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Abstract

Aligning acronyms to their long forms is a crit-
ical but underexplored problem in entity resolu-
tion and text retrieval. There are many ways a
long form can be compressed into its acronym
(e.g. (initials, syllabus, partial words) and
character-level annotations are rarely available
in real-world data. To address these challenges,
we present a weakly supervised approach that
formulates acronym-long-form mapping as a
monotonic character subsequence alignment
task. First, we generate weak alignment labels
by combining positional weights with a beam-
search decoder. Next, the weak labels are used
to train a character-level sequence labeller that
predicts, for each long-form character, the like-
lihood that it is part of the acronym. During
inference, we perform a secondary beam search
over the character-level scores to recover the
most probable acronym-long-form mapping.
Based on our experiments on three datasets
curated from publicly available sources, our
approach outperforms heuristic baselines. Ad-
ditionally, it achieves comparable performance
to variants trained on weak labels generated by
large language models (LLMs), while requiring
substantially less compute. This underscores
its efficacy for low-resource, real-world envi-
ronments.

1 Introduction

In the context of entity resolution and text retrieval,
aligning long-form text to their shorthand notation
is critical for identifying, linking and deduplicating
semantically similar entities. Humans frequently
compress long text into short forms by retaining
key characters from the original text. For instance,
the short form IBM (International Business Ma-
chines) is constructed by taking the first letter of
each word, whereas FedEx (Federal Express) com-
bines the first three characters of the first word with
the first two characters of the second. In this work,
we use the term acronym to refer to short forms
such as abbreviations and initialisms.

A fundamental challenge arises when there are
multiple plausible ways an acronym can be con-
structed from its long form. For example, for the
organization Midcontinent Independent System Op-
erator (MISO), there are at least two ways to derive
MISO: (i) taking the first two letters of the first word
Midcontinent Independent System Operator, or (ii)
taking the first letter of each word Midcontinent
Independent System Operator. This variability in-
troduces ambiguity, making acronym-long-form
mapping non-trivial.

In addition, obtaining acronym-long-form map-
pings presents additional challenges. Manual
character-level alignment is a time-consuming,
labour intensive process, and alignment signals
in free-text documents are sparse and noisy.
Acronyms may appear in parentheses after their
long form (e.g. Hewlett-Packard (HP)) or their cor-
responding character may be typographically em-
phasized (e.g. National Broadcasting Company).
However, in practice, such indicators may be lost
during case folding, a common step in text prepro-
cessing and deduplication pipelines (Gyawali et al.,
2020).

These challenges limit the effectiveness of en-
tity resolution and text retrieval systems in high-
stakes compliance and finance domains, such as
Anti Money Laundering (AML) screening, where
matching individuals and corporate entities against
sanctions and watchlists is critical. Missed matches
(false negatives) exposes institutions to regulatory
risk, while incorrect matches (false positives) cre-
ate unnecessary alerts and operational overhead
(Oliveira and Leal, 2025; Oztas et al., 2024). There-
fore, such systems are expected to reliably match
acronyms and long forms of corporate entities in
customer records against sanctions or watchlists.

While large language models (LLMs) proved ef-
fective for acronym-related tasks such as extracting
acronyms and identifying short-long-form expan-
sions (Ali et al., 2024; Kugic et al., 2025), relying



on them in high-stakes compliance and finance set-
tings raises concerns around latency, privacy and
computational cost (Patel et al., 2025; Yang et al.,
2025). In this work, we focus on a lightweight
approach designed for resource constrained or air-
gapped compliance environments where hosting or
querying third-party LLMs is not feasible.

To achieve this, we model the task of mapping an
acronym to its corresponding long form as a mono-
tonic character alignment problem. An acronym
is viewed as a compressed subsequence of its long
form that retains a subset of informative characters.
Motivated by the observation that acronym charac-
ters often align to early positions within words in
the long form, we propose a lightweight weak-label
generation approach that combines the position of
characters in each word with a monotonic beam
search decoder to generate weak alignment labels.
The weak labels are used to train a character-level
sequence labelling (CLSL) model to predict, for
each character in the long form, the probability that
it is part of the acronym. During inference, the
scores generated by the CLSL model are combined
with a secondary monotonic beam search decoder
to obtain the highest scoring acronym-long-form
mapping.

