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Abstract

Information extraction (IE) systems rely on
structured data for training, but such annotated
data is highly imbalanced across languages,
with low-resource languages receiving little at-
tention. Label projection techniques aim to
bridge this gap by transferring structured an-
notations from high-resource to low-resource
languages. However, existing methods are ei-
ther inaccurate or too slow for large-scale use.
This work aims to address this problem by de-
veloping a more effective method that remains
sufficiently efficient for large-scale projection.
In particular, we propose to synthesize align-
ment sequence pairs and fine-tune an encoder
model with span alignment objective, while
controlling data influence during training. Ex-
perimental results across 50+ languages show
that our framework consistently outperforms
previous state-of-the-art methods while main-
taining fast inference speed. In addition, we
introduce EXP - the first benchmark for ex-
plicit evaluation of label projection, thereby
reducing confounders and non-determinism in
method assessment.

1 Introduction

The use of structured data is commonly found in
downstream natural language processing (NLP)
tasks such as knowledge editing (Yao et al.,
2025) and relation extraction (Lai et al., 2022;
Huguet Cabot et al., 2023). However, the distri-
bution of such data is highly imbalanced across
languages (Le et al., 2025), limiting the quality
of trained models. As remedy, cross-lingual label
projection emerged where the goal is to transfer
structured annotations (e.g., named entities, rela-
tion triplets) from a high-resource source language
to a lower-resource target language (Chen et al.,
2023), thereby alleviating data scarcity. Despite its
importance for building scalable and inclusive IE
systems, existing projection methods face signif-

icant limitations: they are either too slow! to be
practical for large-scale inference” or fall behind
in accuracy? compared to the state-of-the-art (Dou
and Neubig, 2021; Le et al., 2024).
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Figure 1: An example of projecting span labels from an
English text to a Japanese text.

To address these challenges, we propose PVP,
a new framework that bootstraps synthetic paral-
lel data to train a specialized projection model. In
particular, PVP first generates high-quality syn-
thetic alignment pairs between source and target
languages using a two-stage process: a proposer
module generates candidate alignments, while a
verifier module filters out potentially noisy or in-
correct pairs. These refined pairs are then used to
fine-tune a pre-trained language model (LM) with
a span alignment objective, enabling the model to
learn the mapping between structured labels across
languages. Our experiments show that PVP outper-
forms existing state-of-the-art methods across 50+
languages, achieving a 365x speedup with respect
to the previous best method while maintaining high
accuracy.

Besides modeling, we also analyze the evalua-
tion protocol adopted by previous works (Dou and
Neubig, 2021; Chen et al., 2023; Le et al., 2024)
i.e. implicit evaluation* and find that this protocol
does not reliably reflect the quality of projected
samples due to confounding variables, while also
incurring score variance and training cost. To miti-
gate this, we characterize explicit evaluation as an

'See Sec. 7 for speed benchmarking

ZCases where the number of samples is large

3See Table 21 for accuracy-related benchmarking

*This refers to evaluating projection by training on auxil-
iary models
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alternative protocol for directly and efficiently eval-
uating label projection methods. Correspondingly,
we contribute EXP - an accompanying benchmark
that fully supports this protocol. EXP includes four
diverse datasets across 50+ languages, providing
a standardized and transparent way to assess the
performance of label projection methods. Unlike
prior approaches that rely on indirect evaluation
through downstream tasks, EXP enables direct and
stable evaluation of the projection process itself,
thereby reducing confounding factors and improv-
ing reproducibility.

Our work thus advances both the methodology
and evaluation standards for cross-lingual label pro-
jection, paving the way for more equitable and
efficient IE systems. In summary, our main contri-
butions are:

* We propose PVP, a new framework that boot-
straps synthetic parallel samples and combine
these with projection training to obtain a spe-
cialized LM for cross-lingual label projection.

We introduce EXP, the first automatic and ex-
plicit benchmark for evaluating label projec-
tion tasks, collectively aggregating four di-
verse datasets in over 50 languages. The EXP
benchmark thus facilitates a standardized eval-
uation framework that eliminates confounding
variables and enables direct, stable assessment
of label projection performance.

* We conduct extensive experiments to evalu-
ate PVP against previous state-of-the-art pro-
jection methods. The results show that PVP
consistently outperforms the previous state-
of-the-art in both exact- and soft-matching
projection scores while also having the high-
est throughput ratio e.g. 365x faster than the
previous most accurate method.

2 Related Works

Cross-Lingual Label Projection While LLMs ex-
cel at several NLP tasks (Minaee et al., 2025),
their performance on low-resource languages for
IE needs further improvements (Zuo et al., 2025).
To address this issue, label projection techniques
have been developed aiming to project IE datasets
from high-resource languages such as English to
lower-resourced languages (Chen et al., 2023), en-
abling better coverage in model development. Ini-
tial works relied on the use of markers inserted
prior to the translation phase, and extracted the

corresponding text spans after translation by mak-
ing use of these markers (Lewis et al., 2020; Chen
et al., 2023). However, this approach suffers from
decreased translation quality and occasional non-
translations due to the use of markers, even upon
tuning for the most performant marker pair (Chen
et al., 2023; Le et al., 2024). As a remedy, (Le
et al., 2024) proposed to use clean translations as
templates and only search for the target span text
via constrained decoding. Their approach signifi-
cantly improved projection qualities while keeping
translation qualities unchanged, but the runtime
of their method was also significantly longer and
is not scalable for projecting a large number of
data samples. Concurrently, (Parekh et al., 2024)
proposed to conduct projection via contextual trans-
lation, achieving promising results but still suffers
from limited efficiency due to the use of LLMs.

Word Alignment As span alignment is closely
related to word alignment, a number of projec-
tion works had also adopted word aligner in their
pipelines (Stengel-Eskin et al., 2019; Eskander
et al., 2020; Dou and Neubig, 2021). (Dou and Neu-
big, 2021) used Google Translate to translate the
Spanish texts of CONLL-2002 (Tjong Kim Sang,
2002) into English, then predict the named entity
tags with an English model and then project these
tags back into the original Spanish texts based on
word alignment mappings. Their approach was fast
(by only inferring an encoder) and achieved better
results than directly using the English model, but
was later surpassed by more advanced projection
methods such as CODEC (Le et al., 2024).

In this work, we aim to develop a projection
framework that is more accurate than the previous
state-of-the-art (Le et al., 2024) while maintaining
fast inference speed as often seen in word align-
ment approaches.

3 Methodology

In this section, we first recall the problem setting of
cross-lingual label projection. Then we introduce
the pipeline for bootstrapping synthetic alignment
data and the language-wise sampling strategy. Fi-
nally, we describe the projection training and infer-
ence process which makes up our PVP framework.

3.1 Label Projection

Formally, given an input text ;.. in the source lan-
guage and m span labels {¢%,. | i = 0,...,m—1},
with each span y;rc = {wérc,07 w;rc,l’ "w;rc,li—l}
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represented by [; consecutive words in Zgpc.

Let the translation of z,. in the target language
be x4, the goal becomes to locate span labels
{y};gt |i=0,...,m — 1} in x4y that correspond
to {ygrc ‘ i =0,...,m— 1} Le. {yllfgt ~ Ysre ‘
Vi=0,...,m — 1} (Figure 1).

3.2 Proposer-Verifier (PV)

In this section, we describe the proposer-verifier
mechanism for generating alignment data. The pro-
poser module first generates alignment proposals,
which are then validated by the verifier module to
be adopted in subsequent training.

Proposer Module To initialize the proposer
module, it is straightforward to adopt a state-of-the-
art projection method such as CODEC (Le et al.,
2024). However, as we discussed earlier, CODEC
has an extremely slow runtime and thus poses scal-
ability issues when the number of languages and
sample quantities increase. Instead, we propose
to adopt a word alignment model to bootstrap pro-
posals, which are known to be less accurate (Le
et al., 2024) but are much cheaper to execute and
significantly faster in practice.

Let us denote the input text as s
[Wsre,0, Were,1--Wsre,r—1] containing r words, with
each word wg,. represented by one or more to-
kens {ts,}. Correspondingly, let its translation
be Xty = [Wigt0, Wigt,1.-Wegt,u—1] containing u
words, with each word w4 represented by one or
more tokens {4 }. First, we aim to find a word-
to-word mapping represented as the binary matrix
a"*" where each entry a (¢, j'):

1, if source word ¢ aligns with

a(i',j") = target word j

0, otherwise

Traditionally in the context of label projection,
AWESOME (Dou and Neubig, 2021) has often been
used by previous works as a starting baseline. How-
ever, our preliminary experiments revealed that
their modeling strategy is suboptimal for word
alignment, which was also confirmed by recent
research (Wu et al., 2023; Latouche et al., 2024).
To this end, we make use of the binary alignment
strategy in (Latouche et al., 2024), through which
we observed better alignment qualities.

For each word wg..y In T4 wWe
surround it with the word separator

74/

<WORD_SEP>, creating a new sequence x%,.. =

[.., SWORD_SEP>, wWiy.c. i, WORD_SEP>, Wiy ir 41, -]
In practice, each word is further tokenized into
one or more tokens with sentencepiece (Kudo
and Richardson, 2018) for use with pre-trained
LMs. We then pass the concatenated sequence
[#% ., Z4gt] through a language model # with a
sigmoid classification head to obtain probability
prediction for each token #;g; j» in z4g. Let pilgL §
be the probability prediction of the token #;4; j»
given % We then calculate the alignment

src*
probability between source word ¢’ and target word

j ast P(i, ") = max({p}, ;» : Vi" € T(j")}),
where T'(j') is the set of tokens originated from
word j’. Here we use the max function as it was
shown to perform slightly superior compared
to alternatives such as the mean or min function
(Latouche et al., 2024). Afterwards, we fill up the
entries a(4’, j') in the alignment matrix based on a
preset threshold 4:

1
a'i/, -/ — 9
(i 5") {o,

To obtain target span projection, we adopt a
matching algorithm delineated in Algorithm 1 (Ap-
pendix C). The gist is to track the consecutiveness

it P(i!, ) > 6

otherwise

of target word indices {w{;t} that align with each
source span y’,.., while locating any potential con-
flict between projected spans {yj,; }.

