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Abstract

The literature on information extraction (IE)
has mostly centered around a selected few lan-
guages, hindering their applications on mul-
tilingual corpora. In this work, we intro-
duce MASSIE - a comprehensive collection for
instruction-following multilingual IE that stan-
dardizes and unifies 215 manually annotated
datasets, covering 96 typologically diverse lan-
guages from 18 language families. Based on
MASSIE, we conduct empirical studies on few-
shot in-context learning and report important
factors that either positively or negatively affect
LLMs’ performance in multilingual IE, cover-
ing 21 LLMs sizing from 0.5B to 72B. Addi-
tionally, we introduce LF1 - a structure-aware
metric that captures partially matched spans, re-
solving the conservativeness of standard exact
matching scheme which overpenalizes LLMs’
predictions. Overall, our results signify that
multilingual IE remains very challenging for
existing LLMs, especially on complex tasks
involving relations and events. In addition, per-
formance gap is extremely large among high-
and low-performing languages, but the group of
similar-performing languages largely overlap
between different LLMs, suggesting a shared
performance bias in current LLMs.

1 Introduction

Multilingual Information Extraction (IE) aims to
extract structured insights from unstructured data
originating from multiple languages. Despite the
existence of approximately 7000 languages world-
wide (Joshi et al., 2020), past IE research has
predominantly focused on a selected few high-
resource languages, such as English or Chinese
(Wang et al., 2023a; Jiao et al., 2023; Tang et al.,
2024), significantly hindering IE applications on
multilingual corpora. This tendency persisted in the
era of LLMs, where state-of-the-arts methodolo-
gies and evaluations remain centered around these
high-resource languages (Gui et al., 2024; Qi et al.,

2024), further catalyzing unbalance in technology
adoptions. Concretely, we identify 6 challenges of
existing research in multilingual IE: (I) Lack of
a standardized benchmark: Unlike language un-
derstanding or text embedding where widely recog-
nized benchmarks such as MMMLU! (Hendrycks
etal.,2021) and MMTEB (Enevoldsen et al., 2025)
exist, there is no standardized benchmark for mul-
tilingual IE. As a result, past IE works evaluated
on separate sets of datasets and languages with
different splitting and demonstrations (Gui et al.,
2024; Qi et al., 2024; Zuo et al., 2024), making
results incomparable; (II) Lack of diverse eval-
uation The set of languages involved in previous
IE works, especially LLM-related ones (Gui et al.,
2024; Zuo et al., 2024), is often small both in num-
ber and language families; (II1) Lack of reliable
evaluation Several IE works report their results
on silver-standard datasets (Seganti et al., 2021;
Zuo et al., 2024; Parekh et al., 2024), which have
often been criticized for low-quality ground truths
(Miranda, 2023; Le et al., 2024a); (IV) Lack of a
suitable metric Past IE works rely on exact match-
ing for evaluation (Lu et al., 2022; Ping et al., 2023;
Gui et al., 2024) which overpenalizes LLMs’ pre-
dictions, especially in few-shot ICL? or zero-shot
SFT? settings where models lack in direct super-
visions from the testing domain. In addition, dis-
continuous metrics such as exact matching have
been criticized for obfuscating the measurement
of emergent abilities in LLMs (Schaeffer et al.,
2023); (V) Lack of study on prompting tech-
niques Past IE works rely on manually crafted
prompts (Wang et al., 2023a; Gui et al., 2024),
whereas the influence of latest prompting tech-
niques such as CHAIN-OF-THOUGHT (Wei et al.,
2022) or SELF-IMPROVING PROGRAM (Khattab
et al., 2024; Opsahl-Ong et al., 2024) remains un-

1ht’cps ://huggingface.co/datasets/openai/MMMLU
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derexplored; (VI) Lack of analysis in large-scale
evaluation Past IE works have limited evaluation
scopes (e.g. datasets, languages), raising questions
of whether common characteristics of LLMs re-
garding parameter scaling (Kaplan et al., 2020;
Hoffmann et al., 2022) or demonstrations (Min
et al., 2022; Zhang et al., 2024) would still hold for
multilingual IE at scales. Furthermore, it remains
unclear to which extent have modern LLMs made
progress in conducting multilingual IE.

In this paper, we seek to improve the status
quo regarding these 6 challenges. Particularly for
(I, II, IIT), we introduce the MASSIE collection
(Sec. 2) formed through aggregating and standard-
izing 215 human-annotated IE datasets featuring
96 languages from 18 language families. Based
on MASSIE, we construct two benchmarks (Sec.
2.3): M-HEAVY and M-LIGHT, with the prior de-
signed for intensive and sparse evaluation while
the latter is reserved for iterative development and
more balanced evaluation. For (IV), we implement
LF1 (Sec. 2.4) - a structure-aware soft metric that
distinguishes between partially correct prediction
spans while taking into account task structures. For
(VI), we benchmark 21 LLMs sizing from 0.5B
to 72B and provide high-level analyses in the few-
shot ICL settings (Sec. 3). For (V), we experiment
with intermediate reasoning (Sec. 4) and prompt
searching (Sec. 5), and delineate important factors
that contribute to LLMs’ prompting performance
for multilingual IE.

2 The MASSIE Collection
2.1 Task Selection

We select tasks based on availability of datasets i.e.
whether a certain task is sufficiently and exclusively
annotated in multiple languages. Our selections
include five task types: Named Entity Recognition
(NER), Relation Extraction (RE), Slot Filling (SF),
Event Detection (ED) and Event Extraction (EE).
We show examples of these tasks in Figure 1 and
further describe them in Appendix A.

2.2 Construction

Due to space constraints, we briefly describe the
construction of MASSIE and leave further de-
tails in Appendix B. For each mentioned task
type, we first query search engines and paper cor-
pora to collect corresponding human annotated IE
datasets. Afterwards, we conduct preprocessing,
de-duplication, de-contamination and convert in-

stances into unified formats. This process was ex-
tremely time-consuming as we had to implement
individual scripts for each dataset and occasionally
needed to consult the dataset’s authors on missing
guidelines.

Batched Schema The schema set of each dataset
varies significantly in length, exceeding a hundred
for some. Querying the output for all schemas in a
single forward pass can be extremely challenging,
given the low context utilization problem in LLMs
(An et al., 2024). In addition, train-test mismatch
in the number of querying schemas have been
shown to impair LLMs’ performance (Gui et al.,
2024). Therefore, we apply batched schema (Gui
et al., 2024) to partition the schema query of each
instance into batched queries B; of split_num4
schemas each. For datasets whose total number of
schemas n is not divisible by split_num, we allow
the last batch B, if len(B,,) > n%2 or merge it
with B, _1 otherwise.

During training/development batching, as seman-
tically similar schemas could present ambiguity
that hinder models’ abilities (Gui et al., 2024), we
further apply negative schema mining to encour-
age co-occurences of such similar schemas in the
same batch. Particularly, we identify K schemas
most semantically similar to a schema S; following
a multilingual embedding model®(Li et al., 2023)
and treat these K schemas as hard negatives of
S;. For each training/development instance with
at least one positive schema 5,6, we construct the
schema list L; = S; + UJK:1 Shard,ij + N;, which
include S;, their hard negatives Sj,q,4,;; and up-to
split_num sampled non-hard negatives V;, and
conduct batching on this schema list. If the in-
stance does not include any positive schema, we
construct L; by sampling negatives from a bino-
mial distribution with p = 0.5. For test instances,
batching is conducted uniformly without hard neg-
ative mining and the schema list L; features all
schemas in the dataset. Simultaneously, we pair
batched samples with manually written English
instructions of each task. Due to lack of human
resources, we adopt automatically translated in-
structions for other languages and solely use these
for selected experiments’. Hereafter in this work,

“We set split_num = 6

Shttps://huggingface.co/Alibaba-NLP/
gte-Qwen2-7B-instruct

®Spans related to this schema do exist in the input text

"Much of this work focuses on handling multilingual text
and schemas through a unified instruction-following interface,
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Output

[{"entity": "Z 2| L}", "entity_type": "Person"}]
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["AdministrativeLocation"]

[{"head":"® L & 5 H A", "ail": "H A",
"relation": "AdministrativeLocation"}, {"head":
"EEAEPT", "tail™: "H A", "relation":
"AdministrativeLocation"}]

SF IR RSH T2

["food_type","order_type"]

[{"slot": " =", "slot_type": "food_type"},

{"slot": "/}52", "slot_type": "order_type"}]

Nguyén Pho chd tich Thanh Hod
ED ' xin bé tri cdng viéc ' sau khi bj
cach chire.

["End-position"]

n,on non

[{"event_trigger": "cach chirc", "event_type":
"End-position"}]

The commodities trader who “
bought ” his appointment to a
Top Secret nuclear weapons
security advisory board .

EE

[{"transaction.transferownership":
{"artifact","giver"}}]

[{"event_trigger": "bought", "event_type":

non

"transaction.transferownership", "arguments":

non non non

[{"role": "giver", "argument": "commodities
v won

trader"}, {"role": "artifact", "argument":
"appointment"}]}]

Figure 1: Examples of IE tasks in 5 languages (Korean, Japanese, Chinese, Vietnamese, English)

we use the terms instance and sample to refer to
pre-batched and after-batched inputs, respectively.
Note that although batched schema increases the
number of queries, it makes each query shorter
and was also shown to improve LLMs’ extraction
performance (Gui et al., 2024).

