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Abstract
We present PEAR (Pairwise Evaluation for Au-001
tomatic Relative scoring), a supervised QE met-002
ric family that reframes reference-free MT eval-003
uation as a graded pairwise comparison. Given004
a source segment and two candidate transla-005
tions, PEAR predicts the direction and magni-006
tude of their quality difference. PEAR learns007
from pairwise supervision constructed by differ-008
encing human segment-level judgments under009
an antisymmetry-consistent objective.010

On the WMT24 meta-evaluation benchmark,011
PEAR outperforms strictly matched single-012
candidate QE baselines trained with the same013
data and backbones, isolating the benefit of014
the proposed pairwise formulation. Despite015
using substantially fewer parameters than re-016
cent large WMT submissions, PEAR surpasses017
far larger QE models and strong reference-018
based metrics. Inter-metric analyses further019
indicate that PEAR yields a less redundant eval-020
uation signal relative to other top metrics. Fi-021
nally, we show that PEAR is a strong utility022
for Minimum Bayes Risk decoding, and that an023
antisymmetry-based shortcut reduces pairwise024
scoring cost with negligible impact.025

1 Introduction026

Automatic metrics are a primary tool for compar-027

ing modern Machine Translation (MT) systems.028

Shared-task evaluations and much of the research029

literature rely heavily on metric scores (Marie et al.,030

2021; Kocmi et al., 2021, 2024c). Human evalu-031

ation remains the highest-quality signal but is ex-032

pensive and difficult to scale across the growing033

number of systems, domains, and language pairs of034

interest (Zouhar et al., 2025a). As MT quality im-035

proves, differences between strong systems become036

subtle, making both human and automatic discrimi-037

nation harder (Proietti et al., 2025a,b; Zouhar et al.,038

2025b).039

Despite their diversity, most MT evaluation met-040

rics, including Quality Estimation (QE) metrics041
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Figure 1: Segment- and system-level PEAR evaluation.
For each source segment si, PEAR compares the sys-
tem outputs (mtAi ,mtBi ) and predicts a relative score
∆i. The sign indicates which translation is preferred
(∆i > 0: mtAi ; ∆i < 0: mtBi ), and values equal to
zero correspond to ties; the magnitude |∆i| reflects the
strength of the preference as a translation of si. The
system-level PEAR score is then the arithmetic average
of the segment-level PEAR scores.

that do not require references, share a structural 042

property: they evaluate one candidate translation 043

at a time and output an absolute scalar score (Rei 044

et al., 2020, 2022; Guerreiro et al., 2024; Juraska 045

et al., 2024). Typically, a metric conditions on the 046

source segment, an optional reference translation, 047

and a single candidate translation, and returns a 048

scalar score. We posit that this single-candidate per- 049

spective is mismatched to several aspects of mod- 050

ern MT evaluation, especially in the high-quality 051

settings where differences are subtle. In addition, 052

one of the dominant downstream use cases is com- 053

parative, including model selection and candidate 054

translations ranking (Kocmi et al., 2021, 2024c,a; 055

Perrella et al., 2024). Motivated by evidence that 056

comparative human judgments can be more consis- 057

tent than absolute ratings in MT and related settings 058

(Karpinska et al., 2021; Song et al., 2025), we ask 059

whether supervised QE should treat pairwise com- 060

parison as the primary prediction task. 061

We present PEAR (Pairwise Evaluation for Au- 062
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tomatic Relative scoring), a supervised QE metric063

family that reframes reference-free MT evaluation064

as graded pairwise comparison. Given a source065

segment and two candidate translations, PEAR pre-066

dicts the direction and magnitude of their quality067

difference. PEAR learns from pairwise supervision068

constructed by differencing human segment-level069

judgments under an antisymmetry-consistent ob-070

jective, finally producing a relative score in output.071

In summary, our contributions are:072

• We introduce PEAR, a novel supervised073

QE formulation for MT evaluation based074

on graded pairwise relative scoring with075

antisymmetry-consistent training.076

• We provide controlled comparisons showing077

that the proposed pairwise formulation im-078

proves over matched single-candidate QE un-079

der the same training setup, and we show that080

PEAR surpasses far larger QE submissions081

at WMT, while also outperforming strong082

reference-based metrics.083

• We further show that PEAR can be applied084

without requiring N2 system-to-system com-085

parisons, and without relying on human ref-086

erence translations, via a reference-anchored087

inference mode that remains effective when088

the anchor is an MT output.089

• We analyze how PEAR relates to other metrics090

via inter-metric correlations, also demonstrat-091

ing its effectiveness and efficiency as an MBR092

utility.093

Figure 1 illustrates the PEAR execution flow at094

both the segment and system levels. We release095

PEAR, including trained checkpoints and a pip-096

installable package for easy use.1097

2 Background and Related Work098

Automatic MT evaluation metrics. Early MT099

metrics estimate quality via surface overlap against100

a reference translation, with BLEU (Papineni et al.,101

2002) and chrF (Popović, 2015) as widely used102

examples. Learned metrics based on pretrained103

representations improve agreement with human104

judgments by fine-tuning on human annotation105

signals, including reference-based models such106

1Code and trained checkpoints will be made publicly avail-
able upon publication.