In summary, the key contributions of this work
are as follows:

* Positional Decay Alignment (PDA) for
weak label generation: We introduce PDA,
a lightweight heuristic aligner that assigns
higher weights to earlier characters in each
word within the long form, combined with
a monotonic beam-search decoder to select
the highest-scoring acronym-long-form subse-
quence. PDA produces character-level align-
ments without manual annotation or external
language models.

* A weakly supervised framework for mono-
tonic character alignment: We propose
a two-stage framework that: (i) trains a
character-level sequence labelling model on
weak labels generated by PDA and (ii) during
inference, combines the model scores with a
secondary monotonic beam-search decoder to
obtain acronym-long-form alignments. Our
weakly supervised approach achieves exact-
match accuracy comparable to variants trained
on LLM-generated labels, while remaining
lightweight and self-contained.

* Acronym Matching (AM) benchmarks and
baselines: We adapt three publicly available
datasets (corporate names, arXiv titles and sci-
entific terminology) into AM benchmarks and
provide validated character-level alignments
for each test set. We release these datasets
together with the baseline implementations to
facilitate future work.

The remainder of this paper is structured into sev-
eral key sections: Section 2 reviews existing work
that establishes the relationship between acronym
and long form text. Section 3 presents our pro-
posed methodology. Section 4 details the results of
our experiments, Section 5 concludes with a sum-
mary of our findings and Section 6 discuses the
limitations and future directions.

2 Related Work

This section provides an overview of previous
research on processing acronym and long form
text. Prior work primarily focused on two tasks:
Acronym Identification (AI) and Acronym Dis-
ambiguation (AD). Al aims to extract acronyms
and their corresponding long forms from free-text,
whereas AD selects the correct long form for an
acronym based on context. In this work we refer to
the task of aligning an acronym to its long form as
Acronym Matching (AM). Table 2 summarizes the
three acronym processing tasks.

For AI, Schwartz and Hearst (2003) introduce
a greedy heuristic approach to extract acronyms
and their corresponding long forms. This approach
assumes that acronym appear in parenthesis after
their long form: <long form> (<acronym>) and
maps acronym characters to the long form in a
greedy manner. Veyseh et al. (2021) builds on this
approach and propose an extended set of rules that
handle cases where the capitalised initials of the
long form match the acronym. Egan and Bohannon
(2020) formulates Al as a sequence labelling task
where a transformer-based encoder, XLNet (Yang
et al., 2019), followed by a linear classification
layer is used to predict the token-level boundaries
of acronyms and long forms.

Kugic et al. (2025); Egan and Bohannon (2020)
model AD as an information retrieval problem:
given a sentence containing an acronym, the goal
is to retrieve the most similar sentence in the ref-
erence lookup and use its tagged label for predic-
tion. Kugic et al. (2025) leverage the GPT-40 LLM
(Achiam et al., 2023) to generate synthetic clini-



Task

Description

Example

Acronym Identification

(AD

Acronym Disambiguation
(AD)
Acronym Matching (AM)

Extract acronyms and their long forms from
text.

Given a sentence containing an acronym,
identify the correct expansion.

Determine the character-level mapping be-
tween an acronym and its long form.

“We use the Gramian Angular Field (GAF) to
...> — (GAF, Gramian Angular Field) (Vey-
seh et al., 2020)

“... bovine liver DHF reductase ...” — dihy-
drofolate (Wen et al., 2020)

(IBM, International Business Machines) —
International Business Machines

Table 1: Summary of acronym-related tasks for Acronym Identification (AI), Acronym Disambiguation (AD) and
Acronym Matching (AM). Acronym, long form pairs are denoted as (<acronym>, <long form>), input and output
as <input> — <output>, and for AM, bold characters indicate the letters selected to form the acronym.

cal narratives based on acronym-long-form pairs.
The generated text are encoded with a BERT-based
model, MedBERT.de (Bressem et al., 2023), and in-
dexed with a vector database for nearest-neighbour
search based on cosine similarity. Likewise, Egan
and Bohannon (2020) leverage transformer-based
encoders to select the label with the highest cosine
similarity score between a test example its refer-
ence lookup.

