impact Assessment Engineer

A 2 M D

/Urban and Rural Planner
SERYERS T H/Fire Engineer

& & /Physician
#%0/Tax Accountant
FEffEitil/Accountant
4% &/Civil Servant

S5 /Professional Tour Guide
S iFL?@/Leqa\ Professional

t Studie

B4 /A%/High School History

ite

rature

E9iEX/High School Chinese
#lE%/Middle School History

S, KFES2NERTE
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& Open LLM Leaderboard

4

ZF0BEJIRNE,

¥ LLM Benchmark .~ » ] &«
Q
Select columns to si
Average @ ARC HellaSwag MMLU TruthfulQA Winogrande GSMBK Type
Precision EE TID Licenee R ETETERNE)] T v P REE)

Hide models

Private or deleted Contains a merge/moerge Flagged

T Model

* davidkim2e5/Rhea-72b-ve.5
MTSAIR/MultiVerse 768
MTSAIR/MultiVerse 768

SE-Foundation/Ein-72B-v@.11

SE-Foundation/Ein-72B-ve.13

SE-Foundation/Ein-72B-ve.12 ={

* & & ¢4 ¢

ibivibiv/alpaca-dragon-72b-vl =

moreh/MoMo-72B-lora-1.8.7-DP0 =1

*

cloudyu/TomGre Fusioniet 34Bx2 MoE v@.l1 DPQ f16

saltlux/luxia-21.4b-alignment-v1.9

cloudyu/Tomere. FusionNet. 34Bx2 Mo ve.1 full linear.DPQ =i

MoE

=

]

Architecture

B, ¢

2
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O TH&EER
B HERRBENENIRERFENGEOXRE (8=, L. #E)
O ZUR&ENA
ARC: —HINERF a]FR
HellaSwag: FE1RHEFERYME

TruthfulQA: &R A&
Winogrande: EiR{4HHEE
GSM8k: ANEIRVNZEZFEN A, HE—MREREZ DI ARAYEE

MMLU: iZUIGRES 757108, BIa/NFEE. <EHE. HEIRZE. ZE3ES
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N oF

0 Commonsense Reasoning - HellaSwag

context

endings

label

A woman is outside with a bucket and a dog. The dog is running
around trying to avoid a bath. She...

A. rinses the bucket off with soap and blow dry the dog’s head.
B. uses a hose to keep it from getting soapy.

C. gets the dog wet, then it runs away again.

D. gets into a bath tub with the dog.

C

24
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0 Math Problems - GSM8K

qguestion

answer

Janet’s ducks lay 16 eggs per day. She eats three for breakfast every morning
and bakes muffins for her friends every day with four. She sells the remainder
at the farmers' market daily for $2 per fresh duck egg. How much in dollars
does she make every day at the farmers' market?

Janet sells 16 - 3 - 4 = <<16-3-4=9>>9 duck eggs a day. She makes 9 * 2 =
$<<9*2=18>>18 every day at the farmer’s market. ####
18

25



N 6=F

0 Math Problems - GSMS8K * g4z ayse sy |y 4121950+

qguestion

answer

Janet’s ducks lay 16 eggs per day. She eats three for breakfast every morning
and bakes muffins for her friends every day with four. She sells the remainder
at the farmers' market daily for $2 per fresh duck egg. How much in dollars
does she make every day at the farmers' market?

Janet sells 16 - 3 - 4 = <<16-3-4=9>>9 duck eggs a day. She makes 9 * 2 =
$<<9*2=18>>18 every day at the farmer’s market. ####
18
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0 Math Problems — IMO =3

AIMO

TI AL INTELLIGENCE
T ATICAL OLYMPIAD

ARTIFIC
MATHEM

Home About Team FAQs Updates Get Involved
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B wosa0ie

O THMEER

] ﬂ:ﬁ «E QJJ

L l:HETilf
B Few-shot prompting
B Chain-of-thought

Chain-of-Thought Prompting
- Model Input ~
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?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.
Input | Add up two numbers: 6, 8
Q: The cafeteria had 23 apples. If they used 20 to
== make lunch and bought 6 more, how many apples

