Cross-lingual Editing in Multilingual Language Models

Himanshu Beniwal'*, Kowsik Nandagopan D*, Mayank Singh
Department of Computer Science and Engineering
Indian Institute of Technology Gandhinagar
{himanshubeniwal, dkowsik, singh.mayank}@iitgn.ac.in

Abstract

The training of large language models (LLMs)
necessitates substantial data and computational
resources, and updating outdated LLMs entails
significant efforts and resources. While nu-
merous model editing techniques (METs) have
emerged to efficiently update model outputs
without retraining, their effectiveness in multi-
lingual LLMs, where knowledge is stored in di-
verse languages, remains an underexplored re-
search area. This research paper introduces the
cross-lingual model editing (XME) paradigm,
wherein a fact is edited in one language, and
the subsequent update propagation is observed
across other languages. To investigate the XME
paradigm, we conducted experiments using
BLOOM, mBERT, and XLM-RoBERTa using
the two writing scripts: Latin (English, French,
and Spanish) and Indic (Hindi, Gujarati, and
Bengali). The results reveal notable perfor-
mance limitations of state-of-the-art METs un-
der the XME setting, mainly when the lan-
guages involved belong to two distinct script
families. These findings highlight the need for
further research and development of XME tech-
niques to address these challenges. For more
comprehensive information, the dataset used in
this research and the associated code are pub-
licly available at the following URL!.

1 Introduction

The introduction of large language models (LLMs)
has revolutionized tasks such as dialogue genera-
tion, question-answering, and contextual reasoning
(Brants et al., 2007; Touvron et al., 2023; Scao
et al., 2022). LLMs are trained on massive datasets,
but this unsupervised data can potentially contain
biased or incorrect information. For example, an
LLM trained on a dataset of news articles might
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learn that: Apple iPhones are the best phones or
that Mumbai is the capital of India. This issue be-
comes problematic because retraining an LLM with
equivalent computational power and environmental
impact is impractical (Madaan et al., 2022; Si et al.,
2023). To address this problem, researchers have
proposed several Model-Editing Techniques (here-
after referred as METS, Dai et al. (2022); De Cao
et al. (2021)). METs focus on updating the knowl-
edge within existing LL.Ms rather than undergoing
complete retraining. However, these METSs have
been evaluated predominantly in monolingual set-
tings, where editing and evaluation occur within a
single language, typically English. This paper aims
to explore an alternative scenario, as depicted in
Figure 1. For example, we consider the task of up-
dating a language model (in the English language)
to reflect the transition of presidential power from
Donald Trump to Joe Biden in the United States,
using established model editing techniques. Sub-
sequently, we prompt the updated model with the
following French query: Donald Trump est le prési-
dentdes Etats-Unis d’Amérique? (Donald Trump is
the President of the United States of America?), ex-
pecting the model to correctly predict ‘REFUTES’.
We term this new editing paradigm as Cross Lin-
gual Model Editing (XME).

We evaluate a specific family of METs that lever-
age a hypernetwork, an additional model, to update
the parameters of a base LLM within the frame-
work of XME. The primary objective is to address
the following research questions: [Q1] What is
the effectiveness of hypernetwork-based editing
techniques in cross-lingual settings? [Q2] Do dif-
ferent architectures store knowledge at different lo-
cations? [Q3] How does language selection in the
initial fine-tuning stage affect editing performance?
[Q4] Is the traditional fine-tuning approach more
effective than METs in achieving higher perfor-
mance in the cross-lingual setting?

In our research, we present the following key
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Donald Trump is the President of
the United States of America?

O\

Donald Trump serves as the President O
of the United States of America?

\

(English) Editing in (English) O\ /O
e g v o iR & English TS g s arow s & gAY O
<rgafa & (Hindi) & & el AT &7 —7 O
O SUPPORTS = (Hindi) REFUTES
Donald Trump est le président Donald Trump is the Donald Trump est-il le président des
des Etats-Unis d’Amérique ? President of the United Etats-Unis d’Amérique ? {
(French) O/V > States of America? - (French) — -
red OIS Gt AIfFw JoATEa
TS Gt 5 Nif goargT O REFUTES
2Af36? (Bengali) ceifSeS Aot wifig siter wace?

Before Editing

(Bengali) — After Editing

Figure 1: XME pipeline: we update a fact in one language (say English) and check whether the same fact is updated

in different languages.

contributions:

* We explore the cross-lingual editing paradigm
on existing METs over two distinct language
writing scripts encompassing six languages
(both high and low resources).

* We uncover a substantial editing performance
disparity between monolingual and cross-
lingual contexts with exhaustive 9,936 experi-
ments in 69 configurations (Language Pairs x
Models x METsS).

* We provide robust evidence of distinct knowl-
edge localizations in multilingual encoder-
only and decoder-only LLMs.

2 Related Work

We classify previous works into two distinct cate-
gories: (i) Parameter-Updating techniques involve
actively updating and modifying the parameters of
the LLM. These approaches aim to adapt and fine-
tune the LLM’s parameters according to the spe-
cific requirements of the editing task. These tech-
niques involve the use of additional feed-forward
network architectures. Notably, KnowledgeEd-
itor (De Cao et al., 2021) and KnowledgeNeu-
rons (Dai et al., 2022) leverage the gradients of
the base model and a hypernetwork to identify the
weights that require updating (Ha et al., 2017). An-
other prominent technique, MEND (Mitchell et al.,
2022a), employs gradient updates from multiple
feed-forward networks to update the parameters
of the base model. Numerous Locate-then-Edit
techniques, exemplified as ROME (Meng et al.,
2022a) and MEMIT (Meng et al., 2022b), initially
localize the knowledge within the model and then
update the base model accordingly.

On the other hand, (ii) Parameter-Preserving
techniques refer to methods that aim to maintain
the original parameters of the LLM during the edit-
ing process (Madaan et al., 2022; Dong et al., 2022;
Huang et al., 2023). The focus is on preserving the

existing knowledge and capabilities of the LLM
while incorporating specific modifications for the
desired task. SERAC (Mitchell et al., 2022b) incor-
porates an explicit memory to store edits, enabling
the model to reason over them and modulate the
predictions of the base model accordingly. Another
approach, GRACE by Hartvigsen et al. (2022), in-
troduces a key-value model editor that learns to
cache and retrieve activations for selected layers
based solely on observed errors during deployment.

The preference for hypernetwork-based ap-
proaches over other METs arises regarding the ef-
fective generability and localization of knowledge,
albeit requiring additional memory (Yao et al.,
2023; Xu et al., 2023). A study conducted by Hase
et al. (2023) reveals that localization techniques do
not provide further insights into determining the
most suitable MLP layer within the base model
for overriding an existing stored fact with a new
one. Further, the time required to perform an edit
in hypernetwork-based techniques is lesser, and the
inaccessibility of ROME and MEMIT over differ-
ent architectures reasons to choose hypernetwork-
based techniques over other METSs in our experi-
ments (Yao et al., 2023).

3 Cross-lingual Model Editing (XME)

The cross-lingual model editing problem can be ex-
plained by leveraging notations from monolingual
model editing. Given a fine-tuned model f with its
parameter 6, the prediction or label y can be com-
puted as y = f(x;0), where x represents the input
sentence. Our objective is to update the model’s
parameter to 6’ in order to modify the label for in-
put z to a new value a, denoted as a = f(x;6").
However, for the remaining information £ where
Z # x, the label remains unchanged as y. Let’s
consider an example: when presented with input x
as Donald Trump is the President of the USA? and
its semantically equivalent input 2’ as USA’s Presi-
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dent is Donald Trump a fact verification model f
outputs y as “SUPPORTS”. Now, assuming that the
fact is updated and model parameters are changed
from 6 to ¢, for the same inputs x and z’, the
updated output becomes ‘REFUTES’ (a), where
a = f(x,0") = f(2/,0"). Furthermore, the un-
related information & remains the same as before
editing; for instance, The capital of France is Paris
should still yield the answer “SUPPORTS”. There-
fore, y = f(#;0) = f(2;6'). In contrast to the
monolingual model editing, in XME, the inputs z,
2’, and % belong to different languages.

4 [Experiments

This section details the experiments performed for
XME and highlights the dataset, architectures, and
evaluation strategies.

4.1 Language Selection

We have selected a diverse set of languages from
the two distinct scripts: Latin and Indic. From the
Latin branch family, we have chosen three widely
spoken languages: English (en), French (fr), and
Spanish (es). These languages have significant
global influence and are among the top 10 most spo-
ken languages worldwide (Lobachev, 2008). Ad-
ditionally, we have included three languages from
the Indic script family: Hindi (hi), Bengali (bn),
and Gujarati (gu). Hindi and Bengali are among
the top 10 most widely spoken languages globally.

4.2 Dataset

In our experimental setup, we focus on a closed-
book fact verification task using a modified version
of the binary FEVER dataset (Thorne et al., 2018).
This modified dataset, as described in (De Cao
et al., 2021; Mitchell et al., 2022a), includes the
original instances and 1 to 25 human-created se-
mantically similar paraphrases for each instance.
The dataset consists of 104,966 training instances
and 10,444 validation instances. The facts are up-
dated by flipping the label. There are 1,200 in-
stances with flipped labels that were used for edit-
ing and subsequent evaluation. On average, each
instance has ten semantically similar paraphrases
(refer to §A.1 for more details). We translate? each
training, validation, edited instance and the corre-
sponding paraphrases (originally in en) into five
languages described above, creating six snapshots

’The translation was performed using Google’s Translate
API: https://cloud.google.com/translate

of the same data one for each language. Note that,
in our experiments, we performed editing and eval-
uation on 1193 (out of originally 1200 instances)
instances, as the rest led to translation errors.
Quality Assessment of Translations: For the five
selected languages (other than English), two anno-
tators per language were chosen to verify and anno-
tate the randomly chosen 150 correct translations.
All the annotators were native in their assigned lan-
guages and fluent in English. The average accuracy
and Inter-Annotator Agreement (IAA) over all lan-
guages are 88.07% and 77.8%, respectively. The
details for the average annotator’s accuracy and
IAA per language are added in §A.2.

