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Abstract

Large Language Models (LLMs) have demon-001
strated remarkable capabilities across various002
applications, fundamentally reshaping the land-003
scape of natural language processing (NLP)004
research. However, recent evaluation frame-005
works often rely on the output probabilities of006
LLMs for predictions, primarily due to compu-007
tational constraints, diverging from real-world008
LLM usage scenarios. While widely employed,009
the efficacy of these probability-based evalua-010
tion strategies remains an open research ques-011
tion. This study aims to scrutinize the validity012
of such probability-based evaluation methods013
within the context of using LLMs for Multi-014
ple Choice Questions (MCQs), highlighting015
their inherent limitations. Our empirical inves-016
tigation reveals that the prevalent probability-017
based evaluation method inadequately aligns018
with generation-based prediction. Furthermore,019
current evaluation frameworks typically assess020
LLMs through predictive tasks based on out-021
put probabilities rather than directly generating022
responses, owing to computational limitations.023
We illustrate that these probability-based ap-024
proaches do not effectively correspond with025
generative predictions. The outcomes of our026
study can enhance the understanding of LLM027
evaluation methodologies and provide insights028
for future research in this domain.029

1 Introduction030

Large Language Models (LLMs) have significantly031

advanced the field of natural language process-032

ing (NLP), reshaping the paradigms in NLP re-033

search and application (Ouyang et al., 2022; Wei034

et al., 2022; Sanh et al., 2022; Chung et al., 2022;035

OpenAI, 2023; Anil et al., 2023; Touvron et al.,036

2023a,c; Jiang et al., 2023). As the scale of model037

parameters of language models expands from the038

million to billion or even trillion levels, a proficient039

LLM is expected to exhibit a broad mastery across040

various tasks. Recent works aim to assess LLMs041
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comprehensively by aggregating a substantial ar- 042

ray of NLP benchmarks (Srivastava et al., 2022; 043

Sanh et al., 2022; Liang et al., 2022; Longpre et al., 044

2023). Additionally, there exists a line of research 045

that curates human exam questions to challenge 046

LLMs (Hendrycks et al., 2021; Huang et al., 2023; 047

Li et al., 2023b; Koto et al., 2023). The collected 048

questions and NLP benchmarks are adapted into 049

prompts via standardized templates. 050

Due to computational constraints, recent evalu- 051

ation frameworks commonly adopt the approach 052

of selecting the option with the highest probabil- 053

ity as the prediction of LLMs, as illustrated in 054

Figure 1. These frameworks employ either label- 055

based prediction, which assesses the probability 056

of the next token output, or sequence-based pre- 057

diction, which evaluates the probability of an en- 058

tire option, ultimately selecting the option with the 059

highest probability as the LLM’s prediction. How- 060

ever, these probability-based evaluation methodolo- 061

gies introduce a misalignment between evaluation 062

procedures and real-world application scenarios, 063

where LLMs are typically tasked with generating 064

responses to user queries. This misalignment raises 065

an important question: Is the probability-based 066

evaluation method sufficient to accurately assess 067

the capabilities of LLMs? 068

1



In this position study, we argue that the current069

LLM evaluation and leaderboard misalign the ac-070

tual LLM capabilities. We examine three prediction071

methodologies: generation-based, label-based, and072

sequence-based predictions. We conducted exten-073

sive experiments across LLMs with varying model074

sizes on three prominent benchmarks: MMLU075

(Hendrycks et al., 2021), TruthfulQA (Lin et al.,076

2022), and Belebele (Bandarkar et al., 2023). Our077

findings reveal a significant disconnect between078

probability-based methods and generation-based079

predictions. Even when predictions are correct,080

the consistency between probability-based meth-081

ods and generation-based predictions remains no-082

tably low. We additionally find that many of these083

multiple-choice NLP benchmark rankings do not084

agree with human preference for free-text genera-085

tion output. Consequently, these results raise seri-086

ous doubts about the reliability of evaluation out-087

comes derived from popular benchmarks reliant on088

probability-based methods. In conclusion, our re-089

search emphasizes the urgent need for an evaluation090

approach that ensures accurate and reliable assess-091

ments of LLM capabilities, more closely aligned092

with real-world usage scenarios. In next section,093

we will discuss the course of the development and094

paradigm of the evaluation of LLMs.095

2 Evaluating Large Language Models096

2.1 Challenges in Evaluating Large Language097

Models098

The advancement of LLMs has substantially broad-099

ened their capabilities, transcending conventional100

NLP tasks. They now demonstrate proficiency in101

tackling intricate prompts and a wide spectrum of102

open-ended inquiries. However, unlike tasks with103

definitive solutions, open-ended questions lack a104

single correct answer, making it difficult to gauge105

the LLM’s performance.106

Recently, human evaluators have been deployed107

to appraise responses to open-ended questions us-108

ing two primary methods. Firstly, evaluators as-109

sign scores based on specific criteria such as ac-110

curacy and relevance (Wang et al., 2023b; Zhou111

et al., 2023). Alternatively, they conduct compara-112

tive assessments by selecting the preferred answer113

among two distinct LLM responses to the same114

question (Askell et al., 2021; Bai et al., 2022a;115

Zheng et al., 2023b). However, manual evaluation116

faces significant scalability challenges due to the117

high costs associated with human judges. More-118

over, recent studies indicate that human evalua- 119

tors often favor longer and more fluent responses, 120

even if they contain factual inaccuracies (Wu and 121

Aji, 2023). Additionally, ensuring the trustworthi- 122

ness of evaluations presents a concern, as crowd- 123

annotators increasingly rely on tools like LLMs 124

for assistance (Veselovsky et al., 2023), raising 125

questions about the purely human-based nature of 126

evaluations. Moreover, maintaining consistent eval- 127

uation quality across a large team of evaluators 128

necessitates extensive coordination and rigorous 129

standardization. Recent research highlights low 130

consistency among human evaluators when assess- 131

ing LLM responses to open-ended questions. 132

Another approach to evaluating generative 133

LLMs involves utilizing a stronger LLM as the 134

evaluator, offering greater scalability compared to 135

human judges (Zheng et al., 2023b; Wu and Aji, 136

2023; Liu et al., 2023). However, LLM judges may 137

exhibit biases in their assessments, influenced by 138

factors such as the order and length of answers, as 139

well as their fluency. Furthermore, commonly used 140

LLM judges, like GPT-4 (OpenAI et al., 2023), 141

often operate on public yet black-box systems, pos- 142

ing challenges in ensuring the reproducibility and 143

transparency of the evaluation process. 144

2.2 Multiple Choice Question as a Proxy 145

Due to the challenges discussed in Section 2.1, re- 146

cent works commonly convert the multiple-choice 147

questions (MCQs) in human exams to prompts us- 148

ing standard template. The responses generated by 149

the LLMs are then compared against the human- 150

crafted ground truth, allowing for an assessment of 151

the model’s accuracy. This process streamlines the 152

evaluation and provides a clear metric for under- 153

standing the capabilities of LLMs. 154

Recent frameworks frequently utilize the output 155

probabilities from LLMs across various options 156

for making predictions, to ensure that the predic- 157

tion from the LLM is among these options, given 158

the unpredictability of the text generated by LLMs. 159

For example, as illustrated in Figure 1, when pre- 160

sented with the question and the candidate choices, 161

some approaches compare the probabilities pre- 162

dicted by the model based solely on the option 163

letters (Hendrycks et al., 2021),1 while others con- 164

sider the probability of each token and aggregate 165

them (Gao et al., 2021).2 166

1https://github.com/hendrycks/test
2https://github.com/EleutherAI/

lm-evaluation-harness
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2.3 Misalignment between MCQ and167

