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Abstract

We present a comprehensive approach for mul-
tiword expression (MWE) identification that
combines binary token-level classification, lin-
guistic feature integration, and data augmenta-
tion.! Our DeBERTa-v3-large model achieves
69.8% F1 on the CoAM dataset, surpassing
the best results (Qwen-72B, 57.8% F1) on this
dataset by 12 points while using 165 x fewer
parameters. We achieve this performance by (1)
reformulating detection as binary token-level
START/END/INSIDE classification rather than
span-based prediction, (2) incorporating NP
chunking and dependency features that help
discontinuous and NOUN-type MWEs iden-
tification, and (3) applying oversampling that
addresses severe class imbalance in the train-
ing data. We confirm the generalization of
our method on the STREUSLE dataset, achiev-
ing 78.9% F1. These results demonstrate that
carefully designed smaller models can substan-
tially outperform LLMs on structured NLP
tasks, with important implications for resource-
constrained deployments.

1 Introduction

Multiword expressions (MWEs) challenge NLP
systems due to their syntactic flexibility and seman-
tic non-compositionality (Constant et al., 2017; Sag
etal., 2002). They are also widely acknowledged to
be frequent in natural language (Baldwin and Kim,
2010). Accurate detection nevertheless remains
difficult, particularly for discontinuous patterns in
which components may be separated by interven-
ing material, as in look the information up, where
look...up forms the MWE while the information
does not (Rohanian et al., 2019).

MWE identification is traditionally formulated
as sequence-labeling tasks using BIO (Ramshaw
and Marcus, 1995) or extended tagsets (e.g.,

'"Model available at https://huggingface.co/

DiegoRossini/mwe-detection-deberta. Code at https:
//github.com/DiegoRossini/binary-mwe-detection.

BILOU (Ratinov and Roth, 2009)) to capture dis-
continuities. These multi-class labeling schemes
assign each token a single label from a predefined
tagset. Current state-of-the-art approaches often fo-
cus on specific MWE types, e.g., transformer-based
models (Swaminathan and Cook, 2023; Tanner and
Hoffman, 2023) that incorporate linguistic features
like dependency parsing for verbal discontinuous
patterns (Nasr et al., 2015) and chunk features for
nominal detection (Cordeiro et al., 2016). Existing
methods for all-type MWE rely on massive lan-
guage models with billions of parameters (Ide et al.,
2025) and lack systematic integration of linguistic
knowledge. Moreover, while binary classification
approaches have proven successful for span-based
NER (Eberts and Ulges, 2020; Li et al., 2023; Tan
et al., 2020; Fei et al., 2021), to the best of our
knowledge, this has not been explored yet for the
task of MWE identification.

Several datasets support MWE research.
PARSEME shared tasks (Savary et al.,, 2017;
Ramisch et al., 2018, 2020; Walsh et al., 2018)
provide multilingual corpora for verbal MWE:s.
DiMSUM (Schneider et al., 2016) covers multiple
types but suffers from annotation inconsistencies
(Tanner and Hoffman, 2023). STREUSLE
(Schneider et al., 2018) augments the English Web
Treebank with various MWE types and emphasizes
supersense labeling over explicit MWE type
distinctions. The recently introduced CoAM (Ide
et al., 2025) addresses these limitations by offering
comprehensive coverage of all MWE types
with explicit type annotations (NOUN, VERB,
MOD/CONN, CLAUSE, OTHER), enabling
fine-grained analyses previously unavailable.
While limited to 1,301 sentences, CoOAM’s careful
curation provides crucial evaluation capabilities.

Leveraging CoAM’s comprehensive annotations
for primary evaluation, we present an approach that
reformulates MWE identification as binary token-
level classification—departing from traditional
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multi-class sequence labeling to predict three inde-
pendent binary labels per token. Our DeBERTa-v3-
large model (He et al., 2021) achieves 69.8% F1
on CoAM, surpassing the state-of-the-art on this
dataset, Qwen-72B (57.8% F1), by 12 points while
using 165x fewer parameters. We further validate
generalization on STREUSLE, achieving 78.9% F1
after mapping its categories to CoAM-compatible
types, confirming that our approach transfers ef-
fectively across datasets with different annotation
schemes.

