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Abstract
This paper presents an empirical audit of the widely used RWTH-PHOENIX-2014T corpus, examining its
suitability as a benchmark for sign language recognition and translation. Through human annotation of
the training set and extensive sign-to-text back translation of the test set, we provide detailed statistics
that indicate substantial quality issues, including information loss and lexical errors. Automatic scores
comparing human sign-to-text back translations to the original speech-transcribed references are remark-
ably low, suggesting strong translationese effects and substantial paraphrasing, revealing limitations
of lexical metrics in adequately scoring translation quality. Replacing the original speech-transcribed
references with human sign-to-text back translations while scoring existing sign language translation
systems reveals the lack of robustness of system evaluation with lexical metrics against this test set.
Our findings highlight risks associated with relying on this corpus for model evaluation and call for
more rigorous, linguistically grounded evaluation practices in sign language technology research. The
back-translated test set and error annotations are made publicly available.
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1. Introduction

Sign language technology is in its early stages,
and the research community has recently
become increasingly active in its efforts to
achieve significant progress. Automatic recog-
nition (SLR) and translation of sign language
(SLT) are two of the most promising, but also
most challenging, application areas. Progress
in these areas depends on state-of-the-art
machine learning methods, which in turn re-
quire sound automatic evaluation protocols
and high-quality test sets. Motivated by the
belief that evaluation protocols should them-
selves be critically examined for robustness
and validity, we investigate commonly used
evaluation practices for research on sign lan-
guage processing.

We focus on the most widely used test set in
German sign language processing research,
the RWTH-PHOENIX-2014T corpus (hereafter
referred to as “PHOENIX”), which has been
used as a benchmark for hundreds of research
experiments. Despite its significance to the re-

search community, several limitations of the
corpus have already been noted in prior work.
We revisit these concerns and provide a more
detailed empirical analysis of the corpus, with
a particular focus on the test set, its limita-
tions, and the implications for evaluation prac-
tice. Beyond the corpus audit itself, we ex-
amine benchmark stability under original and
sign-to-text back-translated reference condi-
tions. Our goal is to raise awareness of poten-
tial weaknesses in current evaluation setups
and to encourage more rigorous and linguis-
tically grounded evaluation practices in sign
language technology research.

In Section 2 we review relevant back-
ground, prior work and resources: we recap
standard evaluation protocols, describe the
RWTH–PHOENIX–2014/2014T corpus, sum-
marise other published DGS datasets, and
outline the main criticisms motivating our audit.
The research questions and analysis design
are presented in Section 3. The experimental
setup, including sampling, human error annota-
tion of the training set, test set back translation,



81

automatic scoring, and benchmark evaluation
is described in Section 4. We then report quan-
titative findings in Section 5, and conclude with
recommendations for evaluation practices and
dataset use in Section 6.

2. Background

In this section we summarise common evalua-
tion protocols in sign language translation, de-
scribe the RWTH-PHOENIX-2014/2014T cor-
pus and related DGS resources, and review
previously noted limitations that motivate our
audit.

2.1. Evaluation Protocols

Current SLT development relies heavily on
state-of-the-art machine learning methods and
models trained on large amounts of parallel
data (training sets), i.e. datasets that repre-
sent the same content in both source and tar-
get language. In machine learning, automatic
evaluation protocols are used in order to pro-
vide quick feedback during development, and
to guide decisions and settings for the cre-
ation of the models (Kohavi, 1995; Hastie et al.,
2009). Such protocols typically consist of one
or more automatic evaluation metrics, and a
test set (Landy et al., 1978; Arlot and Celisse,
2010).

The test set is a parallel corpus that is not
part of the training data, and therefore also
referred to as a “blind” or “hold-out” set. The
source side is provided to the trained trans-
lation model, and the resulting output is com-
pared against the target side of the test corpus
(reference translation), providing a numerical
result indicative of the translation performance
(Papineni et al., 2002; Rei et al., 2020). These
scores allow comparison across models and
can inform model selection, or, under compar-
ative ablation analyses, indicate which settings
or design decisions should be kept (Och, 2003;
Demšar, 2006).

