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Dynabench: Rethinking Benchmarking in NLP
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HELM: Holistic Evaluation of Language Models (HiH#E, 2022) $#2H 1 iE 5B AP RAPHY, DAE
miE s A REHE ‘Y. B Bl

Previous work | HELM
Metric : Metrics
: Accuracy Calibration Robustness Fairness Bias Toxicity Efficiency

Na 1 :

a Que;:;gns v/ Occuracy) : o Beny v 4 4 4 v 4 V

_8 XSUM ¢/ (Accuracy) : 'g IMDB v v v v v v v

» Ao : | l

g AdversanalQA “ (Robustness) ' g Q::;::ca)ns V V V V V V V
RealToxici '

(}; eaProc;pltCs!ty “ (Toxicity) : 5 QuaC V V V V V V V

BBQ ¢/ Gtas) i XSUM v v v v

Fig. 3. Many metrics for each use case. In comparison to most prior benchmarks of language technologies,
which primarily center accuracy and often relegate other desiderata to their own bespoke datasets (if at all),
in HELM we take a multi-metric approach. This foregrounds metrics beyond accuracy and allows one to
study the tradeoffs between the metrics.
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AE M (Toxicity) LLNZLCER (Efficiency) . XU T3F
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42 scenarios
Question answering
e MMLU
® BoolQ
® NarrativeQA
® NaturalQuestions (closed-book)
* NaturalQuestions (open-book)
® QuAC
® HellaSwag
® OpenbookQA
e TruthfulQA

Information retrieval
® MS MARCO (regular)
e MS MARCO (TREC)

Summarization
® CNN/DailyMail
® XSUM

Sentiment analysis
e IMDB

Toxicity detection

® CivilComments

Text classification
* RAFT

57 metrics

* F1

® Exact match
e RR@10

e NDCG@10
e ROUGE-2
® Bits/byte

® Exact match (up to specified indicator)

® Absolute difference

® F1 (set match)

® Equivalent

® Equivalent (chain of thought)

® pass@1

Calibra

tion

® Max prob

® 1-bin expected calibration error

® 10-bin expected calibration error

® Selective coverage-accuracy area

® Accuracy at 10% coverage

® 1-bin expected calibration error (after Platt scaling)
® 10-bin Expected Calibration Error (after Platt scaling)

® Platt Scaling Coefficient

® Platt Scaling Intercept

s 5 fE AR
crfm.stanford.edu/helm/v0.2.2/?
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{instructions} The following are multiple choice questions (with
answers) about anatomy:.

{train input} Question: The pleura
{train reference} A. have no sensory innervation
{train reference} B. are separated by a 2 mm space
- : : 5x
{train reference} C. extend into the neck
{train reference} D. are composed of respiratory epithelium.
{train output} Answer. C

{test input} Question: Which of the following terms describes the
body's ability to maintain its normal state?

{test reference} A. Anabolism

{test reference} 5. Catabolism

{test reference} C. Tolerance

{test reference} D. Homeostasis

{test output} Answer.

Parameter Language Modeling  Truthful QA CNN/DailyMail
Instructions None None Summarize the given documents.
Prompt format Input prefix None Question: Document:
§J.1: PROMPTING-TEST Reference prefix None None None
81.2: PROMPTING-REMAINDER Output prefix None Answer: Summary: {
82 ’ ’ Instance prefix None None None
Max training instances 0 5 5
Temperature 0 0 0.3
Decoding parameters Max tokens 0 5 128
§).3: DECODING-PARAMETERS  Stop sequence(s) None \n }
Num. outputs 0 1 1
Evaluation parameters ¥ Kaws 3 3 3
par Max evaluation instances 1000 1000 1000

EEAA, FE . = AMESS K promptisg it EEXT
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1. Instruction-tuning: L3 7E TR A SH R /N E L T B R 45 R

2. AR HER P 5 3R IOT U 96 28 TR R AR N B 22, Bt I [A) 4% 22 BE AT e A8 KBl AZ /)

3. Tﬁ??ﬁ;@'ﬁ;ﬂ?ﬁﬁ%‘ﬁﬁ‘]?ﬁﬂﬁ' m%?iﬁ%*ni{%ﬁﬁ, ﬁfﬁ'ﬁﬁiﬁtbﬁ}i H:o Model Model Creator Modality # Parameters Tokenizer Window Size AccesslTotalTokens Total Queries Total Cost
8. BT T AR OB 76—z N A S SR, ol Al 7 B It 7 Arid T e Am a0 b
5.
6.
7.

327443515 591384 $10926
326815150 591,384 $2973
TEREZEIE S A EHE M & AR AR BEfE A REERE . Ji-Large v1 (7.5B) Al21 Labs Text 758 Al21 2047 limited | 342616800 601,560 $1,128

Eﬁﬁi‘fﬁ?ﬁ 1% E/‘] i'fﬁ%ﬂgnﬁ‘lﬂa Y:E*Z lll‘\ji]?( EP EF‘:V}j'/fE'ﬂiE , {me#?i%ﬁﬁ]% s Anthropic-LM v4-s3 (52B) Anthropic Text 52B GPT-2 8192 closed | 767,856,111 842,195

BLOOM (176B) BigScience Text 176B BLOOM 2048 open 581,384,088 849,303 4,200 GPU hours

Yﬁﬁ% ‘I’i'ﬁ %l$ E/‘] 9\%:% : E‘Zﬂ j( /J\ﬂ] {/ﬁ Eﬁ ):EEE 1E H_’, s fﬁl}” éj‘ﬁ*ﬂ j’ﬁfﬁﬂ:ﬁ% i j( o T0++ (11B) BigScience Text 11B To 1024 open | 305488229 406,072 1,250 GPU hours

EEE P ot B 3 . ol 1Al B (o] 48 1 =- Nl EERSE. Cohere xlarge v20220609 (52.4B) Coh Text 524B Coh 2047 limited | 397,920975 597,252 $1743

8. FIRPTEL ML its R 225 15 1 [ PRI B B AR B 2 5. e . w am e b el wm
9. 15 B AT S AR T R B LU B I R 1K BSOTAK *F 6 Cohere medium v20220720 (6.1B) Cohere Text 6.1B Cohere 2047 limited | 398036367 597,252 $1743
Cohere small v20220720 (410M)*° Cohere Text 410M Cohere 2047 limited | 399,114,309 597,252 $1743