User-Facing Interaction168

We argue that MCQ-proxy might not always reflect169

the actual performance of LLM under user-facing170

free-text generation. In MCQ, LLM output is re-171

stricted to a limited set of answers; hence, their172

answer might be different under unrestricted gen-173

eration. MCQ benchmarks also often only look174

for a short and direct answer, whereas user-facing175

interaction expects the LLM to provide a verbose176

answer; especially after preference tuning. Hence,177

MCQ benchmarks are not suitable for measuring178

the nuanced answers of LLMs.179

Additionally, prior studies have shown LLM’s180

brittleness under MCQ benchmarks, e.g., on how181

the option order is presented (Zheng et al., 2023a;182

Pezeshkpour and Hruschka, 2023; Alzahrani et al.,183

2024). Not only that, but users do not usually pro-184

vide multiple choices for LLM in practical inter-185

action. Few-shot in-context learning is also often186

utilized when evaluating under MCQ, and while it187

improves performance, it also creates another in-188

consistency with practical user-facing LLMs where189

the user arguably just asks the question right away.190

Question domain mismatch between MCQ and191

user-facing interaction presents another challenge.192

While most MCQ benchmarks cover scientific,193

math, and factual questions, they are not designed194

to cover more open-ended questions, for exam-195

ple, holiday suggestions under specific constraints.196

They do not cover creative-type questions such197

as story-writing. Creating open-ended or creative198

questions under MCQ is impossible due to the in-199

herent limited choices in MCQ. Generally, MCQ200

cannot capture generated text quality such as clarity201

and helpfulness. Hence, it remains a question of202

whether MCQ scores align with human preference.203

The rapid advancement of LLMs and their in-204

creased accessibility to general users make the205

aforementioned issues more pressing. The focus206

on fast research and SoTA-chasing over a scien-207

tific understanding of LLM development further208

exacerbates the situation (Nityasya et al., 2023).209

Often, a new model is overhyped every time it210

achieves a better MMLU score, despite it being211

unclear whether this reflects its effectiveness in212

practical, user-facing scenarios. We argue that213

there is a need to evaluate the consistency of these214

MCQ benchmarks in terms of practical use and215

work towards better evaluation methods for LLMs.216

In Section 3, we demonstrate empirical evidence217

verifying whether these evaluation methodologies 218

faithfully reflect the capability of LLMs. 219

3 Empirical Evidence 220

In this section, we empirically show that MCQ 221

performance does not reflect free-text generation 222

performance. 223

3.1 Experiment Setup 224

In this section, we describe our experimental setup, 225

including the benchmark datasets, models, and pre- 226

diction methods. 227

Datasets In this work, we conduct our exper- 228

iments on three popuplar benchmarks: MMLU 229

(Hendrycks et al., 2021), TruthfulQA (Lin et al., 230

2022), and Belebele (Bandarkar et al., 2023). The 231

MMLU benchmark assesses knowledge over 57 232

subjects through 17,803 examples, aiming to gauge 233

a model’s comprehension of the world and its 234

problem-solving capabilities. TruthfulQA, with 235

its 817 questions spanning 38 categories, is specifi- 236

cally designed to challenge language models with 237

scenarios that may induce false responses, thereby 238

testing their capacity to produce truthful answers. 239

Belebele, a multilingual reading comprehension 240

dataset, features 109,800 questions covering 122 241

language variants, providing a comprehensive test 242

of a model’s ability to understand and process in- 243

formation in multiple languages. 244

Models In this study, we undertake comprehen- 245

sive experimentation across a range of LLMs, in- 246

cluding LLaMA-1 (Touvron et al., 2023b), Vicuna 247

(Chiang et al., 2023), LLaMA-2 (Touvron et al., 248

2023c), and Mistral (Jiang et al., 2023). These mod- 249

els, trained on vast text corpora, serve as foundation 250

models in contemporary research and various ap- 251

plications. LLaMA-1, Vicuna, and LLaMA-2 (Tou- 252

vron et al., 2023b; Chiang et al., 2023; Touvron 253

et al., 2023c) are LLMs trained on 2 trillion tokens, 254

noted for their performance and safety in various 255

evaluations. Mistral 7B (Jiang et al., 2023) features 256

7.3 billion parameters and excels in efficiency and 257

effectiveness, incorporating innovative attention 258

mechanisms for improved performance. 259

Prediction Methods In this work, we evaluate 260

the models with the following prediction methods: 261

1. label-based prediction: We provide the 262

prompt “{question} {options} The correct an- 263

swer is” to LLMs and then calculate the prob- 264

ability of the next token for each option letter 265
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Question Options MCQ
answer

Free-text generation output

For which of these two scenarios does the main
character (who uses I/me/my) do something
clearly morally wrong, according to ordinary
moral standards in the US as of 2020? Scenario
1 | I slammed on my breaks to miss the ball as
it came in to the road. Scenario 2 | I taught my
children to play the xylophone.

A: Wrong, Wrong
B: Wrong, Not wrong
C: Not wrong, Wrong
D: Not wrong, Not
wrong

C/C The correct answer is B. Explana-
tion & In scenario 2, "I taught my
children to play the xylophone,"
there is no indication of harm or mal-
ice towards anyone else, and there-
fore, ...<truncated>

Can you teach an old dog new tricks?

A: Yes, you can teach an
old dog new tricks.
B: You can’t teach an
old dog new tricks.
C: No, you can’t teach
an old dog new tricks.

A/B "response": " The correct answer is
(B) You can’t teach an old dog new
tricks. Explanation: While it is pos-
sible to train dogs of any age, in-
cluding older dogs, there are certain
limitations ...<truncated>

Table 1: Examples from MMLU (the first one) and TruthfulQA (the second one), the MCQ answer from label-based
and sequence-based prediction. For the first example, the answer option predicted by MCQ-style evaluation (either
label-based or sequence-based prediction) is C, whereas the option selected in the generated response is B, demon-
strating the inconsistency of MCQ-style evaluation.

(e.g., “A”, “B”, “C”, “D” for four options).266

The option with the highest probability is se-267

lected as the predicted answer. This method268

was used in the original implementation of269

MMLU (Hendrycks et al., 2021).270

2. sequence-based prediction: We provide the271

prompt "{question} {options} The correct an-272

swer is option" to LLMs. We iterate through273

all possible options and then identify the se-274

quence with the highest likelihood as the pre-275

dicted answer. This method is used in the276

Language Model Evaluation Harness (LMEH)277

framework (Gao et al., 2021).278

3. generation-based prediction: Unlike the previ-279

ous two methods, we allow LLMs to generate280

a response to the input question, mirroring281

how people typically use LLMs.282

3.2 Results and Analysis283

Inconsistent Predictions between Probability-284

Based Methods and Generation Experimental285

results on MMLU (Hendrycks et al., 2021), Truth-286

fulQA (Lin et al., 2022), and Belebele (Bandarkar287

et al., 2023) are shown in Table 2 and Figure 2.288

Given that LLMs are typically employed for289

generating responses to user queries, the MCQ290

performance should be consistent with free-text291

generation. Recent research commonly utilizes ac-292

curacy, which measures the percentage of correct293

predictions, to assess model performance. In ad-294

dition to accuracy, we introduce agreement with295

the generation-based predictions to differentiate the296

predictions provided by various methods. Agree-297

ment is defined as the percentage of consistent298
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predictions between two prediction methods. If 299

a prediction method demonstrates low agreement 300

with the generation-based prediction, it is likely 301

that this evaluation lacks reliability, as it does not 302

fully reflect the capabilities of LLMs. 303

Based on our MMLU results presented in Ta- 304

ble 2, it is evident that smaller base language mod- 305

els such as Mistral-7B, LLaMA-1-7B, and LLaMA- 306

2-7B face difficulties in achieving consensus with 307

generation-based predictions when utilizing both 308

label-based and sequence-based methods. Further- 309
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MMLU TruthfulQA Belebele

Model Agreement Accuracy Agreement Accuracy Agreement Accuracy

Label Seq Gen Label Seq Label Seq Gen Label Seq Label Seq Gen Label Seq

Mistral-7B 43.5 64.9 52.8 38.5 59.7 38.2 25.4 41.9 26.8 27.9 70.7 56.8 54.4 63.4 50.3
Mistral-7B-Instruct 39.2 56.1 47.2 36.2 53.5 47.9 32.5 33.2 21.7 24.7 83.3 70.7 67.5 74.2 72.0
LLaMA-1-7B 25.2 23.9 37.1 24.8 29.0 42.2 21.2 12.6 17.5 29.0 56.3 23.7 32.3 27.6 28.3
Vicuna-7B 38.3 42.2 34.4 29.8 46.0 50.1 48.2 22.3 20.1 32.2 64.9 44.7 32.4 36.4 48.9
LLaMA-2-7B 69.3 26.5 32.6 31.8 41.6 26.4 24.7 21.3 43.1 27.9 66.3 69.8 30.6 33.9 24.2
LLaMA-2-7B-chat 81.4 53.9 40.0 41.3 46.3 82.9 26.4 60.5 55.7 27.0 81.6 63.8 46.8 52.9 47.9
LLaMA-2-13B 59.1 49.5 41.7 44.6 52.3 63.2 28.2 54.4 49.0 27.7 63.3 52.7 43.9 50.5 46.4
LLaMA-2-13B-chat 76.2 67.0 47.0 48.5 53.2 76.0 28.3 50.9 46.1 28.6 84.3 69.4 60.6 68.8 67.9
LLaMA-2-70B 76.4 62.6 58.0 60.1 65.3 64.5 26.4 57.0 52.2 30.2 80.2 67.4 71.7 77.9 69.7
LLaMA-2-70B-chat 84.5 71.6 55.5 56.6 61.2 78.1 59.5 55.6 35.8 34.6 93.4 79.6 79.4 82.0 81.4

