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Abstract

When reading foreign-language literature, non-
native users often face significant challenges.
Existing machine translation systems often ob-
scure or mistranslate key terminology, while
lay-oriented paraphrasing tends to oversimplify
it, hindering readers from acquiring domain-
specific technical vocabulary. To address this
gap, we define a new task, Glossing-Oriented
Academic Translation (GOAT), which aims
to produce translations adapted to a reader’s
academic level. We then propose GlossaGen,
a comprehensive framework to address this
task. GlossaGen combines a multi-agent data
synthesis pipeline that generates large-scale,
level-specific training data with a training
strategy based on dynamic adapter merging,
which balances task-level generalization and
reader-level specialization through a “gener-
alist” adapter and a fine-grained “expert” one.
We evaluate GlossaGen on a synthesized bench-
mark using automatic metrics and large lan-
guage model (LLM)-based assessments at both
reader levels, together with a human evalua-
tion study on the undergraduate setting. Across
these evaluations, our approach outperforms
strong baselines on most metrics. Overall,
GlossaGen provides a practical step toward
making scientific literature more accessible to
non-native readers through more accurate trans-
lations and pedagogically appropriate, level-
specific term explanations. We release our
code and data to facilitate further research:
�GlossaGen.

1 Introduction

The dominance of English in global scientific
communication presents a significant accessibil-
ity barrier for non-native speakers (Meneghini
and Packer, 2007; Montgomery, 2013; Ramírez-
Castañeda, 2020; Fiorini et al., 2023). They must
simultaneously grapple with complex syntax and
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Authentic lexicon lost, 
context obscured.

TASK: ACADEMIC TRANSLATION FOR LEARNING

The Transformer, a new model architecture, is 
based solely on attention mechanisms.

(a) STANDARD

MACHINE TRANSLATION:

变压器模型是一种新的模型架构，
它完全基于注意力机制。

Clear & Pedagogical!

(b) GOAT:
Glossing Translation:
Transformer 模型是一种新的模型
架构，它完全基于 attention 
mechanisms。

Explanations:
· Transformer: 一种完全依赖 
attention mechanisms 的模型架构…
· attention mechanisms: 一种让模
型关注相关输入的技术...

Figure 1: Comparison of Standard MT and GOAT for
Academic Translation.

nuanced, domain-specific terminology, often with-
out adequate support (Hanauer et al., 2019; Amano
et al., 2021). This constant struggle not only slows
down the process of literature review but also risks
leading to critical misinterpretations (Flowerdew,
2001; Tardy, 2004). Thus, there is a pressing need
for advanced tools that go beyond simple transla-
tion to actively support comprehension and learn-
ing.

Existing tools are insufficient for supporting aca-
demic readers. Standard machine translation sys-
tems often produce awkward literal translations
that obscure meaning and fail to connect concepts
to their widely-used acronyms, a challenge noted
in context-aware Machine Translation (MT) re-
search (Jin et al., 2023; Yang et al., 2023). Con-
versely, lay paraphrasing, which aims to simplify
content, is fundamentally misaligned with educa-
tional goals. By replacing core technical terms

19077

https://github.com/zxwang63/GlossaGen-Framework


(e.g., “myocardial infarction” with “heart attack”),
it dismantles the very pedagogical scaffold that
learners need to acquire a domain’s specific vocab-
ulary and engage with further literature (Tang et al.,
2024; Kim and Shin, 2025).

To overcome these weaknesses, we introduce a
new task: Glossing-Oriented Academic Trans-
lation (GOAT). GOAT aims to translate scholarly
text into a user’s native language while intelligently
preserving key English technical terms and provid-
ing clear, context-grounded explanations tailored
to the user’s academic level (e.g., undergraduate
and graduate students). Although the GOAT for-
mulation is not tied to a specific language pair,
our empirical validation in this work is limited
to English-to-Chinese translation in the computer-
science domain; broader cross-lingual and cross-
domain validation remains future work. Figure 1
provides a conceptual illustration of the GOAT task,
contrasting its pedagogically-oriented output with
that of a standard machine translation system.

Cognitive Load Theory suggests that redundant
explanations can introduce extraneous cognitive
load for knowledgeable readers, and that instruc-
tional support beneficial for novices may hinder
experts, a phenomenon known as the expertise-
reversal effect (Sweller, 1988). Motivated by this
theory, we model reader proficiency as an explicit
control variable in GOAT. In this initial work, we
operationalize reader proficiency using two anchor
levels (undergraduate vs. graduate) for controlled
benchmarking, while future work may extend the
framework to finer-grained or continuous user mod-
eling.

To validate the premise of the GOAT task, we
conducted a pilot user study with 15 students (8
undergraduates and 7 graduates). Participants per-
formed a blind A/B test, comparing outputs from
a standard MT system against our GOAT format
based on comprehensibility and helpfulness. The
results revealed a strong preference for the GOAT
format, favored by 12 of the 15 participants (80%).
A one-sided binomial test confirms this result is
statistically significant (p = 0.0176), providing
robust empirical motivation for our work.

The core challenge of GOAT is twofold. First,
it demands that a model masters a difficult, con-
strained generation format: seamlessly weaving un-
translated English technical terms into fluent target-
language sentences, a structural requirement for
which standard translation models are not trained.
Second, and more profoundly, the task requires that

the generated explanations be pedagogically sound
and precisely tailored to the audience’s cognitive
level; a definition helpful for a graduate student
may be opaque to an undergraduate.

To tackle the GOAT task, we propose Glos-
saGen, a comprehensive framework that addresses
both the data scarcity and model adaptation chal-
lenges inherent to this new problem. Recognizing
the absence of suitable training corpora, the first
component of our framework is a novel multi-agent
data synthesis pipeline. This pipeline leverages aca-
demic personas to automatically generate a large-
scale, structured dataset with level-specific expla-
nations, providing the necessary foundation for a
model to learn the complex, constrained format of
GOAT. With this level-specific data as a foundation,
the second component of GlossaGen is an adaptive
model architecture based on a dynamic adapter
merging strategy. Specifically, we fine-tune the
base language model with Low-Rank Adaptation
(LoRA) adapters: two “expert” adapters, each on
data tailored to a single academic level (undergrad-
uate or graduate), and one “generalist” adapter on a
mixture of all data to capture the core task mechan-
ics. At inference time, we dynamically generate
a high-capacity composite adapter by computing
a weighted linear combination of the generalist
adapter and the expert adapter matching the tar-
get user’s level. This strategy allows a single base
model to efficiently serve diverse user needs with
high fidelity.

The main contributions of this paper are sum-
marized as follows: (1) We formally define a new
task, Glossing-Oriented Academic Translation
(GOAT), and construct a corresponding benchmark
dataset to foster future research in this area. (2)
We propose GlossaGen, an end-to-end framework
featuring a multi-agent data synthesis pipeline to
create level-specific data, and a dynamic adapter
merging strategy to achieve nuanced pedagogical
adaptation. (3) Through extensive experiments, in-
cluding both automatic and human evaluations, we
demonstrate that our approach achieves stronger
performance than strong baselines in both transla-
tion quality and the pedagogical value of its expla-
nations.

