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Abstract

Personalizing jargon detection and explanation
is essential for making technical documents
accessible to readers with diverse disciplinary
backgrounds. However, tailoring models to in-
dividual users typically requires substantial an-
notation efforts and computational resources
due to user-specific finetuning. To address
this, we present a systematic study of person-
alized jargon detection, focusing on methods
that are both efficient and scalable for real-
world deployment. We explore two personaliza-
tion strategies: (1) lightweight finetuning using
Low-Rank Adaptation (LoRA) on open-source
models, and (2) personalized prompting, which
tailors model behavior at inference time with-
out retraining. To reflect realistic constraints,
we also investigate semi-supervised approaches
that combine limited annotated data with self-
supervised learning from users’ publications.
Our personalized LoRA model outperforms
GPT-4 with contextual prompting by 21.4% in
F1 score and exceeds the best performing ora-
cle baseline by 8.3%. Remarkably, our method
achieves comparable performance using only
10% of the annotated training data, demonstrat-
ing its practicality for resource-constrained set-
tings. Our study systematically explores effi-
cient, low-resource personalization of jargon
detection using open-source language models,
offering a practical path toward scalable, user-
adaptive NLP systems.

1 Introduction

Large Language Models (LLMs) are increasingly
used to support interdisciplinary research by help-
ing scholars navigate diverse and domain-specific
texts (Leto et al., 2024; Ramoneda et al., 2024;
Lu et al., 2024; Jiang et al., 2025). However, a
persistent barrier to effective interdisciplinary col-
laboration is the prevalence of domain-specific jar-
gon (Barnett and Doubleday, 2020; Strober, 2006).
Researchers often struggle to interpret specialized
terminology outside their core expertise, leading

to miscommunication (Han et al., 2018; Choi and
Pak, 2007), impaired knowledge integration (Lucy
et al., 2023), and ultimately slow scientific discov-
ery (Glasziou et al., 2020; Daniel et al., 2022; van
Helden et al., 2024).

While prior work has developed NLP methods
to identify and simplify scholarly jargon using
general-purpose corpora like Wikipedia as prox-
ies for reader knowledge (Gardner and Davies,
2013; Tanaka-Ishii and Terada, 2011; Guo et al.,
2022, 2021), these approaches remain limited by
their lack of personalization. A researcher’s back-
ground significantly influences their familiarity
with domain-specific terms (Gooding and Tragut,
2022; Guo et al., 2024), suggesting that individ-
ualized models could more effectively determine
which terms require explanation.

To address this challenge, we focus on the task
of personalized jargon identification: automatically
detecting domain-specific terms that may be unfa-
miliar to an individual researcher based on their
background. Our goal is to make interdisciplinary
content more accessible by leveraging LLMs in a
personalized, data-efficient, and scalable manner.

Recent efforts in personalized language models,
such as LaMP (Salemi et al., 2024), OPPU (Tan
et al., 2024b), and Per-Pcs (Tan et al., 2024a), have
shown promise by adapting models to user prefer-
ences via parameter-efficient fine-tuning (PEFT).
However, these methods often rely on costly super-
vised data or explicit annotation, limiting general-
izability. While systems like HLLM (Chen et al.,
2024a) target personalization tasks, they do not
directly address the broader challenge of personal-
ized language understanding in scholarly contexts.

Guo et al. (2024) made the first step toward per-
sonalized jargon detection by releasing a bench-
mark and analyzing GPT-4’s capabilities. However,
their approach depends on costly prompting and
rich supervision, raising concerns about scalabil-
ity and generalization. In this paper, we provide
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Figure 1: To enable personalized jargon detection, we first fine tune a LoRA-based PEFT model using supervised,
self-supervised, and semi-supervised training strategies that reflect real world scenarios with varying levels of
annotation availability. Next, we enhance the contextual understanding of the target researcher through a range of
background aware prompting methods, including vanilla, metadata based, profile enhanced, nearest researcher, and
nearest abstract), to generate personalized familiarity predictions.

a systematic study of personalized jargon detec-
tion with an emphasis on efficiency, scalability, and
low-resource practicality. We show that lightweight
PEFT on open-source models can surpass GPT-4
while requiring only 10% annotated data, highlight-
ing the feasibility of scalable, user-adaptive NLP
systems.

2 Method

To personalize jargon familiarity, we investi-
gate three fine-tuning settings: supervised, self-
supervised, and semi-supervised (§2.2), and incor-
porate contextual prompts (§2.3). To isolate the
impact of personalization, we additionally evaluate
a leave-one-annotator-out setting (§2.4).

