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Abstract

This study introduces a new ASR-transcribed
coreference corpus for French and explores the
transferability of coreference resolution mod-
els from human-transcribed to ASR-transcribed
data. Given the challenges posed by differences
in text characteristics and errors introduced
by ASR systems, we evaluate model perfor-
mance using newly constructed parallel human-
ASR silver training and gold validation datasets.
Our findings show a decline in performance on
ASR data for models trained on manual tran-
scriptions. However, combining silver ASR
data with gold manual data enhances model
robustness. Through detailed error analysis,
we observe that models emphasizing recall are
more resilient to ASR-induced errors compared
to those focusing on precision. The resulting
ASR corpus, along with all related materials, is
freely available under the CC BY-NC-SA 4.0
license at: https://github.com/ina-foss/
french-asr-coreference.

1 Introduction

Coreference resolution differs between written and
spoken texts and is generally more challenging for
spoken data, primarily because most existing cor-
pora are based on written texts (Amoia et al., 2012).
For the French language, the large-scale corefer-
ence corpus ANCOR (Muzerelle et al., 2014) is
based on interview transcripts that were produced
manually (Antoine et al., 2002; Eshkol-Taravella
et al., 2011). With the help of recent state-of-the-
art automatic speech recognition (ASR) systems,
such as Whisper (Radford et al., 2023), we can au-
tomatically transcribe large amounts of audio data.
For example, the Institut national de I’audiovisuel
stores millions of hours of recorded French TV and
radio broadcasts, which are continuously and auto-
matically transcribed and used for research in the
social sciences and digital humanities.

However, unlike the manual transcripts in AN-
COR, Whisper produces text that includes punctu-
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ation, capitalization, occasional rephrasing, as well
as ASR errors. This might lead to poor transferabil-
ity of coreference resolution models trained on the
ANCOR corpus when applied to ASR data.

To date, most studies on transferability in coref-
erence resolution have focused on cross-corpus
(Xia and Van Durme, 2021; Yuan et al., 2022)
and cross-lingual (Lai and Ji, 2023; Prazik et al.,
2024) transferability. However, pre-trained lan-
guage models are sensitive even to small text per-
turbations, such as punctuation (Wang et al., 2023)
and casing (Moradi and Samwald, 2021). More-
over, ASR errors have negative impact on down-
stream tasks, such as named entity recognition
(Szymarski et al., 2023) or spoken language un-
derstanding (Chang and Chen, 2022). Since these
models are at the heart of most recent automatic
coreference resolution models, such sensitivities
might hinder their performance when resolving
coreference on ASR texts.

In this study, we evaluate the transferability
of coreference resolution models from human-
transcribed to ASR-transcribed data. We create
parallel silver training and gold validation datasets
and conduct a comparative study using two distinct
architectures. Finally, we perform a detailed er-
ror analysis to identify the types of ASR-induced
errors that most affect model performance.

2 Automatic Coreference Resolution

Most widely used end-to-end coreference resolu-
tion systems are mention-to-link, meaning they first
predict candidate mentions—phrases referring to
some entity—and then establish coreference or
anaphoric links between each pair of candidates.
Lee et al. (2017) developed a model that lists all
overlapping spans of a certain length as possible
mention candidates. However, this approach in-
curs high computational overhead. Subsequently,
Kirstain et al. (2021) reduced the computational
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complexity by using only the start and end tokens
to construct the mention representation. CorPipe
uses a similar approach by first predicting all men-
tions using a sequence tagging approach and then
establishing coreference links with a self-attention
layer (Straka, 2024). This system has repeatedly
shown top performance at the CRAC Shared Task
on coreference resolution (Novak et al., 2024).
Another approach to automatic coreference res-
olution is the link-to-mention approach, where
anaphoric links are first predicted between the syn-
tactic heads, and then the mention spans are re-
constructed from the coreferent heads. This ap-
proach reduces computational overhead compared
to the mention-to-link approach, as constructing
span representations is unnecessary. Dobrovolskii
(2021) presented WL-Coref, the first model that
followed the link-to-mention approach. However,
D’Oosterlinck et al. (2023) found that in the case
of conjunctions of multiple mentions, the same syn-
tactic head could correspond to multiple mention
spans, leading to errors in the model of Dobro-
volskii (2021). Subsequently, D’Oosterlinck et al.
(2023) proposed moving the syntactic head to the
coordinating conjunction instead (e.g., in a mention
[Tom and Mary], the head is moved from “Tom” to
“and”). Finally, Liu et al. (2024) proposed another
iteration of the WL-Coref model, which added a
special “antecedent link” to support singletons.

