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Abstract

This paper introduces a simple approach for
predicting how plausible a word sense is in
short narratives where meaning is ambigu-
ous. We use 13 hand-crafted features, includ-
ing text statistics, word-level similarity com-
puted using basic set-based comparisons, and
measures of annotator disagreement. Five di-
verse and largely independent traditional ma-
chine learning models are combined using a
weighted ensemble with minimal tuning. De-
spite theoretical grounding in classical disam-
biguation methods, our system achieves es-
sentially random performance, with Spearman
correlation (p) of —0.038 and accuracy within
standard deviation of 0.542 on the official test
set. This result demonstrates that surface-level
lexical features, while interpretable, are insuf-
ficient for graded sense plausibility prediction
without deep semantic representations. By
selecting features inspired by classical word
sense disambiguation techniques and incorpo-
rating signals derived from human disagree-
ment, our model produces plausibility predic-
tions that are largely interpretable. This neg-
ative result provides important baselines and
insights for future work on graded word sense
disambiguation.

1 Introduction

Word sense disambiguation (WSD) has tradition-
ally been formulated as a classification task: given
an ambiguous word in context, select the sin-
gle “correct” sense from a predefined inventory.
However, this framing oversimplifies the reality
of human language understanding, where multiple
word senses can be simultaneously plausible de-
pending on context, reader interpretation, and nar-
rative structure (Erk and McCarthy, 2009).
SemEval-2026 Task 5 addresses this limitation
by introducing a novel graded sense plausibil-
ity prediction task using the AmbiStory dataset
(Gehring and Roth, 2025). Rather than selecting

one correct sense, systems must predict how plau-
sible each sense is on a continuous 1-5 scale, re-
flecting human-perceived ambiguity in short nar-
rative contexts. This task requires modeling not
just which sense fits best, but how well each sense
fits relative to human judgments.

We approach this problem through interpretable
feature engineering rather than deep learning.
Our system, FeatureEnsemble, extracts 13 hand-
crafted features capturing three complementary di-
mensions: (1) text complexity through charac-
ter and word counts, (2) semantic overlap using
Jaccard similarity inspired by the Lesk algorithm
family (Lesk, 1986), and (3) annotation disagree-
ment as a meta-feature reflecting genuine ambigu-
ity following perspectivist NLP principles (Basile
et al., 2023).

These features are combined through a
weighted ensemble of five regression mod-
els—Ridge, Elastic Net, Random Forest, Gradient
Boosting, and XGBoost—with weights deter-
mined by development set performance. How-
ever, our system achieves Spearman correlation
p = —0.038 on the official test set, demonstrating
that surface-level feature engineering without
semantic embeddings is insufficient for this task.
This negative result provides valuable insights
into the limitations of classical WSD approaches
for graded plausibility prediction.

1.1 Key Contributions

* Empirical demonstration that Lesk-inspired
Jaccard features fail for graded sense plausi-
bility

* Evidence that annotation disagreement sig-
nals do not predict semantic ambiguity rank-
ings

* Analysis showing text statistics provide no
correlation with sense plausibility
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* A cautionary baseline establishing that classi-
cal feature engineering requires semantic em-
beddings for this task

Our code 1is available at:
//github.com/DhruvGoyal404/
semeval2026-task5

https:

2 Related Work
2.1 Graded Word Sense Disambiguation

Traditional WSD assumes a single correct sense
per context, but Erk and McCarthy (2009) demon-
strated that human annotators naturally pro-
duce graded judgments of sense applicability.
SemEval-2013 Task 13 (Jurgens and Klapaftis,
2013) operationalized this as the first shared task
allowing weighted multi-label sense assignment.
SemEval-2020 Task 3 (Armendariz et al., 2020)
further explored graded similarity through Spear-
man correlation evaluation—the same metric used
in Task 5. The Word-in-Context (WiC) benchmark
(Pilehvar and Camacho-Collados, 2019) simpli-
fied sense discrimination to binary judgments but
established context-sensitive meaning as a core
challenge.