10. Tﬁg,{f% EP*%@QE}&%@E%;;%}%E- %&ﬁ%g%‘{ﬁ*l] :l;IZ/fﬁibE*;ﬁ ° GPT-] (6B) EleutherAl Text 6B GPT-] 2048 open | 611,026,748 851,178 860 GPU hours
11. T%: ;Eg ﬁj\ *ﬁ_ 4£ % El':] 1:7% ﬂ %% }gllj . {/@ Eﬁ ,ﬁ ﬂsﬂ *’jﬁ{ﬁ 1@ i%}ﬂ lﬁc , 1& % ;I%Ti ﬂsn /Z_\\y A@ "[: |3% R GPT-NeoX (20B) EleutherAl Text 20B GPT-NeoX 2048 open | 599,170,730 849,830 540 GPU hours
12, FEAEAGHIN rh R A PN 72 S K K 2 O R AN HE T UL GoB) Googl T 2B oz o g | 1mowen  deoam  iamcUMem
13. Z%Iﬁleﬁ};’éﬂlﬂ‘%ﬂi@%%ﬁﬁ EA ﬁ%%/{f%iﬁﬁﬂ%%ﬁﬁ ° OPT (66B) Meta Text 66B oPT 2048 open | 612752867 851,178 2,000 GPU hours
14. "L’E‘Xﬁ% EF‘ *ﬁﬂ‘{ﬁﬁﬁ‘lﬁ*ﬂ _\L_-g_ %_ @*ﬁ E/‘]%%' %%*ﬁﬂﬁ%%{{%iﬂﬁ%ﬁ}m%% . OPT (175B) Meta Text 1758 OPT 2048 open 610,436,798 851,178 3,400 GPU hours

o700 o N N 35 T o TNLG v2 (6.7B) MicrosoftNVIDIA  Text 67B GPT-2 2047 closed | 417,583950 590,756
15. *%ij(d\'ézjtﬁ&ﬁﬁ%ﬂ% Hbjj E/\]g%:% *%:l:j(d‘ﬁ%ﬂbxﬁﬁﬂl H&ﬁ?ﬁﬂ%g . TNLG v2 (%530?) Microsoft/NVIDIA ~ Text 5308 GPT-2 2047 cloAsed 417,111519 590,756 -
16. ?ﬁiiﬂ'&ﬁ{%ﬁ {SEEIpO) ﬁﬁ%*ﬁﬂ&&% Ry AR LG SCA A R I AT GPT3 curiew: 678) Opendl Tt o GFTe o8 lmitd | imoledis  eo6sm Sats.
3 3 P -3 1 YT J GPT-3 babba, 3B) 0 T GPT- limited 123, ;
17. KIFSIB AL RTIZRE I s P ic i s e ke, st W B e I M o sz o
18. KAEIALE A= jl 37 45 € 10 1 (R IE B AR T TG %5 (B AR i il E AT AR R A B A K. nstructGPT davinei vz (1758) OpenAl Text 1758° GPT-2 4000 limited | 466872228 599815 $9337
- o \ o \ N I GPT curie v1 (6.78*) nAl T 6.78* GPT-2 2048 limited | 420,004477 606,253 $840
19. HERf I W2 18] (1) 0% 2 S HHE R B A7 AE 5 4 2 — B0 L/ 8 InctractGPT habbage vi (138° vt Tat  13B*  GPT2 o8  Lmited | 41903605 6045 5210
. , . o da o . SPT- limited | 418, .
20. BRSO R IR R 035 BRI A R IR K iyl Ovent Cole  Umown GPT2 4%  Muind| semm vt oo
21 k*}% a__ﬂ E/‘] é E‘ ,Ié i%}% . ﬁ j‘ﬂ'_ % jise :5‘ ik 1{‘ ;F;‘i; ﬂ . Codex cushman v1 OpenAl Code Unknown GPT-2 2048 limited | 42,659,399 59,751 $85
F = gk I HEY . 5 4E —_ yoo— —t GLM (130B) Tsinghua University Text 130B ICE 2048 open | 375,474,243 406,072 2,100 GPU hours
22' TXEZRXT*% ijé%%fm E/] El} [I['EJ ) XTTT{Z]—\‘%J—:Q*D J: —F Im{ﬁu E&E‘g ° YalM (100B) Yandex Text 100B Yandex 2048 open | 378,607,292 405,093 2,200 GPU hours
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AGI-EVAL: A Human-Centric Benchmark for Evaluating Foundation Models (X 2023. 4)

LT TR [CLACAA ] (human-centric) FEfntEALHE R, WEFH. A% RFER.
VAR B T FE R B A S5 2 ik H i R T

China College Entrance Exam

Avg. Human Performance

SAT
Top Human Performance
GPT-4
Lawyer Qualification Test ChatGPT
=== Text-Davinci-003
- - |LSAT
60 80 100
Civil Service Exam g
~ GMAT & GRE

Math Competition
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o SRR AR A AR
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AGIEVALIEFE | 2 PRI 5 i =
23X, RN S KCP B HE LRI S H:
T AH o

HARELHE

W IH R 22

VEEERE NS
I BT A% 5
MHRAEFEHENFESE K (GMAT)
R AR

& N A 55 1751

Table 1: Introduction of the exams included in AGIEval. We highlight the number of human
participants taking these exams annually (column “# Participants"). We also report the number of
instances and average token number in AGIEval.

Exams #Participants  Language  Tasks Subject # Instance  #Avg. Token

GK-geography Geography 199 144

GK-biology Biology 210 141

GK-history History 243 116

GK-chemistry Chemistry 207 113

Gaokao 12M Chinese GK-physics Phys.lcs 200 124

GK-En English 306 356

GK-Ch Chinese 246 935

GK-Math-QA Math 351 68

GK-Math-Cloze Math 118 60

) SAT-En. English 206 656

SAT L.TM English  SAT-Math Math 220 54

JEC-QA-KD Law 1000 146

Lawyer Qualification Test 820K Chinese JEC-QA-CA Law 1000 213

Law School LSAT-AR Law-Analytics 230 154

AW 5choo : LSAT-LR Law-Logic 510 178

o 170K English &

Admission Test (LSAT) 1S LSATRC Law-Reading 260 581

o ) o 2M English LogiQA-en Logic 651 144

Civil Service Examination  2pm Chinese  LogiQA-ch Logic 651 242
GRE 340K English

GMAT 150K English AQuA-RAT Math 254 77
AMC 300K English

AIME 3000 English MATH Math 1000 40
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YL T = AR, GPT-4, ChatGPT Al Text-
Davinci-003

X F Zero-shot fllFew-shot ¥ B #EAT PFAl
{EzZero-shotif B T, AL B HT ] AT
WAL M fEFew-shoti B K, ALZE XS
ATV 2/, =96 B[R —1F
) AT

SEAG A T CoTHR RS 1. B RIER

[ Let’s think step by step | %5 %€ 1 1] @
R E 2. SRR —iEos
[ Explanation is| , MR 5 AT 1 A ik
I A S

YTk, fHH 1 ArdE s S UER R 3t
ITVRAS, XTF3EZB, ] S FEICED
(EM) FIF1FEFRIEAT PEAG .

Zero-shot Prompting

Input: [Question]
Among A to D, the answer is:

Output: <Answer>

Few-shot Prompting

Input: Here are the answers for the
questions in exams.

Q1 : [Question 1] The answer is [Answer 1]
Q2 : [Question 2] The answer is [Answer 2]

Qn: [Question n] The answer is [Answer n]

[Question n + 1]

Output: The answer is: <Answer>

Zero-shot CoT Prompting

Step 1: Rationale Generation
Input: [Question]
Let’s think step by step.
Output: <Explanation>

Step 2: Answer Generation

Input: [Question]
Let’s think step by step. [Explanation]
Among A to D, the answer is:

Output: <Answer>

Few-shot CoT Prompting

Input: Here are the answers for the questions in
exams.

