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Abstract001

We propose Dynamic Meta-Metrics (DMM), a002
framework for machine translation evaluation003
that learns source-sentence conditioned combi-004
nations of existing metrics. Rather than relying005
on a single static ensemble or language-specific006
weighting, DMM adapts the metric combina-007
tion based on properties of the source segment.008
We study hard conditioning, which fits an in-009
terpretable combiner per cluster, and a soft-010
conditioned extension based on a gated mix-011
ture of linear experts. We evaluate DMM on the012
WMT Metrics Shared Task data across multiple013
language pairs using pairwise agreement mea-014
sures at the system and segment levels. Across015
both average system-level SPA and average016
segment-level agreement, our DMM variants017
generally outperform single-metric baselines018
and often MetaMetrics.019

1 Introduction020

Automatic evaluation metrics underpin machine021

translation (MT) research and deployment. An ef-022

fective metric should align with human judgements,023

generalise across languages and domains, and re-024

main reproducible. The WMT Metrics Shared Task025

provides a standardised setting for meta-evaluation026

and has shown that metric behaviour varies with027

language, domain, and input characteristics (Fre-028

itag et al., 2022; Kocmi et al., 2023; Freitag et al.,029

2024). In particular, no single metric consis-030

tently dominates across years and test conditions,031

even among strong neural and generative metrics032

(Juraska et al., 2023, 2024; Freitag et al., 2024).033

To account for distribution shift, prior work has034

explored combining multiple metrics into static035

ensembles, which learn fixed weights and can be036

more robust than relying on a single metric. How-037

ever, they do not model variation within a language038

pair, where differences in syntax, discourse style,039

or domain can affect metric reliability.040

To this end, we introduce Dynamic Meta-Metrics041

(DMM), a framework that conditions metric- 042

combination behaviour on source-sentence con- 043

text. DMM uses sentence embeddings and clus- 044

tering to construct a discrete context variable and 045

learns context-specific combinations of base met- 046

ric scores by embedding each source sentence 047

with LaBSE (Feng et al., 2022) and applying k- 048

means clustering.We term this hard conditioning. 049

This preserves interpretability (explicit weights per 050

context) while allowing metric contributions to 051

vary with the input. We study a family of meta- 052

metric models: (i) a linear regressor (OLS) min- 053

imising MSE on segment-level human scores, (ii) a 054

small MLP trained with MSE, and (iii) a Gaussian- 055

process-driven Bayesian optimiser that maximises 056

Kendall correlation to human scores. 057

We also define a soft-conditioned extension (soft 058

conditioning) that replaces discrete clustering with 059

assigning responsibilities (analogous to soft k- 060

means) through a gated mixture of linear experts 061

(Shazeer et al., 2017; Jacobs et al., 1991). We 062

emphasise linear experts since they preserve the 063

interpretation of each expert as an explicit set of 064

metric weights, supporting the analysis of context- 065

dependent preferences. 066

We evaluate English–Chinese (en-zh), English– 067

Czech (en-cs), English–Japanese (en-ja), and 068

English–Ukrainian (en-uk) using WMT21–24 069

segment-level annotations (Freitag et al., 2024) as 070

training and validation data, and WMT25 shared 071

task data for test data. 072

2 Related Work 073

2.1 Single metric evaluation 074

Reference-based overlap metrics such as BLEU 075

(Papineni et al., 2002) and chrF (Popović, 2015, 076

2017) are commonly used in WMT Shared Tasks 077

due to their efficiency and historical usage. How- 078

ever, their emphasis on lexical overlap means that 079

legitimate semantic or syntactic variations can be 080
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under-rewarded, leading to poorer correlation with081

