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Abstract

Word sense disambiguation (WSD) is a foun-
dational task in natural language processing.
Recent research has reformulated WSD for
large language models (LLMs) as a generative
task, where the model produces a definition to
convey the intended meaning of an ambiguous
word in context. In practice, most existing ap-
proaches implement this formulation through
straightforward supervised fine-tuning, which
tends to prioritize superficial context-to-gloss
memorization over true contextual sense dis-
crimination, leading to degraded performance
on less frequent senses (LFS), particularly in
unseen settings. To address this issue, we pro-
pose WSDPO, a training framework for gen-
erative WSD with chain-of-thought (CoT) and
preference optimization. WSDPO consists of
three stages: (1) disambiguation-aware CoT
construction, which produces training data con-
taining explicit disambiguation steps for the
later stage; (2) disambiguation-guided super-
vised fine-tuning, which explicitly trains the
model to discriminate word sense before gen-
erating the final definition; and (3) preference-
based optimization, which further strengthens
the model’s ability to generate sense-faithful
definitions by optimizing it using preference
pairs constructed from multiple sampled CoT
outputs. Extensive experiments across bench-
mark datasets and multiple backbone LLMs
demonstrate that WSDPO achieves substantial
performance gains on rare and unseen settings,
and exhibits strong generalization in standard
evaluation settings.'

1 Introduction

Word sense disambiguation (WSD) is a longstand-
ing and fundamental task in natural language pro-
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'The source code, datasets, and models are publicly avail-
able at https://github.com/KunpengKang/WSDPO.

Context: Inyesterday 's second game Short had soon obtained a slight
advantage playing with the white pieces, but as the players again ran short of
time Karpov obtained strong counterplay on the queenside.
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Figure 1: Challenge of direct-SFT LLMs in generative
WSD. The original LLM is able to generate a definition
that matches the intended sense in context, whereas the
direct-SFT LLM tends to output a memorized gloss
that is inconsistent with the context. Obviously, Direct-
SFT weakens the LLM’s disambiguation ability on low
frequency and unseen senses.

cessing, aiming to identify the correct meaning of
a polysemous word in the given context (Navigli,
2009; Zhang et al., 2025¢; Navigli, 2026). WSD
is crucial for semantic understanding and directly
affects the performance of downstream tasks such
as machine translation (Tran et al., 2025), senti-
ment analysis (Zhang et al., 2023), and information
retrieval (Dadure et al., 2024).

Recently, large language models (LLMs) have
demonstrated substantial progress across a range
of high-level reasoning tasks, including code gen-
eration (Zhang et al., 2025b), mathematical rea-
soning (Yu et al., 2025), and Text-to-SQL (Liu
et al., 2025). However, this progress does not fully
translate to fine-grained semantic understanding in
language, where WSD remains a persistent chal-
lenge (Kocon et al., 2023; Meconi et al., 2025). Fol-
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lowing this formulation, most existing approaches
adopt supervised instruction tuning to map target
words in context directly to their corresponding
sense definitions (Yae et al., 2025; Zhang et al.,
2025¢).

Existing generative WSD approaches predomi-
nantly rely on supervised instruction tuning (Zhang
et al., 2025d), which directly maps target words
in context to their corresponding sense defini-
tions. For example, (Periti et al., 2024) apply in-
struction tuning with parameter-efficient adaptation
to enable LLMs to generate definitions. Subse-
quent work extends this paradigm to multilingual
and cross-lingual settings, investigating the gen-
eralization of definition generation across 22 lan-
guages (Periti et al., 2025).

Although significant progress has been made, ex-
isting generative WSD methods still suffer from a
critical limitation. They mainly rely on supervised
fine-tuning (SFT) to directly generate glosses for
ambiguous words, without explicitly modeling the
reasoning process underlying sense disambigua-
tion. In practice, however, definition generation is
not a single-step mapping from context to gloss,
but a two-stage process that first disambiguates the
ambiguous word by explicitly identifying its in-
tended sense, and then generates the corresponding
definition (Zhang et al., 2025¢).

However, existing generative WSD approaches
fail to explicitly model this reasoning process, bi-
asing direct SFT toward frequent gloss recall and
resulting in degraded performance on less frequent
senses (LFS) and unseen senses. For instance, as il-
lustrated in Figure 1, during supervised fine-tuning,
the direct-SFT LLM is exposed to the target word

“pieces” paired with the gloss “a separate part of a

whole”, while the gold gloss “game equipment con-
sisting of an object used in playing certain board
games” is never observed. As a result, the direct-
SFT model fails on this case by reproducing the
only gloss it has been trained on, rather than gener-
ating a contextually appropriate definition.

To address this issue, we introduce WSDPO, a
novel generative WSD training framework with
chain-of-thought (CoT) and preference optimiza-
tion. WSDPO guides the model from disambigua-
tion to sense-faithful definition generation through
a sequence of carefully designed stages. First, it
constructs disambiguation-aware chains-of-thought
(CoT), which produces training data containing
explicit disambiguation steps for the later stage,
thereby decoupling sense identification from def-

inition generation and providing clear supervi-
sion for both tasks. Building on this foundation,
the model is then fine-tuned in a disambiguation-
guided manner, explicitly training it to discriminate
among word senses before producing the final defi-
nition, which strengthens its inherent disambigua-
tion capability rather than encouraging superficial
context-to-gloss memorization. Finally, WSDPO
employs preference-based optimization, refining
the model’s behavior by ranking multiple CoT out-
puts and encouraging it to favor sense-faithful defi-
nitions over those that are merely frequent or mem-
orized. Together, these stages create a cohesive
training process that systematically enhances the
model’s ability to generate contextually accurate
and semantically faithful definitions.

The main contributions of our work are summa-
rized as follows:

* We propose WSDPO, a novel training
framework for generative WSD with CoT-
augmented preference optimization. WSDPO
is the first to explicitly model the two-stage
reasoning process and to align model behav-
ior toward producing sense-faithful definitions
through preference optimization.

* We introduce disambiguation-aware CoT con-
struction for generative WSD, which decom-
poses definition generation into explicit dis-
ambiguation and generation steps to better
reflect the two-stage reasoning process. We
further incorporate preference-based optimiza-
tion into generative WSD, optimizing the
model over preference pairs to further encour-
age sense-faithful definition generation.

* We conduct extensive experiments on multi-
ple benchmark datasets and backbone LLMs
under regular, LFS, unseen word, and unseen
definition settings. Results demonstrate that
WSDPO can achieve strong overall perfor-
mance, with particularly pronounced gains in
long-tail scenarios.