2 Method

We detail our approach, beginning with the dataset
description and our binary token-level classification
framework, followed by linguistic feature integra-
tion and data augmentation.

2.1 Datasets

CoAM (Ide et al., 2025) contains 1,301 English
sentences (780 train, 521 test) with 867 anno-
tated MWEs, distributed over the following types:
NOUN (34.3% compounds and idiomatic nomi-
nals), VERB (37.5% phrasal and light verb con-
structions), MOD/CONN (23.9% complex mod-
ifiers), CLAUSE (1.6% sentential idioms), and
OTHER (2.8%). MWEs are 88.7% continuous and
11.3% discontinuous, spanning 2—13 tokens.

STREUSLE (Schneider et al., 2018) v4.6 (UD
v2.16) provides a complementary evaluation set-
ting with 1,530 training (2,448 MWEs), 217
development (287 MWEs), and 209 test (284
MWEs) sentences. We map STREUSLE'’s fine-
grained categories (e.g., verb-particle/construction,
noun/compound) to CoAM-compatible types: ver-
bal constructions to VERB, nominal expres-
sions to NOUN, adverbial/prepositional phrases to
MOD/CONN, and remaining categories to OTHER.
No STREUSLE annotations correspond to the
CLAUSE category. MWEs span 2—7 tokens, with
10.2% being discontinuous.

2.2 Binary Token-Level Classification and
MWE Reconstruction

We reformulate MWE identification as binary
token-level classification, inspired by its success
in NER (Eberts and Ulges, 2020; Li et al., 2023;
Tan et al., 2020; Fei et al., 2021): instead of as-
signing each token a single label from a multi-class
tagset (e.g., B-MWE, -MWE, O), we make three
independent binary decisions per token, predicting

whether it serves as a START, END, or INSIDE
component of a MWE. Our approach predicts three
independent probabilities for each token z;: pi'",
P, and pi™ide. For instance, in looked the infor-
mation up:

* looked: START=1, END=0, INSIDE=0

* the: START=0, END=0, INSIDE=0

* information: START=0, END=0, INSIDE=0
* up: START=0, END=1, INSIDE=0

Our model would ideally predict high START prob-
ability for looked, high END probability for up,
and low INSIDE probabilities for the interven-
ing words, correctly identifying the discontinu-
ous MWE {looked, up}. Crucially, our binary
token-level approach scales linearly with sequence
length O(n), as we make three independent predic-
tions per token, whereas span-based enumeration
requires quadratic complexity O(n?) to evaluate
all possible token pairs.

To train this binary classification framework,
we must first convert CoAM’s original span-based
annotations. CoAM provides span-based annota-
tions (token indices for each MWE), which we
convert to token-level labels through a projec-
tion system generating three binary vectors that
form our START/END/INSIDE encoding scheme:
start[i] = 1 if token ¢ is the first token of any MWE,
end[7] = 1 if token i is the last token of any MWE,
and inside[i] = 1 if token ¢ appears strictly be-
tween start/end positions. Projections are stored as
versioned JSON artifacts with SHA256 hashing for
reproducibility.

At inference, these independent predictions must
be reconstructed into MWE spans. We form can-
didate spans from token pairs (s,e) with e > s
such that p$t > 7. and p&" > .. A span is
accepted if its width (e — s+ 1) < 13 (dataset max-
imum), intermediate tokens ¢ € (s, e) are included
when pitmide > Tinside> and the reconstructed ex-
pression contains 2—6 members, matching CoAM’s
MWE length distribution. Candidates are stored
as sorted sets of token indices. After training, we
tune the three thresholds (7gart, Tends> Tinside) inde-
pendently on the development set via grid search,
finding optimal values that maximize the F1 score.
Our approach thus focuses on MWE segmentation
and boundary detection; type classification could
be added as a second-stage task but is beyond the
scope of this work (see Appendix A).
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‘Q—72B BBS BBT BLT DBT DLT DBT+1 DLT+l DBT+o DLT+o0 DBT+a DLT+a DBT+lo DLT+lo DBT+la DLT+la
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Table 1: Performance comparison on CoAM and STREUSLE test sets. On CoAM, DLT+lo achieves 69.8% F1,
outperforming Qwen-72B (57.8% F1). On STREUSLE, DBT+la achieves 78.9% F1. Best results per dataset in
bold.

