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Abstract

The correlation between NLG automatic eval-001
uation metrics and human evaluation is the002
most critical criterion for assessing the capa-003
bility of an evaluation metric. However, dif-004
ferent grouping methods and choices of cor-005
relation coefficients result in at least 12 types006
of correlation measures. For a long time, lit-007
tle has been known about their characteristics.008
Therefore, this paper illustrates the relation-009
ships between different correlation measures010
and demonstrates how the degree of data dis-011
cretization affects their values through statis-012
tical simulations. Additionally, we designed013
algorithms to evaluate the discriminative power014
and ranking consistency of 12 correlation mea-015
sures using empirical data from 6 datasets and016
32 evaluation metrics, uncovering many inter-017
esting conclusions.018

1 Introduction019

Automatic evaluation metrics (e.g. BLEU (Pap-020

ineni et al., 2002), BERTScore (Zhang et al., 2020))021

are widely used in Natural Language Generation022

(NLG) evaluation, and the evaluation of these eval-023

uation metrics is known as NLG meta-evaluation.024

In NLG meta-evaluation, human evaluation is gen-025

erally considered the gold standard. Therefore,026

the correlation with human evaluation is the most027

crucial criterion for assessing the performance of028

an evaluation metric. However, due to the exis-029

tence of different grouping methods (e.g., system030

level (Bhandari et al., 2020), dataset level (Fu et al.,031

2023)) and different correlation coefficient func-032

tions (e.g., Pearson’s r, Spearman’s ρ), the mea-033

surement of correlation is not uniform. Due to034

a lack of understanding of the characteristics of035

different correlation measures, researchers often036

simply follow the practices of past work or authori-037

tative competitions such as WMT in practice. How-038

ever, many papers do not even clearly describe the039

correlation measures used, such as not reporting040

the grouping method, not to mention explaining 041

why these measures are selected. Furthermore, the 042

correlation measures used in authoritative compe- 043

titions frequently change: WMT22 (Freitag et al., 044

2022) used segment-level correlations with three 045

different grouping methods, while WMT23 (Fre- 046

itag et al., 2023) used only one. This makes re- 047

searchers confused about how to select correlation 048

measures. 049

On the other hand, as Large Language Models 050

(LLMs) are increasingly used for automatic evalua- 051

tion, the selection of correlation measures has be- 052

come more important and complex. This is crucial 053

because numerous LLM evaluators have been pro- 054

posed, including both prompting proprietary LLMs 055

for NLG evaluation (Liu et al., 2023; Chiang and 056

Lee, 2023; Kocmi and Federmann, 2023) and fine- 057

tuned LLM evaluators (Wang et al., 2023; Xu et al., 058

2023; Jiang et al., 2023; Li et al., 2023). The cur- 059

rent confusion surrounding correlation measures 060

can severely hinder performance comparisons. Ad- 061

ditionally, unlike traditional continuous evaluation 062

metrics, LLM evaluators can score on a given scale 063

according to user needs (e.g., 1-5, 0-100), which al- 064

lows their output scores to contain more ties. This 065

fact affects the fairness of comparisons under cer- 066

tain correlation measures (Deutsch et al., 2023). 067

It is by no means easy to strictly determine 068

whether a particular correlation measure is reason- 069

able, as this depends on the specific scenario and 070

the researcher’s preferences. For example, Deutsch 071

et al. (2023) believes that in the evaluation of ma- 072

chine translation using MQM, the fine-grained hu- 073

man evaluation ties should be trusted and used to 074

reflect whether a metric can correctly evaluate ties, 075

while existing various Kendall correlation coeffi- 076

cients cannot handle this preference. However, in 077

coarse-grained human evaluation (such as Likert- 078

scale rating), human evaluation ties may not be 079

trustworthy. Therefore, this paper does not directly 080

discuss whether a particular correlation measure 081
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is reasonable but instead analyzes and presents082

their characteristics to enhance understanding. Our083

study revolves around the following research ques-084

tions:085

• RQ1 (§4.3): What is the relationship between086

different correlation measures?087

• RQ2 (§4.4): How does the scale size of hu-088

man scores and metric outputs affect the val-089

ues of correlation measures?090

• RQ3 (§5.1): Which correlation measures have091

stronger discriminative power for distinguish-092

ing pairs of automatic evaluation metrics?093

• RQ4 (§5.2): Which correlation measures pro-094

vide more stable rankings for a set of auto-095

matic evaluation metrics?096

For RQ1 and RQ2, we conduct analyses through097

statistical simulations. For RQ3 and RQ4, we098

empirically evaluate various correlation measures099

using real datasets and real automatic evaluation100

metrics. Our contributions are summarized as fol-101

lows:102

1) We modeled NLG meta-evaluation and ana-103

lyzed the relationships between various correlation104

measures and the impact of scale size on them105

through large-scale statistical simulations.106

2) We designed algorithms for empirically mea-107

suring the discriminative power and ranking con-108

sistency of correlation measures.109

3) We collected the output scores of 32 eval-110

uation metrics across 6 datasets and conducted111

empirical evaluations of the discriminative power112

and ranking consistency of various correlation mea-113

sures.114

2 Background115

In the field of NLG, a system s takes a source doc-116

ument d as input and generates a target text h. For117

example, for a news summarization system, the118

input is news, and the output is a summary. Re-119

garding the target text h generated by the system,120

we are concerned with its quality. There are two121

ways to evaluate its quality: human evaluation and122

automatic evaluation, usually expressed as scores.123

Human evaluation scores are considered the gold124

standard, and the consistency between automatic125

evaluation metrics and human evaluations is used126

to assess the performance of an automatic evalua-127

tion metric m. This process can be formalized as128

follows:129

There are N systems, {si}Ni=1 and M source 130

inputs, {dj}Mj=1. Each source input dj has cor- 131

responding other related content (such as refer- 132

ences) vj . Each system si generates a target 133

text hij for each source input dj . The human 134

evaluation score for each target text hij is zij . 135

The above forms a meta-evaluation dataset D = 136

{{(dj , vj)}Mj=1, {hij , zij}
N,M
i=1,j=1}. In most meta- 137

evaluation datasets, N ≪ M ; generally, the range 138

of N is a few to dozens, while the range of M is 139

tens to thousands. 140

The input of an automatic evaluation metric m 141

includes a source input d, a target text h, and other 142

related content v, and the output is a score x. For 143

each hij , the score given by this automatic eval- 144

uation metric is denoted as xij . If there are K 145

automatic evaluation metrics to be evaluated, they 146

are denoted as {mk}Kk=1, and their output scores 147

are denoted as {xkij}Kk=1 (also denoted as matrices 148

{Xk}Kk=1). 149

The correlation between {xij}N,M
i=1,j=1 (i.e. X) 150

and {zij}N,M
i=1,j=1 (i.e. Z) is used to evaluate the 151

quality of the automatic evaluation metrics, and 152

there are multiple ways to measure this correlation, 153

which can be divided into four types based on the 154

grouping method. 1, where c denotes specific cor- 155

relation coefficient functions, commonly Pearson’s 156

r, Spearman’s ρ, and Kendall’s τ . 157

• Global level: Calculate the correlation coeffi- 158

cient between two N ×M -dimensional vec- 159

tors, cN×M (X,Z) = c({(xij , zij)}N,M
i=1,j=1). 160

• Input level: Each time, calculate the 161

correlation coefficient between two N - 162

dimensional vectors, and then average the 163

M correlation coefficients, c
Ñ
(X,Z) = 164

1
M

∑M
j=1 c({(xij , zij)}Ni=1). The tilde indi- 165

cates that this is the average of the correlation 166

coefficients, the same below. 167

• Item level 2: Each time, calculate the 168

correlation coefficient between two M - 169

dimensional vectors, and then average the 170

1From a completeness perspective, there is another mea-
sure similar to system level, which first averages the scores
of each source input across N systems, and then calculates
the correlation coefficient between the two M -dimensional
vectors. However, this measure may reflect the difficulty of
the source inputs and has no significance in evaluation.