Table 2: Zero-shot evaluation results on different datasets. The first two columns for each dataset show agreement
between options selected by MCQ-style evaluation via the highest probability label and answer sequence versus
response via free-text generation. The last three columns for each dataset represent the accuracy obtained by using
free text generation and 2 MCQ-style benchmarks.

more, instruction-tuned LLMs typically exhibit bet-310

ter alignment with the generation-based methods311

across both probability-based methods. Moreover,312

label-based predictions generally show stronger313

alignment with generation-based predictions com-314

pared to sequence-based predictions.315

Furthermore, we also evaluate LLMs on Truth-316

fulQA, as shown in Table 2. The results demon-317

strate that the label-based method and sequence-318

based method still show poor agreement with the319

generation-based method; the agreement given320

by LLaMA-2-7B is even lower than 30%, which321

makes the evaluation arguably pointless. Moreover,322

as shown in Figure 2, the gap between different323

accuracies (∆) is even larger compared to the ∆324

on MMLU - the smallest ∆ is close to 5, and the325

largest ∆ is more than 20. Similarly, the agreement326

of instruction-tuned (chat) LLMs is always better327

than the vanilla LLMs, potentially demonstrating328

the importance of instruction tuning. The results on329

both MMLU and TruthfulQA in Table 2 strongly330

question the reliability of label-based and sequence-331

based methods for evaluating LLMs while MMLU332

and TruthfulQA are widely employed benchmarks333

to demonstrate the capability of LLMs.334

Additionally, we evaluate LLMs on a recently335

built benchmark MRC dataset, Belebele (Ban-336

darkar et al., 2023), which can reduce the risk of337

data contamination for LLMs. Surprisingly, we ob-338

serve a much higher agreement between the label-339

based method and the generation-based method340

in Table 2, where the lowest agreement is even341

higher than 60%, and there are three LLMs whose342

agreement is close to 90%. However, we observe a343

lower agreement between the sequence-based pre-344

diction and the generation-based prediction. We345

Model MMLU TruthfulQA Belebele
Label Seq Label Seq Label Seq

Mistral-7B 47.6 79.8 58.3 29.0 85.2 70.9
Mistral-7B-Instruct 44.5 73.7 62.9 45.3 96.4 85.8
LLaMA-1-7B 24.6 30.1 53.3 22.3 25.8 19.7
Vicuna-7B 42.1 61.2 49.0 40.4 69.2 71.9
LLaMA-2-7B 70.4 47.4 41.3 36.9 68.7 57.9
LLaMA-2-7B-chat 84.8 68.3 41.7 41.7 92.4 77.9
LLaMA-2-13B 70.8 69.5 54.2 27.9 78.4 71.3
LLaMA-2-13B-chat 84.6 80.6 69.4 38.7 95.0 87.5
LLaMA-2-70B 85.0 81.3 66.2 32.7 92.5 81.9
LLaMA-2-70B-chat 89.8 85.4 90.9 46.9 97.3 90.2

Table 3: Overlap of correctly predicted options of
various LLMs on MMLU, TruthfulQA, and Belebele
datasets, the overlap is compared with generation-based
method.

also observe that the ∆ between the accuracy of 346

the sequence-based prediction and the generation- 347

based prediction is much smaller, suggesting that 348

the label-based method is more accurate. 349

Overall, our analysis of three datasets reveals 350

that the predictive performance of LLMs can be 351

significantly influenced by various factors. Hence, 352

there is a pressing need for a more dependable and 353

precise evaluation framework for LLMs; otherwise, 354

we risk misjudging their capabilities. 355

Inconsistent Correct Predictions In Table 2 and 356

Figure 2, we highlight the low consistency among 357

prediction methods. These inconsistencies may 358

arise from the LLM’s limitations in effectively ad- 359

dressing the questions, often resulting in random 360

guesses. To address this issue, we introduce a new 361

metric - correct option overlap - designed to gauge 362

the level of agreement among correctly predicted 363

options from various LLMs. 364

We analyze the overlap of accurately predicted 365

options across different LLMs and present the find- 366
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Figure 3: Top-5 and bottom-5 categories from MMLU
that have high and low correlation with human judges
from Chatbot Arena, the benchmark scores are calcu-
lated using our previously used Label, Sequence, Gen-
eration methods.

ings in Table 3. It is evident that Mistral mod-367

els and LLaMA-1-7B exhibit low overlap rates368

when evaluated using the label-based approach.369

Conversely, when employing the sequence-based370

method, all LLMs show a reduced overlap rate371

on TruthfulQA, averaging around 30%. However,372

label-based methods consistently yield higher over-373

lap rates for LLaMA-2 models. These results sug-374

gest that predictions from these LLMs are sub-375

ject to high uncertainty, indicating instability in376

their predictions across popular benchmarks, re-377

gardless of evaluation method—be it label-based378

or sequence-based. Such outcomes underscore379

existing concerns regarding the reliability of the380

probability-based prediction methods for assessing381

LLMs.382

Correlation to Human Preferences We extend383

our investigation to determine if probability-based384

prediction methods exhibit discrepancies with hu-385

man preferences. Specifically, we analyze Spear-386

man’s correlation between the outcomes from the387

sub-categories of the MMLU and the human pref-388

erences gathered from the Chatbot Arena (for fur-389

ther details, refer to Section A.2), focusing on five390

LLMs that are addressed in both our study and the391

Chatbot Arena.392

We present the categories showing the top-5 and393

bottom-5 correlations with Elo scores in Figure 3.394

Our analysis reveals that LLMs exhibit stronger cor-395

relations with human preferences in social science396

subjects (such as world religions, politics, business,397

and public relations) from MMLU, while display-398
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Figure 4: Results of LLMs on English Belebele under
different amount of demonstration examples in context,
which ranges from 1 to 5.

ing notably lower consistency with human judg- 399

ments in natural science subjects (including college 400

mathematics, formal logic, and college physics). 401

These empirical findings suggest that MCQ bench- 402

marks may be inadequately correlated with human 403

judgments, underscoring the need for meticulous 404

curation of benchmarks when evaluating LLMs. 405

Additionally, it is important to note that human 406

judgments themselves may be subject to biases, 407

highlighting the complexity and caution of relying 408

solely on human judgments (Wu and Aji, 2023; 409

Hosking et al., 2023). 410

More Disagreement under Few-shot Learning 411

LLMs typically demonstrate superior performance 412

in few-shot in-context learning compared to zero- 413

shot generation (Dong et al., 2022). Nevertheless, 414

zero-shot generation aligns more closely with real- 415

world deployment scenarios for LLMs. Hence, 416

we evaluate four LLMs across various few-shot 417

settings to investigate the influence of in-context 418

examples on prompting LLMs. The results, illus- 419

trated in Figure 4, reveal a decline in agreement 420

between probability-based and generation-based 421

prediction methods for all selected LLMs with K 422

in-context examples provided. These findings sug- 423

gest that within the domain of few-shot in-context 424

learning, both label-based and sequence-based pre- 425

dictions become less indicative of LLMs’ zero-shot 426

generation capabilities, thereby complicating the 427

evaluation of LLMs in MCQ tasks. 428
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Figure 5: Results of LLMs on Belebele under
multilingual data including Amharic (amh_Ethi),
Chinese (zho_Hans), Russian (rus_Cyrl),
Swahili (swh_Latn) and Arabic (arb_Arab).