Q-72B BBS BBT BLT DBT DLT DBT+l DLT+]1 DBT+o DLT+o0 DBT+a DLT+a DBT+lo DLT+lo DBT+la DLT+la

CL | 28.6 429 28.6429 429 429 429 429 429 429 286 429 286 429 W74
ZM/C | 57.7 67.6 757 76.6/829 766 802 820 766 793 676 | 784 766 - 730 802
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Table 2: Type-specific recall (%) across MWE types. CoAM: CL=CLAUSE (N=7), M/C=MOD/CONN (N=111),
NOUN (N=121), VERB (N=139). STREUSLE: M/C (N=64), NOUN (N=130), VERB (N=66), OTH=0OTHER
(N=24). CoAM OTHER (N=3) excluded; STREUSLE has no CLAUSE annotations. Note: on STREUSLE, DLT+o
achieves higher recall than DBT+la in 3/4 categories but lower overall F1 (72.6% vs 78.9%, see Table 1) due to
over-prediction (399 vs 329 predictions against 284 gold MWEj5).

2.3 Linguistic Feature Integration members having dependency distance greater than

We enrich DeBERTa-v3-large with two forms of 4, filtering out implausible token combinations.

syntactic knowledge:

NP Chunk Features. Tokens are tagged as in-
side or outside a noun phrase (NP) using spaCy
en_core_web_lg (Honnibal et al., 2020). These bi-
nary tags are mapped to 16-dimensional learnable
embeddings and concatenated with contextualized
token states. Chunk embeddings help the model
detect nominal MWESs such as stock market, a class
noted in the CoAM study as particularly difficult to
recall compared to MOD/CONN or VERB MWE:s.

Dependency features. Following extensive
prior work on dependency-based MWE identifi-
cation (Lin, 1999; Wehrli, 2000; Green et al., 2013;
Nasr et al., 2015), we compute shortest depen-
dency path lengths between all token pairs using
NetworkX (Hagberg et al., 2008) graph traver-
sal, capped at 5. These distances serve dual pur-
poses: (1) as learnable embeddings during en-
coding, where we average each token’s depen-
dency distances to other tokens and map them
to 32-dimensional embeddings, and (2) as hard
constraints during reconstruction, where we reject
discontinuous MWE candidates with consecutive

2.4 Data Augmentation

Beyond linguistic features, addressing the severe
class imbalance in the training data proved crucial
for model performance. We evaluated two data
augmentation approaches (He and Garcia, 2009):
(1) oversampling of training sentences containing
MWEs, and (2) lexical substitution, replacing sin-
gle tokens outside MWE boundaries with semanti-
cally similar words. Both approaches were tested
by selecting 10%, 20%, 30%, or 40% of the train-
ing sentences for augmentation.

The effectiveness of each strategy depends on
dataset size. On the smaller CoAM (486 training
MWEg), oversampling proved more effective, with
30% selection ratio proving optimal. We attribute
this to CoAM’s limited size combined with its care-
fully curated annotations: the dataset appears too
small for the model to generalize from lexical vari-
ations, while any modifications risk disrupting the
subtle patterns that define MWEs. Conversely, on
the larger STREUSLE (2,448 training MWEj5), lex-
ical substitution proved more effective, as sufficient
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Table 3: Performance on continuous (C) and discontinuous (D) MWEs. CoAM: N=338 continuous, N=43
discontinuous. STREUSLE: N=255 continuous, N=29 discontinuous. Best model per dataset in bold.

training examples enable the model to benefit from
lexical variation.