2WMT22 (Freitag et al., 2022) used this correlation mea-
sure as a type of segment-level correlation. We rename it
"Item level" to avoid confusion.
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N correlation coefficients, c
M̃
(X,Z) =171

1
N

∑N
i=1 c({(xij , zij)}Mj=1).172

• System level: First average the scores of173

each system across M documents, and then174

calculate the correlation coefficient between175

the two N -dimensional vectors, cN (X,Z) =176

c({( 1
M

∑M
j=1 xij ,

1
M

∑M
j=1 zij)

N
i=1}).177

It can be seen that the measurement of corre-178

lation includes two parts: the grouping method179

and the correlation coefficient function. We use180

the letters r, ρ, τ to represent the three correla-181

tion coefficient functions, and the subscripts N ×182

M, Ñ, M̃ ,N to represent the four grouping meth-183

ods, such as τ
Ñ

. Even without considering variants184

of the correlation coefficient functions, there are185

4× 3 = 12 correlation measures.186

For two automatic evaluation metrics m1 and187

m2, it is generally considered that m1 outperforms188

m2 if c(X1, Z) > c(X2, Z). Here, hypothesis189

testing can be used to demonstrate statistical signif-190

icance.191

3 Data Preparation192

We first obtain the outputs of major automatic eval-193

uation metrics on representative datasets. This not194

only prepares data for empirical evaluation but also195

provides references for parameter settings in simu-196

lation experiments.197

3.1 Datasets198

As shown in Table 1, we selected and prepro-199

cessed six datasets from five typical NLG tasks:200

summarization, story generation, dialogue, data-to-201

text, and translation. Due to the large volume of202

WMT23 data, we only selected news domain data203

from ZH2EN. Following conventions, we split the204

original datasets according to sub-datasets and di-205

mensions, resulting in a total of 30 meta-evaluation206

datasets, numbered D1-D30, as shown in Table 5.207

3.2 Automatic Evaluation Metrics208

We selected 14 common non-LLM evaluation met-209

rics, including string-based metrics BLEU (Pap-210

ineni et al., 2002), ROUGE-(1,2,L) (Lin, 2004),211

CHRF (Popovic, 2015), and model-based metrics212

BERTScore-(p,r,f1) (Zhang et al., 2020), Mover-213

Score (Zhao et al., 2019), BARTScore-(s-h, r-h, h-r)214

(Yuan et al., 2021), BLEURT (Sellam et al., 2020),215

and COMET (Rei et al., 2020). For LLM evalua-216

tors, we used 18 experimental settings to prompt217

proprietary LLMs to score target texts based on 218

task descriptions and aspect definitions, resulting 219

in 18 evaluation metrics: three different proprietary 220

LLMs from OpenAI 3 (gpt-3.5-turbo-1106, 221

gpt-4-turbo-1106, gpt-4o); three different scor- 222

ing scale prompting strategies (1-5, 1-10, 0-100); 223

and two sampling settings (T=0 sampled once, T=1 224

sampled ten times and averaged). Different scor- 225

ing scales and sampling settings can significantly 226

change the number of unique values 4 and tie ratio 227

in the metric outputs. More details of the selected 228

evaluation metrics are shown in Appendix A. In to- 229

tal, there are K = 32 automatic evaluation metrics. 230

3.3 Metric Output 231

For each meta-evaluation dataset, we obtained out- 232

put scores for all target texts from the 32 metrics. 233

Approximately 0.5% of the LLMs’ responses did 234

not score as required. To prevent NAN values from 235

hindering the calculation of various correlation 236

measures, we replaced these with scores randomly 237

sampled from the required scale. 238

4 Simulation Analysis 239

Real datasets and evaluation metrics are influenced 240

by multiple factors, making it difficult to control 241

variables. Therefore, this section illustrates through 242

statistical simulations how the correlation between 243

the output of an automatic evaluation metric and 244

human scores is affected by relevant factors under 245

various correlation measures. We consider two 246

factors: the capability of the evaluation metric and 247

the scale size of metric outputs and human scores. 248

We first establish a probabilistic model for NLG 249

evaluation and then obtain results through repeated 250

sampling. 251

4.1 Modeling NLG Meta-Evaluation 252

We posit that the capability of an evaluation met- 253

ric can be decomposed into two parts: the ability 254

to evaluate the overall level of different systems 255

and the ability to evaluate different target texts 256

under a given system. In practice, system-level 257

correlation can estimate the former, while item- 258

level correlation can estimate the latter. There- 259

fore, in our modeling, we treat these two quan- 260

tities as control parameters. Assuming a given 261

system si, the scores of the evaluation metric and 262

human evaluation for texts generated from various 263

3https://openai.com/api/
4We refer to this as scale size.
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Task Name #Subsets #Aspects #Systems #Inputs
Summarization SummEval (Fabbri et al., 2021) 1 4 16 100
Translation WMT23-ZH2EN-NEWS (Freitag et al., 2023) 1 1 16 376
Story Generation HANNA (Chhun et al., 2022) 1 6 6 60
Story Generation MANS(Guan et al., 2021) 2 1 5 200
Dialogue USR (Mehri and Eskénazi, 2020) 2 6 5 60
Data-to-text WebNLG2020 (Castro Ferreira et al., 2020) 1 5 16 178

Table 1: Dataset information.

input documents follow a bivariate normal distri-264

bution: xij , zij ∼ N (µm
i , µh

i , σ
m
i , σh

i , ρi), where265

ρi
5 controls the correlation of the metric within266

a single system. Based on our observations and267

those of (Shen et al., 2023), the correlation with268

human judgment varies across different systems269

for most evaluation metrics. For simplicity, we270

assume ρi follows a truncated normal distribution,271

ρi ∼ N (µρitem , σρitem). Since item-level corre-272

lation is defined as the mean correlation coeffi-273

cient across different systems, it can be viewed274

as an estimate of µρitem . Furthermore, assuming275

the parameters µm
i and µh

i of the above bivariate276

normal distribution follow another bivariate normal277

distribution: µm
i , µh

i ∼ N (µm, µh, σm, σh, ρsys),278

where ρsys controls the correlation between µm
i279

and µh
i . system-level correlation can be seen280

as an estimate of ρsys because 1
M

∑M
j=1 xij and281

1
M

∑M
j=1 zij in the definition of system-level corre-282

lation are viewed as estimates of µm
i and µh

i .283

Additionally, as mentioned in Section 1, human284

scores and metric outputs in real-world scenarios285

cannot always be regarded as fully continuous val-286

ues. Their degree of discretization can be measured287

by the number of unique values and tie ratio. For288

example, SummEval uses a 5-point Likert scale289

to obtain raw human annotations, with each sam-290

ple being evaluated by three annotators. After ag-291

gregating the scores by averaging, there are up to292

13 unique values. For continuous metrics such as293

BERTScore, they almost never output equal scores294

across different samples, resulting in a tie ratio295

close to zero. We have statistically analyzed these296

two quantities for human scores and metric out-297

puts across different datasets, with results shown in298

Tables 5 and 6 in the appendix. To simulate differ-299

ent scale sizes, we assume the scale size of human300

scores and metric outputs to be Ch and Cm re-301

spectively. We then follow Onoshima et al. (2019)302

’s practice to sample Ch − 1 and Cm − 1 thresh-303

olds from uniform distributions U(−σm, σm) and304

5This ρ does not refer to the Spearman correlation coeffi-
cient, the same below.