2 Related Work
2.1 Generative WSD

Word sense disambiguation aims to determine the
correct meaning of the target word in the context.
Although existing LLM-based approaches enhance
WSD performance through such as multi-agent de-
bate (Zhang et al., 2025a) and knowledge distilla-
tion (Ming et al., 2025), they still treat WSD as
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a label classification problem, which constrains
the model to predefined sense inventories instead
of generating contextualized definitions, limiting
its ability to generalize beyond fixed label spaces
and to capture fine-grained semantic variations in
context, thereby underutilizing the semantic reason-
ing and generative capabilities of LLMs (Navigli,
2026). To overcome this limitation, a more natural
formulation is to prompt models to directly gener-
ate sense definitions. Although prior work in this
formulation typically treats the task as pure defini-
tion generation, directly learning a mapping from
context to gloss, it inherently requires resolving
the target word’s sense before generation, making
it fundamentally a generative WSD task. Most
existing approaches train models to directly gener-
ate the gold gloss from context. Early work fine-
tunes instruction-tuned encoder—decoder models
on lexical resources and dictionary corpora (Giu-
lianelli et al., 2023), and subsequent studies scale
this paradigm to larger decoder-only LLMs using
parameter-efficient fine-tuning on multiple dictio-
nary datasets (Periti et al., 2024). More recent
efforts extend definition generation to multilingual
settings (Periti et al., 2025) and further explore
explaining novel word senses using open-weights
LLMs (Fedorova et al., 2025). However, these
paradigms perform well on most frequent senses
but degrade on rare and unseen cases, as they pri-
marily reproduce glosses from context. We address
this limitation by introducing an explicit disam-
biguation step during training.

2.2 Long-tail WSD

One of the major challenges in Word Sense Dis-
ambiguation (WSD) is the data sparsity induced
by the Zipfian distribution of senses in natural lan-
guage (Kilgarriff, 2004). Previous work has at-
tempted to mitigate this problem by constructing
specialized datasets or tasks for rare and zero-shot
senses (Holla et al., 2020; Blevins et al., 2021;
Barba et al., 2021; Yoon et al., 2022), enriching
sense representations with external lexical knowl-
edge (Kumar et al., 2019; Scarlini et al., 2020; Buda
et al., 2018; Zhang and Li, 2025), or modifying the
learning process to better account for less frequent
senses (Su et al., 2022). However, most existing
studies address long tail effects in classification-
based WSD settings, whereas little attention has
been paid to long tail challenges in LLM-based
generative WSD.

3 Method

In this section, we begin by defining the generative
WSD task. Then, we describe the specific strategies
implemented within our framework.

3.1 Task Formulation

Given a context containing an ambiguous target
word, the goal of generative WSD is to gener-
ate a sense definition that corresponds to the in-
tended meaning of the target word in context.
Formally, let the context be a token sequence
C = (w1, w3, ..., wn), and let w; denote the tar-
get word occurring at position ¢. Generative WSD
is formulated as a conditional text generation task,
where the model produces a definition sequence
y = (y1,Y2,...,yr) conditioned on C, which is
formulated as

y = LLM(C), )]

where y represents the intended sense of wy in the
given context.

3.2 WSDPO Architecture

As shown in Figure 2, the WSDPO framework
consists of three main stages: (1) disambiguation-
aware CoT construction, (2) disambiguation-
guided supervised fine-tuning, and (3) preference-
based optimization. First, given a training instance,
a strong LLM is prompted to construct CoT traces,
where each trace contains both the disambiguation
process and the generative definition of the ambigu-
ous word in context. The generated traces are then
filtered through a quality assessment procedure,
yielding a set of CoT-enhanced training instances.
Next, the filtered CoT-enhanced data is used for su-
pervised fine-tuning, enabling the model to better
internalize the two-step generative WSD process:
first performing sense disambiguation and then gen-
erating definition. Finally, to further strengthen
the model’s ability to produce sense-faithful defini-
tions, we perform preference optimization on the
SFT model. Multiple candidate outputs are sam-
pled from the model to construct preference pairs,
which are compared by quality, and the model is
then optimized using the resulting preference sig-
nals. In the following sections, we provide a de-
tailed description of these stages.

3.2.1 Disambiguation-Aware CoT
Construction

In our framework, the disambiguation-aware CoT
construction stage prepares the training data for the
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Figure 2: Overview of the training framework for generative WSD via Chain-of-Thought and Preference Opti-
mization. The framework consists of three stages: (1) Disambiguation-aware CoT construction, where we directly
construct CoT traces and filter them through score-based quality evaluation; (2) Disambiguation-guided supervised
fine-tuning, where the model is trained on the filtered CoT traces; and (3) Preference-based optimization, where
multiple CoT outputs are sampled to construct preference pairs and the model is optimized using DPO.

subsequent stage by explicitly modeling the two-
stage reasoning process involved in sense disam-
biguation prior to definition generation. To avoid
the high cost of human annotation, we employ an
LLM to automatically generate CoT traces that ex-
plicitly include the sense disambiguation process
for existing WSD datasets.

Specifically, each training instance consists of
a context C, a target word wy, and its gold
gloss. Given this input, we use Qwen2.5-72B-
Instruct (Qwen et al., 2024) to generate K di-
verse CoT traces that approximate the two-stage
reasoning process, where the model first identi-
fies the intended sense in context and then gen-
erates the corresponding definition. Although
the gold gloss is provided to the CoT construc-
tor as supervision, the generated CoT traces may
vary in quality. Therefore, we assess the qual-
ity of each CoT trace by measuring the DGQS
score (Zhang et al., 2025¢) between the final gen-
erated gloss and the gold gloss, and we filter out
low-quality CoT traces accordingly. The result-
ing high-quality CoT traces are then used to con-
struct the CoT-augmented dataset for subsequent
disambiguation-guided supervised fine-tuning and
preference-based optimization. The prompts used
for disambiguation-aware CoT construction and
examples of the generated CoT traces are provided
in Appendix A.

3.2.2 Disambiguation-Guided Supervised
Fine-Tuning

After obtaining the filtered CoT-augmented train-

ing dataset from the previous stage, we perform

supervised fine-tuning on this data. This stage aims

to encourage the model to internalize a two-stage
reasoning pattern, where it first performs sense dis-
ambiguation and then generates the corresponding
definition, thereby improving its generalization to
rare senses and unseen cases.

For each training instance, the user input prompt
contains the context C' and the target word w;. The
assistant output sequence is given by the filtered
CoT trace, which includes both the disambiguation
step and the definition generation step, reflecting
the two-stage reasoning process observed in human
interpretation. We denote the user input prompt as
p and the assistant output CoT trace as ¢. The SFT
objective is defined as a conditional next-token
prediction loss:

Lspr = _E(p,t)N’Ds [log Tpase (t | p)] , (2

where Ds denotes the CoT-enhanced supervised
training set, p is the user prompt, ¢ is the target
CoT trace, and Ty, represents the pretrained LLM.
After SFT, we obtain the model 7sgr, which serves
as the reference model for subsequent preference-
based optimization. Details of the prompt format
and CoT data is provided in Appendix B.