2.1 Experimental Setup
We use the personalized jargon detection dataset
from Guo et al. (2024), which contains 11k term
familiarity (i.e., familiar or unfamiliar) annotations
provided by 11 computer science researchers for
terms extracted from 100 paper abstracts. It is
the only interdisciplinary jargon dataset with high-
quality annotations, rich personal metadata, and ac-
companying published papers from the annotators.
We follow the same data split as Guo et al. (2024),
dividing the dataset into 60/20/20 for the train, val-
idation, and test sets. We selected Llama-3.1 8B
Instruct 4bit (Dubey et al., 2024) as our base-
line model for personalized jargon detection based
on its strong instruction-following ability, low mis-
match rate, and competitive performance in pre-

liminary evaluations across several state-of-the-art
LLMs. We evaluate model performance using the
effective F1 score, which adjusts for output format
errors by penalizing predictions with a high mis-
match rate. Details of hyperparameters and model
selection are in Appendix B and Appendix C.

2.2 Lightweight Personalized PEFT
To ensure consistency across different personaliza-
tion settings, we adopt the Alpaca format (Taori
et al., 2023). Each training instance is structured
into three components: an Instruction, an Input
(target abstract and term), and a Response (binary
familiarity label). We use this standardized format
to unify model interaction across different training
strategies. Task-specific instructions and prompt
examples are shown in Appendix Table 3. We
evaluate three training strategies with varying su-
pervision levels:

• Supervised: We adopt LoRA (Hu et al., 2022)
for PEFT, following findings from Tan et al.
(2024b) demonstrating its strong performance.
The model is trained to predict annotator fa-
miliarity from each term and its associated
abstract.

• Self-supervised: To simulate low-resource sce-
narios, we fine-tune on unlabeled titles and
abstracts from each annotator’s prior publica-
tions using a causal language modeling (next-
token prediction) objective. For annotators
with ≤ 5 publications, we augment the corpus
with papers from their self-defined subdomain,
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reflecting practical cases where personalized
models rely on domain-relevant but unlabeled
content.

• Semi-supervised: We examine a hybrid ap-
proach that combines limited labeled data
with the annotator’s publication corpus, eval-
uating how much supervision is needed to
balance annotation effort with personalization
quality and to guide future annotation strate-
gies.

2.3 Background-Aware Prompting

Building on prior work (Guo et al., 2024; Tan et al.,
2024b), we design prompting strategies that add
varying levels of researcher-specific context to the
model input (full prompts in Appendix Table 2),
differing in both type and detail of background
information:

• Metadata: Structured features including the
annotator’s self-defined subfield (e.g., NLP,
computer vision), publication count, average
references, year of first publication, and the
domain of the current abstract. They serve as
lightweight indicators of expertise and famil-
iarity.

• Profile: Following prior work on user mod-
eling in personalized recommendation (Tan
et al., 2024b), we use the baseline model
to generate a natural language summary of
the annotator’s research background based on
their metadata.

• Nearest Annotator: We use BM25 (Trotman
et al., 2014) to retrieve the most similar an-
notator based on profile text, and use their
familiarity labels for the most similar terms as
proxy input.

• Nearest Abstract: We retrieve the most sim-
ilar abstract using BM25 and use the target
annotator’s familiarity labels for its terms as
context.

2.4 Ablation Study

To isolate the effect of personalization, we consider
two ablation settings. First, we include a vanilla
prompting setup with no additional contextual in-
formation (e.g., no metadata, profiles, or nearest-
neighbor retrieval). While still personalized, since
the model is fine-tuned on annotator-specific data
(supervised, self-supervised, or semi-supervised),
this setting removes auxiliary background features.
Second, we evaluate a non-personalized baseline

using a leave-one-annotator-out scheme, where the
model is trained on data from all annotators ex-
cept the held-out one. For comparability with the
supervised personalized model, we subsample the
training data to match the same number of exam-
ples, keeping all other parameters identical.

Models F1 ↑ Recall Precision

Best results from (Guo et al., 2024)
Oracle 71.9±1.7 76.0±2.1 68.2±2.1

GPT-4 64.2±1.5 98.7±0.5 47.6±1.6

Supervised
Vanilla 77.9±1.2 77.8±2.2 78.0±0.5

Metadata 76.8±1.1 76.1±2.9 77.7±1.0

Profile 76.6±1.0 73.7±2.0 79.9±1.6

Nearest Annotator 72.1±3.0 70.3±4.1 74.5±2.7

Nearest Abstract 77.8±1.1 78.3±1.7 77.5±2.5

Self-supervised
Published Papers 54.6±5.1 77.5±7.6 45.0±0.8

Semi-supervised
1% Sup 53.5±2.8 56.0±4.5 51.5±3.2

10% Sup 63.6±2.9 59.8±5.1 69.0±1.7

Self + 10% Sup 77.0±1.1 78.9±2.6 75.4±0.7

Leave-one-annotator-out (no personalization)
Sup baseline 64.7±0.8 63.9±1.1 65.5±0.6