as COMET and BLEURT (Rei et al., 2020; Sel- 107

lam et al., 2020a,b) and more recent large-scale 108

approaches such as XCOMET and MetricX (Guer- 109

reiro et al., 2024; Juraska et al., 2024). In parallel, 110

QE metrics remove the dependency on references 111

and score translations conditioned on the source 112

and candidate only, including CometKiwi and its 113

larger variants, as well as QE models of more recent 114

learned metrics (Rei et al., 2022, 2023; Guerreiro 115

et al., 2024; Juraska et al., 2024). LLM-based judg- 116

ing approaches, including GEMBA prompting for 117

MQM or ESA, can be strong but are often expen- 118

sive and may raise reproducibility concerns (Kocmi 119

and Federmann, 2023b,a). 120

Pairwise and preference-based formulations. 121

Pairwise evaluation has a long history in MT, in- 122

cluding ranking-based training with engineered 123

features and structured models (Ye et al., 2007; 124

Duh, 2008; Guzmán et al., 2014, 2015). Sev- 125

eral learned metrics leverage comparative super- 126

vision during training while still producing single- 127

candidate scores at inference time, such as COMET- 128

RANK (Rei et al., 2020) and reward-modeling ap- 129

proaches based on pairwise preferences (Tan and 130

Monz, 2025). In contrast, COMET-poly incorpo- 131

rates additional context beyond the single transla- 132

tion at inference time, grounding the evaluation of 133

a candidate in other candidates for the same source 134

(Züfle et al., 2025). Closer to our inference setup, 135

MT-RANKER formulates reference-free MT eval- 136

uation as binary classification: given a source and 137

two candidates, it predicts which translation is bet- 138

ter, so its output space does not represent ties or 139

the strength of the preference (Moosa et al., 2024). 140

PEAR differs by predicting graded relative differ- 141

ences without ruling out ties by design, and by 142

directly targeting antisymmetric relative scoring. 143

Comparative human judgments. Recent hu- 144

man evaluation protocols increasingly use com- 145

parative setups, including side-by-side MQM for 146

MT, motivated in part by improved consistency 147

and agreement when annotators compare two can- 148

didates directly (Song et al., 2025). These findings 149

align with broader observations that comparative 150

judgments can reduce subjectivity in open-ended 151

generation evaluation (Karpinska et al., 2021). 152

PEAR draws on this motivation but addresses the 153

automatic setting, treating comparative scoring as 154

the prediction target for supervised QE in MT. 155
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3 PEAR: Pairwise Evaluation for156

Automatic Relative scoring157

In this section, we introduce PEAR, our pairwise158

framework for supervised reference-less MT eval-159

uation. We begin by briefly recalling the standard160

regression-based formulation, where a metric as-161

signs an absolute quality score to a single candidate162

translation. We then describe PEAR, which instead163

predicts a graded quality difference between two164

candidate translations of the same source text, to-165

gether with the model architecture, training objec-166

tive, and inference procedure used throughout the167

paper.168

3.1 From Absolute to Relative Scoring169

Most supervised MT metrics are trained to predict170

absolute scores: given a source segment s and a171

single candidate translation mt, the metric outputs172

an absolute scalar score. In reference-based eval-173

uation, the metric is additionally provided with a174

reference translation r, whereas in QE settings it175

operates without r. Accordingly, these metrics take176

one of the following forms:177

ŝ(s,mt) = gθ(s,mt),

ŝ(s,mt, r) = gθ(s,mt, r).
178

They are typically optimized to fit human segment-179

level judgments sh(s,mt)2 via a regression loss180

(Sellam et al., 2020a; Rei et al., 2020, 2022; Guer-181

reiro et al., 2024; Juraska et al., 2024);3 other182

work casts automatic MT evaluation as reward183

modeling, learning from human preferences while184

still producing absolute scores for individual can-185

didate translations at inference time (Tan and186

Monz, 2025). When comparing two candidates187

mta and mtb, an implicit relative score can then188

be obtained by subtraction, i.e., by computing189

ŝ(s,mta)− ŝ(s,mtb) in reference-less evaluation,190

or ŝ(s,mta, r) − ŝ(s,mtb, r) in reference-based191

evaluation.192

Rather than deriving a comparison by subtract-193

ing two independently predicted absolute scores,194

an alternative approach is to predict the preference195

directly from a joint encoding of the source and the196

2Several recent human evaluation protocols for MT are
reference-free: annotators assess system outputs only with
respect to the source text, which reduces dependence on any
particular reference and thereby mitigates reference bias (Fre-
itag et al., 2021; Kocmi et al., 2022, 2024b).

3In practice, this regression loss is commonly implemented
as Mean Squared Error (MSE) between the predicted scores
and the human judgments.