3.2.3 Preference-Based Optimization

At this stage, we address a limitation of supervised
fine-tuning, namely that it does not consistently
encourage the model to prefer higher-quality out-
puts over inferior ones (Zhang et al., 2025b; Qi
et al., 2025). To further strengthen the model’s abil-
ity to produce sense-faithful definitions, we apply
Direct Preference Optimization (DPO) (Rafailov
et al., 2023), encouraging it to favor sense-faithful
definitions over those that are merely frequent or
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memorized. A supplementary discussion on the me-
chanics of DPO, focusing on its loss formulation,
implicit reward modeling, and token-wise credit
assignment, can be found in Appendix C.

Preference Pair Construction. DPO requires a
preference dataset consisting of paired positive and
negative responses. In our setting, each preference
instance consists of a prompt and a pair of CoT
traces, including a positive and a negative example.
Specifically, for each training instance, we sample
N distinct CoT traces from the reference model
msrr conditioned on the prompt. From each gen-
erated CoT trace, we extract the predicted gloss
using regular expressions and compute its DGQS
score (Zhang et al., 2025¢) with respect to the gold
gloss. The CoT traces corresponding to the same
input are then ranked according to their DGQS
scores. The trace with the highest score is selected
as the positive example, while the trace with the
lowest score is selected as the negative example.

Preference-Based Optimization Objective.
DPO optimizes the policy to prefer higher-quality
CoT traces over inferior ones, while implicitly
regularizing the policy to stay close to the reference
model 7gpr. Formally, given a prompt p that
includes the context C' and the target word wy, we
denote the preferred and dispreferred CoT traces
as t1 and ¢, respectively. The loss function is
defined as:

Lopo = —Ep i+ t-)~Dp
mppo(tT | p) mopro(t™ | p))
logo | Blog ————~ — Blog ———— |,
& </8 s wsrr(tt | p) . mseT(t™ | p)

3)
where Dp denotes the preference dataset, o (-) is the
sigmoid function, 3 is a hyperparameter controlling
the strength of the implicit KL regularization, mspr
is the reference model obtained via supervised fine-
tuning, and 7ppo is the optimized model initialized
from mgpr.

4 Experimental Setup
4.1 Datasets

Training dataset. We use SemCor (Miller et al.,
1993) as the base training corpus. SemCor con-
tains 33,362 sentences and 226,036 target word
instances, each manually annotated with WordNet
3.0 senses.

Evaluation datasets. To evaluate performance
on less frequent senses and on unseen words and

definitions, we follow previous work (Barba et al.,
2021) to derive several evaluation subsets (LFS,
0-lex, 0-lex-def, and O-def) from the ALL bench-
mark (Raganato et al., 2017) and include additional
challenge benchmarks.

* LFS: a subset of the ALL dataset containing
instances whose annotated sense is not the
most frequent sense of the target word but has
appeared at least once in the training corpus.
It is used to evaluate model performance on
less frequent senses.

* 0-lex: a subset of the ALL dataset containing
instances whose target lexeme never appears
as a target word in the training corpus. It
is used to evaluate generalization to unseen
words.

0-lex-def: a subset of the ALL dataset contain-
ing instances where the target lexeme appears
in the training corpus, but the associated defi-
nition has never been observed for that lexeme.
It is used to evaluate generalization to unseen
sense definitions of seen words.

* 0-def: a subset of the ALL dataset containing
instances whose definitions have never been
seen during training, regardless of whether
the lexeme itself appears in the corpus. It
is used to evaluate generalization to unseen
definitions.

* 42D (Maru et al., 2022): a manually curated
challenge set spanning 42 distinct text do-
mains, containing senses that are absent from
SemCor and are not the most frequent in
WordNet. It is used to evaluate strong general-
ization to real-world rare and unseen senses.

* ALL (Raganato et al., 2017): a unified WSD
benchmark aggregating Senseval-2 (Edmonds
and Cotton, 2001), Senseval-3 (Snyder and
Palmer, 2004), SemEval-2007 (Pradhan et al.,
2007), SemEval-2013 (Navigli et al., 2013),
and SemEval-2015 (Moro and Navigli, 2015).
It is used to assess regular WSD performance.

4.2 Evaluation Metrics and Baselines

The evaluation of our models on the aforemen-
tioned test datasets is conducted using the RoDE-
val metric suite (Zhang et al., 2025¢). To as-
sess definition generation quality, we adopt two
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Models LFS 0-lew 0-lew-def 0-def 42D ALL
DGQS R-1 DGQS R-1 DGQS R-1 DGQS R-1 DGQS R-1 DGQS R-1
Direct-SFT Models
LLaMAZ2-Dictionary 54.80 16.73 69.99 22.35 53.19 15.07 60.13 18.17 62.18 21.12 62.84 20.25
LLaMA3-Dictionary 54.86 16.25 70.10 23.58 53.55 15.28 60.48 18.56 61.71 20.68 62.47 19.54
LlamaDictionary-en 4896 11.92 66.32 18.76 47.41 11.64 55.02 14.24 56.18 14.37 57.78 14.95
LlamaDictionary-sv-de-en 48.80 10.54 68.66 16.50 48.49 11.20 57.21 13.35 56.45 14.28 57.72 13.60
LlamaDictionary-it-es-pl-sv-ru-de-fr-en 51.96 11.58 70.44 17.26 51.98 11.49 60.23 13.84 58.40 14.17 61.15 14.69
LLaMA3.2-3B-Instruct
Base 51.80 14.01 64.47 17.48 51.99 13.82 56.64 15.58 56.23 16.86 58.69 17.13
+ Direct SFT 58.94 3430 65.70 29.42 48.24 1896 56.19 23.90 53.77 22.65 82.67 70.13
+ CoT-enhanced SFT (ours) 69.67 47.11 69.92 31.82 55.46 23.50 62.84 26.91 58.73 24.02 80.40 62.39
+ CoT-enhanced SFT + DPO (ours) 71.00 47.43 72.70 32.33 56.57 23.43 64.39 28.47 60.34 25.70 82.32 64.61
Owen2.5-3B-Instruct
Base 53.76 10.86 67.09 17.75 52.90 10.84 60.02 13.89 54.38 12.55 58.37 1291
+ Direct SFT 64.06 40.35 66.94 29.52 52.08 21.50 58.39 24.42 53.59 23.01 83.00 70.74
+ CoT-enhanced SFT (ours) 69.44 46.12 68.53 30.47 55.54 22.84 61.60 26.18 59.28 24.44 80.92 63.03
+ CoT-enhanced SFT + DPO (ours) 68.57 45.17 7091 31.04 55.82 23.38 62.54 26.87 59.15 23.59 81.53 63.92

Table 1: Best scores are shown in bold, and second-best scores are underlined. Results are reported using DGQS and
R-1 across datasets. Direct SFT models are evaluated under their original settings without access to our training data.
For instruction-tuned LLMs, we implement Direct-SFT following prior work as a strong baseline, and compare it
with our proposed CoT-enhanced SFT and CoT-enhanced SFT + DPO.

complementary metrics: the Definition Genera-
tion Quality Score (DGQS) and ROUGE-1 (R-1).
We adopt DGQS as the primary evaluation metric,
since conventional generation metrics implicitly
assume a single “correct” definitional form and
overlook the inherent diversity of natural language
expressions, leading to systematic underestimation
of LLMs’ definition generation capability. (Zhang
et al., 2025c¢).