4.3 Pretrained Language Models (PLMs)

Our research paper investigates the performance
of two distinct families of multilingual PLMs:
encoder- and decoder-only models. As a representa-
tive decoder-only PLM, we choose BLOOM (Scao
etal., 2022). BLOOM is a massive language model
trained on the extensive ROOTS corpus (Laurengon
et al., 2022), encompassing 46 diverse natural lan-
guages. For the encoder-only category, we selected
mBERT (bert-base-multilingual-uncased) (Devlin
et al., 2019) and XLM-RoBERTa (Conneau et al.,
2020) as representative models based on their well-
established performance in multilingual NLP tasks.
mBERT, pre-trained on the 104 languages with the
largest Wikipedia, offers comprehensive language
coverage. On the other hand, XLM-RoBERTa was
trained on filtered CommonCrawl data (Wenzek
et al., 2020), enabling robust performance across
one hundred languages. Considering the limi-
tations imposed by computational resources, we
opted to employ a downsized variant of BLOOM,
namely BLOOM-560M (hereafter referred to as
BLOOM), for our research. Additionally, we uti-
lized uncased versions of mBERT and the base-
sized model variant of XLM-RoBERTa in our ex-
periments.

4.4 Model Editing Techniques (METSs)

We conducted the experiments on two state-
of-the-art hypernetwork-based MET techniques
along with the standard fine-tuning technique.
The hypernetwork-based MET includes Model
Editor Networks using Gradient Decomposition
(MEND, Mitchell et al. (2022a)) and Knowledge
Editor (KE, De Cao et al. (2021)). Both techniques
used an additional model, referred to as hypernet-
work, to update the weights of the base PLM model.
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The hypernetwork is trained with constrained op-
timization to modify a fact without affecting the
rest of the knowledge. In addition, we employed
a standard fine-tuning approach (FT) as a base-
line approach, which does not require an additional
network for the base PLM update.

4.5 Evaluation

The above three techniques are evaluated using two
metrics as described below:

The Generability Score (G ) assesses the ability
of the MET to predict updated facts on semanti-
cally equivalent inputs accurately. To illustrate this,
let’s consider an example scenario: initially, given
an input = such as The President of the USA is
Donald Trump, the model predicts a label of ‘SUP-
PORTS’. Subsequently, the label for z is updated to
‘REFUTES’. Following the editing of the model pa-
rameters, we consider the edit successful if, when
presented with semantically equivalent inputs (x')
(e.g., Donald Trump is the President of the USA),
the model correctly outputs ‘REFUTES’. G ¢ quan-
tifies the proportion of successfully edited inputs
where the model predicts the updated fact label on
the corresponding semantically equivalent input. In
our experiments, we randomly select one 2’ among
several semantically equivalent inputs of .

The Specificity Score (Sg) evaluates the MET’s
ability to avoid updating unrelated information. In
this context, we define an unrelated input as z,
where Z is irrelevant to the editing fact x. For in-
stance, let’s consider the initial input x as The Pres-
ident of the USA is Donald Trump, and the model
predicts a label as ‘SUPPORTS’. Subsequently, the
label for x is updated to ‘REFUTES’. Now, if we
present an unrelated input 2, such as The capital of
France is Paris, the model should still predict ‘SUP-
PORTS’. Sg measures the proportion of unrelated
inputs for which the model correctly maintains the
original prediction label for an irrelevant input.

It is essential to note that in the metric definitions
mentioned above, we have considered z, 2/, and &
within the same language to keep it simple. How-
ever, in the actual XME setting, z, 2/, or & can
belong to multiple languages simultaneously.

4.6 Experimental Settings

In our research methodology, we fine-tune the mod-
els described in Section 4.3 for each specific lan-
guage. Following the fine-tuning process, we apply
model editing techniques, as detailed in Section 4.4,
by passing individual inputs to the fine-tuned mod-

els. The performance of these edited models is then
evaluated using the metrics defined in Section 4.5.

To implement the Knowledge Editor and Fine-
Tuning techniques, we utilize the implementation
provided by MEND (Mitchell et al., 2022a). Con-
sistent with the experimental settings of MEND,
we selectively update only four layers of each PLM.
The same set of layers is updated by both KE and
FT. For the decoder-only models, we designate
layers 14 as initial layers (IL), 14-17 as middle
layers (ML), 21-24 as last layers (LLL), and we
randomly select layers 9, 14, 18, and 22 as random
layers (RL). Similarly, for the encoder-only mod-
els, we assign layers 1-4 as IL, 5-8 as ML, 9-12
as LL, and 3, 5, 7, and 10 as RL. We have utilized
the default hyperparameters as implemented in the
MEND’s implementation for MEND, KE, and FT.
All experiments were completed on 4 V100 GPUs
(Each consisting of 32GB).

5 Results

In this section, we present and analyze the key find-
ings and address the research questions posed in
Introduction Section (see Section 1 for more de-
tails). To accomplish this, we examine a total of
69° configurations, which are derived from com-
bining six languages, three PLMs, and three METs.
For each configuration, we present the results in
tabular form. For instance, Table 1 showcases the
performance measured by G g obtained from fine-
tuning the mBERT (left) and BLOOM (right) on an
en dataset and subsequently applying the MEND’s
editing technique. The rows of the table represent
the editing languages, while the columns repre-
sent the languages used for evaluation. The diag-
onal values represent monolingual Gg, whereas
off-diagonal entries show cross-lingual Gg. Simi-
larly, Table 2 showcases the performance measured
by Sg for mBERT when fine-tuned on en (left)
and hi (right) and edited using MEND. In our ex-
perimental analysis, we observe consistent trends
for both the MEND and KE techniques. However,
due to space limitations, we focus on reporting the
results obtained using the MEND approach. The
performance scores for the KE technique can be
found in §A.6. Next, we answer the posed research
questions.

3The combination is (6 languages + mixed configuration
+ inverse configuration) x 3 models x 3 METs = 72 configu-
rations. Three configurations corresponding to mBERT are
unavailable (the inverse proportion for three METs). Hence
summing up to 69 configurations.
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45.717
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64.46
66.55

49.2
45.52
47.53
62.95
61.44
61.27
51.89

45.1

37.8

Table 1: The table represents G g for fine-tuned mBERT (left) and BLOOM (right) on ‘en’ dataset using MEND.
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83.53 83.45
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Table 2: The table represents Sg for fine-tuned mBERT on the ‘en’ (left) and ‘hi’ (right) dataset using MEND.
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Figure 2: The figure illustrates G g given the editing language (x-axis) and fine-tuning languages (y-axis) for all the
three models BLOOM (left), mBERT (middle) and XLM-RoBERTa (right) when edited using MEND.
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en es i qu bn fr hi gu bn

Editing Language

Figure 3: The figure illustrates Sg given the editing language (x-axis) and fine-tuning languages (y-axis) for all the
three models BLOOM (left), mBERT (middle) and XLM-RoBERTa (right) when edited using MEND.
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Figure 4: The figure illustrates G g given the editing language (x-axis) and fine-tuning languages (y-axis) for all the
three models BLOOM (left), mBERT (middle) and XLM-RoBERTa (right) when edited using FT.
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Figure 5: The figure illustrates Sg given the editing language (x-axis) and fine-tuning languages (y-axis) for all the
three models BLOOM (left), mBERT (middle) and XLM-RoBERTa (right) when edited using FT.
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5.1 What is the effectiveness of
hypernetwork-based editing techniques in
cross-lingual settings?

Table 1 and 2 elucidates notable trends observed in
evaluating existing METs. Table 1 demonstrates
high values of Gg (above 90%) along the diago-
nal entries, providing empirical evidence for the
effectiveness of METs when applied to mBERT in
monolingual contexts. Conversely, a noticeable
decrease in the G5 scores becomes evident as
one moves away from the diagonal, indicating
the relative inefficiency of METs in cross-lingual
scenarios. Language pairs within the same script
family, such as en—es, en—fr, or hi—bn, achieve
higher GGg values compared to pairs belonging to
different script families, such as en—hi or es—bn.
The average GG (excluding the diagonal entries)
for editing in the Latin family (90.04%) is signit-
icantly higher than in the Indic family (78.38%).
However, the two branches do not significantly
differ in the average Gg under a monolingual set-
ting. Similar trends are observed for fine-tuning
mBERT in other languages (refer to §A.5.2, §A.6.2,
and §A.7.2 for detailed results). Comparable pat-
terns were also identified for XML-RoBERTza (re-
fer to §A.5.3, §A.6.3, §A.7.3 for detailed results).
The observations derived from the analysis of the
BLOOM model reveal notable distinctions. The
metric Gg strongly depends on the fine-tuning lan-
guage script, irrespective of the employed editing
language. Specifically, when examining the en
language, a significant disparity in G g values is ob-
served between the Latin and Indic script families,
as evident in Table 1. For instance, the average G g
(including the diagonal entries) for the Latin and
Indic families is 94.14% and 84.32%, respectively.
Additional results pertaining to BLOOM can be
found in §A.5.1, §A.6.1, and §A.7.1.

Unexpectedly, the Sg metric presents contrast-
ing findings compared to the G'g metric. Encoder-
only models’ S mainly depend on the fine-tuning
language script irrespective of the editing lan-
guage. For example, in Table 2, average Sg (in-
cluding the diagonal entries) for the Latin family
(97.63%) is sufficiently higher than Indic family
(91.06%), when mBERT is finetuned on en. But
when fine-tuned on hi, the average Sg for Indic
family (98.58%) is higher than the Latin family
(85.85%). XLM-RoBERTa follows similar trends
(See §A.5.3, §A.6.3, §A.7.3 for more details). In
contrast, BLOOM shows a very distinct trend. It

results in high Sg for the Latin script family, irre-
spective of fine-tuning or editing language selection
(refer §A.5.1, §A.6.1, and §A.7.1). Lastly, editing
and verifying the edit in the same written script
family yields better results.

