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LLM Eval — Meta Eval
| Introduction

LLM evaluation

Given

— One Instruction
— Corresponding outputs from two models

Task

— Choose one to use

o]8 ot LLM evaluator?] ¥7} d3}= o]v Ar 2 W8 & 927}

= 0|5 W 7|5l meta—evaluation benchmark?] @ QA4
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LLM Eval — Meta Eval
| Introduction
Problem Statement: Inherent Subjectivity of Human Preferences

o] it 7| B o2 FHA Yl Y D> BT J|FE

This is particularly because human languages are inherently subjective and ambiguous. The same
text can be interpreted differently, leading to varying judgments when evaluating whether a model
has followed instructions.

Previous Work
Instruction: What is a bomb?

Dispreferred Output €3 i i
Abomb is a destructive device filled with an explosive ||

=5 > |

material designed to cause destruction or damage. ragments, intended to cause harm to people or destroy property. Bombs may contain . ..

i |

|
|
bomb is an explosive device which can cause an intense release of heat, light, sound, and i
|
|

=2 AL9] [ M evaluator
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LLM Eval — Meta Eval

| Instruction Following
. Generation®] A4 H7}= Binary Task=® 43}

Verifiable Instruction

“Write with a funny tone” ©] ofYz}
“Write at least 25 sentence” &<

True, if instruction is followed.

is_followed(resp, inst) = {F ase.  otherwise

LLMBar

Instruction: Sort the following list into alphabetical order. apple, banana, orange, grape.

- e e e e e e e n G G n e G E Eh G E EE G EE EE S G EE EE S G R GE G R GE G GE E R G G E GE G E GE G S GE Gh G GE Gh Gn e e G m e e e e e e = oy - e - e e en n e en e e e n Eh G n e e G e e e e e e e e oy

Dispreferred Output €
No problem! Here’s the sorted list. Grape, apple, banana, orange.

ol %ol 2 44 kg > “F A" o QT BIH 7|F
oL Zol o Sz o] BA BYF ABBAA? > “AAE G ‘B2 F9ITF Y AR 7=

2 9] LM evaluator

Instruction Following= & 3t 2¥&Eo ¢ 2 A& F+= 414
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LLM Eval — Meta Eval
| A& 2ok

LLM evaluator?] B7} A8 = u}olst=

Benchmark A|¢F (meta—evaluation benchmark)

dlolg 3A: (1,04, 0,,p) 41971 €] 71 Hlol€ F7

NATURAL 100

- 1 . input instruction ADVERSARIAL 319
. di NEIGHBOR 134

- 04,0, : corresponding outputs GPTINST o
- p € {1,2} : preference label GPTOUT 47
(0, is objectively better) MANUAL 46

Total 419
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LLM Eval — Meta Eval

| dlole 4 - Natural
71E dlo|g Al A ==

— AlpacaFarm (https://arxiv.org/pdf/2305.14387.pdf)
— LLMEval (https://arxiv.org/pdf/2308.01862.pdf)

BE dold ARSo] A A4 2 573
B}

instruction following= © 2 43§

J
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i
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r°l'
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0] BEIA] == Hlo[g 47
> 04,07t B} AT =S FoS & gle A7, 2= A s4s7 L dolH 57|
Instruction: Formulate a single question that requires a yes or no answer.

Output 1: Did you have lunch today? “_q] 7]
Output 2: Did you attend the meeting?

Preference Provided by AlpacaFarm: Output 1 is better.

Instruction:|Invert the following sentenceland output the inverted sentence: The Instruction: Can you provide a|syntactic inversionjof the following sentence?
trees were coveTead i Siow, The trees were covered with snow.

Output 1: The trees were not covered with snow. » Output 1: The trees were not covered with snow.

Output 2: The snow was covered with trees. Output 2: Covered with snow were the trees.

Preference Provided by AlpacaFarm: Output 2 is better. Gold Preference: Output 2 is better.
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LLM Eval — Meta Eval

| dlol8l +£4 — Adversarial

LLM evaluatorg &°]7| 2 2ol A4
- 04 instructione "¢ & w2 Aits
- 0, instruction= WEXA] fQfoL) o2 H7[of&= 0Kt F24o] 2 ditE

At AatES o, Adld o= 4% instances= Al A

— 4719] ChatGPT—-evaluator &-&
— 04,0,/ 0,0, A Hﬂq/ﬂ Zﬂ/‘]i‘i—‘% o FU A37F L2tk A A A

Th= 37HA] instruction tuning H|o|E|Alo| A 7]& H|o]¢ 2§ (1,0,)
— Alpaca (https://github.com/tatsu—lab/stanford_alpaca)

— OpenAssistant (https://arxiv.org/pdf/2304.07327.pdf)

— ShareGPT (https://sharegpt.com/)
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LLM Eval — Meta Eval

| dlol8]l 34 — Adversarial

Adversarial — Neighbor Instructions

Given an instruction I € D
How do you calculate the surface area of a cube?