We compare our approach with two baseline set-
tings: (i) the original instruction-tuned base LLMs
evaluated under a zero-shot prompting setting, and
(ii) Direct SFT models, representing the supervised
training paradigm used in prior generative WSD
work. Further implementation details and model
specifications are provided in Appendix D.

4.3 Implementation Details

We  conduct  experiments using  two
instruction-tuned base LLMs, LLaMA3.2-
3B-Instruct’> (Grattafiori et al., 2024) and

Qwen2.5-3B-Instruct’ (Qwen et al., 2024), repre-
senting different model families. All models are
evaluated under identical settings, with definition
quality measured using the RoDEval evaluation
framework (Zhang et al., 2025¢). We adopt greedy
decoding with temperature set to O to ensure de-

https://huggingface.co/meta-1lama/Llama-3.
2-3B-Instruct

3https://huggingface.co/Qwen/QwenZ.
5-3B-Instruct

terministic generation and fair comparison across
models and datasets. Additional implementation
details are provided in Appendix E.

5 Results and Analyses

5.1 Main Results

Table 1 reports detailed experimental results across
LFS, unseen word, unseen definition, 42D, and
ALL benchmarks.

Across both backbone LLMs, our method consis-
tently outperforms the base model and Direct SFT
on all evaluation settings, with the most substan-
tial gains appearing on LFS and unseen definition
datasets. On LLaMA3.2-3B-instruct, our approach
improves DGQS by 12.06 on LFS and 8.33 on
0-lex-def, while on Qwen2.5-3B-instruct it yields
gains of 5.38 on LFS and 3.74 on 0-lex-def. Our
method also achieves the best performance on 42D
and maintains strong overall results on ALL. Since
DGQS gains are consistently larger than R-1 gains,
the improvements mainly reflect stronger semantic
consistency at the sense level rather than increased
lexical overlap with the gold gloss. This aligns with
the goal of generative WSD, namely producing def-
initions that express the intended sense rather than
reproducing surface lexical forms.

A comparison between different training stages
further clarifies the contribution of each component.
CoT-enhanced SFT already brings clear DGQS
gains over Direct SFT, especially on LFS and 0-lex-
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def, indicating that explicitly supervising the dis-
ambiguation process helps the model better handle
less frequent senses that are only sparsely observed
during training. When DPO is added on top of SFT,
we observe additional and often larger improve-
ments under unseen word and unseen definition
settings. This suggests that preference optimization
encourages the model to select CoT traces that are
more likely to lead to the correct sense definition,
which results in more reliable definition generation
and stronger robustness, especially in cases that are
not covered by supervised learning alone. Overall,
the results suggest a complementary relationship
between the two stages: SFT helps the model learn
to identify the correct sense through explicit super-
vision, while DPO further strengthens the tendency
to choose sense-consistent reasoning paths during
generation.

Across different evaluation splits, the perfor-
mance gains differ between LFS, unseen word, and
unseen definition settings. The largest gains appear
on LFS, showing that our method enhances the abil-
ity to distinguish less frequent senses rather than
overfitting to the most frequent ones. On 0-lex and
0-def, the improvements are smaller in absolute
magnitude but remain stable across backbones, in-
dicating that the model generalizes better to unseen
words and unseen definitions without relying on
memorized dictionary entries. Strong performance
on 42D, which contains senses entirely absent from
SemCor, further confirms that the learned disam-
biguation behavior transfers to truly unseen sense
situations.

We also compare our method with dictionary-
trained and multilingual Direct SFT models. These
models benefit from broader lexical coverage and
indeed improve performance in some unseen cases,
but their gains are less pronounced on LFS and
unseen-definition subsets, where disambiguation
ability is more critical. In contrast, our method
achieves larger DGQS improvements without in-
troducing any additional training data, suggesting
that its effectiveness stems from learning stronger
sense disambiguation behavior rather than from
expanded definition exposure.

5.2 Influence of CoT Quality Filtering

Table 2 reports the results of training WSDPO with
and without filtering low-quality CoT traces. We
observe that filtering generally brings consistent im-
provements over the unfiltered setting under both
SFT and SFT+DPO. The gains are particularly no-

table on the LFS split, where the DGQS score in-
creases from 62.60 to 66.34 under SFT and from
64.53 to 66.59 under SFT+DPO. This suggests that
removing noisy or misleading CoT traces provides
cleaner disambiguation supervision and helps the
model better handle less frequent senses that are
only sparsely observed during training. At the same
time, we also note that the unfiltered setting some-
times yields slightly better performance on unseen
senses, which indicates that retaining a more di-
verse set of disambiguation traces may improve the
model’s robustness in out-of-distribution scenarios.

Compared with SFT, the gains from filtering are
smaller after applying DPO, indicating that pref-
erence optimization already mitigates part of the
noise in low-quality CoT traces because preference
optimization encourages the model to favor higher-
quality reasoning paths. Even so, the best perfor-
mance is still obtained when filtering and DPO are
used together, showing that the two mechanisms
are complementary.

Datasets \ Base Vithout Filtering with Filtering

\ SFT SFT+DPO SFT SFT+DPO
LFS |[51.80 6260 6453 6634  66.59
O-lex | 6447 6663  67.69  67.94  68.63
O-lex-def | 51.99 5518 5655 5457  55.62
O-def | 56.64 6099 6239 6239  62.27
42D | 5623 5998  61.66 5995  60.29
ALL | 5869 6890 7268 7674  77.63

Table 2: DGQS comparison of WSDPO models trained
with CoT traces under settings with and without filter-
ing. Filtering removes low-quality CoT traces before
training. All experiments use LLaMA3.2-3B-Instruct
with 50k training samples.

5.3 Data Scaling Law for WSDPO

To study the effect of training data size on WSDPO,
we conduct a data scaling experiment by training
the model on subsets of the CoT-augmented corpus
(25k, 50k, and the full set). The models are evalu-
ated on splits with different distribution properties,
and the results are reported in Table 3.