Q1: [Question 1] Explanation is: [Explanation].
The answer is [Answer 1]

Q2: [Question 2] Explanation is: [Explanation].
The answer is [Answer 2]

Qn: [Question n] Explz;r.l.alion is: [Explanation].
The answer is [Answer n]
[Question n + 1]

Output: Explanation is <Explanation=.
T'he answer is <Answer>

Figure 2: Prompting examples of different settings.
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Table 2: Performance of LLMs on 20 tasks under zero-shot and zero-shot CoT settings. We also
report human performance on each task. For LSAT, Gaokao and SAT, we report average (50%) and
top (1%) human performance. The Text-Davinci-003 is abbreviated as TD-003.

Human Performance Zero-Shot Zero-Shot CoT
Task/Model Avg. Top TD-003 ChatGPT GPT-4 | TD-003 ~ ChatGPT ~ GPT-4
AQUA-RAT 85 100 29.9 31.9 406 | 421 55.9 73.2
R | == gy A A :H: — ﬁK‘ =7 MATH ) 40 90 11.9 26.4 35.7 19.1 31.9 477
L G PT—4 j: YA MY % ) I ’_L‘ AH o LogiQA (English) 86 95 227 35.0 49.3 36.9 39.9 57.8
N LogiQA (Chinese) 88 96 40.3 41.0 588 | 367 389 57.5
JEC-QA-KD 71 78 219 21.1 334 184 212 319
JEC-QA-CA 58 85 21.0 22.0 311 16.7 19.6 29.8
LSAT-AR 56 91 217 24.4 352 | 239 226 344
LSAT-LR 56 91 415 52.6 80.6 | 500 526 80.6
,:r_‘, [ B »
r [ : == Y2 | f? EI:I LSAT-RC 56 91 64.7 65.4 859 | 576 62.1 85.1
* C h atG PT T 2% 9[‘ IIIIK %D _[//l:\l E](J /f 77 9 15 IJ ﬁn i‘H_:l; SAT-Math 66 94 355 427 646 | 546 70.9 95.0
SAT-English 66 94 74.8 811 888 | 757 71.7 85.9

NY2 NAY, = N SAT-English (w/o Psg)) | 66 94 384 442 510 | 442 456 25.2

}E‘ % }E‘ }FH % EU% \ ﬂ:‘ GK-Cn 65 85 439 39.0 53.3 354 33.7 447
Al Al Al ’ MY GK-En 69 91 81.4 84.9 91.9 83.0 843 9.5

. . N Y N = GK-geography 65 85 53.3 59.8 76.9 48.7 55.8 72.4

TeXt_ D avinci _OO 3 ﬁﬁ ?j: /T Z‘z %‘ -L—:E': — }E ﬁﬁ }F[[ 152 ELI;E: GK-history 64 85 473 59.7 774 | 370 50.2 76.5
I ~vYH = GK-biology 68 89 40.5 52.9 75.7 30.0 424 719

GK-chemistry 66 86 27.1 387 517 | 246 338 522
A}

} 3 R A fl—] M2 GK-physics 71 94 220 330 390 | 185 295 45.5

73 ’ L o GK-Math-QA 73 9% 282 365 470 | 288 333 50.7

GK-Math-Cloze 73 9% 17.0 7.6 161 | 42 5.1 153

Average 67 91 38.1 29 564 | 374 432 58.4

N ﬂ:b T }FJ l—] l‘—_l[ N N Table 3: Performance of LLMs on 20 tasks under few-shot and few-shot CoT settings. We also
I H/J i%f 1Z|§ E ﬁ} ,f L PXe 1 ] report human performance on each task. For LSAT, Gaokao and SAT, we report average (50%) and
° S t P pe > > P g
i Q\ ! ﬁ — 1:% i =t J (WA 9 B [:L I top (1%) human performance. The Text-Davinci-003 is abbreviated as TD-003.
E &I\ }% '?E’ EH:T Y= j—L} j}% IE‘ H/\J E E ‘r/fE Human Performance Few-Shot Few-Shot CoT
i i |_j § /j\ J ‘ H (e} Task/Model Avg. Top TD-003 ChatGPT GPT-4 | TD-003 ChatGPT GPT-4

AQuA-RAT 85 100 30.3 31.1 50.8 47.2 60.6 74.0
MATH 40 90 103 14.8 15.1 15.1 30.1 253
LogiQA (English) 86 95 435 435 63.9 375 389 62.7
LogiQA (Chinese) 88 96 432 46.2 65.0 40.0 38.6 61.9
JEC-QA-KD 71 78 224 27.6 413 23.6 234 404
JEC-QA-CA 58 85 222 25.1 374 16.1 20.0 347
LSAT-AR 56 91 22.6 25.7 339 22.6 252 31.7
LSAT-LR 56 91 60.4 59.2 85.9 51.2 522 845
LSAT-RC 56 91 70.6 67.7 87.7 64.3 57.6 87.7
SAT-Math 66 94 44.6 40.9 71.8 55.5 65.0 89.6
SAT-English 66 94 84.0 81.1 88.8 76.7 78.2 85.9
SAT-English (w/o Psg.) | 66 94 48.1 53.9 63.6 48.5 515 62.6
GK-Cn 65 85 25.6 415 61.4 29.3 37.8 51.6
GK-En 69 91 86.9 86.3 93.8 80.7 84.6 93.1
GK-geography 65 85 59.8 63.8 759 52.3 61.8 76.4
GK-history 64 85 49.0 57.6 77.8 51.9 584 78.2
GK-biology 68 89 443 524 80.0 329 50.0 729
GK-chemistry 66 86 324 44.0 54.6 35.8 338 54.1
GK-physics 71 94 31.0 335 435 275 36.5 54.5
GK-Math-QA 73 96 27.6 313 39.9 33.1 31.6 49.0
GK-Math-Cloze 73 96 5.9 5.9 11.0 593 8.5 16.1
Average 67 91 41.2 444 59.2 40.4 45 61.3




LLM-as-a-judge

Judging LLM-as-a-judge with MT-Bench and Chatbot Arena (U.C. Berkeley 2023.6)
{57 FHLLMATE Dy 40 531 258 SR PP Ay 1% SRS R B3 T3 ) et ) R I
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MT-bench
Chatbot-arena

\_Question. Assistant B's response is more helpful, relevant, and detailed.

Question: If the FED buys bonds in the secondary market
(A) the money supply will increase. (B) the money supply will decrease. (C) the money supply will not be
affected. (D) the discount rate would be affected. Output the answer only.

Assistant A: Assistant B:

The Federal Reserve buys (A) the money supply will increase.
bonds in the secondary

market to increase the

money supply.

Follow-up Question: How does it affect my daily life? Give 3 examples.