Verifier Module Generally, we expect that the
projections obtained from the PROPOSER would
contain non-trivial error rates. Thus, there is a
need to construct a VERIFIER that can filter out
potentially low-quality projected samples. Here we
consider an approach inspired by the translation
literature, which we term as BACK-PROJECTION.

We recall that the proposal procedure is unidi-
rectional (or asymmetric). In fact, if we swap the
roles of x . and 44, we would obtain a different
word alignment matrix a,qp since the input to the

language model # would now become [x{;t, Tsrels
where j’ is the index of each word in Zyg¢- The core
gist of BACK-PROJECTION is to identify highly
consistent span projections ¥4 that would remain
valid even after the swap.

We delineate the proposal procedure with verifi-
cation (BACK-PROJECTION) in Algorithm 2 (Ap-
pendix C). The main advantage of this approach is
that there is no additional hyperparameter for the
VERIFIER, making it universally adaptable to new
languages and domains.
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3.3 Language-Wise Sampling

The previous section described how to generate and
verify synthetic projection labels given source texts,
their span labels and corresponding parallel target
texts. In this section, we denote the procedure
to obtain such parallel text pairs. In particular,
we choose 4 English IE datasets and make use of
the n11b-200-3.3B (team et al., 2022) model to
translate the training and development inputs to 69
typologically diverse languages. The list of dataset
is shown in Table 11, and the list of languages is
shown in Table 12. The datasets were chosen for
their diverse domain coverage, and the languages
were chosen for their broad linguistic coverage.

Sampling Strategy Fully translating the above
datasets into the chosen languages would be rather
expensive. For example, the FINDVEHICLE dataset
alone contains 21.5K samples in its training split,
which would require roughly 1.48M translation
passes for 69 languages. Therefore, we only sam-
ple up-to Dyyqin/Dger samples® (i.e. seed inputs)
from each dataset for translation. Initially, we
kept these seed inputs constant for all languages,
but we observed that this increased repetitiveness
among training data®. Thus, we switched to in-
dependently re-sampling the seed inputs for each
language, thereby facilitating higher language-wise
diversity during training.

3.4 Projection Training

We next describe our training objective upon obtain-
ing the synthetically projected datasets. Now, each
training sample pnt would consist of the source
sequence T4, the target sequence x4y and both
source and target span labels 3., and y/ ;.
For each source span y. €
we surround it with the span separator
<SPAN_SEP>, creating the new sequence
2l . = [..,<SPAN_SEP>, 7%  <SPAN_SEP>,..]. We
then pass the concatenated sequence [z, Z14¢] to
a base language model ¢ and fine-tune it with the
binary cross-entropy loss:

Tsres

g+h—1
(15,5 log(Py (i, j" )+
Jj'=g

(1 = liyr) log(1 = Py(i, j"))]

SIf the data split’s size is less than these numbers, we take
the full data split.

8Texts in different languages are semantically equivalent
when SEED INPUTS are kept constant.

1
ﬁpnt - _E

G, ") 1, if token j”’s original word € yggt
Z? = .
J 0, otherwise

where g, h are the number of tokens in Z ., Tt .

3.4.1 Controlling Point Influence

Normally, the computed losses are uniformly av-
eraged over all data points (Zsrc, Yepe, Ligts Yige)s
ignoring each sample’s influence. In fact, we find
that weighting the losses of each data point can fur-
ther improve projection performance. Here we con-
sider a simple loss weighting mechanism, termed
as worst group loss (WGL).

Worst Group Loss For each batch, we av-
erage the losses over k% data points in the
batch with the highest loss values (worst group)
and only perform backpropagation on this aver-
aged loss. Formally, we compute Lwgr i =
ﬁ Z}fﬂl Lpnt, where L1 > Lo > -+ > Lp
and B is the number of samples present in batch.
The intuition is that this prioritizes learning data
points that the model is less familiar with, continu-
ally boosting its performance on the worst group.
The detailed model update is shown in Algorithm
5 (Appendix C).

Besides WGL, we also experimented with an-
other weighting mechanism described in Appendix
B, though it was not used in the main framework
as we found it to be less effective.

3.4.2 Pair Augmentation

To diversify the training data, we apply two addi-
tional augmentation techniques: bidirectional sam-
pling and negative sampling.

Bidirectional Sampling For label projection,
the model should output the same labels for both
src2tgt and tgt2src directions. To enforce this
behaviour, we swap the roles of src and tgt in each
data point at probability p, during training.

Negative Sampling Due to language mismatch
and potential translation errors, correct target labels
might not exist even for parallel texts. To make the
model aware of such negative samples, we replace
tgt of each data point with a differently sampled
tgt’ at probability p,, during training. In such cases,
the label entries [(i, j”') are all changed to 0.

3.5 Inference Strategy

At inference time, we construct the hybrid align-
ment matrix b™*%, where m is the number of
source spans, u is the number of words in x4
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and each entry b(i, j') is determined based on a
preset threshold ~:

1, if P(i,5') >

b(i,j) =
(i.7) 0, otherwise

We then adopt a modified version of Algorithm 1
to obtain target span projections y/;4¢. The modified
process is shown in Algorithm 3 (Appendix C).

4 The EXP Benchmark

Before moving to the experimental section, we first
discuss the evaluation strategy adopted by previous
works, hereby referred to as implicit evaluation
(Chen et al., 2023; Le et al., 2024).

Implicit Evaluation To evaluate the quality
of a projected corpus (obtained from a projec-
tion method), previous works followed three steps.
First, they fine-tuned a downstream language
model O using the projected corpus. Second, they
designate an annotated corpus L;.s in the target
language and evaluate the fine-tuned model’s per-
formance on this designated corpus. Lastly, they
averaged the model’s performance over k such fine-
tuning runs’ and treat the averaged performance as
the metric for evaluating the corresponding projec-
tion method.

However, we note two major issues with the
above strategy: (i) confounding factors: the final
score now depends on external factors® such as the
choice of © and Li.s, and (ii) non-determinism:
this type of evaluation reduces reproducibility as
different random seeds would produce different in-
tializations; in addition, such random seeds do not
preserve across platforms, further worsening the
already high variance in cross-lingual evaluation
(Chen and Ritter, 2021). Moreover, the strategy
incurs expensive cost as in order to evaluate m
projection methods, one would need to train and
evaluate m * k downstream models.

To address the above issues, we propose explicit
evaluation, a deterministic and cost-efficient pro-
tocol for label projection assessment. Specifically,
we compare the projected spans of each method
against ground-truth spans using string-distance
metrics’, thereby bypassing confounding factors
while preserving determinism and avoiding added
training costs. To realize this protocol, we in-
troduce the EXP benchmark, providing coverage

"This is typically achieved by varying random seeds.
$We provide confounding evidence in Sec. 6
*We describe metric computation in Sec. 5.1

for explicit evaluation in more than 50 languages,
which we describe further below.

In 1995, S published Karakuri, a one-shot manga by , which
received an honorable mention in the 1996 Hop Step Award

[ear:1* "), Person: [* "], Organization: [*Shueisha”} |

[tvear: 2, Person: 1,0rganization: 1}

:»X

frequency(Year) > 1

DFHY Y RE [HH Y] ZHRL, 19965 DKy
TAT7y TETEEERE LT,

"), Person: [

I . 3

[ tvear:

"], Organization: [* E

[tvear: 2, Person: 1,0rganization: 13|

(@)

[ is a Japanese manga series written and illustrated by Eilchiro Odz |

[

"], Person: [“Eiichiro Oda”]} I

[ {Book: [*

[ {Book:1, Person: 1} |

[ [ AW BAOBEY ) —XTT,

[ (Book: [ »), Person: [* I | o

[

[ (Book: 1, Person: 1} |

(b)

Figure 2: Examples of matching parallel samples via
label frequency dictionary in a language pair (English-
Japanese). In (2a), the matching fails as there are 2
spans of the year label and we do not have a reliable,
autonomous way of mapping 2+ spans of the same label
type. In (2b), the matching succeeds as there is exactly
1 span of each label type, and the sets of label types
are equivalent in both samples. Span mappings are thus
generated by matching the span in each label type of
both samples.

Explicit Evaluation We build upon 4 corpora
shown in Table 13, with each corpus covering a
separate IE task to ensure coverage. These corpora
were chosen as they were all constructed through
translating and projecting an existing English 1E
corpus, where the resulting labels were verified by
human experts.

For each corpus, we first aligned the parallel
samples based on their metadata. Of the four,
only RELX retains span-to-span mapping between
the source and target texts!” and thus obtaining
groundtruth alignment labels is straightforward.
For the remaining three, we conducted matching be-
tween source and target spans via using each span’s
label type as the anchor. Particularly, we first con-
struct the LABEL FREQUENCY DICTIONARY (LFD)
for each sample, recording the frequencies of each
label type in that sample. Challenges appear when

Bach sample in RELX features exactly one subject and
one object entity labels.
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there exists 24 spans for a label type, or when LFDs
of the two samples do not match. The prior would
require disambiguation while the latter necessitates
re-annotation, both of which cannot be reliably au-
tomated to scale to a large number of languages.
Therefore, we propose to only align anchors with
a single occurrence. Specifically, for two samples
Zsre and 444 to be aligned on the span-level, their
respective LFD must not be larger than 1 for each
label type, and the occurring label types must be
the same for both x4, and a:tgt“. We note that this
still allows each sample to contain multiple span
queries per text sequence, bounded by the set of
label types in each dataset. Ultimately, we obtained
the span alignment labels of each parallel text pair
in the aligned dataset. We then aggregated the 4
datasets into a unified benchmark, which we term
as EXP. Language-wise statistics are shown in Ta-
ble 14-17 (Appendix A). To validate the matching
heuristics, we manually examined a small subset of
50 samples in 2 language pairs (English-Japanese,
English-Vietnamese) of the MASSIVE-EXP and
MBABSA-EXP datasets, but did not find any er-
roneous case. While this only accounts for a small
portion of the datasets, we will show in the ex-
periments that improvements observed on EXP
also transfer to downstream tasks as done in
previous works.