The use of such an evaluation protocol rests
on the following assumptions: (a) that the auto-
matic evaluation metric provides a quality judg-
ment that approximates that of users (Callison-
Burch et al., 2008; Mathur et al., 2020) and
(b) that the test set has the necessary prop-
erties so that the findings of the evaluation

generalise to the use cases relevant to the au-
dience of the model or the performed analysis
(Dwork et al., 2015). In this work, we focus on
(b).

An important requirement of a test set is that
it is itself of high quality. For machine transla-
tion, two properties are particularly important:

• the source content of the test set should
be understandable in its own right, for ex-
ample by a competent human translator,
and

• the reference translations should be ac-
curate translations of the source, since
automatic metrics rely on them to provide
meaningful statistics over model output
(Freitag et al., 2020).

These aspects form the basis of our analysis.

2.2. The PHOENIX Corpus

RWTH-PHOENIX-Weather 2014/2014T (Stein
et al., 2010; Forster et al., 2012, 2014) is
a benchmark corpus for German Sign Lan-
guage (DGS)-based continuous sign language
recognition and translation. It is built from Ger-
man public TV weather forecasts with simul-
taneous sign-language interpretation, and is
widely used for SLR/SLT research and base-
lines. The corpus name derives from the name
of the TV channel, Phoenix, which relays the
news of the first channel of the public broad-
caster with additional live sign language inter-
pretation. The channel itself has been named
after the mythical bird phoenix that rises from
its own ashes,1 symbolising a “media-political
correction” and a fresh start for in-depth infor-
mation.2

The signer videos are cropped to the inter-
preter inset (“interpreter box only”) recorded
at 25 fps with a frame size of 210×260 pixels,
on a controlled grey background with signers
wearing dark clothing to ease vision-based pro-
cessing. The corpus provides sentence- and
gloss-level annotations for continuous signing,

1Herodotus, Histories 2.73 “There is also an-
other sacred bird called the phoenix, which I did
not myself see except in painting...”; used for the
title of the paper.

2History of the broadcaster, Phoenix website,
retrieved on 15 Feb 2026.

https://www.phoenix.de/der-sender/geschichte-des-senders-a-137869.html
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as well as parallel spoken-language text. On
the spoken-language side, the German text is
a semi-automatic ASR transcript of the presen-
ter’s speech. An open-source speech recogni-
tion system was applied to the audio stream of
the videos, and the recognition output was
then manually corrected by native German
speakers. Each SLT instance can therefore
be represented as a triplet consisting of video,
gloss sequence, and German text.

The latest release (2014T) contains roughly
0.95 million frames, >67k signs from a
∼1k-sign vocabulary, and >2.8k German word
types, with standard train/dev/test splits, and
the source comprises ∼386 weather editions
recorded between 2009–2011. In addition
to the corpus itself, the maintainers also dis-
tribute precomputed features, scoring tools
and documented baselines for both multisigner
SLR and SLT setups, which has contributed to
making PHOENIX a de-facto standard for quan-
titative comparisons in sign-language process-
ing.

Citation statistics3 reveal that the corpus ap-
pears to have been used for more than 300
experiments since it was first published in 2010
(Stein et al., 2010), and it is still very actively
used in recent publications. Since 2020, when
experiments on machine learning over sign
languages spiked, more than 30 experiments
per year report their results on PHOENIX. Its
use is stable over the years, as these numbers
are maintained during 2025.

