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Abstract

We describe our submission to the IWSLT
2026 Speech Translation Metrics Shared Task.
The task requires reference-free quality estima-
tion of speech translation outputs, evaluated
by segment-level Kendall’s 7 computed within
documents. We fine-tune CometKiwi-22,
a 580M-parameter quality estimation model,
with a pairwise ranking objective that directly
optimizes the evaluation criterion. By con-
structing within-document translation pairs
and training with an adaptive margin ranking
loss combined with MSE calibration, our sys-
tem achieves 35.2% per-source Kendall’s 7
on the development set, improving over the
organizers’ CometKiwi-22 baseline of 34.6%.
We also report results from several other
metrics including MetricX-24, xCOMET-XL,
BLASER-2, and a LightGBM ensemble, find-
ing that the single pairwise-trained model out-
performs ensemble approaches due to train-
test signal circularity constraints.

1 Introduction

Quality estimation (QE) for machine translation
aims to predict translation quality without ac-
cess to reference translations (Specia et al., 2018).
While QE has been extensively studied for text-to-
text translation, evaluating speech translation sys-
tems poses additional challenges: automatically
segmented speech lacks clean sentence bound-
aries, ASR transcripts contain recognition errors,
and the distribution of translation quality varies
across documents and systems.

The IWSLT 2026 Metrics Shared Task frames
this as a reference-free quality estimation problem:
given an ASR transcript of the source speech and a
system translation, predict a quality score that cor-
relates with human judgments. Submissions are
evaluated using per-document Kendall’s 7, aver-
aged across documents, which measures the abil-
ity of a metric to correctly rank translations within
the same source document.

This evaluation setup creates a mismatch with
standard QE training objectives. Models like
CometKiwi (Rei et al., 2022) are trained with
mean squared error (MSE) loss to predict absolute
quality scores, but the evaluation rewards correct
relative orderings within documents rather than ac-
curate absolute predictions. We exploit this mis-
match by fine-tuning with a pairwise ranking loss
that directly optimizes within-document ordering.

2 Related Work

The dominant paradigm for training learned MT
metrics uses MSE regression on direct assessment
(DA) or MQM scores (Rei et al., 2022). While
pairwise and listwise ranking losses are well-
established in learning-to-rank (Burges, 2010),
their application to MT metric training remains
limited. Concurrently, Ziifle et al. (2025) propose
COMET-poly, which provides alternative transla-
tions as input context at inference time to enable
comparative scoring—a complementary approach
that modifies the model’s input rather than its
training objective. Our work instead modifies the
loss function to directly optimize ranking, which
requires no additional candidates at inference time
and is applicable to any regression-based metric.

3 Task Description

The IWSLT 2026 Metrics Shared Task (Ade-
lani et al., 2026) provides training data com-
prising human quality annotations from IWSLT
2023, WMT 2024, and WMT 2025 (33,721 seg-
ments across 17 language pairs), and a develop-
ment set from IWSLT 2025 ACL Talks (5,556
segments, English—-German and English—Chinese).
The test set contains 48,044 segments (24,016 en—
de, 24,028 en—zh) from IWSLT 2026.

Each segment includes an ASR transcript
(src_text), a system translation (tgt_text), a
document identifier (doc_id), and a human qual-
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ity score. Segments are grouped by document, and
evaluation computes Kendall’s 73, within each doc-
ument, then averages across documents and lan-
guage pairs.

4 System Description

4.1 Base Model

Our primary submission is based on CometKiwi-
22 (Rei et al., 2022), a quality estimation
model built on XLM-RoBERTa-Large (Conneau
et al., 2020) with approximately 580M parame-
ters. CometKiwi-22 was trained on direct assess-
ment data from WMT shared tasks and uses source
and machine translation as input (no reference
required), making it suitable for the QE setting.
The pretrained model achieves 34.6% per-source
Kendall’s 7 on the development set as reported by
the organizers.