We observe that increasing the amount of train-
ing data yields steady DGQS gains on the LFS
split, suggesting that additional CoT supervision
helps the model better handle less frequent senses
that are seen during training. The All benchmark
shows a similar upward trend, which is consistent
with the fact that most definitions in this split are
covered by the training data. In contrast, on splits
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Model | LFS  0-lex 0O-lex-def 0O-def 42D ALL
Base |51.80 6447 5199 5664 5623 58.69
25k | 6466 7030 5625 6279 58.62 74.66
S0k | 6659 68.63 5562 6227 6029 77.63
Full | 7100 7270 5657 6439 60.34 82.32

Table 3: DGQS results on LLaMA3.2-3B-Instruct
across six benchmark datasets. The Base model is the
original instruction-tuned model, and the 25k / 50k /
Full rows report WSDPO trained with different data
scales.

involving unseen words or unseen definitions (0-
lex, O-lex-def, and 0-def), even a relatively small
subset of training data already brings substantial
improvements over the base method, while further
increasing the data size yields smaller additional
gains. This suggests that WSDPO benefits not
mainly from broader exposure to training glosses,
but rather from the disambiguation supervision pro-
vided by the CoT traces. Taken together, these
results reveal a complementary scaling pattern: for
less frequent but still seen senses, performance con-
tinues to improve as more training data is used; for
unseen words and unseen definitions, most of the
benefits can already be obtained with a relatively
small amount of CoT-based supervision, showing
that WSDPO remains effective even under limited
training data.

5.4 More Data Strengthens Frequency Bias in
Direct SFT

To better understand how different training
paradigms behave on LFS instances, we conduct a
fine-grained analysis of the definitions generated
by Direct SFT and CoT-enhanced SFT models.
Rather than merely distinguishing between mem-
orized and novel definitions, we further provide
a fine-grained categorization of memorized out-
puts based on the relative frequency of the recalled
gloss in the training corpus. Specifically, we di-
vide them into four categories: (1) Memorized
Higher-Frequency, where the recalled gloss appears
more frequently than the gold gloss; (2) Mem-
orized Equal-Frequency; (3) Memorized Lower-
Frequency; and (4) Novel Definition Generation,
where the model produces a definition that has
not previously appeared in the training data. This
more detailed decomposition enables us to examine
whether the model exhibits a tendency to preferen-
tially revert to more frequent sense interpretations
when confronted with LFS instances, rather than

Memorized vs. Novel Definitions
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Figure 3: Behavioral analysis of memorized and novel
definition generation on the LFS dataset. The upper
panel reports the proportions of these output types,
while the lower panel presents the average DGQS for
each type.

genuinely discriminating rare senses.

The upper part of Figure 3 shows the distribution
of these output types. Direct SFT models produce
a substantially larger proportion of Memorized-
Higher-Frequency cases, indicating a bias toward
replacing rare senses with more frequent ones. In
contrast, the CoT-enhanced SFT model reduces re-
liance on higher-frequency memorized glosses and
generates more novel definitions, suggesting that it
better preserves sense distinctions for rare senses.
The lower part of Figure 3 reports DGQS scores
within each category. While the two paradigms
behave similarly when the recalled gloss has equal
frequency, Direct SFT exhibits lower DGQS on
Memorized-Lower-Frequency and Novel Definition
Generation cases. This indicates that increasing
training data under Direct SFT primarily strength-
ens memorization of frequent glosses, while provid-
ing limited improvement in sense interpretation for
rare senses, whereas our CoT-enhanced paradigm
yields higher-quality novel definitions for LFS in-
stances.

A similar analysis on unseen definition settings
is provided in Appendix G.

5.5 Case Study

To better demonstrate the effectiveness of our
framework, we present a qualitative case study
comparing our model with the Direct SFT base-
line on a representative example.

Table 4 shows an instance where correctly in-
terpreting the target word requires going beyond
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a general definition and incorporating contextual
cues. In this example, the golden reference defines
disciplined as “obeying the rules”. However, the
context discusses educational philosophy, where
disciplined more precisely refers to instruction that
is strictly structured and regulated.

Context: “The whole notion of creativity in education
was (and is) part and parcel of a romantic rebellion against
disciplined instruction, which was (and is) regarded as au-
thoritarian, a repression and frustration of the latent talents
and the wonderful, if as yet undefined, potentialities inher-
ent in the souls of all our children.”

Target Word: disciplined
Golden Reference: obeying the rules

Our: characterized by strict structure and regulation

Table 4: An example instance where the context requires
a more specific semantic interpretation than the concise
reference gloss.

For this example, the Direct SFT model gener-
ates “obeying the rules”, achieving a DGQS of 1.00.
In contrast, our model produces “characterized by
strict structure and regulation”, which more accu-
rately captures the notion of disciplined instruction
in this context but receives a lower score of 0.80.

This contrast shows that Direct SFT tends to
reproduce memorized glosses that match the refer-
ence form but may overlook context-specific mean-
ing, whereas our model generates more contex-
tually faithful definitions, reflecting the diversity
of valid sense expressions. It also reveals a limita-
tion of metric-based evaluation: metrics are heavily
dependent on a single reference gloss, which can
penalize semantically valid predictions that deviate
from it, even when they better reflect the context.
This suggests that effective generative WSD re-
quires explicit sense disambiguation rather than
surface-level gloss matching.

6 Conclusion

In this paper, we focus on key limitations that con-
strain current progress in generative WSD. Existing
approaches typically formulate the task as a single-
step mapping from context to gloss, which does
not align with the two-stage process underlying
human sense interpretation and definition gener-
ation. To address this issue, we propose a train-
ing framework for generative WSD with Chain-of-
Thought augmented preference optimization. The
framework explicitly models the two-stage rea-
soning process, in which sense disambiguation is

performed first and definition generation follows,
and employs preference optimization to further
strengthen model performance. Extensive experi-
ments demonstrate that WSDPO achieves substan-
tial performance gains in rare and unseen settings,
while also exhibiting strong generalization under
standard evaluation conditions. In future work, we
plan to explore more efficient training frameworks
to reduce token generation overhead, further im-
prove training efficiency, and extend the approach
to broader semantic reasoning and definition gener-
ation scenarios.

Limitations

Although this work is the first to propose a train-
ing framework for generative WSD with Chain-of-
Thought and Preference Optimization and demon-
strates consistent performance gains over existing
training paradigms, it still has several limitations.
First, by explicitly decoupling the generative WSD
process into disambiguation and definition genera-
tion, our framework introduces longer outputs and
additional reasoning steps, which may lead to in-
creased inference latency. Second, we have not yet
applied the framework to larger-scale LLMs due to
computational and resource constraints, and thus its
scalability to larger models remains to be system-
atically evaluated. Third, current evaluation met-
rics largely rely on a single reference gloss, which
may underestimate LLMs’ performance when mul-
tiple semantically valid definitions exist. In future
work, we plan to explore more robust evaluation
strategies that better capture semantic diversity and
contextual appropriateness.
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A Chain-of-Thought Traces

The prompt used for constructing the disambigua-
tion process, together with representative step-by-
step Chain-of-Thought (CoT) traces generated dur-
ing definition generation, is provided in this sec-
tion.