Refine Schema Through manual inspection, we
observe that a portion of ambiguous schemas,
whose labels dynamically change in relation to
other paired schemas, are not compatible with
batched schema. These schemas are often char-
acterized with Misc, Other or Other-X, etc. For ex-
ample, given the input text "Mary went to New York
City for her grad studies", the NER labels for the
schema Other in the three batches [Other, Person],
[Other, Location] and [Other, Person, Location]
would all be different. As resolving these labeling
issues on a sample-by-sample basis is beyond our
budget, we manually examine the schema set of
each dataset to identify and eliminate such schemas
beforehand from all instances. In addition, we
also observe highly abbreviated schemas in some
datasets that are almost impossible to guess. For
example, the schema set for the BANGLABIOMED
dataset (Sazzed, 2022) is [AN, CD, DS, P] which,
as noted in the authors’ guidelines, translate to
[Anatomy, Chemicals and Drugs, Disease and
Symptom, Medical Procedures]. In some cases,

rather than specifically dealing with multilingual instructions

we further observe schemas with potential over-
lapping label space. For example, the GERMAN-
LERFINE dataset (Leitner et al., 2020) includes the
three schemas [AN, RR, PER] which translate to
[Lawyer, Judge, Person]. Here the Person schema,
as noted by the authors, refers to person entities
that are neither lawyers nor judges, but it’s hard to
infer such information implicitly unless the models
were trained on such samples, and these cases are
also not fully compatible with batched schema. To
resolve the two scenarios mentioned, we manually
annotate the field supplementary_description
where we insert necessary descriptions of those
schemas for prediction’s sakes. We stress that
these problems were neglected in previous works
and we are the first to address them for batched
schema.

2.3 Dual Versions: HEAVY and LIGHT

M-HEAVY M-LIGHT
Train Dev Test Train Dev Test
RE 127490 28384 116471 70600 2461 29068
NER 2023810 336215 844693 | 808595 13621 194588
SF 6199870 1089221 1688019 | 780789 9880 95119
EE 1510244 209193 215990 89918 2250 22002
ED 2049052 310980 282119 | 197930 4333 31087
All - 11910466 1973993 3147292 | 1947832 32545 371864

Table 1: Number of samples in MASSIE: M-HEAVY
and M-LIGHT

Ultimately, we obtained the postprocessed ver-
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" Mr Bure left his feet to deliver a forearm blow to Mr Galley as he was about to be checked legally by his opponent , "

said NHL discipline chief Brian Burke in handing out the suspension .

Type Model Output

Partially Correct

Invalid Structure

{"PERSON": ["Mr Bure", "Mr Galley", "Brian Burke"]}

{"PERSON": [{"Mr Bure", "Mr Galley","Brian Burke"}]]}

LF1 F1 SacreBLEU ROUGE-1
28.6 x

328 x 60.0 x

450 x 714 x

Figure 2: Examples of LF1 scores versus other metrics (F1, SACREBLEU, ROUGE-1). Groundtruth labels are

colored in

sion of each data split in MASSIE, which we aggre-
gate to construct M-HEAVY - an intensive bench-
mark totaling over 17M samples. Given its sheer
size, M-HEAVY is not suited for iterative develop-
ment and only designed for intensive evaluations.
In addition, we observe that M-HEAVY is highly
sparse in some tasks e.g. over 85% samples in slot
filling and event tasks do not contain the designated
span types to extract from. Thus, solely evaluating
on M-HEAVY might create a favored bias towards
conservative models i.e. those more likely to pro-
duce empty predictions. We therefore additionally
construct M-LIGHT - a downsampled, more bal-
anced variant of MASSIE that is better suited for
iterative development and benchmarking.

Source Selection For each dataset D of task
T with data split D(7,S,L), where S €
[Train, Dev, Test] and L ~ D(L) is the set of
languages included in D, we sample 751 ~
D(T, S, L), thus treating all data splits as sampling
targets. This serves to preserve the linguistic cover-
age of MASSIE and avoid overfitting (or favored
attribution) to specific domains/datasets.

Sparsity-Constrained Sampling To impose a
balance on samples with empty and non-empty
labels, we decompose x5, = x% sr T x¥ S.L
where x% g, and xjff g 1, €ach represents samples
with empiy’ and non—érhpty (i.e. have) labels, and
apply upperbound constraints C's g, Cs g such
that len(zf ¢ ;) < Cspandlen(zf ) < Cs .
thus controilfng the sparsity ratio while sampling
from D(T, S, L). We note that upperbound con-
straints are applicable to all data splits whereas
setting a fixed proportion would not work as dif-
ferent data splits have varying numbers of can-
didates for a:% g, and x¥ g1 To construct M-
LIGHT, we set Cpyqin,z = 10000, Cpey.p = 100,
C’Test,E' = 1000, CTra'm,H = 3000, CDev,H = 30,
C’Test,H = 300.

2.4 Structure-aware soft evaluation

Since the standard F1-Score with exact matching
does not reveal the difference between partially
correct span outputs, we propose a modified metric
based on the Levenshtein distance - which we term
LFI.

Denote the list of query schemas as [Sy, S3..57],
model predictions as [Y7, Y5..Y7 |, groundtruth la-
bels as [G1,Go..Gr]. Here each Y7 and G cor-
respondingly refer to the list of predicted and
groundtruth spans for each schema Sy. LF1 score
is then calculated as:

[Y7]

LF1L — LZ s 1_Levensht6in(yi,gj)
Y7| & 1<j<ic] max(|yil, |g;)
Gl

Levenshtein(yi, g;)

1
LF1L = — max 1—
f !Gzljz;lsz‘sn max(|yil, |g5])

2 LF1L, « LFl{%;LFl 1 ZL:LFH
LF1}, + LF1, L~

Conceptually, LF1 involves two phases (i) struc-
ture routing and (ii) soft matching. The first phase
routes prediction spans under the same direction®
(single- or multi-way, dependent on task structures)
and the second phase greedily matches each span
with the closest ground truth one that has the small-
est normalized Levenshtein distance, and subtracts
this distance to obtain the soft score. Compared to
free-form metric such as ROUGE or BLEU
which do not take into account the outputs’
structures, LF1 is structure-aware while also
distinguishes between partially correct spans. In
addition, LF1 is based on character-level Leven-
shtein which is both efficient and readily usable for
multilingual evaluation, eliminating the need for
language-specific tokenizers.

LF1 =

8For flat structures such as NER, direction can be inter-
preted as category. For hierarchical structures such as EE,
routing would involve more than a single category. Thus, we
use the term direction for generalizability’s sake.
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Case Studies We consider three evaluation sce-
narios illustrated in Figure 2: (i) partially cor-
rect predictions, (ii) incorrect predictions (wrong
structures) and (ii1) invalid structures. In (i), F1
overpenalizes the model and ignores partially cor-
rect predictions. Meanwhile, SACREBLEU and
ROUGE-1 overly assign rewards to wrong and
invalid structures in (ii) and (iii). In all three cases,
LF1 functions as intended: sufficiently giving cred-
its to partially correct predictions while ignoring
predictions with incorrect or invalid structures.

Throughout the rest of this paper, we mainly
experiment with M-LIGHT and report results in
LF1 scores, unless explicitly mentioned otherwise.

3 In-Context Learning Evaluation

3.1 Settings

In this section, we conduct experiments on
instruction-following multilingual LL.Ms and ex-
amine their few-shot in-context abilities on multi-
lingual IE using M-LIGHT. As not all languages
have training exemplars, for consistency’s sake, we
only selected English samples as demonstrations
for inference in all languages. For each of the 5
tasks, we sample 3 exemplars from the training split
of an English dataset’ and fix this set in few-shot
experiments (default prompt).

Benchmarked Models We select from a diverse
range of models: MISTRAL (Jiang et al., 2023),
MIXTRAL (Jiang et al., 2024), MINISTRAL (Team,
2024b), QWEN2.5 (Team, 2024a), QWEN2.5-
CODER (Hui et al., 2024), LLAMA-3, LLAMA-3.1,
LLAMA-3.2, LLAMA-3.3 (Grattafiori et al., 2024),
AYA (Ustiin et al., 2024), AYA-EXPANSE (Dang
et al., 2024), GRANITE (Research, 2023), with vari-
ants sizing from 0.5B to 72B.

3.2 Results and Analyses

M-LIGHT is challenging for all LLMs: Our few-
shot evaluation results on M-LIGHT with the de-
fault prompts are shown in Figure 3. We group
LLMs into 4 categories dependent on each model’s
size for better comparison. Most LLMs under 3B
fail to generate any reasonable output, except for
the QWEN2.5-3B-INSTRUCT model. At the 7B-
8B scales, LLMs start achieving reasonable results,
but overall scores remain quite low (e.g. below
40). For the 14B-35B group, LL.Ms reach better
performance at simple tasks (NER,ED,SF) but still
underperform at complex tasks (EE,RE). Above

°See Appendix I

56B, most LLMs reach around 60 LF1 on the three
simple tasks but no model reaches above (or even
near) 40 LF1 on the two complex tasks.

Scaling model size largely improves results:
We group each model family over several parame-
ter scales in Figure 4. We notice a monotonic trend
in that, for the same model family, as the number
of parameters increase, we obtain significantly bet-
ter results in each task. For the QWEN2.5 series
where multiple scales are released, this trend is
clearly visible and improvement is displayed in-
crementally. When the parameter gap is large, the
increases in performance become more substantial
(e.g. LLAMA-3.1-70B-INSTRUCT performs sev-
eral times better than LLAMA-3.1-8B-INSTRUCT).
These results show that neural scaling laws (Kaplan
et al., 2020) still hold for multilingual IE under
large-scale evaluation, which was not confirmed in
previous works.