human evaluation (Freitag et al., 2022).082

Learned metrics, including BLEURT (Sellam083

et al., 2020; Pu et al., 2021) and COMET (Rei084

et al., 2020), improve correlation with human judg-085

ments by using pretrained encoders and supervised086

calibration to human ratings. YiSi-1 (Lo, 2019) pro-087

vides an embedding-based similarity framework088

that can support both lower and higher-resource089

settings. More recently, neural generative models090

such as MetricX-23/24 (Kocmi et al., 2023; Freitag091

et al., 2022) became state-of-the-art in WMT22/23,092

showing stronger and more consistent results across093

many domains (though not all). However, no single094

metric dominates all domains. Freitag et al. (2024)095

showed that LLM-era MT outputs expose brittle-096

ness in some metrics and underscored the value of097

robust calibration to MQM/ESA.098

2.2 Static ensembles via meta metrics099

MetaMetrics-MT (MM) (Anugraha et al., 2024)100

learns static weights, typically per language pair,101

and optimises correlation with human scores, of-102

ten outperforming individual metrics. However,103

weights are typically trained per-language and opti-104

mised against a single objective, leaving room to105

adapt within-language variation such as domain or106

segment properties. DMM addresses this limitation107

by conditioning on source-derived contexts.108

2.3 Mixture-of-experts and soft routing109

Mixture-of-experts models combine predictors us-110

ing a gating function that selects or mixes experts111

(Jacobs et al., 1991). Modern routing methods112

extend this idea with sparse or structured gating113

networks (Shazeer et al., 2017). In the soft con-114

ditioning case, DMM uses a constrained form of115

this approach, with linear experts that remain inter-116

pretable as metric weight vectors and with gating117

regularised to avoid collapsing to one-hot hard con-118

ditioning when it is not appropriate for the data.119

3 Method120

3.1 Problem setup and notation121

Each training instance is a triple (s, t, y), where
s denotes a source segment, t a system output
(hypothesis) for that segment, and y ∈ R a hu-
man segment-level score. We index instances by
i ∈ {1, . . . , n}. For each instance i, we compute d
base metric scores and form a feature vector

xi =
(
m1(i), . . . ,md(i)

)
∈ Rd.