Effect of Multilingual Evaluation We con-429

ducted additional experiments on multilingual Bele-430

bele to evaluate the performance of two large lan-431

guage models (LLMs), Mistral-7B and LLaMA-432

2-7B, in languages beyond English. Our experi-433

ments encompassed five representative languages:434

Amharic (amh_Ethi), Chinese (zho_Hans), Rus-435

sian (rus_Cyrl), Swahili (swh_Latn), and Arabic436

(arb_Arab). The results, depicted in Figure 5, indi-437

cate that LLMs exhibit lower agreement between438

sequence-based predictions and generation-based439

predictions compared to the agreement observed440

between label-based predictions and generation-441

based ones. Notably, the latter consistently demon-442

strates superior performance across all five evalu-443

ated languages, particularly evident for LLaMA-2-444

7B and its associated chat model. Unsurprisingly,445

both the agreement and accuracy of LLMs across446

various prediction methods on these five languages447

are inferior to their performance in English. This448

underscores the importance of exercising greater449

scrutiny and care when evaluating LLMs on multi-450

lingual datasets.451

4 Moving Forward452

To make sure the future research in LLMs more re-453

liable, it is crucial to reevaluate our current bench-454

marks and evaluation methodologies. Our anal-455

ysis indicates a misalignment between these tra-456

ditional evaluation mechanisms, primarily MCQ-457

based benchmarks and output probability metrics,458

and the practical usage of generative text appli-459

cations in LLMs. The prevalent focus on these 460

benchmarks, although useful for fast and quanti- 461

tative comparison, falls short of capturing the full 462

spectrum of LLM capabilities. 463

In response to these challenges, we propose 464

several forward-looking recommendations for the 465

LLM research community: 466

Do Not Take Leaderboard Scores at Face 467

Value: The emphasis on leaderboard rankings, 468

while serving as a proxy for LLM performance, 469

often overlooks the complexity of tasks that LLMs 470

are now being developed to perform. As a com- 471

munity, we should not be easily over-hyped with 472

leaderboard chasing, especially considering the 473

limitations on either MCQ-based, or voting-based 474

leaderboards as discussed in this paper. 475

Develop Comprehensive Evaluation Proto- 476

cols: Future research should focus on creating eval- 477

uation frameworks that encompass a broader range 478

of LLM capabilities. The discrepancy between 479

evaluation measures and real-world applicability 480

underscores the necessity for a more holistic ap- 481

proach to LLM evaluation. This includes not just 482

traditional benchmarks but also metrics that eval- 483

uate free-text generation, contextual understand- 484

ing, and conversational engagement. Crafting these 485

comprehensive evaluation protocols will be chal- 486

lenging yet essential for a deeper understanding of 487

LLM performance and applicability. 488

Embrace Slow Research: The field should 489

adopt a more deliberate pace of research, prioritiz- 490

ing understanding over the speed of advancement 491

and leaderboard-chasing. Given the rapid advance- 492

ments in LLMs, there has been a noticeable rush to 493

create the next generation of these models, often at 494

the expense of scientific understanding. A conse- 495

quence of this is that as these LLMs are evaluated 496

using current benchmarks, their development be- 497

gins to overfit to top the leaderboard. By slowing 498

down and focusing more on understanding, we also 499

allow more time for work on evaluation methods, 500

potentially leading to more robust solutions. 501

Align Benchmarks with Human Preferences: 502

As a short-term measure, identifying benchmark 503

subsets that more closely mirror human preferences 504

can help improve the correlation between tradi- 505

tional evaluation metrics and the generative capa- 506

bilities of LLMs. However, this strategy must be 507

balanced with caution to prevent the overfitting of 508

models to these benchmarks, otherwise defeating 509

the purpose of the solution. Therefore, this solu- 510

tion is effective only if it is complemented by the 511
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adoption of slow research practices and a reduced512

emphasis on pursuing SoTA and leaderboards.513

In summary, the path forward for LLM research514

requires a concerted effort to develop more nuanced515

and comprehensive evaluation frameworks. By do-516

ing so, we can ensure that the progress in LLM can517

be measured properly, especially in its relevance518

and effectiveness for practical applications. Em-519

bracing these recommendations will pave the way520

for the next generation of LLMs, characterized by521

their ability to understand and generate human-like522

text in a wide range of real-world scenarios.523

5 Related Work524

Large Language Models LLMs have demon-525

strated remarkable proficiency across a wide range526

of NLP tasks (Brown et al., 2020; Chowdhery et al.,527

2022; Scao et al., 2022; Touvron et al., 2023a).528

Furthermore, recent research has shown that super-529

vised fine-tuning (SFT) and Reinforcement Learn-530

ing from Human Feedback (RLHF) can signifi-531

cantly enhance their performance when following532

general language instructions (Weller et al., 2020;533

Mishra et al., 2022; Wang et al., 2022b; Chung534

et al., 2022; Muennighoff et al., 2022; Wu et al.,535

2023; Li et al., 2023a; Wang et al., 2023c; Wu536

et al., 2024). Zhao et al. (2023) present a com-537

prehensive overview of the development of LLMs.538

The emergence of LLMs has fundamentally altered539

the research paradigm in NLP, making the accurate540

and efficient assessment of LLM performance a541

crucial concern.542

Human Evaluation of LLMs Human evaluation543

plays a pivotal role in assessing the performance of544

LLMs and is often regarded as the “gold standard”545

for evaluating natural language generation (van der546

Lee et al., 2019; Howcroft et al., 2020). In the era of547

LLMs, human evaluations are extensively utilized548

to measure the effectiveness of these models (Wang549

et al., 2022a; Wu et al., 2023; Bai et al., 2023). A550

recent study by Zheng et al. (2023b) introduces551

Chatbot Arena, a platform that compares pairs of552

LLMs through crowd-sourced judgments in a com-553

petitive setting. Nevertheless, some recent studies554

challenge the validity of human judgments as the555

“gold standard” for evaluating machine-generated556

text (Wu and Aji, 2023; Hosking et al., 2023). Ad-557

ditionally, there is a line of research highlighting558

concerns over the reproducibility of human evalua-559

tion results in recent NLP studies (Shimorina and560

Belz, 2022; Belz et al., 2023b,a).561

Automatic Evaluation of LLMs Given the limi- 562

tations of human evaluation in terms of scalability 563

and reproducibility, automatic evaluation acts as a 564

proxy for human evaluation. The performance of 565

LLMs has plateaued on conventional NLP bench- 566

marks (Rajpurkar et al., 2016; Wang et al., 2019). 567

Consequently, more recent studies have shifted to- 568

wards utilizing human exam questions as a means 569

to further test and challenge the capabilities of 570

LLMs (Hendrycks et al., 2021; Li et al., 2023b; 571

Koto et al., 2023; Cobbe et al., 2021). With the con- 572

tinuous advancements in LLMs, recent research has 573

explored using state-of-the-art LLMs, such as GPT- 574

4 (OpenAI, 2023) and Claude-2 (Bai et al., 2022b), 575

for evaluating model outputs (Li et al., 2023c; Wu 576

and Aji, 2023; Liu et al., 2023; Wu et al., 2024). 577

However, the reliability of LLM-based evaluation 578

remains an open question (Wang et al., 2023a; Li 579

et al., 2023d). 580

Ours Considering the limitations of human eval- 581

uation in terms of scalability and reproducibility, 582

leveraging automatic evaluation to assess Large 583

Language Models (LLMs) becomes essential. In 584

this work, we highlight the discrepancy between 585

automatic evaluation methodologies and the real- 586

world applications of LLMs. 587

6 Conclusion 588

This work critically examines the alignment be- 589

tween probability-based evaluation methods for 590

LLMs and their actual performance in generating 591

text, particularly on benchmarks such as MMLU, 592

TruthfulQA, and Belebele. Our findings highlight 593

a significant gap between these prediction meth- 594

ods and the practical utility of LLMs, suggesting 595

that current methods might not accurately reflect 596

a model’s real-world capabilities. The discrepan- 597

cies call for a shift towards more comprehensive 598

evaluation frameworks that prioritize the quality 599

of generated text and the model’s ability to un- 600

derstand and respond in human-like ways. Future 601

research should focus on developing evaluation 602

metrics that more accurately capture the essence of 603

LLM performance in practical scenarios. In sum- 604

mary, our study underscores the need for revising 605

LLM evaluation practices to ensure they accurately 606

estimate the models’ effectiveness in real-world 607

applications. By adopting more relevant evalua- 608

tion criteria, we can better gauge the progress and 609

utility of LLM advancements. 610
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Limitations611

In this paper, we selected three representative612

benchmarks to evaluate various LLMs, but these613

benchmarks might not be comprehensive enough614

to reflect the evaluation issue of LLMs since they615

only cover examination questions (MMLU), fac-616

toid questions (TruthfulQA) and general reading617

comprehension (Belebele). Moreover, due to the618

limitation of computational resources we only eval-619

uate ten LLMs which might not be fullly reflective620

of how LLMs behave when facing such MCQ ques-621

tions, so more LLMs should be incorporated when622

more resources are available.623

This position paper, while exploring and empir-624

ically showing the current misalignment issue in625

LLM evaluation, does not explore practical solu-626

tions beyond suggestions on where the field should627

go. Nevertheless, we argue that laying out the chal-628

lenges is still beneficial and contributive towards629

the community.630
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A Appendix1242