+ Metadata 64.3±0.9 62.7±1.5 66.1±0.3

+ Profile 64.9±0.8 64.8±0.8 65.0±0.7

Self + 10% Sup 53.4±0.1 47.8±0.2 60.6±0.1

+ Metadata 58.6±0.2 55.2±0.3 62.5±0.2

+ Profile 60.4±0.4 64.2±0.3 57.0±0.4

Table 1: Test-set performance. Unless specified, results
use vanilla prompting. Oracle and GPT-4 results follow
Guo et al. (2024); ± denotes standard deviation across
three runs.

3 Results

Supervised fine-tuning outperforms GPT-4 and
oracle settings. On the test set (Table 1), vanilla
prompting with a supervised personalized model
yields the highest F1 (77.9), outperforming GPT-4
with contextual prompting by 21.4% and the oracle
baseline by 8.3%. Additional prompting strate-
gies (metadata, profile, nearest annotator, nearest
abstract) do not improve over vanilla prompting,
suggesting that LoRA fine-tuning itself captures
most of the relevant personalized information. The
limited gains from these strategies may reflect ei-
ther noise in background features or insufficient
dataset size to reveal their benefits. Overall, these
findings highlight the effectiveness of full super-
vision with PEFT for modeling the link between
annotator background knowledge and jargon fa-
miliarity, while showing limited added value from
more elaborate prompting.

Self-supervised fine-tuning without annota-
tions shows limited effectiveness. In the self-
supervised setting, models were fine-tuned solely
on each annotator’s published papers, without fa-
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Figure 2: Validation performance of supervised (a), self-supervised (b), and semi-supervised (c) models for jargon
familiarity detection. Each point is a personalized model fine-tuned for one of 11 annotators with different prompting
strategies. GPT-4 and Oracle baselines are best results from (Guo et al., 2024), where the Oracle uses ratings from
the most similar annotator and GPT-4 prompts include five publications. For semi-supervised models, training steps
on the x-axis allow consistent comparison across dataset sizes and reflect relative computational cost.

miliarity annotations. Although performance im-
proves slightly over time, overall results remain
poor, confirming that publication history alone fails
to capture familiarity judgments, consistent with
prior findings (Haghani, 2023). We exclude the
nearest annotator and nearest abstract settings from
this experiment, as they require access to annotated
familiarity labels and are therefore not applicable
in the self-supervised scenario.

Semi-supervised personalization enables effi-
cient adaptation with minimal supervision. In-
tegrating self-supervised user publication data with
only 10% of labeled training data yields an F1 of
77.0, nearly matching fully supervised performance
(77.9) and clearly surpassing models trained on
the same limited labeled data alone (63.6). This
demonstrates the value of leveraging unlabeled,
domain-relevant data to reduce annotation costs
while preserving personalization quality, improv-
ing the scalability and accessibility of personalized
NLP systems in settings where manual annotation
is costly or infeasible.

Personalization is necessary to solve the jargon
detection task. The personalized model achieves
an F1 of 77.9, which is a 20.4% improvement
over supervised leave-one-annotator-out testing
(64.7) and a 45.9% improvement over the self-
supervised + 10% supervised setting (53.4). While
background-aware prompting with metadata or pro-
file does not improve performance over vanilla in
the personalized setting, it yields gains without
personalized annotation: profile improves F1 by
13.1% (60.4 vs. 53.4) and metadata by 9.7% (58.6
vs. 53.4). These results further underscore the
importance of personalization for jargon detection
and highlight the effectiveness of PEFT under full

supervision, with background-aware prompting of-
fering value only when annotations are limited.

4 Discussion

Familiarity judgments are inherently reader-
dependent rather than interchangeable annotation
noise. The leave-one-annotator-out gap shows that
a population model cannot recover an individual
researcher’s familiarity boundary, even after learn-
ing the general task from other researchers. At
the same time, publication histories and generated
profiles remain imperfect proxies: they help under
cold start but cannot reliably replace direct feed-
back. This motivates personalization systems that
request limited calibration data, permit user correc-
tion, and avoid treating inferred profiles as author-
itative representations of knowledge. Additional
transfer, annotator-specific, and domain-specific
analyses are provided in Appendix D.