2 Related Work

Lay Paraphrasing and Scientific Text Simplifica-
tion. Lay paraphrasing and scientific text simplifi-
cation aim to enhance the accessibility of technical
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documents for a general audience (Al-Thanyyan
and Azmi, 2021). These tasks are crucial for bridg-
ing the knowledge gap between experts and the pub-
lic. Research in this area has explored approaches
such as evaluating meaning preservation via human
comprehension questions (Agrawal and Carpuat,
2024) and leveraging edit-operation-aware training
methods in biomedical text simplification (Knap-
pich et al., 2023). To address the challenge of cross-
domain generalization, Sci-LoRA (Cheng et al.,
2025) proposes a mixture of LoRA modules that
dynamically adapt to input domains, outperform-
ing prior models across multiple scientific areas.
The predominant strategy in these works involves
selectively simplifying complex sentences and con-
trolling transformation operations; however, this re-
mains suboptimal for academic learners who must
master, rather than bypass, technical terminology
to engage with scholarly discourse.

Complexity-Controlled and Terminology-
Constrained Machine Translation. Our GOAT
setting is closely related to research on controlling
the complexity/readability of MT outputs for
different readers, where systems condition gener-
ation on a desired reading level or simplification
degree (Marchisio et al., 2019; Agrawal and
Carpuat, 2019). However, complexity-controlled
MT typically produces a monolingual translation
and does not explicitly preserve key English
technical terms or provide pedagogical definitions
that support vocabulary acquisition. Conversely,
terminology-aware or terminology-constrained
MT focuses on enforcing the presence of domain
terms or preferred translations (Dinu et al., 2019;
Semenov et al., 2025), but it does not address
reader-adaptive explanation depth or the mixed-
language “translation+gloss” format required
for learning. GOAT complements these lines by
treating term retention and level-specific glossing
as first-class objectives: the output must remain a
fluent target-language translation while embedding
English terms and providing concise explanations
tailored to a specified reader proficiency.

AI in Educational Technology. Artificial Intel-
ligence in Education focuses on developing com-
putational tools to create more personalized and ef-
fective learning environments (Abd-Alrazaq et al.,
2023). Recent advancements leveraging LLMs
have led to a surge of innovative applications.
These range from AI-powered tutors that assist
learners in STEM fields by explaining scientific

concepts (Wang et al., 2024), to intelligent systems
designed for language education that offer person-
alized vocabulary exercises (Leong et al., 2024).
However, existing methods still often lack nuanced
mechanisms for academic terminology acquisition
in non-native speakers and the ability to dynam-
ically adjust explanatory depth based on learner
background.

3 Problem Formulation

We formally define the task of Glossing-Oriented
Academic Translation (GOAT) as the process of
generating a level-specific, glossed translation of
a source scholarly text. The core challenge lies in
producing outputs that are simultaneously tailored
to a reader’s academic proficiency while preserving
and explaining key English terminology to facili-
tate learning.

Given a source academic text Xs and a speci-
fied reader level L ∈ {undergraduate, graduate},
the task is to train a model M parameterized by θ
that learns the mapping to a structured output Yg.
This output is a tuple Yg = (Kp, Tg, Ek), where
Kp ⊂ Xs is a set of preserved keywords, Tg is the
glossing translation of Xs containing the terms in
Kp, and Ek is a set of corresponding explanations
for each keyword.

The overall task is thus to model the conditional
probability P (Yg|Xs, L) via the mapping:

Yg = M(Xs, L; θ)

A successful model must learn to adapt both the se-
lection of keywords (Kp) and the explanatory style
(Ek) based on the discrete input level L, making
this a challenging structured prediction problem.

4 Methodology

Our GlossaGen framework is founded on a novel
multi-agent data synthesis pipeline, designed to ad-
dress the critical lack of level-specific training data.
This pipeline transforms raw academic texts into
structured supervised fine-tuning (SFT) instances
through a series of specialized agents. We first de-
scribe this data synthesis process, followed by our
model architecture and training strategy.

4.1 A Multi-Agent Pipeline for Data Synthesis
To address the critical lack of suitable training cor-
pora for the GOAT task, we developed an auto-
mated multi-agent data synthesis pipeline. All
agents in the pipeline are instantiated with the
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Figure 2: An overview of our multi-agent data synthesis pipeline. An Expert Identification Agent first extracts all
potential terms from a Source Academic Text. A Persona Filtering Agent then creates two level-specific term lists,
which in turn guide downstream agents to generate tailored SFT data for undergraduate and graduate levels.

GPT-4.1 model, chosen for its strong multilingual
and reasoning capabilities. Following principles
of modularity and specialization, a sequence of
language-model-based agents, each an expert in a
single, well-defined task, collaborate to transform
raw scholarly texts into structured, level-specific
SFT instances. The full workflow is illustrated in
Figure 2.

Source Data. Our pipeline is designed to process
scholarly texts, taking a corpus of academic ab-
stracts as its primary input. The specific details of
the corpus constructed and utilized for our experi-
ments, including its source, size, and partitioning
strategy, are described in Section 5.1.

Expert Term Identification Agent. This agent
acts as a domain expert. It receives a raw abstract
and is prompted to perform a comprehensive iden-
tification of all potential technical terms, including
concepts, jargon, and model names. The agent en-
sures that the initial pool of terms is exhaustive,
capturing any vocabulary that might require expla-
nation.

Persona-based Term Filtering Agents. This
stage is crucial for creating level-specific data. The
initial term list from the Expert Term Identifica-
tion Agent is passed to two parallel agents, each
embodying a different academic persona (Dug-
gan et al., 2014): The Graduate Persona Agent,
which simulates a first-year graduate student and
filters out foundational concepts, retaining only ad-
vanced terms; and The Undergraduate Persona
Agent, which simulates a novice and inclusively
retains almost all technical terms. This parallel pro-
cessing results in two distinct, level-specific lists
of key terms for each abstract.

Context-Aware Translation Agent. For each
academic level, a dedicated translation agent re-
ceives the original abstract and the corresponding
filtered list of terms. Its task is to translate the ab-
stract into fluent Chinese while strictly preserving
the terms on the list in their original English form
and capitalization. This process generates the core
translated text for our task.

Term Explanation Generation Agent. This
agent is responsible for the “glossing” aspect. It
takes the final list of English terms and the trans-
lated text as input. For each term, it generates a
concise and context-aware explanation in Chinese,
tailored to be accessible to the target academic
level.

Final Data Formatting. The outputs from these
agents are aggregated into a single structured data
instance, formatted for instruction fine-tuning. This
creates a rich dataset where each entry contains the
original abstract, a level-specific translation with
preserved terms, and corresponding explanations.

4.2 Model Architecture and Training Strategy
With the level-specific data as a foundation, we
propose an adaptive model architecture, depicted
in Figure 3, that leverages the parameter efficiency
of LoRA (Hu et al., 2022) to create a repository of
specialized adapters.