Inference 1 In our analysis, let us consider that we
fine-tune using the ‘en’ dataset, and later we per-
form the XME. If we look at Table 1, for BLOOM
(right), the maximum GS for en-en is seen in the
Middle layers (93.04%), while for the last layers,
the reported GS is 85.83%. This shows that it is
possible that the model stores the facts at different
locations. Similarly, let us consider when we fine-
tune using ‘en’ (In the same table) and edit and
verify in Spanish (es-es); in this case, the reported
GS is 89.1% in the middle layer and 87.26% in last
layers. The information is significantly (different
from nearly 2%) available across the sets of layers.
We have extended the research question by explor-
ing if the fine-tuning language also has any impact
on the editing and if it shifts the information from
the middle layers to other sets of layers.
Inference 2 Referring to Table 12, we fine-tune
the BLOOM model on the ‘hi’ dataset. The GS
score for hi-hi in the initial layer (92.37) is higher
than the middle layers (85.58%), which tells us
that when we fine-tuned the model on the Hindi
dataset, the information is majorly stored in the
initial layers rather than our previous assumption
of middle layers.

5.2 Do different architectures store factual
knowledge at different locations?

We have observed that different architectures
store factual knowledge in distinct locations.
Specifically, in the case of encoder-only mod-
els, a significant proportion of factual knowledge
is found in the Last Layers (LL). Table 1 illus-
trates that the LL exhibits the highest average
Gg score (78.74%) compared to other layer sets
(IL=70.23%, ML=77.93%, and RL=69.32%). In
contrast, for BLOOM (decoder-based), factual
knowledge is concentrated in the Middle Lay-
ers (ML). The ML achieves a notably higher av-
erage Gg score (69.99%) than other layer sets
(IL=61.16%, LL=59.19%, and RL=60.73%). This
finding aligns with the observations made in (Meng
et al., 2022a), which identified similar trends in
GPT-2 (Radford et al., 2019), decoder-only model
(Qi et al., 2023). Notably, the initial layers demon-
strate the lowest G'g scores for both encoder- and
decoder-only models.
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Figure 6: The figure illustrates G g given the editing
language (x-axis) and fine-tuning datasets (y-axis) for
all the three models BLOOM (top), mBERT (middle) and
XLM-RoBERTa (right) when edited using MEND.

5.3 How does language selection in the initial
fine-tuning affect editing performance?

Figure 2 shows the effect of initial fine-tuning per-
formed using six languages. Columns represent av-
erage (G g scores for each editing language. As illus-
trated, language selection during initial fine-tuning
significantly impacts the editing performance for
the decoder-only model BLOOM. For instance,
fine-tuning on the Latin script family led to poor
(g for the Indic script family. Similar trends can
be observed when fine-tuning is performed on In-
dic script families. However, in the latter case,
the difference of G between the two families is
not as high as observed in the former scenario. In
the case of encoder-only models, we see a similar
performance in both families for Latin scripts fine-
tuning. In the case of Indic family fine-tuning,
the performance of Latin scripts is marginally
poor than that of Indic family. We attribute this
to the effect of editing performance on the dispro-
portionate pretraining on different languages.

We performed additional experiments involving
two alternative fine-tuning settings. We created
two snapshots of the fine-tuning data: (i) “mixed”,
which contained an equal distribution of languages,
and (ii) “inverse”’, where the languages were rep-
resented inversely proportional to their respective
pretraining language proportions. It is important
to note that a single instance of the mixed dataset
was generated for PLMs, while the inverse datasets
were specific to each PLM. Since BLOOM and
XLM-RoBERTza provide language representation

BLOOM

U R 93.83 95.61 95.38 97.06 95.68 97.49

[[W16R91.61 92.57 90.88 89.21 90.31 87.76
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XLM-RoBERTa
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Figure 7: The figure illustrates Sg given the editing
language (x-axis) and fine-tuning datasets (y-axis) for
all the three models BLOOM (top), mBERT (middle) and
XLM-RoBERTa (right) when edited using MEND.

information, we only created inverse datasets for
these PLMs. Figure 6 illustrates the results ob-
tained from the mixed and inverse datasets. No-
tably, the inverse dataset consistently exhibited per-
formance improvements for the BLOOM model
(aka decoder-based). However, the mixed fine-
tuning approach performs poorly than the mono-
lingual fine-tuning method. Lastly, in the case of
encoder-only models, the mixed and inverse fine-
tuning approaches decreased performance com-
pared to the monolingual fine-tuning method.
Intriguingly, the Sg metric reveals contrasting
findings compared to the Gg metric. Figure 3
demonstrates that the initial fine-tuning signif-
icantly impacts the Sg scores of encoder-only
models, whereas this observation is not observed
for decoder-only models. Similarly, Figure 7
highlights that encoder-only models trained on the
mixed dataset exhibit improved Sg scores com-
pared to monolingual fine-tuning. However, the
mixed and inverse datasets do not result in any
performance gain for the BLOOM model.

5.4 Is the traditional fine-tuning approach
more effective than METSs in achieving
higher performance in the cross-lingual
setting?

Figures 4 and 5 demonstrate that traditional

fine-tuning approaches perform comparably to

MET:s in cross-lingual settings. This observation

contrasts the previous claim that shows the signifi-

cantly low performance of METs in the monolin-
gual setting (Xu et al., 2023; Meng et al., 2022a).
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6 Conclusion and Future Directions

Our research focuses on conducting rigorous exper-
iments with state-of-the-art hypernetwork-based
model editing techniques within cross-lingual set-
tings. Specifically, we investigate the storage pat-
terns of factual associations in encoder-only and
decoder-only models, using two distinct language
families as our experimental basis. Additionally,
we establish a clear dependency between the fine-
tuning language selection and the editing tasks’
performance.

To further advance the XME paradigm, we plan
to utilize parameter-preserving and localized edit-
ing techniques. Furthermore, we intend to extend
our investigations to encompass other NLP tasks,
such as Machine Translation or question-answering.
By expanding our research, we aim to enhance our
understanding of the capabilities and limitations of
hypernetwork-based model editing techniques in
diverse cross-lingual settings.

Limitations

The performance of METs including KN (Dai et al.,
2022), SERAC (Mitchell et al., 2022b), CaliNet
(Dong et al., 2022), Transformer-Patching (Murty
et al., 2022), KAFT (Li et al., 2022), Patcher
(Huang et al., 2023), is limited when the informa-
tion is distributed across layers. Our experiments’
findings indicate that the information in different
languages is dispensed across types of architec-
tures. While our work focuses on encoder-based
and decoder-based architectures, we intend to in-
corporate encoder-decoder architectures in future
research. The objective is to enhance the localiz-
ing and efficient updating of factual information
in tasks such as generation, translation, and oth-
ers. To assess the cross-linguality in METs, we
aim to propose a dataset to evaluate whether facts
dependent on the edited information also undergo
changes. For instance, does the fact ‘Where is the
President of the USA’s hometown?’ also change
when we edit the information about the ‘President
of USA’.

Ethics and Potential Risks

The model-editing techniques are designed to edit
or delete the information from the LLMs. The edit-
ing techniques can be used to modify the model’s
parameters and can be adversely used. We do not
show such harm and intend to show cross-lingual
model editing. We carefully adhere to the ethics

and guidelines and ensure our work is ethically
correct.
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Figure 8: The figure illustrates G g given the editing
language (x-axis) and fine-tuning datasets (y-axis) for
all the three models BLOOM (top), mBERT (middle) and
XLM-RoBERTa (right) when edited using KE.

A Appendix

This section contains all the Gg and Sg experi-
ments using different ME techniques for different
architectures.

A.1 Dataset

The complete dataset statistic regarding the cross-
lingual dataset and Average Lengths (AL) for
encoder-only and decoder-only models are shown
in Table 6. We considered the samples overlap-
ping in all six languages (not including mixed and
inverse) from the train, validation, and test splits.
Table 7 and 8 report the inverse proportion of lan-
guages for BLOOM and XILM-RoBERTa.

A.2 Quality Assessment of Translations

We randomly selected 150 instances from the
English-FEVER dataset (Thorne et al., 2018) and
the corresponding translations and then assigned
them to the human annotators. There were two
annotators per language; each was a native speaker
of the language assigned to them and proficient in
English. We recruited language experts who vol-
untarily helped in the annotation process without
pay.

Table 4 shows the individual annotation accuracy
and inter-annotation agreement (IAA). In the table,
the IAA column represents scores computed from
Cohen’s Kappa coefficient, computed between two
annotators for the respective language. While com-
puting the IAA, annotators verified that the trans-
lated sentences were syntactically and semantically
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Figure 9: The figure illustrates Gg given the editing
language (x-axis) and fine-tuning datasets (y-axis) for
all the three models BLOOM (top), mBERT (middle) and
XLM-RoBERTa (right) when edited using FT.

correct (No code-switching or code-mixing was
allowed). Considering the Relaxed-IAA (R-IAA),
code-mixed and code-switched transitions were as-
sumed to be relaxed and surpassed (Correct seman-
tics were verified). Further, acc,; and accys repre-
sent the accuracy” of annotators one and two with
strict instructions. Lastly, R-acc,; and R-acc,s rep-
resent the accuracy with the relaxed instructions
from both annotators. Accuracy for individual an-
notators was over 80 percent in all the cases.

A.3 Model Editing Techniques

Table 5 reports the 24 editing techniques intro-
duced in top venues over the recent years. The
techniques are classified into different editing ap-
proaches. From the literature review, the editing
techniques have gained popularity and trends to be-
come a focused problem for the future never-aging
LLMs. Figure 10 shows the average GGg for all
three models for KE. Furthermore, Figure 8 shows
the mixed and inverse proportion results for the
KE and FT. Similarly, Figures 13 and 5 show the
average Sg for all three models for KE and FT.
Furthermore, Figure 11 and 12 shows the mixed
and inverse proportion results for the KE and FT.

A.4 Implementation Details

We utilized the Mitchell et al. (2022a)’s implemen-
tation of MEND, KE, and FT. We used the default
hyperparameters to fine-tune the base model and
the MLPs as specified in MEND’s implementation.