AnsPRI[1+41=2  py i
- PR? |92 45 = N .
Ans-PR2 2+5=7 j A‘l'he had23 gkl Théy s
L 20 to make lunch. So they had 23 - 20 = 3. They
PR | 6 + 8 = [MASK] ——> boughtﬁnmapples.sotheyhaveai-s-s.The
& answeris 9. «/
Few-shot Prompting Chain-of-thought

28



B wosa0ie

O IZHE E EI’J
] ﬂ:ﬁ QJJ
L l:HETU_ /f

B Few-shot prompting | BJ&E

B Chain-of-thought

KB ARR?

Input | Add up two numbers: 6, 8

ﬁ
Ans-PR1 | 1+1=2 j
v R
Ans-PR2 |2+5=7 )
L'PR 6 + 8 = [MASK] ——>

A

Few-shot Prompting

- Model Output

Chain-of-Thought Prompting

| Model Input |

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?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 = 9. The
answeris 9. ¢/

Chain-of-thought

29
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B smtt (Helpfulness)

O EX

At vt
B 158,51

SRS PR ERMESS

ay,

Il

o] &5 e RAYEE

RIMAIEF MIETEIBFRER L3S IE?

LENEIENTE, {RE
D=iaHE— 1 HIER,
TEERANUESFILE,
PRIRIRIRUSC IR THE
o IXEFRTLABBERIR
STREZNES. B,
ICISEGIETHHAERT
8], BRI

E T ESZRT{E R 3ZER
FEEMETRE! B
AR T D0, BFHE
TIrR, EE0RES
HERMEEATHE, &
MNZERIEETIE

SR {E AT S IR
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B smtt (Helpfulness)

O EX
B EEEXUIER AP R HAESE

@ ChatGPT Score

0 f“éfﬁ:ﬂ%ﬂ| J Evaluation
o |

B How to evaluate a model as you desire?

RIMAIEFAMIETLEIBER{ERLS

LENEIENTE, {RE
D=iaHE— 1 HIER,
TEERANUESFILE,
PRIRIRIRUSC IR THE
o IXEFRTLABBERIR
STREZNES. B,
ICISEGIETHHAERT
8], BRI

ETES7FR

FEEMETRE! B

AR T D0, BFHE
TIrR, EE0RES
HERMEEATHE, &
MNZERIEETIE
SR {E AT S IR

33



1 = (Harmlessness)

O EX

n NRENRISERR. BRTE
(RUNTE S MITEL(ERFR(E R 3ER 2

ELIETIEIHER | | oeemmiem s
Ve e T | | AEERE TR B
L)\%:HJJT\IEQ.?rﬂﬂ@@ AL TN A
HME, T, Bl | | Rad RLOD. BE
BELUABIEAH | | g
s, DmTam | | SHEERMOMNE,

o FER || finse s sl T

T EXIERAE. 37 AT F AT




B smtt (Helpfulness)

O EX

AR PR S SR B R

BEINBEIENBRER

| SR -GABIEA, FRESRE ABEt R AT I

(s, (AR T, it >< sl =
e montecone, moan. 5 | | TEREMGEECHS
srnmnErErEers. & | | B 4NERREERSR

RERE.... (FAERE FRESKREHA,

2. NSt LB, wmuagzﬁagﬂgg, DEREDEAE, 155

Eew B, | | REESGK. g
T e i | | o
4. B—IEXEHEEL SO EFE EE’JHE% "“’ y .

Sl e | |IEEmEs. o
S i oms. wnmn | | o e o
s pemnonpanei: nee | | SABERBEIR, ?:'FE

RARF T OB, R E%E EI’J__[ﬁb




B =g (Factuality)

O EX

B £

SNENNE

Bk RN RRY?

= SOEERRME

MR R — R
HUITHE., KEIEA6{2EF
A, ABREARNERERS
NS ES |OERTR
FHages, &R 7
—MTEMR, SR
[ERHERS, X AISE
W ARV ST,

AR, RS
Fofl IERRANRYHEEK,

bk EH EFERIETF
HEIFEFEEN, B
TEXRIIE, RRECS
AT, &
T EEMEKIENRIRR S
£, WA RE L
T = Ae JAYURER,
AR S Eapr A
B, BEAIEERIZE.
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1 1ZEFIEIR (Reasoning ability)

O EX

B AR NBSNERSIZE

ECE30h

AT ABERHEEFERRLINEEXRSK?