A.1 Prompt for CoT Construction

Table 9 shows the prompt template used for CoT
construction. In our design, the gold gloss is pro-
vided as the target definition during CoT construc-
tion. This guidance encourages the model to pro-
duce coherent and diverse reasoning paths during
sampling, while keeping the final output aligned
with the intended sense.

A.2 Constructed Chain-of-Thought Trace

An illustrative CoT trace generated by Qwen2.5-
72B-Instruct on a SemCor instance is shown in Ta-
ble 10. The trace begins by identifying the approx-
imate sense based on contextual cues, followed by
a step-by-step analysis of the surrounding context,
and finally derives a definition that is consistent
with the intended usage in context.

A.3 Samples from the CoT-Enhanced Model

We further provide an example from the 42D
split, comparing the responses generated in
the disambiguation-guided supervised fine-tuning
stage and in the preference-based optimization
stage. The outputs from the SFT model and the
SFT+DPO model are shown in Table 11. In this ex-
ample, the SFT+DPO model produces a more com-
plete reasoning process, in which the model con-
siders the syntactic role of the target word and inte-
grates relevant contextual and background knowl-
edge, thereby correcting the shallow and surface-
level interpretation produced by the SFT model.

B Training Data Details

In this section, we report the data scale and con-
struction details used in the disambiguation-guided
supervised fine-tuning and preference-based op-
timization stages, including the number of CoT
traces generated and the effect of quality filtering.

B.1 Disambiguation-Guided Supervised
Fine-Tuning Data

The SemCor dataset contains 226,036 annotated

target-word instances. For each instance, we sam-

ple K CoT traces from the CoT constructor, re-

sulting in an initial CoT-augmented corpus of
1,356,216 synthetic instances. K is set to 6.

However, although the gold gloss is provided
as supervision, the sampled CoT traces vary in
reasoning quality. We therefore compute a DGQS
score for each generated trace and apply quality-
based filtering. As shown in Figure 4, the score
distribution exhibits a clear drop beyond 0.8, so we
retain only traces with DGQS > 0.8.

After filtering, 1,073,399 traces (79.2% of the
generated corpus) are retained as high-quality CoT
supervision and constitute the final training set used
for supervised fine-tuning.

Distribution of DGQS Scores for Generated CoT Traces
99.9% 98.8% H

=
1)
S

90

tering threshold = 0.8

49.0%

Proportion of retained CoT traces (%)

20.0 20.2 204 20.6 20.8 =1.0
DGQS threshold

Figure 4: Distribution of DGQS scores over all sampled
CoT traces. The proportion of retained traces decreases
gradually below 0.8, but drops sharply beyond this point.
We therefore retain only CoT traces with DGQS > 0.8
for training.

B.2 Preference-Based Optimization Data

In the preference optimization stage, we construct
preference pairs from the supervised fine-tuned
model. For each instance in SemCor, we sample
N = 12 CoT traces from the SFT model. For every
sampled trace, we compute its DGQS score with
respect to the gold gloss, and we construct a prefer-
ence pair by selecting the highest-scoring trace as
the preferred response and the lowest-scoring trace
as the dispreferred one. In principle, this procedure
yields 226,036 preference pairs.

However, the effective number of training pairs
is smaller and depends on the backbone model.
During pair construction, we discard instances
whose sampled traces exhibit only negligible
DGQS differences, since such cases provide weak
or noisy preference signals for optimization. Af-
ter filtering, we obtain 221,519 preference pairs
for LLaMA3.2-3B-Instruct and 208,008 pairs for
Qwen2.5-3B-Instruct, which serve as the final
datasets used for DPO training.
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B.3 Prompt Templates Used in SFT and DPO
Training
The same input structure is used across the
disambiguation-guided supervised fine-tuning
(SFT) stage and the preference-based optimization
(DPO) stage. In the SFT stage, the model is trained
to generate a full CoT trace under this prompt for-
mat. In the DPO stage, the same prompt is reused to
sample multiple CoT outputs from the SFT model,
from which preference pairs are constructed.
Using a unified prompt specification ensures that
the model is trained and optimized under a con-
sistent input setting rather than benefiting from
prompt engineering differences. The prompt for-
mats for SFT and DPO are shown in Tables 5 and
6.

Role Content

Please determine the correct def-
inition of the target word in the
context.

Context: <context text>
Target word: <target word>

User

Assistant <filtered CoT trace>

Table 5: Prompt template used for SFT training.

Role Content
Please determine the correct def-
inition of the target word in the
User context.
Context: <context text>
Target word: <target word>
Chosen
. <positive CoT trace>
Assistant P
Rejected <negative CoT trace>
Assistant J

Table 6: Prompt template used for DPO preference-pair
construction.

C Direct Preference Optimization

This section outlines the theoretical framework of
Direct Preference Optimization (DPO), specifically
illustrating the mechanism by which it implicitly
enforces a regularization constraint to prevent the
optimized policy from deviating excessively from
the reference model.

C.1 Learning Objective

In the standard formulation of Reinforcement
Learning from Human Feedback (RLHF) that
includes a Kullback-Leibler (KL) divergence
constraint, the training objective is expressed
as (Ouyang et al., 2022):

maXExND,ywﬂg (y|z) [T¢> (CL‘, Z/)]
o “4)

— BDkL[mo(y | ) || meer(y | )]

In this equation, mf serves as the anchor or ini-
tial model distribution, 7y is the policy currently
being optimized, and r, acts as the explicitly pa-
rameterized reward model.

DPO elegantly bypasses the need for an explicit
reward model by mathematically reparameterizing
the objective. By expressing the optimal policy
directly as a function of the reward, the optimiza-
tion problem transforms into the following differ-
entiable loss function:

o\ Y. X
E (2 ) ~D [loga <5 log 7( wl2)

7Tref(yw ’ 37) (5)
mo(y | ©)
Pl ] x>)]

Within this loss formulation, y,, and ¥; corre-
spond to the preferred and dispreferred sequences,
respectively. The coefficient § dictates the sever-
ity of the KL penalty. Through this setup, DPO
relies solely on a dataset of pairwise preferences,
permitting the policy to be aligned via standard
supervised fine-tuning while matching the effec-
tiveness of traditional RLHF.