A meta-metric is a function Fθ : Rd → R that 122

predicts ŷi = Fθ(xi), with learnable parameters θ. 123

3.2 Feature standardisation 124

Since metric outputs differ in scale, we z- 125

standardise each metric feature using training- 126

set statistics. For metric j, let µj and σj be 127

the mean and standard deviation over training in- 128

stances. We standardise xik, obtaining x̃ik forming 129

x̃i = (x̃i1, . . . , x̃id). All subsequent linear and 130

neural models use x̃i. 131

3.3 Embedding and clustering source 132

segments 133

We embed each source segment s using LaBSE 134

(Feng et al., 2022), yielding e(s) ∈ Rm. We fit k- 135

means on training-set source embeddings to obtain 136

K centroids {c1, . . . , cK}. For any segment s, we 137

define squared distances Dj(s) = ∥e(s)− cj∥22. 138

3.4 Hard-conditioned DMM 139

We consider four configurations of ensemble 140

techniques: 1) Language-pooled MM: a sin- 141

gle model trained on all instances across all lan- 142

guage pairs. This corresponds to a language- 143

pooled variant of MM. 2) Language-specific MM: 144

one model trained per language pair. This cor- 145

responds to the language-specific variant of MM. 146

3) Cluster: one model trained per hard clus- 147

ter label argminj Dj(s), pooling data across lan- 148

guages within each cluster. This is the language- 149

pooled variant of the proposed DMM. 4) Lan- 150

guage–cluster: one model trained per (language, 151

cluster) pair. This is the language-specific variant 152

of DMM. 153

For a given configuration, each instance is evalu- 154

ated using the model corresponding to its language, 155

its cluster assignment, or both. Predictions are 156

given by 157

ŷi = Fθ(x̃i), 158

where θ denotes the parameters of the model se- 159

lected by the active conditioning regime. 160

3.5 Soft-conditioned DMM 161

Hard conditioning yields piecewise-constant be- 162

haviour with respect to cluster assignments: each 163

segment is evaluated using a single cluster-specific 164

model. This is simple and interpretable, but lacks 165

continuity when a source segment is not well repre- 166

sented by a single cluster. Soft-conditioned DMM 167

replaces discrete cluster selection with a continuous 168

mixture over cluster-conditioned experts. 169

2



We first define responsibilities (in the soft k-170

NN sense), which quantify how much a segment171

belongs to each cluster. For a segment s, the re-172

sponsibility with temperature T > 0 is r(s) =173

softmax({−Dk(s)/T}Kk=1). Responsibilities de-174

pend only on the source segment and are shared175

across all system outputs for that segment. Us-176

ing these responsibilities, we define K linear “ex-177

pert” models. Each expert k is a linear meta-metric,178

fk(x̃i) = w⊤
k x̃i + bk.179

Soft-conditioned DMM allows all K experts to
contribute to the prediction ŷ. We define gate
features zi from the source segment (sentence
length and responsibilities). A gating network
gϕ(zi) ∈ RK produces logits that emphasise some
experts over others. We incorporate responsibilities
as a log-prior weighted by λ ≥ 0 and apply gate
temperature ϑ > 0:

ℓi = gϕ(zi)+λ log r(si), αi = softmax(ℓi/ϑ).

The final prediction is ŷi =
∑K

k=1 αikfk(x̃i). As180

T → 0+, responsibilities become one-hot, and the181

model approaches hard-conditioning.182

We use a mixture of linear experts to preserve183

interpretability: each expert corresponds to explicit184

metric weights. In particular, without nonlineari-185

ties, one can write w(z) =
∑

k αk(z)wk, which186

is not possible for nonlinear experts (e.g., neu-187

ral networks). Thus, linear experts isolate the ef-188

fect of routing from expert expressivity while re-189

taining the interpretation of soft-conditioning as a190

weighted/dynamic meta-metric.191

3.6 Training objectives and regularisation192

Hard-conditioned models Within each ensem-193

ble configuration, we train one or more mod-194

els using: 1) OLS: linear regression minimis-195

ing mean squared error (MSE), 2) MLP: a two-196

layer network trained with MSE as a flexible base-197

line, and 3) GP optimization: Bayesian optimi-198

sation over constrained linear weights, following199

METAMETRICS-MT (Anugraha et al., 2024).200

Soft-conditioned model Soft-conditioned DMM
trains expert parameters {wk, bk}Kk=1 and gate pa-
rameters ϕ by minimising Lmse = 1

n

∑n
i=1(ŷi −

yi)
2. To discourage degenerate routing (and to

distinguish it from hard-conditioning), we add
an entropy term over the gating distribution:
Lent = − 1