HINZFEXRS, XATHE
EEABEESES, T
[EEX, XEERZE
BATEELK. 3%
STRNEERE,
RIS ZRMIIKGD,
LB KHIFRAL, MiTD
ERZUNER. B=
R —Em T4~
ZBizkEERl, X

AR R SSAIHE

i?:té ;?—I 5%@@'

EEHHEZ HINESE
K=, REIABEAR
7 FRARKREEIRGT
=N, AFFEEN,
SEESARE, K
TERE, mE, EXX
S, KREBEMAZIK
EMFIIRTIR, IXEIRIR
SUBEC, AES
AT IRIER ST EE
ZHRAE, XEREN
SIRIZEFERIRZAL.
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1 ikSEE (Honesty)

O EX

B £

- RSB T B CXIARA

2, FMZRMZ, FRAFA

lthpk EBZ DR

HPEK_=5 1000004

BT ERE—NE
N
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J I2S$1BM (Instruction Following)

O EX
B ERRNBEERGTERERX
EH—ERANRNESR, ERZDEFNNS

PN ERIREFEEAbI X

You bring brightness
to my days, beauty to
my life, and
boundless joy to my
heart. I'm deeply
blessed to have you
by my side

Beguilingly brilliant,
beautiful, and
beloved, you bring
bliss to my being

39



AlpacaEval @ Leaderboard

N =g

HENEARBHN—HKIESRE
D AI p a C a Eva I /Hﬁ E¥E : 2- 413 : IjTA -Ln m E:E An Automatic Evaluator for Instruction-following Language Models

— Length-controlled (LC) win rates alleviate length biases of GPT-4, but it may faver models finetuned on its outputs.
SR o

Version® | AlpacaEval | AlpacaEval 20 Filter Community

Auto-annotator: GPT-4

Baseline: Davin

Model Name LC Win Rate
GPT-4 Preview 89.9%
Mistral Medium 91.5%
GPT-4 86.5%
Mixtral 8x7B v0.1 82.6%
GPT-4 0314 85.3%
Yi 34B Chat 76.4%
GPT-4 0613 81.4%
GPT 3.5 Turbo 0613 81.7%
Mistral 7B v0.2 83.0%
LLaMA2 Chat 70B 74.1%
Claude 76.8%
Claude 2 74.3%
Cohere Command 61.9%
GPT 3.5 Turbo 0301 79.2%
Vicuna 33B v1.3 N/A
Claude 2.1 66.0%
GPT 3.5 Turbo 1106 75.6%
Phi-2 DPO 54.3%
Vicuna 13B v1.3 N/A
LLaMAZ2 Chat 13B 49.8%
Gemini Pro 58.0%
Vicuna 7B v1.3 N/A

https://tatsu-lab.github.io/alpaca_eval/ 4



AlpacaEval @ Leaderboard
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AlpacaEval: HfiB% N —AAKIESRE
N — —
D p a C a Va ﬁ Eﬁ 2- BAE4_IJ IjTA -Ln m E_t An Automatic Evaluator for Instruction-following Language Models
— Length-controlled (LC) win rates alleviate length biases of GPT-4, but it may faver models finetuned on its outputs.
SR o