However, prior work in Al and AD does not ef-
fectively model the character-level alignments be-
tween acronyms and their long form. Transformer-
based Al and AD approaches typically rely on sub-
word tokenization, overlooking the fine-grained
acronym-long-form mappings required for AM. In
addition, approaches such as Schwartz and Hearst
(2003); Veyseh et al. (2021) rely on greedy heuris-
tics that may fail when multiple plausible subse-
quences exist in the long form. This highlights the
need for a robust weakly supervised character-level
alignment framework for AM.

3 Method

In this section, we present our weakly super-
vised monotonic alignment framework to obtain
character-level mappings between acronyms and
their long forms. As illustrated in Figure 1, our
approach comprises three key modules:

1. Positional Decay Alignment (PDA): A
heuristic aligner that (i) assigns higher
weights to earlier characters in each word of
the long form and (ii) uses a monotonic beam-
search decoder to select the highest scoring
subsequence. The resulting character-level
alignments are used as weak labels.

2. Character-level Sequence Labelling
(CLSL) Model: A character-level sequence
labelling model trained on weak labels
generated by PDA. The model predicts, for

(a) Training (b) Inference
Acronym (2) >/ )
PDA Long form () — CLSL Model
Long form (/) |
|
Weak Labels Character-level scores
Beam-search
CLSL Model Acronym (a)—»! Aligner
v !
Character-level scores Character-level Mappings
Figure 1: Overall architecture of our proposed

weakly supervised monotonic alignment framework for
Acronym Matching (AM).

each character, the likelihood that it is an
acronym character.

3. Beam-search Aligner: During inference, the
scores generated by the CLSL model are
combined with a secondary monotonic beam-
search decoder, which searches over valid
subsequences and returns the highest-scoring
acronym-long-form alignment.

3.1 Positional Decay Alignment (PDA)

We model acronyms as compressed subsequences
of their long forms that retain a subset of informa-
tive characters. We observe that acronym charac-
ters frequently occur near the beginning of words
in their long form. Therefore, to capture this pat-
tern, we introduce our Positional Decay Alignment
(PDA) approach, which assigns decaying positional
weights to characters within each word and a mono-
tonic beam search decoder that selects the subse-
quence with the highest cumulative score.

Given a long form [ = (I3, ...,1,,), we assign a
positional weight w; to each character [; using the
exponentially decaying function detailed in Equa-
tion 1 where p; refers to the position of /; within
each word and A > 0O controls the rate of decay. For
example, when A = 0.01, the positional weights
for the long form Korea Telecom (separated by the



Example

Task Description
Acronym Identification Extract acronyms and their long forms from
(AD) text.

Acronym Disambiguation

(AD)

Acronym Matching (AM)

Given a sentence containing an acronym,
identify the correct expansion.

Determine the character-level mapping be-
tween an acronym and its long form.

“We use the Gramian Angular Field (GAF) to
...> — (GAF, Gramian Angular Field) (Vey-
seh et al., 2020)

“... bovine liver DHF reductase ...”
drofolate (Wen et al., 2020)

(IBM, International Business Machines) —
International Business Machines

— dihy-

Table 2: Summary of acronym-related tasks. Examples are organized as input — output and short-long-form pairs
are denoted as (short-form, long-form). For AM, bold characters indicate the letters selected to form the acronym.

word delimiter “ ’) are: (‘K’, 1.00), (‘o’, 0.99), (‘r’
0.98), ..., (‘T’, 1.00), (‘¢’,0.99), (‘I’,0.98), ...

w;j = e AP, (1)

To obtain character-level acronym-long-form
alignments, we combine the positional weights
with a monotonic decoder. Given an acronym
a = (ay,...,an), its long form I = (Iy,...,ly)
and the positional weights w = (w1, ..., W), we
search across monotonic subsequences of [ where
characters [;, = aj for k = 1,...,n. The opti-
mal alignment is the subsequence that maximises
the cumulative positional weights defined in Equa-
tion 2.