5 Conclusion

In this work, we present a practical and cost-
effective framework for personalizing jargon de-
tection in scholarly contexts. By fine-tuning
lightweight language models using LoRA, our
approach achieves significant performance gains
over prior high-resource benchmarks. Our system-
atic investigation reveals that personalized models,
grounded in a researcher’s unique background, can
match or exceed the performance of proprietary
models like GPT-4 using only 10% of the available
annotated data. This underscores the practicality of
our method in resource-constrained settings where
large-scale human annotation is often infeasible.
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Limitations

The benchmark includes only 11 computer-science
researchers and 100 abstracts, so the magnitude of
the personalization gap may not generalize to other
populations or disciplines. The dataset contains
candidate terms rather than evaluating end-to-end
term extraction. Reader-specific models may also
become stale as expertise changes. Broader longitu-
dinal evaluation and explicit uncertainty calibration
are needed before deployment.

Ethical Considerations

Professional histories and familiarity judgments
can reveal sensitive information about individuals.
Systems should use such data with consent, min-
imize retention, support deletion and correction,
and avoid presenting inferred profiles as authori-
tative. Personalized explanations may also create
filter bubbles or uneven access if deployed without
user control.

GenAI Disclosure

An AI assistant (ChatGPT) was used solely to im-
prove the grammar of the manuscript. The authors
reviewed and edited the output as needed and take
full responsibility for the content of this publica-
tion.
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A Full Related Work

A.1 Jargon Detection and Simplification

Traditional jargon identification typically treats
"familiarity" as an objective property of a term,
utilizing frequency-based metrics or supervised
classifiers trained on general-domain proxies like
Wikipedia (Gardner and Davies, 2013; Guo et al.,
2021). While these methods aid general audiences,
they fail to account for the specialized expertise of
scholars, where the boundary of "jargon" is highly
subjective. Recent advancements have moved to-
ward identifying "technicality" via contextual em-
beddings (Guo et al., 2022), but these remain static
and non-personalized. This lack of flexibility is
underscored by a recent study on medical jargon
detection, which found that transfer learning across
technical datasets yields only modest gains due to
divergent labeling objectives, confirming the in-
herent difficulty of a one-size-fits-all approach to
scholarly terminology (Papandreou et al., 2025).
Our work, however, shifts the fundamental focus
from "what is jargon" to "what is jargon for this
specific user," acknowledging that linguistic acces-
sibility in science is user-dependent (Gooding and
Tragut, 2022).

A.2 Parameter-Efficient Fine-Tuning (PEFT)

As Large Language Models (LLMs) scale, full-
parameter fine-tuning becomes computationally
prohibitive. PEFT methods address this by up-
dating a minimal subset of parameters while keep-
ing pre-trained weights frozen. Early approaches
like adapter tuning (Houlsby et al., 2019) intro-
duced learnable layers within feedforward net-
works, while prefix and prompt tuning (Li and
Liang, 2021; Lester et al., 2021) optimized con-
tinuous embeddings to steer model behavior. More
recent techniques like (IA)3 (Liu et al., 2022) scale
activations within the attention mechanism.

In this work, we utilize Low-Rank Adaptation
(LoRA) (Hu et al., 2022), which approximates
weight updates through low-rank decomposition.
The LoRA framework has been extended to han-
dle even more extreme resource and length con-
straints; for instance, QLoRA (Dettmers et al.,
2024) utilizes 4-bit quantization to enable fine-
tuning on consumer-grade hardware, while Lon-
gLoRA (Chen et al., 2024b) extends the effective
context length for adapting to long-form docu-
ments. We prioritize standard LoRA over these
variants to maintain optimal training efficiency

and performance stability, as our target model
and abstract-level context lengths fit within stan-
dard GPU memory constraints without the added
computational overhead of quantization or context-
extension mechanisms.

A.3 Personalization and User Modeling
Personalization has gained traction across several
NLP benchmarks, most notably the LaMP bench-
mark (Salemi et al., 2024). Recent frameworks like
One PEFT Per User (OPPU) (Tan et al., 2024b)
utilize personalized PEFT modules to store user-
specific preferences, while Personalized Pieces
(Per-Pcs) (Tan et al., 2024a) introduces a modu-
lar, collaborative approach to enhance scalability.
Building on this, Qiu et al. (2025) recently pro-
posed Difference-aware Personalization Learning
(DPL), which emphasizes distilling the unique pref-
erence information that distinguishes one individ-
ual from another by comparing historical user data.