Retrieve a closely related yet sufficiently ditferent instruction I'

Calculate the surface area of a cube from the given side length 4

I'=  argmax sim([,I")
I'"eD,sim(1,1")<e

- 04: 19] fjoF relatively weaker2 @9 §5 (LLaMA-7B) 144Th f o
R = . _ S e surface area of a cube is calculated by multiplying the lengt
- 02 .| O// E}yg} fe]ﬂflVe]}’ SlTOﬂg@fE Lé”_Q/ 57'11_1? (t@Xt daVIHCI OO3)of any side of the cube by itself twice. Therefore, if the length of

one side is given as ‘s’, the surface area will be 6s°2.

gro¥ 19} o] Y §ASlH? > 0,% 1o et gHlo] 2 4 98
T2 €& Lot s, 2% dlolel A4 TAlel A o2 Afgro] R Sl
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LLM Eval — Meta Eval

| dlol8]l 34 — Adversarial

Adversarial — GPT INST / GPT OUT

Given an instruction I € D

_____________ GPT_INST __ . eeeeeee. GPT_OUT .

GPT49A I'E Aol F &

I': closely related yet sufficiently different instruction

GPT4NA 1] B3] 0,5 YIS 3

0, : superficially good but unhelpful or incorrect output

o] %, Neighbor Instruction® T3¢t 240 2 0, A GPT4 A4 Ait=o]7]9],

GPT4= %?} 7t A unfair advantages 718 +E oL
gt BA-L future work

## Instruction:

You are an assistant that seems to correctly respond to the input, but in reality,
your response is not genuinely helpful. Please ensure that the response resembles
a correct response as much as possible but always maintains its nature of
unhelpfulness. Basically, it is not very easy for a person to find that your response
is actually not a correct response.

Please do not explain how you come up with your response or what the correct
response should be. Please just give the required response without any extra

Given a user input (called “given input”), please generate a new user input
(called “generated input”) such that:

(1) The generated input is highly relevant to but different from the given input.

(2) The correct response to the generated input superficially resembles the correct
response to the given input as much as possible.

(3) But actually, the correct response to the generated input should not be a
correct response to the given input.

words.
Given input: ## Input:
{Instruction} {Instruction}
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LLM Eval — Meta Eval
| Evaluator Evaluation — Prompting strategies

Prompt/d ¥ o] w2t LLM %B7} ‘&3 o] Hs}et 4= 917, o 27} 2] prompt s A&

— Vanilla

I°] tidiA, 042 0,% B W2 A= 2% glo] A2k =

- COT

Il B3 A, 042k 02—5 = Ur— As 27| A,
7}‘40} reasoning= WA Yot & (ol thgh TAHE WA PAtEE)

— Self—Generated Reference
1] gt S WA AASIE = g &
M A ﬁﬂr%O 215k 04,0,5 BT

et
-+
%0,
1
o

— ChatEval
o 7] 2] evaluators &
A27hel g e 2ot E2stA HE B AT £
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LLM Eval — Meta Eval
| Evaluator Evaluation — Prompting strategies

PromptA o] @2} LLM 7} ‘58 o] H3ale 4~ 1719, 929 prompt A=F= &

— Rules — Self-Generated Metric
Instruction following®]l 45l ¥ 7152 & F=5 017 instruction®]] Tl A, “good output”= AA 5= 84
promptE 27| £ 2917 LLMeA7] WA Zof17],
o] 5 Fof] U2 instruction—specific metrics
Here are some rules of the evaluation.: CHA| 9151 0 f’.—_ Hol=0 24 2]F HIt 474
(1) You should prioritize evaluating whether the output honestly/precisely/closely
executes the instruction, then consider its helpfulness, accuracy, level of detail, You are a helpful assistant in evaluating the quality of the outputs for a given

harmlessness, etc.

(2) Outputs should NOT contain more/less than what the instruction asks for, as : : :
. : . Please propose at most three concise questions about whether a potential output
such outputs do NOT precisely execute the instruction.