3 Data

The ANCOR corpus is the largest collection of spo-
ken French text annotated for coreference. It con-
sists of manual transcripts from four corpora: two
representing socio-linguistic interviews (Eshkol-
Taravella et al., 2011) and two representing highly
interactive dialogues (Antoine et al., 2002). Orig-
inally in TEI format, the corpus is now available
in the CorefUD format within the CorefUD collec-
tion (Novék et al., 2025; Nedoluzhko et al., 2022).
The manual transcriptions in ANCOR do not in-
clude any punctuation or casing, except for ques-
tion marks and proper names, and accurately retain
speech discontinuities, including repetitions and
stuttering.

The coreference annotation in ANCOR has sev-
eral particularities that distinguish it from other
corpora. First, the deictic pronouns (e.g., I, you,
we) are always annotated as singletons, i.e. they
are never linked to any other mentions. Second, the
discontinuous mentions are present in the corpus.
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L. ANCOR ASR

Statistics

Train Val Train Val
#documents 365 45 54 9
#sentences 25K 2,385 16K 2,628
#words 371K 38K 193K 31K
#entities 55K 5,827 25K 4212
#mentions 91K 9,491 40K 6,751
Yosingletons 80.8% 199% 199% 79.1%
%disc. mentions  0.5% 0.6% 0.2% 0.3%

Table 1: Statistics of the datasets. Here, disc. stands for
discontinuous.

Finally, in the original corpus, each utterance is
attributed to a speaker, but this information was
omitted in the CorefUD format.

3.1 Re-transcribing the Corpus

To build an ASR coreference corpus, we utilized
the Whisper Large multilingual model' (Radford
et al., 2023) to transcribe the ESLO corpus (Eshkol-
Taravella et al., 2011) which constitutes the largest
part of ANCOR. We then performed word-level
alignment of the manual transcriptions with the
ASR transcriptions using the spacy-alignments?
library. Since the coreference annotation in Core-
fUD format is also word-level, we transferred it
to the ASR data (see Annex B for an example).
Next, we split the ASR data into training and val-
idation sets using the same documents as in AN-
COR. Finally, we added morpho-syntactic informa-
tion (lemmas, part-of-speech tags, detailed morpho-
logical features, dependency trees) using Stanza’s
default model for French (Qi et al., 2020) and repo-
sitioned the syntactic head of each mention with
heuristics from the udapi-python package.’

Due to imperfect automatic alignment, the result-
ing ASR corpus often contained invalid coreference
annotations. For the validation set, we manually
verified and corrected these annotations. For the
training set, we removed sentences containing in-
valid CorefUD annotations, such as unclosed men-
tion tags or closing tags without corresponding
opening tags. Table 1 shows that the resulting ASR
training set is almost half the size of its ANCOR
counterpart, while the ASR validation set retains
nearly 80% of its original size. Furthermore, the
proportion of discontinuous mentions in the ASR
dataset is smaller than in the original dataset. This

''Using the WhisperX implementation (Bain et al., 2023).

2https://github.com/explosion/
spacy-alignments

3ht’cps: //github.com/udapi/udapi-python
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Model Train MUC B* CEAF. BLANC LEA MOR CoNLL
Human transcription validation set
Hum. 76/77/76  59/68/63  67/58/62 55/68/59  55/65/60 86/85/86  67.26
WL-Coref  ASR  67/68/68  37/59/45  62/34/44  43/57/43  33/55/41 85/79/82  52.30
H+A  76/79/77 63/71/67 70/63/67 61/70/65 59/68/63 86/87/86  70.23
Hum. 78/73/76  73/60/66  66/71/68  72/57/63  69/56/62 86/84/85  70.06
CorPipe-24 ASR  64/66/65  58/54/56 ~ 55/61/58  55/53/54  52/48/50  72/82/76 ~ 59.50
H+A  80/75/77 74/63/68 67/72/69 73/60/66 70/58/64 85/84/85  71.37
ASR transcription validation set
Hum. 66/74/70  47/67/55 62/51/56  43/65/49  43/63/51 80/84/82  60.42
WL-Coref  ASR  69/64/66  46/54/50  62/42/50  46/50/44  42/50/46  85/76/80  55.43
H+A  74/72/73  63/63/63 66/61/64 60/61/61 59/60/59 84/82/83  66.55
Hum. 74/69/71  68/59/63 64/68/66 66/56/60 63/54/58 85/82/83  66.79
CorPipe-24 ASR  73/67/70  68/56/61  62/65/64  65/52/57 63/51/56 86/79/82  64.79
H+A  75/69/72  69/59/63 64/67/65 66/55/60 64/54/59 86/81/83  66.80