5 Explicit Evaluation

5.1 Settings

Hyperparameters For 6, we use an off-the-shell
encoder (Align6 (Latouche et al., 2024)) trained
on six word alignment datasets including Dutch-
English (Macken, 2010), Czech-English (Marek,
2008), Hindi-English (Aswani and Gaizauskas,
2005), Turkish-English (Cakmak et al., 2012),
Spanish-English and Portuguese-English (Graca
etal., 2008). For ¢, we use the mdeberta-v3-base
model (He et al., 2021a,b). We set 6 = v = 0.5,
Dirain = 1000, Dge,, = 100. For training, we
used a batch size of 64, learning rate 2e — 5 with
the ADAMW optimizer (Loshchilov and Hutter,
2019), and conduct validation every 500 steps with
a maximum training step of 80000. In addition,
we used a linear learning-rate scheduler without
warmup and set the decay length to 1000000. The
checkpoint with the highest exact matching score
on the development split is used at test time. For

""'We show examples of the matching heuristics in Figure 2

WGL, we set k = 50%. Besides, we set p, = 0.5
and p, = 0.2.

Baselines We compare PVP with the follow-
ing baselines: AWESOME (Dou and Neubig, 2021)
- a word alignment method using representation
similarities, WSP (Wu et al., 2023) - another
word alignment method via weakly supervised
pre-training, BINARY-U (Latouche et al., 2024)
- the alignment strategy used in our PROPOSER,
BINARY-W - a variant where the probability scores
are averaged between the normal and swapped se-
quences, and CODEC (Le et al., 2024) - the state-
of-the-art projection method based on constrained
decoding. For all word alignment-based methods,
we use Algorithm 1 to obtain target span projec-
tions.

Metrics We use exact matching (EM) and soft
matching (SM) scores to evaluate each method.
Given span projection yggt’v and label l%gt,v’ the
scores are calculated as:

1 @ '
EM = E Z(H y;gt,v = Z%gt,v)

veS i=1

1 7 Levinshtein(yi, ,,, li
SM _ 1 Z(H 1— : (ytg;;U tgt,v)>
n max(’@/tgt,v‘? | tgt,v )

veS i=1

where S is the set of projected samples, g, is
the number of spans to project in sample v, n is
the total number of samples and Levinshtein(.)
refers to the Levinshtein distance.

5.2 Main Results

Language Awesome WSP Binary-U Binary-W Codec PVP
German 90.87 91.83 89.42 89.9 89.90 92.79
Portuguese 93.51 97.40 97.40 97.4 97.40  98.7
Swedish 94.31 92.31 94.98 95.32 89.97 9532
Chinese 75.44 76.75 78.51 78.51 78.07 89.04

Average 88.53 89.57  90.08 90.28 88.84 93.96

Table 1: EM scores on UNER-EXP. Best score on each
row is highlighted.

We first show EM scores in Table 1-4. Overall,
we see that PVP significantly outperforms other
methods in all 4 datasets, often by a large margin.
For example, PVP performs better in RELX-EXP
than the strong baseline CODEC by 4.03 EM scores
on average. In MASSIVE-EXP, PVP surpasses
the top baselines CODEC and BINARY-U by 6.99
and 5.87 EM scores on average. In addition, we ob-
serve that these improvements are consistent with
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Language Awesome WSP Binary-U Binary-W Codec PVP

Language Awesome WSP Binary-U Binary-W Codec  PVP

Afrikaans 82.65 90.48 90.55 90.34 90.62 944
Amharic 5.49 3.89 85.14 85.47 80.91 86.66
Arabic 69.43 73.58 85.47 85.24 81.96 88.67
Azerbaijani 55.16 71.43 85.94 85.79 70.59 87.55
Bengali 64.06 75.17 90.19 91.15 82.03 92.01
Catalan 68.25 71.32 71.86 71.32 84.59 90.11
Welsh 50.63 59.14 65.05 65.58 84.19 78.27
Danish 79.42 88.41 93.89 93.82 94.73  96.63
German 88.38 88.84 89.77 89.64 90.96 93.93
Greek 73.03 81.38 81.3 81.06 87.48 91.49
Persian 63.64 75.62 90.57 90.99 81.48 92.27
Finnish 77.55 84.27 93.99 93.85 94.41  96.01
French 72.84 75.53 75.66 75.41 82.98 87.98
Hebrew 67.79 75.15 88.96 88.5 85.28  90.8
Hindi 66.09 71.33 80.43 80.59 81.33 87.63
Hungarian 71.52 79.52 86.1 86.47 86.32 93.12
Armenian 69.27 75.69 90.58 90.58 77.61  91.72
Indonesian 56.87 71.34 83.37 83.15 83.37 87.53
Icelandic 61.53 72.14 83.79 82.68 874  90.71
Italian 72.88 75.08  78.06 77.51 8292 87.46
Javanese 4477 53.64 77.58 76.89 8545 84.55
Japanese 61.15 42.29 73.62 752 47.17 84.52
Kannada 61.95 73.13 84.23 84.3 76.73 8593
Georgian 75.00 7557  95.04 94.33 87.68 94.69
Khmer 35.42 19.28 92.93 94.38 88.19 94.62
Korean 53.87 62.10 74.19 73.39 65.08 76.21
Latvian 73.35 78.71 92.57 92.49 89.93 97.11
Malayalam 64.07 70.85 90.59 91.44 83.98 92.03
Mongolian 36.11 53.41 83.02 82.78 76.11 83.97
Malay 53.30 72.82 88.85 88.2 87.06 93.33
Burmese 63.62 73.16 93.72 95.6 88.74 9543
Dutch 84.89 87.39 84.56 84.36 89.88 92.44
Norwegian 78.50 88.32 92.28 91.69 92.02 95.65
Polish 73.44 76.36 81.43 81.43 82.89 86.72
Portuguese 67.89 75.88 74.12 73.17 86.14  89.66
Romanian 72.03 69.88 78.56 77.37 87.31 90.28
Russian 82.53 86.94 88.14 87.9 90.22  92.47
Slovene 75.36 80.46 88.44 88.2 89.79 93.14
Spanish 70.32 7750  73.42 73.21 86.36  90.23
Albanian 60.36 68.30 72.23 71.79 83.12 85.89
Swahili 34.34 37.59 60.46 58.83 81.12 78.11
Swedish 85.01 87.73 92.11 91.68 91.75 96.34
Tamil 62.19 72.41 86.08 85.84 83.35 87.37
Telugu 59.60 72.81 88.7 89.41 78.1  90.51
Tagalog 55.54 61.82 69.09 68.62 87.38 83.18
Thai 45.59 1279 79.27 78.06 6591 82.35
Turkish 57.78 67.26 89.85 90.52 79.63 91.48
Urdu 51.11 62.43 77.87 78.28 81.26 84.97
Vietnamese 30.28 62.64 75.02 72.86 59.36  80.91
Chinese 74.51 73.61 86.6 85.46 56.37 89.62
Average 63.21 69.13 83.5 83.34 82.38 89.37

Table 2: EM scores on MASSIVE-EXP. Best score on
each row is highlighted.

respect to individual language scores. For instance,
PVP achieves highest EM scores in 4/4 languages
of RELX-EXP, 44/50 languages of MASSIVE-
EXP and 18/20 languages of MBABSA-EXP.
This shows that PVP achieves improvements on a
wide range of languages and do not overfit to any
specific subgroup.

To account for partial errors, we next report
SM scores in Table 22-25 (Appendix F). Interest-
ingly, we can see that CODEC is consistently the
strongest baseline when measured by SM scores,
with largely higher performance compared to when
measured with EM scores (5.6% difference on
average), suggesting that the baseline induce par-
tial errors which gets penalized in exact matching.
Nevertheless, it still gets surpassed by PVP on all

Arabic 74.62 83.58 90.46 90.56 90.51 94.58
Danish 95.15 96.58 98.70 98.61 98.27 99.22
German 91.12 91.83 93.64 94.04 9421  96.64
French 74.67 80.45 84.32 84.71 89.07 90.49

Hindi 84.14 90.60 95.04 95.04 9622 975
Croatian 87.16 91.74 93.04 93.04 95.98 97.75
Indonesian 83.99 89.88 94.44 94.44 94.48 97.67
Japanese 77.41 36.77 83.23 84.73 7432 92.64

Korean 70.32 75.73 79.82 84.41 77.09 88.68
Dutch 91.79 93.10 94.45 94.54 96.16 97.29
Portuguese 79.36 83.47 84.36 84.05 95.0 9544

Russian 87.08 90.72 92.34 91.99 95.45 97.15
Slovak 89.10 91.70 94.05 94.09 97.0  96.39
Spanish 73.28 77.87 78.98 79.17 88.31 89.56
Swahili 60.74 68.80 77.21 76.60 97.02 94.43
Swedish 94.86 95.12 98.43 98.43 97.95  99.0
Thai 52.59 28.33 83.49 83.24 78.11 87.22
Turkish 78.87 85.04 94.33 94.78 94.28 96.16
Vietnamese 31.37 80.96 86.45 85.87 87.57 90.97
Chinese 82.94 87.57 92.15 91.97 85.01 95.78
Average 78.03 80.99 89.45 89.72 91.1 94.73

Table 3: EM scores on MBABSA-EXP. Best score on
each row is highlighted.