Despite these advances, existing methods primar-
ily rely on high-resource supervised fine-tuning
(SFT), which limits scalability in low-resource
scholarly settings. Furthermore, while systems
like HLLM (Chen et al., 2024a) explore hierarchi-
cal personalization, they do not address the spe-
cific semantic barriers of technical jargon. We
extend this line of research by investigating how
semi-supervised and self-supervised PEFT can
leverage a researcher’s publication history—an im-
plicit, non-annotated data source—to achieve high-
quality personalization without the need for exten-
sive manual labeling.

B Full Methodological Details

To personalize jargon familiarity, we investi-
gate three fine-tuning settings: supervised, self-
supervised, and semi-supervised ( §B.2), and incor-
porate contextual prompts ( §B.3). To isolate the
impact of personalization, we additionally evaluate
a leave-one-annotator-out setting ( §B.4).

B.1 Experimental Setup
We utilize the personalized jargon detection dataset
from Guo et al. (2024), which formalizes the task
as an interaction within a Personalized Knowl-
edge Space K = J ×R. Here, J represents the
set of technical jargons and R denotes the set of
individual researchers. The dataset contains 11k
binary familiarity annotations provided by 11 com-
puter science researchers for terms extracted from
100 paper abstracts.
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Each interaction (j, r) ∈ K is augmented by a
context function C(·), which projects the entities
into a high-dimensional attribute space. We define
the augmented representation of an interaction as:

xj,r = [C(j)⊕ C(r)] (1)

where C(j) encapsulates jargon-specific metadata
(e.g., domain, source abstract) and C(r) represents
the researcher’s professional background (e.g., pub-
lication history, citation counts). The operator ⊕
denotes a concatenation of these contextual fea-
tures.

In this work, our objective is to learn a mapping
f : K → Y where Y = {“0”, “1”} is the set of
target string tokens. Specifically, the model must
output the label y such that:

y = f(xj,r; Θ),

y ∈
{
“0” if r is familiar with j

“1” if r is unfamiliar with j

(2)

where Θ represents the parameters of the person-
alized models. This formulation treats personaliza-
tion as a direct text-to-text generation task condi-
tioned on the joint knowledge space.

We follow the data split established by Guo et al.
(2024), dividing the interaction pairs into 60/20/20
for the train, validation, and test sets. For our
base model, we selected Llama-3.1 8B Instruct
4bit (Dubey et al., 2024). This choice was in-
formed by preliminary evaluations across sev-
eral state-of-the-art LLMs, where Llama-3.1 8B
Instruct demonstrated the strongest instruction-
following ability and the most competitive baseline
performance, which is discussed in Appendix C.

Evaluation Metrics Our primary objective is to
predict the discrete familiarity label y for a given
jargon-researcher pair. While we report the stan-
dard F-1 score, we also address the practical chal-
lenge of model reliability. During our initial base-
line selection, we observed that certain models
failed to strictly adhere to the binary output format.
To account for this, we utilize the Effective F-1
Score, which scales the classification performance
by the model’s reliability:

eff. F-1 = (1− Mis. Rate)× F-1 (3)

where the “Mismatch Rate” represents the propor-
tion of model outputs that did not conform to the
expected format.

B.2 Lightweight Personalized PEFT
To ensure consistency across different personaliza-
tion settings, we adopt the Alpaca format (Taori
et al., 2023), which is widely used in instruction
fine-tuning. Each training instance is structured
into three components: an Instruction, an Input
(target abstract and term), and a Response (binary
familiarity label). We use this standardized format
to unify model interaction across different training
strategies. Task-specific instructions and prompt
examples are shown in Table 3. We evaluate three
training strategies with varying supervision levels:

• Supervised: We adopt LoRA (Hu et al., 2022)
for PEFT, following findings from Tan et al.
(2024b) demonstrating its strong performance.
The model is trained to predict annotator fa-
miliarity from each term and its associated
abstract.

• Self-supervised: To simulate low-resource sce-
narios, we fine-tune on unlabeled titles and
abstracts from each annotator’s prior publica-
tions using a causal language modeling (next-
token prediction) objective. For with ≤ 5
publications, we augment the corpus with pa-
pers from their self-defined subdomain, re-
flecting practical cases where personalized
models rely on domain-relevant but unlabeled
content.

• Semi-supervised: We examine a hybrid ap-
proach that combines limited labeled data
with the annotator’s publication corpus, eval-
uating how much supervision is needed to
balance annotation effort with personalization
quality and to guide future annotation strate-
gies.

