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Abstract

Quality Estimation (QE) models evaluate the
quality of machine translations without refer-
ence translations, serving as the reward mod-
els for the translation task. Due to the data
scarcity, synthetic data generation has emerged
as a promising solution. However, synthetic
QE data often suffers from distribution shift,
which can manifest as discrepancies between
pseudo and real translations, or in pseudo labels
that do not align with human preferences. To
tackle this issue, we introduce DCSQE, a novel
framework for alleviating distribution shift in
synthetic QE data. To reduce the difference be-
tween pseudo and real translations, we employ
the constrained beam search algorithm and en-
hance translation diversity through the use of
distinct generation models. DCSQE uses refer-
ences—i.e., translation supervision signals—to
guide both the generation and annotation pro-
cesses, enhancing the quality of token-level
labels. DCSQE further identifies the short-
est phrase covering consecutive error tokens,
mimicking human annotation behavior, to as-
sign the final phrase-level labels. Specially, we
underscore that the translation model can not
annotate translations of itself accurately. Ex-
tensive experiments demonstrate that DCSQE
outperforms SOTA baselines like CometKiwi
in both supervised and unsupervised settings.
Further analysis offers insights into synthetic
data generation that could benefit reward mod-
els for other tasks. The code is available at
https://github.com/NJUNLP/njuge.

1 Introduction

Unlike machine translation (MT) metrics such as
BLEU (Papineni et al., 2002) and Comet (Rei et al.,
2020), which rely on reference translations to eval-
uate quality, quality estimation (QE) assesses trans-
lation quality without any reference (Specia et al.,
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Figure 1: We explore ways to enhance the quality of
synthetic QE data by leveraging supervision signals and
increasing model diversity. The histogram represents
the generation probabilities of translation models.

2018). QE plays a crucial role in post-editing work-
flows by reducing human effort through filtering
low-quality translations and identifying incorrect
segments (Specia, 2011). From the perspective of
large language models (LLMs), QE models can
function as reward models (Ouyang et al., 2022)
for machine translation. He et al. (2024) explores
the use of quality estimation to align translation
models with human feedback, achieving significant
improvements in translation performance. LLMRe-
fine (Xu et al., 2024a) uses LLMs to refine transla-
tions according to fine-grained QE feedback.

The Multidimensional Quality Metrics
(MQM) (Lommel et al., 2014) annotations have
become the primary standard for QE in recent
years, as MQM scores are more reliable than the
earlier Direct Assessment (Graham et al., 2017)
scores (Freitag et al., 2021). As shown in Table 1,
the MQM annotations are both fine-grained and
explainable, offering not only error spans but also
the severity of each error span. Acquiring these
fine-grained MQM annotations is labor-intensive.
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SRC Echidna with amethyst and magenta spikes .
MT Die Echidna mit Amethyst und Magenta-Spitzen .
REF Das Echidna mit Amethyst- und Magenta-Stacheln .
ID Error Span Severity
No.1 | Die MINOR
No. 2 | Amethyst und Magenta-Spitzen | CRITICAL
Labels | BAD OK OK BAD BAD BAD BAD OK
Score | -0.375
Table 1: At test time, only the source (SRC) and its

translation (MT) are available; the reference (REF) is
not accessible.

Consequently, their datasets are typically small
and restricted to specific language pairs (Kocmi
et al., 2023).

Therefore, existing studies aim to generate syn-
thetic MQM data for QE from parallel sentences.
For instance, MQMQE (Geng et al., 2023a) ran-
domly masks spans in the references, replaces these
spans with tokens sampled negatively from a trans-
lation model, and annotates the severity using the
generation probabilities from the model itself. In-
structScore (Xu et al., 2023) instructs the GPT-
4 (OpenAl, 2023) to generate errors with specific
severities based on references.

Although these methods achieve competitive per-
formance, the distribution of their synthetic data
may differ significantly from that of real data. The
distribution shift problem not only causes a de-
crease in QE performance but also in downstream
human preference optimization (Xu et al., 2024b).
Specifically, the negative sampling strategy ren-
ders the synthetic translations of MQMQE less
fluent. Moreover, the synthetic labels of MQMQE
do not align with human preferences, as randomly
masked spans often disrupt entire phrases, and the
translation model tends to be overly confident in
its own outputs. While InstructScore produces flu-
ent synthetic translations and accurate synthetic
labels, the generated errors appear unnatural, un-
like those that advanced translation models would
typically produce. More importantly, utilizing pow-
erful closed-source LLMs requires substantial time
and financial resources.

In this paper, we propose a framework, DCSQE
(as shown in Figure 1), Distribution-Controlled
Data Synthesis for QE, aiming to alleviate the
distribution shift problem when generating syn-
thetic QE data. Specifically, we first train two
translation models as Generator and Annotator re-
spectively. We then use the Generator to gener-
ate synthetic translations with constrained beam
search (CBS) (Geng et al., 2023b), which preserves

the main structure of references while maximizing
generation probabilities. This allows us to treat
matched tokens as correct with high accuracy using
TER (Snover et al., 2006) tool. For the mismatched
part, we utilize generation probabilities provided
by the Annotator to rejudge their fine-grained sever-
ities. Since human annotators typically prefer an-
notating entire phrases as spans, we propose an
algorithm, which helps aggregate token-level la-
bels into phrase-level labels.