Table 2: Results on the Human (upper part) and ASR (lower part) transcription validation sets. For each validation
set, the best results for each model are shown in bold, and the best results across the models are underlined. All
metrics are reported as Recall/Precision/F1, except for the CoNLL F1 score.

reduction is due to speech discontinuities (e.g., stut-
terings, repetitions, talking over) being preserved
in the human transcription but absent from the ASR
transcription. Finally, the ASR validation set has
more sentences* despite being smaller. This results
from Whisper producing text closer to written form,
while human transcriptions split the text by pauses
in speech or speaker changes.

4 Experimental Setup

We trained both WL-Coref (Dobrovolskii,
2021; D’Oosterlinck et al., 2023; Liu et al.,
2024) and CorPipe (Straka, 2024) models with
camembertav2-base’ pre-trained encoder, which
currently achieves state-of-the-art results on French
NLP tasks (Antoun et al., 2024) (see Appendix A
for more details). For each architecture, three
model variants were trained according to the
training data: 1) Hum. using the original ANCOR
data; 2) ASR using the automatically transcribed
subset of the original data; 3) H+A using the
combination of the ANCOR and ASR training
datasets.

To measure the performance of the models, in ad-
dition to the ASR validation set, we created a subset
of the ANCOR human transcription validation set,
which includes the same documents as the ASR

“Defining a sentence in spoken text can be challenging. In
the context of this work, a sentence is defined as a continuous
sequence of words where all mentions are fully contained
within it, meaning that a mention cannot span across sentence
boundaries.

5https://huggingface.co/almanach/
camembertav2-base

87

validation set. For evaluation metrics, we used
MUC (Vilain et al., 1995), B-cubed (Bagga and
Baldwin, 1998), CEAFe (Luo, 2005), BLANC (Re-
casens and Hovy, 2011), LEA (Moosavi and Strube,
2016), MOR (Mention Overlap Ratio) (Zabokrtsky
et al., 2022), and the CoNLL score which is the
average of the first three metrics. All metrics were
calculated using the CorefUD scorer® with exact
mention matching and excluding all singletons.

5 Results and Discussion

The upper part of Table 2 presents the results on the
manually transcribed validation set. For both the
WL-Coref and CorPipe models, training on human
transcripts (Hum.) yielded better performance com-
pared to using only automatically constructed ASR
training data (ASR), with CoNLL score drops of
—14.96 and —10.56 for the WL-Coref and CorPipe
models, respectively. Utilizing a mix of manual
and ASR training data (H+A) slightly enhanced the
performance of both models on the manually tran-
scribed data, resulting in CoNLL score increases of
+2.97 and +1.31 for the WL-Coref and CorPipe
models, respectively. The lower part of Table 2
illustrates similar trends for the ASR validation set.
However, the WL-Coref model appears to be more
sensitive to changes in the data, whereas the Cor-
Pipe model shows almost no difference between
the Hum. and H+A variants.

Across both validation sets, WL-Coref achieved
higher precision in all metrics except CEAF,, while

®https://github.com/ufal/corefud-scorer


https://huggingface.co/almanach/camembertav2-base
https://huggingface.co/almanach/camembertav2-base
https://github.com/ufal/corefud-scorer

Model Train Head Span Conflated Extra Extra Divided Missing Missing
Error Error Entities Mention Entity Entity Mention  Entity
Human transcription validation set
Hum. 188 43 85 286 70 62 100 125
WL-Coref ASR 163 53 58 322 48 54 133 171
H+A 188 49 76 303 71 46 79 111
Hum. 3 64 112 277 81 97 121 73
CorPipe ASR 3 103 143 446 150 142 127 79
H+A 3 63 105 257 79 96 93 70
ASR transcription validation set
Hum. 167 48 54 377 85 50 119 125
WL-Coref ASR 144 51 58 257 42 50 171 197
H+A 154 53 64 287 68 46 118 137
Hum. 0 85 91 307 87 76 130 86
CorPipe ASR 0 82 101 301 78 79 133 103
H+A 0 86 89 285 77 77 129 102

Table 3: Error analysis on the Human (upper part) and ASR (lower part) transcription validation sets. For each
validation set, the cells are color-coded in a gradient column-wise, with red D representing the highest value and

green D representing the lowest value.