C.2 Implicit Reward

A key property of DPO is that the generative policy
inherently acts as its own reward model. For any
specific input-output sequence (x,y), the equiva-
lent implicit reward is calculated as:

mo(y | )
7rref(y | l’)

During the optimization process, improving the
policy 7y is mathematically equivalent to refining
this implicit reward function. Because the for-
mulation computes the reward based on the log-
probability ratio, mr acts as a persistent denomi-
nator. Consequently, the model is inherently penal-
ized if 7y shifts too far from 7. This structural
characteristic perfectly demonstrates how DPO
achieves implicit KL regularization without requir-
ing a standalone divergence penalty term.

ro(z,y) = Blog (6)
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C.3 Token-level Credit Assignment

While the core DPO formulation evaluates the pref-
erence over a complete output sequence, the autore-
gressive structure of the language model allows this
global reward to be mathematically unrolled. Us-
ing the chain rule of probability, the sequence-level
reward can be factored step-by-step:

T

ro(a,y) = 3 Blog W T vc) g

=1 7"'ref(yt ‘ fE)yl:t—l)

This step-wise breakdown enables the derivation
of localized reward signals for individual tokens.
Even though DPO is traditionally supervised using
only full-sequence labels, recent studies indicate
that the model learns to distribute these credit sig-
nals compositionally to crucial tokens during the
generation trajectory (Rafailov et al., 2024). Con-
sequently, this implicit credit assignment produces
dense, token-level reward estimations that can be
exploited for subsequent fine-grained alignment
stages (Zhong et al., 2024).

D Baseline Paradigm Details

For the base paradigm, we directly prompt the orig-
inal instruction-tuned LLMs to generate sense defi-
nitions, using prompt templates consistent with the
RoDEval framework (Zhang et al., 2025c), with-
out any task-specific fine-tuning. This setting re-
flects the intrinsic sense-reasoning and definition-
generation capability of pretrained LLMs.

For the Direct SFT paradigm, we re-implement
the standard supervised fine-tuning strategy under
our dataset and evaluation setup, serving as a strong
baseline. In this paradigm, the model is trained to
directly map a target word in context to its gold
gloss, without explicit disambiguation reasoning or
preference alignment.

Meanwhile, we additionally reference a family
of dictionary-trained definition-generation models
that follow the same direct generation paradigm
but adopt two representative strategies for mitigat-
ing performance degradation on LFS and zero-shot
settings. The first strategy seeks to expand lexi-
cal coverage by exposing the model to a broader
range of sense inventories and definitional for-
mulations. LLaMAZ2-Dictionary and LLaMA?3-
Dictionary (Periti et al., 2024) are trained on
large-scale heterogeneous lexical resources, includ-
ing Oxford Dictionary, WordNet, and Wiktionary,
thereby enriching the distribution and diversity of

definitional knowledge available during supervised
training. The second strategy instead focuses on
expanding linguistic coverage in order to enhance
cross-lingual robustness and sense generalization.
The LLaMADictionary variants (Periti et al., 2025)
are trained exclusively on Wiktionary but differ in
linguistic scope: LlamaDictionary-en uses English-
only supervision, whereas LlamaDictionary-sv-
de-en and LlamaDictionary-it-es-pl-sv-ru-de-fr-
en progressively incorporate multilingual training
signals, enabling definitional transfer across lan-
guages.

Taken together, these models constitute alter-
native approaches within the direct generation
paradigm that alleviate the long-tail and unseen-
sense problem through data-scale and language-
scope expansion, in contrast to our method, which
instead improves sense generalization by restruc-
turing the learning process itself.

E Implementation Details

All experiments are conducted on a server equipped
with four NVIDIA GeForce RTX 4090 GPUs,
each with 24GB of memory. Training is carried
out using the Llama Factory framework (Zheng
et al., 2024) with FlashAttention 2.0 (DeepSeek-Al
et al., 2024), while inference is performed using
vLLM (Kwon et al., 2023). To ensure computa-
tional efficiency, all reported results are obtained
from a single run.

We fine-tune LLaMA3.2-3B-Instruct and
Qwen2.5-3B-Instruct  under two training
paradigms, namely Direct SFT and CoT-
enhanced SFT, using LoRA (Hu et al., 2021) for
parameter-efficient adaptation. The optimizer
is AdamW (Loshchilov and Hutter, 2017) with
default settings. A cosine-decay learning-rate
schedule with linear warmup over the first 5% of
training steps is applied, and the context window is
fixed to 1024 tokens.

Across all training phases, we use a global
batch size of 64. The LoRA configuration is
kept consistent, with rank 8, o = 16, and tar-
get modules q_proj, v_proj, k_proj, o_proj,
gate_proj, up_proj, and down_proj. The learn-
ing rates for the SFT and DPO phases are set to
1 x107*and 1 x 1075, respectively.

Models are trained for 4 epochs during the SFT
stage, and the final checkpoint is selected as the
reference model for DPO. Training then continues
for 6 additional epochs in the DPO stage. During
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Preference Pair Construction, the sampling N is
set to 12, with temperature = 1.0

F Extended Baselines and Ablation
Studies

To thoroughly validate the effectiveness of our pro-
posed WSDPO framework and address the impact
of individual components, we conduct a series of
extended baseline comparisons and an ablation
study on the source of reasoning traces.

F.1 Effectiveness of Explicit CoT Reasoning

To verify the intrinsic value of the two-stage reason-
ing process independent of our fine-tuning frame-
work, we evaluate the unfinetuned base models
using our disambiguation-aware CoT prompts. As
shown in the top block of Table 7, applying CoT
prompting consistently outperforms the standard
zero-shot baseline across most metrics, particularly
for the LLaMA backbone. This confirms that the
“disambiguation-then-generation” paradigm is in-
herently superior to direct generation, thereby vali-
dating our motivation to explicitly distill this rea-
soning capability into the models.

F.2 Comparison with Large-Scale LLMs

To establish a performance upper bound, we further
compare our 3B WSDPO model against massive
unfinetuned models, specifically Qwen2.5-72B-
Instruct and DeepSeek-V3.2. As presented in the
middle block of Table 7, while implicit semantic
understanding naturally scales with model size, our
WSDPO (3B) model significantly closes the per-
formance gap and even surpasses these 70B+ giant
models on specific unseen and long-tail tasks (e.g.,
LFS and ALL). This demonstrates that our training
paradigm efficiently distills disambiguation capa-
bilities, enabling a smaller model to generalize bet-
ter to complex scenarios than much larger generic
models.

Model / Setting LFS  0-lex O-lex-def 0-def

Base Models (Zero-shot vs. CoT)
Qwen?2.5-3B (Zero-shot) 53.76  67.09 51.99 56.64 5438 58.37
Qwen2.5-3B (CoT) 54.56 6391 52.75 57.58 57.64 57.67
LLaMA3.2-3B (Zero-shot)  51.80 64.47 51.99 56.64 5623 58.69
LLaMA3.2-3B (CoT) 56.94 67.35 54.64 6091 6037 61.83

Large-Scale Models (Upper Bound)
Qwen?2.5-72B (Zero-shot) 60.99 72.65 59.43 66.18 6297 67.03
DeepSeek-V3.2 (Zero-shot) 61.17 72.38 59.09 66.15 66.08 67.26

WSDPO (Ours, 3B) 71.00 72.70 56.57 64.39 60.34 82.32

42D ALL

Table 7: DGQS comparison with extended baselines
and large-scale LLMs. “CoT” denotes zero-shot CoT
prompting on unfinetuned base models.