p* = arg max Zwlk,
peP(a,l)

P(Q,Z)Z{(il,...,ln) : 1 < <<y <My,
lik :aka: 1,...,77,}.
2)
In practice, we approximate this objective with
a monotonic beam-search decoder that returns the
indices p* = (if,...,i}). Next, we encode p*
as binary labels y = (y1,...,ym) Where y; = 1
if j € pand y; = 0 otherwise. This approach
approximates global alignment and overcomes the
limitations of greedy heuristics that only consider
the first matching subsequence. Further details of
our beam-search formulation are provided in the
Beam-search Aligner subsection.

3.2 Character-level Sequence Labelling Model

Given the weak labels generated by PDA, we train
a character-level model that learns which charac-
ters in the long form are likely to be used in an
acronym. We formulate this as a sequence labelling
task, defined in Equation 3, where the model takes
the long-form character sequence | = (I1,...,ly)
as input and for each position 7, predicts the proba-
bility that character [; is part of the acronym.

m

y!l:H

o(y; | 1), 3)

This allows us to utilise character or byte-level
encoders such as CANINE (Clark et al., 2022) and
ByTS5 (Xue et al., 2022) to obtain contextual repre-
sentations for each character, followed by a linear
classification layer that predicts a binary label for
each position. We train the model by minimizing
the binary cross-entropy loss between the predic-
tions and weak PDA labels. Although PDA relies
primarily on positional information and can assign
incorrect labels in ambiguous cases, in our experi-
ments the learned model demonstrates contextual
capabilities, assigning higher scores to characters
in more informative words than those in stopwords.

3.3 Beam-search Aligner

To align an acronym to its long form when mul-
tiple valid subsequences exist, a direct approach
is to iterate through all subsequences and select
the one that maximizes the alignment score in
Equation 2. However, this exhaustive search eval-
uates low-scoring partial alignments that could
be discarded early without affecting the final re-
sult. For example, given a = HUD and | =
Housing and Urban Development, for the partial
acronym HU, a partial alignment such as Housing
and Urban Development can be safely discarded
once a higher scoring alternative, like Housing and
Urban Development, is observed. Therefore, we ap-
proximate the global alignment with beam search,
which only retains the top-K partial alignments at
each step as opposed to an exhaustive search.

We represent a partial alignment as a state (k, j),
where the first k characters of the acronym a =
(a1,...,ayn) have been aligned to the first j char-
acters in the long form [ = (ly,...,1,,) and the
last matched character aj, = I;. Each state tracks
the cumulative alignment score of the partial path.
From the state (k, j) where k < n, we extend the



partial alignment by matching the next acronym
character ay41. To achieve this, beam search con-
siders all positions j° > j in the long form such
that [;; = aj1, and creates a new state (k + 1, 5').
At each step, only the top-K states with the highest
cumulative alignment scores are retained, where
K denotes the beam width. After processing all n
acronym characters, we select the complete align-
ment path with the highest score.

When K = 1, beam search reduces to a greedy
search that only retains the highest scoring par-
tial alignment at each step. As K increases, beam
search considers a larger set of partial alignments.
When K is greater than or equal to the number
of valid partial alignment at every step, no state is
pruned and beam search is equivalent to an exhaus-
tive search over all valid subsequences. We study
the effect of beam width K for our beam search
aligner in detail in our Ablation Studies subsection.

4 Experiment

In this section, we empirically validate our pro-
posed approach. First, we perform ablation stud-
ies to assess: (i) the quality of our PDA weak
labels, (ii) the effectiveness of training character-
level sequence labelling (CLSL) models on these
weak labels, and (iii) the impact of beam width for
beam search alignment. Next, we evaluate the com-
plete end-to-end approach under different labelling
strategies and heuristic baselines.