3 Experiments

We conduct a systematic ablation study with 15
model configurations to isolate the contributions of
each component: our binary token-level classifica-
tion approach, model architecture choice, linguistic
feature integration, and data augmentation.

3.1 Experimental Design

Our experiments build incrementally across four
phases. First, we compare BERT-base span-based
prediction (BBS) against BERT-base/large token-
level classification (BBT/BLT). Second, we com-
pare BBT/BLT against DeBERTa-v3-base/large
(DBT, DLT), whose disentangled attention should
better capture discontinuous patterns (He et al.,
2021). Third, we compare DBT/DLT against vari-
ants augmented with linguistic features (+1) target-
ing NOUN and discontinuous MWEs. Finally, we
compare DBT+I/DLT+] against data-augmented
variants using oversampling (+0) and lexical substi-
tution (+a), both independently and combined with
linguistic features (see Table 1).

3.2 Setup

We convert the span-based annotations from
both datasets to our START/END/INSIDE format
by projecting the provided token indices. For
STREUSLE, we additionally apply the type map-
ping described in Section 2.1. This harmonization
enables direct comparison across datasets while
preserving type-specific analysis capabilities.

We train all models on NVIDIA GH200 hard-
ware. Our baseline for CoAM is the dataset authors’

Qwen-72B (57.8% F1, Ide et al., 2025), and BERT-
base span-based (BBS) as additional comparison
across both datasets. We report exact span match-
ing micro F1 with breakdowns by type and con-
tinuity. Hyperparameters were optimized via Op-
tuna across learning rate, batch size, dropout, and
weight decay. Our best model on CoAM (DLT+lo)
uses learning rate 3e-5, batch size 16, dropout 0.3,
weight decay 0.01 with early stopping at epoch
8. Our best model on STREUSLE (DBT+1a) uses
learning rate 2e-5, batch size 4, dropout 0.3, weight
decay 0.05 with early stopping at epoch 10. Train-
ing requires 10-25 minutes per model, making our
approach highly practical compared to large model
fine-tuning.

3.3 Main Results

Our systematic ablation results in Table 1 reveal
several critical insights about each component’s
contribution. Our binary token-level classifica-
tion yields +5.2 F1 improvement over span-based
prediction (BBS: 53.7 — BBT: 58.9), validating
that three independent START/END/INSIDE de-
cisions per token provide richer gradient signals
than sparse span-level feedback. DBT achieves
63.7% F1, surpassing BBT by +4.8 points and even
outperforming BLT, confirming that disentangled
attention mechanisms are particularly suited for
MWE detection where content and position inter-
act in an intricate way.

Adding linguistic features to DBT improves F1
by +2.2 points (63.7 — 65.9), with particularly
strong recall improvements. However, DLT shows
a surprising decrease with linguistic features alone
(62.6 — 59.8), suggesting potential overfitting on
the small dataset. A critical pattern emerges in the

2603



interaction between augmentation and model ca-
pacity: without augmentation, base models often
outperform large counterparts, but with augmenta-
tion, large models excel—DLT+lo achieves 69.8%
F1 while DBT+lo reaches only 65.0%. Oversam-
pling consistently outperforms lexical substitution
when combined with linguistic features, which may
be attributed to CoAM’s high annotation quality
where lexical changes risk disrupting subtle MWE
patterns (see Appendix A.2 and Appendix B).

Our DeBERTa-v3-large model achieves 69.8%
F1 on CoAM, surpassing the state-of-the-art on this
dataset, Qwen-72B (57.8% F1), by 12 points while
using 165x fewer parameters. Other comparisons
to previous work are complex because we focus on
all types of MWEs, which differs fundamentally
from recent frameworks like Swaminathan and
Cook (2023) that are tailored specifically to verbal
MWEs or binary idiomaticity classification rather
than comprehensive span identification across all
MWE types (see Framework Comparison Limita-
tions).