Extensive experiments across three language
directions (English-German, Chinese-English,
and Hebrew-English) demonstrate that DCSQE
achieves new (SOTA) results in both supervised
and unsupervised settings. Further analysis offers
insights into synthetic data generation that may ben-
efit general reward models: (1) distribution shift
problem is crucial in synthetic data methods; (2) di-
versity between annotation and generation models
enhances annotation accuracy; (3) diversity in gen-
eration models provides further improvements; (4)
the capacity of the generation model must be bal-
anced; (5) enhancing the capacity of the annotation
model with supervision signals is helpful.

2 Background

Quality estimation. The quality estimation task
assesses the quality of translation without ac-
cess to references. Given a source sentence x
and its machine translation y = {y1,vy2,...,Yn}
with n words, we aim to predict the following
quality labels: (1) Span-level MQM labels h =
{h1,ha, ..., h,}, the label h; is categorically an-
notated with error severity (MINOR, MAJOR, or
CRITICAL) through professional human annota-
tion. (2) Word-level labels g = {g1,92,.-.,9n},
the label g; is usually a binary label (OK or BAD),
which is derived from the span-level label. Words
within error spans are marked as “BAD”, and vice
versa. (3) Sentence-level MQM scores s, which is
derived from the span-level labels. The scores can
be calculated as

NMINOR + 9 X mMmaJor + 10 X ncRrITICAL

s=1-—
n

6]

where ngeverity denotes the number of each error
severity and n denotes the translation length.
Model architecture. Previous works, e.g.
CometKiwi (Rei et al., 2023) and MQMQE (Geng
et al., 2023a), usually adopt multilingual pre-
training language model, typically XLM-R (Con-
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neau et al., 2020), as the backbone architecture for
the QE model. The outputs from the final layer
of the model are used to derive representations
for each token. Word-level representations are
obtained by averaging the representations of all
tokens within a word. Similarly, the regression
score representation is computed by averaging the
representations of all target tokens. These repre-
sentations are subsequently fed into linear layers
to predict word-level quality labels and regression
scores, respectively.

Training. As noted in (Geng et al., 2023a), the
span-level task can be regarded as a word-level
task. Thus, the overall objective only combines the
sentence-level and word-level tasks. The sentence-
level task is treated as a regression problem opti-
mized with MSE loss, while the word-level task is
framed as a sequence labeling problem using cross-
entropy loss. In a supervised setting, the model is
firstly pre-trained on synthetic data and then fine-
tuned on real data; while unsupervised setting only
trained using synthetic data.

Inference. The error severity can be determined
by comparing the probability of “OK” against vari-
ous thresholds. For the span-level task, consecutive
“BAD” tokens are identified as a span, with their er-
ror severity determined by the worst error severity
within the span.

3 Method

In this section, we first describe the process of gen-
erating realistic synthetic translations. Following
this, we introduce methods for annotating synthetic
labels to ensure they accurately align with human
preferences.

3.1 Synthetic Translations

To produce synthetic translations that closely re-
semble real machine translations, we directly gen-
erate synthetic translations using the translation
model with the constrained beam search (CBS)
algorithm (Geng et al., 2023b). Similar to the
standard beam search (BS) algorithm, the CBS
algorithm also seeks to generate translations with
high generation probabilities, thereby producing
natural translation errors. However, the standard
BS algorithm typically generates synonyms of the
references, making it difficult to obtain accurate
synthetic labels. In contrast, the CBS algorithm is
designed to preserve reference tokens when their
generation probabilities exceed a specified thresh-

old, reducing the risk of generating synonyms.

In most QE applications, the target translation
model is not accessible. As a result, existing stud-
ies train a surrogate translation model, referred to
as the Generator, training on parallel corpora. We
assume that increasing the diversity of synthetic
translations enhances the likelihood of generating
translations that are more similar to the target. How-
ever, as a variation of the BS algorithm, the CBS
algorithm also struggles to generate diverse trans-
lations. In preliminary experiments, we attempt to
perturb Generators using dropout (Gal and Ghahra-
mani, 2016), as suggested by (Fomicheva et al.,
2020a), to produce diverse translations for a single
source sentence. However this approach does not
enhance the diversity of synthetic translations, nor
does it improve QE performance. Therefore, we
further explore enhancing the diversity of Genera-
tors by training them on different parallel subsets
in Section 4.4.

3.2 Synthetic Labels

Coarse-grained labels. CBS allows us to preserve
the main structure of references, thereby obtaining
accurate labels using the exact match. We use the
TER tool to perform the word-level alignment be-
tween synthetic translation and the corresponding
reference. The match part is regarded as “OK”,
and vice versa. After generating synthetic trans-
lations, we need to annotate them to align with
human preference.

Refined labels. To assign fine-grained severities
to each “BAD” token and correct false-negative
labels, we use a translation model as the Annotator
to rejudge the previous labels. As demonstrated
in (Fomicheva et al., 2020a) and (Zheng et al.,
2021), the confidence of the translation model, i.e.
the generation probabilities, serves as a reliable in-
dicator for assessing translation quality. Therefore,
we utilize the generation probability p; of each to-
ken to determine its error severity. Specifically, the
severity label h; is assigned as follows:

CRITICAL 0 < p; < tcrITICAL

o MAJOR tcrimicaL < pi < TMAJOR

T bl
MINOR tmatorR < P; < TMINOR
OK tmmNorR < p; <1

2

where tMinor < tmaJor < fcriTicaL are three
ordered thresholds that can be determined using a
validation dataset.
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Chinese Source: f, 388 JRE K 2 FAA BE KW —L& 175
English Reference: He still decided to take some actions without anyone 's consent
Translation with our Annotations: He still decided to take some action with his consent

:

to action consent

Figure 2: The illustration of the SPCE algorithm.