4.2.1 Training Specialized Expert and
Generalist Adapters

Our training strategy moves beyond creating a sin-
gle adapter. Instead, we perform three separate
fine-tuning processes to generate a set of distinct
LoRA adapters: an Undergraduate Expert Adapter
(∆Wundergrad), fine-tuned exclusively on the under-
graduate dataset to capture novice-specific nuances;
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Base LLM

Dynamic Merging

GOAT Output 
(Undergraduate)

GOAT Output 
(Graduate)

Undergraduate 
Data

Mixed 
Data

Graduate 
Data

Inference Phase

Training Phase

ΔWl_eff = αΔWl + (1-α)ΔWmixed

Frozen

Trainable

Figure 3: The model framework. (Bottom) Training Phase: The framework fine-tunes three distinct LoRA adapters:
a “generalist” on the mixed dataset, alongside two “expert” adapters, each specialized for the undergraduate and
graduate datasets. (Top) Inference Phase: The relevant expert and generalist adapters are dynamically merged
via a weighted linear combination to form a composite adapter, which is then applied to the frozen base LLM to
generate the level-specific GOAT output.

a Graduate Expert Adapter (∆Wgrad), fine-tuned
on the graduate dataset to cater to an advanced audi-
ence; and a Generalist Adapter (∆Wmixed), trained
on a combination of both datasets to learn the core,
shared capabilities of the task. This process yields
three modular and specialized adapters, forming
the foundation of our merging strategy.

4.2.2 Dynamic Adapter Merging for Inference

At inference time, our goal is to leverage the
strengths of both the generalist and the relevant
expert adapters. We introduce a dynamic adapter
merging strategy, where we create a powerful com-
posite adapter for each academic level by perform-
ing a weighted linear combination of the adapter
weights.

The effective LoRA update, ∆Wl_eff, for a given
user level l ∈ {undergrad, grad} is computed as:

∆Wl_eff = α∆Wl + (1− α)∆Wmixed (1)

Here, α is a hyperparameter that balances the influ-
ence of the expert adapter (∆Wl) and the generalist
adapter, which we set to α = 0.5 based on our ex-
periments. This linear combination is performed as
an offline preprocessing step, resulting in a single,
unified adapter for each academic level. This strat-
egy elegantly combines the specialized knowledge
of two adapters into a single, efficient module, sim-
plifying the serving architecture while maximizing
performance.

5 Experiments

5.1 Datasets

Our benchmark dataset is constructed from the first
three sentences of 8,000 abstracts from the arXiv
“cs.CL” category (2018-2023) (arXiv.org submit-
ters, 2024). This collection of source texts is first
partitioned into training, validation, and test sets
using an 85/5/10 split. Our multi-agent data synthe-
sis pipeline (see Section 4.1) is then applied to each
partition to generate two parallel datasets: one for
the undergraduate persona and one for the graduate.
Further details on the data source are available in
Appendix A.

5.2 Synthetic Corpus Characterization and
Quality Audit

To characterize the dataset beyond downstream
model performance, we report both corpus-level
statistics and a targeted manual audit.

Corpus statistics. Table 1 summarizes the scale
and basic properties of our synthesized benchmark.
In particular, the undergraduate subset contains
systematically more preserved terms and longer
explanations than the graduate subset, reflecting
the intended pedagogical design.

Manual audit. We manually audited N=100
randomly sampled instances that are balanced
across levels to assess: (i) term identification qual-
ity, (ii) gloss factual correctness, and (iii) format
compliance with the GOAT constraints. As shown
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Statistic Undergrad Grad

Avg. source length (tokens) 66.9 66.9
Avg. preserved terms / inst. 9.79 3.45
Avg. explanation length (chars) 428.1 205.1
Unique preserved terms 41,500 22,058
Top-10 term mass (%) 3.46 1.51

Table 1: Corpus statistics of the synthesized benchmark.
Numbers are reported separately for the undergraduate
and graduate subsets.

Audit metric Undergrad Grad

Term selection precision 94.0% 96.0%
Term selection recall 98.3% 93.7%
Gloss accuracy pass rate 100.0% 98.3%

Table 2: Manual audit results on N = 50 samples per
level.

in Table 2, the majority of samples satisfy the core
constraints.

5.3 Baselines

We compare our method against two main cate-
gories of strong baselines. The first is Zero-shot
Baselines, where we evaluate several state-of-the-
art, instruction-tuned LLMs without any in-domain
training, as detailed in our result tables. The sec-
ond category comprises Fine-tuned Models. To
ensure a fair comparison, both our GlossaGen
framework and the fine-tuned baselines are imple-
mented on three powerful 7B/8B-parameter base
LLMs: Llama-3.1-8B-Instruct (Dubey et al., 2024),
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023), and
Qwen3-8B (Yang et al., 2025). The fine-tuned base-
lines include: (1) Standard SFT, a conventional
approach where a single LoRA adapter is trained on
the combined undergraduate and graduate datasets;
(2) LoRA Soups (Prabhakar et al., 2025), for which
we average the weights of two adapters trained sep-
arately on the undergraduate and graduate data; and
(3) Sci-LoRA (Cheng et al., 2025), where we treat
our two level-specific adapters as experts and apply
its dynamic weighting mechanism at runtime.

5.4 Evaluation Metrics

We evaluate model performance using both auto-
matic and LLM-based metrics. For automatic eval-
uation, we report BLEU (Papineni et al., 2002),
ROUGE-1, and ROUGE-L (Lin, 2004).

Recognizing the limitations of automatic metrics
for this nuanced task, we also conduct an extensive
LLM-based evaluation using GPT-4o (Hurst et al.,

2024). We designed five metrics grouped into two
key aspects. To assess task fidelity, we measure:
Keyword Completeness (K1), ensuring all neces-
sary terms are preserved; Instruction Adherence
(K2), for correct format following; and Transla-
tion Fluency (K3), for readability of the mixed-
language text. To evaluate pedagogical quality, we
assess Explanation Simplicity (E1) for accessibility
and Accuracy (E2) for factual correctness. The full
scoring rubric and the prompt used are detailed in
Appendix F.

5.5 Implementation Details

All experiments were conducted on an NVIDIA
A100 GPU. For our LoRA-based methods, we set
the LoRA rank to r = 16 and the balancing hyper-
parameter for our dynamic adapter merging strat-
egy to α = 0.5. A comprehensive description
of all training hyperparameters is provided in Ap-
pendix B.

5.6 Main Results

Tables 3 and 4 report the full results on the under-
graduate and graduate test sets. We discuss the
undergraduate setting first because it is also the
setting used in our human evaluation, but we now
present both reader levels in the main text. Across
both settings, GlossaGen consistently outperforms
competitive baselines on most automatic and LLM-
based metrics. The graduate test set follows the
same overall pattern as the undergraduate one. For
example, on Mistral-7B-Instruct, GlossaGen im-
proves over Sci-LoRA from 24.72 to 26.53 BLEU
and from 74.74 to 77.37 ROUGE-L; on Qwen3-8B,
it also improves K2/E2 from 4.61/4.66 to 4.85/4.87.
These results show that the gains of GlossaGen are
consistent across reader levels rather than being
limited to the undergraduate setting.