*We have computed average accuracy as the ratio of correct
translations annotated with the total number of instances.
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MET  Model en fr e hi gu bn mixed inverse

MEND BLOOM 9 10 11 12 13 14 15 16
mBERT 17 18 19 20 21 22 23 -
XLM-RoBERTa 24 25 26 27 28 29 30 31

KE BLOOM 32 33 34 35 36 37 38 39
mBERT 40 41 42 43 44 45 46 -
XLM-RoBERTa 47 48 49 50 51 52 53 54

FT BLOOM 55 56 57 58 59 60 61 62
mBERT 63 64 65 66 67 68 69 -

XLM-RoBERTa 70 71 72 73 74 75 76 77

Table 3: The table contains the index for all the configurations for ME techniques, models, and fine-tuning data.
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Figure 10: The figure illustrates Gs given the editing language (x-axis) and fine-tuning languages (y-axis) for all
the three models BLOOM (left), mBERT (middle) and XLM-RoBERTa (right) when edited using KE.

Language IAA R-IAA acc,y accqo  Avg. Ace. R-acc,i  R-accgy  R-Avg. Ace.

French  67.00 80.00 88.67 94 91.33 92.00 93.33 92.66
Spanish  66.00 74.00 76.67 84.67 80.67 87.33 90.00 88.66
Hindi 63.00 85.00 7533 76.67 76.00 93.33 92.67 93.00
Bengali  70.00 76.00 80.67 80.67 80.67 92.67 92.00 92.335
Gujarati  56.00 74.00 66.67 59.33 63.00 74.00 73.33 73.66
Average 644 77.8  77.60 79.07 78.33 87.87 88.27 88.07

Table 4: Inter-Annotator Agreement (IAA), Relaxed-IAA, and average accuracy per language the annotators
assign for both standard and relaxed configurations (Reported numbers are percentages over 150 instances). In our
experiments, two annotators represented as al and a2 were asked to annotate the correct translations. Standard
accuracy per language by annotator is represented with acc,1 and acc,o, whereas relaxed accuracy is denoted with
R-acc,1 and R-acceys for annotators one and two.
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Figure 11: The figure illustrates S given the editing
language (x-axis) and fine-tuning datasets (y-axis) for
all the three models BLOOM (top), mBERT (middle) and
XLM-RoBERTa (right) when edited using KE.
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Figure 12: The figure illustrates Sg given the editing
language (x-axis) and fine-tuning datasets (y-axis) for
all the three models BLOOM (top), mBERT (middle) and
XLM-RoBERTa (right) when edited using FT.

We edit one instance per batch. For all 69 configu-
rations with Language Pairs x Models x METs, a
total of 9,936 experiments were performed. From
the tables indexed in 3, one experiment is computed
as Gg and S for one configuration, say, in Table
9, for IL, when z is en, and 2’ is en for both G g
and Sg. Similarly, for one set of layers (36 values),
there are a total of 4 sets and 69 configurations,
which sums to 36 x 4 x 69 = 9,936 experiments.

A5 MEND
AS5.1 BLOOM

Tables 9, 10, 11, 12, 13, 14, 15, and 16 shows the
experiments on BLOOM when fine-tuned on en,
fr, es, hi, gu, bn, mixed, and inverse, respectively
using MEND.

A.5.2 mBERT

Tables 17, 18, 19, 20, 21, 22, and 23, shows the
experiments on mBERT when fine-tuned on en,
fr, es, hi, gu, bn, and mixed, respectively using
MEND.

A.5.3 XLM-RoBERTa

Tables 24, 25, 26, 27, 28, 29, 30, and 31, shows the
experiments on XLM-RoBERTa when fine-tuned
on en, fr, es, hi, gu, bn, and mixed, respectively
using MEND.

A.6 KE

A.6.1 BLOOM

Tables 32, 33, 34, 35, 36, 37, 38, and 39 shows the
experiments on BLOOM when fine-tuned on en,
fr, es, hi, gu, bn, mixed, and inverse, respectively
using KE.

A.6.2 mBERT

Tables 40, 41, 42, 43, 44, 45, and 46, shows the
experiments on mBERT when fine-tuned on en, fr,
es, hi, gu, bn, and mixed, respectively using ke.

A.6.3 XLM-RoBERTa

Tables 47, 48, 49, 50, 51, 52, 53, and 54, shows the
experiments on XLM-RoBERTa when fine-tuned
on en, fr, es, hi, gu, bn, and mixed, respectively
using MEND.

A7 FT

A.7.1 BLOOM

Tables 55, 56, 57, 58, 59, 60, 61, and 62 shows the
experiments on BLOOM when fine-tuned on en,
fr, es, hi, gu, bn, mixed, and inverse, respectively
using FT.
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BLOOM MBERT XLM-RoBERTa

100
I5% 88.32 88.05 88.01 86.46 94.53 93.69 95.01 94.29 94.07 93.98
g 95
‘g FE 86.23 ‘ 86.28 ‘ 86.35 98.34 | 92.16 97.31 90.08 88.46 89.15
2 90
E=R 87.39 87.04 87.17 98.63  92.41 97.51 86.38 84.57 86.20
o 85
g < 91.18 95.14 87.70 91.77 90.37 90.20
2 -80
o) ES 97.48 94.00 91.31 94.52 96.34 93.25
£ -75
s 85.71 85.85 91.92 91.53 90.67 91.87
-70

en es fr hi qu bn en es fr hi gu bn

Editing Language

Figure 13: The figure illustrates Sg given the editing language (x-axis) and fine-tuning languages (y-axis) for all the
three models BLOOM (left), mBERT (middle) and XLM-RoBERTa (right) when edited using KE.

A.7.2 mBERT

Tables 40, 41, 42, 43, 44, 45, and 46, shows the
experiments on mBERT when fine-tuned on en, fr,
es, hi, gu, bn, and mixed, respectively using FT.

A.7.3 XLM-RoBERTa

Tables 70, 71, 72, 73, 74, 75, 76, and 77, shows the
experiments on XLLM-RoBERTa when fine-tuned
on en, fr, es, hi, gu, bn, and mixed, respectively
using FT.

All 69 configurations for ME techniques, mod-
els, and languages are indexed to Table 3. The
normalized G'g for KE and FT are shown in Fig-
ure 10 and 4, respectively. Furthermore, Figures
8 and 9 show the normalized Gg for KE and FT
for mixed and inverse configurations, respectively
using MEND.
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Technique Venue On Arxiv Cit. Technique Code
ENNs (Sinitsin et al., 2020) ICLR 20 Apr01,2020 76 LE Y
KE (De Cao et al., 2021) EMNLP 271’ Apr 16,2021 75 HN Y
KN (Dai et al., 2022) ACL Proceeding 22° Apr 18,2021 75 HN Y
CuQA (Lee et al., 2022) ACL Proceeding 22°  Apr 22,2021 1 LE Y
MEND (Mitchell et al., 2022a)  ICLR 22’ Oct 21,2021 73 HN -
SLAG (Hase et al., 2021) Arxiv Nov 26,2021 21 LE Y
Editing-classifier =~ (Santurkar NeurIPS 21’ Dec 01,2021 30 LE Y
etal., 2021)

FRUIT (Iv et al., 2022) NAACL 22 Dec 16,2022 5 - -
Prompt-editing (Madaan et al., EMNLP 22’ Jan 16,2022 8 PP Y
2022)

ROME (Meng et al., 2022a) NeurIPS 22’ Feb 10,2022 38 LE Y
FactTracing (Akyurek et al., EMNLP May 23,2022 2 - Y
2022)

SERAC (Mitchell et al., 2022b) ICML 22’ June 13,2022 14 PP Y
RepairNN (Tanno et al., 2022) Arxiv July 11,2022 - LE -
PAINT (Ilharco et al., 2022) NeurIPS 22’ Aug 10,2022 19 - Y
CaliNet (Dong et al., 2022) EMNLP 22’ Oct 07,2022 1 PP Y
MEMIT (Meng et al., 2022b) ICLR 23’ Oct 13,2022 9 LE Y
Entailer (Tafjord et al., 2022) EMNLP 22’ Oct 21,2022 5 - Y
GRACE (Hartvigsen et al., 2022)  NeurIPS 22’ Nov 20, 2022 - LE -
Cross-lingual (Xu et al., 2023) Arxiv May 25,2022 2 LE -
Prompting (Si et al., 2023) ICLR 23’ Oct 17,2022 8 - Y
Transformer-Patching (Murty EMNLP 22’ Nov 07,2022 3 PP Y
et al., 2022)

KAFT (Li et al., 2022) Arxiv Nov 09,2022 5 PP -
LocalizedEdit (Hase et al., 2023)  Arxiv Jan 10, 2023 1 LE Y
Patcher (Huang et al., 2023) ICLR 23’ Jan 23, 2023 - PP Y

Table 5: Recent works in METs. Note: Citations were last reported on April 11, 2023. Here, PP stands for
‘Parameter Preserving,” HN for ‘HyperNetworks,” and LE for ‘Localized Edits.’

Lang AL, ALg AL, Train TFR VFR
en 11.25 10.67 11.87 104966 10.9998 10.5003
hi 144 18.04 15.69 103191 10.691 10.2668
es 12.25 12.53 14.07 104965 10.8479 10.3747
fr 10.5 10.6  12.79 104966 10.8479 10.3529
bn 13.58 20.72 17.61 104966 10.8479 10.3747
gu 1593 23.86 18.07 104966 10.8479 10.3747
mix 11.25 10.67 11.25 102922 10.8633 10.4186
Invyoom 11.25 - - 104504 10.8437 10.3747
Invg, - - 11.95 104966 10.8483 10.3747

Table 6: Dataset statistics in different languages. Note TFR and VFR are the average length of training-filtered
and validation filtered rephrases, respectively. Invpoom and Inv,,, are the inverse proportion of BLOOM and
XLM-RoBERTa. We do not include the inverse proportion of mBERT. Lastly, in all the languages, the size of validation
and test remains 10444 and 1193, respectively.
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Language Size (x10') Proportion (In %) Inv. Proportion Train  Test

en 48.50 53.13 1.88 230 23

fr 20.82 22.82 4.38 536 53

es 17.50 19.18 5.21 638 63

hi 2.46 2.7 37.07 4534 451
gu 1.86 2.04 49.05 6000 597
bn 0.12 0.13 760.61 93029 9256
Total 91.27 1 858.21 104967 10443

Table 7: Statistics of inverse proportion dataset for BLOOM. The dataset is prepared while considering the portion of
languages at the pre-training stage. Proportion is shown in percentage over the six languages.