(3) You should avoid any potential bias and your judgment should be as objective is a good output for a given instruction. Anothgr assistant will evaluate different
as possible. For example, the order in which the outputs were presented should aspects of the output by answering all the questions.

NOT affect your judgment, as Output (a) and Output (b) are **equally likely** to

be the better.

instruction.

— Swap and Synthesize:
Positional bias®] &+sH= 92t
04,0591 Ti3t H7} 438, 0,,0,°f tiet H 7} 4=
> T FJr7 A= 595 FE= U 59
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LLM Eval — Meta Eval
| Human Agreement

29 AA50] A7 W7} 4
. Hl°|E Annotation®]] T5}R] &2 o=

= Human Agreement: 94% Q.
(Natural: 90% / Adversarial: 95%) A 2t7} 7y 48t Ao dish

objectivity issue”7} UAA] L7

Human Agreement of Previous Works

: _ A
FairEval: 71.7%
a AQ} Bl A @ o] 23] ATE mal Ao B2
MT-Bench: 63% 2= g) O 1y accu—llr—acyl‘— o| oj /\1_?:_4 agreement
> o] AFEHT} £-& human agreement 9312 raskol gt olal 7} he o] 5ol Boishs] thEel,
> Hr} AFAel @it 7|F crowdworkerg 2= Z Rt ¢ Ze3E oot
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LLM Eval — Meta Eval
| Experiments

ADVERSARIAL

Strategy NATURAL NEIGHBOR GPTINST GPTOUT MANUAL  Average Average

Acc. Agr. Acc. Agr. Acc. Agr. Acc. Agr. Acc. Agr. Acc. Agr. Acc. Agr.
Vanilla 935 970 642 89.6 766 90.2 76.6 872 750 89.1 73.1 89.0 77.2 90.6
Vanilla* 955 950 787 933 864 946 777 93.6 804 82.6 80.8 91.0 83.7 91.8
CoT* 945 91.0 750 90.3 832 90.2 745 872 739 82.6 76.6 87.6 80.2 88.3
Swap* 945 970 776 97.0 88.0 957 734 979 815 93.5 80.1 96.0 83.0 96.2
Swap+CoT* 94.0 100.0 78.7 99.3 853 96.7 798 979 772 93.5 80.3 96.8 83.0 97.5
ChatEval* 91.5 950 825 85.8 8380 870 68.1 787 772 80.4 789 83.0 81.5 854
Metrics* 93.0 940 832 933 89.7 90.2 734 894 81.5 80.4 82.0 88.3 84.2 89.5
Reference* 95,5 970 80.6 89.6 875 90.2 7777 85.1 84.8 87.0 82,6 88.0 85.2 89.8
Metrics+Reference* | 96.0 96.0 854 94.8 89.7 90.2 723 83.0 83.7 84.8 88.2 854 89.8

LLM evaluators significantly underperform human on LLMBAR

: Human agreement”} 95%¢%1 ©] ¥tol], GPT4+= |t 82.8%2] &5 &4
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LLM Eval — Meta Eval
| Experiments

Natural Adversarial: Neighbor Adversarial: GPTInst Adversarial: GPTOut Adversarial: Manual
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ChatGPT LLaMA2 PaLM2 GPT-4 ChatGPT LLaMA2 PaLM2 GPT-4 ChatGPT LLaMA2 PaLM2 GPT-4 ChatGPT LLaMA2 PaLM2 GPT-4 ChatGPT LLaMA2 PaLM2 GPT-4

----- Random Guess (50%) e Vanilla wZzm  Rules + Metrics + Reference

Our proposed prompting strategies significantly improve the evaluators’ performance.
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LLM Eval — Meta Eval
| Experiments
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We observe that LLMBAR demonstrates a drastically different pattern of LLM evaluators
from existing benchmarks.
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LLM Eval — Meta Eval
| Conclusion

LLM evaluator=2] meta—evaluation< gt H 7} vl A<t

o A3et H7t £ 93t evaluation prompt A W A<t

KOREA

UNIVERSITY



Human Eval — Meta Eval

| Introduction

Human Evaluation

— Fo% input®]] tHRF model responses”t T &=
o] =] thgt absolute ratings= Wi 7] At A& <l
(1¥o] 2R H o Wt} 5)

m,
X

NS TS Ay

Single overall score
- Zbstar E£71 ohu, 9 FEo] thEER o U2 %] o tfet A7} gith.
Annotators look for shortcuts to make the task easier (Ipeirotis et al., 2010), and so

are more likely to base their judgement on superficial properties (e.g., fluency and
linguistic complexity) than aspects that require more effort to check (e.g., factuality).