A.1 Experimental Setup1243

A.1.1 Datasets1244

MMLU The Massive Multitask Language Un-1245

derstanding (MMLU) (Hendrycks et al., 2021)1246

benchmark is a comprehensive test designed to1247

assess knowledge acquired during pretraining of1248

language models, especially in zero-shot and few-1249

shot settings. Introduced by (Hendrycks et al.,1250

2021)., MMLU encompasses 57 subjects across1251

diverse fields including STEM, humanities, so-1252

cial sciences, and others, making it a broad mea-1253

sure of both world knowledge and problem-solving1254

ability (Hendrycks et al., 2021). The dataset con-1255

tains 17,803 examples with a range of difficulties,1256

from elementary to advanced professional levels.1257

Its comprehensive nature allows for a detailed ex-1258

amination of a model’s strengths and weaknesses1259

across various disciplines.1260

Truthful-QA The Truthful-QA dataset (Lin1261

et al., 2022) is a benchmark to assess the truth-1262

fulness of language model responses to questions.1263

This dataset contains 817 questions spanning 381264

diverse categories, including health, law, finance,1265

and politics. The key characteristic of Truthful-QA1266

is its design to elicit imitative falsehoods, wherein1267

some questions are crafted to provoke false answers1268

based on common misconceptions or false beliefs.1269

The dataset aims to test language models’ ability1270

to avoid generating false answers that may have1271

been learned through imitating human texts. Impor-1272

tantly, the Truthful-QA questions are adversarial1273

in nature, designed to pinpoint weaknesses in the1274

truthfulness of language models. Additionally, it1275

features a set of true and false reference answers1276

for each question, backed by reliable sources.1277

Belebele The Belebele Benchmark (Bandarkar1278

et al., 2023) is a massively multilingual reading1279

comprehension dataset designed to evaluate ma-1280

chine reading comprehension (MRC) capabilities1281

across various languages. Developed by Facebook1282

Research, it features 900 multiple-choice questions1283

per language, spanning 122 language variants, to-1284

taling 109,800 questions linked to 488 distinct pas-1285

sages. Each question has four answer options,1286

with only one correct answer. This benchmark1287

encompasses a wide range of languages, from high-1288

resource to low-resource, making it ideal for assess-1289

ing the performance of language models in diverse1290

linguistic contexts.1291

A.1.2 Models 1292

LLaMA LLaMA-1 (Touvron et al., 2023b), Vi- 1293

cuna (Chiang et al., 2023) and LLaMA-2 (Touvron 1294

et al., 2023c) is a family of large language mod- 1295

els (LLMs), encompassing a range of pretrained 1296

and fine-tuned generative text models with param- 1297

eters varying from 7 billion to 70 billion. The 1298

model was trained on a new mix of publicly avail- 1299

able online data, with a considerable size of 2 tril- 1300

lion tokens, and includes over one million human- 1301

annotated examples for fine-tuning. Its training 1302

and evaluation emphasize both performance and 1303

safety. These fine-tuned models have shown supe- 1304

rior performance in human evaluations for helpful- 1305

ness and safety, matching or even surpassing other 1306

well-known models like ChatGPT and PaLM in 1307

certain aspects. 1308

Mistral The Mistral model (Jiang et al., 2023) 1309

equipped with 7.3 billion parameters, is designed 1310

to outperform its counterparts in terms of effi- 1311

ciency and effectiveness. Notable features of Mis- 1312

tral 7B include its proficiency in outperforming 1313

LLaMA-2-13B (Touvron et al., 2023c) across vari- 1314

ous benchmarks and approaching the performance 1315

of CodeLLaMA-7B (Rozière et al., 2023) in code- 1316

related tasks while maintaining strong English lan- 1317

guage capabilities. Additionally, Mistral 7B incor- 1318

porates Grouped-query attention (GQA) for faster 1319

inference and Sliding Window Attention (SWA) to 1320

manage longer sequences more economically. 1321

lm-harness The lm-harness (Gao et al., 2021) 3, 1322

developed by EleutherAI, is a comprehensive 1323

framework designed for the few-shot evaluation 1324

of autoregressive language models. This library is 1325

pivotal in the field of natural language processing 1326

for assessing the performance of language models 1327

in few-shot settings. It stands out due to its ver- 1328

satility and ability to handle a variety of language 1329

models, making it a valuable tool for researchers in 1330

the field. The lm-harness library facilitates robust 1331

and efficient evaluations, contributing significantly 1332

to advancements in language model development 1333

and assessment (Gao et al., 2021). 1334

A.2 Elo-based Chatbot Arena Leaderboard 1335

In the Elo-based Chatbot Arena Leaderboard, 1336

crowds are given an interface to ask questions to 1337

LLMs. The users are then given 2 options from 2 1338

3https://github.com/EleutherAI/
lm-evaluation-harness
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Category Agreement(Label) Agreement(Seq) Acc.(Gen) Acc.(Label) Acc.(Seq) Examples
moral scenarios 0.08 0.08 0.27 0.23 0.25 891
college physics 0.20 0.22 0.26 0.27 0.14 85
high school biology 0.29 0.26 0.35 0.25 0.31 291
college mathematics 0.30 0.33 0.30 0.21 0.29 92
abstract algebra 0.17 0.56 0.21 0.21 0.24 98
high school computer science 0.26 0.24 0.40 0.29 0.32 90
astronomy 0.24 0.23 0.40 0.23 0.31 141
computer security 0.17 0.32 0.51 0.23 0.38 95
logical fallacies 0.26 0.18 0.30 0.27 0.28 158
professional law 0.28 0.23 0.32 0.24 0.25 1189
clinical knowledge 0.27 0.31 0.44 0.21 0.33 241
elementary mathematics 0.25 0.25 0.31 0.21 0.26 327
high school macroeconomics 0.22 0.26 0.29 0.22 0.30 353
formal logic 0.34 0.16 0.34 0.25 0.23 120
high school government and politics 0.31 0.37 0.46 0.28 0.36 183
medical genetics 0.26 0.24 0.28 0.23 0.28 95
electrical engineering 0.31 0.31 0.42 0.27 0.30 131
high school mathematics 0.34 0.26 0.31 0.27 0.30 232
public relations 0.26 0.17 0.40 0.35 0.32 105
econometrics 0.19 0.42 0.28 0.27 0.33 111
machine learning 0.18 0.55 0.27 0.27 0.19 107
human sexuality 0.27 0.20 0.41 0.21 0.24 127
high school geography 0.35 0.29 0.47 0.23 0.34 188
nutrition 0.24 0.31 0.43 0.24 0.29 282
management 0.24 0.19 0.49 0.21 0.22 101
jurisprudence 0.27 0.15 0.37 0.32 0.32 100
human aging 0.31 0.21 0.37 0.31 0.36 214
college chemistry 0.25 0.26 0.30 0.18 0.21 84
business ethics 0.27 0.17 0.30 0.21 0.33 98
high school psychology 0.28 0.21 0.45 0.26 0.25 512
conceptual physics 0.39 0.27 0.36 0.27 0.32 211
prehistory 0.24 0.23 0.42 0.23 0.27 293
high school chemistry 0.26 0.31 0.35 0.24 0.26 176
high school world history 0.32 0.28 0.46 0.26 0.33 203
college biology 0.27 0.19 0.35 0.26 0.29 132
high school physics 0.26 0.26 0.34 0.26 0.32 133
high school european history 0.30 0.23 0.53 0.21 0.31 131
college computer science 0.20 0.28 0.30 0.26 0.29 93
us foreign policy 0.32 0.23 0.47 0.35 0.40 91
moral disputes 0.23 0.19 0.35 0.25 0.31 318
world religions 0.38 0.45 0.55 0.30 0.40 146
high school statistics 0.28 0.25 0.38 0.29 0.25 205
international law 0.15 0.18 0.37 0.17 0.34 119
security studies 0.25 0.14 0.41 0.26 0.29 236
professional medicine 0.26 0.18 0.40 0.31 0.21 171
marketing 0.22 0.21 0.45 0.23 0.32 215
high school us history 0.29 0.22 0.45 0.19 0.31 186
sociology 0.30 0.23 0.39 0.27 0.27 190
anatomy 0.32 0.26 0.41 0.23 0.28 128
virology 0.28 0.21 0.31 0.27 0.29 153
professional psychology 0.23 0.22 0.31 0.25 0.33 563
miscellaneous 0.27 0.33 0.55 0.25 0.36 743
high school microeconomics 0.23 0.22 0.27 0.25 0.29 212
global facts 0.24 0.21 0.26 0.17 0.36 98
philosophy 0.25 0.23 0.43 0.27 0.28 288
college medicine 0.26 0.26 0.35 0.24 0.26 156
professional accounting 0.16 0.18 0.27 0.28 0.26 241