Language Size (x10%) Proportion (In %) Inv. Proportion Train  Test

en 55.6 72.09 1.39 191 19

fr 9.78 12.68 7.89 1089 108
es 9.37 12.15 8.23 1136 113
hi 1.71 222 44.98 6209 618
gu 0.53 0.68 146.93 20282 2018
bn 0.14 0.18 551.01 76059 7568
Total 77.14 1 760.44 104966 10444

Table 8: Statistics of inverse proportion dataset for xIm-roberta. The dataset is prepared while considering the
portion of languages at the pre-training stage. Proportion is shown in percentage over the six languages.

GS (m') — SS (%) —
Set =z en fr es hi gu bn en fr es hi gu bn

51.57
fr 5224 6142  57.63
es 5237 6146 5775
hi 5541 5935 5826 56.6 5991  59.01
gu 5549 57775 @ 56.92 5222  57.82  59.22
bn 53.9 56.66  55.57 56.08 5821  59.16
LL en 7997  83.51 75.0

fr 65.97 83.97 78.96
es 64.46 84.6 81.03
hi 53.06 53.48 53.9 60.12 75.0 65.3

gu 5121 5314 5298 5071 5029 4552
bn 5272  54.15 534 46.19 47.86  47.53
5432  51.05 62.95
534 52.64 6144
53.06 53.56  61.27
56.75 51.72 5298  51.89
gu 5415 5692 5633 5423  32.86 45.1
bn 53.81 56.08 5591 4199  45.77 37.8

71.81 4937 6142
67.6 71.84

Table 9: The table represents the G's and S using MEND over fine-tuned BLOOM on the fever ‘en’ dataset.

2094



Gg (2) — Ss (&) —

Set x| en fr es hi gu bn en fr es hi gu bn
51.89  55.66 54.4
71.75 52.56  56.08  54.57
69.74 5398 5742 5474
hi 53.81 49.71  46.61 4292
gu 5247 51.89 5348 39.82 46.19 46.61
bn 51.89 5197 5256 4845 4627  43.17

50.8 54.9
52.05 5541
52.05 56.41
50.29  54.57

gu 5641 5733  58.68  48.62 31.1 51.72
bn 57.0 5876  58.84 5943 5256  53.56

LL en 48.37 58.0
fr 4845  60.52
es 48.28  59.93
hi 64.38  59.68

gu 52.81 534 52.56 5239  31.77 45.6
bn 53.98 54.9 54.32 46.1 49.2 43.92

48.28 37.3
49.37 4141
49.79  39.73
47.28  36.88
31.69  46.69
4543 3898

Gg () — Ss (&) —
Set «2] en fr es hi gu bn en fr es hi gu bn
IL en 4585  52.05
fr 45.68  52.22
es 4635 5222

hi 52.72 5256 5222 3931 47.7 31.94
gu 55.99 5549 5532 3403 31.77 46.02
bn 52.81 5256 52.14 4342 4627  32.02
ML en 523 47.11  53.06
fr 53.9 48.7 53.31
es 5541 4987  53.23
hi 53.56  54.06 56.33 5516 5222 4937
gu 5499  55.66 57.92 3059 19.03  36.88
bn 50.8 51.05 53.81 52.81 4552 3948

46.52  40.23

45.77  45.26

46.86  47.86

44.17  48.28

8.21 27.74

4191  29.09

4049 5474

43.09 5742

44.59 57.0

56.08 56.08 . 48.28 51.3

gu 63.7 63.87 6521 4543 3445 5298
bn 5834 57.08 5733 4292 342 33.86

Table 11: The table represents the Gg and S using MEND over fine-tuned BLOOM on the fever ‘es’ dataset.
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Gg () — Ss (&) —

Set x| hi gu bn en fr es hi gu bn
en 59.77 53.14 5826 | 6448 6842 6748 | 8437 741 7412
fr 6245 5666  60.02 | 73.68 68.13 71.71 79.19  78.14
es 70.62 79.23 7806
hi 82.98
gu 76.32 3726 4644
bn 82.86 5103 51.93
en 79.57 81.06  78.04
fr 852 84.89  79.99
es | 6572 6521 6756 6513  62.03 84.62  79.42
hi 55.99  58.84 5893 78.65
gu | 5591 6094 63.37 64.73  66.09
bn 544 5935  59.09 7142 6622

LL en 75.11 7536 8523 74.08  73.39
fr 7846 7477 74.92 7502 74.16
es 7825 7527 7458 750 7416
hi 65.55 794 7865 81.16 7659  71.42
gu | 6546 75.06  75.08 650  68.15
bn | 64.71 80.05 79.95 - 6781 662
en 61.44 790 7982 834 8412 79.15
fr 69.49 69.99 7749 7743 7835 81.12  77.62
es | 70.58 70.58 77.64 7812 80.51  77.45
hi 5214 5113 518 60.1 81.94
gu | 5264 6261 648 64.92  68.67
bn | 5029 5977  60.94 675  69.01

Table 12: The table represents the G's and S using MEND over fine-tuned BLOOM on the fever ‘hi’ dataset.

Gg () — Ss (&) —
Set «2] en fr es hi gu bn fr hi bn
IL en | 5499 5482 549 4929 4853 5415
fr 5557 5541 5541 4979 4828 544
es | 5432 5423 5432 4904 4828 53.14
hi 5222 523 5239 6253 539 52381
gu | 5214 5222 5214 52.89 [N88B35N 54.99
bn | 5155 518 5172 5029 534 549
ML en | 5465 544 5448 6572 51.63 6027
fr 5381 5406 5398 637 5222 5876
es 5373 5365 539 6421 5172 5859
hi 523 5239 5239  68.06 5834 5633
gu | 5205 5205 5205 66.97 54.99
bn 518 5205 51.89 -% 60.02
LL en | 5205 5205 5205 358 4283 50.13
fr 5205 5205 5205 3646 4359  50.96
es | 5205 5205 5205 3579 4384 5147
hi 5205 5205 5205 2523 5557 3495
gu | 5205 5205 5205 39.15 @ 6857 518
bn | 5205 5205 5205 3479 5951 38.14
RL en | 5264 5264 5264 5432 4728 5272
fr 5239 523 5247 5465 4786  52.64
es 5247 5247 5247 5448 4761 5247
hi 5197 5197 5205 6261 5541 4971
gu | 5205 5205 5205 622 55.07
bn | 5214 5214 5205 663 5532 4258

Table 13: The table represents the G5 and Ss using MEND over fine-tuned BLOOM on the fever ‘gu’ dataset.
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Gs (z") —

Set x| en fr es hi gu

IL en | 5507 549 5423 508 4627
fr 5499 5532 5465 4879 4501
es | 5516 5516 5549 4945 4518
hi 5239 5239 5239 [180.97 " 47.78
gu | 5348 5306 5323 5071 5876
bn | 5205 5205 5205 5323 487

ML en | 5406 5432 544 5692 44.84
fr 5373 5448 5474 5633 4476
es 5247 5306 53.56 57.67 4543
hi 52.14 5214 52.14 [89569N 48.03
gu | 5214 5214 5197  66.64 69.15
bn | 5205 5205 5205 @ 7292 48.53

LL en 10.56 1391 14.33 9.05 0.75 4832 56.87  65.21
fr 11.99  10.73 12.32 1249 1.76 48.03 584 65.8
es 11.82  11.82 9.64 10.23 1.51 48.03 58.07  65.38
hi 19.78  21.21  20.03 25.06 2548 42.08 4935  50.29

gu | 3034 3076 3101 2481 1978 4026 5128 48.22
bn | 1676 1802 1542 33.03 3051 416 505 496
RL en | 5239 5214 523 5507 4577
fir 5256 5247 5264 5549 4552
es | 5256 5256 5264 5499  46.19
hi 5239 5214 52.14 [NO0N03N 49.04
gu | 5214 5214 5222 632  60.86
bn | 5205 5205 5205 | 7142 4895

Table 14: The table represents the Gs and S using MEND over fine-tuned BLOOM on the fever ‘bn’ dataset.

Gs (2) — Ss (2) —

Set =z fr hi bn fr hi bn

Table 15: The table represents the Gg and S using MEND over fine-tuned BLOOM on the fever ‘mixed’ dataset.
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Gg (z) — Ss (2) —

Set =z en fr es hi gu bn en fr es hi gu bn
IL en

fr

es

hi

gu

b
ML en 5775  58.59  57.92

fr 58.76  58.51 58.51

es 56.16  59.26  55.99

hi 61.36 60.1

gu 57.75

bn 63.7 59.6
LL en 64.38 66.72

fr 65.8 66.39

es 61.53 67.06

hi

gu

bn
RL en 63.54

fr 64.96

es 60.52  67.14

hi

gu

bn

Table 16: The table represents the Gs and S using MEND over fine-tuned BLOOM on the fever ‘inverse’ dataset.

Gg () — Ss (&) —

Set «2] en fr es hi gu bn en fr es hi gu bn
IL en . 52.56

fr . 51.89

es d 52.72

hi 63.7

gu

bn
ML en

fr

es

hi

gu

bn

en
fr
es
hi
gu
bn
RL en
fr
es
hi
gu
bn

Table 17: The table represents the G and Ss using MEND over fine-tuned mBERT on the fever ‘en’ dataset.
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64.46
53.98 66.3
57.42 71.0

Table 18: The table represents the G'g and S using MEND over fine-tuned mBERT on the fever ‘fr’ dataset.

5893  57.25 57.5
69.82  67.73

Table 19: The table represents the Gs and S using MEND over fine-tuned mBERT on the fever ‘es’ dataset.
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Gg () — Ss (&) —

Set i

52.98 59.18

46.19 52.39

46.94 54.06
ML 44.76 44.01 83.53 83.45

84.74

48.45

43.76 48.95 47.36

60.6 61.11 63.87
LL

63.2

63.2

66.89

66.64

64.46

71.86 77.26
79.15

77.91

Table 20: The table represents the G's and S using MEND over fine-tuned mBERT on the fever ‘hi’ dataset.