two candidate translations. MT-RANKER (Moosa 197

et al., 2024) follows this approach in the QE set- 198

ting, taking (s,mta,mtb) as input and predicting 199

which candidate translation is better through a bi- 200

nary classification framing. However, this formula- 201

tion collapses comparison to a two-way decision: 202

it cannot quantify the strength of the preference, 203

and it rules out ties by design, since ties are not 204

part of the output label space. PEAR instead treats 205

comparison as the prediction target: given a source 206

text, it scores a pair of candidate translations in a 207

shared input context, producing a graded prefer- 208

ence directly instead of relying on differences of 209

separately predicted absolute scores. 210

3.2 Problem Formulation 211

Let s be a source segment and let mta,mtb be two 212

candidate translations of s. A PEAR model fθ 213

predicts a real-valued relative score 214

∆̂ab = fθ(s,mta,mtb) ∈ R, 215

interpreted as the predicted quality difference be- 216

tween mta and mtb as translations of s. Positive 217

values favor mta, negative values favor mtb, and a 218

value of zero indicates a tie. 219

PEAR is trained to approximate human pairwise 220

differences. Specifically, given human segment- 221

level scores sh(s,mt), we construct supervision 222

for a candidate pair as 223

∆⋆
ab = sh(s,mta) − sh(s,mtb). 224

At the system level, let {si}ni=1 be a test set and 225

let {(mtAi ,mtBi )}ni=1 be the corresponding out- 226

put pairs produced by two MT systems SA and 227

SB . PEAR produces segment-level predictions 228

∆̂i = fθ(si,mtAi ,mtBi ), which are aggregated by 229

arithmetic mean to yield a system-level graded pref- 230

erence: 231

∆̂(SA, SB) =
1

n

n∑
i=1

∆̂i, 232

as also illustrated in Figure 1. 233

3.3 Model Architecture and Input Formatting 234

PEAR adopts a cross-encoder setup that jointly en- 235

codes the source text and the two candidate trans- 236

lations. We instantiate the encoder with InfoXLM 237

Large4 for PEAR (Chi et al., 2021) and with XLM- 238

RoBERTa-XL5 for PEAR-XL (Goyal et al., 2021). 239

4https://huggingface.co/microsoft/
infoxlm-large

5https://huggingface.co/facebook/
xlm-roberta-xl
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Throughout, we describe the scoring computation240

for a single input sample, from input construction241

to the final relative score.242

Input Serialization. Given a source segment s243

and two candidate translations mta and mtb, we244

serialize them into a single sequence:245

x = [BOS] s [SEP] mta [SEP] mtb [EOS],246

where [BOS], [SEP], and [EOS] denote the en-247

coder’s special tokens.6 We additionally build bi-248

nary span masks msrc,ma,mb ∈ {0, 1}T over249

token positions in x that select the content tokens250

of s, mta, and mtb.7251

Encoder Representations. We denote by252

H = Encϕ(x) ∈ RT×d253

the contextual token representations extracted from254

the encoder’s final layer. We apply masked mean255

pooling to obtain span representations:256

hℓ =

∑T
t=1mℓ,tHt

max
(∑T

t=1mℓ,t, ε
) for ℓ ∈ {src, a, b},257

where Ht ∈ Rd is the token vector at position t258

and ε > 0 avoids division by zero.259

Pairwise Head. We construct a source-aware260

representation for each candidate translation k ∈261

{a, b}:262

φk =
[
hk; hk ⊙ hsrc; |hk − hsrc|

]
∈ R3d,263

where ⊙ and | · | are applied elementwise. Using264

shared parameters, we map φk to a scalar utility265

term:266

ak = Proj(φk) ∈ Rd,267

uk = FFN(ak) ∈ R.268

Where both Proj and FFN are linear layers with269

dropout and GELU activation (Hendrycks and Gim-270

pel, 2016) in the middle. We then form a compari-271

son logit by subtraction:272

z = ua − ub.273

Note that only the difference is used for supervi-274

sion and inference, so the individual uk values are275

6For InfoXLM and XLM-R encoders, these correspond to
<s>, </s></s>, and </s>, respectively.

7Special tokens are masked out in this process.

not intended as absolute quality scores. The final 276

output is a scaled relative score: 277

∆̂ab = α z, α = softplus(αraw) + ε, 278

where αraw ∈ R is a learned scalar parameter. The 279

softplus reparameterization, together with the addi- 280

tion of a small constant ε > 0, ensures α > 0. 281

3.4 Training Objective 282

A key property of relative scoring is antisymme- 283

try: swapping the candidates should negate the pre- 284

dicted difference while preserving its magnitude, 285

i.e., fθ(s,mta,mtb) = −fθ(s,mtb,mta). To en- 286

courage this behavior, for each training instance 287

(s,mta,mtb) we also consider the swapped order 288

(s,mtb,mta) and denote the corresponding pre- 289

diction by ∆̂ba = fθ(s,mtb,mta). Specifically, 290

we train with a Huber loss (Huber, 1964) on the 291

human difference together with a flip-consistency 292

regularizer: 293

Ldiff = ℓδ

(
∆̂ab −∆⋆

ab

)
, 294

Lflip =
(
∆̂ab + ∆̂ba

)2
, 295

L = Ldiff + λflip Lflip, 296

where λflip is a hyperparameter controlling the 297

strength of the antisymmetry constraint. Here ℓδ 298

denotes the Huber loss (Huber, 1964): 299

ℓδ(r) =

{
1
2r

2 if |r| ≤ δ,

δ
(
|r| − 1

2δ
)

otherwise,
300

where δ > 0 is a hyperparameter that sets the resid- 301

ual magnitude at which the penalty transitions from 302

quadratic to linear.8 303

3.5 Inference Modes 304

We use PEAR in two inference configurations. In 305

its default pairwise QE mode, it compares two can- 306

didate translations of the same source segment with- 307

out access to reference translations. When a human 308

reference is available, we additionally consider a 309

reference-anchored mode by fixing one side of the 310

pair to the reference. 311

Pairwise QE Mode (PEAR). Given a source seg- 312

ment s and two candidate translations mta and mtb, 313

PEAR returns a relative score: 314

∆̂ab = fθ(s,mta,mtb). 315

8Compared to MSE, the Huber loss is less sensitive to large
residuals (Huber, 1964); in Appendix A, we report an ablation
where it improves performance over MSE in our setting.
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To reduce sensitivity to the candidates’ order, we316