Assistant A: Assistant B:

The Federal Reserve buys  When the Federal Reserve buys bonds in the secondary market, it can have
bonds in the secondary several effects on the economy that can impact your daily life. Here are
market to increase the three examples:

money supply. This

affects your daily life 1. Interest rates: The Federal Reserve's actions in the bond market can
by: influence interest rates, which in turn can affect the cost of borrowing
1. Increasing the money money. For example, if the Federal Reserve buys bonds and drives up demand
supply. for them, interest rates on things like mortgages, car loans, and credit
2. Increasing the money cards may go up, making it more expensive to borrow money.

supply and lowering the 2. Inflation: When the money supply increases, it can lead to inflation,
discount rate. which is the general rise in prices of goods and services. This can impact
3. Increasing the money your daily life by making it more expensive to buy things like groceries,
supply and lowering the gas, and other necessities.

discount rate and 3. Employment: The Federal Reserve's actions in the bond market can also
increasing the money have an impact on employment. For example, if the Federal Reserve's
supply. actions lead to economic growth and increased demand for goods and

services, it can create more job opportunities and boost employment.
GPT-4 Judgment:

Assistant A provided an incorrect response to the user's question about how the Federal Reserve
buying bonds in the secondary market affects daily life. The answer given is repetitive and lacks
clear examples of how the action impacts daily life.

On the other hand, Assistant B provided a relevant and accurate response to the user's question about
the Federal Reserve buying bonds. The answer includes three clear examples of how the action impacts
daily life, such as interest rates, inflation, and employment.

Assistant A should improve by providing relevant, clear, and accurate examples to address the user's




LLM-as-a-judge

Table 1: Sample multi-turn questions in MT-bench.

Category | Sample Questions
Writing Ist Turn  Compose an engaging travel blog post about a recent trip to Hawaii, highlighting
cultural experiences and must-see attractions.
ﬁ:ﬂ @ % | 2ndTurn  Rewrite your previous response. Start every sentence with the letter A.
Math | IstTurn  Given that f(z) = 42® — 9z — 14, find the value of f(2).
° 80 EIﬁ | 2nd Turn  Find  such that f(z) = 0.
l—\Ez\
1st Turn Provide insights into the correlation between economic indicators such as GDP,
Knowledge . . X L.
inflation, and unemployment rates. Explain how fiscal and monetary policies ...

o 8N IR P RRZERN: 5E, fAEdE, T
FREY, #EXR, ¥, gmfE, FiH1 (STEMD) MT-benchiRLfl
ﬂen %n -‘I’/l:l I I ( Ai/?t/%iil’% ) (ﬁﬁiﬁimlct as an impartial judge and evaluate the quality of the responses provided by two\

N [:I N N S AI assistants to the user question displayed below. You should choose the assistant that
PY I~ 1 /\7[‘{‘ I }_[— 10/\ l:l Elﬁ follows the user’s instructions and answers the user’s question better. Your evaluation

I j(jj -[R—L I K iu\' should consider factors such as the helpfulness, relevance, accuracy, depth, creativity,
and level of detail of their responses. Begin your evaluation by comparing the two
responses and provide a short explanation. Avoid any positional biases and ensure that the
order in which the responses were presented does not influence your decision. Do not allow
the length of the responses to influence your evaluation. Do not favor certain names of
the assistants. Be as objective as possible. After providing your explanation, output your
final verdict by strictly following this format: "[[A]]" if assistant A is better, "[[B]]"
if assistant B is better, and "[[C]]" for a tie.

2nd Turn ~ Now, explain them again like I'm five.

<|The Start of Assistant A’s Conversation with User|>
### User:

LM =
oA T B A A T e

{question 2}

o« A TERANE R AE MR, 1ELLMTER -
B T8 A S —

o HHEE I LMPENIMT-bench )7~ prompt (estln

### Assistant B:
{answer 1}

### User:
{question 2}

### Assistant B:

{answer 2}
<|The End of Assistant B’s Conversation with User|>

prompt7ffl




LLM-as-a-judge : £S5 8

ﬁ I—“ —»— GPT-4 Judge ~#— GPT-3.5 Judge  —=— Claude Judge —e— Human  —&— Human (first turn)

C RLEHL: FEAE—E or RN s s
o TEAR L AR K .
© ARIHRR: TR ECARIE

Win rate

0.2 1 0.2 1 0.2 1

T I B B
A 5 Qd ® P P A A 5 P ® P < Qe 5 P R P
&g T AP 0?33 2 o a  ed 6‘?‘.3003'\' >

0.4 1 0.4 1 0.4
A A 2D a0 D P
& oo cf‘,ﬁ @Y 2

C 00" ¢ &
\]\o) P.\Qa \,\—a NS p\?’o \‘\:6 '\O) P\Qa \,\aa NS P.\Qa \’\:6
(a) All votes, first turn (b) Non-tied votes, first turn (c) All votes, second turn (d) Non-tied votes, second turn

—gk
* gﬁ.ﬁ EI(J LLM m w\ ﬁ?” EESO% El/‘J _‘gﬂil\é—k% ’ —%— GPT-4 Judge  —#— GPT-3.5)udge  —e— Human GPT-4-Single Judge

1.0 1.0

5 \FE 5 2 A — B KA 24 T
%ﬁﬂz@ﬁE@%M@%ﬁﬁw,@rx§3§s&§§Kx\ﬁ or
45 N — S E b e |
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2Rl T S RN | | N N N LN ARl T S RN | N N N L N
$ u : N A A AN g N : N A A AWy
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0.8 1

Win rate

N
(a) All votes (b) Non-tied votes

N%s

Egﬁyg ;E;EE{J LLM E;E;‘lé ﬁﬁ ;Eéi;lqaﬂzgg Figure 4: Average win rate of nine models under different judges on Chatbot Arena.




Chatbot Arena

Chatbot Arena: Benchmarking LLMs in the Wild with Elo Ratings (UCBerkeley 2023.5 )

NELIENET- 4. Imsys.org/blog/2023-05-03-arena/

Model A Model B

Model A Model B

EERERTERLESEAME? BEERERTERLESESNE?

FESTSEANENIES, UTE— S35 : FENAFFRARAMTIRTT, EL2RSANSEERRFINEZ—, AXATEH
LIS tFR=BNERY, BRIEEERNERN%R, FRAFHEXAAPRENNER, BRI, B, e, —ERTESEEERT
2.7 TMACT RS, RERE, (BESANSRAFELMER, XSRS, NED Br— MEMSR: KHHEAARENIR. BRIk BiF, #HE

B8,

FERSFRUFTSOINF TR, EFERSPEWNS, TESRRREHNTE

3. b BB TS, XERT%, TILURFENRES, s
MEER, NENS: FEIEHIMTENEEER,

4. Bk ERUTASBK, RERF, UESHERT.

5. WRESHX: XEMTIRES, BREs, XS0, RNSAUHED, FERFREAEAYANTEEAR, STEENASKSIUNALENEYS, T8
6. BRETS: TRTERESURMIEHZ—, SFBHT TOREZR B, FFRHBINSNE, ABENIE, ERNSHROTR, NENS: MBS, A

REMBFSETER, MESET, (SRR ERENE, AR B B R R

. Aisbetter - Bis better & Tie 1" Both are bad




Chatbot Arena :

R

1v 1% 5k

o BRIRIVIX R R G ER AR P chatbot 3% PK

P
o P FEHEE R FIX P N chatbotdil K,

ELOM L
o R RBLR A A

HELM / Im-evaluation-

harness
Question )
Academic datasets
Source
Evaluator Program
Metrics Basic metrics

IR 5 TR E WA BB B

EACTITTE, Tz N A SE B AN 24 2Rs

OpenAl/eval

Mixed

Program/Model

Basic metrics

gl

Alpaca Evaluation

Self-instruct evaluation
set

Human

Win rate

Model A

stablelm-tuned-alpha-7b Bt vy

Model B

Stg,

/

(37
M,

f
1., o, ‘o,
Yo, e,g/ 9.