CorPipe showed higher recall. When applied to the
ASR validation set, WL-Coref trained on human
transcribed data exhibited a significant drop in re-
call and only a slight drop in precision. In contrast,
CorPipe showed only a moderate decrease in recall.

We hypothesize that this discrepancy may oc-
cur because the WL-Coref model predicts links
between mention heads, making it more suscep-
tible to errors from ASR and automatic syntactic
parsing, which in turn affect its performance. In
contrast, the CorPipe model employs a sequence
tagging approach to detect mentions, which does
not rely on additional syntactic information.

5.1 Error Analysis

To better understand the impact of ASR transcrip-
tions on the performance of coreference resolution
models, we conduct an error analysis based on the
work of Kummerfeld and Klein (2013). To adapt
this analysis to the exact mention matching sce-
nario, we introduce a Move Head operation. This
operation corrects a predicted mention head if the
spans of the predicted and ground truth mentions
match exactly, corresponding to what is termed a
Head Error. The remainder of the analysis largely
adheres to the methodology outlined by Kummer-
feld and Klein (2013).

Table 3 presents the error analysis for the WL-
Coref and CorPipe models (see Annex C for ex-
amples of errors). The WL-Coref model exhibits
a high number of Head Errors but fewer Span Er-
rors. This can be explained by the design of the
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CorPipe model, which is specifically tailored for
the CorefUD shared task where head matching is
used for evaluation. Interestingly, the WL-Coref
model produces more accurate spans even when
starting from incorrect heads. Lastly, WL-Coref
consistently has more Missing Entity errors which
is explained by the lower recall.

When evaluated on the ASR validation set, mod-
els trained on Hum. data demonstrate more Con-
flated Entities, where a predicted entity includes
mentions from different ground-truth entities, and
fewer Divided Entities, where different predicted
entities include mentions from the same ground-
truth entity. This behavior suggests that when ap-
plied to ASR transcriptions, the models group men-
tions into tighter clusters. A possible reason is that
the lack of filler words and repetitions in ASR tran-
scriptions reduces the distance between mentions.

The large number of Extra Mention errors mostly
stems from assigning mentions, which should oth-
erwise be singletons, to a coreference chain and
linking the pronouns ce and ¢a (it) when they are
non-referential. The increase in such errors on the
ASR validation data could be explained by Whis-
per producing more “grammatically valid” tran-
scriptions, adding these pronouns, e.g., by inserting
c’est (it is) when they are absent from speech and
consequently from human transcriptions.

Finally, we found that both human and ASR
validation sets contain annotation errors. However,
their exact impact on the evaluation is beyond the
scope of this study and requires further study.



6 Conclusions

In this study, we evaluated the performance of
coreference resolution models trained on human-
transcribed data when applied to ASR-transcribed
data, observing a general trend of decreased perfor-
mance on ASR data for models trained on manual
transcriptions. We proposed an approach to au-
tomatically transfer coreference annotations from
human to ASR transcriptions and discovered that
training only on silver ASR data harms model per-
formance, whereas combining silver ASR data with
gold manual data enhances it. Further error analy-
sis revealed that ASR systems, which tend to over-
correct transcriptions, introduce potential errors
to coreference resolution systems. We found that
models prioritizing higher recall are more robust to
these errors than those focusing on precision.

Limitations

Given the scarcity of spoken coreference datasets
in French, this study is confined to a single corpus,
primarily comprising socio-linguistic interviews.
These interviews have low interactivity and cover
a limited range of topics. Furthermore, partici-
pants are sampled from a restricted geographic area,
specifically Orléans and Tours, which narrows the
vocabulary used in the interviews. A more topically
diverse corpus would be essential for a broader
evaluation.