Scaling exemplars is often harmful: We experi-
ment with increasing the number of exemplars used
in few-shot prompting for 4 languages: German,
Thai, Spanish, Japanese (Figure 5'°). In most cases,
adding exemplars either do not yield any improve-
ment or further reduce performance compared to
only using 3 exemplars. We also do not observe
any consistent trend in performance change, as it
usually fluctuates in most cases. Initially, we sus-
pect that this could be due to the usage of English
exemplars and that language-specific exemplars
might have a different effect. Thus, we repeat this
experiment but replacing English exemplars with
language-specific exemplars e.g. using German
exemplars when evaluating on German datasets.
The results (Figure 13), however, display the same
phenomena as observed with English exemplars.
In fact, these findings also coincide with the con-
clusions in Asai et al., 2024 where they similarly
observed that scaling exemplars was detrimental
for understanding and generation tasks.

Performance varies significantly among
demonstration sets: For each task, we evaluate 5
different sets of English demonstrations in Figure 6.
Through observing the interquartile range, we no-
tice large disparity in performance among demon-
stration sets. The difference is especially big for
the Thai and German languages, while smaller (but
still significant) for the Spanish and Japanese lan-
guages. This suggest that we can further improve

10The tasks shown in each language depend on availability
of datasets in that specific language.
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<=3B 3B-8B
NER NER
70 70
60 60
40
EE SF EE
ED RE ED RE
—— Qwen2.5-0.5B-Instruct —— Mistral-7B-Instruct-v0.3
—— Qwen2.5-1.5B-Instruct —— Qwen?2.5-Coder-7B-Instruct
—— Llama-3.2-3B-Instruct —— Qwen2.5-7B-Instruct
—— Qwen2.5-3B-Instruct —— Llama-3.1-8B-Instruct
—— Llama-3-8B-Instruct
—— aya-23-8B

—— aya-expanse-8b
—— Ministral-8B-Instruct-2410
granite-3.1-8b-instruct

SF EE

14B-35B 56B-72B
NER NER

SF EE

—— Qwen2.5-14B-Instruct
—— aya-23-35B

—— aya-expanse-32b
—— Qwen2.5-32B-Instruct

—— Mixtral-8x7B-Instruct-v0.1
—— Llama-3.1-70B-Instruct
—— Llama-3.3-70B-Instruct
—— Qwen2.5-72B-Instruct

Figure 3: Overall results with few-shot default prompts (M-LIGHT)

I
Uama3.1- €€

sesirnrec |

Figure 4: Parameter scaling with few-shot default
prompts (M-LIGHT)

Figure 5: Varying number of demonstrations with few-
shot default prompts (M-LIGHT)

performance by crafting a more fitting demonstra-
tion set, which we will explore in Sec. 5.
Performance varies significantly among lan-
guages: We observe significant performance gap
between languages for the same model and task in
M-LIGHT (Figure 16). Since M-LIGHT is hetero-
geneous, this phenomenon could have been due to
the variance in data difficulty among languages. To
clarify, we further examined model performance on
the MASSIVE11 dataset (with full samples from

Thai Spanish Japanese

-, - - e -
- = s -, el -
-, = - -

e Y -
= A
N | " ﬁ
1 N - -
)
hai Spanish w Jopanese
e - — - e _ - nen
R = = —mm ==
“ — - =
“ . -
° ‘ o
w w 0
- *
)
3% » L]
" —
u =
o - -

Figure 6: Variance among demonstration sets with few-
shot default prompts (M-LIGHT)

M-HEAVY, Figure 17) which is highly parallel
as the non-English instances were translated from
the English ones. However, we still observe large
disparity among different languages for the same
model, which suggests that language-wise perfor-
mance variance is not caused simply by dataset
heterogeneity, but rather due to imbalanced allo-
cation of linguistic capacities in LLMs. Interest-
ingly, similar-performing language group of each
model often overlaps with that of other models. For
example, German and Chinese scores for RE (M-
LIGHT) always remain in the top 3 of displayed
models (Figure 16). Similarly, Spanish and En-
glish scores for MASSIVE11 (M-HEAVY) always
rank in the top 3 (Figure 17). In contrast, Amharic
or Mongolian scores always remain in the bottom
3 while Bengali and Arabic always place in the
middle range (Figure 17).
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4 Incorporate Reasoning

4.1 Settings

In some tasks such as Math (Wei et al., 2023) or
Rating (Zheng et al., 2023), prompting the lan-
guage model to first generate natural language
reasoning before producing the output has been
shown to improve performance. We are interested
in whether this observation holds for IE, particu-
larly with multilingual text and schemas. To exe-
cute this, we sample thought ' ~ Po(T|z,y)'",
where O is a reasoning teacher, for each demon-
stration (x, y) in the default prompt and prepend
T to its output. This way, the inference model
0 learns in-context to first generate reasoning 7T’
before producing the required output.

Model Choices We select GPT-40, LLAMA-
3.1-70B-INSTRUCT or the inference model it-
self as the reasoning teacher ©. For 0, we ei-
ther use LLAMA-3.1-8B-INSTRUCT or QWEN-
2.5-7B-INSTRUCT.

4.2 Results and Analyses

| .
,,,,, |- | D - -
. - . -

Figure 7: Default prompts with intermediate reasoning
(M-L1GHT)

Reasoning produces mixed results We observe
that incorporating reasoning might damage or im-
prove performance over the default prompts, de-
pendent on specific combinations of task, © and
0. For example, reasoning seems to help on more
simple tasks such as NER, SF or ED (considering
the most performant teacher), but gives negative
results on more complex tasks such as RE and EE,
ironically'?. While the performant boost can be
enormous in some cases (e.g. more than 2.X gains
in SF and ED with LLAMA-3.1-INSTRUCT-70B
and LLAMA-3.1-INSTRUCT-8B as O and 8), the
damages can be rather huge (e.g. over 90% reduc-
tion in LF1 scores of RE and EE with GPT-40 and

"For simplicity, we use greedy decoding (i.e. temperature
0)

Intermediate thoughts were traditionally introduced to
solve complex problems (Wei et al., 2023)

LLAMA-3.1-8B-INSTRUCT as © and 6).

No universal ""best teacher' As we vary © and
0, we observe that there is no shared best teacher
for all inference language models. For LLAMA-
3.1-8B-INSTRUCT, LLAMA-3.1-70B-INSTRUCT
is often the best teacher (highest scores on 4/5
tasks). Meanwhile, for QWEN-2.5-7B-INSTRUCT,
GPT-40 is always the best teacher (highest scores
on 5/5 tasks).

Self-generated thoughts (7B-8B) reduce per-
formance We find that using self-generated
thoughts for both LLAMA-3.1-8B-INSTRUCT and
QWEN-2.5-7B-INSTRUCT mostly reduce perfor-
mance compared to the default prompt (9/10
cases), and usually underperform the remaining
two teachers. This suggests that intermediate
thoughts sampled from a more capable teacher (e.g.
LLAMA-3.1-70B-INSTRUCT or GPT-40) yield
better results, while thoughts derived from less ca-
pable models might even harm performance.

To better mitigate the observed negative impact
of incorporating reasoning, we further explore al-
ternative prompting variants in Appendix D, which
expresses more stable improvement for reasoning-
based IE.

S Automatic Prompt Optimization

5.1 Settings

Previous IE works only adopt a set of manual
prompts with little variation (Wang et al., 2023b;
Qi et al., 2024). Meanwhile, in-context perfor-
mance of LLMs might vary greatly depending on
the prompt being used (Zhuo et al., 2024; Chatter-
jee et al., 2024). In Section 3, we also witnessed
substantial variance depending on the demonstra-
tion set being used. In this section, we are inter-
ested in exploring whether automatically searching
for an optimal prompt in pre-selected datasets can
widely benefit multilingual IE. Conceptually, we
optimize a prompt Py (7T, I, S, D) for each task
T with the instruction and demonstration variables
I and S, based on an optimizer LM ®, a metric
w1 and a tuning dataset D (whose English training
and development splits are used to optimize this
prompt).

Concretely, we build on top of the MIPRO
framework (Opsahl-Ong et al., 2024). First, we
bootstrap m sets of few-shot examples, each with
a maximum size of K, featuring both (randomly
selected) labeled and augmented samples. Each
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set’s size is fixed to K3, and augmented samples
(z,y’) (Whose quantities randomly vary from 1 to
K) are constructed by replacing the ground truth
y in labeled samples (z,y) with y/ = ®(x). Sec-
ond, we prompt ® to generate candidate instruc-
tions {I}. Inside the prompt, we also provided ®
with few-shot examples bootstrapped previously,
a generated dataset summary, a randomly selected
prompting tip '* and a summary of the program
code. We note that providing such auxiliary in-
formation has been shown to improve instruction
quality in several downstream tasks (Opsahl-Ong
et al., 2024). Lastly, we iteratively search among
combinations of I and S through Bayesian op-
timization (Watanabe, 2023; Akiba et al., 2019)
and choose the best combination that maximize
(P (DEng,validation)). Since iteratively execut-
ing full evaluation over D gy, vatidation WOUld be
expensive, we further apply minibatching and ap-
proximate the evaluation score using a randomly
sampled minibatch B € Dpgy,g vaiidation in €ach
iteration, and only execute full evaluation on the
best found combination'> every f iterations. Lastly,
we integrate the combination with the highest full
evaluation score into Py (T, I, S, D) for test time
inference. Note that the language model ¢ adopted
at inference time might differ from .

Figure 8: Varying 6 with few-shot optimized prompts
(M-LIGHT)

Hyperparameters To maintain consistency with
the default prompts, we use K = 3 and adopt the
same choices of D for each task. Besides, we set
m = 12, ||B|| = 25, f = 10 and choose LF1 as .
To sample instruction proposals, we set temperate
Tinit = 0.5. For Bayesian optimization, we set the
maximum number of iterations as 50.