2.3. Other German Sign Language
Datasets

To situate PHOENIX within the broader DGS
resource landscape, we summarise other pub-
lished datasets for German Sign Language.
The flagship linguistic resource is the Pub-
lic DGS Corpus (MY DGS–annotated; Hanke
et al., 2020), released in several waves by
the DGS-Korpus project with multi-portal ac-
cess, rich manual annotations, and even
pose tracks. Earlier DGS resources include
SIGNUM, a signer-independent corpus with
25 native signers, 450 lexemes and 780 sen-
tences (von Agris and Kraiss, 2010), and
the ATIS Sign Language corpus that pro-

3Google Scholar and Semantic Scholar

vides DGS alongside other languages within
an air-travel domain (Bungeroth et al., 2008).
Multilingual projects that include DGS com-
prise Dicta-Sign, a four-language corpus
(BSL, DGS, GSL, LSF) with harmonised elic-
itation materials and multi-camera capture
(Matthes et al., 2012). Recent additions in-
clude DGS-Fabeln-1, a parallel collection of
German text and DGS fairy-tale interpreta-
tions recorded from multiple angles (Nunnari
et al., 2024), and larger broadcast-based com-
pilations such as the TUB Sign Language
Corpus Collection (Avramidis et al., 2025).
This overview shows that the prominence of
PHOENIX in benchmark-driven SLT research
should be understood against the background
of other corpora with different properties and
intended uses.

2.4. Prior Criticism of PHOENIX

Several limitations of PHOENIX have already
been discussed in the literature, including by
the creators of the corpus themselves. Stein
et al. (2010) criticise the real-time interpret-
ing situation, pointing to bias toward spoken
German grammar, omissions in signed output,
and limitations for high-quality linguistic anal-
ysis and translation evaluation. Forster et al.
(2012) note the compactness of the weather
domain, motion blur due to fast signing and
the 25 fps frame rate, the amount of single-
ton glosses, and loose spoken–signed paral-
lelism as issues for recognition and transla-
tion tasks. Forster et al. (2014) explicitly state
that the simultaneous interpreting setup af-
fects spatio-temporal organisation, differs from
“real-life” deaf signer language, and that the
corpus is not intended primarily for linguistic re-
search. They also mention loose translations
and out-of-vocabulary/signature sparsity.

Other work has raised related concerns.
Bragg et al. (2019) survey SL datasets
and highlight general limitations: small
signer pools, constrained domains (such as
weather/news), interpreted rather than natu-
rally produced sign language, and mismatch
with real-world language use, with PHOENIX

as a central example. When reviewing sign
language datasets, De Sisto et al. (2022)
note that PHOENIX lacks annotation of non-
manual features, whereas the fact that the

https://scholar.google.gr
https://www.semanticscholar.org
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annotation guidelines of the existing glosses
are not publicly available may raise a trans-
parency issue. Müller et al. (2023) discuss the
live interpretation and translationese effects
such as omission of information and influence
from German grammatical structure, the to-
kenization and removal of punctuation from
the spoken language text, and the glossing
quality, stating that “from a scientific point of
view achieving higher gloss translation qual-
ity on the PHOENIX dataset is near meaning-
less”. Additionally, they note that PHOENIX

is overused as a dataset, which is reminis-
cent of the overuse of MNIST (LeCun et al.,
2010) in machine learning, and the WMT14
English-German test set (Bojar et al., 2014)
in machine translation of text (Vaswani et al.,
2017). A recent study of automatic SLT evalu-
ation (Yazdani et al., 2026) uses PHOENIX to
highlight the limitations of text-based metrics.

While not explicitly referring to PHOENIX, the
Sign Language Dataset Compendium (Kopf
et al., 2022; Schulder et al., 2025) excluded
this dataset from its selection, possibly be-
cause it does not fulfill the curation criterion
of containing natural non-interpreted sign lan-
guage.

Prior SLT experiments run on both PHOENIX

and the Public-DGS corpus (e.g. Angelova
et al., 2022; Zhu et al., 2023) also indicate a
large discrepancy between the automatic eval-
uation scores and the perceived translation
quality, for models trained and tested on the
two corpora, with the scores for Public-DGS
being much lower than the ones of PHOENIX.
This might point to the differences in language
complexity and domain spread between the
corpora, but also motivates a further inspec-
tion of PHOENIX.

