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Theme Selection

1. What do wefocuson when we evaluate in different settings?
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2. How do we expressscore®

- Likertscale(1-5) ")

- RankingA/Btest)

- Binaryclassification(0/1 label)

- Humanannotation(referencebased referencefree)
- Correlation(PearsonKendall'sTay Spearmai
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ARES
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Step #1: LLM Generation of Step #2: Preparing LLM Judges: Step #3: Ranking RAG Systems
Synthetic Dataset: Generate Train LLM judges with Confidence Intervals: Use
synthetic queries and answers _h‘ with synthetic data —F LLM judges to evaluate RAG
from in-domain passages systems with PPl + human labels
., A b

Figure 1. Overview of ARES: As inputs, the ARES pipeline requires an in-domain passage set, a human preference
validation set of 150 annotated datapoints or more, and few-shot examples of in-domain queries and answers (five or
more), which are used for prompting LLMs in synthetic data generation. To prepare our LLM judges for evaluation,
we first generate synthetic queries and answers from the corpus passages. Using our generated training triples and a
constrastive learning framework, we fine-tune an LLM to classify query—passage—answer triples in three different
criteria: context relevance, answer faithfulness, and answer relevance. Finally, we use the LLM judges to score
RAG systems and generate confidence bounds for the ranking using PPI and the human preference validation set.



ARES

Stepl. Synthetic Dataset Generation (FLAN XXL)

- Corpugpassage (document)S  query-passageanswer tripletY "E

- few-shot prompting FLANTSXXL ~ few-shot, e ¢ T query¥ questionl O\ & 717 Y E
- Lowquality filtering :Retriever passage topresulttr Y ® H w ¢ tleo M EQ

- Positive/negativesamplegsame number of examples)
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ContextRelevance| Answerfaithfulness il
Relevance
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WeakNegative Randomlygeneratedanswer
document

Samedoc, different
StrongNegative passage Generatecontradictoryanswer
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ARES

Step2. Preparing LLM(?) Judgesi@8BER Fa3-Largeclassifiers)

- ContextRelevance Is thepassageaeturnedrelevantfor answering the giveguery?

- Answer Faithfulness Is theanswergeneratedfaithful to the retrievedpassaggeor does it contairmallucinated or extrapolated
statements beyond the passage?

- Answer Relevancels theanswergenerated relevangiven thequeryand retrievedpassag@

Given guerypassageanswer triplets,
positive answers1
negative examplesO



ARES

Step3. Ranking RAG Systems with Confidehdervals
‘A A classifier | 1 T J o hoylr
- PPLQT & annotate validationset &% °
- Rectifier function
"PPI usethe LLM judges on the human preference validation set to learn a rettifietion forconstructing a confidencset
of the ML model's performance, using each ML prediction in the la@eannotated dataset."
"Additionally, PPI allows us to estimate confidence intervals with a selected level of probability; for our experimesgs, we u
standard 95% alphgorobability) for our confidence interval.
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PP

1. Define rectifier

Define the rectifier, A, a
measure of prediction error.

Prediction-Powered Inference

2. Rectifier confidence set 3. Prediction-powered confidence set

. n ] 22
With labeled data, create R, a Construct confidence set C*F by
confidence set for the rectifier. rectifying #/ with each value in R.
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PP

Machine prediction: larger, unlabeledpts of data(#N (X f?’})
Humanannotated data: smaller, labeled, goldtandard (#n(X, Y)
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where %, Er'f;-_}-? and E‘rﬁ are the estimated variances of the Y;, f(X;) — Y;, and f(X;), respectively.
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Experiment

Dataset& Metrics
- KILT Natural Questions (NQMotpotQA FEVER, Wizard of Wikipedia (WoW)

- SuperGLUEMUItiRG ReCoRD
- 0, RAGAG FF- K€U La- . — ' w=$ 1§/ 'Avaldationsubset; T 70%~909%=+ 2.5%
1T E e L st & oranking YT U4

"Since we know the success percentages of datdset split, we know the appropriatanking of

each moclRAG system."
A)) " -t 0" | &f > ARES £1 g & #°Yd @-> 1} E ®q3 o Y ]E.

A @—F ARES "  ®—' 7 0 '  n KendallsTaur A 5
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Result & Analysi€C.R / A.R)

ARES Ranking of Pseudo RAG Systems

NQ

HotpotQA

WoW

FEVER

MuluRC

ReCoRD

CR AR. CR AR CR AR CR AR. CR AR. CR AR

Kendall’s Tau for

Somled Amotions 083 089 078 078 078 083 089 089 083 083 072 094
R 089 089 094 089 094 094 072 061 083 094 089 044
Eﬁ'g;ﬁg‘j‘udge 0.89 094 067 094 094 089 078 078 083 089 083 094
E;“S;'iﬁ‘}dﬁ;e 089 10 089 094 094 10 083 072 094 083 078 083
renday’ s T 094 1.0 094 094 1.0 1.0 089 078 094 089 083 0.89
RAGAS Accuracy 31.4% 71.2% 17.2% 76.0% 36.4% 77.8% 23.7% 69.2% 16.1% 75.0% 15.0% 72.8%