Regarding coreference resolution models, this
study evaluates only two architectures: WL-Coref
and CorPipe. While a more diverse set of models
would enhance the robustness of the comparison,
hardware limitations and variations in coreference
data formats present significant challenges. Ad-
ditionally, the prevalence of English-specific or
OntoNotes-specific architectures complicates the
adaptation of existing models to other languages
and the CorefUD format, which is beyond the scope
of this study.

Finally, this study only uses Whisper as the ASR
system for automatically transcribing the dataset
recordings. We acknowledge that other ASR sys-
tems may produce different transcriptions, poten-
tially leading to different effects on automatic coref-
erence resolution performance.
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A Implementation Details

For WL-Coref, we utilized the implementation by
Stanza (Qi et al., 2020), while for CorPipe, we used
the implementation from their official repository.’
The original implementation of CorPipe-2024 is
based on an older version of TensorFlow, making it
challenging to run on modern systems. We updated
the original code to be compatible with the most
recent version of TensorFlow without altering the
model’s architecture. Since neither model supports
discontinuous mentions, they were removed from
the training data. All models were trained for 40
epochs on an NVIDIA A100 40GB GPU.

"https://github.com/ufal/crac2024-corpipe
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B Examples of Data

Table 4 shows an example of human and ASR tran-
scribed data.

C Examples of Errors

In this section, we demonstrate the examples of
different errors. Table 5 shows an example of a
Head Error, Table 6 shows an example of a Span
Error, Table 7 shows an example of an Extra Men-
tion, Table 8 shows an example of an Extra Entity,
Table 9 shows an example of a Missing Mention,
Table 10 shows an example of a Missing Entity, Ta-
ble 11 shows an example of a Divided Entity, and
Table 12 shows an example of a Conflated Entity.
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Human | eh bien [monsieur]; [je]s vais commencer par [vous]s poser [des petites questions
préliminaires toutes simples]s n’ est -ce pas et depuis combien de temps habitez-
[vous]s [Orléans]; ?

euh [dix-neuf ans],

[dix-neuf ans], oui et qu’ est -ce qui [vous]s a amené a vivre a [Orléans]; ?

ASR Eh bien, [Monsieur]s, [je]s vais commencer par [vous]s poser [des petites questions
préliminaires, toutes simples]s, n’est-ce pas ?

Et depuis combien [de temps]; habitez[-vous]s a [Orléans]; ?

[19 ans],.

[19 ans],, oui.

Et qu’est-ce qui [vous]s a amené a vivre a [Orléans]; ?

Table 4: Examples of human and ASR transcribed data. Each new line represents a sentence break. Mentions are
enclosed in square brackets with mention heads highlighted in bold. Subscripts are entity identifiers with ¢ denoting
a singleton.

Gold Est-ce que est aussi bien enseignée, ou mieux enseignée, ou
moins bien enseignée, que de le temps ou vous étiez vous-méme a I’école ?

Predicted | Est-ce que est aussi bien enseignée, ou mieux enseignée, ou
moins bien enseignée, que de le temps ou vous étiez vous-méme a I’école ?

Table 5: Examples of Head Error. Gold mentions are enclosed in square brackets and predicted mentions are
between the round brackets. Correct mentions are higlighted in green l:l while incorrect mentions are in red l:l
Mention heads are highlighted in bold and underlined.

Gold ‘ Je trouve que c’est

Predicted ‘ Je trouve que c’est assez grandes.

Table 6: Examples of Span Error. Gold mentions are enclosed in square brackets and predicted mentions are
between the round brackets. Correct mentions are higlighted in green D while incorrect mentions are in red D
Mention heads are highlighted in bold.

Gold Demain, je serai peut-étre partie ou préte a partir et je peux rester encore

Je ne sais pas.

J’ aimerais rester.

J’aimerais rester, mais...

On nous a dit, n’est-ce pas, ailleurs, que la ville d’Orléans est une ville assez froide,

mais je ne sais pas si vous avez des visites la-dessus, puisque vous étes... Iy a
, oui.

Predicted | Demain, je serai peut-&tre partie ou préte a partir et je peux rester encore

Je ne sais pas.

J’ aimerais rester.

J’ aimerais rester, mais...

On nous a dit, n’est-ce pas, ailleurs, que la ville d’Orléans est une ville assez froide,

mais je ne sais pas si vous avez des visites la-dessus, puisque vous étes... Iy a
, oui.