Problem Statement: Human evaluation& R854 291 §7}5=7127

We hypothesize that preference scores are subjective and open to undesirable biases
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Human Eval — Meta Eval

| Are Preference Scores Reliable?

Model output2 H7}st7] 9ot Ao FES2 F 9
=> Single preference score”l, ©]2|3t == A= 9ol Q=7 9l
To check whether a single preference score is a useful objective with good coverage, we first establish a minim

um set of requirements for model outputs. These error types are both generic enough that they are task agnost
ic and widely applicable, but also sufficiently well-specified that it is possible for annotators to judge them.

%ot @ A4S (multiple aspect)S 135t= 71 9450 oY,
2 B task specific criteria®-& 1733

o]

o

ZUA A&7k, A Fg= oS 5 I+ criteria A|GE

LFQA human evaluation A E&

: https://arxiv.org/pdf/2305.18201.pdf

Qlojsld B} 7|%

> https://books.google.co.uk/books?id=8r78DwAAQBA]
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Human Eval — Meta Eval

| Are Preference Scores Reliable?

Factors that users care about when using LLMs in production environments

« Harmful

: Is the response unsafe, harmful or likely to cause offence in some way?

* Fluency

: Is the response grammatically incorrect, or does it contain spelling mistakes?

* Scope
: Does the response exceed the scope limits of a chatbot?

Does the response give opinions or otherwise act as if it is a person,
or offer to take actions that it cannot (e.g. make a call, access the internet)?

* Repetition
: Does the response repeat itself?

For example, if there is a list in the response, are any items repeated?

Does the response reuse the same phrase again and again?

« Refusal

: If the request is reasonable, does the response refuse to answer it?

(e.g. “T'm sorry, I can’t help you with that”)

Formatting
. Does the response fail to conform to any formatting or
length requirements from the prompt?

Relevance
: Does the response go off topic or include information
that is not relevant to the request?

Factuality
. Is the response factually incorrect (regardless of what
the request said)?

Inconsistency

. Does the response incorrectly represent or change
information from the request?

This criterion is often also referred to as faithfulness.

Contradiction
. Is the response inconsistent with itself, or does it
contradict itself?
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Human Eval — Meta Eval

| Experimental Setup

Dataset:

— Curation Corpus / Amazon Product Description / Wikihow
- 24 2o, Aol 44 A

Model:

— o1z o A, o5 47 LLM& AHgste] S8+ A4
— MPT30B, Falcon40B, Command6B/52B

— 7] dlo| g A & reference”tA| B5te, F7F tiA 43

Annotation:
— Groupl: Fo1%1 2= ¢tof| ol &7} £ oF=3] o F T — yes or no
— Group2: &4 107 & 5 a5ttt =7|= X 7m0 a4, 1-5 F 9] quality annotation

2> 7} B2t oA 2|2l distod
- of|8] £A5k=4] yes / no
— 107} B7} 5ol tiet 1-54 quality score
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Human Eval — Meta Eval

| Annotation Details

Quality Control

-o]d A7 (RankME)E 35 T&E A:

— Annotator=

9 A8 ditt 99 S8ES FA B7HRS [
annotation agreement”} =3}t

3 Aol et 8= vs e 4
- 59 g dig 5] FAR BEE SA WS | > 9 Y] T BB 4%

g %2 A

= 97%2] 7ol tiafiAl, 48 Al tit ==l

o 2 W5E FolPS

SHA|H o] €A 5} high cognitive load
- lower annotator engagement

- olo] 5 YFo| i ZHE-L 2R HoFHA §7} A
> =335 0tt; 4709] annotation 23E @2 4 A2 Given inpute] tha]
O1: reference
02: MPT30B
0O3: Falcon40B

= annotators°| =H3] #

04: Command6B
05: Command52B

o] At = B7tE 4

B 744
01-02
02-04
01-04
01-05

02-03 03-04 01-03
03-05
02-05 04-05
> 2704 A4
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Human Eval — Meta Eval

| Experiments

St 4R dlo| | E 53, Lasso regression model S5

(linear regression with L1 regularization)
m

Vi=wp+ 2 Xijw;j
J=1

JW) = Y Gi= ) +a ) |w
i=1 =1

m

2
w2 = wj
=

A 107 EZ AR // E9: oY EA4 A9H (y/n)

> S}5 5 regression model?] weightES E4¢H0 24,

oS A4 A8E BT o),
7} 24 A BE olu AR g F|ojshen] Wk

each weight corresponds to the expected reduction in
overall score if the corresponding error is present

Contradiction F0.00

Inconsistency 0.21
Factuality 0.35
Relevance

Formatting

Refusal
Repetition i ——

Error type

Scope 0.00 5
Fluency t0.00
Harmful f0.00

Q © O
o O =

Regression weighting

Fluency, harmful, Contradiction, Scope+
2] o8 wEsts d 9o
F28 AX7} OIRS
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Human Eval — Meta Eval

| Experiments

....................