Implementation Details We fine-tuned the
unsloth/Meta-Llama-3.1-8B-Instruct-bnb-4bit
model with a maximum sequence length of 2048
tokens. For parameter-efficient training, we applied
LoRA with rank 16, scaling factor (α) 16, dropout
0, and targeted the projection modules (q_proj,
k_proj, v_proj, o_proj, gate_proj, up_proj,
and down_proj). The model was trained for 100
epochs with a per-device batch size of 2 and
gradient accumulation of 4 steps, using a learning
rate of 2e-4, weight decay of 0.01, and the AdamW
(8-bit) optimizer with a linear scheduler and 5
warmup steps. Training was conducted in FP16 or
BF16 precision depending on hardware support.
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Checkpoints were saved every epoch_size * 10
// 8 steps (approximately every 10 epochs).

B.3 Background-Aware Prompting

Building on prior work (Guo et al., 2024; Tan et al.,
2024b), we design prompting strategies that add
varying levels of researcher-specific context to the
model input (full prompts in Table 2), differing in
both type and detail of background information:

• Metadata: Structured features including the
annotator’s self-defined subfield (e.g., NLP,
computer vision), publication count, average
references, year of first publication, and the
domain of the current abstract. They serve as
lightweight indicators of expertise and famil-
iarity.

• Profile: Following prior work on user mod-
eling in personalized recommendation (Tan
et al., 2024b), we use the baseline model
to generate a natural language summary of
the annotator’s research background based on
their metadata.

• Nearest Annotator: We use BM25 (Trotman
et al., 2014) to retrieve the most similar an-
notator based on profile text, and use their
familiarity labels for the most similar terms as
proxy input.

• Nearest Abstract: We retrieve the most sim-
ilar abstract using BM25 and use the target
annotator’s familiarity labels for its terms as
context.

B.4 Ablation Study

To isolate the effect of personalization, we consider
two ablation settings. First, we include a vanilla
prompting setup with no additional contextual in-
formation (e.g., no metadata, profiles, or nearest-
neighbor retrieval). While still personalized, since
the model is fine-tuned on annotator specific data
(supervised, self-supervised, or semi-supervised),
this setting removes auxiliary background features.
Second, we evaluate a non-personalized baseline
using a leave-one-annotator-out scheme, where the
model is trained on data from all annotators ex-
cept the held-out one. For comparability with the
supervised personalized model, we subsample the
training data to match the same number of exam-
ples, keeping all other parameters identical.
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Figure 3: Evaluation results for model selection. Here
the inference is done with listed entities to ensure
whether the model understands the question.The evalua-
tions are based on the entire dataset.

C Baseline Model Selection

To establish a robust foundation for our person-
alized jargon identification task using Parameter
Efficient Fine-Tuning (PEFT), we first selected
a suitable open-source Large Language Model
(LLM) as our baseline. We evaluated several state-
of-the-art options, including Llama-2 (Touvron
et al., 2023), Llama-3 (Dubey et al., 2024), Mis-
tral v0.3 (Jiang et al., 2023), and Qwen-2.5 (Yang
et al., 2024; Team, 2024), considering both their
base and instruction-tuned versions in 4-bit and full
precision.

For our implementation, we use the unsloth li-
brary with all parameters set to their default values,
including is_bfloat16_supported. The results
of this initial evaluation (depicted in Figure 3) re-
vealed significant performance variations in terms
of both F-1 score and mismatch rate. While Qwen-
2.5 7B Instruct 4bit achieved the highest Effective
F-1 Score (0.54), and Llama-3.1 8B 4bit exhibited
the lowest mismatch rate (0.5%), we ultimately se-
lected Llama-3.1 8B Instruct 4bit as our baseline
for subsequent fine-tuning experiments. This deci-
sion was based on its robust performance (Effective
F-1 Score of 0.49) and its demonstrated ability to
follow instructions with minimal mismatches, sug-
gesting a strong potential for effective adaptation
through PEFT for our personalized jargon identifi-
cation task.

D Full Discussion and Analysis

While our primary results demonstrate the quanti-
tative superiority of personalized PEFT, a robust
understanding of user-adaptive systems requires a
deeper investigation into their qualitative behav-
ior and generalization capabilities. In this section,
we move beyond aggregate metrics to analyze our
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Figure 4: Prediction of additional information needs via various Supervised models fine-tuned on the familiarity
annotation data. The results of all three sub-figures are evaluated on the validation set. Here, "Lasso" and "GPT-4"
denotes the prediction performance of Lasso regression model and GPT-4, respectively. (Guo et al., 2024)

framework from three critical perspectives. First,
we evaluate the robustness of the learned expertise
profiles by testing their generalization to unseen
downstream information tasks (§D.1). Second, we
conduct a granular error analysis of individual re-
searcher profiles to identify the linguistic patterns
where personalization offers the most significant
gains over baseline models (§D.2). Finally, we ex-
amine the stability of the model’s familiarity bound-
ary across disparate technical domains, highlight-
ing the trade-offs between contextual grounding
and semantic noise (§D.3).