U(−σh, σh) to discretize them. Algorithm 1 shows 305

the pseudocode for the entire sampling process. 306

Algorithm 1 Statistical Simulation
Input: µm, µh, σm, σh, σm

i , . . . , σm
N , σh

1 , . . . , σ
h
N ∈ R,

N,M,Cm, Ch, T1, T2 ∈ N, ρsys, µρitem , σρitem ∈ [−1, 1],
correlation measure c.
Output: correlation coefficient

R← an empty list
for T1 iterations do

Xs, Zs ← empty N ×M matrices
for i ∈ {1, . . . , N} do

sample µm
i , µh

i ∼ N (µm, µh, σm, σh, ρsys)
sample ρi ∼ N (µρitem , σρitem)
for j ∈ {1, . . . ,M} do

sample xij , zij ∼ N (µm
i , µh

i , σ
m
i , σh

i , ρi)
Xs[i, j]← xij

Zs[i, j]← zij
end for

end for
if discretization is true then

for T2 iterations do
sample {tmn }C

m−1
n=1 ∼ U(−σm, σm)

sample {thn}C
h−1

n=1 ∼ U(−σh, σh)

Xs ← DISCRETIZE(Xs, {tmn }C
m

n=1)
Zs ← DISCRETIZE(Zs, {thn}C

h

n=1)
cs ← c(Xs, Zs)
Add cs to R

end for
else

cs ← c(Xs, Zs)
Add cs to R

end if
end for
return AVG(R)

4.2 Experimental Settings 307

For the data collected in Section 3, all human scores 308

and metric outputs are normalized to the 0-1 scale 309

for parameter estimation, with results shown in 310

Tables 5 and 6 in the appendix. Balancing the 311

estimated results and without loss of generality, we 312

fix the following parameters for all experiments: 313

µm = µh = 0, µm
1 = · · · = µm

N = 0, µh
1 = 314

· · · = µh
N = 0, σm = σm

1 = · · · = σm
N = 0.15, 315

σh = σh
1 = · · · = σh

N = 0.10, and σρitem = 0.15. 316

For the number of systems and input documents, 317

we consider two settings: N = 15,M = 200 and 318

N = 5,M = 100. 319

4



0.0 0.2 0.4 0.6 0.8 1.0
item

0.0

0.2

0.4

0.6

0.8

1.0
N = 15, M = 200, sys = 0.1

system-pearson
system-spearman
system-kendall
input-pearson
input-spearman
input-kendall
global-pearson
global-spearman
global-kendall
item-pearson
item-spearman
item-kendall

0.0 0.2 0.4 0.6 0.8 1.0
sys

0.0

0.2

0.4

0.6

0.8

1.0
N = 15, M = 200, item = 0.1

system-pearson
system-spearman
system-kendall
input-pearson
input-spearman
input-kendall
global-pearson
global-spearman
global-kendall
item-pearson
item-spearman
item-kendall

Figure 1: Simulation results of controlling ρsys and µρitem
separately. The result of N = 5,M = 100 is shown in

Figure 3 in the appendix.
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Figure 2: Simulation results of discretization. The re-
sult of N = 5,M = 100 is shown in Figure 4 in the
appendix.