Language Awesome WSP Binary-U Binary-W Codec PVP
German 93.78 93.09 91.47 91.94 93.55 94.93
French 92.86 91.01 91.01 90.78 92.86 95.85
Spanish 84.56 87.56 85.25 85.02 87.56  96.08
Turkish 86.87 95.39 93.78 95.16 94.47 977
Average 89.52 91.76 90.38 90.72 92.11 96.14

Table 4: EM scores on RELX-EXP. Best score on each
row is highlighted.

4 datasets, with notable gaps on most languages.
Conclusively, this shows that PVP achieves large
improvements upon previous methods regard-
less of the evaluation metric.

5.3 Comparison with LLMs

Language = PVP Codec MIPROv2 CLaP SFT-small SFT
Arabic 97.13 9426 72.76 83.40 93.53 96.02
Danish 99.71 98.83 81.26 86.96 96.74 99.27
German 98.6 97.14 77.92 88.65 96.84 97.77
French 96.02 95.06 71.07 83.45 93.24 94.33
Hindi 98.94 98.32 72.43 92.25 90.26 97.77

Croatian ~ 98.96 97.78 76.95 83.28 91.60 97.53

Indonesian  98.81 96.62 73.51 87.58 96.18 98.26

Japanese  96.25 89.93 61.08 89.91 91.12 93.98
Korean 93.96 85.57 61.03 82.67 88.53 93.05
Dutch 98.7 97.89 81.17 86.95 97.26 97.80

Portuguese 97.89  97.6 73.97 88.28 93.92 96.18
Russian ~ 98.66 97.51 77.89 85.98 96.21 97.87
Slovak 98.38 98.34 76.55 86.26 93.38 97.55
Spanish 9546 94.32 70.72 86.34 91.99 93.95
Swahili 97.02 98.22 70.08 82.32 65.13 81.95
Swedish ~ 99.62 98.76 81.38 88.99 96.95 99.23

Thai 92.94 89.26 63.60 85.27 89.39 92.17
Turkish 97.93 96.56 68.14 82.87 89.86 97.49
Vietnamese 95.31  93.39 33.38 86.06 84.80 93.26
Chinese  98.09 93.23 73.55 89.85 95.92 97.32
Average  97.42 9543 70.92 86.37 91.64 95.64

Table 5: SM scores (including LLMs) on MBABSA-
EXP. Best score on each row is highlighted.

As there are increased interests in the use of
LLMs recently (Matarazzo and Torlone, 2025), we
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Language PVP Codec MIPROv2 CLaP SFT-small SFT
German  98.22 97.25 58.35 44.53 96.32 97.53
French  98.03 96.22 47.16 29.52 95.90 96.88
Spanish ~ 98.7  94.42 44.44 54.18 94.24 96.80
Turkish  98.79 95.54 51.94 46.40 90.17 96.40
Average 98.44 95.86 50.47 43.66 94.16 96.90

Table 6: SM scores (including LLMs) on RELX-EXP.
Best score on each row is highlighted.

Language PVP Codec MIPROvV2 (70B) CLaP (70B) SFT-Large (14B)

German 9822 97.25 83.19 70.24 97.46
French ~ 98.03 96.22 85.66 61.30 97.68
Spanish ~ 98.7  94.42 79.93 72.46 98.48
Turkish  98.79  95.54 70.24 70.89 97.94
Average 98.44 95.86 79.75 68.72 97.89

Table 7: SM scores (scaling LLMs) on RELX-EXP.
Best score on each row is highlighted.

are interested in how our (encoder-only) framework
would fare against them. To investigate, we setup
three baselines involving LLMs: MIPROV2 - an in-
context learning baseline that optimizes a few-shot
prompt using the framework proposed in (Opsahl-
Ong et al., 2024), CLAP - another in-context base-
line that projects labels via contextual translation
with LLMs (Parekh et al., 2024), SFT-SMALL - a
supervised fine-tuning baseline that trains a small
LLM on the synthetic data bootstrapped in PVP,
and SFT - a similar baseline but makes use of a
larger LLM. As backbones, we use the QWEN2.5-
0.5B-INSTRUCT and QWEN2.5-3B-INSTRUCT
(Yang et al., 2025) models for SFT-SMALL and
SFT. Regarding MIPROV2!2, we initially experi-
mented with the QWEN2.5-7B-INSTRUCT model
but found that the LLAMA-3.1-8B-INSTRUCT
(Grattafiori et al., 2024) model achieved better re-
sults and thus opted for the latter. We report results
on MBABSA-EXP and RELX-EXP in Table 5
and 6'3. We find that compared to previous state-
of-the-art (CODEC), MIPROV2 and CLAP per-
form largely inferior while SFT-SMALL and SFT
perform quite competitively. Nevertheless, PVP
still performs better than baselines on most lan-
guages, signaling that our method is still strong
even when compared with the evaluated LLM
methods.

Scaling parameters Interestingly, we observed
that SFT consistently outperformed SFT-SMALL,
suggesting that scaling LLM’s size also improves
projection performance. Thus, we conducted an-
other comparison with the LLM methods, but this
time using larger size LLMs. Particularly, we

12We set the number of demonstrations as k = 3.

BFor conciseness’s sake, we only show SM scores here
(analyses are similar with EM scores). Results on the remain-
ing two datasets are placed in Appendix F.3.

use LLAMA-3.3-70B-INSTRUCT for in-context
baselines (MIPROV2/CLAP) and QWEN2.5-14B-
INSTRUCT for fine-tuning (SFT-LARGE). Due to
expensive inference cost, we only evaluated these
baselines on the RELX-EXP dataset. Results are
shown in Table 7. As expected, both SFT and few-
shot methods benefit from scaling to larger sizes
(8B/3B — 70B/14B). However, even with these
substantially larger models, performance still re-
mains below PVP. Notably, PVP only contains
278M parameters, significantly smaller than the
fine-tuned 14B LLM (SFT-LARGE) that still
performs worse.

6 Implicit Evaluation

Language Codec PVP  English-FT
Afrikaans 69.3 70.8 64.1
Amharic 57.3 58.7 29.9
Egyptian Arabic 60.2 64.6 53.3
South Azerbaijani  38.2  40.7 49.3
Bengali 67.5 66.9 51.7
Catalan 65.1 68.1 574
Welsh 53.2 55.2 329
Danish 70.9 73.5 66.7
German 69.0 71.4 70.5
Greek 66.2 70.0 64.4
Western Persian 67.4 70.3 61.3
Finnish 64.1 67.6 58.0
French 65.7 70.6 61.5
Hebrew 61.9 65.7 43.0
Hindi 66.1 65.7 55.8
Hungarian 644 673 60.8
Armenian 60.1 64.1 52.4
Indonesian 64.5 68.3 60.8
Icelandic 60.7 65.2 51.7
Italian 69.4 70.4 63.5
Average 63.06 65.75 55.45

Table 8: F1 scores of 20 languages in MASSIVE
(downstream performance with MDEBERTA-V3-BASE).
Best score on each row is highlighted.

Language Backbone Codec PVP
South Azerbaijani XLM-R 40.00 38.00
Bengali XLM-R 66.10  66.40
South Azerbaijani MDEBERTA 3820 40.70
Bengali MDEBERTA  67.50 66.90

Table 9: Conflicts arise in F1 scores when varying the
backbone model on two languages in MASSIVE.

To measure improvements on downstream task,
we further fine-tune LMs using the target data
projected by each method. Here we use the
MDEBERTA-V3-BASE model and average test re-
sults over 5 distinct random seeds. We compare
PVP with two baselines: CODEC and ENGLISH-
FT (fine-tune on English training data). Models
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are evaluated on the Slot Filling task using 20 lan-
guages in the MASSIVE dataset. Results are
shown in Table 8. As can be seen, models trained
on PVP’s data perform better than baselines on
17/20 languages, and improve by 10.25% on av-
erage compared to the zero-shot English models.
In addition, this empirically proves that improve-
ments in explicit evaluation transfers to the im-
plicit setting, showing that our evaluation results
align with previous works’ settings while being
cheaper!* to conduct and directly relevant to
label projection itself.

Changing backbone To isolate the effect of
backbone choice, we additionally experimented
with using the XLM-ROBERTA-BASE model for
downstream fine-tuning. We maintain the same hy-
perparameters and seeds as used with MDEBERTA -
V3-BASE. Results are shown in Table 28 (Ap-
pendix F.4). As can be seen, PVP still facilitate
better downstream performance than baselines on
most languages. However, these results also re-
veal confounding evidence on two languages that
arise due to the backbone switch in implicit eval-
uation, which we discuss further below.

Ideally, given two projected corpora A and B,
the binary conclusion — whether A is of higher
quality than B — should not depend on external fac-
tors such as the downstream model. In practice, as
highlighted in Table 9, this conclusion can change
when we vary the downstream model. When us-
ing XLM-ROBERTA-BASE as the backbone, CODEC
performs better on South Azerbaijani and slightly
worse on Bengali. However, when switching to
MDEBERTA-V3-BASE, the relative outcome is re-
versed. This means the ranking between projection
methods now depends on the downstream model
choice, even though the projected data itself is fixed.
In contrast, this issue does not arise in explicit
evaluation, where we directly compare projected
labels with ground-truth annotations and do not
involve downstream training.

7 Efficiency Evaluation

To inspect improvements in inference speed, we
use CONLL-2003 (Tjong Kim Sang and De Meul-
der, 2003) as the source dataset (which contains
10K English samples with labeled spans) and mea-
sure time taken for each method to project these
samples into 5 low-resource languages. We show

“Explicit evaluation does not require downstream task fine-
tuning.