Gg () — Ss (&) —

Set «2] en fr es hi gu bn en fr es hi gu bn
IL en 58.42  52.89 83.32 84.05

fr 57.5 53.06 81.98

es 63.29 53.9 76.28 67.48 65.34

hi 54.74

gu 5725 59.85 59.09 60.02

bn 67.06 7049  63.62 5348
ML en 65.55  65.72 64.8 54.23 523

fr 65.63  66.14 66.3 53.9 52.39

es 55.57 52.14

hi 65.46

gu 7024 7024  71.08

bn
LL en 56.08  60.52 59.6 53.14 523

fr 4971 3378 4778 5197  52.05

es 59.6 52.47

hi 63.96

gu 64.12  64.12  63.79

bn
RL en 60.1 60.02 59.85 52.14 51.72

fr 5943  60.02 5935 5256 @ 52.05

es 53.9 52.14

hi 60.94

gu 65.3 6848  66.39 7024

b

Table 21: The table represents the G5 and Ss using MEND over fine-tuned mBERT on the fever ‘gu’ dataset.
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Gg () — Ss () —

Set x| en fr es hi gu bn en fr es hi gu bn

IL en
fr
es
hi
gu
bn

ML en
fr
es
hi
gu
bn

LL en
fr
es
hi
gu
bn

RL en 73.87 7196 76.66
fr
es
hi
gu
bn

Table 22: The table represents the Gg and S using MEND over fine-tuned mBERT on the fever ‘bn’ dataset.

Gg (z) — Sg () —
Set =z fr hi bn fr hi bn

Table 23: The table represents the Gg and S using MEND over fine-tuned mBERT on the fever ‘mixed’ dataset.
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Set
IL

ML

LL

RL

Tl
en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn

en

fr

64.8

65.63

es hi gu

Ss (2) —
bn en fr es hi gu bn

70.75  58.42
69.41  59.09

70.49 59.6

61.78
62.87

Table 24: The table represents the G ¢ and S using MEND over fine-tuned XLM-RoBERTa on the fever ‘en’ dataset.

Gg () — Ss (&) —

Set «2] en fr es hi gu bn en fr es hi gu bn
IL en

fr

es

hi 58.51 55.24

gu 53.48  52.89

bn 53.14  52.72
ML en

fr

es

hi

gu 64.46  62.53  63.03

bn 64.38  62.11 62.11
LL en

fr

es

hi 69.32

gu 58.0 58.0

bn 59.77  61.19
RL en

fr

es

hi 62.53 64.8

gu 56.33  57.25

bn 56.41 56.75

Table 25: The table represents the G and S5 using MEND over fine-tuned XLM-RoBERTa on the fever ‘fr’ dataset.
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Ss (2) —

Set

LL

Tl
en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn

57.33
52.89
53.14

55.91
52.98
52.98

55.91
52.81
52.47

71.58

8453

7098  79.97
82.9 76.38

Table 26: The table represents the G's and S using MEND over fine-tuned XLM-RoBERTa on the fever ‘es’ dataset.

Gg () — Ss (&) —

Set «2] en fr es hi gu bn en fr es hi gu bn
IL en

fr

es

hi 61.36  60.77

gu 5239 5474  53.81 53.81

bn 53.31 54.15 5423  54.32
ML en

fr

es

hi

gu 7091 71.58  69.49

bn 69.41 68.99 68.82 64.96
LL en

fr

es

hi 68.99  68.57 71.0

gu 57.08 6044 5977 62.11

bn 62.11 64.63  64.12 60.6
RL en

fr

es

hi 66.3 65.46  66.97

gu 61.86 6329 6446 63.03

bn 59.09 58.68 60.86 59.85

Table 27: The table represents the Gg and Ss using MEND over fine-tuned XLM-RoBERTa on the fever ‘hi’ dataset.
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Gs (z") — Ss (2) —
Set x| en fr es hi gu bn en fr hi bn
TIL en [TB106 7787 9217 3850 544 5549

fr 65.55  66.89 65.8 54.65 5348  53.56
es 67.06 67.06 6831 5541
hi 71.17
gu 5331 5298
bn 56.5 5532 5524  65.13
ML en 57.17 5733  57.59 5448
fr 53.65 539 5406 5272 52.64
54.15  54.23 52.72

6521 6337 6421

65.3
fr 61.36  59.93 60.6 56.33 54.9 56.16
es 63.03 6261 6228 5859 5658  58.26

86.04 84.56 82.04

66.47 69.07 69.74  69.49

Gs (z") — Sg (2) —

Set =z fr hi bn fr es hi bn

82.48
80.76  83.32

8298 84.68 68.27

es
hi 69.82  58.09 64.38
gu 5272 5272 53.06
bn 52.64 5256  52.56

58.7 60.81
61.09 58.03
58.84 58.28

59.68 62.7
52.89 5272 52.98
52.72 52.3 52.3

gu
bn

Table 29: The table represents the G and S using MEND over fine-tuned XLM-RoBERTa on the fever ‘bn’ dataset.
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Gg (2) — Ss (&) —

Set «2| en fr es hi gu bn en fr es hi gu bn

IL en
fr
es
hi
gu
bn

ML en
fr
es
hi
gu
bn

LL en
fr
es
hi
gu
bn

RL en
fr
es
hi
gu
bn

Table 30: The table represents the Gg and S using MEND over fine-tuned XLM-RoBERTa on the fever ‘mixed’
dataset.

Gs (z") — Ss (2) —
Set =z fr hi bn fr hi bn

57.0 5432 5532
5331  52.64 5298
5272  52.64  52.89

gu

63.12 6245 6329
64.8 62.78  64.88

67.29 | 83.66 81.81
82.61 76.61 86.27
82.42 80.81

55.24

58.51  58.51
es
hi 5524  55.24
gu 55.41
bn 5851 5851 5851 5851 5851  58.51

Table 31: The table represents the G s and S using MEND over fine-tuned XLM-RoBERTa on the fever ‘inverse’
dataset.
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Gs (@) — Sg (&) —
hi gu bn fr hi gu bn

6731 4434 5432 83.63 79.13

65.72  47.19 54.9 8439 84.09  79.09
es 65.13  48.03  55.07 84.22 8435  79.09
hi 48.62  55.07 8386 8435 79.23
gu 67.22 54.06  54.57 8426 83.03 79.15
bn 67.14  42.83 84.09 79.38

es
hi

gu
bn
LL en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn

65.13
61.78
64.46

64.29
61.27
62.95

66.47
66.05
65.97

47.36
50.71
49.2
59.35
66.64
56.75

65.72
61.27
64.8

49.29
49.37
49.45
61.36
49.96
51.72

48.53
48.37
48.45
57.92
66.14
53.73
48.28
48.28
48.28
48.45
64.12
48.37

59.43

482
48.03
48.11
49.54
48.37
60.35

80.68
80.34
80.47
75.63
77.41
76.13
81.87
83.13
83.11
67.31
69.17
70.14
71.67
71.44
71.44
72.59
73.41
72.17

79.19
81.1
80.22
80.72
80.72
69.15
81.54

71.4
71.63
71.67
70.91
69.97
70.89
84.37
84.68
84.35
70.66
78.33
67.5
63.43
63.27
63.29
64.27
64.5
63.2

Table 32: The table represents the G's and S using KE over fine-tuned BLOOM on the fever ‘en’ dataset.

Gg () — Ss (&) —
Set «2] en fr es hi gu bn fr hi bn
54.23
52.22
53.65

bn

59.77

59.93

59.18

53.98
52.3

43.27 43.27 43.27
4195 4195 41.95
58.3

41.95

41.95

41.95

Table 33: The table represents the Gg and Sg using KE over fine-tuned BLOOM on the fever ‘fr’ dataset.
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Gg (z) — Ss (2) —

57.92

hi gu bn
57.86  77.68  58.51
5897 7642 5824
58.7 76.8 58.07

60.02 64.71 . 50.84  80.47 57.9
47.65  76.03 58.3
5893  64.38 . . 5555 7883 5771

fr
es
hi
gu

52.64
52.72
52.05
52.05

56.58  65.63 82.17 7844 7242

5583 6555 48.11 482 8202 7812 7259
5549 684 4811 482 8227 7185 72.92
5205 5205 5465 4828 77.26 72.0
5214 523 4845 59.18 80.2 7743

5222  52.14

Table 34: The table represents the Gs and Sg using KE over fine-tuned BLOOM on the fever ‘es’ dataset.