5.6.1 Performance on Translation Quality
Metrics

Our framework achieves consistently stronger per-
formance on traditional translation quality metrics
such as BLEU and ROUGE-L. A clear gap remains
between zero-shot models and all fine-tuned ap-
proaches, confirming that GOAT is a non-trivial
task that requires specialized training. While stan-
dard LoRA fine-tuning already provides substantial
improvements over zero-shot baselines, GlossaGen
further improves upon this baseline across both
reader levels. For instance, on the undergraduate
test set, GlossaGen based on Mistral-7B-Instruct
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Model Automatic Metrics LLM-based Evaluation

BLEU R-1 R-L K1 K2 K3 E1 E2

Baselines

Zero-shot
DeepSeek-R1-Distill-Llama-8B 0.41 20.38 19.88 3.07 2.28 3.42 3.14 4.09
Mistral-7B-Instruct 0.53 20.22 19.80 2.77 2.05 3.19 3.09 3.96
Llama-3.1-8B-Instruct 0.75 23.06 22.56 3.05 2.17 3.33 3.17 4.07
Qwen3-8B 1.56 30.17 29.33 3.36 2.55 3.51 3.44 4.40
DeepSeek-R1-0528-Qwen3-8B 2.15 33.68 32.91 3.65 2.89 3.71 3.62 4.55
QwQ-32B 2.25 66.18 63.75 4.55 3.50 3.95 3.61 4.69
Gemma-3-27B-IT 3.62 41.13 40.37 3.83 2.88 3.79 3.63 4.57
Qwen3-32B 5.17 67.73 65.36 4.51 3.69 3.88 3.62 4.72

Standard LoRA
Qwen3-8B (LoRA) 32.26 87.45 84.03 4.78 4.66 4.38 3.98 4.72
Llama-3.1-8B-Instruct (LoRA) 31.51 89.11 85.12 4.70 4.58 4.34 3.93 4.67
Mistral-7B-Instruct (LoRA) 32.62 89.34 85.57 4.78 4.64 4.38 3.95 4.72

LoRA Soups
LoRA Soups (Qwen3-8B) 31.46 83.69 82.28 4.72 4.39 4.31 4.01 4.67
LoRA Soups (Llama-3.1-8B-Instruct) 32.64 86.70 84.81 4.66 4.39 4.26 3.91 4.60
LoRA Soups (Mistral-7B-Instruct) 32.93 86.17 84.73 4.77 4.33 4.28 3.88 4.61

Sci-LoRA
Sci-LoRA (Qwen3-8B) 32.83 88.48 84.12 4.85 4.58 4.49 4.46 4.87
Sci-LoRA (Llama-3.1-8B-Instruct) 30.32 88.58 84.11 4.86 4.66 4.47 4.46 4.84
Sci-LoRA (Mistral-7B-Instruct) 33.07 89.35 85.63 4.86 4.65 4.50 4.43 4.86

Ours (GlossaGen)
GlossaGen (Qwen3-8B) 34.44 89.53 85.82 4.91 4.77 4.68 4.50 4.89
GlossaGen (Llama-3.1-8B-Instruct) 33.05 90.27 86.17 4.90 4.74 4.67 4.45 4.86
GlossaGen (Mistral-7B-Instruct) 34.68 90.23 86.53 4.93 4.78 4.70 4.47 4.88

Table 3: Overall model performance on the Undergraduate-Level test set. Automatic metrics are reported on a
0-100 scale, while LLM-based evaluation uses a 1-5 scale. K1: Completeness, K2: Adherence, K3: Fluency, E1:
Simplicity, E2: Accuracy. Bold indicates the best performance for each metric.

achieves 34.68 BLEU, compared to 32.62 for stan-
dard LoRA; on the graduate test set, the correspond-
ing scores are 26.53 and 24.51.

The same trend also holds against stronger
adapter-combination baselines such as LoRA
Soups and Sci-LoRA. On the undergraduate test
set, GlossaGen achieves 34.68 BLEU, surpassing
both LoRA Soups (32.93) and Sci-LoRA (33.07).
On the graduate test set, GlossaGen reaches 26.53
BLEU, compared with 23.98 and 24.72, respec-
tively. We attribute this consistent advantage to
our merging strategy: instead of relying on uni-
form averaging or complex runtime weighting, our
method combines a generalist adapter with a level-
matched expert adapter, yielding a more balanced
and effective representation for the GOAT task.

5.6.2 Evaluating Pedagogical Quality via
LLM

The LLM-based evaluation provides additional in-
sights into the pedagogical quality of the generated
outputs. While all fine-tuned methods perform
well on translation-focused metrics (K1–K3), Glos-

saGen shows consistent advantages in explanation-
related metrics (E1 and E2). For example, on
the undergraduate test set, the Qwen3-8B model
achieves the highest scores in Explanation Simplic-
ity (E1: 4.50) and Accuracy (E2: 4.89), compared
to 4.46 and 4.87 for Sci-LoRA. These results sug-
gest that the “generalist” adapter effectively cap-
tures the structural properties of high-quality ex-
planations, while the “expert” adapter refines them
to the target user level. Taken together, these find-
ings indicate that GlossaGen supports both accurate
translation and effective explanation, aligning well
with the educational goals of the GOAT task.

6 Analysis and Discussion

6.1 Ablation Study

To assess the contribution of each adapter in Glos-
saGen, we conduct an ablation study on the un-
dergraduate test set, using Mistral-7B-Instruct-v3
as the backbone. We report four representative
metrics: BLEU and ROUGE-L to assess overall
translation quality, K2 (Adherence) to evaluate con-
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Model Automatic Metrics LLM-based Evaluation

BLEU R-1 R-L K1 K2 K3 E1 E2

Baselines

Zero-shot
DeepSeek-R1-Distill-Llama-8B 1.27 31.28 30.63 3.07 2.28 3.37 3.18 4.05
Mistral-7B-Instruct 1.94 31.79 31.00 2.92 2.09 3.19 3.05 3.98
Llama-3.1-8B-Instruct 2.00 35.42 34.68 3.10 2.17 3.33 3.18 4.08
Qwen3-8B 2.48 38.16 37.40 3.42 2.63 3.49 3.39 4.31
DeepSeek-R1-0528-Qwen3-8B 2.98 43.56 42.75 3.63 3.13 3.79 3.57 4.53
QwQ-32B 3.75 62.93 60.93 4.62 3.55 3.98 3.60 4.75
Gemma-3-27B-IT 5.38 47.28 46.59 3.56 2.78 3.69 3.55 4.46
Qwen3-32B 5.76 62.67 60.99 4.50 3.75 3.94 3.57 4.71