Leveraging supervision signals. When the
model lacks the necessary translation knowledge
for the given input, its generation probabilities be-
come speculative and fail to meaningfully correlate
with the severity of errors. To address this issue,
we ensure that the Annotator is trained on paral-
lel pairs that are also used for generating synthetic
data. Therefore, the Annotator becomes “profes-
sional” when working with the given parallel pairs,
rather than “amateur”.

Differentiate the Annotator from the Gener-
ator. MOQMQE (Geng et al., 2023a) utilizes the
same translation model to annotate its own outputs.
However, this approach may lead to overconfidence
in the model’s predictions, resulting in inaccurate
annotations. To investigate this problem, we in-
troduce another different, well-trained translation
model to serve as the Annotator.

Combine error tokens into human-readable
phrases. Although we possess token-level labels,
human annotators tend to prefer annotating entire
phrases that contain translation errors to ensure
the clarity and interpretability of the annotations.
At the same time, annotators strive to make the
phrase as short as possible, ensuring it covers all
consecutive error tokens without including any un-
necessary ones. Therefore, we propose the Shortest
Phrase Covering Errors (SPCE) algorithm to com-
bine error tokens into human-readable phrases. As
illustrated in Figure 2, the SPCE algorithm operates
as follows:

First, we parse the synthetic translation to obtain
its dependency tree. Consecutive “BAD” tokens

are added to the candidate set, which serves as
the initial phrase. Following this, we iteratively
execute the following steps:

* Step a. We employ the Lowest Common An-
cestor (LCA) algorithm (Aho et al., 1973) to
find the common ancestor node of the can-
didate tokens (i.e. word “take”). This step
locates the smallest sub-tree that encompasses
all errors.

* Step b. To ensure syntactic coherence, we add
all tokens along the path from the LCA into
the candidate set (i.e. word “consent” which
is on the path from “his” to “take”).

* Step c. To ensure the candidate tokens are con-
secutive, we add all tokens, which are located
between the leftmost and rightmost candidate
tokens, into the candidate set (i.e. word “some’
which is in the phrase “take some action with
his consent”).

’

The iteration terminates until no additional tokens
need to be added to the candidate set. We provide
the detailed algorithm in Appendix B.

To assign a representative fine-grained label to
each phrase, we determine its severity by selecting
the most severe error label among the candidate
tokens.

4 Experiment

In the experiment section, we aim to address the fol-
lowing research questions regarding DCSQE: (1)
How does DCSQE perform across supervised and
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unsupervised settings for various language pairs?
(2) To align synthetic labels with human prefer-
ences, we introduce the Annotator and the SPCE
algorithm to generate MQM data. To what extent
are these techniques effective? (3) Can the Annota-
tor and the Generator be the same model? In other
words, can a model fairly annotate its own output?
(4) Does increasing the diversity of Generators lead
to enhanced QE performance? (5) How does the
translation performance of the Generator and the
Annotator influence the quality of the synthetic
data? (6) Does DCSQE demonstrate advantages
in terms of generation cost and convergence effi-
ciency?

To address Q1, we evaluate DCSQE in both su-
pervised and unsupervised settings across multiple
language pairs (EN-DE, ZH-EN, HE-EN). For Q2,
we conduct ablation studies to quantify the individ-
ual contributions of the Annotator and the SPCE
algorithm in improving the alignment of synthetic
labels with human preferences. Regarding Q3, we
investigate the feasibility of employing a single
model to simultaneously serve as both the Genera-
tor and the Annotator. To explore Q4, we enhance
the diversity of Generators by training them on dis-
tinct parallel subsets. To address QS, we control
the translation performance of the Generator and
the Annotator by training them on corpora of vary-
ing sizes. Finally, for Q6, we compare DCSQE
against other synthetic data approaches in terms of
generation cost.

4.1 Experiment Setup

Datasets. In our experiment, we utilized the
dataset provided by the Workshop on Machine
Translation (WMT) QE Shared Task (Blain et al.,
2023). The dataset comprises two types of data:
parallel data' and MQM data®. Data statistics
are given in Appendix A.1.

We employed parallel datasets for three language
pairs: English-German (EN-DE), Chinese-English
(ZH-EN), and Hebrew-English (HE-EN). Parallel
data is widely used in the QE community including
data synthesis, enhancement of translation knowl-
edge, etc. Unless specified, the parallel sentences
employed for generating synthetic data and the
training set for the Annotator are kept disjoint and
the parallel sentences used for generation are de-

"https://www2.statmt.org/wmt23/
translation-task.html#training

2https://wmt—qe—task.github.io/wmt—qe—2023/
subtasks/resources

rived from a subset of the Annotator’s training set.

We utilize the MQM training set from
WMT2023 for EN-DE and ZH-EN language pairs.
For evaluation, we employ the MQM test set from
WMT2022, which includes EN-DE and ZH-EN;
the MQM test set from WMT2023, which includes
EN-DE, ZH-EN, and HE-EN. We exclude the
WMT2022 test set from the supervised setting due
to its overlap with the WMT2023 training set. Fur-
thermore, span-level evaluation is not performed
on the WMT2022 test set, as it lacks the necessary
span-level annotations.