3. Methods

In this study, we proceed with the following
research questions:

General quality issues of the corpus.
Whereas several quality issues have been
highlighted in previous work, we aim to ob-
tain systematic quantitative evidence about the
quality issues of the corpus. Because the Ger-
man text derives from broadcast subtitles/ASR

text rather than a direct translation of the sign-
ing, we treat it as weak supervision and per-
form an error annotation of the training set
based on a comparison of the glosses with
the original German transcription (Sections 4.1
and 5.1). We focus on the training partition,
since our goal is to identify corpus-level qual-
ity issues rather than properties specific to
the test set alone. To keep the annotation
effort manageable while still covering the cor-
pus broadly, we perform the annotation on a
structured sample. The annotation is inspired
by the Translation Error Rate (TER; Snover
et al., 2009, 2006) and uses the following error
categories:

• information missing in the glosses,
• information missing in the German text,
• lexical errors, and
• minor differences that do not significantly

affect translation adequacy.

The “reordering” error label of TER was ex-
cluded due to the structural difference in word
order between spoken German and DGS.

Quality of the test set. Given the central
role of test set quality in automatic evalua-
tion, we additionally examine to what extent
the signed content is understandable to a flu-
ent DGS signer working independently of the
corpus annotations. For this purpose, they
produced a back translation of the test set by
watching the videos without access to either
the glosses or the German transcribed text
(Sections 4.2 and 5.2). The aim is to approx-
imate what a competent human viewer can
recover from the signed videos alone, which is
also the basic expectation placed on automatic
systems evaluated on this material. To obtain
an additional indicator of interpretability, the
signer recorded their translation confidence for
each item. Obvious technical problems in the
video material were also flagged, since such
issues may directly affect comprehensibility.

Divergence between back translation and
German transcription under automatic met-
rics. We want to assess semantic preserva-
tion under the assumed conditions of noise
and weak parallelism. Additionally, we want to
know to what extent the automatic metrics can
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measure this semantic preservation. We there-
fore perform automatic scoring of the hu-
man translations using the original German
text as a reference (Sections 4.3 and 5.3).
The automatic scoring is performed with the
lexical state-of-the-art machine translation au-
tomatic metric BLEU (Papineni et al., 2002),
commonly reported in SLT experiments. Ad-
ditionally, we report ChrF++ (Popović, 2017),
TER (Snover et al., 2009), and BLEURT (Zan
et al., 2024) scores.

Effect of sign-to-text back translation on
scoring existing systems. We conduct an
additional evaluation of previously reported
SLT system outputs under different reference
conditions. While the previous question fo-
cuses on how a human signer’s back trans-
lations compare to the official PHOENIX refer-
ences, the present experiment asks a comple-
mentary question: whether comparative sys-
tem evaluation remains stable when uncertain
evaluation items are removed, and the refer-
ence side is grounded more directly on the
signed videos.

4. Experiment Setup

For this evaluation, both the test set and the
training set were manually analysed by a hu-
man annotator through error annotation and
back translation, respectively.4

4.1. Error Annotation of the Training Set

The training set of PHOENIX consists of 7096
pairs of gloss sequences and corresponding
German sentences. A structured sample of
307 sentence pairs was annotated by one deaf
fluent L2 DGS signer, requiring 25 person-
hours in total.

The annotated sentence pairs were selected
by starting at the beginning of the training set
and sampling blocks of ten to eleven consecu-
tive items at regular intervals, first in steps of
100 up to sentence 1500, and then in steps of
500 until the end of the corpus. This sampling
strategy was chosen to obtain a structured

4The material is publicly available at https:
//github.com/DFKI-SignLanguage/
sacre-bird-phoenix

overview of gloss and text quality throughout
the full training set while covering material as-
sociated with each of the nine signers.