4.1 Datasets

We evaluate the generalizability of our approach
by adapting three publicly available datasets for
AM. These datasets originate from different do-
mains, including corporate names (Arimond et al.,
2023; Vrandeci¢ and Krotzsch, 2014), research pa-
per titles from arXiv (Moran, 2025), and scientific
terminology (Zilio et al., 2022). We extract the
acronym-long-form pairs from each dataset and en-
sure that all acronyms are monotonic subsequences
of their long forms.

As character-level acronym-long-form annota-
tions are costly and difficult to obtain in practice,
we evaluate our approach against weakly super-
vised benchmarks where the training and valida-
tion sets remained unlabelled. For the test set, we
construct high-quality reference labels by using the
Gemini 2.0 Flash (Anil et al., 2023) LLM to gener-
ate character-level alignments between acronyms
and their long forms, and manually verify and cor-

Dataset Split  #Pos.  #Neg. #Total
Train 1,105 - 1,105

Corporate Val 277 - 277

p Test 818 156 974
Train 3,129 — 3,129

- Val 769 - 769
ArXivTille o 2460 493 2.962
Train 20,000 - 20,000
Terminolo val 10,000  — 10,000
8Y  Test 9,821 1,964 11,785

Table 3: Summary of datasets used for Acronym Match-
ing (AM). Test sets are split into positive (valid acronym-
long-form pairs) and negative (synthetic invalid pairs).

rect any misaligned mappings.

To evaluate the robustness of our approach to
invalid acronym-long-form-pairs, we augment the
test set with negative examples. Given a long form,
we randomly sample a subsequence of 3-7 charac-
ters to construct a synthetic short form. We only
retain subsequences that do not coincide with the
original acronym. Each test set contains approxi-
mately 20% of such negative pairs. Table 3 sum-
marizes the evaluation datasets used in our experi-
ments. For reproducibility, we will release all code,
prompts, datasets, and experimental scripts upon
publication.

4.2 Experiment Metrics

We evaluate our approach at two levels: (i)
character-level alignment quality and (ii) sequence-
level exact match. To evaluate character-level align-
ments, we only consider positive pairs and treat it
as a sequence labelling task. Each character in
the long form is labelled 1 if they are part of the
acronym or 0 otherwise. We report precision, recall
and F1 over all character labels.

To evaluate end-to-end AM, we adopt a strict
sequence-level exact-match criterion. As partial
matches have limited practical use in real-world
applications, such as entity resolution or deduplica-
tion, an example is predicted correctly only if all
acronym characters is correctly aligned to its long
form. The exact match (EM) accuracy is defined
in Equation 4 where N is the number of evaluation
samples, §() and yU) are the ground-truth and pre-
dicted label sequences, and [ -] is 1 if the condition
holds true and 0 otherwise.

N
1 o .
EM = ¥ ;:1 [y(J) — y(J)]7 4)



Method Corporate Arxiv Title Terminology

Prec Rec F1 Prec Rec F1 Prec Rec F1
Lsup 0.7054 0.7050 0.7052 0.5039 0.5038 0.5039 0.7442 0.7436  0.7439
Lsnr 0.7911  0.7906 0.7908 0.6267 0.6266 0.6266 0.8042 0.8035 0.8039
Leemint  0.8748  0.9472  0.9096 0.9533 0.9764 0.9647 0.9610 0.9880 0.9743
Lppa 09792 09791 09765 0.9765 0.9768 0.9767 0.9924 0.9925 0.9924

Table 4: Comparison of weak label quality (Precision, Recall, F1) on training data across all three datasets. Best

scores are in bold and second best are underlined.

4.3 Implementation Details and
Hyperparameters

For our proposed PDA approach, we performed a
small hyperparameter sweep over the decay rate
A € {0.001,0.01, 0.1} and noticed minor variation
in character-level alignment. Therefore, A = 0.01
was selected as the default. In addition, we treat
the characters “ ”, -, ’, and _ as word delimiters.