Baselines. We incorporated top-performing base-
lines in our experiments: CometKiwi (Rei et al.,
2023) stands out as the SOTA QE model, widely
adopted in translation studies (Kocmi et al., 2023).
CometKiwi enhances its generalization capabili-
ties by leveraging labeled QE datasets with vari-
ous annotations?, across multiple language pairs.
Additionally, CometKiwi is built on the XLMR-
XL model (Conneau et al., 2020), which has
seven times more parameters than ours. GEMBA -
MQM (Kocmi and Federmann, 2023) employs few-
shot prompts to guide GPT-4 in generating MQM
predictions. InstructScore (Xu et al., 2023) and
MQMQE (Geng et al., 2023a) are two representa-
tive synthetic data approaches. InstructScore gen-
erates MQM data by prompting GPT-4, whereas
MQMQE employs a translation model combined
with negative sampling to produce synthetic data.

Implementation Details. The Generator and the
Annotator for synthesizing pseudo MQM data are
based on the Transformer-Large (Vaswani et al.,
2017) architecture with a shared decoder input-
output embedding. We use the TER tool called
TERCOM* to annotate the synthetic translations
generated by the Generator. We train the QE model
using the XLMR-L backbone (Conneau et al.,
2020) for all synthetic data approaches. The ex-
periments are implemented using the open-source
Fairseq toolkit (Ott et al., 2019) and conducted on
NVIDIA V100 GPUs.

Since CometKiwi does not provide sentence-
level results for the individual model, we re-
produce sentence-level results using the released
CometKiwi-XL>. For word- and span-level re-
sults, we directly utilize the results provided in

Shttps://github.com/sheffieldnlp/mlge-pe

4https://www.cs.umd.edu/~snover/tercom/

5https://huggingface.co/Unbabel/
wmt23-CometKiwi-da-x1
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Setting Lang Model Name Sentence-level Word-level Span-level
Spearman Pearson MCC F1 F1 Prec  Recall
CometKiwi' 40.47 40.97 21.50 - 23.50 - -
GEMBA 40.06 35.12 13.21  18.17 5.40 7.50 422
23 EN-DE  InstructScore 35.03 32.85 22.54  26.60 2377 18.19 3446
§ MQMQE 37.88 25.07 22.84 2522 21.14 17.13 27.62
B DCSQE 43.17 41.64 2711 30.61 2589 21.20 33.26
[
(%* CometKiwi' 40.35 35.53 26.90 - 27.20 - -
GEMBA 33.80 32.56 16.11  18.21 9.23 8.41 1022
23 ZH-EN  InstructScore 36.40 28.00 26.05 29.54 2656 23.87 29.94
MQMQE 39.26 22.94 23.53 2649 22.01 22.65 2140
DCSQE 46.41 37.55 28.12 28.61 2771 2219 36.88
CometKiwi' 55.00 44.15  33.40 - 10.50 - -
23 HE-EN GEMBA 54.63 35.27 21.79 2839 1212 1487 10.23
InstructScore 31.72 33.18 3239 37.25 3629 30.84 44.08
MQMQE 25.90 15.66 16.19 839 23.78 23.57 2399
DCSQE 56.46 45.06 36.34 3828 39.51 4225 37.10
g InstructScore 12.08 20.16 18.97 2259 19.70 1494 2895
Z 23 EN-DE MQMQE 24.11 20.99 7.49 239 1679 19.80 14.58
5 DCSQE 35.78 37.19 18.00 2191 20.15 1627 2646
(=¥
2 InstructScore 30.46 30.11 21.71  23.88 21.60 1493 39.34
o) 23 ZH-EN MQMQE 6.52 19.35 3.07 1.13  14.05 19.80 10.89
DCSQE 37.54 28.04 2341 2645 23.67 2052 27.98
InstructScore 24.00 35.07 2232 22.05 - - -
MQMQE 40.22 36.15 12.07 4.92 - - -
22EN-DE  hosoE 41.27 4088 2436 2544 - ;
InstructScore 13.53 25.75 5.53 6.58 - - -
22 ZH-EN MQMQE -0.88 33.99 -0.35 0.00 - - -
DCSQE 26.27 44.04 10.27 11.57 - - -

Table 2: Main results on different QE test sets. We follow the setting in GEMBA-MQM (Kocmi and Federmann,
2023), which utilizes a few-shot prompt containing examples for EN-DE and ZH-EN language pairs. However,
since the prompt does not include examples for HE-EN, GEMBA-MQM is treated as a supervised method for
EN-DE and ZH-EN, while an unsupervised one for HE-EN.  The details of CometKiwi are described in the second

paragraph of Section 4.1.

the CometKiwi report (Rei et al., 2023) (where
model size is greater than or equal to XL), as the
corresponding word- and span-level models have
not been released. InstructScore is implemented us-
ing 10K synthetic data released by Xu et al. (2023).
For DCSQE and MQMQE, we generate 500K syn-
thetic data in each language pair. In Section 4.5,
we demonstrate that DCSQE remains competitive
with InstructScore when trained on 10K synthetic
data while requiring significantly lower costs. Ad-
ditional implementation details are provided in Ap-
pendix A.

Evaluations. Following WMT23 QE shared
tasks (Blain et al., 2023), sentence-level evalua-
tion utilizes Spearman’s rank correlation coeffi-
cient as the primary metric, complemented by Pear-
son’s correlation coefficient. For word-level evalu-
ation, the Matthews Correlation Coefficient (MCC)
serves as the primary metric, complemented by F1
score. For span-level evaluation, the primary metric

is the weighted F1 score, which accounts for all er-
ror severities. We mark the results with bold if the
results are statistically significant (p < 0.05) under
Williams significance test (Graham and Baldwin,
2014).