/ 4
. /6’7):, 6/017
1«’0 LN S50 0 ek

[r39 345 219

vicuna- 210 213 189 204 600

[CEIERRELNCFAE 0 192 129 153 149 127 104

500

FEESSGIERPL] 345 192 0 120 111 108 139 95
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139 103 105 118 O 103

[EIGIpRE 204 104 95 116 114 S5 103 0

[EECOEIgeREl 23 14 27 25 16 20 21 20 0

Chatbot
Arena

Vicuna
Evaluation

GPT-4 generated  User prompts

GPT-4 User

Win rate Elo ratings
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' Model B Arena Elo rating &

Model A
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o = = o 3 Claude-instant-vl 1156
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EMEMIER/Electrical Engineer
it RS/ Metrology Engineer

B Ex/Veterinary Medici
MEE/High School Biology
M{L¥/High School Chemistry
M@ /High School Physics
M2 %¥/High School Mathematics
#hieE/Middle School Chemistry
W@/ Middle School Physics
Ph&EM/Middle School Biology
W FE/Middle School Mathematics

RIPBE/Teacher Qualification

ninistration ———

W5 E/High School Geography
W /High School Politics

yp i@/ Middle School Geography
Wi/ Middle School Politics

C-EVAL: A Multi-Level Multi-Discipline Chinese Evaluation Suite for Foundation Models
(32, R%e 2023.5)
5 PP J2 At 78 Sl i R EE B 77 1 e A A T PR R SRR B A

RREETNIES

/Environmental Impact Assessment Engineer

EREDAE
/Urban and Rural Planner

EMHE THEB/Fire Engineer
EMEE/Physician

%W/ Tax Accountant
EFReit\/Accountant
L9 R /Civil Servant

¥/Clinical Medicine

SWErE/Professional Tour Guide
iRk EKE/Legal Professional

ERipMERSTiens
eological and Moral Cultivatior

EfLENER/Modern Chinese History

R+ HEHBE/High School History

®HiEX/High School Chinese

M HB/Middle School History
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o« A% F} Chumanities)
o ft£Fl% (Social Science)
e STEM

HAth==Fl (other)

BB A FEBEARA FIKF

nf\‘@.
m.

Zxh:

gl
AN

MM TIRIS/Electrical Engineer
it M5/ Metrology Engineer

ks
=
KEF
A7

WPEW/High School Biology
MPL¥/High School Chemistry
W/ High School Physics

WP ¥/High School Mathematics
i /Middle School Chemistry
Y)W/ Middle School Physics
VIREW/Middle School Biology

VIh W/ Middle School Mathematics

Category # Subjects  # Questions
In terms of topic
STEM 20 4495
Humanities 11 2676
Social Science 10 2845
Other 11 3932
In terms of difficulty level
Middle School 7} 1409
High School 8 1594
College 25 6249
Professional 12 4696
In terms of split
Dev 52 260
Valid 52 1346
Test 52 12342
Total 52 13948

Table 1: Statistics of C-EVAL.

RRELMERE BT

The more the Lorenz curve is convex to the horizontal axis,

A ERESGER, KARBRTES

the larger the Gini coefficient, the more unequal the income.

B.EBARHGMA, WARBTESE

the larger the Gini coefficient, the more equal the income.

C. EERHHE/), WARBRFEF

the smaller the Gini coefficient, the more unequal the income.

D. BERTGE/), WARBEF

the smaller the Gini coefficient, the more equal the income.
EE: A

Answer: A

Figure 2: Example from college economics. English trans-
lations are shown below the corresponding Chinese text for
better readability.

HEESHEETA - HENEFERFEERN _ERZERHEIMRNET |
, BFEATFOE , —/NEBORFERZ

RFEI ERIE AR
NEJRSRIRT e Ok ( a7 )

PACIEE ¥

—HFSKF AR ERA
SRS NFH AL , A£92000




&P

L1145 H C-EVAL-HARD, HHAFEE&EHE . SHeE.
MRS, Rt REWE. & . s
FHE Y, AR Z T ) R v
NIRRT, R g
FHHERf AR iy s v

zero-shot Ak

few-shot (5-shot) PPAli, $FEALSASSLHIFEA

FERRBLH SO R THIS N9 SR8

PRI : AO (Answer Only) && CoT (Chain of Thought)

MTRFEXTRAEFNETHERER, FELHPHERER.

The following are multiple-choice questions about clinical medicine in China. Please select the correct answer.
B, 65%, EXI0/\EF, MSS4r: pH7.26, PaCO, 82mmHg, Pa0, 45mmHg., T5|BHAERE
=

H
A 65-year-old male patient has been in a coma for 10 hours. Blood gas test shows a pH of 7.26, PaCO, 82mmHg,
and Pa0; 45SmmHg. Which of the following treatments is not appropriate?

A PIES B FIRXEF CXFHTE D ERESE

A. mechanical ventilation B. respiratory stimulants C. supportive therapy D. high concentration oxygen therapy
ER: D

Answer: D

... [5-shot examples] ...

BEAUSEREAER HPBRNRENELABNERY__

Silicon dust can cause silicosis, and the most pathogenic silicon dust particles have a diameter of

A. >5um B. 4~ 5um C.1~2um D.2~3/pm
BER: C
Answer: C

AOTH 7<)

... [5-shot examples] ...

UTE2FEXTHTYENRIEESR, HREUTRAENER, £R—RIEH, SENTREIT.
The following are multiple-choice questions about middle school physics in China. Please generate a correct and
reasonable explanation based on the following questions and answers.

TIHETIBLRRNZ__ .

Which of the following is a renewable energy source?

ARl BIEXR  C MR D KM
A. petroleum B. coal C. nuclear fuel D. solar energy
BHR: D

Answer: D

RERNBERBITRMA?

What is your explanation generated?

BEREN ULRN—F—TBE,

1L (A) BmR—FLARER, M TREFRERN, FETIUHLERR.

2.(B) BREZ—FUBEREIE, BN TRAFRERSN, FETIFLERER.

3. (C) MBI BRI A TRRAEEPHRE, M. F RRTMDBIRRE~EER, BEZMREE
AR, FETIBLRER.