Language Awesome WSP  Binary-U Binary-W  Codec PVP

Bambara 19.07 49394 73947 121645  17522.84 43.98
Ewe 19.07 494.58 77436 1286.77  19065.42 44.32
Fon 20.16 57822 946.33 1579.52  26461.28 53.25

Hausa 18.64 472.04  684.72 1127.41  15092.94 38.71
Igbo 19.74 50241 742775 121230 15511.31 42.45

Table 10: Time taken (in seconds) for each method to
project 10K English samples from CONLL-2003 to 5
languages. We highlight the fastest method and under-
line the second.

these measures in Table 10, and provide setting
details in Appendix H. We see that AWESOME
achieves fastest speed, closely followed by PVP.
Theoretically, in terms of forward passes, both BI-
NARY and WSP scale in proportionate to O(n x k)
but with distinct batching mechanisms, where k
is the number of words in the sequence and n is
the number of samples. Meanwhile, AWESOME
only conducts one forward pass per sample, thus
making it the fastest method (O(n)). CODEC re-
lies on constrained decoding with autoregressive
models and is thus the slowest method. In contrast,
PVP scales in O(n x m), where m is the number
of labeled spans to project, making it the second
fastest 1. However, we note that PVP is the most
accurate method (Table 21, Appendix F.1) and thus
achieves good speed-performance balance, com-
pared to AWESOME which achieves lowest EM/SM
scores despite being fastest. Compared to the sec-
ond most performant method CODEC, PVP is
at least 365 x faster while also being more accu-
rate'®.

8 Conclusion

In this paper, we aim to construct a new framework
for cross-lingual label projection that achieves bet-
ter balance in performance and efficiency. Specifi-
cally, our framework featured construction of syn-
thetic alignment data coupled with projection train-
ing to build a specialized encoder for label pro-
jection. In addition, we constructed EXP - the
first benchmark for automatic explicit evaluation
of label projection methods, cumulatively cover-
ing 50+ languages. Lastly, we conduct extensive
experiments to benchmark our framework against
previous state-of-the-art projection methods (in-
cluding LL.Ms), where we observed consistent im-
provements both in exact- and soft-matching scores
while remaining extremely fast.

'5Tn most samples, we have m < k
'The 365x speedup is relative to CODEC on the Igbo
language, where improvement is the most modest.
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Limitations

In this work, we constructed the EXP benchmark
by preprocessing and aligning multilingual samples
from 4 existing datasets. Of these, only RELX
is gold-standard as each parallel pair retains ex-
act span-to-span mappings by human annotators.
For the other three, we had to adopt a matching
heuristics and thus their qualities remain at silver-
standard. While we made efforts to inspect a
small subset of matched samples, we note that 3/4
datasets in EXP were not fully validated. Still, we
believe that the benchmark would help reduce ex-
periment cost and confounders in evaluating label
projection methods. As shown in our experiments,
methods performing well on EXP also perform
well when evaluated in the same setting (implicit)
as done by previous works.

Additionally, although we conducted experi-
ments over a wide range of languages and datasets,
these only cover a small subset of the 5004 institu-
tional languages available (Bird, 2024). Therefore,
the results in this work should be interpreted as
within the described experiment scope, and we do
not claim that PVP will definitely deliver strong
results on all languages and datasets.
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A Data Statistics

List of languages and datasets are shown in Table
11, 12, 13. Data statistics are shown in Table 14,
15, 16, 17.

Dataset Domain
CrossNER (Liu et al., 2020) Politics, Natural Science, Music, Literature, Artificial Intelligence
FindVehicle (Guan et al., 2024) Traffic
HarveyNER (Chen et al., 2022) Social Media, Disaster, Geolocation
Ontonotes5 (Hovy et al., 2006) News, Blog, Dialogue

Table 11: List of IE datasets for bootstrapping synthetic
projection labels

B Learnable Group Loss

We describe an alternative loss weighting mecha-
nism for modulating sample influence during train-
ing, termed as learnable group loss (LGL).
Learnable Group Loss We initialize learnable
language weight ¢ = ﬁ for each language [ € L,

where L is the language set excluding English!”.
These weights are then used to adjust the influ-
ence of each language’s loss and trained end-to-
end together with ¢. The detailed model update
is described in Algorithm 4 (Appendix C). In our
experiments, we observe that both variants can im-
prove performance compared to uniform averaging,
with WGL achieving better results. Thus, we se-
lected WGL as the weighting mechanism for our
framework.

C Algorithm List

We outline specific implementations in Algorithm
1,2, 3, 4, 5 (referred to in the main paper).

D Statistics on Alignment Heuristics

In Table 18-20, we report filtering statistics in
terms of retained samples, retained spans, and av-
erage text length before and after filtering. Over-
all, MASSIVE-EXP retains more than 90% of la-
beled samples and spans. MBABSA-EXP applies
a stricter filter, retaining 74 — 85% of samples and
around 60% of spans. UNER-EXP is the most
restrictive, retaining 22 — 30% of samples and
roughly 30% of spans. Importantly, the average
text length remains very similar before and after fil-
tering across all three datasets, with a maximum dif-
ference of about 4 words (observed in MBABSA-
EXP). This suggests that the filtering does not sys-

7In this work, we focus on projecting data between English
and other languages as English is the highest resourced lan-
guage. Thus, the number of groups is reduced to | L| instead
of LEL(LL+D)
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Algorithm 1: Span projection from word alignment

Input:

a”*" - word alignment matrix;

Tgre = [WO ., w},...w" 1] - source sequence;

Tigr = [w?gt, wtlgt..wfgzl] - target sequence;

Ysre = {yérc |i=0,...,m— 1} - list of source spans;
Output:

Yigt = {yggt |i=0,...,m— 1} - list of projected target spans;

sharedgc < {}; /% Initialize set to track conflicting word indices in w4 */
for yérc € Ysrc do
st < {}:/* Initialize set to track word indices in x4, that align with at
least one word in yi,.. */
for wélrc € yérc do
for j// =0tou —1do
if a(7/,j') = 1 then
‘ Sérc A Sérc ij/;
end
end
end
convert_to_list(s,.); '
sort_in_ascending_order(s’,.);
if is_consecutive(st,.) and non_empty(s,.) and s',.. N shareds;c = {} ; /* Span
indices need to be consecutive and non-conflicting x/
then
yilfgt — Slsrc;
sharedgy. < shareds. U s
else
‘ exit() ; /* Projection failed, algorithm stops */
end

.
sre?

end
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Algorithm 2: Span projection with back-projection

Input:

Tore = [WO ., wl,...w" 1] - source sequence;

Tigr = [w?gt, wtlgt..wfgzl] - target sequence;

Ysre = {yérc |i=0,...,m— 1} - list of source spans;
Output:

Yigt = {yggt |i=0,...,m— 1} - list of projected target spans;

a < word_alignment(Zsyc, Tigt);
Aswap < word_alignment(Tige, Tsre) ;

/* Swap roles */

Stgt < span_projection_from_word_alignment(a, Tspc, Tigr);
Stgt,swap < Span_projection_ from_word_alignment(aswap, Tsre, xtgt);
; /* Projection succeeded for both normal and swapped roles, move on to verify

*/

fori =0tom — 1do

if Ségt, = Ségt,'swap then
y%gt A S%gt;
else
‘ exit() ;

end

end

/* Verification failed, algorithm stops */

tematically bias toward shorter or simpler texts. In
short, the heuristic alignment affects each dataset
differently, rather than uniformly shifting them to-
ward any artificially "easier" shared distribution.

E Contamination Check

To inspect potential overlap with the synthetic train-
ing datasets (Table 11), we conducted measure-
ments in two ways. First, we computed sample-
level text overlap between the English portions of
the synthetic training datasets and EXP evaluation
datasets (to account for possible cross-lingual leak-
age) and found 0% overlap. Second, we measured
overlap at the labeled span level (e.g., named en-
tities), which was 14.2%. This is relatively low,
especially compared to a standard gold IE bench-
mark such as CONLL2003 (Tjong Kim Sang and
De Meulder, 2003), where the span overlap ratio
is 52%. We also note that the synthesized training
data and the evaluation datasets were drawn from
different sources (Table 11, 13), which explains
their minimal overlap.

F Additional Results

F.1 Explicit Results on average

We show average of EM/SM scores over all
datasets in EXP in Table 21. Here PVP performs

better than baselines on both metrics.

F.2 Explicit Results in SM scores

We show SM scores in Table 22, 23, 24, 25. The im-
provements are consistent with what we observed
in EM scores.

F.3 Explicit Results with LLLMs in SM scores

We show LLMs results on MASSIVE-EXP and
UNER-EXP in Table 26 and 27. We observe that
SFT achieves strong results in UNER-EXP, per-
forming better than other methods in 2/4 languages.
Still, both SFT and SFT-SMALL underperforms in
MASSIVE-EXP compared to PVP with a 2.84%
difference in SM scores on average. While we find
LLM-based methods to perform competitively in
some cases (e.g. UNER-EXP), they usually under-
perform our framework in most languages/datasets
despite being more expensive to execute.

F.4 Implicit Evaluation with backbone change

We show results with XLM-ROBERTA-BASE in Ta-
ble 28. Here PVP’s projected data still facilitates
better downstream performance than baselines on
most languages.
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Algorithm 3: Span projection from hybrid alignment

Input:

b™*% - hybrid alignment matrix;

Tgre = [WO ., w,...w" 1] - source sequence;

Tigt = [w?gt, wtlgt..wfggl] - target sequence;

Ysre = {Y%. | 1 =0,...,m — 1} - list of source spans;
Output:

Yigt = {yggt |i=0,...,m— 1} - list of projected target spans;

sharedsy. < {}; /* Initialize set to track conflicting word indices in y4 */
fori=0tom — 1do
Sere <= {}3  /* Initialize set to track word indices in z;y that align with
Ysre */

for // =0tou —1do
if b(i, j') = 1 then
Sérc — Sérc U j/;
end
end
convert_to_list(s%,.);
sort_in_ascending_order(st,,);
if is_consecutive(st,.) and non_empty(s,.) and s',.. N shareds,c = {} ; /* Span
indices need to be consecutive and non-conflicting x/
then
y%gt — Sérc; )
sharedgsy. < sharedsy. U s,..;
else
‘ exit() ; /* Projection failed, algorithm stops */
end

end
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Algorithm 4: Fine-tuning with Learnable
Group Loss

Input:

L - language set;

6 - base model;

opt - optimizer;

sched - learning rate scheduler;

dirain - training data;

Output:

014 - fine-tuned model with learnable group
loss;

Algorithm 5: Fine-tuning with Worst
Group Loss

for! € L do
1.

q < 7k
end
th «— 0,
for batch € dirqin do
Lpaten < 0;
Lpresent < {1l € L |1 € batch};
/* Languages present in batch
*/
scaler + ZleLpresent ell;
for | € Lyresent do
/ el .,
9 < Scaler
batch; <— { pnt € batch | pnt € 1}
; /* Data points of language
1 in batch */

antebatchl Lpnt .