4.2 Main Results

Supervised setting. As demonstrated in Table 2,
DCSQE substantially outperforms CometKiwi de-
spite utilizing fewer parameters, achieving notable
improvements with average gains of 4.38 in Spear-
man, 3.41 in MCC, and 1.45 in F1 score. Moreover,
DCSQE significantly outperforms GEMBA-MQM,
which is based on the advanced LLM, GPT-4. Com-
pared to other synthetic methods, i.e., MOQMQE
and InstructScore, DCSQE demonstrates consis-
tent superiority, indicating that our synthetic data
is of higher quality.

Unsupervised Setting. As shown in Table 2,
both MQMQE and InstructScore demonstrate sig-
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Method SpearmanT MCC?T

DCSQE 35.78 18.00
-SPCE 30.99 15.70
-SPCE & Annotator 11.24 11.17

Table 3: Ablation studies on the WMT23 EN-DE test
set.

nificant performance declines compared to their
supervised counterparts, with reductions of 15.74
and 7.64 on average, respectively. That implies the
distribution shift problem in previous synthetic QE
data. In contrast, our proposed method achieves
superior robustness, incurring a smaller average re-
duction of 6.64 points. Moreover, DCSQE outper-
forms CometKiwi, which relies on labeled datasets
from other language pairs, on HE-EN. This indi-
cates that our synthetic data provides more relevant
QE knowledge for HE-EN compared to datasets
from different language pairs.

4.3 Ablation Study

The DCSQE framework introduces two techniques
to align the synthetic labels with human prefer-
ences: (1) leveraging the Annotator to rejudge to-
kens initially labeled as BAD by the TER tool,
and (2) applying the SPCE Algorithm to aggre-
gate token-level annotations into span-level annota-
tions. The effectiveness of these techniques within
the DCSQE framework is empirically validated in
Table 3. The results demonstrate that the Anno-
tator effectively corrects errors in coarse-grained
labels. Furthermore, the SPCE algorithm success-
fully identifies phrase spans, thereby achieving bet-
ter alignment with human preferences.

4.4 Analysis

In this subsection, we aim to investigate the con-
tributions of the Generator and the Annotator to
the performance of DCSQE. We create translation
models with varying levels of performance by train-
ing them on datasets of different sizes. We train
three translation models—S, M, and L—using
1M, 5M, and 20M distinct sentence pairs, respec-
tively. To enhance diversity while maintaining sim-
ilar performance, we then train three additional
models—S’, M’, and L'—on the remaining 1M,
5M, and 20M sentence pairs. All subsequent anal-
yses are conducted on the WMT23 EN-DE test set
in the unsupervised setting.

The model cannot fairly annotate its outputs.
As discussed in Section 3.2, the translation model

Generator Annotator Error Rate (%) SpearmanT MCCT
M M 1.60 25.91 10.36
L L 0.11 29.00 11.61
M L 19.23 35.78 18.00

Table 4: Analysis comparing individual and collabora-
tive results of deploying models L and M.

Generator Annotator SpearmanT MCCT
L M 31.19 10.08
L+ M 32.19 11.05

Table 5: The impact of diversity in Generators.

may exhibit overconfidence in its output, leading to
an increased number of “OK” labels. To investigate
that, we calculate the error rate across different set-
tings. Table 4 shows that translation models tend to
consistently assign more “OK” labels to their own
output, regardless of the model’s performance. The
poor QE performance implies that most of the “OK”
labels are false-negative. We also provide a corre-
sponding case study (Table 10 see in Appendix).

Diversity of Generators enhances QE perfor-
mance. To investigate the impact of the Genera-
tor’s diversity on the QE performance, we employ
L and L' to generate synthetic data. We quantify
the diversity between L and L’ by calculating the
BLEU score between their output for the same
source. The average BLEU score on Flores-200°
is 80.06. The diversity result in distinct translation
errors, which are more likely to comprehensively
cover realistic errors. As a result, as shown in
Table 5, generating diverse synthetic data for the
identical parallel pair also enhances the QE perfor-
mance.

The capacity of the Generators must be bal-
anced. If the Generator is too strong, the generated
data will have few errors, limiting learning opportu-
nities; if the Generator is too weak, the data will be
too noisy or unrealistic. To investigate this point,
we measure the Error Rate of synthetic transla-
tions and the Similarity between synthetic and real
translations across different Generators in Table 6.
To be specific, the Similarity is measured by the
BLEU score, which calculates between synthetic
translations and the “real” translations from the
WMT2023 QE validation set.

To isolate the individual impact of each factor on
QE performance , we employ the following down-
sampling strategy to select subsets of translations

6https ://github.com/facebookresearch/flores/
blob/main/flores200/README.md
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Figure 3: Impact of Generator metrics on synthetic data quality in sentence-level and word-level tasks. The first row
represents the sentence-level results. The second row represents the word-level results.

Generator Error Rate (%) BLEU
S 32.68 31.02
M 27.02 43.08
L 0.58 51.13

Table 6: Metrics on Generators.

from one Generator—referred to as the original
Generator—that match the Error Rate distribution
of another Generator. Specifically, we begin by
sampling a set of Error Rate scores from the Er-
ror Rate distribution of one Generator. For each
sampled Error Rate score, we select a translation,
whose Error Rate score is closest to the sampled
score, from the original Generator. All samples
are drawn without replacement. This downsampled
subset retains the translation style (Similarity) of
the original Generator while mirroring the Error
Rate distribution of another Generator.