B S 805 M mAIIRSE. FraXa)ER S —

Model Name LC Win Rate
GPT-4 Preview 89.9%
Mistral Medium 91.5%
GPT-4 86.5%
Mixtral 8x7B v0.1 82.6%
GPT-4 0314 85.3%
Yi 34B Chat 76.4%
GPT-4 0613 81.4%
GPT 3.5 Turbo 0613 81.7%
Mistral 7B v0.2 83.0%
LLaMA2 Chat 70B 74.1%
Claude 76.8%
Claude 2 74.3%
Cohere Command 61.9%
GPT 3.5 Turbo 0301 79.2%
Vicuna 33B v1.3 N/A
Claude 2.1 66.0%
GPT 3.5 Turbo 1106 75.6%
Phi-2 DPO 54.3%
Vicuna 13B v1.3 N/A
LLaMAZ2 Chat 13B 49.8%
Gemini Pro 58.0%
Vicuna 7B v1.3 N/A

https://tatsu-lab.github.io/alpaca_eval/ 11



AlpacaEval @ Leaderboard

N =g

AlpacaEval: HfiB% N —AAKIESRE
N — —
D p a C a Va ﬁ Eﬁ 2- BAE4_IJ IjTA -Ln m E_t An Automatic Evaluator for Instruction-following Language Models
— Length-controlled (LC) win rates alleviate length biases of GPT-4, but it may faver models finetuned on its outputs.
SR o

B AR 805 NMRATRSE. FRinlRE S

LC Win Rate

Model Name

« How do | make apple juice?

Mistral Medium 91.5%

« Why can | see the moon during the day?
« Who created the Superman cartoon character?

GPT-4 0314 85.3%
Yi 34B Chat 76.4%
GPT-4 0613 81.4%
GPT 3.5 Turbo 0613 81.7%
Mistral 7B v0.2 83.0%
LLaMA2 Chat 70B 74.1%
Claude 76.8%
Claude 2 74.3%
Cohere Command 61.9%
GPT 3.5 Turbo 0301 79.2%
Vicuna 33B v1.3 N/A
Claude 2.1 66.0%
GPT 3.5 Turbo 1106 75.6%
Phi-2 DPO 54.3%
Vicuna 13B v1.3 N/A
LLaMAZ2 Chat 13B 49.8%
Gemini Pro 58.0%
Vicuna 7B v1.3 N/A
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O Alpacakval: BriBfERIBIPA A HR—FRAKIESRE

l

oA
HMEHES: 805 MREAIIRSE. FHHaE
&Y . Pairwise evaluation

d DavinciO03 v.s Your Model

"instruction”:"What are some good browser alternatives to Chrome?",

"output”:"There are several good browser alternatives to Chrome, including Mozilla Firefox, Safari, Microsoft Edge, and Opera.”,
"generator”:"example”,

"dataset” hrlpf l base" 3

"datasplit™:"eval®

=

"instruction":"Who created the Superman cartoon character?”,
"output™:"Superman was created by Jerry Siegel and Joe Shuster in 1938.",
"generator™:"example”,

"dataset":"helpful_base”,

"datasplit™:"ewval”
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O Alpacakval: HriBt&HY

EjJ-L:FI)\J

/fE

7z

B PPEiEESS: 805 MRAIIR

B &MY Pairwise evaluatlon

m RS

BA 21

=

PHI—MAKIBESERE

Frpfa)t

. LLM-as-evaluator

RNEAE? AR EARE?
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N wEeF R

1 <|im_start|>system

2 You are & highly efficient assistant, who evaluates and selects the best large language model (LLMs) based on the guality of their responses to a given instruction. This process will be used to create a leaderboard reflecting the most accurate and human-preferred answers.
3 <|im_end|>

4 <|im_start|>user

5 I require a leaderboard for various large language models. I'1l provide you with prompts given to these models and their corresponding cutputs. Your task is to assess these responses, and select the model that produces the best output from a human perspective.
7 ## Instruction

8

E {

18 "instruction": """{instruction}""",

1 }

12

13 ## Model Outputs

14

15 Here are the unordered ocutputs from the models. Each output is associated with a specific model, identified by a unique model identifier.
16

17 {

18 I

19 "model_identifier™: "m",

28 "output™: """{output_1}"""

2 b

22 {

23 "model_identifier”:

24 “output™: """{output_2}"""

25 b

26 }

27

28 ## Task

29

38 Evaluate the models based on the quality and relevance of their outputs, and select the model that generated the best output. Answer by first providing a concise explanation and then end your answer by providing the model identifier of the best output. We will use the last chara
31

32 ### Concise explanation

33 .. .some text...

34

35 ### Which is best, m or M?