£batch7l — [batch, | >
Lyatch < Lpateh + qzﬁbatch,l;
end
Lpaten-backward() ; /* Compute
gradients x/
Ot < opt.step(Oy) ; /* Update
model parameters */
for | € Lyrcsent do
q < opt.step(qp) ; /* Update
group weights */
end
sched.step(); /* Update learning
rate */
end

Input:

k% - size (in percentage) of the worst group;

0 - base model;

opt - optimizer;

sched - learning rate scheduler;

dirain - training data;

Output:

0s¢ - fine-tuned model with worst group
loss;

eft «— 0
for batch € dirqin do
sizeg < ||batch| * k% |;
Lpatcn < H,
for pnt € batch do
Lbatch <~ Lbatch + [['pnt] 5
/* Append to list of loss
values */
end
Lbatch —
sort_in_descending_order(Lpatcn)|:
sizeg) ; /* Select top loss
values */

EﬁeL L
Lbatch — sz'zbg;Ch

Lpaten-backward() ;
gradients */

Ot < opt.step(Os¢) 5
model parameters */

sched.step(); /% Update learning
rate x/

/* Compute

/* Update

end
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Language Family
Afrikaans Indo-European
Tosk Albanian Indo-European
Ambaric Afro-Asiatic
Egyptian Arabic Afro-Asiatic
South Azerbaijani Turkic
Bambara Mande
Bengali Indo-European
Catalan Indo-European
Welsh Indo-European
Danish Indo-European
German Indo-European
Greek Indo-European
Ewe Atlantic-Congo
Finnish Uralic
Fon Atlantic-Congo
French Indo-European
Hausa Afro-Asiatic
Hebrew Afro-Asiatic
Hindi Indo-European
Croatian Indo-European
Hungarian Uralic
Armenian Indo-European
Igbo Atlantic-Congo
Indonesian Austronesian
Icelandic Indo-European
Italian Indo-European
Javanese Austronesian
Japanese Japonic
Kannada Dravidian
Georgian Kartvelian
Halh Mongolian Mongolic
Khmer Austroasiatic
Kinyarwanda Atlantic-Congo
Korean Koreanic
Luganda Atlantic-Congo
Luo Nilotic
Standard Latvian ~ Indo-European
Malayalam Dravidian
Mossi Atlantic-Congo
Burmese Sino-Tibetan
Dutch Indo-European
Norwegian Bokmal Indo-European
Chewa Atlantic-Congo
Western Persian Indo-European
Polish Indo-European
Portuguese Indo-European
Romanian Indo-European
Russian Indo-European
Slovak Indo-European
Slovene Indo-European
Shona Atlantic-Congo
Spanish Indo-European
Swedish Indo-European
Swahili Niger-Congo
Tamil Dravidian
Telugu Dravidian
Tagalog Austronesian
Thai Kra-Dai
Tswana Atlantic-Congo
Turkish Turkic
Twi Atlantic-Congo
Urdu Indo-European
Vietnamese Austroasiatic
‘Wolof Atlantic-Congo
Xhosa Atlantic-Congo
Yoruba Atlantic-Congo
Chinese Sino-Tibetan
Standard Malay Austronesian
Zulu Atlantic-Congo

Table 12: List of languages for bootstrapping synthetic
projection labels.

F.5 Adversarial Results

Due to language mismatch or translation error, cor-
rect span mappings might not exist for a particu-
lar source-target pair. Ideally, we would prefer a

Dataset Task
UNER (Mayhew et al., 2024) Named Entity Recognition
MASSIVE (FitzGerald et al., 2023) Slot Filling
MBABSA (Wu et al., 2025) Aspect-based Sentiment Analysis
RELX (Koksal and Ozgur, 2020) Relation Classification

Table 13: List of datasets in the EXP benchmark

Language #Num. Samples
German 208
Portuguese 77
Swedish 299
Chinese 228
Total 812

Table 14: Language-wise statistics for UNER-EXP

projection method to not produce any mapping in
such scenarios. Quantitatively, we can measure
a method’s robustness in mismatch cases by con-
structing adversarial pairs where each source En-
glish sample is paired with a differently sampled
text in the target language. To inspect, we con-
duct this experiment with the RELX-EXP dataset
and report the projection rate (lower is better i.e.
stronger rejection) of the baseline CODEC and our
framework in Table 29. As shown in the table,
while CODEC still attempts to project more than
50% of the pairs, our framework successfully re-
jected adversarial pairs for all 4 languages, showing
improved robustness.

F.6 Framework Ablations

We show ablation results in Table 30. As both EM
and SM are recall-oriented, to measure precision,
we additionally report the EXACT-PRECISION (EP)
metric, calculated as follows:

v
! Z(H yz"%gt,v = l;‘,igt,v)

walid veS =0

EP =

where n,,q;;4 denotes the number of samples with
valid projection'® (e.g. projection might be incor-
rect but the spans are valid).

Component-wise, adding the VERIFIER im-
proves results on all 3 metrics, showcasing its use-
fulness in improving projection qualities. Mean-
while, PATR AUGMENTATION (PA) does not im-
prove recall-oriented scores (EM/SM) but instead
improves precision-oriented scores (EP). This is
within our expectations as PA was included to

8Invalid projection occurs in the event of projection failure,
which we explain in Sec. G
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Language  #Num. Samples

Afrikaans 1429
Ambharic 1184
Arabic 1253
Azerbaijani 1309
Bengali 1152
Catalan 1304
Welsh 1505
Danish 1424
German 1515
Greek 1246
Persian 1177
Finnish 1430
French 1598
Hebrew 1304
Hindi 1221
Hungarian 1338
Armenian 1666
Indonesian 1347
Icelandic 1357
Italian 1276
Javanese 1320
Japanese 1395
Kannada 1414
Georgian 1412
Khmer 1245
Korean 1240
Latvian 1212
Malayalam 1180
Mongolian 1260
Malay 1229
Burmese 1226
Dutch 1522
Norwegian 1516
Polish 1438
Portuguese 1364
Romanian 1348
Russian 1248
Slovene 1254
Spanish 1422
Albanian 1120
Swahili 1229
Swedish 1394
Tamil 1243
Telugu 1265
Tagalog 1498
Thai 1235
Turkish 1350
Urdu 1211
Vietnamese 1341
Chinese 1224
Total 66390

Table 15: Language-wise statistics for MASSIVE-
EXP

Language  #Num. Samples
Arabic 2065
Danish 2310
German 2264
French 2041
Hindi 2276
Croatian 2313

Indonesian 2193
Japanese 2200
Korean 2200
Dutch 2216

Portuguese 2238
Russian 2284
Slovak 2302
Spanish 2088
Swahili 2282
Swedish 2295

Thai 1987
Turkish 2186

Vietnamese 2059

Chinese 2228
Total 44027

Table 16: Language-wise statistics for MBABSA-EXP

Language #Num. Samples
German 434
French 434
Spanish 434
Turkish 434
Total 1736

Table 17: Language-wise statistics for RELX-EXP

Language  Retained Samples (%) Retained Spans (%) _Retained length (#words) _ All length (#words)
Chinese 22.82 23.99 21.00 21.40
German 28.22 3333 19.59 20.01

Portuguese 26.92 41.38 18.51 17.51
Swedish 29.96 35.41 18.98 19.06

Table 18: Effect of alignment heuristics on UNER

make the model more careful and generalize better
to scenarios not naturally covered in training (e.g.
target projection labels do not exist or projection
is performed in new directions). As a result, the
model recalls less but in exchange becomes more
robust and makes fewer mistakes (as indicated in
EP). Lastly, applying loss weighting (LGL/WGL)
further improves model’s performance, demonstrat-
ing that controlling point influence is essential for
better results in projection training. Interestingly,
WGL produces better results than LGL. We hy-
pothesize that this might be because LGL’s guid-
ance is more generic (no constraint on the learnable
weights), whereas WGL prioritizes the more dif-
ficult data points in each batch and thus provides
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Language  Retained Samples (%) Retained Spans (%) Retained length (#words) ~ All length (#words)