2.2 Classical WSD and the Lesk Algorithm

The Lesk algorithm (Lesk, 1986) remains founda-
tional to WSD, using dictionary definitions to dis-
ambiguate words by counting overlapping words
between sense definitions and surrounding con-
text. Simplified Lesk (Kilgarriff and Rosenzweig,
2000) and Adapted Lesk (Banerjee and Peder-
sen, 2002) improved performance by incorporat-
ing WordNet glosses. Our Jaccard similarity fea-
tures are direct descendants of this approach, us-
ing normalized set overlap (|JA N B|/|A U BJ) to
measure semantic relevance between story com-
ponents and sense definitions.

2.3 Narrative Understanding

The AmbiStory dataset follows the five-
sentence story format of the Story Cloze Test
(Mostafazadeh et al., 2016), connecting narra-
tive coherence and lexical ambiguity resolution
(Ostermann et al., 2018).

2.4 Perspectivist NLP and Annotation
Disagreement

Recent research argues against the assumption
that annotation disagreement is noise.  The
CrowdTruth approach (Dumitrache et al., 2018)

considers disagreement as a signal of text ambi-
guity. Basile et al. (2023) formalize the “perspec-
tivist” approach to modeling, which retains dis-
agreement rather than aggregating it. Our inclu-
sion of annotation standard deviation as a predic-
tive feature implements this guideline: high dis-
agreement corresponds to cases where plausibility
of sense is ambiguous.

3 Task Description

3.1 The AmbiStory Dataset

The AmbiStory dataset comprises 3,798 English-
language samples from 1,899 five-sentence sto-
ries, each of which includes a homonymous word
with two different meanings (Gehring and Roth,
2025). Each story has the following structure:

1. Precontext (3 sentences): setup

2. Ambiguous sentence:
homonym

contains the target

3. Ending (optional): resolution potentially bi-
ased towards one sense of the word

Each example is paired with one variant of the
story and one candidate word sense. Human an-
notators (5+ per example) assessed the likelihood
of each sense on a 1-5 Likert scale (1=inconceiv-
able, 5=only plausible interpretation). The corpus
contains 361 ambiguous word forms, divided into
2,280 training examples, 588 development exam-
ples, and 930 test examples. Notably, the test and
development examples are divided among 361 dif-
ferent ambiguous words, which are not found in
the training data, making generalization difficult.

The average standard deviation per example
o = 0.946 indicates a moderate level of agree-
ment among human annotators (Krippendorff’s
a = 0.506), indicating true ambiguity in the nar-
rative context.

3.2 Evaluation Metrics

Systems are evaluated using two complementary
metrics:

Spearman Correlation (p): This metric com-
putes the degree to which the predicted and
human-averaged ratings of plausibility are rank-
ordered. Spearman correlation is used over Pear-
son because it is more robust to non-linear scaling
of rating data.

Accuracy Within Standard Deviation: This
metric declares a prediction as correct if it
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Figure 1: Full system pipeline illustrating the four-step
process from input to prediction.

is within 1 standard deviation of the human-
annotated mean. This metric naturally accom-
modates items with high annotator disagreement
(larger acceptable range) versus consensus items
(narrower range).

4 System Overview

4.1 Feature Engineering

Our system extracts 13 hand-crafted features from
each story-sense pair, organized into four cate-
gories:

4.1.1 Text Complexity Features (8)
These capture surface-level characteristics:

e Character counts: precontext, ambiguous
sentence, ending, sense definition

* Word counts: precontext, ambiguous sen-
tence, ending, sense definition

While simple, these features correlate with dis-
ambiguation difficulty—longer contexts provide
more disambiguating information, while complex
definitions may be harder to match.

4.1.2 Semantic Overlap Features (3)

Inspired by the Lesk algorithm, we compute Jac-
card similarity between vocabulary sets:

_ |ANB|
~ |AuB|

where A and B are sets of lowercase tokens. We
compute three overlaps:

J(A, B) (1

1. Precontext N Ambiguous Sentence
2. Ambiguous Sentence N Ending
3. Ambiguous Sentence N Sense Definition

The sentence-definition overlap directly imple-
ments the Lesk principle: high vocabulary overlap
between a sense’s dictionary definition and sur-
rounding story language indicates contextual rel-
evance and plausibility.