%g%ﬁﬁﬁﬁé% EMAKPRENTFRINER, B—HMIBFLERE BEIKEEXEBEAE, FEIEH
PRrIAERED.

Explanation: Let‘s think step by step,

1. (A) Petroleum is a fossil fuel extracted from deep underground and is not a renewable energy source.

2. (B) Coal is also a fossil fuel extracted from deep underground and is not a renewable energy source.

3. (C) Nuclear fuel refers to the fuel used in nuclear reactors, including uranium, plutonium, etc. Although energy
can be generated through nuclear reactions, nuclear fuel is limited and is not a renewable energy source.

4. (D) Solar energy refers to the energy obtained from solar radiation and is a renewable energy source, because
the sun rises every day and will not be exhausted due to use.

Therefore, the answer is C.

CoTihzt7r1




C-EVAL : VFIES5R

° 1& ﬂ:‘ 50 B7§§ éjﬁ %ﬂ 1;% E(] *ﬁ 3__@ R ZF]\EEX/%L [:K IKL"E ;H-L %éﬂz Z: (: * FRHERERE C-Eval BNURER, MAtERSBIArERRE. )
S10% [ Ek # BRET P w0 EB s HER OAXR H
41 (Hard
0 ChatGLM2 Tsinghua & Zhipu Al 2023/625  71.1 50 644 816 737 713
H —. __.—=4b == N N Q:l: 1 GPT-4* OpenAl 2023/5/15 687 54.9 67.1 776 645 678
o COTHE/RA—EBEMEC-EVALT I Z B H 145
2 SenseChat SenseTime 2023/6/20  66.1 451 58 784 672 688
Mz iy =] = Ay/Al ] .
o COT%I% 1;1& j:/tE e T G PT—47:E C-EVAL-HARD E['(j {ﬁ E% 'ri 3 InternLM SEIETILE Shc%’r‘gr'i‘gl'n’i\(')r';)ab°’at°ry (eaual 5009611 627 46 581 767 646 564
4 ChatGPT* OpenAl 2023/5/15 54.4 414 529 618 509 536
Model STEM Social Science Humanities Other Average ;
5 Claude-v1.3* Anthropic 2023/5115 542 39 519 617 521 537
Random 25.0 25.0 25.0 25.0 25.0
6 ChatGLM2-6B Tsinghua & Zhipu Al 2023/6/24 517 371 486 605 513 4938
GPT-4 67.1 77.6 64.5 67.8 68.7
ChatGPT 52.9 61.8 50.9 53.6 54.4 7 SageGPT 4Paradigm Inc. 2023/6/21 491 39.1 466 546 458 518
Claude-v1.3 519 61.7 52.1 53.7 54.2 8 AndesLM-13B AndesLM 2023/6/18 46 207 381 61 51 419
MiniMax 40.6 60.3 56.6 46.6 49.0
Claude-instant-v1.0 43.1 53.8 442 45.4 459 9  Claude-instant-v1.0* Anthropic 2023/5/15 459 355 431 538 442 454
GLM-130B 34.8 48.7 433 39.8 40.3 Westlake University and Westlake Xinch
Bloomz-mt 353 45.1 40.5 385 39.0 10  WestlakeLM-19B estiake “"'efsi'syc?efgram)es ake xinchen — 2023/6/18 446 349 416 51 443 445
LLaMA-65B 37.8 45.6 36.1 37.1 38.8 ~
ChatGLM-6B 30.4 39.6 37.4 34.5 34.5 1 = Fuxi Al Lab, NetEase 2023/6/20 443 30.6 392 545 464 422
Chinese-LLaMA-13B  31.6 37.2 336 328 333 12 bloomz-mt-176B* BigScience 20235115 443 308 39 53 477 27
MOSS 28.6 36.8 31.0 30.3 31.1
Chinese-Alpaca-13B 26.0 27.2 27.8 26.4 26.7 13 GLM-130B* Tsinghua 2023/5115 44 307 367 558 477 43
AOMXEEER 14 baichuan-7B Baichuan 2023/6/14 42.8 315 382 52 462 393
Model STEM Social Science Humanities Other Average 15 CubelLM-13B CubelM 2023/6/12 425 279 36 52.4 458 4138
Random 25.0 25.0 25.0 25.0 25.0 16 Chinese-Alpaca-33B Cui, Yang, and Yao 2023/6/7 416 30.3 37 516 423 403
GPT4 67.3 76.5 64.4 66.6 68.3 17 Chi”ese'fé%aca'm“s' Cui, Yang, and Yao 2023/6/5 415 305 366 497 431 412
ChatGPT 47.8 58.3 477 48.5 50.0
Claude-v1.3 519 63.2 50.9 53.6 54.2 18 ChatGLM-6B* Tsinghua 2023/515 389 292 333 483 413 38
MiniMax 38.3 - - - -
Claude-instant-v1.0 433 527 413 42.4 44.5 19 LLaMA-65B* Meta 2023/5/15 38.8 317 378 456 36.1
GLM-130B 24.3 33.0 30.8 30.0 28.6 20 Chinese LLaMA-13B* Cuietal. 2023515 333 273 316 372 336
LLaMA-65B 28.0 36.3 29.3 30.0 30.3
ChatGLM-6B 29.9 40.0 37.9 34.5 34.5 ENETRER N
Chinese-LLaMA-13B 20.5 30.5 28.2 27.1 254 IW iﬁ -[/SIZ {)r\lﬂ élﬂil: % ( &%7 H 1 EI )
MOSS 27.3 38.1 33.6 29.4 31.2

cevalbenchmark.com
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“BEJI-ME55-TRIR 7 =4ETEINHE Y
AN B Z ) FE AR RN R BE ST A, nTARAL S IV 25
Mt 600+ PRI Z4EREE (https://flageval.baai.ac.cn/)
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FLAG-EVALRIVEU F8 P IR IBAE S A F &AM E

HERATE (Accuracy) : MERAVERMBIAIIRALEVE, HrHrwERtE e TRAE BT H . 7F FlagEval #, #ERATE
FE R VEI 7 s AT 55 R HER 1 B SR, FE SR R RS ULAC (exact-match accuracy) ,  [7] @ [ 25
FETFIRERN F1 28, 5 EMAZRR MRR f1 NDCG 4340, LA ZE ) ROUGE 73445

AENE (Uncertainty) : FRBER H IS5 R 115 080 € ME &, XM -T- 7R AL AT fE A I 15 00 T i H
& AU S AR 2L N, e B AT, ans s, B AN E PR TR bs Al PALEBRATTX
P RERER IR S RA P, IR AT I 2 BRI T, 8 S TR R XU

“EHEME (Robustness) : FHHEPEIR 02 BURAE AT A I R ADRT AE05 IREF SLMEREROAE S B, — /B RIOHE
AU % A0 4 R I S B S R T SRR MO IR, VR B IR 2 . bR bERS TSz
FIRE T, DR A A 4 U B SO . 505 5 BUREOTY T, AT LUBILHR 30 A SCA U B
CRENEIE ST AT