Models For @ (prompt teacher), we use LLAMA-
3.1-8B-INSTRUCT in most cases (unless explic-
itly specified otherwise) and choose 6 (inference

BTechnically, we do consider an empty set as a candidate
(zero-shot), though, unsurprisingly, it was never selected as
the top candidate

4We follow (Opsahl-Ong et al., 2024) for the list of prompt-
ing tips

15Combination with the highest mini-batch score

model) among ¢, LLAMA-3.1-70B-INSTRUCT,
QWEN2.5-7B-INSTRUCT and MINISTRAL-8B-
INSTRUCT-2410.

5.2 Results and Analyses

Optimized prompts bring significant and con-
sistent improvements Compared to the default
prompts, we see that optimized prompts yield con-
sistent improvements across all tasks (Figure 8).
At times, the gains can be as large as over 20 LF1
scores e.g. ED and SF tasks with LLAMA-3.1-8B-
INSTRUCT as 6.

Optimized prompts can transfer across model
families and scales While all models in Figure 8
re-use the same optimized prompts (LLAMA-3.1-
8B-INSTRUCT as ®), we also observe improve-
ments when 6 belongs to a family different from
® e.g. both MINISTRAL-8B-INSTRUCT-2410
and QWEN2.5-7B-INSTRUCT (as #) perform bet-
ter with optimized prompts than default prompts
across all tasks. In addition, prompts optimized
by LLAMA-3.1-8B-INSTRUCT also yield improve-
ments when directly applied to LLAMA-3.1-70B-
INSTRUCT, suggesting the set of high-performing
prompts might be shared among model scales.

Figure 9: Varying ® with few-shot optimized prompts
(M-LIGHT)

Better results if prompt teacher acts as infer-
ence model With QWEN2.5-7B-INSTRUCT as 6,
we vary ® between QWEN2.5-7B-INSTRUCT and
LLAMA-3.1-8B-INSTRUCT, and observed better
results with the prior (Figure 9). This suggests
that when ® # 6, there exists an optimization gap
and that better performance can be achieved with
b =0.

NER  SF RE ED EE  Avg.
OpPTIM-F1 4556 36.89 5.73 26.65 1791 26.55
OPTIM-LF1 45.61 36.65 891 29.70 17.00 27.57

Table 2: Prompt optimization results with LLAMA-3.1-
8B-INSTRUCT (® = #). Each row denotes exact scores
(F1) with either F1 or LF1 as p.

LF1 as guiding metric improves both exact
and soft scores We vary i between F1 and LF1,
and report according scores in Table 2 and 3. On
average, we observe stronger results (both exact
and soft scores) with LF1 as the guiding metric,
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NER  SF RE ED EE  Avg.
57.74 4945 1690 3596 25.61 37.13
57.53 48.86 2591 3925 2428 39.17

OPTIM-F1
OpPTIM-LF1

Table 3: Prompt optimization results with LLAMA-3.1-
8B-INSTRUCT (® = ). Each row denotes soft scores
(LFT1) with either F1 or LF1 as p.

especially on RE and ED tasks. We note, however,
that there exist cases with decreasing scores (e.g.
EE), which suggests the best choice of u for each
task might differ.

Figure 10: Scaling number of demonstrations in opti-
mized prompts (M-LIGHT)

Scaling exemplars with prompt optimization
yields improvements on most tasks As we in-
crease the values of K and m in prompt optimiza-
tion, we observe a rising (though not monotonic)
tendency in LF1 scores for 4/5 tasks. We notice
an exception with the RE task where LF1 scores
keep decreasing instead, suggesting that scaling
exemplars can be harmful even with prompt op-
timization. Nevertheless, these results show that
with proper searching and optimization, a higher
number of exemplars can often yield better results,
which would go unnoticed otherwise if we only
observe the default prompts due to high variance
induced by varying demonstration sets and non-
optimal instructions.

0
Performance Performance Performance Performance

Figure 11: Non-English results with few-shot optimized
prompts (M-LIGHT)

Optimizing prompts on single English
datasets improves non-English performance Ear-
lier in Figure 8, we aggregated LF1 scores of all lan-
guages in M-LIGHT. Since each optimized prompt
was tuned on an English dataset, we are interested
in whether improvements came from the English
language only i.e. if these optimized prompts also
benefit other languages’. We thus re-aggregated
LF1 scores of non-English languages in Figure 11.
To our surprise, significant improvements persist

in most cases, showing that prompt optimization
from one language can transfer to improve IE per-
formance of other languages as well.

Figure 12: Zero-shot optimized prompts versus few-
shot prompts (M-LIGHT)

Zero-shot optimized prompts outperform few-
shot default prompts Our initial efforts on man-
ually prompting the LLMs with instructions only
(zero-shot) often fail to obtain desirable outputs
compared to the few-shot alternatives. With
prompt optimization, we re-visit this setting and
ask whether we could achieve sufficiently good re-
sults through solely tuning instruction candidates.
Particularly, we re-conduct the optimization pro-
cess without groundtruth labeled samples and only
search for the best instruction /;,, among generated
instruction candidates {1 }. At test time, we directly
use Iy, without any demonstration. To our surprise
(Figure 12), zero-shot optimized prompts consis-
tently perform better than few-shot default prompts,
often by a substantial margin. However, zero-shot
optimized prompts still underperform few-shot op-
timized prompts in all tasks, as we expected. This
suggests that even with carefully optimized instruc-
tions, the existence of a demonstration set is still
vital to achieving better results.

6 Conclusion

In this paper, we identify and work towards 6 chal-
lenges of current research for multilingual IE. In
particular, we construct the MASSIE collection
and the two associated benchmarks: M-HEAVY
and M-LI1GHT, both featuring samples from 215
human annotated IE datasets in 96 languages. Be-
sides, we introduce LF1 - a structure-aware soft
metric for continuous evaluation of multilingual
IE. Additionally, we conduct an empirical study in-
volving 21 LLMs on few-shot ICL and re-examine
important factors influencing models’ performance.
Beyond manual default prompts, we also experi-
ment with integrating intermediate reasoning and
automatically tuning prompt components, provid-
ing high-level analyses in the process. Although
our results indicate that existing LLMs still strug-
gle with multilingual IE, we believe the contained
resources and findings would help pave the wave
for new frontiers in this area.
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Limitations

The MASSIE collection in this work represents
significant efforts in unifying language varieties
within the research agenda of multilingual IE. That
said, among the 500 institutional languages (Bird,
2024), roughly fewer than 1/5 of them are currently
covered in MASSIE, showing much room for im-
provements. Therefore, we intend for MASSIE
to be a continually updating collection and plan to
further expand MASSIE through broad community
efforts, similar to the development of MMTEB
(Enevoldsen et al., 2025).

Additionally, MASSIE’s complete public re-
lease is not straightforward as 6/215 datasets in
the collection are not publicly accessible, requir-
ing further contacts with the authors or LDC'®,
We plan to first release postprocessed samples of
permissively licensed datasets only and provide
guidelines to obtain those not yet released. Practi-
tioners who already gained access to those datasets
can also contact us to directly obtain postprocessed
samples.

Besides, due to lack of budget, we only exper-
iment with open-source LL.Ms and could not in-
clude closed-source LLMs such as CLAUDE 3.5,
GPT-4 (OpenAl et al., 2024) or GEMINI 1.5 (Team
et al., 2024). Given non-trivial API costs, evaluat-
ing these closed-source models at large scale is ex-
tremely expensive and goes beyond what we could
afford.

Lastly, our work focuses on the text modality,
but future works can expand to other modalities
such as audio, image or video, which have received
increasing interest from the NLP community (Perot
et al., 2024; Hachmeier and Jdschke, 2024; An
et al., 2023; Nguyen et al., 2023b, 2024a,c).
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A Task Description

* Named Entity Recognition Identifying and classifying named entities from input text into predefined
categories such as person names, organizations, etc.

» Relation Extraction Identifying relation triplets that consist of the entity pairs and their relation
types among predefined categories from the input text.

* Slot Filling Identifying slots that correspond to predefined parameters of a user’s query from the
input utterance.

» Event Detection Identifying and classifying event triggers that most clearly express specific event
occurrences from the input text.

* Event Extraction Identifying and classifying both event triggers and event arguments that relate to
specific event occurrences from the input text.

B Data Construction - Additional Details

Data Collection To search for datasets, we focus on multilingual and monolingual datasets available
for each task via querying search engines'®!?, paperswithcode and ACL Anthology. As we prioritize
high-quality instances for evaluations, we only selected datasets that were manually annotated or those
initially tagged by heuristics but were then re-annotated by humans. In total, we collected 215 datasets
each corresponding to one of the five tasks considered. Besides standard languages, we also included
lesser-known variants such as Bavarian German?® or Malaysian English?! in our collections, which serves
to facilitate dialectal NLP (Ziems et al., 2023; Le and Luu, 2023). Moreover, apart from single-language
instances, we also collected instances with code-switching (Winata et al., 2023) to better cover possible
real-world scenarios.

Data Validation & Conversion Although we obtained a large number of data sources, these were
presented in various inconsistent formats and not ready for downstream evaluation or training. Thus,
we first converted each of them to our pre-defined generative formats. Simultaneously, we also applied
validation operations to facilitate consistency such as ensuring exact locations of label spans in the input
and merging label fields for the same text instance. This was a very time-consuming process as we had
to write processing scripts for each dataset individually and did not have a reliable way to automate it.
When dealing with ambiguous guidelines or datasets lacking metadata, we further consulted the datasets’
authors for clarifications.

De-duplication While a number of datasets explicitly provide repeated labels??, many do not. For
unification’s sake, we applied set operations to retain only unique labels in each input text. For each task,
in order to increase diversity of training texts, we further limit occurrence of each training input text to
once. For example, if an input text appears in the training split of more than two datasets, only one version
would be retained?3. Besides, we remove duplicate entries (identical text input and schema labels) in each
data split.