Standard LoRA
Qwen3-8B (LoRA) 22.68 72.26 71.00 4.20 4.28 4.33 3.95 4.64
Llama-3.1-8B-Instruct (LoRA) 24.42 75.08 73.60 4.26 4.18 4.30 3.95 4.63
Mistral-7B-Instruct (LoRA) 24.51 74.28 72.74 4.17 3.93 4.25 3.95 4.64

LoRA Soups
LoRA Soups (Qwen3-8B) 22.18 72.79 71.46 4.15 4.24 4.29 3.94 4.67
LoRA Soups (Llama-3.1-8B-Instruct) 24.22 76.34 74.46 4.12 4.08 4.26 3.98 4.67
LoRA Soups (Mistral-7B-Instruct) 23.98 76.06 74.49 4.16 4.15 4.17 3.90 4.56

Sci-LoRA
Sci-LoRA (Qwen3-8B) 23.23 75.39 73.42 4.50 4.61 4.62 4.38 4.66
Sci-LoRA (Llama-3.1-8B-Instruct) 23.21 75.30 73.83 4.38 4.53 4.45 4.28 4.56
Sci-LoRA (Mistral-7B-Instruct) 24.72 76.75 74.74 4.37 4.44 4.47 4.31 4.58

Ours (GlossaGen)
GlossaGen (Qwen3-8B) 25.97 77.13 75.65 4.74 4.85 4.68 4.44 4.87
GlossaGen (Llama-3.1-8B-Instruct) 26.27 78.62 77.02 4.69 4.88 4.65 4.43 4.85
GlossaGen (Mistral-7B-Instruct) 26.53 78.88 77.37 4.65 4.86 4.64 4.41 4.85

Table 4: Overall model performance on the Graduate-Level test set. Automatic metrics are reported on a 0-
100 scale, while LLM-based evaluation uses a 1-5 scale. K1: Completeness, K2: Adherence, K3: Fluency, E1:
Simplicity, E2: Accuracy. Bold indicates the best performance for each metric.

formity to the glossing format, and E2 (Accuracy)
to measure the pedagogical quality of explanations.
We compare the full model against two ablated ver-
sions: w/o Generalist, which removes the general-
ist adapter and relies solely on specialized knowl-
edge, and w/o Expert, which removes the expert
adapter and thus lacks task-specific specialization.

Configuration BLEU R-L K2 E2

GlossaGen (Full) 34.68 86.53 4.78 4.88
w/o Expert 32.62 85.57 4.64 4.72
w/o Generalist 31.29 83.65 4.65 4.70

Table 5: Ablation study on Mistral-7B-Instruct-v3. Both
the generalist and expert adapters are crucial for optimal
performance.

Results in Table 5 show that the full GlossaGen
model achieves the best performance across all
metrics. Removing the generalist adapter leads to a
notable drop in BLEU and ROUGE-L, highlighting
the importance of generalist knowledge for trans-
lation quality. By contrast, removing the expert
adapter results in a larger decline on E2, confirming

that specialized expertise is critical for producing
pedagogically accurate explanations. Both abla-
tions also slightly reduce K2, suggesting that each
adapter contributes to format adherence.

Fluency

Explanation

Overall

70%

40%

55%

14%

24%

19%

16%

36%

26%

GlossaGen Wins Baseline Wins Tie

Figure 4: Human evaluation results (% of preference).
GlossaGen consistently outperforms the baseline across
all dimensions, with a particularly strong advantage in
translation fluency.

6.2 Human Evaluation

We recruited two graduate students in computer sci-
ence, both proficient in English and Chinese, who
were not involved in this project. We intentionally
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used bilingual CS graduate annotators because this
experiment is designed as an expert comparative
judgment of system outputs, rather than as a down-
stream learning study with novice end users. In
particular, evaluating translation fluency, factual
correctness, and whether explanations are appro-
priately selective under the GOAT format requires
sufficient bilingual domain expertise to judge reli-
ably. At the same time, annotators were explicitly
instructed to assess the outputs with undergradu-
ate readers in mind, that is, to judge which output
would be more helpful and appropriate for an un-
dergraduate audience.

We therefore focus the human evaluation on the
undergraduate test set, which is also the setting
foregrounded in the main text, and randomly se-
lected 100 samples for a blind A/B comparison
between our best-performing model, GlossaGen
based on Mistral-7B, and the strongest baseline,
Sci-LoRA based on Mistral-7B.

The evaluators were asked to indicate their pref-
erence on two key dimensions that directly reflect
the core goals of the GOAT task: (1) Translation
Fluency, to assess the quality of the core transla-
tion, and (2) Explanation Quality, to assess the
pedagogical value of the generated glosses.

As shown in Figure 4, GlossaGen was strongly
preferred by human evaluators, with the most sig-
nificant advantage on Translation Fluency, while
also performing better on Explanation Quality. We
measured inter-annotator agreement using Cohen’s
Kappa, which yielded a score of 0.62, indicating
substantial agreement. Notably, this preference
pattern is directionally consistent with the GPT-4o
scores for the same model pair on the undergrad-
uate set: GPT-4o also favors GlossaGen over Sci-
LoRA on translation fluency (K3) and explanation-
related quality (E1/E2).

6.3 Case Study
To complement our aggregate metrics, Table 10 in
Appendix G presents a qualitative case study com-
paring our framework against two baselines. The
example is selected to test a model’s ability to dis-
tinguish true domain-specific jargon from general
academic vocabulary.

The baselines illustrate common failure modes.
The zero-shot model Gemma-3-27B-IT shows fun-
damental limitations: it incorrectly translates all
terms, including “neural auto-regressive language
models”, thus violating the core GOAT format. The
Standard SFT baseline reproduces the format but

demonstrates poor judgment. It unnecessarily pre-
serves and explains common academic phrases
such as “critical thinking curriculum”, treating
them as technical jargon. While structurally valid,
this behavior introduces noise and reduces its use-
fulness for learners.

In contrast, our GlossaGen framework produces
precise and targeted outputs. It identifies “neu-
ral auto-regressive language models” as the only
technical term requiring preservation, while appro-
priately translating “critical thinking curriculum.”
This outcome reflects the synergy of our training
strategy: the “generalist” adapter captures the task
structure, whereas the “expert” adapter provides
the fine-grained, level-specific judgment needed
for focused and pedagogically effective outputs.

7 Conclusion

In this paper, we introduced the task of Glossing-
Oriented Academic Translation (GOAT), aimed
at supporting non-native speakers in comprehend-
ing technical literature. We proposed GlossaGen,
a framework with a multi-agent data synthesis
pipeline and a dynamic adapter merging strategy.
Through automatic and human evaluations, our re-
sults show consistent improvements over competi-
tive baselines, particularly in generating accurate
translations accompanied by pedagogically useful
explanations. These findings highlight GlossaGen
as a step towards scalable and accessible scientific
communication. Alongside the framework itself,
the public release of our benchmark dataset pro-
vides a valuable new resource for the community,
intended to foster future research in this area. Fu-
ture work will explore automatic modeling of user
proficiency for personalized glossing and extending
the framework to other domains where accessibility
is critical, such as medicine and law.