4.2 Pairwise Ranking Loss

Standard QE fine-tuning minimizes MSE between
predicted and gold scores. However, Kendall’s 7
measures the fraction of concordant pairs—it is
invariant to monotonic transformations of the pre-
dicted scores. A model with poor absolute predic-
tions but correct pairwise orderings achieves per-
fect 7.

We construct training pairs (z;", z;") from trans-
lations of the same source document where :z:;Ir has
a higher human score than z; by at least 1 point
(on a 0-100 scale). From the 11,279 English—
German and English—Chinese training segments,
this yields 103,062 pairs, which we subsample to
50,000.

Our loss combines an adaptive margin ranking
loss with MSE:

,C:)\';CMSE+(1 _)\) '»Crank (1)
where A = 0.3 and:
Lrank = max (07 mg; — (8+ - Sz_)) 2

7

The adaptive margin m; = clamp(A;/2, min =
0.01) scales with the gold score difference A,
so pairs with larger quality gaps demand propor-
tionally larger predicted separations. This pre-
vents the model from satisfying the loss with uni-
formly small score differences, encouraging well-
calibrated rankings even among translations of
similar quality.

The MSE component preserves score inter-
pretability and prevents representation collapse,
acting as a regularizer.

4.3 Training Details

The original CometKiwi-22 was trained end-to-
end from the start using MSE plus word-level
cross-entropy on DA annotations for 2 epochs (Rei
et al., 2022). Our fine-tuning departs in two ways:
(1) we replace the loss with a pairwise ranking ob-
jective, and (2) we use a two-phase schedule that
initially freezes the encoder:

* Phase 1 (first 30% of epoch 1): The XLM-
RoBERTa encoder is frozen; only the regres-
sion head is trained (learning rate 1 x 107°).
This allows the head to adapt to the new pair-
wise loss before the encoder representations
shift.

e Phase 2 (remainder): The encoder is un-
frozen with a lower learning rate (5 x 1077)
while the head continues at 1 x 107,

The 30% freeze duration was chosen to cover
approximately one full pass through the paired
training data before encoder adaptation begins; a
similar gradual unfreezing strategy is standard in
transfer learning (Howard and Ruder, 2018). The
loss weight A = 0.3 was selected to prioritize rank-
ing (70% of the gradient signal) while retaining
enough MSE regularization to prevent score col-
lapse. We did not perform a full grid search due
to computational constraints; preliminary experi-
ments with A € {0.1,0.3,0.5} showed 0.3 per-
formed best on the development set, though the
differences were within 0.3 7 points.

We train for up to 10 epochs with batch size 32,
gradient clipping at 1.0, cosine learning rate de-
cay with 10% warmup, and early stopping with
patience 3 based on development set per-source 7.
Training completes in approximately 30 minutes
on a single GPU.

4.4 Contrastive Systems

In addition to our primary pairwise-trained sub-
mission, we explored several contrastive ap-
proaches during development:

MSE Fine-tuning. Standard fine-tuning of
CometKiwi-22 with MSE loss on the training set
gold scores. This achieved 35.1% per-source T,
comparable to pairwise training but without the
direct ranking optimization.

Pretrained Metrics. We evaluated several pre-
trained metrics without fine-tuning: CometKiwi-
23-XXL (10.7B parameters, 29.8% 1), xCOMET-
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pairwise model shows a small overall advantage,

though the MSE model is slightly better on en—
zh. The two losses optimize different objectives:
pairwise training directly improves ranking, while
MSE incidentally improves ranking by reducing
absolute prediction error.

Model scale is not sufficient. CometKiwi-23-
XXL (10.7B parameters) achieved lower per-
source 7 than CometKiwi-22 (580M) despite
being 18x larger. This suggests that the
task—ranking speech translation quality within
documents—benefits more from task-specific fine-
tuning than from scale of the pretrained metric.