Afrikaans 95.20 91.76 7.33 7.38
Ambharic 95.48 91.85 5.81 5.94
Arabic 97.51 95.49 5.39 5.46
Azerbaijani 95.76 93.68 6.00 6.03
Bengali 97.38 94.98 6.31 6.39
Catalan 96.17 93.07 7.62 771
Welsh 95.86 92.57 8.29 8.38
Danish 96.80 94.18 6.77 6.84
German 95.16 91.28 6.87 6.95
Greek 95.19 91.52 7.31 7.37
Spanish 95.95 93.14 7.63 71.72
Persian 95.30 91.89 7.50 7.58
Finnish 95.84 92.99 4.97 5.02
French 95.40 92.55 8.10 8.19
Hebrew 95.60 93.76 5.81 5.90
Hindi 95.92 92.77 8.01 8.17
Hungarian 96.96 94.73 6.01 6.02
Armenian 94.82 90.75 5.99 6.10
Indonesian 96.01 93.40 6.71 6.78
Icelandic 95.56 92.49 6.70 6.76
Italian 96.08 93.16 7.00 7.12
Japanese 95.81 92.67 8.97 9.07
Javanese 95.17 91.43 6.33 6.39
Georgian 95.73 93.35 4.49 4.55
Khmer 92.63 90.80 333 3.34
Kannada 96.32 93.87 5.65 575
Korean 95.90 93.31 7.24 7.32
Latvian 95.51 92.19 573 5.81
Malayalam 95.86 93.45 5.50 5.61
Mongolian 96.04 94.54 6.26 6.33
Malay 96.32 93.55 6.82 6.91
Burmese 96.16 93.77 431 435
Norwegian 95.47 92.41 6.77 6.84
Dutch 95.30 91.62 7.44 7.50
Polish 96.25 93.20 6.07 6.15
Portuguese 94.59 91.14 7.55 7.68
Romanian 96.91 94.51 6.97 7.03
Russian 96.07 92.88 6.08 6.17
Slovene 96.02 93.23 6.06 6.16
Albanian 94.75 91.04 7.26 7.36
Swedish 96.07 93.16 6.57 6.66
Swahili 93.96 89.53 6.82 6.97
Tamil 96.13 93.60 547 5.56
Telugu 96.49 93.81 6.11 6.22
Thai 94.13 91.08 6.80 6.88
Tagalog 95.47 92.17 8.37 8.43
Turkish 95.74 92.86 5.78 5.85
Urdu 96.49 94.15 8.40 8.46
Vietnamese 95.99 92.89 9.20 9.29
Chinese 95.85 92.96 6.77 6.80

Table 19: Effect of alignment heuristics on MASSIVE

Language  Retained Samples (%) Retained Spans (%) Retained length (#words) ~ All length (#words)

Arabic 76.14 58.19 15.13 17.83
Danish 84.90 65.86 17.51 20.24
German 83.02 64.16 18.02 20.91
Spanish 71.59 60.90 18.53 21.55
French 81.28 63.27 18.51 21.38
Hindi 83.28 64.53 19.05 22.00
Croatian 84.97 66.07 16.27 18.78
Indonesian 81.04 62.66 16.00 18.89
Japanese 80.56 62.37 23.91 28.16
Korean 80.56 61.61 21.72 25.40
Dutch 82.17 63.98 18.07 21.03
Portuguese 82.83 64.70 17.81 20.51
Russian 83.76 65.07 16.65 19.32
Slovak 84.51 65.56 16.26 18.78
Swedish 84.28 65.37 16.84 19.41
Swahili 83.93 64.95 16.04 18.61
Thai 74.20 56.52 16.06 19.35
Turkish 80.81 62.12 14.22 16.63
Vietnamese 71.35 60.03 22.35 26.44
Chinese 81.58 62.36 17.18 20.25

Table 20: Effect of alignment heuristics on MBABSA

Metric Awesome WSP Binary-U Binary-W Codec PVP
EM 79.82 82.86 88.35 88.51 88.61 93.55
SM 84.36 87.78 91.77 91.82 9422 96.93

Table 21: Average EM/SM scores of each method over
all datasets in EXP.

Language Awesome WSP Binary-U Binary-W Codec PVP
German 93.80 95.64 93.57 93.94 95.71  96.52

Portuguese 94.10 97.40 97.40 97.4 99.18 99.44
Swedish 96.84 95.15 97.67 97.7 9530 977

Chinese 82.20 82.47 83.53 84.08 89.00 94.61
Average 91.73 92.67 93.04 93.28 94.80 97.07

Table 22: SM scores on UNER-EXP. Best score on
each row is highlighted.

Language  Awesome WSP Binary-U Binary-W Codec  PVP
Afrikaans 86.52 94.43 93.07 93.15 96.38  97.65
Ambharic 9.52 18.92 90.87 90.99 87.67 92.7
Arabic 77.51 81.32 89.57 89.12 88.41 93.17
Azerbaijani 65.91 80.57 90.08 89.97 82.42 93.33
Bengali 70.78 82.31 94.49 95.15 92.1  96.09
Catalan 73.59 75.96 76.83 75.73 92.69 95.55
Welsh 58.47 68.76 71.36 71.62 92.09 86.37
Danish 88.34 93.67 95.83 95.70 97.54  98.68
German 91.66 92.42 93.77 93.53 95.64 97.51
Greek 78.10 86.59 85.4 85.57 94.61 97.28
Persian 71.89 82.05 93.32 93.59 91.43  96.23
Finnish 83.07 88.33 95.32 95.26 97.01 97.53
French 78.99 82.80 82.17 81.99 9339 955
Hebrew 76.48 82.87 93.03 92.86 90.98 95.41
Hindi 73.05 79.22 87.8 87.65 90.43  94.1
Hungarian 78.00 85.05 90.11 90.32 93.04  96.68
Armenian 76.17 82.30 94.14 94.07 88.42 9595
Indonesian 69.43 81.65 90.41 90.24 92.44  94.33
Icelandic 74.60 81.53 88.78 88.39 94.52  96.48
Italian 78.32 81.68 83.61 83.22 92.03 9391
Javanese 57.01 65.82 83.4 82.47 92.52  91.09
Japanese 70.77 71.74 84.19 84.53 64.81 929
Kannada 69.61 80.52 90.56 90.57 89.28  92.07
Georgian 80.78 81.95 96.89 96.42 92.62  96.79
Khmer 40.92 34.62 95.5 96.40 92.15 96.77
Korean 65.36 74.42 85.3 84.86 79.25 8757
Latvian 79.40 84.23 94.44 94.41 94.79  98.63
Malayalam 69.89 71.71 94.57 95.06 94.04 95.76
Mongolian 45.75 66.20 89.54 89.64 86.02 91.32
Malay 67.40 81.65 92.61 92.03 93.66 97.06
Burmese 69.73 78.27 95.93 97.27 93.39 97.32
Dutch 88.08 91.71 89.89 89.16 95.29  96.78
Norwegian 86.80 92.74 94.04 93.44 96.15 97.38
Polish 83.66 86.01 90.44 90.43 9326 95.6
Portuguese 72.61 81.17 78.3 77.38 93.69 95.0
Romanian 78.50 78.10 83.3 82.43 94.48  96.22
Russian 88.24 92.34 92.51 92.39 95.74 97.27

Slovene 81.46 86.37 91.78 91.47 94.79  96.82
Spanish 74.79 81.73 77.02 76.96 93.67 95.49

Albanian 68.98 77.08 78.22 77.35 92.69 94.23
Swabhili 44.29 48.62 67.79 66.58 90.21 87.48
Swedish 88.51 92.06 94.13 93.73 96.13  98.32
Tamil 71.35 81.46 92.08 91.86 91.48 93.51
Telugu 67.66 79.95 93.56 93.86 91.49 9543
Tagalog 63.00 71.58 73.82 73.41 94.74 91.02
Thai 56.62 35.78 87.75 86.99 81.82 92.32
Turkish 66.90 76.67 93.87 94.30 89.15 95.71
Urdu 60.71 71.75 84.16 84.27 89.93 91.99
Vietnamese 47.52 74.62 83.68 81.68 79.38  91.1
Chinese 82.34 81.76 91.56 90.79 70.38  95.58
Average 70.98 77.62 88.42 88.21 90.8 94.78

Table 23: SM scores on MASSIVE-EXP. Best score
on each row is highlighted.

more specific guidance, which leads to better train-
ing.

G Projection failure

For measuring projection rate (i.e. percentage of
successfully projected samples), we rely on the no-
tion of projection failure - cases where a projection
method cannot produce any valid span mapping
for a given input sample. Intuitively, this is anal-
ogous to a model that produces no prediction at
all, which is different from producing an incorrect
prediction. In terms of main metric computation
(EM and SM), this distinction is only relevant for
formal completeness and does not affect scores.
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Language Awesome WSP Binary-U Binary-W Codec PVP Language PVP Codec MIPROv2 CLaP SFT-small SFT
Arabic 82.03 8928  93.11 9330 9426 97.13 Afrikaans  97.65 9638 8181  65.04 9427  96.94
Danish 96.60  97.86  99.11 99.05 98.83 99,71 Ambharic 927 87.67 28.33 5922 62.88 76.72
German 93.21 94.08 95.32 95.45 97.14  98.6 Arabic 93.17 88.41 67.80 69.47 89.30 94.3
French 82.64  87.00  88.70 8875 9506 96.02 Azerbaijani  93.33  82.42 27.21 79.61 69.65  89.06
Hindi 87.00  92.84  96.46 9642 9832 98.94 Bengali  96.09 92.1 4448 7832 8604  96.09

Croatian 89.70 93.46 94.01 93.99 97.78 98.96 Catalan 95.55 92.69 60.81 70.43 84.20 90.85

Indonesian  88.03  93.19  95.58 9570 9662 98.81 Welsh 8637 9209 6128 6390 6811  87.1

Japanese 8159  71.04 8771 87.88  89.93 96.25 Demish  98.68 9754 8300 8326 9526  97.36
Korean 76.87 82.84 88.36 90.48 85.57 93.96 German 9751  95.64 80.62 78.09 95.41 97.87
Dutch 9376 9522 9546 9569  97.89 987 Greek 9728 o461 7112 172 8682 951

P‘l’;l‘ltfi‘ﬁe g;g Sg'gg gggg gg'gg 9977 '561 %ii Persian 9623 9143 4629 8416 8184  94.66
Slovak 9179 9428 9578 0583 9834 98.38 Finnish —97.53 9701 6878 8310 8585 98.26
Spanish 7934 8317 8337 8340 9432 95.46 ;z)‘:gg ;:fl g;gg gz;g g??; gg'gs gg'gé
Swahili 66.13 7526  79.12 7852 9822 97.02 orey - : : : : :