De-contamination For reliable evaluations, test time leakage should be prevented. We first recorded
every unique text that appeared in the test splits of all datasets and obtained a global pool of test inputs.
We then iterated through all training and development instances and removed those whose input text
appeared in this global pool.

C In-Context Learning Evaluation - Additional Details

Language-specific instructions do not help: Using Copilot?*, we translate manually written English
instructions into four languages: German, Thai, Spanish, Japanese; and examine whether using language-

18https://www.google.com

Yhttps://www.bing. com
Phttps://en.wikipedia.org/wiki/Bavaria
21https://en.wikipedia.org/wiki/Malaysian_English

2The same schema text appears twice or more in the input text
2We picked the first one appearing in the os.1listdir() command
https://www.bing.com/chat
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Figure 14: Varying number of language-specific demonstrations (language-specific instructions) with few-shot
default prompts (M-LIGHT)

specific instructions would improve models’ performance in IE tasks of that same language. Results are
shown in Figure 15. In most cases, language-specific instructions do not give better results and even
decrease model’s performance significantly in some combinations of tasks and languages. For example,
models’ performance on the Thai language for both NER and SF tasks decrease substantially. For the
Spanish language, LLAMA-3.1-8B-INSTRUCT achieves gains on the ED task but loses performance on
three other tasks (NER,SF,EE). For the German language, the QWEN-2.5-7B-INSTRUCT model performs
worse on all displayed tasks (NER, SF, RE). We hypothesize that this is because existing LLMs are
English-dominant, making English instructions more helpful than language-specific alternatives, even
when the task at hands involves inputs of that same language. Other reasons might include translation
qualities and cross-lingual mismatch in technical terms i.e. equivalence of English jargons might not exist
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Figure 15: Language-specific instructions with few-shot default prompts (M-LIGHT)

in other languages, making it harder for models to understand the task.

D Improving reasoning-based IE

D.1 Settings

In Section 4, we discussed results obtained via incorporating intermediate thoughts into the default
prompts. Although there were promising improvements, these improvements vary across tasks and are
not consistently better than the default prompts without intermediate thoughts. In Section 5, we further
showed that adopting a more optimal instruction and demonstration set can greatly impact prompting
performance. In this section, we explore the usage of these more optimal instructions and demonstration
sets in improving reasoning-based IE. This is particularly useful as reasoning-based IE possesses better
interpretability than black-box IE (i.e. non-reasoning), and the intermediate thoughts can be utilized for
further investigations (e.g. debugging or steering).

Concretely, we first repeat the optimization process in Section 5 with the prompt teacher ¢ for few-
shot prompting and obtain the more optimal instruction Iy, and demonstration set Sy,,. Then, for
each exemplar (x,y) € Siop, We inject an intermediate thought 7" sampled from the thought teacher
©, creating the new set Sy, 7 = (2,7, y). Since we induced changes in the demonstration set, the
instruction Iy, might have become sub-optimal. Therefore, we re-generate candidate instructions {} and
iteratively evaluate® {I} (with S, 1 fixed) on the tuning dataset to find a more optimal instruction Iy, 7.
Afterwards, the instruction I;,, 7 and demonstration set .Sy, 7 are used at test time with the inference
model 6. We hereafter refer to this pipeline as AUTOTHOUGHT.

Next, we describe 3 variants of AUTOTHOUGHT, each differs in the choice of T" and y.

* AUTOTHOUGHT-1: Sample 7" ~ Pg(T'|x,y), as in Section 4

* AUTOTHOUGHT-2: Sample T' ~ Pg(T'|z) and keep y as the exemplar’s label. In this case there
might be mismatches between 7" and y.

* AUTOTHOUGHT-3: Sample T' ~ Pg(T'|z) and replace label y with augmented label 4/ = ©(x,T),
thus enabling consistency between 7" and 7/'.

Additionally, we experiment with prompt optimization using augmented demonstrations (z, T, y’) only,
where each intermediate thought is sampled as T ~ Pg(7T'|x) and label y is replaced with augmented

»Note that we also adopt minibatching to approximate evaluations as in Section 5 for efficiency’s sakes
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Figure 16: Language-wise results with few-shot default prompts (M-LIGHT)

label y' = ®(x, T). Particularly, candidates for demonstration sets S are first constructed by sampling
from these augmented demonstrations. Afterwards, we perform instruction generation and subsequent
Bayesian optimization based on these candidates (similar to Section 5). We refer to this variant as

AUTOTHOUGHT-4.
Hyperparameters We maintain the same hyperparameters and tuning datasets as in Section 4 and 5.
Models For @ (prompt teacher), we use LLAMA-3.1-8B-INSTRUCT and set & = 6 (inference model).

For O (thought teacher), we use LLAMA-3.1-70B-INSTRUCT.

D.2 Results and Analyses
AutoThought variants consistently improve over default prompts but underperform non-reasoning

optimized prompts Compared to DEFAULT-COT (Sec. 4) which underperforms default prompts on RE
and EE tasks, all AUTOTHOUGHT variants perform better than default prompts on 5/5 tasks (Figure 18),
which again highlights the necessity for proper instructions and demonstrations. However, we observe that
AUTOTHOUGHT variants usually perform worse than OPTIM (Sec. 5), with one exception in the RE task
where AUTOTHOUGHT-4 outperforms OPTIM. This shows that while reasoning-based prompting has the
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Figure 17: Language-wise results with few-shot default prompts (MASSIVE11 in M-HEAVY)
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Figure 18: Reasoning-based and non-reasoning few-shot optimized prompts (M-LIGHT)

potential to outperform non-reasoning prompting in IE, in practice non-reasoning optimized prompting

often leads to better performance.
AutoThought-1 performs the best among reasoning-based prompting approaches We measure

the average performance over 5 tasks of each prompting approach in Table 4. Among reasoning-based
3574



Avg. (5 tasks)

Optim (Sec. 5) 39.17
AutoThought-4 34.68
AutoThought-3 34.32
AutoThought-2 35.04
AutoThought-1 35.73
Default-CoT 29.32
Default 19.15

Table 4: Average LF1 scores over 5 tasks. We highlight the best reasoning-based prompting approach.

approaches, we find that AUTOTHOUGHT-1 attains the highest score, suggesting that sampling thought
T ~ Po(T|z,y) might be the better option overall. We note that there still exists a significant gap
between AUTOTHOUGHT-1 and OPTIM, necessitating further changes to make reasoning-based optimized
prompting as good as non-reasoning optimized prompting for IE.

E Supervised Fine-tuning Evaluation

E.1 Settings

In this section, we experiment with supervised fine-tuning LLMs on M-LIGHT. To measure LLMs’
zero-shot abilities, we only train on 8 source languages and conduct inference on all 96 languages.

Training Languages We choose 8 languages with the highest number of samples in the training split of
M-LIGHT: English, Chinese, German, Turkish, Spanish, Thai, Italian, Japanese. Note that development
data for checkpoint selection also employ the same set of languages.

Training Methods For models whose sizes < 325, we use LORA (Hu et al., 2022). For larger models,
we use QLORA with 4-bit quantization (Dettmers et al., 2023).

Hyperparameters For LORA/QLORA, we use r = 64, o = 128, and insert adapters on all linear
modules. For LORA, we use mixed precision training with BFLOAT16. Each model is trained with
an accumulated batch size of 48, with initial learning rate 5e — 5 and a linear warmup schedule with
10000 warmup steps. Checkpoints are evaluated every 3000 steps and the checkpoint with the lowest
development loss is chosen for test time inference. For optimizer, we use ADAMW (Loshchilov and
Hutter, 2019) with 51 = 0.9, 82 = 0.95, ¢ = 1e — 08. For efficiency’s sake, we limit training/development
samples’ length to a maximum of 800. Note that we do not apply any such limit for test time inference.
We set the maximum number of training steps as 1000000 in the scheduler, but we observe in practice
that all models converge well under 50000 steps, in which case we stop the training early.

Models We choose among instruction-following models from the LLAMA-3.1, QWEN2.5, AYA-
EXPANSE, MISTRAL and MINISTRAL series.

E.2 Results and Analyses

NER SF RE EE

Llama-3.1-70B-Instruct[SFT]

Llama-3.1-70B-Instruct[Optim]

|

Llama-3.1-70B-Instruct[Default]

Qwen2.5-7B-Instruct[SFT]

Qwen?2.5-7B-Instruct[Optim]

Qwen2.5-7B-Instruct{Default]

Llama-3.1-8B-Instruct[SFT]

Llama-3.1-8B-Instruct[Optim]

——
==
=

Llama-3.1-8B-Instruct[Default]

0 20 40 60 0 20 40 60 80 0 10 20 30 40 50 0 20 40 60 0 10 20 30 40 50
Performance Performance Performance Performance Performance

Figure 19: SFT results in the MIXED settings, evaluated on both seen and unseen languages (M-LIGHT)
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Figure 20: SFT results in the ZERO-SHOT settings, evaluated on unseen languages (M-LIGHT)

SFT largely improves models’ improvements in both mixed and zero-shot settings Here we consider
the set of test languages not included in the training data for SFT as unseen and showed the results in
two settings: mixed and zero-shot (Figure 19, 20). These settings reflect models’ abilities in cross-lingual
transfer (Zuo et al., 2024; Pham et al., 2024; Le et al., 2024b; Nguyen et al., 2023a; Asai et al., 2024; Le,
2024), each within a distinct scope. We compare the SFT results with DEFAULT (Sec. 3) and OPTIM (Sec.
5). Overall, we observe substantial improvements of SFT over the two ICL baselines, even when the test
set only features languages not included during SFT training.