When examining the relationship between dif-320

ferent levels of correlation measures, we selected321

all cases of ρsys, µρitem ∈ {0.00, 0.10, 0.20, 0.30,322

0.40, 0.50, 0.60, 0.70, 0.80, 0.90, 0.95, 0.99}, with323

T1 = 1000 iterations and without discretization.324

When analyzing scale size, we fixed ρsys =325

0.80 and µρitem = 0.40. Regarding Ch and326

Cm, we considered two different scenarios: for327

Ch = Cm, we selected Ch = Cm ∈328

{2, 3, 4, 5, 6, 7, 8, 9, 10, 12, 15, 20}; for Cm ≥ Ch,329

we selected all cases satisfying the size relationship330

from Ch, Cm ∈ {3, 5, 10, 50, 100}. Due to the331

huge amount of computation, we set T1 = T2 =332

100.333

4.3 Relationship between Different Levels334

In this experiment, we analyze the relationship335

between different levels of correlation measures.336

Since we controlled µρitem and ρsys, it is expected337

that their estimated values, item-level correlation, 338

and system-level correlation, remain constant or 339

increase. As seen in Figure 1, increasing µρitem or 340

ρsys results in an increase in input-level correlation 341

and global-level correlation, with both showing 342

similar increments. This trend is also observed in 343

smaller sample scenarios (N = 5,M = 100), al- 344

though the curves are less smooth due to higher 345

sampling variance. 346

Takeaways Enhancing the evaluation capability 347

of an evaluation metric at the system level or item 348

level will result in higher global-level and input- 349

level correlations. 350

4.4 Effects of Scale Size 351

In this experiment, we analyze the effect of dif- 352

ferent scale sizes on various correlation measures. 353

Figure 2 illustrates that when Cm = Ch, i.e., the 354

scale sizes of metric outputs and human scores are 355

equal, increasing the scale size initially increases 356

the values of most correlation measures. These 357

values stabilize after approximately 10, with the 358

Kendall coefficients at the input level, global level, 359

and item level showing a slight decline thereafter. 360

The Spearman and Kendall correlation coefficients 361

at the system level are almost unaffected by scale 362

size. 363

When Cm ≥ Ch, the situation is similar: the 364

Spearman and Kendall correlation coefficients at 365

the system level maintain their stability with re- 366

spect to scale size, as observed when Cm = Ch. 367

The Kendall coefficients at the input level, global 368

level, and item level show a central convergence, 369

peaking around Cm = Ch = 10. The values of 370

other types of correlation measures increase as Cm 371
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Level Function D1 D2 D3 D4 D5 D6 D7 D8 D9 D10
System Pearson 0.074 (5) 0.054 (2) 0.148 (10) 0.150 (10) 0.056 (7) 0.092 (3) 0.035 (1) 0.065 (1) 0.055 (1) 0.125 (7)
System Spearman 0.137 (9) 0.141 (11) 0.135 (7) 0.174 (11) 0.159 (11) 0.195 (11) 0.174 (9) 0.213 (11) 0.175 (8) 0.209 (11)
System Kendall 0.178 (12) 0.138 (10) 0.172 (12) 0.228 (12) 0.171 (12) 0.251 (12) 0.214 (12) 0.263 (12) 0.219 (12) 0.246 (12)
Input Pearson 0.053 (1) 0.064 (3) 0.059 (2) 0.082 (2) 0.077 (9) 0.106 (6) 0.085 (5) 0.144 (7) 0.093 (3) 0.127 (8)
Input Spearman 0.074 (4) 0.086 (6) 0.096 (5) 0.103 (6) 0.085 (10) 0.117 (7) 0.097 (6) 0.121 (5) 0.117 (7) 0.096 (2)
Input Kendall 0.074 (6) 0.070 (4) 0.099 (6) 0.107 (8) 0.061 (8) 0.105 (5) 0.101 (7) 0.122 (6) 0.116 (6) 0.107 (4)
Global Pearson 0.064 (2) 0.054 (1) 0.058 (1) 0.079 (1) 0.035 (3) 0.089 (2) 0.070 (3) 0.121 (4) 0.085 (2) 0.084 (1)
Global Spearman 0.071 (3) 0.114 (8) 0.090 (3) 0.100 (5) 0.023 (1) 0.095 (4) 0.067 (2) 0.095 (2) 0.100 (5) 0.100 (3)
Global Kendall 0.085 (7) 0.084 (5) 0.096 (4) 0.097 (4) 0.053 (6) 0.084 (1) 0.079 (4) 0.115 (3) 0.093 (4) 0.117 (5)
Item Pearson 0.135 (8) 0.102 (7) 0.146 (9) 0.094 (3) 0.038 (4) 0.138 (8) 0.162 (8) 0.175 (8) 0.175 (9) 0.122 (6)
Item Spearman 0.147 (10) 0.134 (9) 0.149 (11) 0.106 (7) 0.027 (2) 0.141 (9) 0.180 (10) 0.177 (9) 0.179 (11) 0.132 (9)
Item Kendall 0.151 (11) 0.147 (12) 0.145 (8) 0.108 (9) 0.041 (5) 0.147 (10) 0.206 (11) 0.190 (10) 0.179 (10) 0.148 (10)
Level Function D11 D12 D13 D14 D15 D16 D17 D18 D19 D20
System Pearson 0.062 (1) 0.214 (10) 0.170 (7) 0.171 (5) 0.162 (10) 0.147 (4) 0.244 (10) 0.451 (10) 0.209 (1) 0.101 (4)
System Spearman 0.188 (8) 0.433 (11) 0.424 (11) 0.374 (11) 0.355 (11) 0.359 (11) 0.375 (11) 0.544 (11) 0.349 (3) 0.579 (11)
System Kendall 0.225 (12) 0.444 (12) 0.505 (12) 0.386 (12) 0.358 (12) 0.374 (12) 0.396 (12) 0.623 (12) 0.361 (4) 0.651 (12)
Input Pearson 0.135 (5) 0.102 (4) 0.135 (4) 0.167 (4) 0.119 (3) 0.170 (5) 0.116 (3) 0.351 (7) 0.336 (2) 0.092 (2)
Input Spearman 0.123 (4) 0.114 (6) 0.141 (5) 0.182 (6) 0.145 (7) 0.186 (6) 0.158 (7) 0.392 (9) 0.414 (5) 0.138 (6)
Input Kendall 0.151 (7) 0.106 (5) 0.145 (6) 0.189 (7) 0.157 (8) 0.194 (9) 0.164 (8) 0.373 (8) 0.414 (6) 0.143 (7)
Global Pearson 0.136 (6) 0.072 (1) 0.107 (1) 0.093 (1) 0.127 (5) 0.108 (1) 0.088 (1) 0.165 (1) 0.540 (9) 0.080 (1)
Global Spearman 0.105 (2) 0.072 (2) 0.116 (3) 0.134 (3) 0.094 (1) 0.121 (3) 0.092 (2) 0.219 (3) 0.487 (8) 0.101 (3)
Global Kendall 0.107 (3) 0.095 (3) 0.110 (2) 0.129 (2) 0.110 (2) 0.119 (2) 0.128 (4) 0.193 (2) 0.483 (7) 0.104 (5)
Item Pearson 0.201 (9) 0.148 (7) 0.192 (9) 0.215 (8) 0.127 (4) 0.192 (8) 0.148 (5) 0.232 (4) 0.569 (10) 0.192 (8)
Item Spearman 0.214 (10) 0.152 (8) 0.186 (8) 0.224 (9) 0.140 (6) 0.192 (7) 0.152 (6) 0.265 (6) 0.603 (12) 0.227 (9)
Item Kendall 0.219 (11) 0.182 (9) 0.196 (10) 0.234 (10) 0.157 (9) 0.210 (10) 0.180 (9) 0.262 (5) 0.601 (11) 0.232 (10)
Level Function D21 D22 D23 D24 D25 D26 D27 D28 D29 D30
System Pearson 0.157 (7) 0.140 (6) 0.134 (6) 0.149 (7) 0.159 (1) 0.092 (3) 0.076 (2) 0.155 (10) 0.109 (3) 0.127 (10)
System Spearman 0.563 (11) 0.616 (11) 0.642 (11) 0.573 (11) 0.602 (11) 0.262 (11) 0.155 (10) 0.314 (11) 0.472 (11) 0.282 (11)
System Kendall 0.595 (12) 0.669 (12) 0.711 (12) 0.622 (12) 0.698 (12) 0.290 (12) 0.173 (12) 0.408 (12) 0.532 (12) 0.337 (12)
Input Pearson 0.117 (4) 0.110 (3) 0.106 (3) 0.107 (1) 0.263 (6) 0.110 (6) 0.115 (3) 0.080 (3) 0.123 (4) 0.092 (5)
Input Spearman 0.158 (8) 0.136 (4) 0.123 (5) 0.147 (6) 0.271 (7) 0.138 (10) 0.145 (9) 0.101 (8) 0.184 (10) 0.125 (9)
Input Kendall 0.167 (10) 0.140 (5) 0.135 (7) 0.145 (5) 0.259 (5) 0.128 (8) 0.129 (6) 0.084 (5) 0.174 (9) 0.106 (8)
Global Pearson 0.117 (3) 0.096 (1) 0.085 (1) 0.114 (2) 0.225 (3) 0.064 (1) 0.064 (1) 0.054 (1) 0.074 (1) 0.061 (2)
Global Spearman 0.106 (2) 0.104 (2) 0.104 (2) 0.117 (3) 0.233 (4) 0.088 (2) 0.120 (5) 0.068 (2) 0.135 (5) 0.058 (1)
Global Kendall 0.096 (1) 0.153 (7) 0.109 (4) 0.118 (4) 0.221 (2) 0.107 (4) 0.140 (8) 0.093 (7) 0.155 (6) 0.077 (3)
Item Pearson 0.129 (5) 0.168 (8) 0.178 (9) 0.193 (10) 0.332 (8) 0.127 (7) 0.118 (4) 0.083 (4) 0.108 (2) 0.095 (6)
Item Spearman 0.164 (9) 0.197 (9) 0.178 (8) 0.180 (8) 0.364 (9) 0.108 (5) 0.134 (7) 0.091 (6) 0.171 (7) 0.087 (4)
Item Kendall 0.157 (6) 0.247 (10) 0.182 (10) 0.191 (9) 0.367 (10) 0.135 (9) 0.163 (11) 0.110 (9) 0.174 (8) 0.104 (7)

Table 2: DP values of different correlation measures on all meta-evaluation datasets using permutation test, the
lower the better. Each column "DN" shows the result on a meta-evaluation dataset, and the mapping to the original
dataset is shown in Table 5 in the appendix. The results using William’s test are shown in Table 7 in the appendix.