We consider three experimental settings. In the
“Fixed Similarity”, we fix the Similarity by exclu-
sively deploying model M as the original Generator
and downsample three subsets to mirror the Error
Rate distribution of S, M, and L. Conversely, in
the “Fixed Error Rate”, we exclusively mirror the
Error Rate distribution of M and downsample data
from original Generators S, M, and L to diversify
the Similarity level. We also include the “DCSQE”
for comparison. As shown in Figure 3, when the
Similarity is fixed, the performance degradation as
the Error Rate decreases. Similarly, when the Er-
ror Rate is fixed, the performance improves with
increasing Similarity. That explains why DCSQE

Generator Annotator Spearman{ MCCYT
M Mamateur 29.12 13.84
M M’ 30.43 15.01
M L 35.78 18.00

Table 7: Comparison among different Annotators.

achieves the highest performance using Generator
M.

Enhancing the capacity of annotation model
with supervision signals is helpful. There are two
possible solutions to enrich the Annotator’s trans-
lation knowledge: (1) leveraging the parallel data
from the Annotator’s training set for synthetic data
generation, and (2) expansion of the training cor-
pus. To evaluate their effectiveness, we conduct a
comparative analysis of performance across differ-
ent Annotators in Table 7. The Mymateur denotes the
Annotator is not trained on the parallel pair for the
generation. The results demonstrates that both solu-
tions enhance the capacity of the annotation model
resulting in better QE performance. The case study
(Table 11 see in Appendix) demonstrates a similar
conclusion.

4.5 Generation Cost

We measure the generation cost for various syn-
thetic data approaches using 10K samples. As
shown in Table 8, DCSQE generates synthetic data
14.29x faster than InstructScore. Meanwhile, with
the same amount of synthetic data, DCSQE also
achieves a notable improvement of 14.29 in the
Spearman score with slight decline of 1.76 in MCC.
Despite introducing rejudge and SPCE algorithm,
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DCSQE does not substantially increase computa-
tional complexity, requiring only 3.12x the time-
lapse of MQMQE. Further analysis of DCSQE time
overhead is provided in Section D.

Method Generation Time (ms) | Speed 1
MQMQE 32.76 44.65 x
InstructScore 1462.64 1x
DCSQE 102.36 14.29x

Table 8: Average generation time per sample of different
synthetic data methods on a single V100 GPU.

5 Related Works

Early QE approaches predominantly relied on
handcrafted features (e.g. alignment-based con-
fidence (Specia et al., 2013), source complex-
ity (Scarton et al., 2015; Shah et al., 2015)) de-
signed to capture linguistic and statistical indica-
tors. Recently, Fomicheva et al. (2020b) and Zheng
et al. (2021) regard generation probability of neural
models as QE features.

CometKiwi (Rei et al., 2023) aims to trans-
fer QE knowledge by leveraging labeled datasets
across diverse annotations and languages. How-
ever, this idea still faces the pitfall of distribution
shift, as highlighted in (Zouhar et al., 2024), pri-
marily due to the scarcity of QE data. To address
this limitation, synthetic data generation methods
have emerged. (1) Negative sampling-based ap-
proaches like DirectQE (Cui et al., 2021) and
MQMQE (Geng et al., 2023a), utilize translation
models to generate synthetic errors through neg-
ative sampling, then directly regard error rate as
sentence-level scores; (2) BSQE (Tuan et al., 2021)
and CBSQE (Geng et al., 2023b), which generate
synthetic translations based on search algorithms
and derive labels by matching synthetic translations
with references. In this work, we aim to alleviate
the distribution shift problem by leveraging super-
vision signals and increasing model diversity.

6 Conclusion

The distribution shift of synthetic data poses a
persistent challenge in the QE field. To address
this challenge, we propose the DCSQE framework,
which mitigates distribution shift by leveraging
translation references, a form of translation super-
vision signal, to guide the generation of both di-
verse synthetic translations and their corresponding
synthetic labels. Experiments show that DCSQE

achieves SOTA results in both supervised and unsu-
pervised settings. Furthermore, our analysis under-
scores some insights for synthetic data generation,
which could benefit synthetic data methods for gen-
eral reward models.

Limitations

Our framework is subject to several limitations.
Firstly, while synthetic data quality correlates
with the translation performance of the Annota-
tor, where higher-performance synthesized data is
more aligned with human preferences, we did not
explore LLMs as Annotators due to computational
constraints. Secondly, although our method proves
effective in high-resource settings, its robustness in
extreme data scarcity scenarios (i.e. even parallel
datasets are unavailable) needs further validation.
Thirdly, our insights for synthetic QE data could
be applied to general reward models, which need
further exploration.
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A Experiment Details

A.1 Data statistics
A.2 Generator & Annotator

The model parameters are optimized using the
Adam optimizer, configured with 5; = 0.9 and
B2 = 0.98. The initial learning rate is set to 5e-4,
and the inverse square root learning rate scheduler
is employed with 6000 warm-up steps. Model pa-
rameters update every 20 batches and the batch is
configured to 13,650. The dropout rate is set to 0.3,
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Type Dataset Split Size
WMT23 EN-DE Train 45M

Parallel data WMT23 ZH-EN Train 30M
WMT23 HE-EN Train 35M
WMT23 EN-DE Train & Valid 150K
WMT23 ZH-EN Train & Valid 200K

WMT23 EN-DE Test 1887

MQM data WMT23 ZH-EN Test 1664
WMT23 HE-EN Test 1134

WMT22 EN-DE Test 511

WMT22 ZH-EN Test 505

Table 9: Statistics of the datasets.

and the weight decay is set to 1e-4. The training ob-
jective employs the label-smoothed cross-entropy
criterion with eps = 0.1. The training stops early
if there are no improvements in validation perfor-
mance for the last 15 epochs.