Limitations

While our work presents a promising direction for
academically oriented translation, we acknowledge
several limitations.

First, our empirical validation is restricted to the
computer-science domain and English-to-Chinese
translation. Although the GOAT task formulation
is not tied to a specific language pair, broader cross-
lingual and cross-domain validation remains nec-
essary. In particular, because our synthesis and
generation pipeline relies on large language mod-
els, performance may vary across target languages
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and technical domains depending on the underlying
model’s multilingual and domain-specific capabili-
ties.

Second, our current framework operationalizes
reader proficiency using two pre-defined, discrete
levels (undergraduate and graduate). While this
provides a controlled setting for benchmarking
reader-adaptive glossing, real users’ background
knowledge is more continuous and multidimen-
sional. A more fully adaptive system would benefit
from finer-grained or continuous representations of
user knowledge, as well as additional personaliza-
tion factors such as disciplinary background.

We hope future work will address these limi-
tations by extending GOAT to broader domains,
additional target languages, and richer models of
reader proficiency.

Ethical Considerations

Our work aims to enhance the accessibility of sci-
entific knowledge for non-native speakers, a goal
with positive societal benefits. The primary ethi-
cal considerations for our framework, GlossaGen,
revolve around the data and potential misuse.

The academic abstracts used for data synthesis
were sourced from arXiv, a public repository of
scholarly articles, in adherence with its terms of use.
Our multi-agent data synthesis pipeline is designed
to process this public data and does not involve any
private or personally identifiable information.

Like any generative model, GlossaGen could
potentially produce inaccurate translations or ex-
planations. While our evaluations show high per-
formance, end-users should be encouraged to use
the outputs as a supplementary learning aid rather
than an infallible authority. Furthermore, the base
LLMs used for fine-tuning may carry inherent so-
cietal biases. Although our task is focused on
technical terminology, which is less susceptible
to such biases, future work could involve auditing
the model for potential biased language in its trans-
lations and explanations, especially when applied
to more socially-oriented academic disciplines.
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Appendix

A Dataset Details

The source abstracts for our dataset were randomly
sampled from the publicly available arXiv Dataset
on Kaggle: https://www.kaggle.com/
datasets/Cornell-University/arxiv.
We filtered the dataset to include only papers from
the Computation and Language (‘cs.CL‘) category
with original publication dates between 2018 and
2023.

B Training Hyperparameters

All LoRA-based fine-tuning experiments were con-
ducted with a consistent set of hyperparameters to
ensure fair comparison. We used an NVIDIA A100
GPU with 80GB of memory for all training runs.
The fine-tuning was performed using the LoRA
method with bfloat16 precision.

The LoRA rank was set to r = 16 and was
applied to all linear layers of the base models
(Llama-3.1-8B-Instruct, Mistral-7B-Instruct-v0.3,
and Qwen3-8B). For optimization, we used the
AdamW optimizer with a learning rate of 8.0 ×
10−5. The learning rate was managed by a cosine
decay scheduler with a warmup ratio of 0.1 over 3
training epochs. The training was configured with
a per-device batch size of 1 and 8 gradient accumu-
lation steps, resulting in an effective batch size of
8.

C Pilot Cross-Lingual Transfer Check

To provide a preliminary signal of transferability,
we conducted a pilot study on English–Korean
using the same undergraduate synthesis pipeline
and the same GlossaGen training recipe, without
architectural changes. The results are shown in
Table 6. We observe consistent trends: GlossaGen
continues to outperform strong baselines on both
task fidelity and explanation quality.

Model BLEU ROUGE-L K2 E2

Qwen3-32B 7.35 70.22 3.80 4.65
Standard LoRA 31.52 84.12 4.57 4.66
GlossaGen 33.92 86.02 4.70 4.76

Table 6: Pilot cross-lingual transfer results on English-
Korean translation. GlossaGen and Standard LoRA
settings are based on the Mistral-7B-Instruct backbone.

α BLEU ROUGE-L K2 E2

0.00 32.62 85.57 4.64 4.72
0.25 33.07 85.63 4.72 4.85
0.50 34.68 86.53 4.78 4.88
0.75 31.57 85.89 4.68 4.74
1.00 31.29 83.65 4.65 4.70

Table 7: Sensitivity analysis of α in dynamic adapter
merging.

Model BLEU R-L K1 K2 E2

GPT-4.1 12.50 70.77 3.68 3.10 4.59
GlossaGen 34.68 86.53 4.93 4.78 4.88

Table 8: Comparison with a frontier proprietary LLM
(GPT-4.1) on the undergraduate test set. GlossaGen
setting is based on the Mistral-7B-Instruct backbone.

D Sensitivity Analysis of the Adapter
Merging Weight

We sweep α ∈ {0, 0.25, 0.5, 0.75, 1} on the de-
velopment set, and evaluate on the undergraduate
test set using the same backbone and metrics as in
Section 5. Table 7 reports representative metrics.

E Comparison with a Frontier
Proprietary LLM

To estimate the performance ceiling of GOAT-style
generation under prompt-only control, we evaluate
GPT-4.1 as a strong proprietary baseline on the un-
dergraduate test set. GPT-4.1 is prompted with the
same task description and target audience specifi-
cation as other zero-shot baselines. Table 8 reports
the results.

F Details of LLM-based Evaluation

To ensure a consistent and replicable evaluation, all
model outputs were assessed by GPT-4o using a
standardized scoring rubric and a detailed prompt.
We first define the five core metrics of our rubric
and then present the complete prompt provided to
the judge.

F.1 Scoring Rubric

To standardize the evaluation, we established a de-
tailed scoring rubric with scores ranging from 1.0
(very poor) to 5.0 (excellent). The rubric is or-
ganized into two main categories, containing five
fine-grained metrics designed to assess distinct as-
pects of the model’s performance:
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A. Keyword and Translation Dimensions This
category evaluates the model’s core ability to per-
form the mixed-language translation task correctly
and fluently.

• K1 - Keyword Identification Completeness:
This metric evaluates whether the model suc-
cessfully identified and preserved all neces-
sary technical terms from the source text. It
serves as a foundational check on the model’s
attention to key concepts.

• K2 - Instruction Adherence: This assesses
the model’s ability to strictly follow the core
instruction of embedding English keywords
directly into the translated sentences, measur-
ing its control over the output format.

• K3 - Translation Fluency with Mixed
Terms: This metric measures the linguistic
quality and readability of the final translation,
focusing on how naturally the English terms
are integrated into the Chinese sentences.

B. Term Explanation Dimensions This category
evaluates the pedagogical quality of the generated
explanations, which is a central goal of the GOAT
task.

• E1 - Explanation Simplicity: This evaluates
whether the explanations are presented in a
clear and accessible manner suitable for the
specified academic level (e.g., undergraduate),
avoiding overly technical jargon.

• E2 - Explanation Accuracy: This metric en-
sures that in the process of simplification, the
explanations remain factually correct and do
not misrepresent the core meaning of the tech-
nical concepts.