or Ch increases, possibly stabilizing after reach-372

ing a certain point. Specific values are detailed in373

Figures 5 and 6 in the appendix.374

Takeaways 1) The values of system-level Spear-375

man’s ρ and Kendall’s τ are almost unaffected by376

scale size. 2) For input-level, global-level, and377

item-level Kendall’s τ , the effect of scale size is378

complex; as the scale size of human scores or met-379

ric outputs increases, their values first rise and then380

fall. 3) As the scale size of human scores or metric381

outputs increases, the values of other correlation382

measures increase.383

5 Empirical Evaluation384

Through the above simulation analysis, we better385

understand how the correlation between an auto-386

matic evaluation metric and human evaluation is387

affected by relevant factors. However, in practice,388

correlation measures are mainly used to compare389

the performance of different evaluation metrics,390

including two primary uses: comparing the per-391

formance of two automatic evaluation metrics and392

ranking the performance of a set of automatic eval-393

uation metrics. For the former, we assess the dis-394

criminative power of the correlation measure, i.e., 395

whether it can distinguish as many pairs of met- 396

rics as possible. For the latter, we evaluate the 397

consistency of the correlation measure in ranking 398

evaluation metrics, i.e., whether the ranking is sta- 399

ble. 400

5.1 Discriminative Power 401

In the fields of information retrieval (Sakai, 2013) 402

and recommendation systems (Anelli et al., 2019; 403

Ashkan and Metzler, 2019; Valcarce et al., 2020), 404

Discriminative Power is widely used to compare 405

evaluation measures. Inspired by this, we adapted 406

this method to evaluate correlation measures in 407

NLG meta-evaluation. 408

Specifically, for a given correlation measure, a 409

meta-evaluation dataset (including human scores 410

Z), and the scores of K automatic evaluation met- 411

rics on it {Xk}Kk=1, we obtain the two-sided p- 412

value for each pair of automatic evaluation met- 413

rics through hypothesis testing. The smaller the 414

p-value, the more confidently we can claim that 415

the two correlations differ. A highly discriminative 416

correlation measure will yield many very small p- 417
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Level Function D1 D2 D3 D4 D5 D6 D7 D8 D9 D10
System Pearson 0.789 (9) 0.726 (12) 0.884 (5) 0.707 (10) 0.911 (2) 0.918 (4) 0.918 (3) 0.954 (1) 0.950 (2) 0.912 (5)
System Spearman 0.758 (10) 0.801 (11) 0.780 (10) 0.686 (11) 0.679 (12) 0.627 (11) 0.707 (12) 0.584 (12) 0.707 (11) 0.643 (11)
System Kendall 0.729 (12) 0.810 (10) 0.784 (9) 0.666 (12) 0.702 (11) 0.588 (12) 0.708 (11) 0.585 (11) 0.685 (12) 0.631 (12)
Input Pearson 0.890 (3) 0.949 (1) 0.944 (2) 0.857 (6) 0.954 (1) 0.972 (1) 0.942 (2) 0.950 (2) 0.954 (1) 0.953 (1)
Input Spearman 0.853 (6) 0.893 (5) 0.787 (8) 0.856 (7) 0.790 (10) 0.879 (7) 0.805 (8) 0.892 (8) 0.808 (8) 0.909 (6)
Input Kendall 0.901 (1) 0.912 (4) 0.909 (4) 0.860 (4) 0.905 (3) 0.870 (9) 0.866 (6) 0.936 (5) 0.851 (7) 0.943 (3)
Global Pearson 0.852 (7) 0.940 (3) 0.952 (1) 0.868 (2) 0.877 (6) 0.970 (2) 0.958 (1) 0.942 (3) 0.936 (3) 0.943 (2)
Global Spearman 0.857 (4) 0.835 (8) 0.754 (11) 0.853 (8) 0.835 (9) 0.874 (8) 0.795 (9) 0.885 (9) 0.803 (10) 0.896 (7)
Global Kendall 0.891 (2) 0.872 (7) 0.803 (7) 0.864 (3) 0.841 (8) 0.915 (5) 0.872 (5) 0.938 (4) 0.863 (6) 0.937 (4)
Item Pearson 0.834 (8) 0.941 (2) 0.937 (3) 0.896 (1) 0.898 (4) 0.886 (6) 0.861 (7) 0.912 (6) 0.905 (4) 0.842 (10)
Item Spearman 0.755 (11) 0.814 (9) 0.706 (12) 0.792 (9) 0.851 (7) 0.856 (10) 0.776 (10) 0.881 (10) 0.805 (9) 0.891 (9)
Item Kendall 0.854 (5) 0.889 (6) 0.861 (6) 0.858 (5) 0.880 (5) 0.920 (3) 0.895 (4) 0.894 (7) 0.899 (5) 0.893 (8)
Level Function D11 D12 D13 D14 D15 D16 D17 D18 D19 D20
System Pearson 0.936 (3) 0.898 (2) 0.891 (5) 0.897 (5) 0.644 (12) 0.888 (3) 0.767 (11) 0.859 (7) 0.884 (1) 0.845 (4)
System Spearman 0.615 (11) 0.845 (7) 0.595 (12) 0.939 (1) 0.698 (11) 0.676 (12) 0.805 (8) 0.517 (11) 0.692 (5) 0.322 (12)
System Kendall 0.605 (12) 0.846 (6) 0.647 (11) 0.938 (2) 0.700 (10) 0.719 (11) 0.805 (7) 0.488 (12) 0.702 (4) 0.354 (11)
Input Pearson 0.941 (1) 0.892 (3) 0.919 (2) 0.899 (4) 0.917 (1) 0.915 (1) 0.829 (5) 0.926 (2) 0.585 (7) 0.796 (5)
Input Spearman 0.915 (7) 0.771 (11) 0.871 (9) 0.656 (12) 0.769 (9) 0.784 (9) 0.788 (10) 0.640 (10) 0.533 (9) 0.712 (10)
Input Kendall 0.918 (6) 0.850 (5) 0.904 (3) 0.777 (8) 0.850 (3) 0.822 (8) 0.789 (9) 0.867 (6) 0.529 (11) 0.776 (6)
Global Pearson 0.926 (4) 0.802 (9) 0.875 (6) 0.907 (3) 0.839 (4) 0.894 (2) 0.916 (1) 0.948 (1) 0.787 (3) 0.860 (1)
Global Spearman 0.923 (5) 0.733 (12) 0.875 (8) 0.697 (10) 0.790 (6) 0.846 (7) 0.866 (4) 0.738 (9) 0.533 (10) 0.746 (8)
Global Kendall 0.941 (2) 0.820 (8) 0.920 (1) 0.752 (9) 0.829 (5) 0.868 (5) 0.895 (2) 0.900 (4) 0.622 (6) 0.762 (7)
Item Pearson 0.912 (8) 0.790 (10) 0.875 (7) 0.890 (6) 0.770 (8) 0.846 (6) 0.875 (3) 0.924 (3) 0.789 (2) 0.859 (2)
Item Spearman 0.891 (9) 0.863 (4) 0.829 (10) 0.663 (11) 0.790 (7) 0.751 (10) 0.758 (12) 0.771 (8) 0.362 (12) 0.729 (9)
Item Kendall 0.887 (10) 0.913 (1) 0.903 (4) 0.846 (7) 0.869 (2) 0.871 (4) 0.828 (6) 0.887 (5) 0.541 (8) 0.857 (3)
Level Function D21 D22 D23 D24 D25 D26 D27 D28 D29 D30
System Pearson 0.853 (4) 0.838 (5) 0.720 (10) 0.790 (10) 0.766 (1) 0.927 (1) 0.831 (8) 0.877 (6) 0.857 (7) 0.912 (4)
System Spearman 0.339 (11) 0.344 (12) 0.274 (12) 0.282 (12) 0.338 (12) 0.451 (12) 0.748 (11) 0.521 (12) 0.233 (12) 0.527 (12)
System Kendall 0.331 (12) 0.365 (11) 0.298 (11) 0.298 (11) 0.344 (11) 0.520 (11) 0.774 (10) 0.547 (11) 0.255 (11) 0.556 (11)
Input Pearson 0.903 (1) 0.885 (3) 0.869 (3) 0.917 (1) 0.599 (8) 0.910 (3) 0.920 (1) 0.882 (5) 0.909 (1) 0.933 (1)
Input Spearman 0.775 (9) 0.648 (9) 0.760 (7) 0.792 (9) 0.546 (9) 0.818 (7) 0.851 (7) 0.783 (9) 0.838 (8) 0.736 (9)
Input Kendall 0.881 (2) 0.790 (6) 0.801 (5) 0.837 (5) 0.646 (6) 0.808 (8) 0.856 (6) 0.889 (4) 0.877 (5) 0.859 (6)
Global Pearson 0.881 (3) 0.905 (2) 0.889 (2) 0.902 (2) 0.751 (2) 0.907 (4) 0.919 (2) 0.890 (3) 0.897 (3) 0.931 (2)
Global Spearman 0.782 (8) 0.636 (10) 0.756 (8) 0.832 (6) 0.621 (7) 0.678 (10) 0.703 (12) 0.681 (10) 0.707 (10) 0.691 (10)
Global Kendall 0.819 (7) 0.695 (7) 0.761 (6) 0.865 (4) 0.727 (3) 0.880 (6) 0.886 (5) 0.833 (7) 0.877 (6) 0.769 (8)
Item Pearson 0.835 (6) 0.907 (1) 0.890 (1) 0.867 (3) 0.705 (4) 0.922 (2) 0.913 (3) 0.902 (1) 0.902 (2) 0.923 (3)
Item Spearman 0.763 (10) 0.688 (8) 0.721 (9) 0.810 (8) 0.506 (10) 0.757 (9) 0.806 (9) 0.795 (8) 0.814 (9) 0.815 (7)
Item Kendall 0.838 (5) 0.869 (4) 0.833 (4) 0.830 (7) 0.646 (5) 0.905 (5) 0.901 (4) 0.898 (2) 0.882 (4) 0.880 (5)

Table 3: RC values of different correlation measures on all meta-evaluation datasets. Each column "DN" shows the
result on a meta-evaluation dataset, and the mapping to the original dataset is shown in Table 5 in the appendix.

values. After obtaining the p-values for each pair418

of evaluation metrics, we sort them in descending419

order. With the number of evaluation metric pairs420

on the x-axis and the p-values on the y-axis, we can421

plot the p-value curves of different correlation mea-422

sures on a meta-evaluation dataset. The closer the423

curve is to the coordinate axis, the stronger the Dis-424

criminative Power of the corresponding correlation425

measure. For convenience of comparison, similar426

to Valcarce et al. (2020), we define the DP value427

as the average of all p-values, ranging from 0 to 1,428

with smaller values indicating stronger discrimina-429

tive power. This value numerically equals the area430

enclosed by the p-value curve and the coordinate431

axis, normalized by the number of evaluation met-432

ric pairs. Algorithm 2 shows the pseudocode for433

calculating the DP value.434

Regarding the hypothesis testing methods used435

here, we refer to previous work and employ436

William’s test (Williams, 1959) and permutation437

test 6 (Noreen, 1989). The former has been pro-438

posed for comparing machine translation evalua-439

tion metrics (Graham and Baldwin, 2014), and the440

6We use the Perm-Both algorithm proposed by Deutsch
et al. (2021), with a sample size of 1000.