We use the TER tool called TERCOM to an-
notate the synthetic translations generated by the
Generator.

A.3 InstructScore

By providing the references only, Instructscore
prompts the GPT-4 to generate German and English
synthetic translations along with explainable texts.
We get these data from their public repository?.
To construct the synthetic sources, we translated
the German sentences into English and translated
the English sentences into Chinese and Hebrew
using Google Translate. Following this, regular
expressions are employed to extract MQM labels
from the explainable texts. These labels are then
systematically organized alongside the correspond-
ing sources and translations, resulting in a unified
MQM dataset structured for analysis.

A4 GEMBA-MQM

We adopt the same configuration as GEMBA-
MQM (Kocmi and Federmann, 2023), but utilize
the gpt-4-0125-preview model, and structured QE
data is extracted from the regular expression.

A.5 Preprocess

We use the sacremoses toolkit® to normalize and
tokenize the parallel sentences. For the Chinese
sentences, we utilize pkuseg (Luo et al., 2019) for
Chinese word segmentation.

"http://www.cs.umd.edu/~snover/tercom/

8https://github.com/xu1998hz/InstructScore_
SEScore3

*https://github.com/alvations/sacremoses

A.6 Pretraining and Finetuning

For unsupervised experiments, 4 NVIDIA V100
GPUs are used to train the QE models. The learn-
ing rate is set to 1e-6 for the EN-DE direction and
le-5 for the ZH-EN & HE-EN direction. The model
parameters are optimized using the Adam opti-
mizer, configured with 5; = 0.9 and 52 = 0.999,
and the clip norm is set to 1.0 During training, we
set the maximum number of sentences in a batch
to 15, and the update frequency is set to 20. The
word-level “OK” label weight is twice the ratio of
“BAD” to “OK” labels in the synthetic data while
the “BAD” label weight is fixed to 2.0. The train-
ing stops early if there are no improvements in
validation performance for the last 15 epochs.

For supervised experiments, one NVIDIA V100
GPU is used to train the models. The model pa-
rameters are optimized using the Adam optimizer,
configured with 5; = 0.9 and By = 0.999, and
the clip norm is set to 1.0. The learning rate is
set to 1e-6 for the EN-DE direction and 7e-6 for
ZH-EN direction. During training, we set the maxi-
mum number of sentences in a batch to 15, and the
update frequency is set to 20. The training stops
early if there are no improvements in validation
performance for the last 15 epochs.

A.7 Inference

For the span-level task, we performed a greedy
search to optimize thresholds for categorizing MI-
NOR, MAJOR, and CRITICAL severity for each
language direction. This optimization is conducted
on the WMT2023 QE validation set for EN-DE
and ZH-EN, and on a subset of the test set with
100 entries for HE-EN. The t For the sentence-level
task, we calculated scores by averaging the regres-
sion score and the MQM score derived from the
span-level results.

B Details of SPCE algorithm

The pseudo-code for the implementation of the
SPCE algorithm is presented in Algorithm 1.

The SPCE algorithm depends on models for
dependency parsing. However, compared to QE
tasks, dependency parsing is a well-established
NLP task that has been extensively studied for
decades, with significantly more available re-
sources. For instance, the Universal Dependen-
cies (UD) project (Nivre et al., 2020) covers over
150 languages with 200 treebanks. To further im-
porve the performance on low-resource languages,
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TowerParse (Glavas and Vulié, 2021) leverages a
heuristic data selection strategy to automatically
identify suitable training data from UD for any tar-
get language, achieving competitive results. In this
work, we utilize the Stanza toolkit (Qi et al., 2020)
to perform dependency parsing on the synthetic
translations.

C Case Study

Section 4.4 demonstrates that the model exhibits
overconfidence in its own outputs, resulting in erro-
neous “OK” labels. For example, in Table 10, the
words “sind” and “einem” are incorrectly labeled
as “OK” by model M itself, despite being gram-
matical errors. Deploying another model M’ as
the Annotator helps mitigate this issue. Leveraging
the SPCE algorithm, the phrase “sind in einem” is
correctly identified as a complete unit and labeled
as “BAD”. "privaten Vorstellung" and “Privatshow”
are synonyms, and the former has been correctly
rejudged as “OK”.

Source Helena Anderson is in a private show

Reference

Helena Anderson sich in einer Privatshow

Generator )M
Annotator M
Annotator M’

Helena Anderson sind in einem privaten Vorstellung
OK OK OK OK OK OK OK
OK OK BAD BAD BAD OK OK

Table 10: A Case Study illustrating the model exhibits
overconfidence in its own outputs. Model M consis-
tently assigning the OK labels to all tokens generated
by itself.

Section 4.4 demonstrates that supervision sig-
nals is helpful for enhancing the capacity of an-
notation model. In Table 11, the word “Antrage”
is correctly labeled as “BAD” by model Mymateur-
However, the assigned error severity is incorrect.
Since Annotator M’ has been trained on this spe-
cific parallel sentence, it provides the correct error
severity and additionally identifies another error,
the word “aufgenommen”. Furthermore, Annotator
L', possessing more advanced translation capabil-
ity, produces entirely accurate annotations.

Several anecdotes are included .
Viele Anekdoten sind dariiber iiberliefert .