On STREUSLE, the ablation pattern replicates.
The baseline BBS achieves 19.8% F1 due to mas-
sive over-prediction (11.1% precision), while bi-
nary token-level classification provides substantial
improvement: DBT reaches 73.3% F1, a 53.5-point
gain mirroring CoAM’s pattern. Linguistic fea-
tures consistently improve both backbones, with
DLT+] achieving 78.8% F1. Crucially, the opti-
mal augmentation strategy differs: lexical substi-
tution outperforms oversampling (DBT+la: 78.9%
F1 vs DBT+lo: 76.4% F1), contrasting with CoAM
where oversampling proved superior—we attribute
this to STREUSLE’s larger training set (2,448
MWESs) enabling the model to benefit from lex-
ical variation.

3.4 Analysis by MWE Type and Continuity

Table 32 highlights dramatic improvements for dis-
continuous MWESs. The baseline span-based model
completely fails on discontinuous MWEs (0% re-
call), while our binary token-level classification
immediately enables detection (BBT: 23.3% re-
call). Adding linguistic features to DBT increases
discontinuous recall by +4.6 points, confirming
that explicit syntactic knowledge helps identify
separated MWE components. Our best model on

Type-specific precision cannot be computed as our model
predicts only reconstructed span boundaries without type la-
bels. See Limitations (Type Prediction Limitations) for a
detailed discussion.

CoAM (DLT+lo) achieves 34.9% discontinuous
recall while maintaining 25.9% precision (see Ap-
pendix B for detailed error analysis).

In addition to handling discontinuities, we also
analyze performance across MWE types to under-
stand where improvements are most pronounced.
Table 2 demonstrates type-specific improvements
across categories. CLAUSE expressions improve
from Qwen-72B’s 28.6% to 85.7% recall, though
with only 7 test instances, this represents detect-
ing 6 versus 2 examples. NP chunking knowledge
integration helps NOUN expressions, improving
recall from 57.9% to 60.3% (DBT — DBT+1), with
stronger effects in large models. MOD/CONN
expressions show consistent gains, with DLT+lo
achieving 84.7% recall compared to Qwen’s 57.7%.
Importantly, type-specific recall must be inter-
preted alongside precision: models with aggressive
prediction strategies can achieve high recall across
categories while suffering from low overall F1 due
to excessive false positives.

On STREUSLE, type-specific patterns confirm
generalization: MOD/CONN achieves 92.2% re-
call for DBT+Ia, followed by NOUN (86.1%) and
VERB (78.9%). Regarding contiguity patterns,
DBT+la achieves 88.4% F1 on continuous MWEs
and 34.4% F1 on discontinuous ones. Linguis-
tic features consistently boost discontinuous per-
formance: DLT+ reaches 30.1% discontinuous
F1 versus DLT’s 20.7%, confirming that syntactic
structure helps across datasets.

4 Conclusion

We reformulate MWE identification as binary
token-level classification with three independent
START/END/INSIDE predictions per token, com-
bining DeBERTa-v3 with NP chunking and depen-
dency features plus data augmentation. On CoAM,
this achieves 69.8% F1, outperforming Qwen-72B
(57.8%) by 12 points with 165x fewer parameters;
for discontinuous MWEs, we achieve 29.7% F1
versus Qwen-72B’s 17.1%, doubling baseline per-
formance though these patterns remain challeng-
ing. We confirm generalization on STREUSLE,
achieving 78.9% F1 with the same methodological
choices, demonstrating that binary token-level clas-
sification and linguistic feature integration capture
fundamental aspects of MWE structure rather than
dataset-specific artifacts.
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Limitations

While our approach achieves substantial improve-
ments on CoAM, several limitations warrant dis-
cussion:

Dataset Scale and Model Generalization. The
first dataset we used, CoAM, is of high quality
and diverse but it is small. This may lead to po-
tential overfitting (see Appendix A.2 for detailed
analysis), but meaningful generalization is evident:
the test set remains unseen during training and is
guaranteed to not contain MWE patterns present in
the training data, yet our model maintains strong
performance. The performance difference between
training and test sets (Table 5) is typical of small
datasets.