To facilitate a fair comparison, all CLSL models
are trained for up to 20 epochs using the binary
cross-entropy loss with an early stop criterion of
3 epochs based on validation performance. We re-
fer to each approach with the naming convention
<architecture>-<task>-<label>. For instance,
CANINE-SL-PDA refers to the CANINE (Clark
et al., 2022) architecture, adapted for sequence la-
belling (SL), trained on the weak labels generated
by PDA.

Model results are reported from a single training
run with a fixed random seed, using the checkpoint
with the best validation performance. Heuristic
baselines are deterministic and are reported as sin-
gle values.

4.4 Ablation Studies

We conduct three ablation studies to assess each
component of our proposed approach: (i) the qual-
ity of the weak labels generated by PDA, (ii) the
performance of CLSL models trained on these
weak labels, and (iii) the effect of beam width K
for character-level alignments.

To evaluate the effectiveness of our PDA labels,
we compare it against labels generated with heuris-
tic and LLM-based approaches. This experiment
provides a rough indication on how close each
weak-labelling approach is to the ground truth and
their potential effectiveness as weak supervision
signals. For this experiment, we only consider posi-
tive examples in the test set and assess their quality
using the character-level precision, recall and F1
with respect to the reference labels. The evaluated
labelling approaches are:

1. Lggp: Weak labels based on greedy backward
alignment with Schwartz and Hearst (2003).

2. Lgygr: Weak labels based on greedy forward
alignment with Schwartz and Hearst (2003).

3. Lgemini: Weak labels based on character-
level alignments from the Gemini 2.0 Flash
(Anil et al., 2023) LLM.

4. Lppa: Weak labels based on our proposed
PDA approach.

Table 4 summarizes our results where higher
scores indicate stronger alignment to the ground
truth. Across all three datasets, our proposed Lppa
achieves high precision, recall and F1, exceeding
97%. In addition, Lppa consistently outperforms
heuristic-based weak labels (Lsyg and Lsyg), as
well as LLM-generated labels, Lggmini: These
results demonstrate that PDA generated labels are
strongly aligned with the ground truth, highlighting
their efficacy as weak supervision signals.

Next, we evaluate the effectiveness of our CLSL
models trained on Lppa. We consider two encoder
architectures: (i) CANINE (Clark et al., 2022), a
character-level encoder, and (ii) ByT5 (Xue et al.,
2022), a byte-level encoder. We evaluate our ap-
proach on the positive examples in the test set
and report the character-level precision, recall and
F1. Table 5 summarizes our findings. For both
architectures, PDA-based approaches outperform
heuristic-based baselines (SHB and SHF) in terms
of precision and overall F1. In addition, PDA-based
models outperform or achieve similar F1 scores to
variants trained on LLM-generated labels, with a
difference less than 0.005. These results suggest
that CLSL models trained on PDA generated labels
achieve performance comparable to those trained
on labels generated by Gemini, while requiring sub-
stantially less computational resources to generate
labels for weak supervision.

Lastly, to determine an appropriate beam width
K for our beam-search aligner, we compare beam



Method Corporate ArXiv Title Terminology
Prec Rec F1 Prec Rec F1 Prec Rec F1

CANINE-SL-GEMINI  0.8369 0.6936 0.7585 0.9504 0.5581 0.7032 0.9471 0.8039 0.8696
CANINE-SL-SHB 0.6303 0.7378 0.6798 0.4594 0.4529 04561 0.7158 0.6441 0.6780
CANINE-SL-SHF 0.6932  0.7670 0.7283 0.6456 0.6919 0.6680 0.6698 0.6744 0.6721
CANINE-SL-PDA 0.8504 0.6872 0.7601 0.9291 0.6242 0.7467 0.9480 0.7988 0.8670
BYTS5-SL-GEMINI 0.8418 0.7029 0.7661 0.8787 0.6152 0.7237 0.9518 0.8008 0.8698
BYT5-SL-SHB 0.6679 0.5323 0.5924 0.5132 04374 04723 0.7280 0.7997 0.7622
BYTS5-SL-SHF 0.6962 0.5484 0.6135 0.4837 04559 04694 0.7209 0.6563 0.6871
BYTS5-SL-PDA 0.8517 0.7057 0.7719 0.8932 0.6332 0.7410 0.9344 0.8053 0.8651

Table 5: Character-level precision, recall, and F1 for CANINE and ByT5-based sequence labelling models trained
with different labelling strategies. Best scores for each architecture are in bold and second best are underlined.