4.2. Sign-to-Text Back Translation of the
Test Set

The test set consists of 642 video files of nine
sign language interpreters. As part of our anal-
ysis, all of these files were back translated, ei-
ther fully or partially, by one deaf fluent L2 DGS
signer. The signer spent 55 person-hours on
this task. For each item, they recorded a trans-
lation confidence score of 0, 0.5, or 1, where 1
indicates high confidence, 0.5 indicates partial
or medium confidence, and 0 indicates that
no reliable back translation could be produced.
In addition, each video was marked for the
presence or absence of noticeable technical
quality problems using a binary flag (0, 1).

4.3. Scoring of Human Translation

We compute the metrics BLEU, chrF++ and
TER to score the human back translation
against the original German text reference.
Scores were computed with SACREBLEU

(Post, 2018). We repeat the scoring for 3 dif-
ferent versions of the back translation: transla-
tions for which the signer reported high confi-
dence, translations for which they reported at
least medium confidence, and the full set of
back translations (including cases that could
only be translated incompletely or not at all).

4.4. Benchmark Evaluation with Original
and Sign-to-Text References

We evaluated one gloss-based and three
gloss-free systems spanning a broader range
of quality. The evaluated systems were
TwoStream-SLT (Chen et al., 2022), SpaMo
(Hwang et al., 2025), SEM-SLT (Hamidullah
et al., 2024), and Signformer (Yang, 2024).
The original PHOENIX test set scores serve
as a baseline over the full test set of 642 items.

In addition, we evaluated the subset of
462 items for which a back translation with
confidence score 1 was available. For this
high-confidence subset, system outputs were
scored under three reference conditions: us-
ing the original PHOENIX references only, us-
ing the back-translated references only, and

https://github.com/DFKI-SignLanguage/sacre-bird-phoenix
https://github.com/DFKI-SignLanguage/sacre-bird-phoenix
https://github.com/DFKI-SignLanguage/sacre-bird-phoenix
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Error type sentences percentage

Information missing in glosses 97 31.6%
Information missing in text 13 4.2%
Lexical errors 33 10.7%
Minor differences 165 53.7%

Total annotated parallel sentences 307 100%

Table 1: Error annotation of the training set

using both jointly in a two-reference setting.5

This design allows us to separate three effects:
the difference between the full benchmark and
its subset having uncertain evaluation items
removed, the effect of replacing the official ref-
erence with a sign-to-text back translation on
the same items, and the effect of allowing both
reference formulations simultaneously.

Before scoring, outputs and references were
normalised in the same way in order to re-
duce superficial mismatches caused by for-
matting conventions. Specifically, all text was
lowercased, a full stop was added at the end
of each sentence, and numbers were written
out in words following the conventions of the
official PHOENIX German references. Auto-
matic evaluation was then carried out with
BLEU for all conditions and with BLEURT for
the single-reference conditions. We focus on
BLEU because it is the dominant metric in
published PHOENIX-based work and therefore
most directly reflects prevailing benchmark
practice. BLEURT is included as a comple-
mentary semantics-oriented metric that is less
dependent on exact lexical overlap. The two-
reference condition was evaluated with BLEU
only.

5. Results

We report findings from the corpus audit, in-
cluding the manual annotation and back trans-
lation, automatic scoring, and benchmark re-
sults under different reference conditions.

5.1. General Quality Issues of the Corpus

The results of the error annotation on the train-
ing set can be seen in Table 1. Out of the

5The two-reference setting was done only for
BLEU as BLEURT does not support multiple refer-
ences.

307 annotated pairs of gloss sequences and
corresponding German text, substantial qual-
ity issues were found in a considerable pro-
portion of them. The glosses were missing
information as opposed to what was provided
in the reference text in 31.6% of the pairs. In
4.2%, information present in the glosses was
missing from the written German text. Lexical
errors, such as mistranslations, could be found
in 10.7% of the pairs, some of them as signif-
icant as different numbers or months. Only
53.7% of the pairs contained none or only mi-
nor differences that did not meaningfully affect
translation adequacy.