But SFT does not always outperform strong ICL prompting Our training set for SFT consists
of 789K samples in 5 tasks, with at least 54K samples per task. Even after training on such a large
number of samples, we notice cases where the SFT model still underperforms a strong ICL baseline,
particularly with the LLAMA-3.1-70B-INSTRUCT model evaluated zero-shot on the NER and EE tasks
(Figure 20) underperforming the OPTIM baseline. Although this may have been partially caused by
QLORA’s instability, we find this observation rather surprising as there is no such precedent in previous
IE works, which was likely due to previous works not adopting optimized prompting.

NER SF RE ED EE

Qwen2.5-32B-Instruct[SFT]
Qwen2.5-14B-Instruct[SFT]

Qwen2.5-7B-Instruct[SFT]

Qwen2.5-3B-Instruct[SFT]

[ 20 40 60 80 0 20 40 60 80 0 10 20 30 40 50 [ 20 40 60 0 10 20 30 40 50
Performance Performance Performance Performance Performance

Figure 21: Parameter Scaling with QWEN2.5: SFT results in the MIXED settings, evaluated on both seen and unseen
languages (M-LIGHT)

SF
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Qwen2.5-14B-Instruct[SFT]

Qwen2.5-7B-Instruct[SFT]

Qwen2.5-3B-Instruct[SFT]

[ 20 40 60 0 20 40 60 80 0 10 20 30 40 0 10 20 30 40 50 0 10 20 30
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Figure 22: Parameter Scaling with QWEN2.5: SFT results in the ZERO-SHOT settings, evaluated on unseen
languages (M-LIGHT)

Scaling laws for SFT generally hold but is less significant than ICL. We observe the influence of
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scaling parameters with the QWEN2.5 model series. Although there is an increasing (but non-monotonic)
trend, we find the difference less significant than observed in few-shot ICL (Sec. 3).

E.3 Overall Performance

NER SF RE ED EE Avg.

Llama-3.1-8B-Instruct 73.89 81.16 48.98 69.34 51.54 6498
Llama-3.1-70B-Instruct ~ 72.98 74.40 53.51 7033 49.53 64.15
Qwen2.5-3B-Instruct 70.08 7446 4748 68.14 4946 61.92
Qwen2.5-7B-Instruct 72.83 7892 48.78 69.13 48.59 63.65
Qwen2.5-14B-Instruct 75.30 82.78 52.04 70.70 53.60 66.88
Qwen2.5-32B-Instruct 76.85 84.36 53.37 70.73 50.73 67.21
aya-expanse-8b 69.33 7493 4991 68.55 51.24 62.79
Ministral-8B-Instruct-2410  63.64 67.65 42.42 6470 4447 56.58
Mistral-7B-Instruct-v0.3 6442 69.44 36.70 61.17 36.51 53.65

Table 5: Results on M-LIGHT (mixed). Models were trained on 8 languages of M-LIGHT.

NER  SF RE ED EE  Avg.

Llama-3.1-8B-Instruct 7046 62.03 49.65 50.12 47.31 5591
Qwen2.5-3B-Instruct 66.67 54.59 49.08 5099 45.43 53.35
Qwen2.5-7B-Instruct 69.27 60.64 49.42 53776 43.30 55.28
Qwen2.5-14B-Instruct 71.60 63.81 5331 4995 4892 57.52
Qwen2.5-32B-Instruct 7379 67.20 54.88 52.66 47.15 59.14
aya-expanse-8b 66.58 55.28 49.62 41.69 4327 51.29
Ministral-8B-Instruct-2410  59.94 50.24 45.36 4298 37.69 47.24
Mistral-7B-Instruct-v0.3  60.66 48.40 40.56 43.20 33.80 45.32

Table 6: Results on M-HEAVY (mixed). Models were trained on 8 languages of M-LIGHT.

We report the overall results of each model on M-LIGHT and M-HEAVY in Table 5 and 6.

F PEFT Ablation

F.1 Settings

In this section, we move beyond LORA and explore 6 other parameter-efficient fine-tuning (PEFT)
methods: FOURIERFT (Gao et al., 2024), BOFT (Liu et al., 2024b), GALORE (Zhao et al., 2024a),
VERA (Kopiczko et al., 2024), LISA (Pan et al., 2024), DORA (Liu et al., 2024a). Our purpose is to
discover if there exists a better PEFT method for multilingual IE than LORA - which remains the standard
methods of most works.

Hyperparameters Generally training settings remain the same as in Appendix E. However, while
LORA models always converge under 40000 steps, we find this to not be the case with several other PEFT
methods. For practical comparisons, we only allow each method to train up-to a maximum of 70000
steps and select the best checkpoint obtained until then for test time inference. Regarding method-specific
hyperparameters, for FOURIERFT, we set 1 frcquency = 2000 and scaling = 300. For BOFT, we set
block_size = 4 and dropout = 0.0. For GALORE, we set rank = 128, update_projection_gap = 200
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and scale = 1.0. For LISA, we set number of activated layers as 2 and step interval as 20. For VERA,
we set rank = 256 and d;y;40; = 0.1.

F.2 Results and Analyses

Galore

VeRA

LISA

0 20 40 60 0 20 40 60 80 0 10 20 30 40 50 0 20 40 60 0 10 20 30 40 50
Performance Performance Performance Performance Performance

Figure 23: Evaluation of LORA and 6 other PEFT methods on M-LIGHT (mixed)

Other PEFT methods do not outperform LoRA Results are shown in Figure 23. Surprisingly, no
evaluated PEFT method manages to surpass LORA, which suggests that LORA still remains a strong
baseline for SFT in multilingual IE.

G Multi-Task vs Single-Task
G.1 Settings

In Appendix E, we explored training with multi-task samples. In this section, we examine the performance
of training with individual tasks only i.e. one LORA adapter per task.
Models We use LLAMA-3.1-8B-INSTRUCT and QWEN2.5-7B-INSTRUCT.

G.2 Results and Analyses

NER SF RE EET EE Avg.

LLAMA-3.1-8B-INSTRUCT-SINGLE 73.29 83.68 47.81 69.12 49.34 64.65
LLAMA-3.1-8B-INSTRUC-MULTI 73.89 81.16 48.98 69.34 51.54 64.98
QWEN2.5-7B-INSTRUCT-SINGLE 7343 8040 51.00 68.69 47.23 64.15
QWEN2.5-7B-INSTRUCT-MULTI  72.83 7892 48.78 69.13 48.59 63.65

Table 7: Multi- and Single-Task SFT results on M-LIGHT (mixed). We highlight the highest average score for each
model.

Multi-task training behaves differently depending on each task and the base model For LLAMA-
3.1-8B-INSTRUCT, we find multi-task training to often help improve results (4/5 tasks). For QWEN2.5-
7B-INSTRUCT we find single-task training to often achieve better results (3/5) tasks. Thus, the effect of
multi-task training is highly dependent on the specific combination of task and base model.

H Simulated Preference Training

H.1 Settings

In this section, we experiment with preference training for multilingual IE. Since we have ground truth
labels in M-LIGHT, we can directly treat these as positive references. For negative references, we
bootstrapped predictions from the LLAMA-3.1-8B-INSTRUCT SFT model and filtered out those with
perfect LF1 scores, ultimately obtaining 125K negative references. We then pair these with the ground
truth labels for preference training. We treat this as simulated preference training as the concept of
preference is not clearly defined for IE.
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Training Loss We explore DPO (Rafailov et al., 2023), CPOSIMPO (Meng et al., 2024) and ORPO
(Hong et al., 2024).

Hyperparameters We set a learning rate of 5e—7 and 5 = 0.01 for DPO and ORPO. For CPOSIMPO,
we use a learning rate of le — 7, 8 = 2.5, « = 1 and v = 1.375. Training adopts LORA adapters similar
to Appendix E.

Model We start training from the LLAMA-3.1-8B-INSTRUCT SFT model.

H.2 Results and Analyses

NER SF RE ED EE Avg.

LLAMA-3.1-8B-INSTRUCT-SFT 73.89 81.16 4898 69.34 51.54 64.98
LLAMA-3.1-8B-INSTRUCT-SFT-DPO 73.45 82.01 51.74 69.94 5338 66.10
LLAMA-3.1-8B-INSTRUCT-SFT-ORPO 74.14 8145 5222 6946 53.59 66.17
LLAMA-3.1-8B-INSTRUCT-SFT-CPOSIMPO 71.83 80.67 5143 68.93 51.64 64.90

Table 8: Preference training results on M-LIGHT (mixed). We highlight the highest score in each column.

Preference training can help, but it depends on the loss We show results in Table 8. We find that
the bootstrapped preference pairs can be used to further improve performance, but it also depends on the
loss e.g. DPO and ORPO show clear improvements, while CPOSIMPO often underperforms the SFT
baseline.

I Implementation - Additional Details

Score Aggregation For each data split D(T, Test, L) in the test set (either M-LIGHT or M-HEAVY) of
task 7', where L represents a language in D. We denote NI(D(T,Test, L)) and LF1¢(D(T, Test, L))
accordingly as the number of instances in D (7', T'est, L) and the LE'1 scores of model § on D(T, T'est, L).
We then calculate the overall score of each task by adopting a weighted average of LF'1y(D(T,Test, L))
with NI(D(T,Test, L)) as the weight, marginalizing over all possible D and L. Note that we rely on the
number of instances instead of samples, making the results independent of split_num value. We choose
to adopt weighted average instead of macro average as a number of data splits have very small number of
samples, causing high variances and make results less stable for macro averaging.