36 M

37

38 Now is your turn.

39

48 ## Your answer: "Concise explanation” followed by "Which is best, m or M2"

41 <|im_end]|>
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O AlpacaEval: Hri8

EjJ'L:Fl)J

SR

BTN
TS

alpaca_eval_gpt4
alpaca_eval_cot_gpt4_turbo_fn
alpaca_eval_gpt4_turbo_fn
gpt4
alpaca_farm_greedy_gpt4
alpaca_eval_cot_gpt4_turbo_fn
humans

claude

Imsys_gpt4

text_davinci_003

longest

EBHIE

Human

agreement

69.2

68.1
66.9
66.4
65.7
65.7
65.3
65.3
64.1

62.2

A& fm
IS 805 MRATIAZS, S

Pairwise evaluation
LLM-as-evaluator

Price

Time

[$/1000 [seconds/1000

examples]

examples]
1455

1989

864

1037

Q79
olo

HE)L

Spearman

COIrT.

Pearson

coIrr.

H— S ATES

Bias

<A

ERTTIHGIRE
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O ChatArena: {(H=AIFH MR BHXNESEEEHFE

P ETEAS: AR ‘
FEMY ;. Pairwise evaluation + Elo -

Fhes: AL

Chatbot Arena: An Open Platform for Evaluating LLMs by Human Preference

M os% c1

+4/-4

Organization
OpenAT
OpenAT

Anthropic

Google

OpenAI
Meta
Google
Anthropic
Cohere
OpenAT
Anthropic
OpenAT
Mistral

LYSTELEY

A

License
Proprietary
Proprietary

Proprietary

Proprietary

Proprietary
Llama 3 Community
Proprietary
Proprietary
CC-BY-NC-4.0
Proprietary
Proprietary
Proprietary
Proprietary

Qianwen LICENSE

Proprietary

Knowledge Cutoff
2023/12
2023/4

2023/8

2023/11

20823/12
23/12
Online
2023/8
2824/3
2821/9
2023/8
2021/9
Unknown
2024/2

Online

Unknown
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O ChatArena: {AAIFV R BN KIESERE G

p— ) : A Mixture-of-Experts model by : A large language model by
/ A AT Mistral Al Alibaba Cloud
e

S A
EPMY . Pairwise evaluation + Elo

FhEs: AL

" Expand to see the descriptions of 36 models

: Claude by Anthropic : Command-R Plus by Cohere : Command-R by Cohere

I«]

: An open model trained using

: DBRX by Databricks Mosaic Al
RLAIF by Berkeley

: Gemini by Google

L.
1L~

: Open foundation and fine-
tuned chat models by Meta

: GPT-4-Turbo by OpenAl : GPT-3.5-Turbo by OpenAl

- OLMo by Allen Al : A chat assistant fine-tuned on user- Al " delby0L Al
. @ by Alen shared conversations by LMSYS A lrgelanguage model by

: Open foundation models for code by : An open model fine-tuned on

Mistral-7B using C-RLFT

: An advanced language
madel by DeepSeck

mistral-based model : Achatbot fine-tuned from Mistral by

fine-tuned on 1M GPT-4 outputs Hugging Face

Model A

how to make a cup of coffee

Making a cup of coffee can be as simple or as complex
as you'd like it to be, depending on your taste
preferences and the equipment you have. Here’s a
straightforward method to make a classic cup of coffee
using a drip coffee maker, which is one of the most
common and easy methods:

What You'll Need
1. Coffee maker
2. Ground coffee (about 1 to 2 tablespoons per cup
of coffee)
3. Fresh water
4. Coffee filter (if required by your coffee maker)
5. Mug

Instructions
1. Prepare the Coffee Maker:
Start by ensuring your coffee maker is clean
and free of any old grounds or residue.

b Ais better & Bis better

how to make a cup of coffee

Here is a simple way to make a cup of coffee:

Ingredients:
Coffee beans (freshly ground is best, but pre-
ground will work)
Water
Coffee filter
Coffee maker (or a way to boil water and a way to
separate the coffee grounds from the water)

Instructions:

1. Grind your coffee beans to a medium-coarse
grind. The amount of coffee you grind will depend
on your preferred strength and the serving size
you desire. A good starting point is using 60 grams
(or about 2 ounces) of coffee beans for every 1 cup
(240 ml) of water.