Swedish 9644 9684 9896 9896 9876 99.62 Hindi 941 9043 4598 7854 8205  92.05
Thai 6156 4354 8788 4808 £926 92.94 Hungarian 96.68 93.04 6486 7554  78.05  95.35
Turkish 8418 9019 9650 9653 9656 97.93 Armenian  95.95 8842 5594 8395 7268  9l.l14
Vietnamese 5228  87.67  90.48 90.03 9339 9531 Indonesian ~ 94.33 9244 6127 8002 9053 9359
Chinese 88.40 91.35 94.30 94.14 93.23 98.09 Icelandic 96.48 94.52 69.19 77.28 82.69 92.29
Average 83.18 86.90 92.02 92.08 9543 97.42 Italian 93.91 92.03 67.98 7245 89.51 92.52
Javanese  91.09 9252 5975 7023 7726  87.32

Japanese 929 6481 3204 8044  88.19  90.14

Table 24: SM scores on MBABSA-EXP. Best score Kfmada 02.07 8928 4500 7854 7375 90.04
on each row is highlighted. Georgian 9679 92.62  62.60 8259  78.60 942
Khmer 9677 92.15 4695 8219 7182 9331

Language Awesome WSP Binary-U Binary-W Codec PVP Kor&’ian 87.57  79.25 34.59 77.18 85.60 89.98

German  96.10 9635  96.45 9658 9725 9822 Latvian ~ 98.63 9479 6844 829 8223 9697

French 9451  93.88  94.09 9404 9622 98.03 Malayalam = 95.76  94.04 3845 7660 7844  92.62

Spanish 8682 8923  §7.65 §742 9442 987 Mongolian 9132 86.02 2329 7313 6293  75.62

Turkish 8875 9625 9619 9677 9554 98.79 Malay — 97.06 9366 5834 8538  89.09 9599

Average 9155 9393 93.59 9370 9586 98.44 Burmese  97.32 9339 2419 8569 7274 89.99

Dutch 9678 9529 8049 7552  93.06  94.73

Table 25: SM scores on RELX-EXP. Best score on N(gzvliesg;dn 9975'_368 ggéz Zg:}é ;ig; 23:23 gzéz
each row is highlighted. Portuguese  95.0  93.69  68.02  72.98  90.07 9175
Romanian 9622 9448 6689 7831 8287  93.42

Russian 9727 9574 7516 7946 9499  96.45

. . . . Slovene  96.82 9479 6674 7938 8650  95.66
Since EM and SM require comparing predicted Spanish 9549 93.67  67.28  72.80  90.85  90.71
spans with ground-truth spans, we treat the pre- Albanian — 94.23 ~ 92.69 6387 7463 7294 87.97
- A . Swahili 8748 90.21 5543 7540 6059  75.12
dicted span set as empty when projection failure Swedish 9832 9613 8263 8170 9399  96.16
occurs. As a result, the score for that instance is Tamil = 93.51 91.48 = 4052 76.16 7196 8§9.31
. . . Telugu 9543 9149 4830 8178 7655  92.73

zero (assuming reference label is non-empty, which Tagalog ~ 91.02 9474 6522 7381 7402  89.52
holds for EXP). Thai 9232 81.82 5541 8232 90.00  93.0
Turkish 9571 89.15 2297 7731 8226 932

. . . Urdu 9199 89.93 4003 7778  67.68  87.09

H Additional Benchmarking Details Vietnamese 91.1 7938 3589 7147 8492  9L1l
Chinese  95.58 7038  49.89 8515 9222 9376

Baselines For AWESOME’ We use the Average 94.78 90.8 57.10 76.85 82.48 91.94

model_without_co checkpoint released by
(Dou and Neubig, 2021), with features from
layer 8 and threshold value le — 3, following
their settings. For WSP, we use their released
WSPAlign-ft-kftt checkpoint (Wu et al., 2023),
which we found to achieve the best performance.
For CODEC (Le et al., 2024), we use their released
fine-tuned checkpoint (600M) and followed them
in setting up corresponding hyperparameters. For
speed benchmarking, we set the batch size of
AWESOME, WSP, BINARY and PVP to 16. For
CODEC which involves multiple inference phases,
we set the batch size of stage 3 and 4 to 8 and 256,
respectively.

LLMs For MIPROV2, we set the number of
candidate instructions and demonstration sets as
m = 16. In addition, we apply minibatching with

Table 26: SM scores (including LLMs) on MASSIVE-
EXP. Best score on each row is highlighted.

Language PVP Codec MIPROv2 CLaP SFT-small SFT
German  96.52 95.71 81.19 81.44 96.45 96.35
Portuguese  99.44  99.18 78.60 83.85 99.89 100.0
Swedish 97.7  95.30 84.58 90.21 97.54 97.7
Chinese  94.61 89.00 69.58 90.43 94.37 95.36
Average  97.07 94.80 78.49 86.48 97.06 97.35

Table 27: SM scores (including LLMs) on UNER-EXP.
Best score on each row is highlighted.

batch size ||B|| = 25 and mini evaluation steps
as f = 10. To sample instruction proposals, we
set temperate T;,;; = 0.5. For Bayesian optimiza-
tion, we set the maximum number of iterations
as 50. The in-context exemplar candidates are
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Language Codec PVP  English
Afrikaans 66.2 68.9 56.3
Ambharic 56.6 57.3 30.8
Egyptian Arabic 572  61.1 454
South Azerbaijani  40.0 38.0 43.5
Bengali 66.1 66.4 46.3
Catalan 61.8 64.5 52.3
Welsh 534 56.5 31.8
Danish 70.5 72.1 62.6
German 65.0 67.6 60.0
Greek 62.9 66.8 56.7
Western Persian 66.4 70.6 59.8
Finnish 63.9 67.1 60.2
French 64.6 69.3 60.7
Hebrew 60.3 64.0 44.8
Hindi 65.2 65.0 51.8
Hungarian 62.8  66.6 539
Armenian 56.7 60.8 46.2
Indonesian 63.0 66.5 57.3
Icelandic 57.7 60.4 432
Italian 67.3 67.7 58.5
Average 61.38 63.86 51.1

Table 28: F1 scores of 20 languages in MASSIVE
(downstream performance with XLM-ROBERTA-BASE).
Best score on each row is highlighted.

Language Codec PVP (ours)
German  58.76 0.0
French 53.23 0.0
Spanish ~ 56.22 0.0
Turkish ~ 71.20 0.0
Average  59.85 0.0

Table 29: Adversarial Projection Rate (lower is better)
on RELX-EXP

randomly bootstrapped from the synthetic train-
ing data of PVP. For CLAP, we used exemplars
from the training splits of MASSIVE-EXP and
MBABSA-EXP for their respective evaluations.
On UNER-EXP and RELX-EXP where there is
no training split, we used exemplars of the same
language from MASSIVE-EXP. Note that these
exemplars are solely used for the CLAP baseline as
we observed that the method was very sensitive to
exemplar quality, thus decided to sample from the
training split of EXP. These exemplars were not
exposed to any other baselines (including PVP).
The number of exemplars is set at 3 for CLAP.
For SFT/SFT-SMALL, we use LORA with r =
64, o = 128, dropout = 0.05, and insert adapters
on all linear modules. Besides, we use mixed pre-
cision training with BFLOAT16. Each model is

trained with an accumulated batch size of 32, with
initial learning rate 5e — 5 and a linear learning rate
scheduler without warmup and scheduler length
set at 1000000. Checkpoints are evaluated every
250 steps and the checkpoint with the lowest devel-
opment loss is chosen for test time inference. For
optimizer, we use ADAMW (Loshchilov and Hut-
ter, 2019) with 51 = 0.9, 52 = 0.999, ¢ = 1le — 08.
We set the maximum training steps as 80000.

Hyperparameter choice For PVP, we did not
exhaustively tune the hyperparameters as iterative
re-training is expensive. For k, we use average
of group number (one bad and one good groups),
hence 50%. For p,, we assume a uniform prior
between two directions and thus set it as 0.5. For
Pn, as the replaced samples could negatively impact
model’s recalls, we performed grid search in the
range {0.2,0.4,0.6,0.8}, finding 0.2 to achieve
best results on the dev split. Still, we find dev EM
scores to be rather stable across sweeps, suggesting
that the model is not overly sensitive to p,.

Implicit Evaluation For downstream training,
we set the number of epochs as 5 and batch size as
32. Checkpoints are evaluated every epoch and the
checkpoint with the highest development F1 score
is chosen for test time inference. We use projected
training data in the target language for training
and ENGLISH development data for checkpoint
selection of each method (except for the ENGLISH-
FT baseline which instead uses ENGLISH data for
training). For optimizer, we also use ADAMW
(Loshchilov and Hutter, 2019) with 81 = 0.9, 82 =
0.999, e = 1e — 08.

Libraries We made use of the TRANSFORM-
ERS (Wolf et al., 2020) and PYTORCH (Paszke
et al., 2019) libraries for implementations. For
LLM baselines, we also utilize the VLLM (Kwon
et al., 2023), MS-SWIFT (Zhao et al., 2024) and
DSPY (Khattab et al., 2024) frameworks.

Hardware Experiments were conducted on 1
A100 PCIE GPU.

I Licenses

We list the licenses of datasets used in the experi-
ments.

e CONLL-2003: described in https://www.
clips.uantwerpen.be/conl12003/ner/

* MASSIVE: cc-by-4.0

* MBABSA: apache-2.0
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Metric  Proposer Proposer+Verifier ~Proposer+Verifier+PA  Proposer+Verifier+PA+LGL  Proposer+Verifier+PA+WGL

EM 92.53 92.92 92.90 93.00 93.55
SM 96.49 96.62 96.56 96.60 96.93
EP 93.00 93.33 93.53 93.60 93.95

Table 30: Ablations of each component in the framework. Scores are averaged on all test sets in EXP.

¢ RELX: MIT
* UNER: cc by-sa

e FINDVEHICLE: We could not find the license
for this dataset

e ONTONOTESS: described in https://
catalog.ldc.upenn.edu/LDC2013T19

¢ HARVEYNER: We could not find the license
for this dataset

* CROSSNER: MIT
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