Demonstration/Tuning Dataset List of English demonstration/tuning datasets (Sec. 3, 4, 5): SF:
XSID (van der Goot et al., 2021; Aepli et al., 2023; Winkler et al., 2024a,b); NER: CONLL2003 (Tjong
Kim Sang and De Meulder, 2003); RE: NEWS_CROSSRE (Bassignana and Plank, 2022); ED: ACE2005
(Doddington et al., 2004); EE: ACE2005 (Doddington et al., 2004)

List of Japanese demonstration datasets (Sec. 3): NER: COARSE_ ANYTHINGNER (Luo et al., 2024);
RE: ROR (Bou et al., 2020); SF: MASSIVE11 (FitzGerald et al., 2023); EE: MEE (Pouran Ben Veyseh
et al., 2022a); ED: MEE (Pouran Ben Veyseh et al., 2022a)

List of Thai demonstration datasets (Sec. 3): NER: THAINER22 (Mr.Wannaphong); SF: MASSIVE11
(FitzGerald et al., 2023)

List of German demonstration datasets (Sec. 3): NER: COARSE_ANYTHINGNER (Luo et al., 2024);
RE: COFUN (Foroutan et al., 2024); SF: MASSIVEI11 (FitzGerald et al., 2023)

List of Spanish demonstration datasets (Sec. 3): NER: COARSE_ANYTHINGNER (Luo et al., 2024);
SF: MASSIVEI11 (FitzGerald et al., 2023); EE: MEE (Pouran Ben Veyseh et al., 2022a); ED: MEE
(Pouran Ben Veyseh et al., 2022a)

Hyperparameters We use greedy decoding (temperature 0) for test time inference of all LLMs. For
non-reasoning prompts, we set max generation length as 256. For reasoning-based prompts, we set max
generation length as 1024. We generally do not set any threshold for inputs’ lengths and only truncate
them when they either exceed the LLM’s context limit or there is not enough KV cache memory (Kwon
etal., 2023).

Frameworks Experiments relied on VLLM (Kwon et al., 2023), MS-SWIFT (Zhao et al., 2024b),

3579



TRANSFORMERS (Wolf et al., 2020) and PYTORCH (Paszke et al., 2019). To implement prompt optimiza-
tion, we utilize the DSPY library (Khattab et al., 2024).
Accelerators All experiments were conducted with 6 A100 PCIE and 1 H100 HBM3 GPUs.
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Figure 24: Language distribution in M-HEAVY

Table 9: List of languages in MASSIE

Code Language Family
afr Afrikaans Indo-European
amh Ambharic Afro-Asiatic
ara Arabic Afro-Asiatic
aze Azerbaijani Turkic
bam Bambara Mande
bbj Ghomala Atlantic-Congo
ben Bengali Indo-European
bul Bulgarian Indo-European
cat Catalan Indo-European
ceb Cebuano Austronesian
ces Czech Indo-European
cym Welsh Indo-European

3580



Code Language Family
dan Danish Indo-European
deu German Indo-European
ell Greek Indo-European
eng English Indo-European
est Estonian Uralic
eus Basque Language isolate
ewe Ewe Atlantic-Congo
fas Persian Indo-European
fin Finnish Uralic
fon Fon Atlantic-Congo
fra French Indo-European
glg Galician Indo-European
gsw Swiss German Indo-European
guj Gujarati Indo-European
hau Hausa Afro-Asiatic
heb Hebrew Afro-Asiatic
hin Hindi Indo-European
hrv Croatian Indo-European
hun Hungarian Uralic
hye Armenian Indo-European
ibo Igbo Atlantic-Congo
ind Indonesian Austronesian
isl Icelandic Indo-European
ita Italian Indo-European
jav Javanese Austronesian
jpn Japanese Japonic
kan Kannada Dravidian
kat Georgian Kartvelian
kaz Kazakh Turkic
khm Khmer Austroasiatic
kin Kinyarwanda Atlantic-Congo
kor Korean Koreanic
lat Latin Indo-European
lav Latvian Indo-European
lit Lithuanian Indo-European
lug Luganda Atlantic-Congo
Iuo Luo Nilotic
mal Malayalam Dravidian
mar Marathi Indo-European
mon Mongolian Mongolic
mos Mossi Atlantic-Congo
msa Malay Austronesian
mya Burmese Sino-Tibetan
nap Neapolitan Indo-European
nbl  Southern Ndebele  Atlantic-Congo
nep Nepali Indo-European
nld Dutch Indo-European
nor Norwegian Indo-European
nso Northern Sotho Atlantic-Congo
nya Chewa Atlantic-Congo
pan Punjabi Indo-European
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L List of datasets

Code Language Family
pcm  Nigerian Pidgin Indo-European
pol Polish Indo-European
por Portuguese Indo-European
ron Romanian Indo-European
rus Russian Indo-European
slk Slovak Indo-European
slv Slovene Indo-European
sna Shona Atlantic-Congo
snd Sindhi Indo-European
sot Sotho Atlantic-Congo
spa Spanish Indo-European
sqi Albanian Indo-European
srp Serbian Indo-European
SSW Swazi Atlantic-Congo
swa Swabhili Niger-Congo
swe Swedish Indo-European
tam Tamil Dravidian
tel Telugu Dravidian
tgl Tagalog Austronesian
tha Thai Kra-Dai
tsn Tswana Atlantic-Congo
tso Tsonga Atlantic-Congo
tur Turkish Turkic
twi Twi Atlantic-Congo
ukr Ukrainian Indo-European
urd Urdu Indo-European
ven Venda Atlantic-Congo
vie Vietnamese Austroasiatic
wol Wolof Atlantic-Congo
xho Xhosa Atlantic-Congo
yor Yoruba Atlantic-Congo
zho Chinese Sino-Tibetan
zul Zulu Atlantic-Congo

e SF: MASSIVEI11 (FitzGerald et al., 2023), MTODS (Schuster et al., 2019), MTOP (Li et al.,
2021a), XSID (van der Goot et al., 2021; Aepli et al., 2023; Winkler et al., 2024a,b), BAVAR-
IAN_XSID (van der Goot et al., 2021; Aepli et al., 2023; Winkler et al., 2024a,b)

* NER: MPHAYANER (Mbuvha et al., 2023), NERWIKIJAPANESE (Inc., 2021), EVEREST (Niraula
and Chapagain, 2022), WEB_NYTK (Simon and Vad’asz, 2021), MAHASOCIALNER (Chaud-
hari et al., 2024), KLUENER (Park et al., 2021), WEBSITES_MIMGOLD (Ing’olfsd’ottir et al.,
2020), coNLL2003 (Tjong Kim Sang and De Meulder, 2003), CANTEMIST (Miranda-Escalada
et al., 2020), bDT_UNER (Mayhew et al., 2024), TOPRES19TH_HIPE2022 (Ehrmann et al.,
2022), ANATEM (Pyysalo and Ananiadou, 2014), SSJ1500K-SYN.UD_SUK (Arhar Holdt et al.,
2024), CODEMIXEDTWEET (Singh et al., 2018a), TLUNIFIED (Miranda, 2023), GJA_UNER
(Mayhew et al., 2024), LST20 (Boonkwan et al., 2020), FINDVEHICLE (Guan et al., 2024), EL-
NER4 (Bartziokas et al., 2020), HINERORIGINAL (Murthy et al., 2022), NEWSEYE_HIPE2022
(Ehrmann et al., 2022), NOB_NORNE (Jgrgensen et al., 2020), BOOKS_MIMGOLD (Ing’olfsd’ottir
et al., 2020), CODEMIXEDMSAEA (Aguilar et al., 2018), CODEMIXEDSPAENG (Aguilar et al.,
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Figure 25: Language distribution in M-LIGHT

2018), BLOG_MIMGOLD (Ing’olfsd’ottir et al., 2020), ONTONOTESS (Pradhan et al., 2013),
NERUK20 (Chaplynskyi and Romanyshyn, 2024), CODEMIXEDSOCIAL (Singh et al., 2018b),
ASIABIBI_SLAVICNER (Piskorski et al., 2024), TURKUNER (Luoma et al., 2020), GERMAN-
LERFINE (Leitner et al., 2020), NCBIDISEASE (Dogan et al., 2014), CW_HERODOTOS (Erdmann
et al., 2019), SENTENCE_ESTNER (Tkachenko et al., 2013; Sirts, 2023), CZECHHISTORY10
(Hubkov’a et al., 2020), PHONER (Truong et al., 2021), WEIBONER2ND (Peng and Dredze, 2015),
FENEC (Millour et al., 2024), SETSR (Batanovi’c et al., 2023), SCHOOLESSAYS_MIMGOLD
(Ing’olfsd’ottir et al., 2020), GSDSIMP_UNER (Mayhew et al., 2024), ANCORA (Armengol-Estap’e
et al., 2021), DARNERCORP (Moussa and Mourhir, 2023), HIPE2020_HIPE2022 (Ehrmann et al.,
2022), WIKIPEDIA_NYTK (Simon and Vad’asz, 2021), NERPNERPROSA (Hoesen and Purwarianti,
2018), PIONER (Ghukasyan et al., 2018), AMHARICNER (Jibril and Tantug, 2023), BOSQUE_UNER
(Mayhew et al., 2024), PLINYELDER_HERODOTOS (Erdmann et al., 2019), WN_EVALITA2023
(Paccosi and Palmero Aprosio, 2022), NEMOCORPUS (Bareket and Tsarfaty, 2021), RELDI-
NORMTAGNER-HR (Ljube si’c et al., 2023), USELECTION2020_SLAVICNER (Piskorski et al.,
2024), ELEXISWSD.UD_SUK (Arhar Holdt et al., 2024), NORDSTREAM_SLAVICNER (Piskorski
et al., 2024), NCHLT (Eiselen, 2016), MAHANER (Litake et al., 2022), PPORTALNER (Silva and
Moro, 2024), TALBANKEN_UNER (Mayhew et al., 2024), NAAMPADAM (Mhaske et al., 2023), SIC
(Ostling, Robert et al., 2013), FINED_ANYTHINGNER (Luo et al., 2024), RYANAIR_SLAVICNER
(Piskorski et al., 2024), BREXIT_SLAVICNER (Piskorski et al., 2024), TRG_UNER (Mayhew
et al., 2024), ADJUDICATIONS_MIMGOLD (Ing’olfsd’ottir et al., 2020), IGBONER (Chukwuneke
et al., 2022), NEWS_NYTK (Simon and Vad’asz, 2021), CONLL2002 (Tjong Kim Sang, 2002),
AI_CROSSNER (Liu et al., 2020), EIEC (Alegria et al., 2004), HRS00K (Ljube si’c and Samard
zi’c, 2023), MILLIYET (Tiir et al., 2003), SIMONERO (Mitrofan and Mititelu, 2020), EWT_UNER
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Figure 26: Family distribution in M-LIGHT