Method Corporate ArxivT. Terminology
Baseline 0.8604 0.9369 0.9620
BSK=1 0.7977 0.9264 0.9191
BSK =2 0.8552 0.9362 0.9605
BSK =3 0.8593 0.9375 0.9619
BSK=5 0.8593 0.9379 0.9620
BSK =10 0.8604 0.9369 0.9620
BS K =100 0.8604 0.9369 0.9620

Table 6: Sequence-level exact match (EM) accuracy for
the baseline (exhaustive alignment) and beam search
with varying beam widths K.

width of different sizes K = {1,2,3,5,10,100}
against an exhaustive alignment baseline. This
baseline iterates through all valid subsequences
and selects the highest scoring one. For consis-
tency, we use CANINE-SL-PDA to generate the
character-level scores. In this experiment we con-
sider both positive and negative examples in the
test set and evaluate each configuration using the
EM accuracy in Equation 4. The results are sum-
marized in Table 6. We observe that a beam width
of K = 3 achieves comparable EM accuracy to the
exhaustive baseline with a difference of less than
0.0012. To illustrate how beam width affects align-
ment quality, Table 7 presents a case study for the
acronym MTSAM and the long form MTS ASSOCI-
ATED MARKETS. When K = 3, the correct align-
ment is recovered, whereas when K < 3, the al-
gorithm prioritize the higher scoring character ‘M’
at index 16, resulting in an incomplete alignment.
Additionally, when K = 3, beam search avoids ex-
ploring subsequence containing low-scoring char-
acters such as character ‘S’ at position 7. For the
remaining experiments, we set K = 3.

4.5 End-to-End Evaluation

In this subsection, we evaluate our end-to-end AM
framework which comprises: (i) a CLSL model

Pos Char Score K=1 K=2 K=3
1 M 0.8050 M
2 T 0.1408 T
3 S 0.032 S
4 0.002
5 A 0.8865 A
6 S 0.1062
7 S 0.1062
8 (0] 0.0015
9 C 0.0014
10 I 0.0019
11 A 0.0015
12 T 0.0076
13 E 0.0012
14 D 0.0024
15 0.0006
16 M 0.9309 M M M
17 A 0.1442

Table 7: Example of the acronym MTSAM mapped
to its long form MTS ASSOCIATED MARKETS for
different beam widths K. The ground truth and the
highest scoring alignment for each approach are denoted
in bold.

trained on PDA labels and (ii) a beam-search de-
coder for monotonic alignment. In addition to the
variants detailed in the ablation studies, we also
include six additional benchmarks:

1. SHB: Greedy backward alignment with
Schwartz and Hearst (2003).

2. SHF: Greedy forward alignment with
Schwartz and Hearst (2003).

3. IM: Rule-based alignment that matches
acronym characters to first character of each
word (initials) in the long form.

4. SHB-IM: Combination of SHB and IM.

5. SHF-IM: Combination of SHF and IM.



Method Corporate ArxivT. Term. Method Alignment
CANINE-AM-GEM 0.8450 0.9301  0.9691 CANINE-AM-GEM CROWTHORNE OLD AGE TO
CANINE-AM-SHB 0.6879 0.3265  0.5963 TEEN SOCIETY
CANINE-AM-SHF 0.8316 0.7691  0.5825 CANINE-AM-PDA  CROWTHORNE OLD AGE TO
CANINE-AM-PDA 0.8593 0.9375  0.9619 TEEN SOCIETY
BYT5-AM-GEM 0.8645 0.9072  0.9702 PDA %]};]E:)I}IN gggﬁ?g OLD AGETO
BYT5-AM-SHB 0.6745 0.4733  0.8808 o
BYT5-AM-SHF 0.7136 0.4666  0.5789 SHB %ER](E)I? gg&?;g OLD AGETO
BYT5-AM-PDA 0.8676 0.9200  0.9625 - =
SHB 03101 01165 03874 CANINE-AM-GEM  GLOBAL RISK AND ASSET
SHF 0.3922 0.1745  0.4417 MANAGEMENT COMPANY
: ’ ’ CANINE-AM-PDA  GLOBAL RISK AND ASSET
™M 0.4661 0.2205  0.8048
MANAGEMENT COMPANY
SHB-IM 0.4908 0.1553  0.7230
PDA GLOBAL RISK AND ASSET
SHF-IM 0.5411 0.2151  0.7371
PDA 0.8070 0.8173  0.8392 MANAGEMENT COMTANY
: : : SHB GLOBAL RISK AND ASSET
MANAGEMENT COMPANY