F.3 Ablation Study

Finally, we investigate the impact of the CoT data
source by comparing traces distilled from the 72B
teacher model against those generated via rejection
sampling from the 3B base model itself. As shown
in Table 8, self-sampling yields inferior perfor-
mance, particularly on less frequent senses (LFS).
This indicates that the smaller model struggles to
autonomously generate high-quality, hallucination-
free reasoning paths for difficult instances. Con-
sequently, distilling CoT traces from a stronger
teacher model is crucial to ensuring the quality and
reliability of the reasoning signals.

CoT Source LFS  0-lex O-lex-def 0-def 42D ALL

Self-Sampling (3B) 68.71 71.25 56.78 63.58 60.59 78.67
Distillation (72B) 71.00 72.70 56.57 64.39 60.34 82.32

Table 8: Ablation on the source of CoT traces for the
LLaMA3.2-3B model: Self-sampling vs. Distillation.

G Additional Analysis on Unseen Settings

We further analyze model behavior on unseen word
and unseen definition evaluation splits, including
0-lex, 0-lex-def, O-def, and 42D. For each split, Fig-
ures 5(a)-5(d) report the proportion of Memorized
Definition Recall and Novel Definition Generation,
as well as the average DGQS within each category.

Across these unseen settings, Direct SFT pro-
duces a larger proportion of memorized outputs,
while our CoT-enhanced SFT generates more novel
definitions with higher DGQS. This shows that
our method relies less on recalling previously seen
glosses and is better able to infer the intended sense
from context when the word or the definition does
not appear in the training data.

For the regular dataset ALL (Figure 5(e)), our
method still generates fewer memorized outputs
and yields higher DGQS for novel definitions com-
pared with Direct SFT. This suggests that the model
does not simply repeat stored glosses even when
the gold definition exists in the training corpus, but
instead produces contextually appropriate defini-
tions.

Overall, the results on unseen settings and the
regular setting are consistent with the LFS findings,
and provide further support that our training frame-
work improves sense disambiguation rather than
encouraging memorized gloss reproduction.
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System

You are a senior linguist who specializes in generative word sense disambiguation.
Given a natural language context containing a target word and a reference definition
representing the target word’s correct sense,

your task is to infer the meaning of the target word in that specific context.

You must then generate a clear and natural definition of the target word that fits

the context,

along with a detailed disambiguation process outlining how you resolved any
ambiguity in the target word’s meaning based on the context.

The reference definition is provided solely to support your internal reasoning,

but you must not mention, cite, or refer to it in your process.

Your final definition must be exactly the same as the reference definition or convey
the same meaning.

To facilitate definition extraction using regular expressions, please express your
final definition in the following Markdown format:

“‘Definition
the concise definition of the target word in this context, no extra words

999

User

Context:
Target word:
Reference Definition:

Table 9: Prompt given to CoT construction.
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Context: Do you measure its relation to reduced absenteeism, turnover,
accidents, and grievances, and to improved quality and output?

Target word: output

Reference Definition: production of a certain amount

Constructed Chain-of-Thought Trace

In the given context, the target word "output” is used in a professional or business
setting, where it is being compared to other factors such as absenteeism, turnover,
accidents, and grievances. The term "output" in this context is likely referring to
the production or the amount of work produced by a system or organization.

To disambiguate the meaning of "output" in this specific context, we need to consider
the following:

1. **Contextual Clues**: The context involves the measurement of various aspects of
organizational performance, including "improved quality and output.” This suggests
that "output" is a measure of productivity or production.

2. **Collocation**: The word "output" is often used in business and economic context
to refer to the production of goods or services. The collocation with "improved
quality" further reinforces the idea that "output" is related to the quantity of
production.

3. **Logical Inference**: In a business setting, "output” is typically used to
describe the result of a production process. When discussing improvements, it makes
sense to consider "output" as the amount of goods or services produced.

Given these points, the target word "output” in this context can be clearly defined
as:

“‘Definition
production of a certain amount

999

Table 10: Example of Qwen2.5-72B-instruct generated CoT for an instance of SemCor train set.
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Question: Please determine the correct definition of the target word in the context.

Context: The next felltop reached is Hugh Seat, 2257 feet, the turning point of the walk: high
ground continues but then gradually declines into Wensleydale.

Target word: declines

CoT-enhanced SFT

In the given context, the target word ""declines"" is used to describe the gradual reduction in
elevation as one moves from the high ground to the Wensleydale area. The context suggests a
continuous path that starts at a high point and then gradually decreases in height.

To disambiguate the meaning of ""declines"" in this context, we can consider the following points:
1. **Elevation Change**: The context mentions ""high ground"" and then ""gradually declines,""
indicating a change in elevation.

nn

nn

2. **Directional Movement**: The term ""declines
aligns with the idea of the path getting lower.

suggests a downward movement, which

3. **Gradual Nature**: The word ""gradually"" emphasizes that the decrease in elevation is not
sudden but occurs over a period of time.
Given these points, the most appropriate definition of ""declines

nn

in this context is:

“‘Definition

grow lower (X )

CoT-enhanced SFT + DPO

In the given context, the word ""declines"" refers to the gradual reduction in elevation as one
moves from the high ground of Hugh Seat to the lower ground of Wensleydale. The term
""declines"" indicates a downward movement or a decrease in height. Disambiguation Process:
1. **Context Analysis**: The context describes a geographical feature, specifically the elevation
changes as one moves from Hugh Seat to Wensleydale. The key phrase ""high ground continues
but then gradually declines"" suggests a transition from a higher point to a lower one.

nn

2. **Semantic Role**: The word ""declines"" is used to describe the change in elevation. It is a
verb that indicates a downward movement.

3. **Syntactic Role**: ""Declines"" is the main verb in the clause ""gradually declines into
Wensleydale,"" which describes the direction and nature of the change.

4. **Reference to Elevation**: The context clearly states that the elevation is high at Hugh Seat
and then reduces, which aligns with the meaning of ""declines"" as a downward movement.

5. **Geographical Context**: The term ""Wensleydale"" is a valley, which is typically lower in
elevation compared to the high ground of Hugh Seat. This further supports the interpretation of
""declines"" as a downward movement.

Given this analysis, the definition of ""declines

"nn

in this context is:

“‘Definition

go down in general (v )

999

Table 11: Comparison of outputs from the CoT-enhanced SFT model and the CoT-enhanced SFT+DPO model
(LLaMA3.2-3B-Instruct) on an example from 42D.
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Figure 5: Behavioral analysis of memorized definition recall and novel definition generation across different data
conditions. (a) 0-lex: target words are unseen during training. (b) 0-lex-def: gold definitions are unseen during
training. (c) O-def: unseen gloss supervision. (d) 42D: both target words and gold definitions are unseen. (e) All:
most gold definitions are seen during training and serve as the in-distribution reference setting.
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