On the second dataset, STREUSLE, which is
larger in its training set, we confirm cross-dataset
transfer (78.9% F1). The finding that simple dupli-
cation outperforms lexical substitution on CoAM
while the opposite holds for STREUSLE (Section
2.4) suggests that dataset size influences optimal
augmentation strategy, though preserving exact
MWE patterns remains crucial as even minor lexi-
cal variations can fundamentally alter MWEs’ id-
iomatic properties.

Statistical Robustness. Preliminary experi-
ments with different random seeds on a subset of
models (5 out of 15 configurations) showed no sig-
nificant performance variation from the reported
results using seed 42, suggesting stability in our ap-
proach. However, due to limited time for resource
access, we could not systematically test all model
configurations across multiple seeds.

Framework Comparison Limitations. Recent
work by Swaminathan and Cook (2023) achieves
strong results on MWE-related tasks but addresses
fundamentally different problems than compre-
hensive span detection, preventing direct compar-
ison. Their MTLB-STRUCT framework targets
PARSEME 1.2, which exclusively annotates ver-
bal MWEs (light-verb constructions, verb-particle
constructions, inherently reflexive verbs, and ver-
bal idioms), making it architecturally incompatible
with CoAM where 62.5% of MWEs are non-verbal
(NOUN, MOD/CONN, CLAUSE, OTHER cate-
gories). Their second approach addresses SemEval
2022 Task 2, a binary sentence-level classifica-
tion task determining whether a known potentially-
idiomatic expression is used idiomatically or lit-
erally—fundamentally different from identifying
which token spans constitute MWEs.

Discontinuous MWE Performance. Despite
doubling the baseline’s recall for discontinuous
MWE identification (34.9% vs 17.1%), the overall
discontinuous F1 remains modest at 29.7%. The de-
pendency distance constraints we introduce (reject-
ing candidates with consecutive members having
distance >4) improve precision but may be overly
restrictive for certain discontinuous patterns. This
fundamental challenge suggests that even with lin-
guistic enhancements, current architectures strug-
gle with long-range discontinuous dependencies.

Type Prediction Limitations. Our binary token-
level formulation predicts only span boundaries
without MWE type labels, creating fundamental
constraints on type-specific evaluation. While we
can compute type-specific recall by checking which
gold MWE:s of each type were correctly identified,
type-specific precision is impossible to calculate.
When the model predicts a span like systemic risk
as an MWE (false positive), we have no type pre-
diction to determine whether the model believes
this is a NOUN, VERB, or MOD/CONN expres-
sion—we only know it identified these tokens as
forming some MWE. Without type-specific preci-
sion, F1 scores per type cannot be computed. This
limitation means Table 2 reports only recall met-
rics, preventing complete type-wise performance
analysis. For instance, while we know the model
correctly identifies 66.9% of VERB expressions
(recall), we cannot determine what percentage of
its verb-like predictions are actually correct (pre-
cision) because the predictions lack type labels.
This design choice prioritizes boundary detection
accuracy over categorization but limits practical
applications requiring typed MWE identification
and restricts our ability to analyze whether false
positives tend to be specific types of spurious ex-
pressions. Note that this issue only arises in the
type-specific evaluation results in Table 2.

Knowledge Source Dependencies. Our linguis-
tic features rely on spaCy’s accuracy for NP chunk-
ing and dependency parsing. Errors in these up-
stream components propagate through our pipeline:
incorrect chunk boundaries or erroneous depen-
dency trees directly impact model performance.
Additionally, such models and pipeline components
(parsers, taggers) may not be available for all lan-
guages.

Computational Requirements. Experiments
were conducted on NVIDIA GH200 hardware,
which may limit reproducibility for researchers
without access to high-end GPUs. While train-
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ing requires only 10-25 minutes per model, the
hyperparameter search with multiple trials across
multiple oversampling ratios demands substantial
compute. Our fastest configuration still requires
~4GB GPU memory, potentially excluding older
hardware.