The full prompt in Table 11 contains the detailed
scoring criteria for each of these metrics that were
provided to the judge.

F.2 Full Evaluation Prompt
The complete prompt provided to GPT-4o is de-
tailed in Table 11. Placeholders were populated
programmatically for each sample.

G Additional Qualitative Case Studies

This appendix complements the qualitative discus-
sion in Section 6.3 by providing representative,

Metric (test outputs) Undergrad Grad

Avg. # preserved terms / inst. 9.49 3.40
Avg. explanation length (chars) 424.1 202.7
Term overlap rate (%) 96.14 96.73

Table 9: Quantifying reader-level differences in gener-
ated outputs.

color-coded examples. We select cases that simul-
taneously contain (i) true domain-specific technical
terms that should be preserved in English, and (ii)
general academic phrases that should be translated
normally. Red highlights indicate constraint viola-
tions or unhelpful behaviors, while green highlights
indicate correct and pedagogically desirable behav-
iors.

H Reader-Level Adaptation Analysis

A central goal of GOAT is that the system should
adjust its glossing behavior to the target reader
level. To directly quantify level adaptation, we
compare the outputs generated under the undergrad-
uate and graduate conditions. Table 9 shows that
graduate outputs contain substantially fewer pre-
served terms and shorter (more specialized) glosses,
indicating that the model filters out foundational
concepts for expert readers.

Positioning of discrete levels. While real profi-
ciency is continuous, we treat undergraduate/gradu-
ate as two anchor points for controlled benchmark-
ing and to connect with prior work on controlling
output complexity in MT and generation. We dis-
cuss future extensions to finer-grained or continu-
ous modeling in Section 7.

I Prompts for Multi-Agent Data Synthesis

This section details the system prompts provided
to the language models for each agent in our multi-
agent data synthesis pipeline. The pipeline begins
with an Expert Term Identification agent (Table 12),
which performs an initial, comprehensive extrac-
tion of all potential technical terms. This initial
list is then processed by two parallel Persona-based
Filtering agents, one embodying an undergraduate
student (Table 13) and the other a graduate student
(Table 14), to create level-specific term sets.

The two level-specific term lists then guide the
downstream content generation. This process be-
gins with an essential quality control step, Ortho-
graphic Verification (Table 15), to ensure term cap-
italization is consistent with the source text. Sub-
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Case Generated Output & Analysis

Source Text This paper takes a first step towards a critical thinking curriculum for neural auto-regressive language models.

Zero-shot
(Gemma-3-27B-IT)

Translation: 本文为建立一个面向神经自回归语言模型的批判性思维课程迈出了第一步。
Explanations: (1) Neural Auto-Regressive Language Models: 一类利用神经网络预测序列中下一个词语或符号的语言模型，
例如GPT系列。
Analysis: Fails to adhere to the core task constraint. The model translates all terms, violating the instruction to preserve keywords.
It then explains the original English term, creating a self-contradictory output and demonstrating a fundamental failure to follow
the GOAT format.

Standard SFT
(Mistral-7B-Instruct)

Translation: 本文首次探讨了针对 neural auto-regressive language models的 critical thinking curriculum。
Explanations: (1) Neural Auto-Regressive Language Models: 神经自回归语言模型是一类利用神经网络根据已有文本逐步生
成下一个词或句子的模型，广泛应用于自然语言处理。

(2) Critical Thinking: 批判性思维是指有系统、逻辑和客观地分析信息并做出判断的能力，常用于教育和学习领域。
(3) Curriculum: 课程设计指的是为学习或训练过程设计的系统性计划，通常包括学习内容、顺序和目标。
Analysis: Reproduces the format but lacks discerning judgment. It correctly preserves the main technical term but fails to distinguish
general academic language from domain-specific jargon. Explaining common phrases like “critical thinking curriculum” adds
unnecessary noise and reduces the pedagogical value for the learner.

Ours (GlossaGen)
(Mistral-7B-Instruct)

Translation: 本文首次探索了针对 neural auto-regressive language models的批判性思维课程。
Explanations: (1) Neural Auto-Regressive Language Models: 神经自回归语言模型是一类通过逐步预测下一个词来生成文本
的人工智能模型，常用于自然语言处理领域。

Analysis: Exhibits precise and targeted judgment. It correctly identifies the single, core technical term (‘neural auto-regressive...‘)
while correctly treating ‘critical thinking curriculum‘ as general language to be translated. This demonstrates that our model has
learned not just the format, but the semantic criteria for term identification, producing a focused and pedagogically effective output.

Table 10: A comparative case study on a challenging example from our undergraduate test set. Red text highlights
errors or weaknesses, while green text indicates strengths and correct behavior. The table showcases GlossaGen’s
superior discerning judgment in identifying only the true domain-specific technical term, unlike the inconsistent
zero-shot model and the noisy SFT baseline.

sequently, the two primary generation agents, the
Context-Aware Translation Agent (Table 16) and
the Term Explanation Agent (Table 17), use these
verified lists to produce the core content for each
level. Finally, to prepare the data for supervised
fine-tuning, a concluding synthesis step assembles
these outputs and generates a first-person reasoning
narrative, with distinct prompts for the undergradu-
ate (Table 18) and graduate (Table 19) personas.
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Full Prompt for LLM-based

You are a professional AI evaluation expert, tasked with assessing the performance of an academic translation support system.
Your evaluation must focus on 5 core metrics.
Target Audience: {target_audience}
Core Task: Translate an academic abstract into Chinese, keep technical terms in their original English, and provide simple
explanations for them.

INPUT DATA
Source English Text:
{original_text}

Model Output:
- Translation: {translation}
- Term Explanations: {terminology_explanation}

EVALUATION METRICS AND SCORING RUBRIC (1.0-5.0 Scale)
Scoring Precision: Please provide scores from 1.0 to 5.0, with one decimal place allowed (e.g., 3.2, 4.1) for fine-grained
assessment.
A. Keyword and Translation Dimensions (3 metrics)
K1 - Keyword Identification Completeness:

- Task: Assess if the model identified and extracted all relevant technical terms.
- Focus on: Term coverage, identification accuracy, any omissions.
- Scoring: 5.0=Comprehensive, no omissions. 4.0-4.9=Mostly complete, minor omissions. 3.0-3.9=Moderate, noticeable

omissions. 2.0-2.9=Insufficient. 1.0-1.9=Severe omissions.
K2 - Instruction Adherence:

- Task: Assess if the model strictly followed the instruction to keep all identified keywords in English directly within the
Chinese sentences.