D.1 Generalization to Downstream
Information Needs

To determine if our fine-tuned models have internal-
ized a robust representation of researcher expertise,
we evaluate their performance on a structurally dis-
tinct generalization task. Beyond binary familiarity,
the dataset includes annotations for Information Re-
quirements—specific types of auxiliary content a
researcher r requires to fully comprehend a jargon
j.

We formalize this as a multi-label classifica-
tion task over the same interaction space K. Let
I = {idef , ibg, iex} represent the set of infor-
mation needs, corresponding to definitions, back-
ground knowledge, and illustrative examples, re-
spectively. Using the previously defined augmented
representation xj,r, we evaluate whether the pa-
rameters Θ learned during familiarity training can
generalize to the mapping g:

yinfo = g(xj,r; Θ), yinfo ∈ {0, 1}|I| (4)

where each element in yinfo indicates the necessity
of a specific information type.

Figure 4 illustrates the performance of our mod-
els in this zero-shot or low-resource transfer setting.
Notably, our fine-tuned LoRA models achieve per-
formance on definition and background knowledge

tasks comparable to specialized Lasso regression
baselines. Furthermore, our approach significantly
outperforms all baselines in predicting the need for
illustrative examples (iex).

These results suggest that the mapping f learned
in our primary experiments is not merely a
distribution-matching artifact. Instead, the model
effectively constructs a Latent Expertise Profile
that remains consistent across different modalities
of personalized assistance. This demonstrates that
by optimizing for P (y | j, r), the model captures
the underlying semantic boundary between a re-
searcher’s current knowledge and the technical re-
quirements of the text.
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Figure 5: Personalized model Performance for individ-
ual annotators.

D.2 Model Improvement Analysis in Terms of
Individual Annotators

To characterize the evolution of the predictive map-
ping f(xj,r) during fine-tuning, we perform a qual-
itative error analysis focusing on Annotator #4—a
researcher with a multi-disciplinary background.
We compare the baseline model (trained on 1% of
D) against our optimized LoRA-tuned model Θ.
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D.2.1 Baseline Failure Modes
The baseline model primarily struggles with re-
gions of the jargon space J where semantic ambi-
guity is high. We categorize these failures into four
distinct linguistic patterns:

1. Polysemous Common Words: Terms that
are brief and composed of general vocabulary
but carry high specificity in a technical con-
text (e.g., Radial curves in Materials Science,
Domains in Geology, and Op-amp in Physics).
The model often fails to differentiate these
from general language use.

2. Non-Compositional Multi-word Expres-
sions (MWEs): Complex terms where the
meaning is not a straightforward combination
of individual words (e.g., Bayesian optimal
mechanism, Riemannian framework, Bose-
Einstein condensate). The baseline lacks the
capacity to capture the deep semantic depen-
dencies within these units.

3. Opaque Acronyms: Condensed tokens lack-
ing explicit semantic clues (e.g., CW-SSIM,
MANOVA, ARMAX model). These require the
model to leverage the researcher’s background
C(r) more heavily than textual features.

4. Interdisciplinary Overlap: Terms spanning
multiple fields (e.g., Monolayers, Regulatory
mechanisms), which increase the complexity
of the familiarity boundary.

D.2.2 The Recall-Precision Trade-off
While the improved model (Θ) demonstrates a
higher F1 score and significantly improved recall,
we observe a characteristic shift toward False Posi-
tives (y = 1 predictions for familiar terms). This
phenomenon occurs primarily with high-frequency
methodological or statistical terms such as Meta-
analyses, Post-test, and Quantitative research.

This suggests that as the model optimizes for
the "unfamiliarity" label to capture a broader range
of jargon, it becomes hypersensitive to academic-
standard terminology. The model essentially con-
flates scholarly frequency with personal difficulty.
This indicates a strategic trade-off where the system
prioritizes identifying potential knowledge gaps
(y = 1) at the cost of flagging terms that are rela-
tively well-understood within the broader scientific
community.
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Figure 6: Supervised model performance difference for
nearest abstract versus vanilla.

D.3 Model Analysis in Terms of Jargon
Domain

To understand the impact of contextual information
on model stability, we compare our two highest-
performing configurations: Vanilla Prompting
and Nearest Abstract (NAb) Prompting, both
trained with 100% supervision. We analyze their
performance across the Art (JArt ⊂ J ) and Phi-
losophy (JPhil ⊂ J ) domains to evaluate how
the context function C(j) influences the familiarity
boundary.