optionally also score the swapped order and com-317

bine the two predictions:318

∆̂ba = fθ(s,mtb,mta),319

∆̃ab = 1
2

(
∆̂ab − ∆̂ba

)
.320

Reference-Anchored Mode (PEARref ). When321

a human reference translation r is available, we322

anchor the comparison by fixing one side of the323

input to the reference:324

∆̂(mt, r) = fθ(s,mt, r).325

This does not make PEAR a reference-based metric326

in the usual sense; rather, it instantiates the same327

relative-scoring function in a reference-anchored328

configuration. As above, we can also score the329

swapped order fθ(s, r,mt) and combine the two330

predictions with the same order-combination rule.331

A practical advantage of this reference-anchored332

configuration is computational. When evaluating333

N systems on an evaluation set {(si, ri)}ni=1 with334

system outputs {mt
(j)
i }ni=1 for each system Sj , it335

yields one reference-anchored score per system:336

∆̂(Sj , r) =
1

n

n∑
i=1

fθ(si,mt
(j)
i , ri).337

This requires O(N) system scores, avoiding338

the N(N − 1)/2 system-to-system comparisons339

(quadratic in N ) needed by fully pairwise evalua-340

tion.341

4 Experimental Setup342

We now summarize the empirical setting for our343

main experiments. We first describe the training344

and evaluation procedures (Section 4.1) and report345

the trained PEAR models (Section 4.2). Baselines,346

data statistics, and training hyperparameters are347

reported in the Appendix B.348

4.1 Training and Evaluation Data349

WMT Supervision. We train PEAR on WMT hu-350

man evaluation data, converting absolute segment-351

level human assessments into pairwise supervision352

via score differencing (Section 3.2). Our training353

data combines DA, DA+SQM, and MQM annota-354

tions, with MQM offering the most fine-grained355

supervision. Following common practices in MT356

metrics training, we adopt a two-stage schedule357

(Guerreiro et al., 2024; Juraska et al., 2024). In358

the first training stage, we pre-train on DA and 359

DA+SQM judgments released in the WMT evalua- 360

tion campaigns from WMT16 to WMT23, provid- 361

ing broad coverage across language directions and 362

translation quality. In the second training stage, we 363

fine-tune exclusively on MQM supervision from 364

WMT20 to WMT23,9 additionally including the 365

IndicMT Eval MQM dataset for English→Indic 366

directions (Sai B et al., 2023), which has been used 367

to train XCOMET (Guerreiro et al., 2024), a metric 368

included in our comparisons. 369

Scaling via Distilled MQM Supervision. MQM 370

gold data are available for relatively few language 371

pairs and are expensive to collect. To stress-test 372

whether the proposed pairwise QE framing scales 373

favorably with additional supervision, we also test 374

PEAR models whose second training stage is aug- 375

mented with MQM annotations distilled from GPT- 376

4.1-mini on language pairs not covered by MQM, 377

prompting it with a GEMBA-MQM V2 approach 378

(Junczys-Dowmunt, 2025). Additional details on 379

these data are reported in Appendix B. 380

Evaluation Benchmark. Our primary bench- 381

mark is the MQM test set released with the WMT24 382

Metrics Shared Task. We adopt the official WMT 383

Metrics Shared Task evaluation toolkit.10 Follow- 384

ing the WMT24 setup, we report Soft Pairwise 385

Accuracy (SPA) at the system level (Thompson 386

et al., 2024) and pairwise accuracy with tie cali- 387

bration (acc∗eq) at the segment level (Deutsch et al., 388

2023). Since PEAR outputs pairwise scores by de- 389

sign, we interface it with the toolkit by producing 390

segment-level scores for each system pair. 391

4.2 Trained Models 392

PEAR Models. We train and evaluate two PEAR 393

variants: PEAR, instantiated with InfoXLM Large 394

(Chi et al., 2021), and PEAR-XL, instantiated with 395

XLM-RoBERTa-XL (Goyal et al., 2021). 396

Matched Absolute-Scoring Baselines. To disen- 397

tangle the effect of the proposed pairwise QE for- 398

mulation from backbone capacity and training data 399

exposure, we also train matched absolute-scoring 400

QE baselines that take only the source segment 401

and a single candidate translation as input, share 402

9This is done not only because MQM offers the most fine-
grained MT quality assessment, but also to align the training
signal with our main target evaluation setting, since WMT24
meta-evaluation is centered on MQM.

10https://github.com/google-research/
mt-metrics-eval

5

https://github.com/google-research/mt-metrics-eval
https://github.com/google-research/mt-metrics-eval


Group Metric θ Ref? SPA acc∗eq Avg Corr

Single
Candidate

Single-QE-XLKD 3.5B × 80.9 57.9 69.4
Single-QE-XL 3.5B × 80.4 57.6 69.0
Single-QEKD 560M × 80.6 57.4 69.0
Single-QE 560M × 80.0 57.2 68.6

Pairwise
(PEAR)

PEAR-XLboth,KD 3.5B × 82.1 58.1 70.1
PEAR-XLKD 3.5B × 82.0 58.2 70.1
PEAR-XLboth 3.5B × 81.4 58.2 69.8
PEAR-XL 3.5B × 81.5 58.1 69.8
PEARboth,KD 560M × 81.9 58.1 70.0
PEARKD 560M × 81.8 58.2 70.0
PEARboth 560M × 81.2 58.0 69.6
PEAR 560M × 80.9 57.9 69.4

Table 1: Controlled comparison of PEAR against matched single-candidate QE baselines on the WMT24 MQM
test set. SPA and acc∗eq are averaged over En-De, En-Es, and Ja-Zh; Avg Corr is the mean of these two averages.
Bold indicates the best score in each column. For PEAR, both denotes the bidirectional pairwise QE configuration,
computed by averaging the two relative scores from both input orders. KD denotes models fine-tuned with additional
MQM supervision distilled from GPT-4.1-mini.