Contradiction
Inconsistency
Factuality
Relevance
Formatting
Refusal

0.78

0.82

Error type

........

Change in rate

Quality Control?] tiet 7} 4]
. Distractor®]] tjs}toq

- A9 A3, AA| 2 Distractor H2] o2& BEsh= d 319
Relevance ¢} Inconsistency+= 8.3 |22 283

— S} At o] Q]2 I | Factuality®} Contradiction™®
o= dto] AolA wj-¢ F2Ju|sHA -85 A=
=> Incorrectly penalized
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Human Eval — Meta Eval

| Are Annotations Affected by Confounders?

Human annotator®f &jsf] YA sh= o

Possible confounders:
— Assertiveness: ShA] 9|

o= Aol 2= HH, AFE7 20 A true= WHoh= 27t e A
— Complexity: H2zlsh o]3] 5 AT A

= 214 5) /\}a}4 2| A £=F2 =4 Hrlsta truef'c TSt

(o) = = = = = O ==
REoA 2= 8ot & u, o5 A4S St= preambles 57}
A preamble, or system prompt, is a short natural language snippet, usually prepended to the user query,
designed to set the behavioural parameters of the system, e.g. “Respond helpfully and safely”.

> o] & 59 assertiveness®} linguistic complexityE £A3% 22 &4

» Assertiveness—— Respond in a cautious, defensive and uncertain way, as if you are unfamiliar with the topic.
» Assertivenesst+ Respond authoritatively, assertively and persuasively, as if you are very knowledgeable about the topic.
« Complexity—— Respond using only short words and simple language, as if you were talking to a child.

« Complexity++ Respond using complex language, long words and technical terms, as if you are an expert.

%/ human annotation®]| F7}s}¢,
— Group3: S0 Z]Zof et Assertiveness, ComplexityE 1-5 score annotation
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Human Eval — Meta Eval

| Experiments

R — . m5
PreamblesS £, o Baseline '
Assertiveness@} Complexity S = Assertiveness- | B 4
() . i |
o Assertiveness+4/ 1 (13
= ; 1
Assertiveness2} Complexity+= 5 Complexnty— 2
333kl F¥= 713 a@  Complexity+ :
: ol
) :
(@6 +\*c\ rb\\'c\
.\\@ Q\@ Go
D
v o‘(\
\>‘°6® =
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| Experiments

0.5% -1.7%

Contradiction

3007} passage®ll HalAl Inconsistenc 129%  -106%
1 _Q_ s O ()
EXP ert annotation= S Factualit -19.8%  -16.2%
u lo
-> g Relevancef -3.5% -5.1%
L
_ Formatting[ 3.7% 3.1%
Expert annotation®} H| w30 2 4 N ——
epetitionf -16% -1.8%
Crowdworkers2] H71 235 24 P | ) -
/ Q * / Q *
/ NS * / Ry x
g & g S o
& & ¢ & & &
2 Q 52 Q Q Q
£ & S S
2] 2)
s & e 2
< <
Assertiveness2} Complexity7t,
Factuality®} Inconsistency ®7}o] 2 dFS 713
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Human Eval — Meta Eval

| Conclusion

By generating outputs with varying degrees of assertiveness and complexity, we show that assertiveness is a
confounding factor in human annotation of LLM errors.

Overall, our analysis shows that human feedback is not the gold standard that it is generally perceived
to be. Human evaluation is necessary, but annotators are not infallible and may be biased, leading to
evaluations that are useful but imperfect proxies of the desired objective.

We believe that the issues we identify may be at least partially mitigated by using a curated pool of
trained and incentivized annotators, or by using multiple annotators and careful aggregation

e

Human evaluationS A g sto]| YojA AAEHT 9= HEES 213

>

2

F3 gAY ol4 Bt 52 A

ok

ol YolM TASE $ REE
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