The lexical errors varied in severity: some
involved relatively minor meaning differences,
such as good vs. exciting, clouded vs. heavy
clouds, evening vs. night, rain vs. storm. Oth-
ers were more consequential, including mis-
matches in numbers or place references, e.g.
mostly vs. partially, seven vs. minus seven,
North vs. Baltic Sea, and February vs. Au-
gust6.

Quality issues did not appear to be evenly
distributed across the sampled material. Some
sampled blocks associated with particular
signer material appeared more affected than
others, especially in the handling of locations,
indices, and references to previous sentences.
Among our 27 sampled blocks, there was only
one annotated block of eleven consecutive
pairs without considerable issues.

5.2. Back Translation of the Test Set

The back translation statistics for the test set
are shown in Table 2. Out of the 642 video
clips of the test set, 72% were back translated

6There are signs for February and August that
are identical in hand form and movement, but have
different mouthings. Still, in PHOENIX, glosses and
reference text refer to different months.
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Back translation status sentences percentage

Successful 462 72.0%
Issues due to video quality 78 11.2%
Not translated because of lexical issues 17 2.6%
Incomplete due to unclear location signs 26 4.1%

Total number of videos 642 100%

Table 2: Statistics on the back translation of the test set

with high confidence by the annotator. 11.2%
of the videos were found to have at least one
noticeable quality problem, such as signs be-
ing cut off at the beginning or end, poor video
quality, or the signer’s face or hand movements
not being visible due to overlapping text.

The translator also reported difficulties in
the back translation, such as the frequently
unclear use of region-specific location signs in
4.1% of the videos, and dialectal differences
between signers. An example of this was
“Donnerstag” (Thursday) being signed differ-
ently by Signer01 and Signer05, and Signer03
and Signer05 using different signs for “Schnee”
(snow). While dialectal and regional variation
is a normal and expected property of DGS
rather than an error or deficiency, this can af-
fect the suitability of PHOENIX as a benchmark.

5.3. Automatic Scores of Back
Translation against Original Text

The automatic evaluation scores of the back
translation scored against the original German
text can be seen in Table 3. Notably, scores
for all 3 automatic metrics are at the very low-
end of the scoring scale (max. 14.8 BLEU),
considering that an identical text scores 100
BLEU and that good quality text translations in
standard test sets go up to approximately 45
BLEU.

These very low scores indicate that a sub-
stantial amount of information is lost during
the full translation pipeline. As mentioned, the
German text is an automatic and manually
corrected transcription of what is said by the
speaking TV presenter, which is then inter-
preted in DGS, which is then edited in the cor-
pus segments, which is then translated by our
DGS signer. Even allowing for possible back
translation errors by the DGS signer when op-
erating at high confidence, there is likely a

sequence of cumulative processing and trans-
lationese effects, including:

• possible errors introduced by an early-
stage open source ASR system and not
fully resolved during manual correction by
native German speakers,

• considerable information loss during the
interpretation process, as documented by
the original authors (high time pressure),

• considerable information loss during the
preprocessing/segmenting of the videos
and their alignment with the German tran-
script, and

• considerable paraphrasing that occurred
during the interpretation and the back
translation process, which cannot be cap-
tured by lexical metrics.

Taken together, these factors point to what is
perhaps the most important conclusion of this
paper, that the practice of hundreds of papers
to evaluate against this particular test set using
solely lexical metrics should be reconsidered.