n

∑n
i=1

∑K
k=1 αik log(αik). We also

add an expert-tying penalty to keep experts close to

their mean when the data do not support specialisa-
tion: Ltie =

∑K
k=1∥wk − w̄∥22 +

∑K
k=1(bk − b̄)2,

where w̄ = 1
K

∑
k wk and b̄ = 1

K

∑
k bk. The

final objective is

L = Lmse − βLent + γLtie,

with β, γ ≥ 0. The sign on the entropy term en- 201

courages higher-entropy routing. 202

3.7 Evaluation measures 203

Following WMT24 (Freitag et al., 2024), we eval- 204

uate metrics primarily using pairwise agreement 205

with human judgements. At the system level, we re- 206

port soft pairwise accuracy (SPA) (Thompson et al., 207

2024), which accounts for uncertainty in both hu- 208

man and metric-induced rankings. At the segment 209

level, we report group-by-item pairwise accuracy 210

with tie calibration (acc∗eq) (Deutsch et al., 2023), 211

reflecting the metric’s ability to rank alternative 212

translations of the same source segment correctly. 213

4 Experiments 214

4.1 Experimental Setup 215

We use WMT Metrics Shared Task data from 216

2021–2024 (Freitag et al., 2024) for training and 217

validation, including en-cs, en-zh, en-uk, and en-ja. 218

For each pair and year, we use source segments, 219

system outputs, reference translations, and official 220

segment-level human annotations, excluding seg- 221

ments without human scores. We use a fixed, de- 222

terministic split defined at the segment level within 223

each year (approximately 80% train, 20% valida- 224

tion), created independently per year. We evaluate 225

on held-out WMT25 shared task data. 226

We compute a representative set of reference- 227

based metrics spanning overlap, embedding-based, 228

and generative families, using default toolkit set- 229

tings unless stated otherwise. We exclude the 230

largest metric variants (e.g., MetricX-XXL) to sup- 231

port execution on typical hardware. We consider 232

SacreBLEU, BLEU, and sentence-level BLEU vari- 233

ants (Papineni et al., 2002; Post, 2018), chrF++ 234

(Popović, 2017), BLEURT-20 (Sellam et al., 2020; 235

Pu et al., 2021), YiSi-1 (Lo, 2019), COMET, and 236

XCOMET-XL (Rei et al., 2020), and MetricX- 237

23/24 Large and XL (Juraska et al., 2023, 2024). 238

For model fitting, we embed source segments 239

with LaBSE (Feng et al., 2022) and fit k- 240

means on training sources. We evaluate K ∈ 241

{2, 3, 4, 5, 6, 7}. Implementation details, hyperpa- 242
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System Avg EN-CS EN-ZH EN-JA EN-UK
SPA acc∗eq SPA acc∗eq SPA acc∗eq SPA acc∗eq SPA acc∗eq

BLEURT 0.661 0.673 0.706 0.694 0.604 0.662 0.561 0.652 0.773 0.683
XCOMET-XL 0.648 0.674 0.676 0.668 0.626 0.684 0.600 0.647 0.691 0.697
Language-pooled MM
OLS 0.633 0.668 0.687 0.682 0.576 0.640 0.534 0.657 0.733 0.695
MLP 0.696 0.679 0.747 0.686 0.654 0.689 0.643 0.649 0.740 0.692
GP 0.689 0.682 0.741 0.692 0.639 0.674 0.630 0.655 0.748 0.707
MoE 0.626 0.663 0.666 0.690 0.646 0.676 0.492 0.618 0.699 0.668
Language-separate MM
OLS 0.619 0.659 0.672 0.683 0.577 0.609 0.522 0.638 0.706 0.705
MLP 0.695 0.678 0.760 0.687 0.650 0.682 0.615 0.649 0.753 0.695
GP 0.660 0.665 0.687 0.664 0.638 0.656 0.561 0.649 0.755 0.691
MoE 0.599 0.655 0.641 0.680 0.584 0.630 0.485 0.609 0.687 0.703
DMM Clusters k = 6
OLS 0.623 0.676 0.677 0.701 0.598 0.680 0.526 0.639 0.692 0.684
MLP 0.716 0.683 0.776 0.697 0.656 0.713 0.673 0.647 0.759 0.674
GP 0.681 0.686 0.728 0.708 0.635 0.715 0.625 0.655 0.735 0.665
MoE 0.620 0.673 0.669 0.698 0.643 0.691 0.480 0.631 0.690 0.673
DMM Language-Clusters k = 6
OLS 0.604 0.664 0.662 0.699 0.578 0.666 0.519 0.618 0.658 0.672
MLP 0.712 0.681 0.785 0.695 0.655 0.706 0.655 0.647 0.753 0.677
GP 0.646 0.679 0.681 0.706 0.628 0.701 0.581 0.614 0.694 0.693
MoE 0.606 0.668 0.667 0.698 0.622 0.678 0.480 0.624 0.653 0.671

Table 1: System- and segment-level meta-evaluation results using soft pairwise accuracy (SPA) and group-by-item
pairwise accuracy with tie calibration (acc∗eq). We compare baseline metrics (XCOMET-XL, BLEURT) with
variants of the MM and DMM models trained with and without language-pooling. Higher values indicate better
agreement with human judgements.
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Figure 1: Effect of the number of clusters k.