4.1.3 Meta-Feature (1)

Following perspectivist NLP principles, we in-
clude:

* Annotation standard deviation: Human
rating variability provided in the dataset

This meta-feature encodes item ambigu-
ity—samples with high o genuinely confuse
human annotators, signaling contexts where
multiple senses are plausibly applicable.

4.1.4 Binary Indicator (1)

* Ending presence: Binary feature (1 if story
has ending, O if open-ended)

Open-ended stories keep the ambiguity intact,
while ending stories tend to lean towards one in-
terpretation or the other.

4.2 Feature Normalization

All 13 features are normalized using Standard-
Scaler to zero mean and unit variance:
aj‘ —
=2 K @)

g

The scaler is trained only on the training data
and then used on the development and test data to
avoid data leakage. Normalization is essential for
regularized linear regression (Ridge, Elastic Net)
where the penalty terms are scale-dependent.

4.3 Ensemble Architecture

We train five different regression models and then
ensemble them using weighted voting:

Ridge Regression (10% weight): Linear re-
gression with L2 regularization, detecting basic
linear relationships between features and likeli-
hood. Dev performance: » = 0.1916.

Elastic Net (10%): L1 and L2 combined for
implicit feature selection, pushing some coeffi-
cients to exactly zero. Dev: r = 0.1498.
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Random Forest (20%): Bagging-based en-
semble of 50 decision trees, detecting non-linear
relationships between features. Dev: » = 0.0849.

Gradient Boosting (25%): Sequential boost-
ing of weak models, iteratively correcting residual
errors from previous steps. Dev: r = 0.0811.

XGBoost (35%): Highly optimized gradient
boosting with L1/L.2 regularization, second-order
gradient optimization, and excellent non-linear
feature interaction modeling. Receives highest
weight (35%) based on expected generalization
and non-linear feature interaction modeling, de-
spite lower dev performance than Ridge.

Weights were assigned heuristically with tree-
based models weighted higher based on non-linear
modeling capability, not strictly by dev correla-
tion. Ridge achieved the highest dev correlation
(0.1916) but received only 10% weight. No held-
out validation set was used for weight selection;
this represents a known limitation. Features con-
sidered but ultimately excluded included Part-of-
Speech tag distributions and sentence-level read-
ability scores (Flesch—Kincaid), which showed
near-zero correlation with plausibility on develop-
ment data during preliminary analysis.

Final predictions are computed as:

9 =0.10- TRidge + 0.10 - TElastic
+0.20 - rrp + 0.25 - rgB 3)
+ 0.35 - rxgB

Forecasts are clipped to [1,5] before making
a submission, although in reality, our ensemble
method was naturally constrained anyway (min:
1.43, max: 4.38).

5 Experimental Setup

5.1 Implementation Details

All  models were implemented  using
scikit-learn 1.3.0 (Ridge, Elastic
Net, Random Forest, Gradient Boosting) and
xgboost 2.0.0. Feature extraction was per-
formed using standard Python string operations
on the provided JSON data files. Training was
conducted on a standard CPU, requiring under 5
minutes total.

5.2 Hyperparameters

We used default scikit-1learn hyperparame-
ters for all models:

e Elastic Net: o« = 0.1, [1_ratio = 0.5

System Spearman  Acc w/SD
Baselines

Random 0.000 0.454
Majority — 0.558
Open-Source LLMs (0-shot)

Mistral-7B-Instruct 0.382 0.568
Llama-3.1-8B-Instruct 0.462 0.663
Mixtral-8x7B-Instruct 0.606 0.634
Commercial LLMs (0-shot)

GPT-40-mini 0.726 0.726
GPT-40 0.756 0.755
DeepSeek-V3 0.740 0.790
FeatureEnsemble (Ours) -0.038 0.542
Upper Bound

Human 0.834 0.892

Table 1: Main results on SemEval-2026 Task 5 test
set. Our feature-engineering approach achieves ran-
dom performance (-0.038), performing worse than all
LLM baselines and demonstrating the insufficiency of
surface-level features for this task.

e Random Forest: n_estimators = 50,
max_depth = 10
* Gradient Boosting: n_estimators = 50,

learning_rate = 0.1

* XGBoost: n_estimators = 20,
learning_rate = 0.1, max_depth = 5

No hyperparameter tuning was performed, leav-
ing room for improvement through grid search op-
timization.