Algorithm 2 Discriminative Pover
Input: X1, . . . , XK , Z ∈ RN×M , correlation measure c.
Output: DP value

v ← 0
n← K × (K − 1)/2
for i ∈ {1, . . . ,K − 1} do

for j ∈ {i, . . . ,K} do
pij ← HYPOTEST(Xi, Xj , Z, c)
v ← v + pij

end for
end for
return v/n

latter is a non-parametric test method that Deutsch 441

et al. (2021) has shown to have a higher power in 442

summarization meta-evaluation. 443

Table 2 shows the DP values of correlation mea- 444

sures across all meta-evaluation datasets and The 445

p-values curves are shown in Figure 7-36 in the 446

appendix. 447

Takeaways Despite variations in results across 448

different datasets, the discriminative power of dif- 449

ferent correlation measures can be summarized as 450

follows: 451

• Level: Global > Input > Item > System 452
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• Function: Pearson’s r > Spearman’s ρ >453

Kendall’s τ454

5.2 Ranking Consistency455

Inspired by Sakai (2021)’s evaluation of ordinal456

classification tasks, for a given correlation measure,457

we randomly split the human scores and evaluation458

metric outputs in half, derive the rankings of the459

evaluation metrics on the two halves, and calculate460

the similarity of the two rankings using τb as a461

measure of ranking consistency. We define the462

RC value as the mean obtained from repeating this463

process T = 1000 times. Algorithm 3 presents464

the pseudocode for the calculation. Table 3 shows465

the RC values of correlation measures across all466

meta-evaluation datasets.467

Takeaways Despite variations in results across468

different datasets, the ranking consistency of dif-469

ferent correlation measures can be summarized as470

follows:471

• Level: Input ≈ Global > Item > System472

• Function: Pearson’s r > Kendall’s τ > Spear-473

man’s ρ474

Algorithm 3 Ranking Consistency
Input: X1, . . . , XK , Z ∈ RN×M , T ∈ N , correlation mea-
sure c.
Output: RC value

v ← 0
for T iterations do

M1 ← ⌊M/2⌋
M2 ←M − ⌊M/2⌋
D1 ← sample {1, . . . ,M} w/o repl. M1 times
D2 ← {1, . . . ,M} \D1

R1, R2 ← empty K-dimensional arrays
for k ∈ {1, . . . ,K} do

Xs
1 , Z

s
1 ← empty N ×M1 matrices

Xs
2 , Z

s
2 ← empty N ×M2 matrices

for i ∈ {1, . . . , N} do
for j ∈ {1, . . . ,M1} do

Xs
1 [i, j]← Xk[i,D1[j]]

Zs
1 [i, j]← Z[i,D1[j]]

end for
for j ∈ {1, . . . ,M2} do

Xs
2 [i, j]← Xk[i,D2[j]]

Zs
2 [i, j]← Z[i,D2[j]]

end for
end for
R1[k]← c(Xs

1 , Z
s
1)

R2[k]← c(Xs
2 , Z

s
2)

end for
τs ← τb(R1, R2)
v ← v + τs

end for
return v/T

6 Related Work 475

In the field of NLP, there is limited research analyz- 476

ing correlation measures in NLG meta-evaluation. 477

Mathur et al. (2020) found that the introduction 478

of an outlier system can distort the system-level 479

Pearson correlation between machine translation 480

evaluation metrics and human evaluation and quan- 481

tify the impact. Recently, Deutsch et al. (2023) 482

pointed out that the segment-level Kendall correla- 483

tion coefficient, widely used in machine translation 484

evaluation, does not handle ties in human scores 485

and metric outputs as expected and thus needs to 486

be calibrated. In the study of automatic evaluation 487

metrics, some works have commented on correla- 488

tion measures based on experimental results when 489

presenting the performance of different evaluation 490

metrics. Owczarzak et al. (2012) found that, in the 491

domain of summarization evaluation, system-level 492

correlation is more robust to inconsistent human 493

annotations. Freitag et al. (2022) discovered that 494

system-level correlation is hard to distinguish be- 495

tween different machine translation evaluation met- 496

rics. Liu et al. (2023); Xu et al. (2023) explained 497

some experimental results as the inappropriate han- 498

dling of ties by the Kendall correlation coefficient 499

when comparing the performance of different met- 500

rics. In contrast, we focus on the properties and 501

capabilities of typical correlation measures from a 502

generic NLG evaluation perspective, not limited to 503

specific tasks and evaluation metrics. 504

7 Conclusion 505

We analyzed and evaluated the characteristics and 506

capabilities of 12 typical correlation measures in 507

NLG meta-evaluation through statistical simula- 508

tions and empirical experiments. Based on our 509

experiments, we emphasize the following points: 510

1) In most current NLG evaluation datasets, 511

system-level correlation measures have the lowest 512

discriminative power and ranking consistency for 513

evaluation metrics. However, system-level Spear- 514

man’s ρ and Kendall’s τ have the advantage of 515

being unaffected by scale size. 516

2) The most widely used input-level and global- 517

level correlation measures currently exhibit good 518

discriminative power and ranking consistency, but 519

both are influenced by scale size. We call for fur- 520

ther research to address this issue. 521
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Limitations522

Although our empirical experiments covered many523

datasets, it is impossible to encompass all tasks524

and evaluation aspects. Therefore, the conclusions525

we obtained regarding the discriminative power526

and ranking consistency of various correlation mea-527

sures may not be applicable to other tasks and sce-528

narios. Additionally, our work requires substantial529

funding and computational resources: using GPT-530

3.5 and GPT-4 to annotate large amounts of data531

incurred significant costs; conducting large-scale532

statistical simulations and empirical evaluations533

required high-performance computing resources,534

which may hinder others from replicating our work.535
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A Details of Selected Evaluation Metrics775

A.1 Non-LLM evaluation metrics776

For CHRF and BLEU, we use the implementation777

of TorchMetrics 7. For ROUGE, BERTSCORE,778

and BLEURT, we use the evaluation package779

of Huggingface with the default parameters. For780

MoverScore 8, BARTScore 9, and COMET 10, we781

use the code from the original GitHub repositories782

and the default models. We check the licenses of783

all open source programs to ensure that our use is784

compliant.785

A.2 Evaluation Prompts for LLMs786

We used the same prompts to instruct GPT-3.5,787

GPT-4, and GPT-4o for NLG evaluation. To save788

space, we present a template of our prompt in Table789

4. We filled the aspect part of the prompt with defi-790

nitions from original datasets. When the original791

dataset lacked these definitions, we composed them792

based on our understanding.793

7https://lightning.ai/docs/torchmetrics/
stable/

8https://github.com/AIPHES/emnlp19-moverscore
9https://github.com/neulab/BARTScore

10https://github.com/Unbabel/COMET

B Other Figures and Tables 794
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Prompts and Instructions

###Instruction###
Please act as an impartial and helpful evaluator for natural language generation (NLG), and the audience is an
expert in the field.
Your task is to evaluate the quality of {task} strictly based on the given evaluation criterion.
Begin the evaluation by providing your analysis concisely and accurately, and then on the next line, start with
"Rating:" followed by your rating on a Likert scale from {scale} (higher means better).
You MUST keep to the strict boundaries of the evaluation criterion and focus solely on the issues and errors
involved; otherwise, you will be penalized.
Make sure you read and understand these instructions, as well as the following evaluation criterion and example
content, carefully.

###Evaluation Criterion###
{aspect}

###Example###
{source_des}:
{source}

{target_des}:
{target}

###Your Evaluation###

Table 4: Prompts and instructions used for LLMs to evaluate and annotate NLG tasks.

Dataset Subset Aspect No. µ̂h σ̂h #Unique Values (Human) Tie Ratio (Human)
SummEval CNN/DM Coherence D1 0.60 0.15 13 0.10
SummEval CNN/DM Consistency D2 0.92 0.14 12 0.67
SummEval CNN/DM Fluency D3 0.92 0.09 13 0.53
SummEval CNN/DM Relevance D4 0.69 0.09 13 0.13
WMT23 GeneralMT2023_NEWS Overall Quality D5 0.84 0.05 239 0.11
HANNA WP Coherence D6 0.54 0.13 13 0.13
HANNA WP Complexity D7 0.36 0.14 13 0.12
HANNA WP Empathy D8 0.32 0.09 12 0.13
HANNA WP Engagement D9 0.42 0.13 13 0.12
HANNA WP Relevance D10 0.41 0.14 13 0.10
HANNA WP Surprise D11 0.28 0.10 12 0.15
MANS ROC Overall D12 0.38 0.15 21 0.06
MANS WP Overall D13 0.45 0.08 21 0.08
USR Persona-Chat Engaging D14 0.38 0.07 7 0.24
USR Persona-Chat Maintains Context D15 0.37 0.09 7 0.31
USR Persona-Chat Natural D16 0.44 0.04 7 0.48
USR Persona-Chat Overall D17 0.69 0.19 12 0.11
USR Persona-Chat Understandable D18 -0.01 0.01 4 0.84
USR Persona-Chat Uses Knowledge D19 -0.14 0.09 4 0.38
USR Topical-Chat Engaging D20 0.28 0.13 7 0.15
USR Topical-Chat Maintains Context D21 0.31 0.12 7 0.17
USR Topical-Chat Natural D22 0.32 0.11 7 0.17
USR Topical-Chat Overall D23 0.54 0.27 13 0.08
USR Topical-Chat Understandable D24 -0.08 0.06 4 0.33
USR Topical-Chat Uses Knowledge D25 -0.11 0.06 4 0.33
WebNLG2020 WebNLG2020 Correctness D26 0.88 0.07 268 0.03
WebNLG2020 WebNLG2020 Datacoverage D27 0.9 0.06 246 0.04
WebNLG2020 WebNLG2020 Fluency D28 0.83 0.06 282 0.01
WebNLG2020 WebNLG2020 Relevance D29 0.91 0.05 226 0.05
WebNLG2020 WebNLG2020 Textstructure D30 0.87 0.05 247 0.02