rameters, and model selection criteria are provided243

in Appendix B.244

4.2 Results245

Table 1 reports system- and segment-level meta-246

evaluation results across language pairs, comparing247

baseline metrics with the proposed DMM variants248

under different conditioning strategies.249

Semantic context over language specificity We250

observe that Language-Pooled clustering performs251

competitively with, and often marginally better252

than Language-Separate clustering. This chal-253

lenges the prevailing assumption that evaluation254

requires language-specific tuning. Instead, it sug-255

gests that source-sentence semantics are more pre-256

dictive of metric reliability and that cluster-specific 257

combination strategies learnt on pooled multilin- 258

gual data transfer across language pairs. 259

DMM wins over SOTA and static MM Hard- 260

conditioned DMM outperforms state-of-the-art sin- 261

gle metrics and static meta-metrics. This indicates 262

that improved metric combinations can outperform 263

larger neural metric architectures. The gap between 264

DMM and MM suggests that source-sentence clus- 265

tering adds value beyond standard ensemble ap- 266

proaches. OLS also benefits from clustering, sup- 267

porting the view that the clustering structure con- 268

tributes to performance. 269

5 Conclusion 270

We introduced Dynamic Meta-Metrics, a source- 271

conditioned framework for combining machine 272

translation evaluation metrics. DMM uses source- 273

side clustering to adapt metric combinations 274

through either hard or soft conditioning. Across 275

multiple language pairs and pairwise agreement 276

measures, cluster-based conditioning is often com- 277

petitive with, and in several settings improves upon, 278

language-pooled and language-specific combina- 279

tions, while outperforming single-metric baselines 280

on average. These results suggest that incorporat- 281

ing source-level structure can be a useful comple- 282

ment to static metric ensembles for MT evaluation. 283
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Limitations284

Source-only conditioning. Both hard and soft285

conditioning derive their context from the source286

segment. This is to make the routing system-287

invariant. However, this still does not directly288

capture any other phenomena, such as hypothesis-289

specific difficulty.290

Metric set constraints. We exclude the largest291

metric variants to support execution on typical hard-292

ware. This may limit direct comparison with the293

strongest available single-metric baselines.294

Metric-on-metric overfitting. When optimizing295

for MSE (Linear Regressors) or correlation (Gaus-296

sian Processors), the combiner only sees other met-297

rics’ scores instead of human error patterns, so it298

can chase artifacts of those metrics (e.g., overlap299

bias, domain-specific scaling). For example, if a300

base metric has a quirk (e.g., it over-rewards literal301

overlap on speech transcripts), the weight search302

can “learn” that quirk as a shortcut to higher valida-303

tion scores without actually getting closer to human304

judgement.305

Language coverage. Although we choose our306

language pairs judiciously to demonstrate our307

framework’s applicability in high-resource direc-308

tions (e.g., Chinese) and lesser-resourced directions309

(e.g., Ukrainian), we still have only four language310

pairs.311
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A Data processing and joins 448

Sources. We use the WMT Metrics Shared Task 449

test sets from 2021–2024 (Freitag et al., 2024). 450

We focus on English to Czech (en–cs) and En- 451

glish to Chinese (en–zh) to test performance vari- 452

ation on languages with different resource lev- 453

els and topologies; Czech is lower-resource, syn- 454

thetic alphabetic while Chinese is higher resource, 455

analytic, logographic language. For each lan- 456

guage pair, we use the source sentences, system 457

outputs and reference translations as input, and 458

compare against the official segment-level human 459

annotations, using the year-specific fields: 2021 460

wmt-raw:seg, 2022 wmt-appraise:seg, 2023 461

da-sqm:seg, 2024 esa:seg. Segments without 462

human annotation are excluded. 463

Units. A segment is one source sentence (WMT 464

seg-id). A system is a MT run that produces one 465

hypothesis per segment (system-name). Within 466

a given (year, language pair) we identify an item 467

by the pair (system-name, seg-id). When joining 468

across years, we suffix the year to the identifier to 469

keep years disjoint. 470

B Implementation details and 471

hyperparameters 472

This appendix specifies the implementation choices 473

and hyperparameters required to reproduce the clus- 474

tering, responsibility construction, and model train- 475

ing procedures described in Section 3. 476

B.1 Source embeddings 477

We embed each source segment using LaBSE sen- 478

tence embeddings (Feng et al., 2022). We encode 479

source sentences in batches of 128 and apply em- 480

bedding normalisation to unit length prior to clus- 481

tering and distance computation. We treat the en- 482

coder as fixed and do not fine-tune it. 483

B.2 Clustering via k-means on training 484

sources 485

For each choice of number of clusters K, we fit 486

a k-means model to source embeddings from the 487

training split only. We treat a source sentence as 488

a unique string and deduplicate before fitting. We 489

use Euclidean distance in embedding space. Since 490

embeddings are normalised, Euclidean distance is 491

proportional to angular distance, which improves 492

stability for clustering and subsequent distance- 493

based computations. For K ∈ {2, 3, 4, 5, 6, 7}, 494
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we run k-means with the standard initialisation in495