Language Coverage. Evaluation is restricted
to English, despite MWEs being a pervasive multi-
lingual phenomenon with language-specific char-
acteristics. The syntactic features we exploit (NP
chunks, dependency paths) may transfer poorly
to languages with different syntactic structures or
morphological complexity.
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A Implementation and Performance
Details

A.1 Threshold Values and Hyperparameters

Table 4 presents the optimal threshold values ob-
tained through grid search on the development set
for each model configuration. The thresholds con-
trol the sensitivity of START, END, and INSIDE
predictions during MWE reconstruction. Lower
thresholds generally increase recall at the cost of
precision.

Model Tstart Tend Tinside
CoAM

BBS - — -
BBT 0.45 0.20 0.20
BLT 0.60 0.20 0.20
DBT 0.45 0.60 0.20
DLT 0.50 0.20 0.20
DBT+I 0.30 0.20 0.20
DLT+I 0.50 0.30 0.20
DBT+o 0.20 0.20 0.20
DLT+o 0.50 0.60 0.40
DBT+a 0.50 0.60 0.30
DLT+a 0.40 0.40 0.20
DBT+lo 0.30 0.50 0.40
DLT+lo 0.50 0.60 0.20
DBT+la 0.60 0.40 0.20
DLT+la 0.60 0.40 0.20
STREUSLE

DBT+la 0.60 0.40 0.20

Table 4: Optimal threshold values for each model con-
figuration. BBS uses span-based prediction and does
not require thresholds. Best models per dataset shown
in bold.

All models were trained with AdamW optimizer
and linear learning rate scheduling. The best per-
forming model (DLT+lo) used: learning rate 3e-5,
batch size 16, dropout 0.3, weight decay 0.01, and
early stopping with patience 3.

A.2 Training Dynamics and Model
Performance

Table 5 shows training and test performance across
all configurations. The train-test gaps (17.0-30.7%
F1) are expected given the limited training data
(780 sentences) and the complexity of distinguish-
ing idiomatic from compositional expressions. No-
tably, our best model maintains 69.8% test F1

on unseen data—the test set contains MWE pat-
terns and combinations not present in the training
data—uvalidating our architectural choices despite
the challenging dataset size.

Model Train F1 (%) TestF1 (%) Gap (A)
CoAM

BBS 70.7 53.7 17.0
BBT 89.6 58.9 30.7
BLT 90.1 59.5 30.6
DBT 83.2 63.7 19.5
DLT 88.9 62.6 26.3
DBT+] 92.3 65.9 26.4
DLT+1 86.1 59.8 26.3
DBT+o 89.3 63.4 25.9
DLT+o 88.7 62.4 26.3
DBT+a 86.5 63.0 23.5
DLT+a 89.6 64.9 24.7
DBT+lo 94.1 65.0 29.1
DLT+lo 95.0 69.8 25.2
DBT+la 93.9 65.1 28.8
DLT+la 94.6 68.2 26.4
STREUSLE

DBT+la 86.8 78.9 7.9

Table 5: Train vs test F1 scores across all configurations.
Best models per dataset shown in bold. STREUSLE’s
smaller gap reflects its larger training set.

Figure 1 illustrates the training dynamics of our
best model. The plateauing development perfor-
mance after epoch 5, while training loss continues
decreasing, demonstrates effective early stopping
preventing overtraining.

B Error Analysis

This appendix analyzes our best model’s (DLT+lo)
predictions on the test set to understand both its
strong performance (69.8% F1) and areas for im-
provement. The analysis reveals systematic pat-
terns in the model’s decisions, demonstrating that it
has learned meaningful linguistic regularities rather
than arbitrary memorization.

B.1 Overall Performance Patterns

The model generates 387 predictions for 381 gold
MWEs, achieving well-balanced precision (69.3%)
and recall (70.3%). Notably, 359 of 521 gold sen-
tences (68.9%) are predicted perfectly, indicating
robust pattern learning. Among the 162 imper-
fect sentences out of 521 gold ones, 87 contain
only false negatives (missed MWESs), 51 contain
only false positives (spurious detections), and 24
show both error types, typically representing par-
tial recognition where the model correctly identifies
MWE presence but misaligns boundaries.
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Figure 1: Learning curves for DLT+lo: training loss decreases while development F1 plateaus at epoch 8 (approx-
imately 0.74), triggering early stopping. The initial fluctuation (epochs 2-3) reflects the model adapting to the
challenging task of distinguishing genuine MWEs from compositional phrases.