Table 5: Divided meta-evaluation dataset information and estimated parameters.
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Metric Name µ̂m σ̂m ρ̂sys µ̂ρitem σ̂ρitem rÑ rN×M #Unique Values Tie Ratio
GPT3.5_T=0_0_100 0.44 0.08 0.88 0.22 0.13 0.41 0.38 18 0.35
GPT3.5_T=0_1_10 0.33 0.08 0.83 0.20 0.13 0.41 0.35 8 0.46
GPT3.5_T=0_1_5 0.32 0.10 0.86 0.21 0.12 0.40 0.35 5 0.49
GPT3.5_T=1_0_100 0.45 0.08 0.89 0.27 0.14 0.48 0.44 175 0.03
GPT3.5_T=1_1_10 0.33 0.08 0.88 0.26 0.13 0.46 0.41 87 0.10
GPT3.5_T=1_1_5 0.32 0.09 0.88 0.25 0.13 0.46 0.41 46 0.14
GPT4_T=0_0_100 0.51 0.15 0.92 0.35 0.14 0.56 0.55 19 0.22
GPT4_T=0_1_10 0.45 0.15 0.92 0.34 0.13 0.55 0.53 9 0.28
GPT4_T=0_1_5 0.44 0.18 0.92 0.31 0.14 0.55 0.51 5 0.45
GPT4_T=1_0_100 0.51 0.14 0.93 0.39 0.14 0.59 0.58 279 0.02
GPT4_T=1_1_10 0.45 0.15 0.93 0.38 0.13 0.59 0.56 87 0.06
GPT4_T=1_1_5 0.43 0.17 0.92 0.36 0.14 0.58 0.55 44 0.18
GPT4o_T=0_0_100 0.48 0.14 0.92 0.37 0.13 0.57 0.55 20 0.21
GPT4o_T=0_1_10 0.42 0.15 0.91 0.35 0.12 0.55 0.53 9 0.27
GPT4o_T=0_1_5 0.40 0.17 0.91 0.32 0.13 0.54 0.50 5 0.43
GPT4o_T=1_0_100 0.48 0.14 0.92 0.39 0.13 0.59 0.58 272 0.02
GPT4o_T=1_1_10 0.42 0.14 0.92 0.38 0.13 0.59 0.56 81 0.05
GPT4o_T=1_1_5 0.40 0.16 0.91 0.35 0.13 0.57 0.54 46 0.16
BERTScore-f 0.87 0.04 0.60 -0.02 0.10 0.26 0.22 1136 0.01
BERTScore-p 0.87 0.04 0.53 -0.02 0.10 0.23 0.20 1136 0.01
BERTScore-r 0.88 0.04 0.67 -0.01 0.11 0.29 0.24 1136 0.01
BLEU 0.15 0.24 0.52 -0.01 0.09 0.24 0.21 412 0.53
CHRF 0.37 0.20 0.58 0.00 0.10 0.27 0.24 1130 0.02
COMET 0.60 0.12 0.73 -0.01 0.11 0.32 0.27 1190 0.00
MoverScore 0.61 0.11 0.54 -0.02 0.11 0.24 0.22 1180 0.00
ROUGE-1 0.41 0.20 0.53 -0.02 0.11 0.25 0.22 619 0.02
ROUGE-2 0.23 0.23 0.54 -0.01 0.10 0.25 0.22 569 0.15
ROUGE-L 0.33 0.21 0.53 -0.03 0.10 0.23 0.20 623 0.02