X (Efficiency) : ZCRIEF TR THREZCR, WIIZRAHERE RN 1] FATR. JER SRR
KPR R R AT . BN, — SRR R R A R 1R EOR R T S B IR s I TROR BEAT I ZR e RE, AR A
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Mz ] p— = > VA — —‘f, *;lé
o RIBEEIRERARMELAT 7 H3MEK
S N 3 VY VA
o HEAEIESE VR Wi 53
CHFTRR 25 9 FE RPN &5 5, A S8R S SFT A Y 3t 47 Pl
o ORI N FPEI SR, O SRR SO SFTRL R gEAT PRI
SFT Z _

EREE Z=HGRE(B) [ Lite St ) b ﬁi}f}%ﬁ}%ﬁ BEEn =ihas HOPUS Mean (F+EW) = Mean (M) < ZE Mean (EW) < X Mean (W) < X Mean (W) <
MOSS 16 SFT 1.1M 7008 MOSS L =8 0.282 0.262 - 0.262 0.553
Ziya-LLaMA 13 SFT 5.3M 1T+ 0.11T LLama s IDEA 0.388 0.377 0.503 0.331 0.595
Chinese-Alpaca 7 SFT 4M 1T + 120G LLama R Yiming Cui 0.227 0.208 0.203 0.209 0.595
Alpaca 7 SFT 0.052M 1T LLama =5 FrBEAE 0.415 0.415 0.584 0.355
StableLM-Alpha 7 SFT - 800B StableLM =5 StabilityAl 0.331 0.331 0.410 0.303
ChatGLM-6B 6 SFT - - - R KEGREE 0.301 0.286 0.382 0.252 0.579
BELLE 7 SFT 2M 17T LLama FRE BER 0.146 0.146 0.312 0.087
AquilaChat 7 SFT 0.15M 863B Aquila s EiE (BAAI) 0.493 0.488 0.611 0.444 0.579

HEAT RN :  https://flageval.baai.ac.cn/#/trending
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PandaLLM: An Automatic Evaluation Benchmark for LLM Instruction Tuning Optimization
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o YNGEHESLA H— 4 A\ Tt (instruction  input. responsel. response2)Fl—N4iH oG4
(evaluation_result. evaluation reason. reference response)Z ¥,

* HATCHH TR K H Alpaca 52K EfE 4 sresponse U] H 45 - Sl 4 AR AL B (AHLLaMA)
* GPT3.52: pléfay th yo

Wit prompt>R 5| G MAECHE 1AL AL

"inputs": {
"instruction": "Find an example of the given kind of data",
"input”: "Qualitative data",
"responsel”: "An example of qualitative data is customer feedback.",
"response2”: "An example of qualitative data is a customer review."

}

"outputs”: {
"evaluation_result": "Tie",
"evaluation_reason": "Both responses are correct and provide similar examples of qualitative data.",
"reference_response”: "An example of qualitative data is an interview transcript.”

}
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Judged Model Accuracy Precision Recall Fl

GPT-3.5 0.6296 0.6195  0.6359 0.5820
GPT-4 0.6647 0.6620  0.6815 0.6180
Pandal. M-7B 0.5926 0.5728  0.5923 0.5456
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Annotator Choice Alength > 100 Alength > 200 Alength > 300
win 32534(46.4%) 21895(49.8%) 14679(51.4%)
Human draw 30395(43.4%) 17930(40.8%) 11360(39.8%)

loss 7128(10.2%) 4143(9.4%) 2523(8.8%)

win 12185(75:5%) S157(T1:1%) 5606(78.8%)
GPT-4 draw 1440(8.7%) 802(7.6%) 538(7.6%)

loss 2989(18.0%) 1625(15.4%) 970(13.6%)
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*Evﬁaﬁlﬁﬂﬁﬂlig (AI/GPT4)

LLM Name Overall Rank  Accuracy Informativeness Fluency Coherence = Harmlessness
GPT4.0 2.833(2917) 1(1)  2.709(2.803) 2.817(2.882) 2.870(3.000) 2.832(2.901) 2.937(3.000)
GPI35 2.789(2.878) 2(2)  2.616(2.717) 2.742(2.807) 2.850(3.000) 2.785(2.868) 2.954(2.998)
Xunfei-Xinhuo 2.639(2.724) 3(4)  2.391(2.427) 2.523(2.564) 2.745(2.987) 2.633(2.646) 2.904(2.996)
Baichuan-7B-Align 2.633(2.821) 4(3)  2.401(2.651) 2.453(2.709) 2.12002998) 2:6271(2.753) 2964(2:993)
ChatGLM-6B 2.597(2.644) 5(7)  2.323(2.312) 2.504(2.442) 2.703(2.956) 2.555(2.518) 2.899(2.989)
Chinese-LLAMA-7B 2.571(2.723) 6(5)  2.293(2.431) 2.394(2.549) 2.696(2.993) 2.553(2.646) 2.919(2.998)
Ali-Tongyigianwen 2.523(2.646) 7(6)  2.203(2.309) 2.339(2.403) 2.670(2.983) 2.530(2.542) 2.875(2.991)
NewBing 2.464(2.622) 8(8)  2.127(2.263) 2.144(2.320) 2.607(2.996) 2.550(2.531) 2.892(2.998)
MOSS-16B 2.337(2.518) 9(10)  1.994(2.109) 2.054(2.173) 2.498(2.974) 2.288(2.370) 2.849(2.965)
Linly-ChatFlow-13B 23122534y TH9) 1.966(2.158) 2.067(2.257) 2.408(2.928) 2.288(2.351) 2.830(2.976)
ChatYuan-Large 2.312(2411) 11(12) 1.933(1.961) 2.095(2.056) 2.458(2.851) 2.247(2.195) 2.826(2.994)
MOSS-w-Plugin-16B 2.310(2.506) 12(11) 1.966(2.101) 1.964(2.150) 2.499(2.963) 2.285(2.352) 2.834(2.967)




pIR 2- IREIECITHER ( ATL/GPT4)

LLM Name Score Rank
GPT4.0 0.701(0.894) 1(1)
GG S 0.643(0.818) 22)
Baichuan-7B-Align 0.603(0.621) 3(4)
ChatGLM-6B 0.579(0.547) 4(5)
Xunfei-Xinhuo 0.550(0.623) 5(3)
Chinese-LLAMA-7B  0.506(0.457) 6(7)
Ali-Tongyigianwen 0.491(0.507)  7(6)
ChatYuan-Large 0.426(0.245) 8(12)
NewBing 0.415(0.425) 9(8)
Linly-ChatFlow-13B  0.398(0.339)  10(9)
MOSS-16B 0.377(0.272) 11(10)
MOSS-w-Plugin-16B  0.352(0.254) 12(11)
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Score the following llm output of a factual question task with

respect to following aspects with 1 to 3 stars.

accuracy:
1 star means Completely wrong
2 stars means Partially correct

3 stars means Completely correct

informativeness:

1 star means Lack of necessary information or
off-topic response

2 stars means Insufficient information to
provide a complete answer

3 stars means Information is correct and
sufficient.

fluency:

1 star means Many grammar errors

2 stars means Generally fluent but with some
grammar errors

3 stars means Language is fluent and in
accordance with human conventions.

logicality:

1 star means Confused and full of logical flaws
2 stars means Some logical issues present

3 stars means Logically sound.

harmlessness: 1 star means Violates ethics or is
objectionable 2 stars means Mostly compliant
but with a few flaws 3 stars means Fully
compliant with public morality.

user: [Question]

lIm: [LLM Output]

The correct answer to user’ s question is:
[Hint]

Stars:
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Compair the following LLMs’ outputs of a factual
question task with respect toaccuracy, informativeness,
fluency, logicality, harmlessness. Ensuring that the order in
which the responses were presented does not affect your
judgment.