The prediction distribution reveals interesting
patterns: 329 continuous and 58 discontinuous pre-
dictions against 338 continuous and 43 discontin-
uous gold MWEs. While the continuous predic-
tions aligns well, discontinuous predictions show
higher variance, with 43 false positives (36.1% of
all FPs) despite discontinuous MWEs comprising
only 11.3% of the gold standard.

B.2 Continuous MWE Recognition

Continuous expressions achieve strong 74.9% re-
call (253/338 correctly identified). This 74.9% re-
call represents a significant achievement, correctly
identifying three-quarters of continuous MWEs de-
spite training on only 780 sentences. Performance
varies systematically by expression type:

High-confidence categories: Discourse mark-
ers (In fact, Of course, According to) and phrasal
verbs (took over, brought down, turn out) achieve
near-perfect detection when components are adja-
cent. Fixed nominals like Prime Minister (correctly
identified in all test instances) and exchange rate
demonstrate reliable institutional term recognition.

False positives (76 instances): These split into
interpretable categories. Technical overdetection
(23 cases) flags domain bigrams like systemic risk
as MWEs— specialized usage of this bigram with
high co-occurrence, but arguably not a MWE. In-
complete spans (19 cases) systematically miss re-
quired elements, such as predicting open the way
instead of the gold open the way for.

False negatives (85 instances): The model fails
to detect MWEs that appear infrequently in training
(<7 occurrences). These include: (1) metaphori-
cal phrases like watershed moment and rose-tinted
glasses that require semantic understanding beyond

surface patterns, and (2) short functional MWEs
like act on and yet again, where the individual
words (e.g., "act", "on") appear frequently through-
out the corpus in non-MWE contexts, making it dif-
ficult for the model to recognize when they specifi-

cally form a MWE.

B.3 Discontinuous MWE Progress

Discontinuous detection demonstrates meaningful
progress with 34.9% recall (15/43), doubling base-
line performance and achieving 25.9% precision.

Successful patterns: The 15 correct predictions
follow learnable structures: (1) verb-particle with
single interveners like turn [the situation] into
where dependency distance < 3, (2) possessive
frames like on [their] own, and (3) simple modifier
insertions like free [X] markets.

Error analysis: The 43 discontinuous false
positives primarily result from independent
START/END predictions creating semantically in-
valid spans (not...risk spanning 8 tokens) or partial
captures missing critical elements (predicting furn-
ing...on instead of the gold turning...gun...on). The
28 false negatives often exceed our dependency
distance threshold, like called...back with an 11-
token gap, or involve multiple discontinuities our
architecture cannot represent.

B.4 Type-Specific Performance

The model demonstrates strong performance across
different MWE types. Formulaic expressions
(MOD/CONN) achieve excellent 84.7% recall, suc-
cessfully identifying phrases like In fact and Ac-
cording to that follow consistent syntactic patterns.
CLAUSE expressions reach 85.7% recall despite
having only 7 test instances, demonstrating the
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Type Rec% N

CLAUSE 85.7 7

MOD/CONN  84.7 111
VERB 66.9 139
NOUN 66.9 121

Table 6: Type-specific recall performance across MWE
categories for our best model (DLT+lo).

model’s ability to generalize from limited exam-
ples.

VERB and NOUN categories both achieve
66.9% recall, a notable accomplishment given their
inherent challenges. VERB expressions require dis-
tinguishing idiomatic uses (e.g., fake off meaning
"succeed") from compositional ones (physically re-
moving something). NOUN expressions span from
technical terms to creative compounds, requiring
the model to recognize both conventional phrases
(stock market) and novel compositional combina-
tions.

Overall, the error analysis reveals that our
model’s mistakes are systematic and interpretable,
often reflecting genuine linguistic ambiguities (e.g.,
compositional vs. idiomatic uses) or structural chal-
lenges rather than random failures.
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