It is also worth noting that while the high-
confidence human back translation scored
14.8 BLEU, the scores reported for automatic
SLT systems are in the range of 17 to 30 BLEU
(e.g. Table 4 column PH14T-subset). A su-
perficial reading could misleadingly suggest
that the automatic systems outperform the hu-
man back translation. However, this is an arte-
fact of the evaluation protocol, as automatic
systems may mimic the language style and
punctuation of the German text (as seen in
parts of our manual analysis), or may simply
obtain more coincidental matches with the ref-
erence. We may also note that the effort of
the translation model developers to increase
the BLEU scores of their models, by iteratively



87

human translation type BLEU chrF++ TER BLEURT

full back translation 11.8 37.8 75.1 0.493
mid-confidence back translation 12.9 40.8 72.6 0.529
high-confidence back translation 14.8 43.6 70.4 0.573

Table 3: The human back translation of PHOENIX scored as hypotheses, using the official test
set as a reference. Items below the confidence threshold are removed from both hypothesis and
reference.

using PHOENIX as a development set, may re-
sult in not only learning how to translate from
sign language to text, but also reproducing
translation artefacts that are not relevant to
translation quality.

As it can capture non-trivial semantic similar-
ities, BLEURT appears to be less misleading
than lexical-based metrics. However, it also
produces scores indicating that automatic SLT
systems perform equally well or better than
human back translations.

5.4. SLT Benchmark Results across
Reference Conditions

Results are shown in Table 4. First, the confi-
dence=1 subset is systematically easier than
the full PHOENIX test set. When evaluation is
restricted to the 462 items with confidence=1
back translations while retaining the original
PHOENIX references, all systems obtain higher
BLEU and BLEURT than on the full 642-item
benchmark. This is consistent with the fact
that the subset excludes test items that a hu-
man annotator could not translate with high
confidence and that SLT systems would likely
also struggle to translate reliably. The subset
differs in difficulty from the full test set and thus,
the effects of subset selection and reference
condition must be distinguished.

When the same 462 items are scored
against the back-translated references in-
stead of the original PHOENIX references,
BLEU drops sharply for all systems, whereas
BLEURT decreases far less. For example,
TwoStream-SLT drops from 30.26 BLEU on
the original reference subset to 13.39 BLEU
on the back-translated reference subset, while
BLEURT declines only from 0.626 to 0.587.
The same pattern holds for the other systems.
This suggests that the change in reference
condition has a much stronger effect on lexical

overlap than on semantic similarity. Put dif-
ferently, system outputs remain substantially
closer in meaning to the back translations than
the BLEU drop alone would suggest. In ad-
dition, the confidence intervals are generally
narrower under the back translation condition,
most clearly for BLEU, suggesting more con-
sistent score estimates across the evaluated
items.

Overall, the confidence intervals of BLEU
are so broad that no confident distinction can
be made between some of the middle-ranked
systems, whereas the confidence intervals of
BLEURT are much narrower, indicating that
relative system comparisons (ranking) made
using this metric are valid. Additionally, sys-
tem ranking based on BLEU is not fully stable
across reference conditions. If one ignores the
lack of statistical significance, on the original
PHOENIX benchmark, and also on the confi-
dence=1 subset scored with the original ref-
erences, the scores suggest that SEM-SLT
outperforms SpaMo in BLEU, whereas the or-
der gets reversed once the same subset is
scored against the back-translated references.
Meanwhile, BLEURT appears to be more con-
sistent across different settings and produces
the same rankings as BLEU evaluated against
back-translated references.

Finally, the two-reference condition yields
the highest BLEU scores for all systems on
the confidence=1 subset. This suggests that
the back translations capture additional accept-
able target realizations that are not adequately
rewarded under a single-reference protocol.
When both the official PHOENIX references
and the back translations are treated as valid
references, systems receive credit for outputs
that would otherwise be penalised. This sup-
ports the interpretation that current PHOENIX

evaluation is constrained both by the narrow-
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BLEU BLEURT

Model PH14T
full

PH14T
subset

Back Transl.
subset

Multi-ref
subset

PH14T
full

PH14T
subset

Back Transl.
subset

TwoStream-SLT
(gloss-based)

28.2
±2.1

30.26
±2.39

13.39
±1.12

34.89
±2.22

0.597
±0.013

0.626
±0.010

0.587
±0.010

SpaMo 22.2
±2.0

24.87
±2.64

10.59
±1.43

27.91
±3.04

0.542
±0.015

0.574
±0.013

0.543
±0.013

SEM-SLT 23.7
±2.1

27.27
±2.32

8.89
±1.47

31.01
±2.39

0.484
±0.012

0.511
±0.016

0.448
±0.013

Signformer
(S3D features)