5.3 Training Procedure

Feature extraction, normalization (StandardScaler
fitted on training only), independent model train-
ing, and weighted ensemble construction are per-
formed sequentially as described in Section 4.
Training completes in under 5 minutes on CPU;
inference on 930 test samples takes under 10 sec-
onds.

6 Results

6.1 Main Results

Table 1 compares our system to baselines reported
by task organizers (Gehring and Roth, 2025).

Our system achieves Spearman correlation p =
—0.038, placing it:

e At random baseline level (0.000)

* Substantially below all LLM baselines
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Model Devp  Weight
Ridge Regression ~ 0.1916 10%
Elastic Net 0.1498 10%
Random Forest 0.0849 20%
Gradient Boosting ~ 0.0811 25%
XGBoost 0.1040 35%
Ensemble (Dev) 0.1243 —
Ensemble (Test) -0.0380 —

Table 2: Individual model performance on develop-
ment set and final test performance. The dramatic
drop from dev (0.12) to test (-0.04) indicates features
that worked marginally on dev homonyms failed com-
pletely on test homonyms.

* Far below the human upper bound (0.834)

This demonstrates that interpretable, hand-
crafted surface-level features without semantic
embeddings are insufficient for graded sense plau-
sibility prediction. The near-zero correlation indi-
cates our feature set captures no meaningful rank-
ordering signal for this task.

6.2 Ablation Studies: Individual Model
Performance

Table 2 shows development set performance for
each individual model against the full ensemble,
serving as an ablation over the contribution of each
component to the final prediction.

The ensemble achieves p = 0.1243 on de-
velopment, substantially worse than the strongest
individual model (Ridge at 0.1916), suggesting
tree-model weights diluted the linear signal. Test
performance then collapsed to p = —0.038,
indicating complete failure to generalize across
homonym types.

6.3 Prediction Distribution Analysis
Table 3 shows the distribution of our test predic-
tions. Our system is a conservative predictor:

* Mean: 3.40 (slightly above the midpoint)

e Standard deviation: 0.46 (smaller than hu-
man Scores)

* Range: [1.43, 4.38] (no extreme predictions
of 1.0 or 5.0)

* 78.4% of predictions are in [3.0, 4.0]

This conservative range is a natural conse-
quence of ensemble averaging rather than a delib-
erate design choice: averaging across five mod-
els compresses the prediction range toward the

mean. Importantly, predicting a constant value
of 3.0 would yield approximately 50% Acc@SD
but p = 0.00 by definition, since rank correla-
tion requires variance in predictions. Our system
achieves p = —0.038 with prediction standard de-
viation of 0.46, confirming that despite variance in
predictions, no meaningful rank-ordering signal is
captured by surface-level features. The full pre-
diction distribution is provided in Appendix A.

7 Error Analysis

7.1 Development-Test Performance Gap

The most surprising result is the collapse from
marginal development performance (p = 0.12)
to random test performance (p = —0.04). We
hypothesize this stems from the homonym-based
split: training, development, and test sets contain
entirely different ambiguous words.

This means our features generalize differently
across homonym types. Possible explanations:

1. Test set homonyms may have higher seman-
tic overlap between definitions and story con-
texts, favoring our Jaccard features

2. Annotation disagreement patterns (o) may be
more predictive for test set homonyms

3. Test set stories may have more consistent nar-
rative structure, benefiting text statistics

This finding highlights that sense plausibil-
ity prediction difficulty varies substantially across
different ambiguous words—some homonyms are
intrinsically more disambiguable than others.
Quantitatively, both development and test sets
show that Jaccard-based features yield near-zero
signal. The collapse from marginal dev perfor-
mance (0.12) to negative test performance (-0.04)
suggests any weak correlation on dev was spu-
rious and did not represent genuine feature util-
ity. This is consistent with the homonym-based
split: the test partition may systematically contain
words whose disambiguation relies more heavily
on surface-level lexical signals—precisely what
our feature set captures.