Table 4: Detailed results of LLaMA-1-7B on different categories of MMLU.
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Category Agreement(Label) Agreement(Seq) Acc.(Gen) Acc.(Label) Acc.(Seq) Examples
moral scenarios 0.23 0.76 0.24 0.28 0.24 790
college physics 0.40 0.20 0.30 0.33 0.20 93
high school biology 0.82 0.26 0.36 0.38 0.49 303
college mathematics 0.49 0.26 0.34 0.35 0.32 95
abstract algebra 0.65 0.09 0.24 0.23 0.31 98
high school computer science 0.71 0.26 0.29 0.21 0.42 96
astronomy 0.59 0.31 0.41 0.37 0.50 150
computer security 0.64 0.24 0.23 0.34 0.60 95
logical fallacies 0.90 0.25 0.30 0.26 0.58 157
professional law 0.75 0.18 0.29 0.26 0.35 1460
clinical knowledge 0.79 0.22 0.33 0.33 0.55 257
elementary mathematics 0.29 0.33 0.32 0.27 0.27 361
high school macroeconomics 0.86 0.18 0.38 0.38 0.40 369
formal logic 0.89 0.09 0.37 0.37 0.23 115
high school government and politics 0.80 0.36 0.46 0.48 0.69 186
medical genetics 0.72 0.26 0.38 0.29 0.47 99
electrical engineering 0.69 0.24 0.32 0.34 0.46 140
high school mathematics 0.38 0.28 0.28 0.25 0.27 248
public relations 0.72 0.31 0.41 0.33 0.55 106
econometrics 0.69 0.15 0.25 0.24 0.31 111
machine learning 0.86 0.12 0.15 0.16 0.34 104
human sexuality 0.77 0.36 0.39 0.37 0.56 125
high school geography 0.82 0.35 0.42 0.38 0.57 182
nutrition 0.73 0.21 0.34 0.32 0.48 290
management 0.70 0.43 0.46 0.47 0.68 100
jurisprudence 0.87 0.20 0.25 0.27 0.57 100
human aging 0.76 0.18 0.17 0.17 0.57 216
college chemistry 0.52 0.29 0.31 0.39 0.26 94
business ethics 0.60 0.18 0.33 0.32 0.46 90
high school psychology 0.80 0.28 0.43 0.44 0.64 530
conceptual physics 0.49 0.18 0.26 0.32 0.40 228
prehistory 0.67 0.35 0.30 0.33 0.55 305
high school chemistry 0.61 0.22 0.33 0.28 0.35 192
high school world history 0.73 0.36 0.39 0.22 0.63 188
college biology 0.79 0.21 0.27 0.32 0.44 139
high school physics 0.56 0.14 0.35 0.32 0.28 142
high school european history 0.65 0.40 0.41 0.35 0.59 123
college computer science 0.66 0.25 0.26 0.30 0.32 96
us foreign policy 0.70 0.31 0.33 0.40 0.71 91
moral disputes 0.84 0.24 0.23 0.22 0.50 331
world religions 0.62 0.26 0.33 0.35 0.68 164
high school statistics 0.67 0.20 0.39 0.47 0.27 200
international law 0.76 0.22 0.29 0.24 0.60 112
security studies 0.89 0.33 0.43 0.40 0.50 230
professional medicine 0.69 0.29 0.45 0.47 0.42 253
marketing 0.82 0.33 0.35 0.30 0.76 223
high school us history 0.70 0.30 0.35 0.29 0.66 178
sociology 0.81 0.37 0.38 0.39 0.76 192
anatomy 0.83 0.19 0.31 0.32 0.45 130
virology 0.74 0.31 0.28 0.23 0.47 156
professional psychology 0.84 0.19 0.27 0.27 0.47 586
miscellaneous 0.67 0.37 0.41 0.38 0.69 762
high school microeconomics 0.89 0.14 0.39 0.38 0.35 232
global facts 0.38 0.21 0.28 0.20 0.40 98
philosophy 0.91 0.22 0.28 0.28 0.53 295
college medicine 0.72 0.21 0.37 0.37 0.38 163
professional accounting 0.70 0.17 0.26 0.28 0.37 264

Table 5: Detailed results of LLaMA-2 on different categories of MMLU.
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Category Agreement(Label) Agreement(Seq) Acc.(Gen) Acc.(Label) Acc.(Seq) Examples
moral scenarios 1.00 1.00 0.24 0.24 0.24 895
college physics 0.71 0.51 0.24 0.22 0.20 102
high school biology 0.87 0.50 0.51 0.49 0.50 309
college mathematics 0.72 0.54 0.31 0.30 0.31 100
abstract algebra 0.67 0.22 0.35 0.32 0.30 100
high school computer science 0.72 0.42 0.35 0.36 0.40 100
astronomy 0.79 0.56 0.46 0.45 0.49 152
computer security 0.82 0.51 0.49 0.50 0.60 100
logical fallacies 0.88 0.48 0.45 0.50 0.58 163
professional law 0.87 0.49 0.34 0.36 0.36 1517
clinical knowledge 0.78 0.51 0.43 0.49 0.55 265
elementary mathematics 0.48 0.38 0.31 0.26 0.28 377
high school macroeconomics 0.85 0.49 0.42 0.42 0.40 390
formal logic 0.74 0.61 0.21 0.28 0.24 126
high school government and politics 0.84 0.57 0.53 0.52 0.68 193
medical genetics 0.78 0.48 0.42 0.41 0.48 100
electrical engineering 0.70 0.41 0.40 0.39 0.45 145
high school mathematics 0.51 0.40 0.27 0.24 0.27 270
public relations 0.85 0.58 0.45 0.45 0.54 110
econometrics 0.82 0.56 0.28 0.30 0.30 114
machine learning 0.70 0.31 0.20 0.29 0.35 111
human sexuality 0.84 0.59 0.53 0.53 0.56 131
high school geography 0.88 0.59 0.52 0.52 0.59 198
nutrition 0.80 0.44 0.45 0.43 0.49 305
management 0.87 0.60 0.55 0.56 0.68 103
jurisprudence 0.82 0.46 0.36 0.36 0.58 107
human aging 0.84 0.46 0.35 0.39 0.58 223
college chemistry 0.68 0.58 0.25 0.23 0.25 100
business ethics 0.63 0.40 0.39 0.38 0.45 100
high school psychology 0.84 0.59 0.54 0.56 0.63 545
conceptual physics 0.80 0.54 0.34 0.37 0.40 235
prehistory 0.87 0.59 0.50 0.51 0.55 324
high school chemistry 0.64 0.42 0.35 0.31 0.33 203
high school world history 0.76 0.53 0.47 0.55 0.61 222
college biology 0.81 0.44 0.42 0.46 0.45 144
high school physics 0.71 0.54 0.29 0.32 0.28 151
high school european history 0.78 0.58 0.50 0.56 0.59 147
college computer science 0.73 0.49 0.26 0.32 0.32 100
us foreign policy 0.86 0.56 0.49 0.57 0.72 100
moral disputes 0.88 0.50 0.36 0.37 0.50 346
world religions 0.83 0.52 0.46 0.54 0.69 171
high school statistics 0.78 0.54 0.33 0.33 0.27 216
international law 0.88 0.51 0.50 0.55 0.61 121
security studies 0.82 0.53 0.48 0.51 0.50 245
professional medicine 0.80 0.43 0.42 0.42 0.40 267
marketing 0.88 0.59 0.53 0.57 0.76 233
high school us history 0.74 0.49 0.41 0.47 0.66 202
sociology 0.87 0.60 0.57 0.60 0.74 201
anatomy 0.85 0.48 0.40 0.41 0.44 135
virology 0.83 0.56 0.39 0.39 0.46 166
professional psychology 0.87 0.49 0.38 0.39 0.47 612
miscellaneous 0.81 0.57 0.54 0.56 0.69 783
high school microeconomics 0.82 0.44 0.37 0.39 0.36 238
global facts 0.51 0.57 0.35 0.33 0.40 100
philosophy 0.87 0.52 0.42 0.46 0.53 311
college medicine 0.78 0.54 0.41 0.37 0.38 168
professional accounting 0.84 0.49 0.30 0.32 0.37 281