14.8
±1.4

17.33
±2.11

6.72
±1.06

19.60
±2.01

0.425
±0.016

0.452
±0.018

0.435
±0.016

Table 4: Benchmark results across reference conditions. PH14T full denotes the full original
PHOENIX test set (642 samples). All subset columns refer to the same 462-sample subset
consisting of items for which a back translation with confidence=1 was available. Multi-ref uses
both original and back-translated references.

ness of the reference side and by the sensi-
tivity of lexical metrics to the exact wording of
a single reference. However, the confidence
intervals still do not allow a significant com-
parison between the two middle systems, and
the observed order is different from the one
suggested by the more robust BLEURT.

Taken together, these findings strengthen
our main argument. The earlier human back
translation experiment already showed that
high-confidence human back translations re-
ceive unexpectedly low lexical scores when
compared against the official PHOENIX ref-
erences. The present system-level experi-
ment extends that observation: benchmark re-
sults shift when systems are evaluated against
back translations rather than against the origi-
nal PHOENIX references, and they shift again
when both are available. This suggests that
current PHOENIX-based evaluation does not
simply reflect how well systems recover the
content of the signed videos, but is also in-
fluenced by the fact that the official refer-
ences are tied to the original spoken-language
source rather than to a direct translation of the
signed material. Secondly, the lack of robust-
ness of BLEU as a lexical metric, as compared
to the semantics-aware BLEURT, is empha-
sised.

6. Conclusion

Our audit of the RWTH-PHOENIX-2014T cor-
pus reveals substantial quality issues in both

its training and test partitions, with systematic
information loss, lexical inconsistencies, and
signer-dependent variability that compromise
its suitability as a benchmark for sign language
recognition and translation. The low automatic
scores obtained when comparing human sign-
to-text back translations to the official speech-
transcribed test references reveal that the test
set suffers from strong translationese effects
and other pipeline artefacts, and demonstrate
that it does not provide a stable or linguistically
faithful target for automatically evaluating sys-
tems, particularly when such evaluations rely
solely on lexical metrics. The drop in scores
observed when replacing the original speech-
transcribed references with the human sign-
to-text back translation indicates a lack of ro-
bustness of the lexical metrics and underlines
that current PHOENIX-based evaluations may
be too tied to the original spoken-language
text, becoming unreliable in the presence of
paraphrasing or reference errors.

Given the widespread use of the dataset
and the risk of misleading system compar-
isons, we argue that future research should
adopt more robust evaluation practices, incor-
porate human-centric and context-aware as-
sessments, and prioritise datasets that better
reflect natural sign language usage. We hope
this work encourages the community to crit-
ically reassess the role of PHOENIX and to
invest in the development of transparent, high-
quality resources that support reliable scien-
tific progress.
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8. Limitations

It should be acknowledged that while the back
translations were produced by one fluent L2
signer, a stronger design would involve multi-
ple native DGS signers in order to assess the
robustness of the back translations. Also, our
benchmark experiments cover only a small
but deliberately heterogeneous set of sys-
tems, meaning that the observed ranking shifts
should be read as evidence of sensitivity rather
than as an exhaustive account of benchmark
instability.

9. Ethical Considerations

We would like to note that this paper is by
no means intended to be a criticism of the
work of the original authors of the PHOENIX

corpus, or the output produced by the inter-
preters. We strongly believe that the corpus
has been a valuable resource for the commu-
nity and has made an important contribution
to scientific progress in our field. Addition-
ally, we believe that live TV interpretation is
necessary and valuable for the sign language
community in terms of access to information,
and the level of quality achievable under live
on-air time pressure is widely accepted as fit
for purpose. Here, we are focusing on the suit-
ability of this content as part of strict evaluation
protocols.
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