(Mayhew et al., 2024), DDT (Hvingelby et al., 2020), RESUMENER (Zhang and Yang, 2018),
CLUENER (Xu et al., 2020), FIC_EVALITA2023 (Paccosi and Palmero Aprosio, 2022), RELDI
(Ljubesi’c et al., 2023), THAINER22 (Mr.Wannaphong), CARANER (Al-Thubaity et al., 2022),
LEGALNERO (Piis et al., 2022), SCIENCEWEB_MIMGOLD (Ing’olfsd’ottir et al., 2020), SLIGALI-
CIAN (Agerri et al., 2018), ELNER 18 (Bartziokas et al., 2020), SENTICOREF.UD_SUK (Arhar Holdt
et al., 2024), ENPNER (Blouin et al., 2024), FINERDATA (Ruokolainen et al., 2019), WRITTEN-
TO-BE-SPOKEN_MIMGOLD (Ing’olfsd’ottir et al., 2020), LEGAL_NY TK (Simon and Vad’asz,
2021), SENTENCE_ESTNERNEW (Sirts, 2023), RADIOTVNEWS_MIMGOLD (Ing’olfsd’ottir et al.,
2020), MUSIC_CROSSNER (Liu et al., 2020), WEBMEDIA_MIMGOLD (Ing’olfsd’ottir et al.,
2020), SET_UNER (Mayhew et al., 2024), GERMANLERCOARSE (Leitner et al., 2020), RUSSIA-
UKRAINEWAR_SLAVICNER (Piskorski et al., 2024), coviD-19_SLAVICNER (Piskorski et al.,
2024), NNO_NORNE (Jgrgensen et al., 2020), FBL_MIMGOLD (Ing’olfsd’ottir et al., 2020), PAR-
LIAMENTARY (Jonkers, 2016), LREC16KB (Garcia, 2016), GSD_UNER (Mayhew et al., 2024),
BC5CDR (Li et al., 2016), COARSE_ANYTHINGNER (Luo et al., 2024), EMAILS_MIMGOLD
(Ing’olfsd’ottir et al., 2020), HARVEYNER (Chen et al., 2022), RONEC (Dumitrescu and Avram,
2020), MBL_MIMGOLD (Ing’olfsd’ottir et al., 2020), PUD_UNER (Mayhew et al., 2024), GER-
MEVAL2014 (Benikova et al., 2014), LENERBR (Luz de Araujo et al., 2018), WIESP2022 (Grezes
et al., 2022), BANGLABIOMED (Sazzed, 2022), AQMAR (Mohit et al., 2012), UGNAYAN_UNER
(Mayhew et al., 2024), MUSICNER (Epure and Hennequin, 2023), WIKIGOLDSK (Suba et al.,
2023), KAZNERD (Yeshpanov et al., 2022), SCIENCE_CROSSNER (Liu et al., 2020), E3CCORPUS
(Magnini et al., 2020), SINER (Al et al., 2020), GW_HERODOTOS (Erdmann et al., 2019),
LAWS_MIMGOLD (Ing’olfsd’ottir et al., 2020), LETEMPS_HIPE2022 (Ehrmann et al., 2022),
WIKI_BARNER (Peng et al., 2024), LITERATURE_CROSSNER (Liu et al., 2020), BENGALINER
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(Rahman Rifat et al., 2019), AiMC_HIPE2022 (Ehrmann et al., 2022), PERSIANNER (Poost-
chi et al., 2016, 2018), FICTION_NYTK (Simon and Vad’asz, 2021), THAINNER (Buaphet et al.,
2022), PLINY YOUNGER_HERODOTOS (Erdmann et al., 2019), BC2GMCORPUS (Smith et al., 2008),
ADG_EVALITA2023 (Paccosi and Palmero Aprosio, 2022), SNK_UNER (Mayhew et al., 2024),
HINERCOLLAPSED (Murthy et al., 2022), SONAR_HIPE2022 (Ehrmann et al., 2022), BIOSWEDISH
(Simon Almgren, 2016), MASAKHANER?20 (Adelani et al., 2022), GVYORUBA (Alabi et al., 2020),
UDJAPANESEGSD (Omura and Asahara, 2018; Asahara et al., 2018), VKNER (Orasmaa et al., 2022),
POLITICS_CROSSNER (Liu et al., 2020), TWEET_BARNER (Peng et al., 2024), IDNERNEWS2K
(Khairunnisa et al., 2020), ARMTDP (Yavrumyan, 2020), NERTELUGU (Reddy et al., 2018),
JANES-TAG.UD_JANES (Lenardi c et al., 2022), OvID_HERODOTOS (Erdmann et al., 2019)

* RE: LITERATURE_CROSSRE (Bassignana and Plank, 2022), SL1_HISTRED (Yang et al., 2023),
RUSERRC (Bruches et al., 2020), DOCUMENT_ICORPUS (Shinohara et al., 2022), COFUN
(Foroutan et al., 2024), CODEMIXEDMIXRED (Kong et al., 2024), SL2_HISTRED (Yang
et al., 2023), MUSIC_CROSSRE (Bassignana and Plank, 2022), JACRED (Ma et al., 2024), SEN-
TENCE_VLSP2020 (Nguyen et al., 2020; Nguyen and Man, 2020), BIORED (Luo et al., 2022),
TFH (Chen et al., 2020), POPCORN (Giordano et al., 2024), MEN (Chanthran et al., 2024),
SANWEN (Xu et al., 2017), RUREBUS (Ivanin et al., 2020; Artemova et al., 2020), ADEV2
(Gurulingappa et al., 2012), DOCUMENT_VLSP2020 (Nguyen et al., 2020; Nguyen and Man,
2020), SCIENCE_CROSSRE (Bassignana and Plank, 2022), PERLEX (Asgari-Bidhendi et al.,
2020), NEWS_CROSSRE (Bassignana and Plank, 2022), CORPUSER (Collovini et al., 2016), POLI-
TICS_CROSSRE (Bassignana and Plank, 2022), REDOCRED (Tan et al., 2022), ROR (Bou et al.,
2020), NEREL (Loukachevitch et al., 2021), AI_CROSSRE (Bassignana and Plank, 2022), SE-
MEVAL2018 (G’abor et al., 2018), SCIERC (Luan et al., 2018), SEMEVAL2010 (Hendrickx et al.,
2010), INSTRUCTIE (Gui et al., 2023), CONLL0O4 (Roth and Yih, 2002), SENTENCE_ICORPUS
(Shinohara et al., 2022), SLO_HISTRED (Yang et al., 2023), RURED (Gordeev et al., 2020)

e ED: SENTENCE_DISASTER (Sahoo et al., 2020), LEVEN (Yao et al., 2022), SENTENCE_MUSIED
(Xi et al., 2022), DOCUMENT_DEIE (Ren et al., 2024), EUSIE (Zubillaga et al., 2024), EVENTDNA
(Colruyt et al., 2022), RAMS (Ebner et al., 2020), WIKIEVENTS (Li et al., 2021b), SEN-
TENCE_DEIE (Ren et al., 2024), EVENTNET-ITA (Rovera, 2024), DOCUMENT_MUSIED (Xi
et al., 2022), DOCUMENT_DISASTER (Sahoo et al., 2020), CMNEE (Zhu et al., 2024), LIFEEVENT-
DIALOG (Chen et al., 2023; Li et al., 2017), ACE2005 (Doddington et al., 2004), MINION (Pouran
Ben Veyseh et al., 2022b), CASIE (Satyapanich et al., 2020), BKEE (Nguyen et al., 2024b),
PHEE20 (Sun et al., 2024, 2022), MEE (Pouran Ben Veyseh et al., 2022a), CHED (Congcong et al.,
2023), MAVEN (Wang et al., 2020)

¢ EE: SENTENCE_DISASTER (Sahoo et al., 2020), DOCUMENT_DEIE (Ren et al., 2024), EUSIE (Zu-
billaga et al., 2024), EVENTDNA (Colruyt et al., 2022), RAMS (Ebner et al., 2020), WIKIEVENTS
(Lietal., 2021b), SENTENCE_DEIE (Ren et al., 2024), EVENTNET-ITA (Rovera, 2024), DoCcU-
MENT_DISASTER (Sahoo et al., 2020), CMNEE (Zhu et al., 2024), LIFEEVENTDIALOG (Chen
etal., 2023; Li et al., 2017), ACE2005 (Doddington et al., 2004), CASIE (Satyapanich et al., 2020),
BKEE (Nguyen et al., 2024b), PHEE20 (Sun et al., 2024, 2022), MEE (Pouran Ben Veyseh et al.,
2022a)

Note that a number of event datasets are used for both ED and EE experiments, thus appearing in the
listing of both tasks.
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