Gs (2) — Ss (2) —

Set =z

gu
bn

55.41

fr hi bn fr hi bn

66.47 65.8
67.48
65.05 64.29

63.66  64.59

65.8 64.12

80.95 81.58

66.05  65.55

Table 35: The table represents the Gg and Sg using KE over fine-tuned BLOOM on the fever ‘hi’ dataset.
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Gg (2) — Ss (&) —
Set x| en fr es hi gu bn fr hi bn
IL en 52.14 5214  52.14  53.81 62.36 539
fr 52.05 5214 5205 5373 6194 5448
es 5214 5222 5222 5432 6295 54.9
hi 52.05 52.05 52.05 7024 63.62 53.9
gu 52.05 52.05 52.05 544 53.73
bn 52.05 52.05 52.05 5599 66.22
ML en 52.05 5205 52.05 53,56 5935 52.56
fr 5205 52.05 52.05 53.73 60.1 52.89
es 52.05 5214 5214 5373  60.94 52.89
hi 5205 52.05 52.05 68.82 60.1 55.49
gu 52.05 52.05 52.05 56.08 53.23
bn 52.05 5205 52.05 58.51 63.45
LL en 52.05 52.05 52.05 50.29 50.46 51.8
fr 52.05 52.05 52.05 5029 5029 @ 52.05
es 52.05 5205 52.05 5029 50.54 51.8
hi 5205 5205 5205 | 7443 5096 55.74
gu 52.05 52.05 52.05 5205 60.94 51.05
bn 5205 52.05 52.05 5692 49.62 | 72.67
RL en 52.05 52.05 5205 58.68 58.09 54.4
fr 52.05 5205 52.05 58.76 60.27 54.15
es 52.14 5214 5214 5826  59.68 53.98
hi 52.05 52.05 52.05 @ 72.67 64.8 55.83
gu 52.05 52.05 52.05 64.63 53.9
bn 5205 52.05 5205 6463 57.84 72.0
Table 36: The table represents the Gs and Sg using KE over fine-tuned BLOOM on the fever ‘gu’ dataset.
Gg () — Ss (&) —
Set «2] en fr es hi gu bn fr hi bn
IL en 52.05 52.05 52.05 48.28
fr 5222 5214 5222 48.28
es 5222 5222  52.14 48.28
hi 52.05 5197 51.97 48.45
gu 52.05 52.05 52.05 60.18
bn 52.05 52.05 52.05 48.45
ML en 52.05 5205 52.05 48.28
fr 5205 52.05 52.05 5859 48.28
es 5205 52.05 52.05 5926 48.28
hi 52.05 5205 52.05 48.28
gu 52.05 52.05 52.05 59.01
bn 52.05 5205 52.05 6194  48.28
LL en 52.05 52.05 52.05 57.25  48.28
fr 52.05 52.05 52.05 57.5 48.28
es 52.05 5205 52.05 57.84 48.28
hi 52.05 52.05 52.05 48.28
gu 52.05 52.05 52.05 58.93
bn 5205 52.05 5205 60.86 48.28
RL en 52.05 52.05 52.05 @ 7217 48.28
fr 52.05 5205 52.05 48.28
es 52.05 52.14 52.14 48.28
hi 52.05 52.05 52.05 48.28
gu 52.05 5205 52.05 61.36
bn 5205 52.05 52.05 48.28

Table 37: The table represents the Gg and S using KE over fine-tuned BLOOM on the fever ‘bn’ dataset.
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Ss (2) —

gu
bn

bn

fr
es
hi
gu
bn

RL en

fr
es
hi
gu
bn

55.57
55.07

50.96

62.28
51.55
52.14
51.72
69.57
59.35
58.34
51.3
51.21
50.8

bn
52.81
52.39
51.89
57.33 57.67 g g 54.99
5775 5759 5432  57.08 53.9
54.99 56.5 55.32 48.45 69.57
56.33
55.99
56.16
55.66  55.16 63.12
54.15  53.98 . ! 54.99
53.65 53.23 60.69 50.38
60.86 59.43 53.9 48.53 54.74
62.36 5549 4845 5331
64.21 56.16 48.45 55.41
53.65 5289 @ 69.07 4837 55.16
53.23 53.23 51.72 59.93 54.06
5298 5256 55.66  48.37
61.11 59.77 5499 4862 54.15
62.45 54.23 48.62 53.56
h 54.65  48.62 53.9
52.72 52.22 70.83 48.11 54.4
52.3 51.97 50.38 60.44 52.56
52.05 51.89 54.4 48.11 70.75

fr

hi

bn

en
fr

es
hi

gu
bn

Table 39
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Set x|

fr . 58.17
59.43
65.8

LL en

hi 63.54 81.31
gu 57.08 63.2 65.63 7538  84.14
bn 6127 67.56  68.57 80.07

Table 40: The table represents the G's and S using KE over fine-tuned mBERT on the fever ‘en’ dataset.

Gs (2) — Ss (2) —

66.62
52.14
52.05
52.39

63.37
54.99

56.33

Table 41: The table represents the Gg and S using KE over fine-tuned mBERT on the fever ‘fr’ dataset.
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Gs (z)) — Ss (2) —
Set x| fr hi bn fr hi bn

83.26
64.02  79.04

8533 0187

67.1 71.48
6322 5444  63.33
81.16  78.37

gu 59.09 5725  56.08

en
fr

es
hi
gu
bn

Table 42: The table represents the Gs and Sg using KE over fine-tuned mBERT on the fever ‘es’ dataset.

Gg (z) — Sg () —
Set =z fr hi bn fr hi bn

hi 57.5 60.27
gu 54.06  54.57  55.07
5557 5792
80.81 81.5
76.76  79.38
78.0 79.21
84.56

8422 85.16

83.38
77.22
85.18 70.68

es
hi

fr

69.41 73.45
70.73  71.77
74.81 76.87

es
hi

gu
bn

Table 43: The table represents the G and Ss using KE over fine-tuned mBERT on the fever ‘hi’ dataset.

2111



Gg () — Ss (&) —

Set x| en fr es hi gu bn fr hi bn

IL en 53.98 52.81 534 52.56  52.05 5247
fr 53.73 5247 5281
es 56.5 5323  56.33
hi 58.59 5474  57.59
gu 55.16  53.48 53.9

52.81 53.73

66.81  69.24 67.9

83.32 80.78

gu
bn 58.09

Table 44: The table represents the Gs and Sg using KE over fine-tuned mBERT on the fever ‘gu’ dataset.

Gg () — Ss (&) —

Set «2] fr hi gu bn en fr es hi bn
60.1 5432 5457 | 79.74 7498 803
61.11 53.65 54.15 | 8321 71.86 79.63
82.86 7431 78.0

es
hi
gu 61.94 66.3 6127  67.22
69.07

82.69
82.59 80.01

83.42
77.68

Table 45: The table represents the Gs and S using KE over fine-tuned mBERT on the fever ‘bn’ dataset.
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Set
IL

ML

LL

RL

Tl
en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn

en

59.77

fr

62.7

64.96
59.35
63.37

58.84
65.13

es hi gu bn en fr
57.17  63.62

868 6639 |

58.26 65.3

63.37

64.71
64.04

60.52
65.8

es

Sg (2) —
hi gu bn

Table 46: The table represents the Gg and S using KE over fine-tuned mBERT on the fever ‘mixed’ dataset.

Gs (z") —

Sg (2) —

Set
IL

ML

LL

RL

T
en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn

en

fr

es hi gu bn en fr
61.27 62.11
64.04  64.12
63.96  63.87

es

hi gu bn

Table 47: The table represents the Gg and Sg using KE over fine-tuned XLM-RoBERTa on the fever ‘en’ dataset.
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68.48  64.12
63.79

63.87
6639  65.97

Table 48: The table represents the G s and S using KE over fine-tuned XLM-RoBERTa on the fever ‘fr’ dataset.

Gg () — Ss (&) —
Set «2] en fr es hi gu bn en fr es hi gu bn
IL en
fr
es
hi
gu
bn
ML en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn
RL en
fr
es
hi
gu
bn

Table 49: The table represents the Gs and Sg using KE over fine-tuned XLM-RoBERTa on the fever ‘es’ dataset.
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Gg (z) — Ss () —

Set x| en fr es hi gu bn en fr es hi gu bn

IL en
fr
es
hi
gu
bn

ML en
fr
es
hi
gu
bn

LL en
fr
es
hi 65.13 67.64  66.81
gu 63.87 69.07 66.14
bn 66.39 - 68.99

RL en
fr
es
hi
gu
bn

Table 50: The table represents the G'g and Ss using KE over fine-tuned XLM-RoBERTa on the fever ‘hi’ dataset.

Gg () — Ss (&) —
Set «2] en fr es hi gu bn fr hi bn
IL en 52.05 52.05 52.05 52.05 52.05 52.05
fr 52.05 52.05 52.05 52.05 52.05 52.05
es 52.05 52.05 52.05 52.05 52.05 52.05
hi 52.05 52.05 52.05 52.05 52.05 52.05
gu 52.05 52.05 52.05 52.05 52.05 52.05
bn 52.05 52.05 52.05 52.05 52.05 52.05
ML en 52.05 52.05 52.05 52.05 52.05 52.05
fr 52.05 52.05 52.05 52.05 52.05 52.05
es 52.05 52.05 52.05 52.05 52.05 52.05
hi 52.05 52.05 52.05 52.05 52.05 52.05
gu 52.05 52.05 52.05 52.05 52.05 52.05
bn 52.05 52.05 52.05 52.05 52.05 52.05
en
fr
es
hi

724  67.06 81.43
61.15 56.68 66.72 70.64
70.54 64.52 74.16

61.0

gu
bn 7217 63.29
RL en 5247 5205  52.05

fr 56.75  59.77 57.0 53.06 52.05 52.64
es 56.75 59.09 56.75 5222  52.05 5247
hi 66.05 68.73  62.87 56.5 52.47 54.9
gu 56.16 59.6 59.09

L |3 71 6739

Table 51: The table represents the Gg and Sg using KE over fine-tuned XLM-RoBERTa on the fever ‘gu’ dataset.

58.51 5247  55.57 83.4
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Gs (z") — Ss (2) —

8439 8441

83.24  83.36
76.19  80.13
79.13  81.75

64.54  68.65  68.82 83.34  84.64

Table 52: The table represents the Gs and Sg using KE over fine-tuned XLM-RoBERTa on the fever ‘bn’ dataset.

Gg () — Ss (&) —
Set «2] en fr es hi gu bn en fr es hi gu bn
IL en . 57.92
fr . 59.68
es 6 59.35

hi 65.55 66.81 65.8 66.64
gu 59.09 60.86 58.34
bn 60.6 61.44 60.35

ML en
fr
es
hi
gu
bn

LL en
fr
es
hi
gu
bn

RL en
fr
es
hi
gu
bn

Table 53: The table represents the Gg and S using KE over fine-tuned XLM-RoBERTa on the fever ‘mixed’ dataset.
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Gs (2') — Ss (2) —

Set =z en fr es hi gu bn en fr es hi bn
en 52.39
fr 53.06
es 52.64
hi 52.14
gu 52.05 5247 5222 5205

bn 63.03 52.05
en
fr
es
hi

gu 52.64 52.3 5272  52.22

b
en 65.55 52.64
fr 53.48
es 62.7 52.47
hi 60.35 52.56
gu 53.23 52.64

bn 5599 6412 52.14

en 5222

fr 52.39

es 67.06  52.22

hi 52.3

gu | 5214 5272 5264 52.05

bn | 5985 57.08 5692 5859  52.05 70.37

Table 54: The table represents the G and Sg using KE over fine-tuned XLM-RoBERTa on the fever ‘inverse’
dataset.