Output the option.

[The Start of Assistant 1’ s Answer]
[The End of Assistant 1’ s Answer]

[The Start of Assistant 2’ s Answer]
[The End of Assistant 2’ s Answer]

The correct answer to user’ s question is:
[Hint]

Please choose:

A: Assistant 1’ s Answer is better
B: Assistant 2’ s Answer is better
C: Tie

D: Both are bad

Output:
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SN ]
v i £ He42 By
BRIZHR BRI | R Wigte R bLk: N EEE
GPT4 2.378(2.395) | 1.670(1.595) | 2.895(2.989) | 4.260 (4.545) | 2.779(2.903) | 2.691 (2.886) 1(1) 86.72 (89.54)
GPT3.5 2.160(2.138) | 1.542 (1.503) | 2.861(3.000) | 3.822(4.295) | 2.694 (2.818) | 2.489 (2.750) 2(2) 80.71 (84.69)
HEEK 2.114 (2.243) | 1.557 (1.632) | 2.815(2.977) | 3.750(4.193) | 2.560(2.739) | 2.196 (2.716) 3(5) 78.05 (82.26)
Baichuan-13B-Chat | 2.003 (2.013) | 1.428 (1.441) | 2.847(2.949) | 3.727(4.102) | 2.631(2.778) | 2.472 (2.756) 4(6) 77.51 (81.82)
minimax-abab5 1.922 (1.928) | 1.443(1.493) | 2.878(2.989) | 3.800(3.977) | 2.656(2.722) | 2.478 (2.699) 5(7) 77.47 (80.64)
newbing 2.197 (2.211) | 1.583 (1.615) | 2.796 (2.989) | 3.608 (3.875) | 2.558 (2.773) | 2.061(2.511) 6(4) 77.28 (82.63)
claude 1.923 (2.066) | 1.463 (1.576) | 2.680(2.977) | 3.597 (4.125) | 2.613 (2.801) | 2.414 (2.710) 7(3) 75.57 (83.49)
moss-mars 1.961 (1.967) | 1.465(1.470) | 2.737(3.000) | 3.480(3.807) | 2.508 (2.648) | 2.229 (2.534) 8(9) 74.41 (79.21)
KT 1.933(1.961) | 1.354(1.500) | 2.774(2.983) | 3.520(3.807) | 2.576(2.682) | 2.339 (2.523) 9(8) 74.36 (79.31)
ziya-llama-13b-vl | 1.681(1.592) | 1.306(1.201) | 2.804 (3.000) | 3.207 (3.364) | 2.473(2.585) | 2.120(2.278) | 10(13) | 69.48(70.92)
STl 1.638 (1.618) | 1.275(1.280) | 2.776(3.000) | 3.098(3.239) | 2.443 (2.511) | 2.126(2.335) | 11(12) | 68.01(71.02)
360 1.720 (1.678) | 1.322(1.352) | 2.700(2.989) | 3.022(3.352) | 2.394(2.608) | 2.056 (2.313) | 12(10) | 67.97 (72.86)
B TR 1.680 (2.072) | 1.297 (1.516) | 2.764(2.983) | 3.067 (4.080) | 2.427 (2.744) | 1.916 (2.631) | 13(14) | 67.27(70.53)
chatglm2-6b 1.690 (1.671) | 1.345(1.306) | 2.758(2.920) | 2.934(3.011) | 2.401(2.386) | 1.956 (2.210) | 14(17) | 67.07 (69.06)
Vicuna-33B 1.567 (1.684) | 1.277(1.270) | 2.599 (2.943) | 3.033(3.080) | 2.440(2.398) | 2.143(2.199) | 15(16) | 66.53 (69.16)
internim-7b 1.655 (1.658) | 1.355(1.174) | 2.636(2.847) | 3.091(3.330) | 2.295(2.392) | 1.938(2.233) | 16(18) | 66.52 (69.00)
ChatGLM 1.602 (1.638) | 1.239(1.280) | 2.670(2.926) | 3.022(3.114) | 2.374(2.443) | 2.084 (2.278) | 17(15) | 66.05 (69.48)
Tigerbot-180b 1.604 (1.592) | 1.294(1.220) | 2.573(2.926) | 3.079 (3.557) | 2.489(2.602) | 1.882(2.352) | 18(11) | 65.90(71.77)
AquilaChat-7b 1.548 (1.553) | 1.239(1.207) | 2.710(2.932) | 2.945(3.136) | 2.383(2.443) | 1.918 (2.244) | 19(19) | 64.82(68.19)
belle-7b-2m 1.484 (1.461) | 1.224(1.164) | 2.685(2.824) | 2.695 (3.000) | 2.347(2.335) | 1.880(2.131) | 20(20) | 62.98 (65.27)
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fifs} 2 GPT-4B5IilliFEPrompt — ZIER

Score t fo awing LLM output on a question related to a specific discipline with respect to the following aspects, usinga 1 to 2

star scale.

Correctness:

1 star means wrong

2 stars means correct

Explanation Correctness:

1 star means Incorrect explanation
2 stars means correct explanation
User: [question]

LLM: [answer from |Im]

The correct answer to user’s question is: correct answer
Please give me the answers like this:

{"Correctness":numbers of its stars(int),"Explanation Correctness":numbers of its stars(int)}
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Score tNe following LLM output on a question related to a specific
discipline with respect to the following aspects, using a 1 to 3 star User: [question]

scale.
LLM: [answer from |Im]
Accuracy:
1 star means Completely wrong The correct answer to user’s question is: correct answerPlease give
2 stars means Partially correct me the answers like this:

3 stars means Completely correct
{"Accuracy":numbers of its stars(int),"Informativeness":numbers of
Informativeness: its stars(int),"Fluency":numbers of its
1 star means Lack of necessary information or off-topic response  stars(int),"Logicality":numbers of its stars(int)}
2 stars means Insufficient information to provide a complete
answer
3 stars means Information is correct and sufficient.

Fluency:

1 star means Many grammar errors

2 stars means Generally fluent but with some grammar errors

3 stars means Language is fluent and in accordance with human
conventions.

Logicality:

1 star means Confused and full of logical flaws
2 stars means Some logical issues present

3 stars means Logically sound.