2. Prepare your coffee maker by placing the coffee
filter in the appropriate spot and adding the

® Tie ® Bothare bad

https://arena.lImsys.org/ 49
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O betArena: (AFF R ENKIESRENT G
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&Y : Pairwise evaluation + Elo

Fhes: AJ

HAEEl0?

FERATTHEEREBEIARKGERKFE, &

KA 2SR T A B R AR E P

— IR F Ry ART, BRHEFIFL R

%%?ik Y- RERE, MEWEF
e b, mBMEGERSN LT %,

Chatbot Arena: An Open Platform for Evaluating LLMs by Human Preference
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g KiSSEEATL: what' s left & what' s next?

O SHe58dEHE
B BenchmarkZ2&H, BZMIE




N xiEsiEnaT:

what' s left & what' s next?

O I aSsuEitE

B BenchmarkE:2SH, B2HEEIE

m )

BenchmarkpJl

GIENBSRE] 2, JEEZE S

i

K

Corpus ‘GSMSK MATH MMLU-STEM

Ours - 23 2
OpenWebMath - 195 65
M EE AN

MATHPILE: A Billion-Token-Scale Pretraining Corpus for Math, ZZ Wang, Rui Xia, PF Liu



g KiSSEEATL: what' s left & what' s next?

O &SRS
B BenchmarkZ285&H), SZHINS
Bl EREBE 2, JEEELEHEAE
BenchmarkfgMitAEZs
B BBenchmarkB&I&HER, 57T HEEM
SuE N EIEIEE =

H1t2BenchmarkEBE
S8 EEER?



g KiSSEEATL: what' s left & what' s next?

O SIS 5SEIEHEE
B BenchmarkZ25&H, SZHIHE
Bl EREBE 2, JEEELEHEAE
BenchmarkayhsaE2s
B BBenchmarkB&I&HER, 57T HEEM
SRR =

gg Wenhu Chen

Wait, people started to feed lots of SFT data to pre-training and then

compare with other base models. Is this even fair?

25.7K



J KiSSEEATL: what' s left & what' s next?

O SHe58dEHE
BenchmarkZ2&SH, BZHEEIE
OgEEesLaesd

iy

GIENBRT Z,

BenchmarkB iz s

TEPET

BLtBenchmark %)l

GRS

AR, B/TTF

-

Aquila2-7B
Internl.M2-20B

Internl. M2-7B

ChatGLM2-6B
OQwen-1.88

Baichuan2-13B-Base

InternlL M-208 —

YYYYYY

Phi-2

Baichuan-7B

Mistral-7B-v(.1

GSMBK

franrazmyy \ J

LLaMA-TB —| M

Benchmarking Benchmark Leakage in Large Language Models, RJ Xu, ZZ Wang, RZ Fan, PF Liu

MATH

ChatGLM3-6B
Internl M-7B

InternLM-20B

|||||

ChatGLM2-6B
Internl M2-7B-Base <[

Baichuan-7B

— oo g |‘|

Tnternl M2-20B-Base " |

56
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D ﬁiué;_j %’& J[= ;\.I-EEE GSMSK MATH

B Benchmark2F&H, BZHUdHE o
» WY GEREEZ, THELZEE

BenchmarkgJlhidiiEas
O E%Benchmark@,{—gi}l BHAR, RTHREN
N EGEIEET =

(1) XFAR—HERH=HE ) ] S
(2) AREFERIRHAL/FER et FR g st |

Mistral-7B-v(.1

QQQQQQQQQQ

FE |‘|

razmyy, |

Gemma-7B —* |

Gemma-2B

Gemma-7B d Baichuan-7B

do rigorous research, = L

Baichuan2-7B-Base

Internl.M2-7B-Base:

Baichuan-13B-Base — \a (] Mistral 7B-v0.1
- - - -
I Internl.M2-20B-Base ‘i Baichuan-13B-Base {1 |
I I la. e S C I el l I I C p rog reSS DeepSeekMath-78 —| 7 ] Aquila-7B |
| |
d Baichuan2 138 Base {1+ |
i 0

Benchmarking Benchmark Leakage in Large Language Models, RJ Xu, ZZ Wang, RZ Fan, PF Liu
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O SEHERRVESS
B NESEEEDRIEAL
B I7ERBenchmarkB WA EI1T

B ERqi (1950)

ARER—HERR, BRITE:

O BA Reference-based f
m REHRENTARERIUT AKNERETH ' B
m )5 wa )73 Eorenip {
B BBUAXRLERSHARBERRLEE __BE '
O BREIREAR
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n{ai)ll&&superhuman Al1? €
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g KiSSEEATL: what' s left & what' s next?

O SEPEEAVESS
B KESEREREHIREHE
B I7ERBenchmarkB A ENE1T
B Hai=d PR
O M EER
O =k "TE" mAZE “1E5"

WebArena: A Realistic Web Environment for Building Autonomous Agents
DevBench: Towards LLMs based Automated Software Development

MLAgentBench: Evaluating Language Agents on Machine Learning Experimentation
WorkArena: How Capable are Web Agents at Solving Common Knowledge Work Tasks?
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O BEHLEAYESS B £RtAI (GPT) SBA@EARRAINTIE?
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O EHLERANES
B KiESEEREEHE
B 7ERBenchmarkB & WA ENE1T
B HEi=n FAISHE
O BRI REE
O 5k “TIE" mAZE "1£5"

E BB R R b 5 B A SEiRN B ERESS?

BN “riztAI (GPT) SINTRMEAIAT (2

nes = R =
O GPT mmuﬂﬁ%g?&ﬁﬁ;‘& Egﬁ&gﬁ GPTs are GPTs: An Early Look at the Labor Market Impact Potential
of La 1ge Model

oERER, BBERE, IEHES, B
GPT MRy X;
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0 BRXREERZI GPT fishd: HEFL.
mtERFUNALLIEEIENS BFH
MABEEZZE GPT R E;

63



g KiSSEEATL: what' s left & what' s next?

O ATRERERTTHS
B A AER R MAERRI IR R




B BT A TINAR

97.5

95.0

92.5 | BLSTM-CNN-CRF

@
90.0

87.5

85.0

82.5

2017 2018 2019 2020



B R/% HBEAER

O Neural networks are opaque Interpret-

Higher accuracy is achieved at the cost ability

of lower interpretability

Interpretable models and
interpretation techniques have been

explored

® Linear Regression

® Decision Tree
Interpretable

Techniques
e SVM

Neural Network e

Accuracy

66



B R/% HBEAER

0 Neural networks are opaque interpret.
B Higher accuracy is achieved at the cost ability
of lower interpretability
B Interpretable models and
interpretation techniques have been
explored
[0 Evaluation Metrics are opaque
: Interpret-
m F1, BLEU are convenient to use, "aforiﬁg
opaque to strengths and weaknesses
of systems
m How to perform interpretable

evaluation? (relatively less investigated)

® Linear Regression

® Decision Tree
Interpretable

Techniques
e SVM

Neural Network e

Accuracy
,/~ ® Diagnostic Eval \
e Error Analysis |
. '
S . Interpretable
""""" CompareTM Techniques

F1, BLEU ¢

Convenience
67



“Teach Metrics to Know More”

Feature engineering models: - |

W Features Model Evaluation
moderate performance, better
interpretability o

Engineering

Neural network models: better

Data 7'y "I  Model Evaluation
performance, worse
Interpretabllity @

Engineering

Neural net models + ‘ Data i ‘ =@—[ Evaluation]
interpretable evaluation: better
Feature

i

performance and interpretability @
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N e

O Attribute: defining meaningful attributes for NER.
0 Bucketing

Llfe @E’:LE"TL =2
n
New
New
York >Len
iqor York -
' 1 2 3 =>4
fun

F1
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“Teach Metrics to Know More”

‘ Data i ’@-[ Evaluation]