Table 8: End-to-end evaluation: EM-AIl accuracy of
acronym matching (AM) across all three evaluation
datasets: Corporate, Arxiv Title (Arxiv T.) and Termi-
nology (Term.). Best scores are in bold and second best
are underlined.

6. PDA: Our proposed PDA approach (used to
generate weak labels).

The baselines SBH-IM and SHF-IM correspond
to our adaptation of the rule-based approach pro-
posed by Veyseh et al. (2021). In addition, we com-
pare our proposed end-to-end framework against
PDA. This allows us to assess the effectiveness
of combining a CLSL model trained on PDA la-
bels with a monotonic beam search aligner against
the underlying heuristics used to generate PDA la-
bels. In this experiment, we consider both positive
and negative examples in the test set and evalu-
ate the performance using EM accuracy. The re-
sults are presented in Table 8. For the corporate
and Arxiv title datasets, our proposed frameworks
achieve the highest performance, outperforming
its LLM-based counterpart. On the terminology
dataset, BYT5-AM-PDA achieves EM accuracy on
par with BYT5-AM-GEMINI with a difference of
0.0077. In addition, our end-to-end frameworks
consistently outperform heuristic based approaches
for all three datasets.

To better understand the mappings produced
by each approach, we refer to the case study (i)
COATS, CROWTHORNE OLD AGE TO TEEN SO-
CIETY, in Table 9. For the character ‘T’, PDA
selects the first word with the corresponding ini-
tial TO whereas CAININE-AM-PDA aligns ‘T’ to
the more informative word TEEN. Closer inspec-
tion on the CLSL scores show that the model place
higher emphasis on informative words than stop-
words: TO has a score of 0.2767 whereas TEEN

Table 9: Acronym-long-form alignments for (i) COATS,
CROWTHORNE OLD AGE TO TEEN SOCIETY and
(i) GRAMCO, GLOBAL RISK AND ASSET MANAGE-
MENT COMPANY.

has a score of 0.8865. This allows the beam-search
aligner to correctly map “T” to the more informative
word. Similarly, this can also be observed in our
second example (ii)) GRAMCO, GLOBAL RISK
AND ASSET MANAGEMENT COMPANY. These
findings suggests that, although the CLSL model
is trained primarily on position-biased labels, it is
capable of distinguishing characters in informative
words from those in stopwords. This allows our ap-
proach to favour informative words over stopwords
when multiple alignments exist.

5 Conclusion

In this work, we formulate acronym matching as a
monotonic character subsequence alignment prob-
lem and propose a weakly supervised approach
that effectively aligns acronym characters to their
corresponding long form characters. Extensively
evaluated on three AM datasets, our proposed ap-
proach proved effective, outperforming heuristic
baselines and achieving comparable results to vari-
ants trained on LLM-generated labels while requir-
ing substantially less compute. This demonstrates
the effectiveness of our approach in resource con-
strained scenarios where character-level annota-
tions and access to LLMs are limited.

6 Limitations

Despite these advantages, our current formulation
is restricted to monotonic subsequence alignment,
which requires all characters in the acronym to ap-
pear in the long form. Therefore, this approach



is unable to directly handle semantically equiva-
lent but textually dissimilar mappings, such as “&”
and “and”. Future work will focus on extending
this framework to handle semantic variation and
explore multilingual and non-Latin mappings.
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