Table 7: Examples of Extra Mention. Gold mentions are enclosed in square brackets and predicted mentions are
between the round brackets. Correct mentions are higlighted in green D while incorrect mentions are in red D
Mention heads are highlighted in bold. Subscripts are entity identifiers with ¢ denoting a singleton. Only mentions
relative to the error are shown.
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Gold Parce que s , les Suisses, les Japonais, R
ne parle pas latin.

Predicted | Parce que , , les Suisses, les Japonais, s
ne parle pas latin.

Table 8: Examples of Extra Entity. Gold mentions are enclosed in square brackets and predicted mentions are
between the round brackets. Correct mentions are higlighted in green l:l while incorrect mentions are in red l:l
Mention heads are highlighted in bold. Subscripts are entity identifiers with ¢ denoting a singleton. Only mentions
relative to the error are shown.

Gold C’est peut-etre moi qui écris le plus.

Eta ?

disons que ma femme écrit plutot a sa famille et moi j’écris plutdt a ,
encore qu’il arrive tres fréquemment que j’écrive a la sienne et qu’elle écrive a

Predicted | C’est peut-&tre moi qui écris le plus.

Eta ?

disons que ma femme écrit plutdt a sa famille et moi j’écris plutdt a la mienne, encore
qu’il arrive tres fréquemment que j’écrive a la sienne et qu’elle écrive a la mienne.

Table 9: Examples of Missing Mention. Gold mentions are enclosed in square brackets and predicted mentions are
between the round brackets. Correct mentions are higlighted in green l:l while incorrect mentions are in red l:l
Mention heads are highlighted in bold. Subscripts are entity identifiers with ¢ denoting a singleton. Only mentions
relative to the error are shown.

Gold Mais alors, ce qui est embétant, c’est que vous avez des gosses qui demandent a
travailler.
et qui ne veulent pas étre les bras coincés, ou qui ne veulent pas faire de

parce qu’on a déja fait a la maison.

Predicted | Mais alors, ce qui est embétant, c’est que vous avez des gosses qui demandent a
travailler.
et qui ne veulent pas étre les bras coincés, ou qui ne veulent pas faire de

parce qu’on a déja fait a la maison.

Table 10: Examples of Missing Entity. Gold mentions are enclosed in square brackets and predicted mentions are
between the round brackets. Correct mentions are higlighted in green D while incorrect mentions are in red D
Mention heads are highlighted in bold. Subscripts are entity identifiers with g denoting a singleton. Only mentions
relative to the error are shown.
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Gold Je ne parle évidemment pas des dictionnaires de que nous avons a
la maison.
En tout cas, en ce qui concerne ,il y a 20 ans, plus de la moitié
des éleves faisaient [des , alors que maintenant, représente 1
%.

Predicted | Je ne parle évidemment pas des dictionnaires de que nous avons a
la maison.
En tout cas, en ce qui concerne ,il y a 20 ans, plus de la moitié
des éleves faisaient (des , alors que maintenant, représente 1
%.

Table 11: Examples of Divided Entity. Gold mentions are enclosed in square brackets and predicted mentions are
between the round brackets. Correct mentions are higlighted in green D while incorrect mentions are in red D
Mention heads are highlighted in bold. Subscripts are entity identifiers with g denoting a singleton. Only mentions
relative to the error are shown. Three dots (...) show that there are several sentences in between.

Gold Alors, ,
A , j’al un petit Larousse, mais j’ai chez moi un dictionnaire en dix
volumes.

Je parle pour mon foyer, je ne parle pas

Est-ce que vous pourriez dire combien par ?
Oui, au point de vue personnel, pas plus de deux ou trois lettres personnelles par

Predicted | Alors, ,
A , j’al un petit Larousse, mais j’ai chez moi un dictionnaire en dix
volumes.

Je parle pour mon foyer, je ne parle pas

Est-ce que vous pourriez dire combien par ?
Oui, au point de vue personnel, pas plus de deux ou trois lettres personnelles par

Table 12: Examples of Conflated Entity. Gold mentions are enclosed in square brackets and predicted mentions are
between the round brackets. Correct mentions are higlighted in green D while incorrect mentions are in red D
Mention heads are highlighted in bold. Subscripts are entity identifiers with ¢ denoting a singleton. Only mentions
relative to the error are shown. Three dots (...) show that there are several sentences in between.
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