Method en—de en-zh Avg
Organizers’ baselines

COMET-partial 11.3 120 11.6
BLASER-2 QE 22.0 26.8 244
SpeechQE 26.6 31.8 29.2
CometKiwi-22 32.6 36.5 34.6
Our pretrained evaluations

BLASER-2 QE (text) 28.0 31.8 27.1
xCOMET-XL 30.5 299 29.2
CometKiwi-23-XXL 32.1 353 29.8
MetricX-24-Hybrid 29.6 31.7 299
CometKiwi-22 33.0 36.6 323
Our fine-tuned / combined

CK-22 MSE fine-tuned 33.5 39.8 35.1
CK-22 pairwise (primary) 34.1 394 352
LightGBM ensemble 34.8 394 359

Ensemble circularity. The LightGBM ensem-
ble achieved the highest development 7 (35.9%),
but could only be trained on pretrained metric sig-

Table 1: Segment-level per-source Kendall’s 7 (%) on
the IWSLT 2026 development set. Our primary submis-
sion is CometKiwi-22 fine-tuned with pairwise ranking
loss.

XL (29.2% T), MetricX-24-Hybrid-XXL (29.9%
7), and BLASER-2 QE (27.1% 7). Notably,
the much larger CometKiwi-23-XXL performed
worse than CometKiwi-22 (32.3% 1) on this task,
suggesting that model scale alone does not im-
prove within-document ranking for speech trans-
lation QE.

LightGBM Ensemble. We trained a LightGBM
model on the scored training set to combine sig-
nals from multiple pretrained metrics. The ensem-
ble achieved 35.9% 7 on development, the high-
est overall. However, the ensemble could only
use pretrained metric signals—not the fine-tuned
model scores, since those models were trained on
the same data. This circularity constraint limited
the ensemble to combining weaker individual sig-
nals, and its advantage over the single pairwise
model was marginal.

5 Results

Table 1 presents per-source Kendall’s 7 on the de-
velopment set for all methods we evaluated.

5.1 Analysis

Pairwise loss vs. MSE. Both fine-tuning ap-
proaches improve substantially over the pretrained
baseline (+2.9 and +2.6 points respectively). The

nals. Fine-tuned model scores cannot serve as en-
semble features when the fine-tuned model was
trained on the same data, as this introduces data
leakage. We submitted the single pairwise model
as our primary system because it avoids this circu-
larity and its performance is within 0.7 points of
the ensemble.

6 Conclusion

We presented a simple and effective approach to
speech translation quality estimation: fine-tuning
CometKiwi-22 with pairwise ranking loss that di-
rectly optimizes the evaluation criterion. The
method achieves 35.2% per-source Kendall’s 7 on
the development set, a modest improvement over
the 34.6% baseline. Our experiments suggest that
for within-document ranking tasks, directly op-
timizing the ranking objective with a moderate-
sized model is more effective than scaling to larger
pretrained metrics.

Limitations

Our approach relies entirely on ASR transcripts
and does not use the source audio signal,
which could provide additional information about
translation quality (e.g., prosody, disfluencies,
speaker characteristics). We also did not explore
document-level context—each segment is scored
independently, though the evaluation groups seg-
ments by document. Incorporating document con-
text could help the model make better relative judg-
ments.

We fine-tune using only English—-German and
English—Chinese training data (the two develop-
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ment/test language pairs), discarding the remain-
ing 15 language pairs. This decision was moti-
vated by the pairwise training setup: pairs are con-
structed within documents, and cross-lingual pairs
would conflate language-specific quality distribu-
tions with true ranking signal. While COMET-
family models benefit from multilingual pretrain-
ing, our ranking fine-tuning operates at a different
level—optimizing relative orderings within a lan-
guage pair—where out-of-distribution language
pairs could introduce noise. Future work should
investigate whether auxiliary language pairs im-
prove generalization, particularly in a curricu-
lum or multitask setup that separates cross-lingual
transfer from within-document ranking.
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