Human Ref
Claude-3.5 GPT-4

Gemini-1.5-Pro
Llama3-70B

Unbabel-Tower70B

Anchor translation for PEARref

3

4
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6
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PEAR-XLref, KD
PEAR-XLref

PEARref, KD
PEARref

Figure 2: Rank stability of PEARref across anchors. The
leftmost anchor (Human Ref ) uses the human reference
as the fixed comparison translation, matching Table 4.
The remaining anchors use an MT output; for each MT
anchor, that system is removed from the benchmark be-
fore recomputing meta-evaluation. Ranks are computed
by Avg Corr (lower is better).

the same encoder backbones and training data, and403

predict an absolute scalar quality score for that404

candidate. These QE baselines let us validate the405

proposed pairwise QE formulation at the method-406

ological level, testing it as an alternative to conven-407

tional absolute-score QE under matched training408

conditions.409

5 Results and Analyses410

This section reports empirical evidence for PEAR411

across several settings. We start with reporting412

Utility LP XCOMET-XL CometKiwi-XL MetricX-XL

PEAR (full) En-De 0.855 0.731 -5.2
PEAR (sym.) En-De 0.854 0.731 -5.4
COMET En-De 0.844 0.730 -6.6
BLEURT-20 En-De 0.842 0.728 -6.3

PEAR (full) En-Ja 0.810 0.685 -6.4
PEAR (sym.) En-Ja 0.809 0.685 -6.7
COMET En-Ja 0.798 0.684 -7.8
BLEURT-20 En-Ja 0.796 0.683 -6.9

Table 2: MBR decoding on 100-best lists for WMT24
En→De and En→Ja. PEAR (sym.) computes only
one triangle of the N × N utility matrix and fills the
remainder by antisymmetry.

results on WMT24 (Section 5.1 and Section 5.2), 413

and continue by showing additional analyses on the 414

behavior of PEAR models (Section 5.3, Section 5.4, 415

and Section 5.5). 416

5.1 Pairwise QE vs. Single-Candidate QE at 417

Scale 418

This subsection isolates the effect of the proposed 419

pairwise QE framing from confounding factors 420

such as backbone capacity, training data exposure, 421

and model selection. To that end, we compare 422

PEAR against strictly matched single-candidate QE 423

baselines trained with the same data, hyperparame- 424

ters, and backbone model. Checkpoint selection is 425

performed on WMT23 MQM data (held out from 426

training), and results are reported on the WMT24 427

MQM benchmark. 428

We report both PEAR in its default configura- 429

tion (one input order) and the bidirectional vari- 430

ant that combines predictions from both input or- 431

ders, matching the inference mode described in 432

Section 3.5. We further consider settings with and 433
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without knowledge distillation augmentation in the434