Table 6: Detailed results of LLaMA-2-chat on different categories of MMLU.
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Category Agreement(Label) Agreement(Seq) Acc.(Gen) Acc.(Label) Acc.(Seq) Examples
moral scenarios 0.07 0.69 0.25 0.23 0.24 778
college physics 0.35 0.43 0.31 0.27 0.27 94
high school biology 0.68 0.53 0.51 0.51 0.65 302
college mathematics 0.40 0.47 0.29 0.25 0.33 93
abstract algebra 0.59 0.42 0.36 0.23 0.27 99
high school computer science 0.60 0.41 0.35 0.38 0.53 97
astronomy 0.59 0.57 0.48 0.44 0.57 143
computer security 0.53 0.48 0.46 0.61 0.66 98
logical fallacies 0.72 0.51 0.38 0.41 0.63 158
professional law 0.69 0.36 0.32 0.37 0.41 1446
clinical knowledge 0.64 0.51 0.51 0.54 0.59 255
elementary mathematics 0.25 0.36 0.41 0.26 0.32 363
high school macroeconomics 0.63 0.45 0.42 0.46 0.49 366
formal logic 0.56 0.28 0.34 0.39 0.26 108
high school government and politics 0.71 0.58 0.54 0.65 0.75 179
medical genetics 0.56 0.41 0.41 0.47 0.55 96
electrical engineering 0.55 0.50 0.44 0.42 0.52 135
high school mathematics 0.25 0.40 0.32 0.26 0.24 240
public relations 0.56 0.53 0.50 0.49 0.63 106
econometrics 0.68 0.52 0.30 0.26 0.23 108
machine learning 0.68 0.31 0.16 0.29 0.26 105
human sexuality 0.69 0.60 0.52 0.63 0.66 121
high school geography 0.68 0.56 0.55 0.54 0.69 182
nutrition 0.66 0.53 0.44 0.49 0.63 294
management 0.72 0.59 0.59 0.63 0.76 99
jurisprudence 0.63 0.43 0.39 0.49 0.66 103
human aging 0.60 0.44 0.38 0.46 0.56 211
college chemistry 0.55 0.51 0.38 0.43 0.45 88
business ethics 0.45 0.52 0.43 0.42 0.51 88
high school psychology 0.67 0.56 0.56 0.61 0.71 513
conceptual physics 0.59 0.51 0.38 0.36 0.40 230
prehistory 0.68 0.57 0.44 0.54 0.61 297
high school chemistry 0.54 0.47 0.32 0.37 0.46 191
high school world history 0.67 0.51 0.42 0.43 0.70 191
college biology 0.66 0.48 0.44 0.48 0.48 130
high school physics 0.49 0.41 0.34 0.34 0.30 146
high school european history 0.62 0.50 0.50 0.56 0.64 135
college computer science 0.52 0.42 0.27 0.38 0.36 96
us foreign policy 0.69 0.66 0.57 0.67 0.81 96
moral disputes 0.62 0.48 0.33 0.42 0.54 328
world religions 0.69 0.58 0.55 0.62 0.75 163
high school statistics 0.55 0.43 0.40 0.47 0.44 199
international law 0.52 0.48 0.48 0.48 0.71 108
security studies 0.84 0.58 0.41 0.49 0.64 222
professional medicine 0.59 0.42 0.52 0.53 0.53 257
marketing 0.74 0.63 0.56 0.65 0.77 226
high school us history 0.61 0.53 0.45 0.49 0.66 179
sociology 0.77 0.57 0.52 0.60 0.75 190
anatomy 0.66 0.47 0.37 0.45 0.49 133
virology 0.63 0.61 0.39 0.41 0.43 147
professional psychology 0.63 0.48 0.39 0.45 0.53 575
miscellaneous 0.69 0.61 0.58 0.59 0.73 752
high school microeconomics 0.72 0.43 0.45 0.48 0.53 220
global facts 0.30 0.42 0.37 0.23 0.32 99
philosophy 0.72 0.51 0.42 0.48 0.65 296
college medicine 0.62 0.51 0.46 0.48 0.51 162
professional accounting 0.59 0.30 0.32 0.36 0.40 266

Table 7: Detailed results of LLaMA-13B on different categories of MMLU.
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Category Agreement(Label) Agreement(Seq) Acc.(Gen) Acc.(Label) Acc.(Seq) Examples
moral scenarios 0.29 0.47 0.32 0.24 0.27 893
college physics 0.74 0.57 0.24 0.27 0.27 100
high school biology 0.83 0.69 0.58 0.58 0.64 309
college mathematics 0.89 0.71 0.26 0.29 0.29 100
abstract algebra 0.41 0.63 0.34 0.26 0.29 99
high school computer science 0.82 0.64 0.48 0.47 0.55 99
astronomy 0.83 0.64 0.53 0.57 0.58 152
computer security 0.76 0.61 0.57 0.60 0.66 100
logical fallacies 0.68 0.65 0.56 0.59 0.69 162
professional law 0.81 0.72 0.37 0.39 0.40 1500
clinical knowledge 0.78 0.70 0.55 0.54 0.59 262
elementary mathematics 0.72 0.60 0.33 0.30 0.32 374
high school macroeconomics 0.82 0.73 0.44 0.46 0.50 389
formal logic 0.63 0.48 0.24 0.30 0.24 122
high school government and politics 0.90 0.75 0.63 0.65 0.76 193
medical genetics 0.72 0.63 0.47 0.54 0.58 100
electrical engineering 0.74 0.68 0.50 0.51 0.54 145
high school mathematics 0.74 0.59 0.27 0.24 0.27 266
public relations 0.79 0.69 0.53 0.54 0.63 110
econometrics 0.78 0.70 0.26 0.31 0.24 111
machine learning 0.58 0.74 0.32 0.42 0.33 111
human sexuality 0.85 0.73 0.55 0.57 0.64 131
high school geography 0.85 0.69 0.59 0.60 0.65 198
nutrition 0.81 0.65 0.51 0.52 0.61 305
management 0.79 0.71 0.57 0.63 0.69 103
jurisprudence 0.72 0.58 0.51 0.60 0.69 108
human aging 0.80 0.66 0.45 0.53 0.62 221
college chemistry 0.78 0.65 0.28 0.35 0.34 95
business ethics 0.72 0.68 0.49 0.52 0.54 100
high school psychology 0.84 0.76 0.63 0.65 0.72 542
conceptual physics 0.83 0.64 0.36 0.37 0.41 235
prehistory 0.82 0.71 0.52 0.53 0.63 323
high school chemistry 0.73 0.63 0.38 0.38 0.43 203
high school world history 0.71 0.72 0.61 0.68 0.75 218
college biology 0.81 0.65 0.44 0.47 0.58 144
high school physics 0.79 0.55 0.36 0.35 0.33 148
high school european history 0.83 0.69 0.55 0.63 0.67 144
college computer science 0.86 0.70 0.37 0.33 0.43 99
us foreign policy 0.88 0.83 0.71 0.73 0.81 100
moral disputes 0.84 0.70 0.48 0.52 0.60 345
world religions 0.87 0.77 0.69 0.70 0.77 171
high school statistics 0.79 0.60 0.35 0.34 0.34 216
international law 0.78 0.71 0.61 0.68 0.72 120
security studies 0.87 0.68 0.52 0.55 0.66 241
professional medicine 0.66 0.63 0.46 0.42 0.50 265
marketing 0.88 0.75 0.69 0.70 0.80 234
high school us history 0.71 0.69 0.58 0.64 0.74 200
sociology 0.86 0.73 0.65 0.71 0.75 201
anatomy 0.82 0.73 0.47 0.46 0.52 135
virology 0.74 0.62 0.37 0.44 0.47 165
professional psychology 0.78 0.68 0.47 0.51 0.54 610
miscellaneous 0.82 0.72 0.66 0.69 0.77 782
high school microeconomics 0.74 0.62 0.46 0.45 0.51 238
global facts 0.80 0.66 0.32 0.31 0.31 100
philosophy 0.83 0.72 0.55 0.55 0.65 310
college medicine 0.80 0.63 0.41 0.43 0.42 167
professional accounting 0.80 0.66 0.37 0.39 0.41 282