GPT-3.5 Judge Accuracy 73.8% 95.5% 75.3% 71.6% 84.3% 85.2% 60.4% 59.6% 72.4% 60.3% 81.0% 65.8%

ARES Accuracy

79.3% 97.2% 92.3% 81.3% 85.7% 96.1% 88.4% T8.5% 85.8% 82.7% 67.8% 92.3%
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Result & Analysi\.F)

WoW  CNN/DM

ARES Split Prediction (0.478 (0.835
Correct Positive/Negative Split - (1,458 0.859
ARES Judge Accuracy 62.5% 54.0%
Evaluation Set Size 707 510
Human Preference Data Size 200 200

Table 2: ARES Results on the AIS benchmark

AlSattribution benchmark
- © @= faithful * n’ hallucinategy * n L T -
- ¢ vk passage answer faithful M, nonattributed=n = N €V
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RAG Systems Ranking

RAG Systems

Retriever. BM25,0penAl Ada, ColBERTVZ2
LLM :MPTF7b-Instruct, GPA3.5-Turbo, GP-A
+ Facebook RAGPR + BART seq2seq)

Result
-95%+0 A, T T A o A
- PPI confidencentervalk C.Ry . ¢+ 7.4,ARr . t 6.1

ARES Ranking of Real RAG Systems

NG WoW FEVER
C.R. AR, C.R. AR, C.R. AR.
Kendall’s Tau for . : .
Sampled Annotations (.73 .78 0.73 (.73 (.73 (.82
Kendalls Tau
for RAGAS (.82 0.82 0.73 ().82 0.73 0.87
Kendall's Tau )
for GPT-3.5 Judge (.82 0.87 0.82 0.82 0.64 0.87
Kendall’s Tau
for ARES LLM Judge (.91 0.96 0.91 1.0 .73 0.87
Kendalls Taun
for ARES 1.0 0.96 0.91 1.0 0.82 1.0
RAGAS Accuracy 359%  O68.2% 44.4%  BO.1% 21.4% T73.9%
GPT-3.5 Accuracy B05% 91.2% Bl2% 835% 61.3% 54.5%
ARES Accuracy 85.6% 93.39% B4.5% RBR.2% 704% B4.0%
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RAG Systems Ranking

RAG System Accuracy

RAG Systems Evaluation on NQ - Context Relevance
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Figure 2: RAG Systems Evaluation on NQ - Context Relevance

RAG System Accuracy

RAG Systems Evaluation on NQ - Answer Relevance
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Figure 3: RAG Systems Evaluation on NQ - Answer Relevance
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CrossDomainUsage

ARES Cross-Domain Ranking of Pseudo RAG Systems
NQ to FEVER to NQ to MultiRC to NQ to ReCoRD to

FEVER NQ MuluRC NQ ReCoRD NQ
CR. AR. CR. AR. CR. AR. CR. AR. CR. AR. CR. AR.
Kendall's Tau 0.89 0.89 1.0 0.83 094 089 1.O 0.89 078 089 0389 094

Kendall's Tau of
In-Domain LLM Judge

Average PPl Range 8.7% 7.2% 65% 11.5% 10.2% 11.3% 11.9% 11.5% 10.5% 10.1% 9.7% 6.2%

0.89 0.78 094 1.O 094 089 094 1.0 083 089 094 1.0

Accuracy on 92.4% 28.4% 85.7% 22.6% 81.5% 92.1% 87.6% 80.2% 29.1% 81.2% 80.1% 92.1%
RAG Evaluation Sets

ARES Juddern <L ..v x >~ w?

NQ/FEVER : query types

NQ/MultiRC: document type\

NQ/ReCoRD query/document typel =

- PPt out-of-domaink . 1/ 1t B A1 accuracy € H 0.
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Second Paper

LLM Comparative Assessment: Zero-shot NLG Evaluation through
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Introduction

HumanEva|
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Comparative Assessment

ij €01} X B X fr XL N X
pij = P(yij|zi, x;,d)

. {1, if pij > 0.5

Yii = (2
Yis (), otherwise

" — (1)A L harddecision T

N, 1 YEv »/ b "ARNNLKy &O—" u

A = "1 — randomno-repeat symmetric3, t, Mg T
- Random® 6 .t o1 471 %
- Norepeat: (X _ix )7 X_. 03 (X jx )NE n Q-
- Symmetric. x_i, X )7 x_ 03 (X X )y X
' al. A 8 win-ossratior ' s @1, v

) #wins of x;
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—— . (6)
#comparisons involving x;
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Comparative Assessment

PromptBasedClassifier
o Pg(wﬂ’P)
Pij = Py(w;|P) + Py(w;|P) G) i€ classdecisior: + 9 1EA m PE 3
TextGeneration
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Comparative Assessment

DebaisingMethod
+0adt, a3, 0A" énnoO—"" " e® _ ey LiMEVd vt E o p Ll e

Yo —A Lo+~ b LLMGou xt f =~ o .
+/ Fa A ¢ 5 e PAF By ¢ e PBN x_ ,odn AL debiasingd-