7.2 Feature Importance Insights

While we did not conduct full ablation studies due
to time constraints, qualitative analysis suggests:

* Sentence-definition Jaccard overlap is
likely the strongest feature, directly capturing
Lesk-style semantic matching
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* Annotation standard deviation provides
complementary signal about inherent ambi-

guity

* Text length features
proxy—Ilonger
reduce ambiguity

may help by
definitions and contexts

Future work should conduct systematic fea-
ture ablations to quantify individual contribu-
tions. Features considered but not included in
the final system are Part-of-Speech distributions
and Flesch—Kincaid readability scores, both of
which showed near-zero correlation with plausi-
bility scores on the development set during pre-
liminary exploration.

8 Conclusion

We presented a lightweight, interpretable ap-
proach to word sense plausibility prediction us-
ing hand-crafted features and traditional machine
learning. Our system achieves random perfor-
mance (Spearman p = —0.038), demonstrating
that surface-level features inspired by classical
WSD methods are insufficient for graded sense
plausibility prediction without semantic embed-
dings.

Key findings: Jaccard-based features fail to cap-
ture graded plausibility despite operationalizing
Lesk principles; annotation disagreement provides
no predictive signal; and surface-level features
cannot match even small open-source LLMs with-
out incorporating semantic representations.

Future research: Adding transformer-
based contextualized embeddings as additional
features—such as cosine similarity between
BERT or RoBERTa representations of sense
definitions and story contexts—could improve
performance to 0.65-0.70 while retaining in-
terpretability. Larger embedding models (e.g.,
text-embedding-3-large, e5-mistral-7b-instruct)
were not evaluated in this work due to submission
time constraints, but represent a natural extension
that would directly address the surface-level
limitation of our Jaccard features.

This negative result demonstrates that graded
word sense plausibility requires deep semantic
representations beyond surface lexical overlap, es-
tablishing an important baseline for future work
incorporating contextualized embeddings.

Limitations

Semantic representations. Our method does
not incorporate semantic embeddings (BERT,
RoBERT?2) to represent word meanings in context,
rather than just surface overlap.

Uncertainty modelling. Our system predicts
scalar point estimates and does not model the full
distribution of plausibility scores. Approaches
such as Gaussian process regression or quantile
regression could better capture annotator uncer-
tainty, which is a meaningful signal in this task
given Krippendorff’s a = 0.506.

Novelty scope. This work is primarily an em-
pirical and systems contribution: it demonstrates
the limitations of classical features compared
to neural models, establishing that surface-level
features cannot match even small open-source
LLMs without semantic embeddings. Architec-
tural novelty—such as new model families or
learning objectives—is not claimed; the contribu-
tion lies in the feature design, the perspectivist
meta-feature, and the empirical analysis of the
homonym-based performance gap.

Hyperparameter tuning. We did not
hyperparameter-optimize or systematically ablate
features, leaving room for further improvement.

Generalisability. Evaluation is limited to the
AmbiStory dataset; performance on other graded
WSD benchmarks is unknown.

Ethical considerations. The AmbiStory dataset
is constructed from fictional short narratives and
does not contain sensitive personal information.
We use the dataset solely for academic evaluation
purposes. We foresee no direct misuse risks from
this work beyond those inherent to general natural
language processing research.
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A Prediction Distribution

Score Range Count Percentage
1.0-2.0 10 1.1%
2.0-3.0 135 14.5%
3.0-4.0 729 78.4%
40-5.0 56 6.0%
Total 930 100%

Table 3: Distribution of test predictions over the 1-
5 rating scale. The system displays conservative be-
havior, placing 78.4% of its predictions in the middle
range.
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