A
Architect
Engineering
‘ Data i 3 L Model, Evaluation ]
Prompt
Engineering

Self-Rewarding Language Models, Yuan et al.2024
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“Teach Metrics to Know More”

Architect
Engineering

n

Model, Evaluation ]

)

‘ Data i ’@—[ Evaluation]
Prompt

‘ Data i
Engineering

‘ Data i 7y 7y :L Model, Evaluation ]
Prompt Feature
Engineering Engineering

o




“Teach Metrics to Know More”

‘Datai 3 i Model H EvaIuann]
Architect
Engineering

‘ Data i 3 L Model, Evaluation ]
Prompt
Engineering
‘ Data i 7y 7y :L Model, Evaluation ]
Prompt Feature
Engineering Engineering

‘ Data i 1 { Model, Critique ]
Prompt
Engineering

PP BT
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Generative Judge for Evaluating Alignment, Liet al.2024
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B xE=EnmiE: what' s left & wh

d

t' s next?

On the Learnability of Watermarks for Language Models

Llamas Know What GPTs Don't Show: Surrogate Models for Confidence Estimati...
Holistic evaluation of text-to-image models

Generative agents: Interactive simulacra of human behavior

The foundation model transparency index

Benchmarking large language models as Al research agents

Benchmarking and improving generator-validator consistency of language models
Robust distortion-free watermarks for language models

Lost in the middle: How language models use long contexts

Beyond Positive Scaling: How Negation Impacts Scaling Trends of Language Mo...
Backpack Language Models

Holistic Evaluation of Language Models

Sophia: A Scalable Stochastic Second-order Optimizer for Language Model Pre-...
Alpacafarm: A simulation framework for methods that learn from human feedb...
Evaluating verifiability in generative search engines

Whase opinions do language models reflect?

Foundation Models and Fair Use

Alpacaeval: An automatic evaluator of instruction-following models

Alpaca: A strong, replicable instruction-following model

DoReMi: Optimizing Data Mixtures Speeds Up Language Model Pretraining
High-throughput generative inference of large language models with a single gpu
Cheaply Evaluating Inference Efficiency Metrics for Autoregressive Transformer ...

Data selection for language models via importance resampling
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Judging LL.M-as-a-Judge
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AlpacaFarm: A Simulation Framework for
Methods that Learn from Human Feedback

Yann Dubois” Xuechen Li* Rohan Taori* Tianyi Zhang” Ishaan Gulrajani
Stanford Stanford Stanford Stanford Stanford
Jimmy Ba Carlos Guestrin Percy Liang Tatsunori B. Hashimoto
University of Toronto Stanford Stanford Stanford

Holistic Evaluation of Language Models

Percy Liang’, Rishi Bommasani’, Tony Lee!, Dimitris Tsipras’, Dilara Soylu?, Michihiro
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man, Binhang Yuan, Bobby Yan, Ce Zhang, Christian Cosgrove, Christopher D. Manning,
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Ladhak, Frieda Rong, Hongyu Ren, Huaxiu Yao, Jue Wang, Keshav Santhanam, Laurel
Orr, Lucia Zheng, Mert Yuksekgonul, Mirac Suzgun, Nathan Kim, Neel Guha, Niladri
Chatterji, Omar Khattab, Peter Henderson, Qian Huang, Ryan Chi, Sang Michael Xie,
Shibani Santurkar, Surya Ganguli, Tatsunori Hashimoto, Thomas Icard, Tianyi Zhang,
Vishrav Chaudhary, William Wang, Xuechen Li, Yifan Mai, Yuhui Zhang, Yuta Koreeda

pliang@cs.stanford. edu, nlprishi@stanford.edu, tonyhlee@stanford.edu

Center for Research on Foundation Models (CRFM)
Institute for Human-Centered Artificial Intelligence (HAI)
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N FrTiexmnsis

you've achieved a SOTA result on some dataset -> method paper

you've analyzed something of existing models and try to draw
some new conclusions -> analysis paper

you've constructed a new dataset -> resource paper

you've designed a new metric -> evaluation paper

you've proposed a new thinking way for your area -> position

paper.
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