sklearn (Pedregosa et al., 2011).496

B.3 Soft responsibilities from cluster distances497

Given a trained k-means model with centroids and498

a source embedding, we construct soft responsibil-499

ities, as per Section 3.5. We set the responsibility500

temperature to T = 0.25. Lower values yield as-501

signments closer to hard clustering, while higher502

values yield more uniform mixing. We compute503

responsibilities separately for the training and vali-504

dation splits using the same fixed centroids. Note505

that responsibilities depend only on the source seg-506

ment, and therefore remain constant across all MT507

systems for a fixed segment.508

B.4 Hard-conditioned models509

Hard-conditioned DMM realizes the four ensemble510

configurations described in Section 3.4 by train-511

ing separate models for each condition, without512

parameter sharing.513

• Linear (OLS). M(x) = w⊤s(x) + b. In-514

puts are z-standardized per metric and a lin-515

ear regression model is fit using ordinary516

least squares to minimize mean squared er-517

ror (MSE) on the human gold scores h(x).518

• Neural (MLP). Two hidden layers (64 and519

32 units) with ReLU activations and dropout520

p = 0.2. Trained with MSE using Adam521

(learning rate 10−3), batch size 32, for 100522

epochs. Inputs are z-standardized.523

• Gaussian Process (GP). A linear combiner524

M(x) = w⊤s(x) with w ∈ [0, 1]d. We learn525

w via Bayesian optimization with a Gaussian526

Process to maximize Kendall’s tau correlation527

to human scores. We use 5 random initial528

evaluations and 100 optimization iterations.529

Degenerate zero solutions are avoided with a530

small uniform initialization.531

B.5 Soft-conditioned DMM: mixture of linear532

experts533

We implement soft conditioning using a mixture534

of experts with linear experts and a learned gating535

network. For each instance i, the model receives536

(i) a base-metric feature vector x̃i and (ii) a gate537

feature vector zi. Base-metric features are the z-538

standardised metric scores. Gate features comprise539

the source sentence length and the responsibility540

vector r(si). In the default configuration, we ex- 541

clude centroid distances from zi and rely on respon- 542

sibilities. 543

Gating network and routing. The gating net-
work is a two-layer perceptron with a single hidden
layer of 64 units, rectified linear unit activations,
and dropout rate 0.1 applied to the hidden represen-
tation. Let gϕ(zi) ∈ RK denote the gate logits. We
incorporate the responsibility vector as a log-prior:

ℓi = gϕ(zi)+λ log r(si), αi = softmax (ℓi/ϑ) .

We set the prior weight to λ = 0.5 and the gate 544

temperature to ϑ = 2.0. The gate temperature con- 545

trols the sharpness of routing, with larger values 546

yielding smoother mixtures. We add a small con- 547

stant to responsibilities before taking logarithms to 548

ensure numerical stability. 549

Optimisation and regularisation. We train the 550

mixture model by minimising mean squared error 551

on human scores, with two additional regularis- 552

ers described Section 3.6. We use entropy regu- 553

larisation weight β = 0.01 to discourage routing 554

collapse and use expert-tying weight γ = 10−6 555

to constrain experts towards a common solution, 556

in the case where specialisation is not suggested 557

by the data. We use AdamW optimisation with 558

learning rate 3× 10−4, weight decay 10−4, batch 559

size 256, and a fixed random seed of 0 for model 560

initialisation and data shuffling. We run training 561

for up to 100 epochs and apply early stopping with 562

patience 10 epochs using validation mean squared 563

error as the selection criterion. 564

Initialisation. We initialise all experts from a 565

closed-form linear regression solution trained on 566

the same ensemble configuration and features. This 567

initialisation yields a starting point equivalent to 568

a single linear regressor replicated across experts. 569

Under this initialisation, the gating network begins 570

close to uniform routing, and training only intro- 571

duces expert specialisation if it improves validation 572

performance under early stopping. 573

C Use of Generative AI 574

AI was only used to assist in revising work that 575

was written by us, and for providing some code 576

completions in experiment code. 577
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