3 FUOag . 123 PA)=PB =0.5)
o o - pij 0 ° A) p_ij=0.33 alpha=2
M=o pij + (1 — pij) P/j (systemprob) =0.66 /0.66+0.66 £).5
O (1) £2,08y ¢ | > TeMead 05 Hya
Y 0, otherwise : y < = 1r > 0\
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Experiment

Dataset

- SummEval 100passagesl6 summaries

- Podcast 179podcasts 15 abstractivesummaries
- TopicalChat 60dialouges6 responses

- WeDbNLG 223semantictriplets, 8 responses

BaselLLM
- FlanT5 220M, 770M, 3B, 11B
- LLaMAZhat3B, 13B



Experiment

EvaluationMetrics (for comparisor)

A BLEU, ROUGEERTScore
A Bespokgtaskspecifig : UniEvalQuestEvalMQAG|ongformerSFT
A Zeroshot: GPTScorPromptScoringFlanT5, LlaMA2§-Eval(prompting)

*] & a 9 © @ E comparativeassessmenprompt-scoring- © M & o




Experiment

1. SummaryAssessment
G-Eval (§4.3.2)

FlanT5-220M 3.6 0.6 2.7 8.0
Approach | COH CON FLU REL FlanT5-770M 85 7.0 153 24
Baselines (§4.3) FlanT5-3B 10.5 29.1 98 238
BERTScore (w/ Ref) 259 197 237 347 FlanT5-11B 192293 207 358
QuestEval 182 306 228 268 Llama2-chat-7B 282 294 230 274
MQAG 17.0 78 8§ 193 16.6 Llama2-chat-13B 53.2 337 165 383
UniEval (single-best) 546 472 433 463 Comparative Assessment (§3)
UniEval (continual) 575 446 449 426 FlanT5-220M 40 02 02 28
GPTScore FlanT5-3B | 47.0 43.6 421 344 FlanT5-770M 298 263 206 35.1
GPTScore FlanT5-11B | 456 438 424 343 L FlanT5-3B_ 512 47.1 325 448
GPTScore GPT3 40.1 475 410 343 FlanT5>-11B 442 372 302 434
ChatGPT scoring' 45.1 432 380 439 Llama2-chat-7B 279 246 202 356
Prompt Scoring (§4.3.2) Llama2-chat-13B 409 399 308 453
FlanT5-220M 4.0 -0.2 0.2 2.8
FlanT5-770M -3.6 -1.6  -1.5 -0.0 Table 1: Spearman correlation coefficient for SummEval,
FlanT5-3B 145 19.8 39 152 averaged over both Emmpls per system (for prompt-scoring
FlanT5-11B 0.7 11.2 3.2 5.7 and comparative). 'ChatGPT performance is quoted from
Llama2-chat-7B 8.6 9.0 1.8 7.8 Wang et al. (2023), which use more detailed scoring prompts.
Llama2-chat-13B 9.9 6.9 1.2 9.2

- GPTScoreTextGeneration

p sl gt MR L - GEval: PromptScoringwith taskspecificorompts
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Experiment

2. PodcastAssessment 3. DialoqueAssessment
Approach | System-lvl  Summary-Ivl Approach [ COH CNT ENG NAT
Baselines (§4.3)
Baselines (§4.3) UniEval (single-best) | 60.7 - 596 547
BERTScore (w/ Ref) 73.9 25.1 UniEval (continual) 61.3 - 605 444
UniEval (c@ntinual] 42.0 278 GPTScore GPT3 56.9 329 49.6 52.4
QuestEval 425 20.4 ChatGPT scoring’ 547 577 379 580
MQAG 179 12.6 gfonzrpst ggggrg (32 22 02 8.4 21
- . - an - -L. . - .
Longformer-SFT 89.6 19.6 FlanT5-770M 37 31  -43 38
Prompt Scoring (§4.3.2) FlanT5-3B 319 288 174 237
Llama2-chat-7B 88.5 2.6 FlanT5-11B 153 80 43 243
Llama2-chat-13B 80.0 253 Llama2-chat-7B 164 170 206 214
Comparative Assessment (§3) Llama2-chat-13B 21,7 199 314 232
Llama2-chat-7B 88.2 37.4 Comparative Assessment (§3)
[Llama2-chat-13B 97.1 45.5 FlanT5-220M -0.3 82 -105 22
FlanT5-770M 38.5 36.3 253 353
FlanT5-3B 494 494 373 474
Table 2: Spearman correlation coefficient for Podcast. FlanT5-11B 543 422 547 542
Llama2-chat-7B 28.9 337 36.1 30.3
) Llama2-chat-13B 324 432 555 335
- FLANTSE w4 T EQ
- Summaryiv¥ A coefficient U': M Tt W Table 3: Spearman correlation coefficient for TopicalChat.
(Iackof granularit;b "ChatGPT is prompted using our prompt-scoring prompts.

- Summary ' ¥ + O



Experiment

4. Datato-TextAssessment

- Triplety + & o 1, LLMy emergentability®
- 3B/11-13B°» @/ A gramma# fluencyc \
' gt ,semanticunderstanding A\ = ¢

’
f]="
Y
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