Source
Reference

Generator M
Annotator Mymateur
Annotator M’
Annotator L'

Es werden mehrere Antrige aufgenommen .
OK OK OK MAJOR OK OK

OK OK OK CRITICAL CRITICAL OK
OK OK OK CRITICAL MINOR OK

Table 11: A Case Study illustrating the distinction be-
tween Annotator Mymaeur» M’ and L with Generator
M.

Slabele Device Calculation Time (ms) Proportion (%)
1 GPU 10.37 10.13
2 CPU 0.24 0.23
3 GPU 4.11 4.02
4 CPU & GPU 87.64 85.62

Table 12: Time Analysis of DCSQE.

D Time Analysis

DCSQE can be divided into four stages: (1) Synthe-
size Translations with the Generator, (2) Synthesize
coarse-grained labels with TER tool, (3) Refining
labels with the Annotator, (4) Aggregate the results
with the SPCE algorithm. We counted the time
spent on each stage in Table 12.

E Convergence Efficiency.

Higher-quality synthetic data can accelerate train-
ing convergence. To evaluate the convergence ef-
ficiency of different methods, we plot the learning
curve on the WMT2022 validation set in Figure 4.
For both sentence-level and word-level tasks, CB-
SQE demonstrates faster convergence compared to
MQMQE, ultimately achieving the highest perfor-
mance.

Sentence-level Task Word-level Task
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Figure 4: Training steps vs. Spearman or MCC score
of different methods on the different task in WMT23
EN-DE QE validation set.

F Amount of Synthetic Data

We examine the impact of data size on the per-
formance of DCSQE. To this end, we conduct a
series of experiments utilizing varying amounts of
parallel sentence pairs from the WMT23 EN-DE
dataset. As illustrated in Figure 5, for all the tasks,
synthetic data methods demonstrate significant per-
formance improvements as the data size increases.
Notably, this upward trend persists and does not
exhibit convergence until reaching a scale of SM
parallel pairs.
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Algorithm 1 Shortest Phrase Covering Errors.
Input: The error interval {i, ...}, the dependency tree 7°
Output: The shortest phrase covering errors {/,...,7}.
Pcu'r’ — {l, v 7T}7 Plast — @
while Py, st # Peyr do

Plast A Pcur
# Least common ancestor of selected words in the dependency tree T .

1:
2:
3
4:
5. a:=LCA(T, Peuwr)
6
7
8
9

# Make the selected words form a dependency subtree.
for all p € P, do
while p is not a do
: p := get_parent(T, p)
10: Pewr — Peur U {p}
11: end while
12:  end for
13:  # Make the selected words that make up the phrase consecutive.
14 [ = min(Peyr ), 7 := max(Peyr)
15:  forallie {[,...,7} do
16: Pewr «— Peur U {1}
17:  end for
18: end while
19: return {[,... 7}

Translation Error Type w/o Synthetic Data w/ Synthetic Data
accuracy/addition 74.22% 85.39%
accuracy/creative reinterpretation 21.42% 35.57%
accuracy/mistranslation 43.50% 59.23%
accuracy/source language fragment 46.09% 55.87%
fluency/grammar 31.31% 47.79%
fluency/inconsistency 26.60% 38.38%
fluency/punctuation 32.64% 42.39%
fluency/register 27.00% 39.00%
fluency/spelling 32.91% 43.18%
locale convention/currency format 56.67% 56.67%
locale convention/date format 50.00% 100.00%
locale convention/time format 0.00% 40.00%
style/bad sentence structure 31.95% 38.96%
style/unnatural or awkward 32.01% 43.47%
terminology/inappropriate for context 27.74% 38.41%
terminology/inconsistent 26.67% 33.33%
non-translation! 26.38% 63.83%
other 43.07% 53.92%

Table 13: Comparison of error detection accuracy with and without synthetic data across translation error types.

G Threshold Sensitivity robustness across different datasets.

In DCSQE, the thresholds can be easily acquired In our experiments, we apply the same thresh-
by small size validation sets for each language pair ~ olds derived from the WMT2022 validation dataset
which are available in most real world scenarios.  to both the WMT2022 and WMT2023 test sets. As
For a given language pair, these thresholds exhibit ~ shown in Table 2, DCSQE still achieves consistent
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Figure 5: Spearson or MCC score on the WMT23 EN-
DE QE test set using different amounts of parallel pairs.

performance across different test sets for both EN-
DE and ZH-EN language pairs. Notably, there ex-
ist significant differences between WMT2022 and
WMT2023 test sets as discussed in (Blain et al.,
2023).

H Completeness of Error Modeling

Alignment between translations and references is
generally effective in identifying most translation
errors, as these typically appear as discrepancies
with the references. Our manual inspection of 100
randomly sampled synthetic instances, does not
reveal any undetected errors (i.e., false-positives
labels). This observation is consistent with the
finding in CBSQE (Geng et al., 2023b), which re-
ports that the TER tool frequently produces false-
negative labels but rarely false positives.

To more comprehensively validate the compre-
hensiveness of error modeling in DCSQE, we com-
pare the error detection accuracy of models with-
out/with DCSQE synthetic data pre-training across
various error categories. Since error category la-
bels are only available in training data, we use
the WMT2024 training set'® which is never ex-
posed during our model training. The experimen-
tal results demonstrate significant improvements
in nearly all error categories (including semantic
errors), as shown in the Table 13. This finding con-
firms that our synthetic data encompasses diverse
error types.

10https ://github.com/google/
wmt-mgm-human-evaluation/tree/main/generalMT72023
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