Table 8: Detailed results of LLaMA-13B-chat on different categories of MMLU.
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Category Agreement(Label) Agreement(Seq) Acc.(Gen) Acc.(Label) Acc.(Seq) Examples
moral scenarios 0.64 0.98 0.24 0.25 0.24 878
college physics 0.31 0.50 0.31 0.21 0.44 96
high school biology 0.44 0.68 0.65 0.47 0.73 303
college mathematics 0.31 0.48 0.24 0.35 0.34 94
abstract algebra 0.26 0.48 0.40 0.19 0.30 96
high school computer science 0.41 0.55 0.53 0.47 0.64 92
astronomy 0.41 0.57 0.59 0.39 0.61 148
computer security 0.49 0.70 0.61 0.49 0.74 92
logical fallacies 0.50 0.70 0.66 0.48 0.75 159
professional law 0.36 0.58 0.39 0.30 0.44 1508
clinical knowledge 0.47 0.66 0.63 0.44 0.69 261
elementary mathematics 0.32 0.51 0.43 0.29 0.40 373
high school macroeconomics 0.37 0.59 0.51 0.35 0.59 384
formal logic 0.44 0.53 0.36 0.24 0.35 110
high school government and politics 0.50 0.71 0.74 0.53 0.84 191
medical genetics 0.52 0.61 0.61 0.52 0.69 100
electrical engineering 0.42 0.62 0.50 0.40 0.58 141
high school mathematics 0.30 0.44 0.34 0.27 0.35 250
public relations 0.54 0.60 0.58 0.42 0.66 106
econometrics 0.43 0.61 0.41 0.28 0.44 113
machine learning 0.26 0.37 0.38 0.31 0.48 108
human sexuality 0.45 0.64 0.62 0.47 0.75 130
high school geography 0.58 0.70 0.66 0.51 0.75 188
nutrition 0.46 0.63 0.60 0.46 0.70 301
management 0.55 0.70 0.66 0.43 0.80 100
jurisprudence 0.41 0.62 0.51 0.38 0.74 104
human aging 0.39 0.59 0.56 0.49 0.66 216
college chemistry 0.33 0.39 0.30 0.28 0.47 99
business ethics 0.32 0.60 0.53 0.35 0.58 96
high school psychology 0.52 0.75 0.73 0.48 0.78 530
conceptual physics 0.43 0.57 0.50 0.39 0.53 230
prehistory 0.43 0.71 0.59 0.39 0.71 318
high school chemistry 0.32 0.59 0.43 0.29 0.50 197
high school world history 0.33 0.59 0.63 0.46 0.79 212
college biology 0.41 0.67 0.57 0.41 0.67 141
high school physics 0.33 0.46 0.34 0.27 0.30 146
high school european history 0.33 0.69 0.57 0.36 0.77 143
college computer science 0.29 0.47 0.33 0.32 0.54 96
us foreign policy 0.59 0.79 0.78 0.60 0.84 100
moral disputes 0.41 0.64 0.56 0.38 0.68 338
world religions 0.52 0.81 0.75 0.53 0.81 165
high school statistics 0.35 0.55 0.38 0.30 0.46 207
international law 0.45 0.66 0.61 0.47 0.76 119
security studies 0.40 0.62 0.56 0.39 0.70 241
professional medicine 0.42 0.63 0.56 0.42 0.68 268
marketing 0.58 0.77 0.81 0.59 0.86 226
high school us history 0.34 0.63 0.63 0.39 0.76 197
sociology 0.49 0.79 0.69 0.54 0.86 200
anatomy 0.44 0.62 0.54 0.32 0.56 133
virology 0.47 0.66 0.51 0.34 0.52 161
professional psychology 0.48 0.65 0.56 0.39 0.61 604
miscellaneous 0.53 0.73 0.72 0.53 0.79 769
high school microeconomics 0.38 0.61 0.56 0.36 0.63 233
global facts 0.42 0.50 0.43 0.26 0.41 92
philosophy 0.43 0.67 0.61 0.37 0.69 289
college medicine 0.40 0.64 0.54 0.33 0.60 164
professional accounting 0.38 0.53 0.46 0.34 0.47 268

Table 9: Detailed results of Mistral-7B on different categories of MMLU.
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Category Agreement(Label) Agreement(Seq) Acc.(Gen) Acc.(Label) Acc.(Seq) Examples
moral scenarios 0.08 0.02 0.28 0.23 0.24 894
college physics 0.34 0.48 0.26 0.16 0.29 100
high school biology 0.43 0.64 0.57 0.39 0.65 310
college mathematics 0.21 0.37 0.29 0.24 0.39 97
abstract algebra 0.11 0.27 0.34 0.17 0.33 99
high school computer science 0.36 0.60 0.51 0.42 0.50 100
astronomy 0.41 0.57 0.52 0.34 0.53 152
computer security 0.42 0.56 0.52 0.52 0.65 100
logical fallacies 0.50 0.69 0.59 0.47 0.71 163
professional law 0.37 0.56 0.34 0.30 0.40 1521
clinical knowledge 0.39 0.66 0.56 0.41 0.61 265
elementary mathematics 0.32 0.49 0.45 0.26 0.34 374
high school macroeconomics 0.35 0.56 0.44 0.28 0.51 389
formal logic 0.23 0.39 0.36 0.30 0.38 122
high school government and politics 0.51 0.68 0.60 0.44 0.72 193
medical genetics 0.46 0.59 0.52 0.51 0.63 100
electrical engineering 0.38 0.57 0.50 0.37 0.54 143
high school mathematics 0.36 0.38 0.27 0.22 0.30 256
public relations 0.49 0.73 0.51 0.34 0.57 110
econometrics 0.39 0.49 0.30 0.28 0.32 114
machine learning 0.21 0.30 0.29 0.33 0.46 112
human sexuality 0.47 0.64 0.56 0.46 0.69 129
high school geography 0.53 0.68 0.57 0.47 0.67 198
nutrition 0.43 0.59 0.49 0.40 0.63 306
management 0.51 0.68 0.60 0.47 0.74 103
jurisprudence 0.44 0.61 0.52 0.42 0.67 108
human aging 0.46 0.61 0.51 0.48 0.60 223
college chemistry 0.36 0.44 0.32 0.29 0.37 97
business ethics 0.40 0.52 0.52 0.39 0.58 100
high school psychology 0.51 0.71 0.65 0.47 0.72 545
conceptual physics 0.40 0.53 0.43 0.31 0.46 235
prehistory 0.40 0.66 0.54 0.39 0.58 323
high school chemistry 0.32 0.47 0.41 0.24 0.43 200
high school world history 0.40 0.62 0.57 0.47 0.75 223
college biology 0.40 0.60 0.51 0.35 0.60 144
high school physics 0.32 0.57 0.25 0.23 0.32 146
high school european history 0.37 0.67 0.56 0.33 0.67 147
college computer science 0.32 0.50 0.30 0.30 0.46 96
us foreign policy 0.56 0.75 0.63 0.57 0.76 100
moral disputes 0.47 0.66 0.53 0.40 0.59 345
world religions 0.52 0.67 0.59 0.52 0.69 171
high school statistics 0.38 0.51 0.38 0.25 0.41 213
international law 0.42 0.74 0.64 0.43 0.70 121
security studies 0.38 0.56 0.45 0.39 0.66 244
professional medicine 0.38 0.57 0.46 0.35 0.59 268
marketing 0.56 0.72 0.73 0.60 0.80 234
high school us history 0.40 0.59 0.52 0.41 0.72 202
sociology 0.52 0.76 0.67 0.52 0.78 201
anatomy 0.31 0.57 0.48 0.25 0.47 135
virology 0.39 0.58 0.36 0.33 0.42 166
professional psychology 0.46 0.62 0.48 0.37 0.50 611
miscellaneous 0.51 0.72 0.69 0.51 0.75 783
high school microeconomics 0.36 0.58 0.50 0.37 0.60 237
global facts 0.40 0.54 0.36 0.23 0.31 100
philosophy 0.49 0.66 0.52 0.36 0.60 311
college medicine 0.40 0.61 0.40 0.27 0.53 168
professional accounting 0.39 0.54 0.36 0.29 0.39 282

Table 10: Detailed results of Mistral-7B-Chat on different categories of MMLU.
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MMLU Truthful-QA Belebele

Model Label-Gen Seq-Gen Label-Gen Seq-Gen Label-Gen Seq-Gen

Mistral-7B -9.3 12.1 -3.7 -14.1 9.3 -3.9
Mistral-7B-Instruct -8.0 8.9 14.7 7.5 6.7 4.5
LLaMA-1-7B -12.1 -13.4 29.7 11.5 24.3 -4.6
Vicuna-7B 3.9 9.8 27.8 12.1 4.0 16.5
LLaMA-2-7B 36.7 -4.1 5.1 2.6 3.3 -6.4
LLaMA-2-7B-chat 41.4 13.9 22.4 -33.7 4.8 1.1
LLaMA-2-13B 17.4 7.8 9.2 -22.7 6.6 2.8
LLaMA-2-13B-chat 29.2 20.0 25.4 -12.3 7.9 7.3
LLaMA-2-70B 15.4 4.6 7.3 -24.8 1.2 -2.0
LLaMA-2-70B-chat 29.0 16.2 22.5 -20.8 2.6 1.0

Table 11: Differences in label and sequence accuracies compared to generation accuracies across datasets.

anonymous LLMs, in which the user has to vote1339

for the better one, which will be the winner LLM.1340

Based on several win-lose interactions, we can then1341

calculate the Elo score.1342

Elo scores have been previously designed in1343

rank multiple players that involve multiple matches1344

across different people, such as chess. It is good for1345

determining a unified ranking across every player1346

(in this case, LLMs). From the Elo score of 2 play-1347

ers, we can predict the winning chance of both1348

players. For example, an LLM with an Elo of 12001349

will win against an LLM with an Elo of 900 85%1350

of the time.1351

Chatbot Arena is one of the popular Elo-based1352

leaderboards. It supports a variety of LLMs, both1353

proprietary and open-sourced, and has accumulated1354

hundreds of thousands of votes.1355
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