Table 6: Metrics information and estimated parameters averaged across meta-evaluation datasets. We do not use the
output of BLEURT and BARTScore-(s-h, r-h, h-r) to estimate the parameters because their scores do not have clear
ranges.
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Figure 3: Simulation results of controlling ρsys and µρitem
separately.
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Figure 4: Simulation results of discretization when Cm = Ch.
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Figure 5: Simulation results of discretization when Cm ≥ Ch and N = 15,M = 200. The horizontal axis is the
value of Cm and the vertical axis is the value of Ch.
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Figure 6: Simulation results of discretization when Cm ≥ Ch and N = 5,M = 100. The horizontal axis is the
value of Cm and the vertical axis is the value of Ch.
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Level Function D1 D2 D3 D4 D5 D6 D7 D8 D9 D10
System Pearson 0.206 (4) 0.141 (4) 0.265 (5) 0.293 (6) 0.098 (4) 0.252 (4) 0.126 (4) 0.248 (4) 0.193 (4) 0.254 (4)
System Spearman 0.219 (5) 0.181 (5) 0.194 (4) 0.257 (4) 0.164 (7) 0.314 (5) 0.226 (5) 0.365 (5) 0.288 (5) 0.337 (7)
System Kendall 0.366 (8) 0.319 (6) 0.352 (8) 0.417 (9) 0.261 (9) 0.486 (8) 0.355 (6) 0.516 (8) 0.415 (6) 0.510 (9)
Input Pearson 0.513 (10) 0.437 (9) 0.480 (10) 0.542 (10) 0.557 (10) 0.657 (10) 0.655 (11) 0.774 (11) 0.644 (10) 0.634 (10)
Input Spearman 0.520 (11) 0.532 (11) 0.559 (11) 0.588 (11) 0.697 (11) 0.692 (11) 0.649 (10) 0.757 (10) 0.695 (11) 0.634 (11)
Input Kendall 0.613 (12) 0.584 (12) 0.624 (12) 0.669 (12) 0.744 (12) 0.740 (12) 0.717 (12) 0.807 (12) 0.751 (12) 0.692 (12)
Global Pearson 0.064 (1) 0.073 (1) 0.065 (1) 0.083 (1) 0.031 (2) 0.087 (2) 0.068 (2) 0.112 (2) 0.083 (1) 0.082 (1)
Global Spearman 0.071 (2) 0.127 (2) 0.087 (2) 0.096 (2) 0.020 (1) 0.085 (1) 0.060 (1) 0.089 (1) 0.093 (2) 0.090 (2)
Global Kendall 0.134 (3) 0.133 (3) 0.132 (3) 0.151 (3) 0.077 (3) 0.109 (3) 0.108 (3) 0.157 (3) 0.126 (3) 0.145 (3)
Item Pearson 0.290 (6) 0.355 (7) 0.331 (6) 0.285 (5) 0.132 (6) 0.392 (6) 0.410 (7) 0.413 (6) 0.417 (7) 0.303 (5)
Item Spearman 0.313 (7) 0.419 (8) 0.344 (7) 0.303 (7) 0.105 (5) 0.407 (7) 0.416 (8) 0.424 (7) 0.435 (8) 0.319 (6)
Item Kendall 0.397 (9) 0.496 (10) 0.411 (9) 0.392 (8) 0.203 (8) 0.489 (9) 0.515 (9) 0.522 (9) 0.522 (9) 0.389 (8)
Level Function D11 D12 D13 D14 D15 D16 D17 D18 D19 D20
System Pearson 0.201 (4) 0.390 (7) 0.449 (4) 0.263 (4) 0.352 (7) 0.394 (5) 0.356 (7) 0.699 (7) 0.300 (1) 0.234 (4)
System Spearman 0.275 (5) 0.605 (8) 0.640 (8) 0.435 (7) 0.353 (8) 0.503 (8) 0.342 (6) 0.759 (8) 0.340 (2) 0.535 (8)
System Kendall 0.425 (6) 0.674 (9) 0.740 (9) 0.474 (8) 0.417 (9) 0.627 (9) 0.396 (8) 0.878 (9) 0.403 (3) 0.715 (11)
Input Pearson 0.749 (11) 0.765 (10) 0.857 (10) 0.731 (10) 0.754 (11) 0.792 (10) 0.776 (10) 0.882 (10) 0.909 (10) 0.610 (9)
Input Spearman 0.747 (10) 0.785 (11) 0.862 (11) 0.733 (11) 0.743 (10) 0.801 (11) 0.794 (11) 0.882 (11) 0.922 (11) 0.665 (10)
Input Kendall 0.796 (12) 0.816 (12) 0.885 (12) 0.772 (12) 0.781 (12) 0.832 (12) 0.832 (12) 0.895 (12) 0.934 (12) 0.721 (12)
Global Pearson 0.126 (2) 0.076 (2) 0.150 (2) 0.120 (1) 0.153 (2) 0.138 (2) 0.087 (2) 0.228 (2) 0.534 (5) 0.079 (1)
Global Spearman 0.100 (1) 0.073 (1) 0.149 (1) 0.134 (2) 0.082 (1) 0.108 (1) 0.080 (1) 0.217 (1) 0.467 (4) 0.093 (2)
Global Kendall 0.149 (3) 0.128 (3) 0.189 (3) 0.208 (3) 0.155 (3) 0.177 (3) 0.184 (3) 0.273 (3) 0.563 (6) 0.168 (3)
Item Pearson 0.532 (8) 0.258 (4) 0.518 (6) 0.412 (5) 0.278 (5) 0.402 (6) 0.317 (4) 0.539 (5) 0.848 (7) 0.316 (5)
Item Spearman 0.528 (7) 0.264 (5) 0.500 (5) 0.418 (6) 0.266 (4) 0.358 (4) 0.333 (5) 0.531 (4) 0.866 (8) 0.345 (6)
Item Kendall 0.614 (9) 0.346 (6) 0.596 (7) 0.513 (9) 0.345 (6) 0.460 (7) 0.463 (9) 0.603 (6) 0.903 (9) 0.420 (7)
Level Function D21 D22 D23 D24 D25 D26 D27 D28 D29 D30
System Pearson 0.236 (4) 0.228 (4) 0.254 (4) 0.300 (4) 0.254 (3) 0.148 (3) 0.105 (3) 0.286 (6) 0.171 (3) 0.228 (4)
System Spearman 0.442 (8) 0.560 (8) 0.557 (8) 0.630 (8) 0.554 (5) 0.372 (8) 0.177 (5) 0.385 (8) 0.599 (9) 0.344 (8)
System Kendall 0.533 (9) 0.725 (12) 0.738 (12) 0.776 (12) 0.722 (7) 0.528 (10) 0.339 (8) 0.556 (10) 0.755 (12) 0.494 (9)
Input Pearson 0.707 (10) 0.673 (10) 0.634 (9) 0.701 (9) 0.850 (11) 0.496 (9) 0.480 (10) 0.511 (9) 0.555 (8) 0.529 (10)
Input Spearman 0.711 (11) 0.661 (9) 0.663 (10) 0.714 (10) 0.848 (10) 0.573 (11) 0.589 (11) 0.579 (11) 0.654 (10) 0.590 (11)
Input Kendall 0.765 (12) 0.723 (11) 0.729 (11) 0.763 (11) 0.872 (12) 0.652 (12) 0.661 (12) 0.662 (12) 0.714 (11) 0.674 (12)
Global Pearson 0.130 (2) 0.099 (2) 0.082 (1) 0.118 (2) 0.245 (2) 0.055 (1) 0.051 (1) 0.050 (1) 0.061 (1) 0.053 (2)
Global Spearman 0.091 (1) 0.094 (1) 0.092 (2) 0.103 (1) 0.223 (1) 0.071 (2) 0.095 (2) 0.060 (2) 0.113 (2) 0.050 (1)
Global Kendall 0.145 (3) 0.207 (3) 0.168 (3) 0.172 (3) 0.303 (4) 0.148 (4) 0.170 (4) 0.130 (3) 0.188 (4) 0.121 (3)
Item Pearson 0.289 (5) 0.322 (5) 0.286 (5) 0.351 (5) 0.706 (6) 0.251 (6) 0.254 (6) 0.222 (4) 0.282 (5) 0.230 (5)
Item Spearman 0.292 (6) 0.338 (6) 0.290 (6) 0.361 (6) 0.755 (8) 0.239 (5) 0.290 (7) 0.230 (5) 0.333 (6) 0.238 (6)
Item Kendall 0.362 (7) 0.446 (7) 0.383 (7) 0.474 (7) 0.818 (9) 0.316 (7) 0.357 (9) 0.317 (7) 0.395 (7) 0.324 (7)

Table 7: DP values of different correlation measures on all meta-evaluation datasets using William’s test, the lower
the better. Each column "DN" shows the result on a meta-evaluation dataset, and the mapping to the original dataset
is shown in Table 5 in the appendix.
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Figure 7: The p-value curves of correlation measures
on meta-evaluation D1.
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Figure 8: The p-value curves of correlation measures
on meta-evaluation D2.
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Figure 9: The p-value curves of correlation measures
on meta-evaluation D3.
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Figure 10: The p-value curves of correlation measures
on meta-evaluation D4.
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Figure 11: The p-value curves of correlation measures
on meta-evaluation D5.
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Figure 12: The p-value curves of correlation measures
on meta-evaluation D6.
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Figure 13: The p-value curves of correlation measures
on meta-evaluation D7.
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Figure 14: The p-value curves of correlation measures
on meta-evaluation D8.
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Figure 15: The p-value curves of correlation measures
on meta-evaluation D9.
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Figure 16: The p-value curves of correlation measures
on meta-evaluation D10.
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Figure 17: The p-value curves of correlation measures
on meta-evaluation D11.
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Figure 18: The p-value curves of correlation measures
on meta-evaluation D12.
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Figure 19: The p-value curves of correlation measures
on meta-evaluation D13.

0 100 200 300 400 500
Number of pairs of metrics

0.0

0.2

0.4

0.6

0.8

1.0

p-
va

lu
e

Discriminative Power on D14
system-pearson
system-spearman
system-kendall
input-pearson
input-spearman
input-kendall
global-pearson
global-spearman
global-kendall
item-pearson
item-spearman
item-kendall

Figure 20: The p-value curves of correlation measures
on meta-evaluation D14.
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Figure 21: The p-value curves of correlation measures
on meta-evaluation D15.
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Figure 22: The p-value curves of correlation measures
on meta-evaluation D16.
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Figure 23: The p-value curves of correlation measures
on meta-evaluation D17.
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Figure 24: The p-value curves of correlation measures
on meta-evaluation D18.
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Figure 25: The p-value curves of correlation measures
on meta-evaluation D19.
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Figure 26: The p-value curves of correlation measures
on meta-evaluation D20.
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Figure 27: The p-value curves of correlation measures
on meta-evaluation D21.
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Figure 28: The p-value curves of correlation measures
on meta-evaluation D22.

0 100 200 300 400 500
Number of pairs of metrics

0.0

0.2

0.4

0.6

0.8

1.0

p-
va

lu
e

Discriminative Power on D23
system-pearson
system-spearman
system-kendall
input-pearson
input-spearman
input-kendall
global-pearson
global-spearman
global-kendall
item-pearson
item-spearman
item-kendall

Figure 29: The p-value curves of correlation measures
on meta-evaluation D23.
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Figure 30: The p-value curves of correlation measures
on meta-evaluation D24.
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Figure 31: The p-value curves of correlation measures
on meta-evaluation D25.
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Figure 32: The p-value curves of correlation measures
on meta-evaluation D26.
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Figure 33: The p-value curves of correlation measures
on meta-evaluation D27.
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Figure 34: The p-value curves of correlation measures
on meta-evaluation D28.
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Figure 35: The p-value curves of correlation measures
on meta-evaluation D29.
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Figure 36: The p-value curves of correlation measures
on meta-evaluation D30.
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