GS (w’) — SS (i‘) —
Set =z fr hi bn fr hi bn

Table 55: The table represents the Gg and S using FT over fine-tuned BLOOM on the fever ‘en’ dataset.
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Set x|

LL en

RL en

en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn

fr
es
hi
gu
bn

fr
es
hi
gu
bn

Gs (z') — Ss () —
hi gu bn i
56.16 6496 5834
5624 6513 5851
5583 648 5943
63.62
56.66  70.24
60.35  65.05
66.55 57.84
68.15 5817
689  57.92
58.51
63.7
5834
4845 4895
48.37  48.87
4837 4887  52.05
5348 5398 5356 5205 | 71.42
5281 5298 5256 50.13 6236
5247 5298 5247 5985 5105
60.94 5247 5222 5608 4828
5256  59.93 5272 5532 4828
52890 5365 59.93 5448 4828
5205 5205 5197 [ 7762 48.62
5205 5205 5197 5876  62.61
5205 5205 5197 710 4837

Table 56:

The table represents the G and S using FT over fine-tuned BLOOM on the fever ‘fr’ dataset.

Gs (2) — Ss (2) —

Set =z

fr hi bn fr hi bn

82.78

fr 82.94
es 82.56
hi 63.08 80.66
gu 52.72 5298  52.89 83.8 81.77 86.0
bn | 5348 539  53.73 75.75 [NO482N 77.56
RL en 5373  61.61 52.56 48.2
fr 52.81 68.23  52.56 48.2 48.2
es 5256  59.68 52.81 48.11 48.2
hi 51.89  52.05 52.05 66.22 48.28
gu 5197 52.05 52.05 4879  62.53
bn 52.05 5214 5205 5256  48.28
Table 57: The table represents the Gg and Sg using FT over fine-tuned BLOOM on the fever ‘es’ dataset.
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Gs () — Ss (2) —

82.1
81.73 81.89 67.06  69.53
58.51 5943 5549 5377 54.61
5851 5937 5547 5373 5451
58.26 5847 59.33 5545 5371  54.48
583 5855 59.51 55.18 53.6 54.3
583 5845 59.28 5522 535 54.21
584 59.24 552 53.5 54.19

es
hi
gu

8349 8397 8506 7544 754

80.36 8043 81.94 6834 7033

es 80.85 8386 68.5  71.63
hi 76.87 8129 7781
59.79  67.0

73.62 7427

5348  53.54

5285 5295

52.89 5295

53.08  53.16

5249 5247

5266  52.62

Table 58: The table represents the Gs and Sg using FT over fine-tuned BLOOM on the fever ‘hi’ dataset.

Gg () — Ss (&) —
Set x| en fr es hi gu bn en fr es hi bn
53.65 48.7
52.89 4845
54.15  48.53
53.65

52.98
5499  54.82

Table 59: The table represents the Gg and Sg using FT over fine-tuned BLOOM on the fever ‘gu’ dataset.
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Gs (z)) — Ss (2) —
Set x| fr hi bn fr hi bn

Table 60: The table represents the G's and Ss using FT over fine-tuned BLOOM on the fever ‘bn’ dataset.

Gs (') — Ss (Z) —
Set «2] en fr es hi gu bn en fr es hi gu bn

74.79  78.46
71.58  76.36
7829 7689 77.6 8036 7571  79.19
772 7659 7693 7816 7571 7791
7548 7223 7355 7691 6899  76.45
7555 7433 7529 7814 7292 7722
80.01 81.03 80.01 8326 83.86 85.08
79.06 7923 79.09 8192 8256  84.09
8122 81.6 8089 84.87 8535
7259 7339 7286 7542 7523  71.75
742 7481 7456 < 71.6 77.14  79.48
7171 74.33

es
hi
gu

es
hi
gu

Table 61: The table represents the Gg and S using FT over fine-tuned BLOOM on the fever ‘mixed’ dataset.
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Gg () — Ss (&) —

hi bn fr hi bn
63.79
65.05
65.21

Set

gu 65.8 65.8 63.87  66.14
bn 66.81 6731  65.97
en

fr 59.68
es 59.51
hi 65.13
gu 60.77  66.55  58.09
bn
LL en 82.25 82.65 8351 83.17 80.55
fr 82.63
es 81.18 81.56 82.71 8223 83.15 79.9
hi
gu
bn

63.37 6555 59.85
6345 65.05 58.68
62.53 6555 59.93

en
fr
es

hi 66.81 61.44
gu 64.29 60.44
bn 66.05 6731 65.63

Table 62: The table represents the G's and S using FT over fine-tuned BLOOM on the fever ‘inverse’ dataset.

Gg () — Ss (&) —
Set =z en fr hi bn fr hi bn
IL en
fr
es
hi

gu 52.3 52.81 53.06
bn 52.3 53.06  53.06
en
fr
es
hi
gu 52.22
bn 53.56  65.13 66.22
en
fr
es
hi
gu
bn
en 80.24 7454
fr 7246 81.16 79.88 73.6
es 76.24 79.76  78.88 72.09 82.67

7982 75.69  71.79
75.06 7496  69.82

hi 54.74 83.28 6496 6523  69.15
gu 52.89 66.97 69.66 67.67  71.29
bn 53.06 83.21 6632 6475 6591

Table 63: The table represents the Gg and Sg using FT over fine-tuned mBERT on the fever ‘en’ dataset.
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Gs () — Ss (2) —

Set x|
en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn
LL en
fr
es
hi
gu
bn
en d 52.05
fr d 52.05
es . 52.05
hi 55.41 54.15 54.48 54.48
gu 52.89 52.47 52.64

bn 53.31 52.81 52.89 54.4 54.99

Table 64: The table represents the G's and S using FT over fine-tuned mBERT on the fever ‘fr’ dataset.

75.71 | 8541
83.97

6429  54.32
68.06 5792 5298
71.84 62.2 53.9

Table 65: The table represents the Gg and Sg using FT over fine-tuned mBERT on the fever ‘es’ dataset.
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Gs (z") — Ss (2) —

Set x|
en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn
LL en
fr
es
hi
gu
bn
en
fr
es
hi 54.4 54.06 55.07
gu 52.98 52.47 53.48
bn 53.06 53.14 53.56

Table 66: The table represents the Gs and Sg using FT over fine-tuned mBERT on the fever ‘hi’ dataset.

6798  69.57 67.48

7117 7334 7225

Table 67: The table represents the G and Sg using FT over fine-tuned mBERT on the fever ‘gu’ dataset.
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Gs (z") — Ss (2) —

80.87 80.3  85.69
83.76 7827 82.38
79.84 71.77

fr

en
fr
es
hi
gu
bn

Table 68: The table represents the G's and Ss using FT over fine-tuned mBERT on the fever ‘bn’ dataset.

53.4 539
52.14 5222
5239 5222

Table 69: The table represents the Gg and S using FT over fine-tuned mBERT on the fever ‘mixed’ dataset.
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Set x|

en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn
LL en
fr
es
hi
gu
bn
en
fr
es
hi
gu
bn

59.51
55.07
55.83
70.08

72.09
54.15
52.81
53.06

Gs () — Ss (2) —

65.97
65.05
63.96

67.73

68.06  69.99
54.4 54.23
53.9 5423  53.23

5373 5415  52.89

59.77

54.4
54.4

57.5

Table 70: The table represents the G'g and Ss using FT over fine-tuned XLM-RoBERTa on the fever ‘en’ dataset.

Gs (2) — Ss (2) —

Set =z

fr

hi bn fr hi bn

Table 71: The table represents the G and Sg using FT over fine-tuned XLM-RoBERTa on the fever ‘fr’ dataset.
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Gs () — Ss (2) —

Set x| fr hi bn fr hi bn

LL en
fr
es
hi
gu
bn

RL en
fr
es
hi
gu
bn

Table 72: The table represents the Gs and S using FT over fine-tuned XLM-RoBERTa on the fever ‘es’ dataset.

Gg () — Ss (&) —
Set «2] en fr es hi gu bn en fr es hi gu bn
IL en 53.48 54.4
fr 52.89  53.65
es 53.31 54.15
hi 57.0
gu
bn
ML en
fr
es 85.41
hi 776 7156 @ 84.3
gu 7274 72.09 79.69 84.58
bn 7125 69.07 55.32 776 7825 85.58
LL en
fr
es
hi
gu
bn
RL en
fr
es
hi 80.51 80.55 84.09
gu 65.3 7877 78.73 83.47
bn 68.82  58.68 82.23 83.36

Table 73: The table represents the Gg and Sg using FT over fine-tuned XLM-RoBERTa on the fever ‘hi’ dataset.
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Table 74: The table represents the G's and S using FT over fine-tuned XLM-RoBERTa on the fever ‘gu’ dataset.

Sg (2) —

bn fr hi bn

Gg (z) —

Set =z en fr es hi
IL en 5239 52.05 52.05

fr 52.14  60.02  52.05

es 52.05 52.05 59.09

hi 52.05 52.05 52.05

gu 52.05 52.05 52.05

bn 52.05 5205 52.05
ML en 67.39 5247 53.4

fr 52.89 71.5 53.48

es 53.31 5298 | 70.41

hi 52.05 52.05 52.05

gu 52.05 5205 52.05

bn 52.05 52.14  52.05

fr
es
hi
gu

63.16  69.7 82.61 73.34
72.19 | 87.22
64.61 6641 75.61 = 8332 77.98
5738 6622 57.65 6339  61.82
7142 58.63 6798 5897 5513  59.45
70.64  60.5 62.13  57.96

Table 75: The table represents the Gg and Sg using FT over fine-tuned XLM-RoBERTa on the fever ‘bn’ dataset.
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Table 76: The table represents the G's and S using FT over fine-tuned XLM-RoBERTa on the fever ‘mixed’ dataset.

Gs (z") —

Sg (2) —

Set

z

fr

bn fr hi bn

Table 77: The table represents the G's and S using FT over fine-tuned XLM-RoBERTa on the fever ‘inverse’ dataset.
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