D.3.1 The Art Domain: Mitigation of
Over-Sensitivity

In JArt, the Vanilla model exhibits a significantly
higher false positive rate, incorrectly labeling high-
frequency terms such as Reactions and Stylis-
tic as jargon (y = 1). In contrast, the NAb
model—which incorporates the source abstract into
C(j)—correctly identifies these as familiar terms.
This suggests that without contextual grounding,
the model is overly sensitive to terms that possess
both a technical use-case and a common-usage
baseline. The inclusion of the nearest abstract pro-
vides a semantic anchor that prevents the model
from misclassifying general vocabulary as domain-
specific jargon.

D.3.2 The Philosophy Domain: Contextual
Confusion and Recall Gaps

Conversely, in the more abstract domain of JPhil,
the NAb model faces a dual challenge in precision

247



and recall:

1. Precision Decay: The NAb model
demonstrates a tendency toward "Over-
Identification," misclassifying foundational
philosophical terms like Structural con-
straints, Analytic philosophers, and Argument
Facets as unfamiliar.

2. Recall Deficiency: Surprisingly, the NAb
model fails to detect highly specialized terms
such as Nonmonotonic inference methods,
Super-knotty rope, and Dialectical quality.

These results indicate that in highly abstract or
linguistic-heavy fields like Philosophy, the context
function C(j) may introduce noise rather than clar-
ity. While the NAb approach excels in ground-
ing concrete terms (as seen in Art), it struggles to
model the expertise boundary for complex, nested
philosophical concepts. This suggests that for cer-
tain subspaces of J , the interaction between jargon
and researcher requires a more sophisticated profile
of the researcher’s specific sub-domain expertise
C(r) rather than just textual proximity to an ab-
stract.

E Complete Prompt Configurations
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Strategies Related data

Vanilla "" (empty string)

Metadata Self-defined subfield of the reader is: {}

Number of papers published by the reader is: {}

Number of papers referenced by the reader is: {}

Year of the first paper published by the reader is: {}

Domain of study of the paper is: {}

Profile-enhancement This reader is a domain expert in natural language processing (NLP) ... (Machine-
generated profile)

Nearest annotator Another researcher similar to the reader has read the same abstract. For the entity
list {entity_list}, this researcher provides the familiarity list as {familiarity_list}.

Nearest abstract For another similar abstract with the entity list {entity_list}, this reader provides the
familiarity list as {familiarity_list}.

Table 2: The prompting strategies for both supervised fine-tuning and inference.

Tasks Instructions Prompt

Familiarity
classification

Your job is to estimate how much the reader
knows about an entity. You will be provided
with the entity, the abstract where the entity came
from, and related data about either the reader or
the abstract. Your answer should be a list of bi-
nary, either 0 or 1, of the same length as the entity
list, with no other words.

Entity: {entity}
Abstract: {abstract}
Additional information: {related_data}
Here’s how to gauge the reader’s familiarity:
- 0: The reader knows this subject well and can de-
scribe it to others.
- 1: The reader has either encountered this subject
before but knows little about it, or has never come
across it at all.
Based on the information provided, determine fa-
miliarity score list corresponding to the entity list,
a list of either 0 or 1.

Definition
needs classifi-
cation

You are tasked with predicting whether the reader
might need additional Definition/Explanation
to fully grasp the entities mentioned in a given
abstract. You will be provided with the entity list,
the abstract where the entities come from, and
related data pertinent to the reader or the abstract.
A definition provides key information on the term
independent of any context.

Entity: {entity}
Abstract: {abstract}
Additional information: {related_data}
Provide the estimation whether additional informa-
tion is needed in a list in the order of the entity. The
estimation should be either 0 (no) or 1 (yes). No
need to mention the entity.

Background
needs classifi-
cation

You are tasked with predicting whether the reader
might need additional Background/Motivation
to fully grasp the entities mentioned in a given
abstract. Background introduces information im-
portant for understanding the term in the context
of the abstract.

Entity: {entity}
Abstract: {abstract}
Additional information: {related_data}
Provide the estimation whether additional informa-
tion is needed in a list in the order of the entity. The
estimation should be either 0 (no) or 1 (yes). No
need to mention the entity.

Example needs
classification

You are tasked with predicting whether the reader
might need additional Example to fully grasp
the entities mentioned in a given abstract. An
example offers specific instances that help illus-
trate the practical application or usage of the term
within the abstract.

Entity: {entity}
Abstract: {abstract}
Additional information: {related_data}
Provide the estimation whether additional informa-
tion is needed in a list in the order of the entity. The
estimation should be either 0 (no) or 1 (yes). No
need to mention the entity.

Table 3: The configuration of instructions and prompts for training and inference, following the prompting format
from the previous work (Guo et al., 2024).
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