second training stage, to probe whether the advan-435

tage of our pairwise QE formulation persists—and436

potentially widens—as the amount of MQM super-437

vision is scaled up via distilled annotations.438

Table 1 reports the comparison results. Across439

backbones and training regimes, PEAR yields bet-440

ter performance than the matched single-candidate441

baselines, indicating that, with the same training442

data and encoder backbone, PEAR’s pairwise QE443

framing improves over single-candidate QE for444

comparing candidate translations.445

5.2 WMT24 Results446

Table 4 reports results on the WMT24 meta-447

evaluation benchmark. For PEAR, we report only448

the bidirectional configuration (both), since Table 1449

shows that single-pass and both yield very similar450

performance. All PEAR variants in Table 4 are451

trained with the same hyperparameters used in the452

controlled comparison of Table 1, with the only453

difference that we also include WMT23 data in454

training.455

Better Performance with Fewer Parameters.456

Among reference-free metrics, PEAR attains high457

Avg Corr with substantially smaller models. PEAR-458

XLboth (3.5B) exceeds MetricX-24-Hybrid-QE-459

XL (3.7B) and XCOMET-QE (24B) on Avg Corr460

(70.2 vs. 69.9 and 69.5), while using roughly 7×461

fewer parameters than XCOMET-QE. Distilled su-462

pervision yields a further improvement, raising Avg463

Corr to 70.5.464

The same trend holds with the smaller PEAR465

models. PEARboth (560M) remains higher than466

MetricX-24-Hybrid-QE-XL (3.7B) and XCOMET-467

QE (24B) on Avg Corr (70.1 vs. 69.9 and 69.5),468

despite using about 7× and 40× fewer parameters,469

respectively. The only QE metric in Table 4 that is470

comparable in size to PEAR is CometKiwi (560M),471

yet it achieves a markedly lower Avg Corr (64.0472

vs. 70.1). With distilled supervision, PEARboth,KD473

also edges out CometKiwi-XXL on Avg Corr (70.4474

vs. 70.3), while using about 20× fewer parameters475

(560M vs. 10.5B).476

Comparison against strong reference-based met-477

rics. Even without references, PEAR compares478

favorably to strong reference-based metrics. For479

example, PEAR-XLboth,KD matches the Avg Corr480

of MetricX-24-Hybrid-Large (70.5 vs. 70.5), and481

PEARboth exceeds COMET-22 and BLEURT-20482

(70.1 vs. 68.9 and 68.6).483

5.3 Does PEARref Require Human 484

References? 485

Table 4 shows that the reference-anchored configu- 486

ration, PEARref (Section 3.5), slightly outperforms 487

its corresponding QE (both) variant on WMT24. 488

We now test whether this advantage depends on an- 489

choring to a human reference, or whether the same 490

behavior holds when the anchor is an MT output. 491

We instantiate the anchor slot with (i) the hu- 492

man reference (Human Ref ) and (ii) the output of 493

five MT systems. For each MT anchor, we re-run 494

WMT24 meta-evaluation after removing the anchor 495

system from the benchmark, since its outputs are 496

used as the fixed comparison target.11 497

Figure 2 shows that the ranks of PEARref vari- 498

ants are highly stable across anchors. Replacing the 499

human reference with an MT output almost never 500

changes the rank of PEARref , and when changes 501

occur, they shift by at most one rank position. This 502

suggests that PEARref does not rely on human ref- 503

erences to retain its performance: anchoring to MT 504

outputs provides a similar reference point, mak- 505

ing the reference-anchored interface practical even 506

when human references are unavailable. 507

5.4 Correlation Between PEAR and Other 508

Metrics 509

PEAR is trained with a pairwise relative-scoring 510

objective (Section 3), in contrast to the single- 511

candidate regression objective used by most su- 512

pervised WMT24 metrics. To assess how dis- 513

tinct PEAR’s evaluation signal is, we analyze its 514

segment-level correlation with other metrics. 515

For this analysis, we compute the Pearson cor- 516

relation between pairwise segment-level differ- 517

ence scores. Since PEAR outputs pairwise scores 518

directly, we use its predicted differences as-is. 519

For metrics that output single-candidate segment 520

scores, we convert them into pairwise difference 521

scores by subtraction for each segment and MT 522

system pair, i.e., ∆m(s,mta,mtb) = m(s,mta)− 523

m(s,mtb). We compute correlations separately for 524

each WMT24 MQM language pair. 525

Figures 3, 4, and 5 show the resulting correlation 526

matrices for En-De, En-Es, and Ja-Zh. Across all 527

three language pairs, PEARboth and PEARboth,KD 528

have consistently lower correlation with the other 529

11Since the set of evaluated systems changes with the cho-
sen MT anchor, the resulting Avg Corr values are not directly
comparable across anchors. We therefore report ranks (by Avg
Corr) rather than raw Avg Corr values.
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strong WMT24 metrics. For example, their corre-530

lation with MetricX-24-Hybrid-QE12 is moderate531

on En-De (r ≈ 0.71), drops on En-Es (r ≈ 0.51),532

and is much lower on Ja-Zh (r≈0.26). Excluding533

lexical and unsupervised baselines (BLEU, chrF,534

and BERTScore), PEAR metrics are the least cor-535

related with the rest of the metric suite across all536

three language pairs. Overall, this may suggest that537

PEAR captures different evaluation signals relative538

to existing WMT24 metrics. We leave a deeper in-539

vestigation of the sources and implications of these540

lower correlations to future work.541

5.5 PEAR for MBR Decoding542

Using reference-based metrics such as COMET543

and BLEURT-20 for MBR decoding repurposes544

models trained to condition on human refer-545

ences, which can be a mismatch when utilities546

are computed purely between candidate transla-547

tions. PEAR, in contrast, is trained explicitly for548

reference-free pairwise comparison and does not549

assume that either candidate serves as a reference.550

In this section, we compare PEAR, COMET, and551

BLEURT-20 as utility functions for MBR decod-552

ing.553

Candidate lists. We translate the English source554

side of the WMT24 test set into German and555

Japanese with a transformer-based multilingual MT556

system trained on public and internal data with557

teacher-student knowledge distillation. We decode558

with beam search and retain a 100-best list for each559

source segment.560

MBR utilities. We run MBR over each 100-best561

list using three utilities: PEAR,13 COMET, and562

BLEURT-20. For PEAR, we compare two imple-563

mentations. The first computes the full utility ma-564

trix, while the second exploits antisymmetry and565

evaluates only one triangle of the matrix, setting566

u(hj , hi) = −u(hi, hj), halving the number of for-567

ward passes. This tests whether PEAR behaves as568

an approximately antisymmetric utility during de-569

coding, while enabling a cheaper MBR procedure.570

Results. We evaluate the resulting MBR out-571

puts with three strong metrics: XCOMET-XL,572

CometKiwi-XL, and MetricX-24-Hybrid-XL. Ta-573

ble 2 shows that PEAR yields nearly identical per-574

formance under the full and symmetry-reduced575

12It corresponds to the XXL checkpoint.
13InfoXLM Large checkpoint fine-tuned without distilled

supervision. We use the default inference configuration, not
the both variant.

MBR implementations, indicating that the sym- 576

metry shortcut is effective in practice. Moreover, 577

PEAR-based MBR improves over COMET and 578

BLEURT-20 under XCOMET-XL and MetricX-24- 579

Hybrid-XL, while gains under CometKiwi-XL are 580

relatively smaller. These results suggest that PEAR, 581

trained explicitly for pairwise comparison, can be a 582

stronger utility for MBR decoding than traditional 583

reference-based metrics. 584

6 Conclusion 585

We presented PEAR, a supervised QE metric fam- 586

ily that models MT evaluation as graded pairwise 587

relative scoring. Unlike standard metrics that score 588

one candidate at a time, PEAR compares two trans- 589

lations jointly and predicts both the direction and 590

strength of preference. In controlled experiments, 591

PEAR consistently outperforms matched single- 592

candidate QE baselines, indicating that the pair- 593

wise formulation is a better method for comparing 594

candidate translations. 595

On WMT24 MQM meta-evaluation, PEAR at- 596

tains higher correlation than the largest QE submis- 597

sions, also outperforming strong reference-based 598

metrics despite operating in a reference-free set- 599

ting. We also found that PEARref remains effec- 600

tive when the anchor translation is produced by a 601

strong MT system rather than a human reference, 602

and that PEAR’s segment-level pairwise scores are 603

less correlated with other top metrics, suggesting 604

that PEAR captures a different evaluation signal. 605

Future work will focus on understanding which 606

phenomena drive this divergence, and on leverag- 607

ing pairwise relative scoring in other evaluation 608

settings. 609

7 Limitations 610

Model scale. Our experiments do not fully char- 611

acterize how far PEAR can be pushed with substan- 612

tially larger models. The largest PEAR checkpoint 613

we fine-tune in this work is PEAR-XL (3.5B pa- 614

rameters), and we therefore do not test whether 615

the performance gains we attribute to the pairwise 616

formulation persist, widen, or saturate with larger 617

models. Recent works suggest that scaling up the 618

underlying model and fine-tuning larger backbones 619

can be a strong driver of performance for super- 620

vised metrics (Rei et al., 2023; Guerreiro et al., 621

2024; Juraska et al., 2024, 2025; Tan and Monz, 622

2025). Extending PEAR to larger model sizes is a 623

natural next step. 624
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Metric divergence. In Section 5.4, PEAR ex-625

hibits lower correlation with other strong WMT24626

metrics than is typical among top-performing met-627

rics. In this work, we treat this primarily as ev-628

idence that PEAR may induce a complementary629

evaluation signal, but we do not deeply investigate630

how this could be exploited. For example, lower631

correlation could be beneficial when combining632

metrics in an ensemble, or when other metrics are633

used as optimization targets, such as rewards in634

reinforcement learning, since it may reduce over-635

optimization to a single signal and support fairer636

automatic assessment, but it could also indicate637

sensitivity to specific phenomena that warrant tar-638

geted diagnosis. A more detailed analysis of this639

divergence is left for future work.640

Targeted synthetic data. Unlike some recent641

metrics that incorporate targeted synthetic exam-642

ples designed to address known failure modes (e.g.,643

fluent but unrelated translations, undertranslation,644

and related specific errors), PEAR is not fine-tuned645

with comparable hand-designed perturbation suites646

(Juraska et al., 2023, 2024; Guerreiro et al., 2024).647

Although we experiment with scaling supervision648

via distilled MQM annotations, we do not study649

whether PEAR particularly benefits from synthetic650

pair construction that is explicitly contrastive and651

pairwise by design. PEAR’s pairwise interface652

makes targeted contrastive pair construction more653

natural and potentially more cost-effective than for654

other traditional supervised metrics. We leave a655

systematic investigation of such targeted synthetic656

data strategies, and their interaction with pairwise657

relative-score training, for future work.658
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Loss SPA ↑ acc∗eq ↑ Avg Corr ↑

MSE 80.6 57.6 69.1
Huber 80.9 57.9 69.4

Table 3: WMT24 meta-evaluation for PEAR (InfoXLM
Large, 560M) trained with MSE vs. Huber regression on
pairwise human-difference supervision. SPA is reported
at the system level (Thompson et al., 2024); acc∗eq is
segment-level pairwise accuracy with tie calibration
(Deutsch et al., 2023).

A Huber Loss vs. MSE for Pairwise961

Difference Regression962

PEAR is trained to regress human quality differ-963

ences ∆⋆
ab (Section 3.4). In all the experiments,964

we use the Huber loss, which is less sensitive to965

occasional large residuals than MSE (Huber, 1964).966

To quantify the impact of this choice, we run an967

ablation for PEAR (InfoXLM Large, 560M) in the968

same training setup as Section 5.1, changing only969

the regression loss from Huber to MSE while keep-970

ing all other hyperparameters fixed. We evaluate on971

WMT24 MQM with the official meta-evaluation972

toolkit, reporting Soft Pairwise Accuracy (SPA) at973

the system level (Thompson et al., 2024), pairwise974

accuracy with tie calibration (acc∗eq) at the segment975

level (Deutsch et al., 2023), and Avg Corr.976

Table 3 shows that Huber yields small but consis-977

tent gains over MSE across meta-evaluation statis-978

tics. We hypothesize that down-weighting large979

residuals stabilizes learning under heavy-tailed980

pairwise targets, which can improve calibration981

for close comparisons among strong MT systems.982

Further analysis of when and why these gains arise983

is left to future work.984

B Training and Evaluation Setup985

We report the results discussed in Section 5.2 in986

Table 4.987

B.1 Data988

PEAR training set is composed of 7M translation989

pairs across 51 language pairs for the first train-990

ing stage (DA and DA+SQM), and by 3M across991

10 language pairs for the second training stage992

(MQM). We do not apply any normalization to993

the scores provided by human annotators, follow-994

ing Juraska et al. (2024). For the KD data, we run995

the GEMBA-MQM V2 approach on WMT data996

annotated only with DA and DA+SQM, and on997

internal MT output data, featuring a total of 1M998

additional translation pairs, covering 5 additional 999

language pairs in addition to those present in gold 1000

MQM data. 1001

B.2 Hyperparameters 1002

For the experiments outlined in Section 5.1, we 1003

train all the models with AdamW with a learning 1004

rate equal to 2e-5 until convergence on the devel- 1005

opment set (WMT23 MQM data). Then, for the 1006

experiments described in Section 5.2 we use the 1007

same hyperparameters, but also include WMT23 in 1008

the training set, and train for only one epoch. The 1009

λflip hyperparameter has been set to 0.1 after pre- 1010

liminary hyperparameter optimization experiments, 1011

where we did not observe large differences in the 1012

range [0.1, 0.5], with a step size of 0.1. The δ hy- 1013

perparameter has been set to 4.5 after preliminary 1014

hyperparameter optimization experiments, where 1015

we did not observe large differences in the range 1016

[2.0, 8.0], with a step of 0.1. The parameter αraw 1017

presented in Section 3 is kept frozen for the first 1018

training stage on DA and DA+SQM data, and it is 1019

learned in the second training stage on MQM, with 1020

an initial value of 1.0. This is done in order to allow 1021

the model to more easily adapt to the different train- 1022

ing data distribution in the second training stage, 1023

coming from MQM data, not DA or DA+SQM. 1024

B.3 Baselines 1025

Since PEAR targets improvements in QE, our pri- 1026

mary comparisons are against top-performing QE 1027

metric families submitted as primary entries to the 1028

WMT24 Metrics Shared Task. For additional con- 1029

text, we also report a small set of strong reference- 1030

based baselines. 1031

B.3.1 QE metrics. 1032

COMET family (QE). We include CometKiwi 1033

(Rei et al., 2022), its large-scale variant 1034

CometKiwi-XXL (Rei et al., 2023), and XCOMET- 1035

QE (Guerreiro et al., 2024). 1036

MetricX family. We include the QE variants of 1037

MetricX-24 Hybrid (Juraska et al., 2024), namely 1038

MetricX-24-Hybrid-QE-Large, -XL, and -XXL. 1039

GEMBA family. We include GEMBA-ESA, a 1040

WMT24 primary submission that prompts GPT-4 to 1041

follow the ESA procedure by extracting error spans 1042

and then producing a final 0–100 score (Kocmi and 1043

Federmann, 2023a,b; Freitag et al., 2024). 1044
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Group Metric θ Ref? SPA acc∗eq Avg Corr

WMT24
Metrics

MetricX-24-Hybrid-QE-XXL 13B × 84.9 58.0 71.4
MetricX-24-Hybrid-QE-XL 3.7B × 83.4 56.5 69.9
MetricX-24-Hybrid-QE-Large 1.2B × 80.6 56.1 68.3
XCOMET-QE 24B‡ × 83.3 55.7 69.5
CometKiwi-XXL 10.5B × 85.4 55.2 70.3
CometKiwi 560M × 73.3 54.7 64.0
GEMBA-ESA GPT-4 × 84.6 57.6 71.1
MetricX-24-Hybrid-Large 1.2B ✓ 84.0 57.0 70.5
COMET-22 560M ✓ 82.4 55.4 68.9
BLEURT-20 579M ✓ 82.1 55.0 68.6

Ours

PEAR-XLref,KD 3.5B ✓† 82.7 58.9 70.8
PEAR-XLboth,KD 3.5B × 82.7 58.3 70.5
PEAR-XLref 3.5B ✓† 81.6 59.2 70.4
PEAR-XLboth 3.5B × 81.6 58.8 70.2
PEARref,KD 560M ✓† 82.6 58.7 70.7
PEARboth,KD 560M × 82.0 58.8 70.4
PEARref 560M ✓† 81.5 59.0 70.3
PEARboth 560M × 81.2 59.0 70.1

Table 4: WMT24 MQM meta-evaluation. SPA and acc∗eq are averaged over En-De, En-Es, and Ja-Zh; Avg Corr
is the mean of these two averages. Bold indicates the best score in each column. ‡ denotes an ensemble that
combines two 10.7B checkpoints and one 3.5B checkpoint. For PEAR, ref (†) denotes the reference-anchored
configuration, and both denotes the bidirectional pairwise QE configuration, computed by averaging the two relative
scores from both input orders. KD denotes PEAR models fine-tuned with additional MQM supervision distilled
from GPT-4.1-mini.

B.3.2 Reference-Based Metrics1045

To provide an additional performance reference1046

from strong reference-based metrics, we include1047

COMET (Rei et al., 2020), BLEURT-20 (Sel-1048

lam et al., 2020b), and MetricX-24-Hybrid-Large1049

(Juraska et al., 2024). These models score single1050

hypotheses in a reference-based setting and serve1051

as competitive anchors alongside the QE-focused1052

comparisons above.1053

C Correlation Matrices1054

This appendix section provides the correlation ma-1055

trices for the WMT24 MQM language pairs En-De1056

(Figure 3), En-Es (Figure 4), and Ja-Zh (Figure 5),1057

which are discussed in Section 5.4.1058
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Figure 3: En-De Pearson correlation matrix between segment-level pairwise difference scores produced by WMT24
metrics. Single-candidate metrics are converted into pairwise differences by subtraction, while PEAR produces
pairwise scores directly. In this matrix, PEAR corresponds to PEARboth and PEAR_GPT-4.1_distil corresponds to
PEARboth,KD.
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Figure 4: En-Es Pearson correlation matrix between segment-level pairwise difference scores produced by WMT24
metrics. Single-candidate metrics are converted into pairwise differences by subtraction, while PEAR produces
pairwise scores directly. In this matrix, PEAR corresponds to PEARboth and PEAR_GPT-4.1_distil corresponds to
PEARboth,KD.
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Figure 5: Ja-Zh Pearson correlation matrix between segment-level pairwise difference scores produced by WMT24
metrics. Single-candidate metrics are converted into pairwise differences by subtraction, while PEAR produces
pairwise scores directly. In this matrix, PEAR corresponds to PEARboth and PEAR_GPT-4.1_distil corresponds to
PEARboth,KD.
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