- Focus on: Avoidance of “Chinese (English)” format; direct embedding.
- Scoring: 5.0=Perfect adherence. 4.0-4.9=Mostly adherent, minor deviations. 3.0-3.9=Partial adherence. 2.0-2.9=Infrequent

adherence. 1.0-1.9=Almost no adherence.
K3 - Translation Fluency with Mixed Terms:

- Task: Assess if the Chinese translation with embedded English terms is fluent and natural.
- Focus on: Linguistic organization of mixed-language text; reading experience.
- Scoring: 5.0=Very fluent. 4.0-4.9=Generally fluent. 3.0-3.9=Comprehensible but awkward. 2.0-2.9=Awkward. 1.0-1.9=Very

jarring.
B. Term Explanation Dimensions (2 metrics)
E1 - Explanation Simplicity:

- Task: Assess if the explanations are genuinely simple and easy to understand for the specified novice target audience.
- Focus on: Use of plain language, provision of examples, avoidance of jargon.
- Scoring: 5.0=Very simple and clear. 4.0-4.9=Generally simple. 3.0-3.9=Mostly understandable. 2.0-2.9=Slightly too

technical. 1.0-1.9=Overly technical.
E2 - Explanation Accuracy:

- Task: Assess if the core meaning remains accurate despite simplification.
- Focus on: Factual correctness; whether simplification leads to misconceptions.
- Scoring: 5.0=Completely accurate. 4.0-4.9=Essentially accurate. 3.0-3.9=Largely accurate. 2.0-2.9=Contains inaccuracies.

1.0-1.9=Contains significant errors.

OUTPUT FORMAT
Please return your evaluation strictly in the following JSON format, using floating-point numbers for scores.

Table 11: The full prompt provided to GPT-4o for the LLM-based evaluation. This prompt includes the detailed
scoring rubric to ensure standardized and consistent assessment.
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Agent: Expert Term Identification

You are an expert in computer science and AI. Identify all technical terms from the provided research paper excerpt, including
key concepts, jargon, or domain-specific terms. Think step by step: read the excerpt, note potential terms, consider their context,
and determine if they are used technically. If a term has both everyday and technical meanings, confirm its field-specific usage.
Merge equivalent terms (e.g., “Large Language Models (LLMs)”). Ensure correct spelling and original English form, with
capitalization matching the first appearance of each term in the research paper excerpt. Output: “reasoning” (a string explaining
your step-by-step process and why each term is technical) and “terms” (a string array of identified terms).

The output must be a JSON object containing the following two keys:

1. “reasoning”

2. “terms” (with capitalization matching the first occurrence of each term in the excerpt)

The output must strictly follow JSON syntax and be returned directly without any additional explanations.

Table 12: Prompt for the agent tasked with initial, comprehensive identification of technical terms.

Agent: Persona-based Term Filtering (Undergraduate)

You are a first-year undergraduate student in China majoring in computer science with a focus on artificial intelligence. You have
not yet mastered calculus, linear algebra, probability and statistics, discrete mathematics, optimization theory, data structures and
algorithms, Python programming, or basic machine learning concepts. Your English proficiency is equivalent to high school
English level. You have been given a research paper excerpt and an initial list of domain-specific technical terms. Your task is to:

1. Analyze the initial list: Review all terms in the initial list of domain-specific technical terms and keep them all. Determine
which ones are crucial for understanding the research paper excerpt, even if they are advanced, specialized, or unfamiliar
to you (e.g., concepts, jargon, or technical terms not encountered in everyday life). These terms are essential for your
learning and comprehension.

2. Identify additional terms: From the excerpt, find other important terms not included in the initial list that are key to
understanding the paper. Focus especially on foundational concepts or academic vocabulary that you, as a beginner, do not
yet understand. If no additional terms are necessary, do not add any.

3. Merge equivalent terms: Only combine terms that are explicitly full names and their abbreviations (e.g., “Large Language
Models” and “LLMs” into “Large Language Models (LLMs)”). Do NOT merge terms that are conceptually related but
distinct, such as a specific task and its general category. If unsure, keep terms separate.

4. Ensure accuracy: Use the correct spelling and original English form of all terms as they appear in the excerpt or list.
For terms present in the excerpt, their capitalization in the final list MUST EXACTLY match their first appearance in the
research paper excerpt.

Output:

1. “final_reasoning”: A string explaining your step-by-step process, including how you analyzed all terms from the initial list
and decided which are crucial for understanding the paper, which additional terms you included from the excerpt, and how
you identified and merged equivalent terms.

2. “final_terms”: A string array containing the final list of technical terms.

The output must be a JSON object containing the following two keys: “final_reasoning” and “final_terms”. The output must
strictly follow JSON syntax and be returned directly without any additional explanations.

Table 13: Prompt for the agent (Undergraduate Persona) tasked with creating an inclusive term list for a novice
audience.
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Agent: Persona-based Term Filtering (Graduate)

You are a first-year graduate student in China majoring in computer science with a focus on artificial intelligence. You have
mastered calculus, linear algebra, probability and statistics, discrete mathematics, optimization theory, data structures and
algorithms, Python programming, and basic machine learning concepts (including supervised learning, unsupervised learning,
and neural network fundamentals). Your English proficiency is at least CET-6 (College English Test Band 6) or higher. You have
been given a research paper excerpt and an initial list of domain-specific technical terms. Your task is to:

1. Evaluate the initial list: Review the terms and remove those you already understand well and consider simple based on
your background. Keep only the terms that are challenging, advanced, or highly domain-specific (e.g., concepts beyond
basic machine learning that require deeper study or specialized technical jargon).

2. Merge equivalent terms: Only combine terms that are explicitly full names and their abbreviations (e.g., “Large Language
Models” and “LLMs” into “Large Language Models (LLMs)”). Do NOT merge terms that are conceptually related but
distinct, such as a specific task and its general category. If unsure, keep terms separate.

3. Ensure accuracy: Use the correct spelling and original English form of all terms as they appear in the excerpt or list.
For terms present in the excerpt, their capitalization in the final list MUST EXACTLY match their first appearance in the
research paper excerpt.

Output:

1. “final_reasoning”: A string explaining your step-by-step process, including how you evaluated the initial list, why you
removed certain terms as simple, why you kept others as challenging or domain-specific, and how you merged equivalent
terms.

2. “final_terms”: A string array containing the final list of technical terms.

The output must be a JSON object containing the following two keys: “final_reasoning” and “final_terms.” The output must
strictly follow JSON syntax and be returned directly without any additional explanations.

Table 14: Prompt for the agent (Graduate Persona) tasked with filtering the term list to retain only advanced
concepts.

Prompt for Orthographic Verification

You are a system designed to ensure consistency between a list of terms and a research paper excerpt. Your task is to adjust the
capitalization of each term in the provided Terms list to exactly match its first appearance as a standalone phrase or as part of
a larger phrase in the Research paper excerpt. For multi-word terms, identify the first occurrence of the exact term (ignoring
additional words like “approaches” or “techniques”) and use its capitalization, regardless of how it appears in the Terms list. Do
NOT use the capitalization from the Terms list; always prioritize the Research paper excerpt. If a term does not appear in the
excerpt, retain its original capitalization from the list.

Input:

• Research paper excerpt: A string containing the excerpt of a research paper.

• Terms list: An array of strings representing the list of terms to be adjusted.

Task:

• For each term in the Terms list, locate its first appearance in the Research paper excerpt.

• Adjust the capitalization to exactly match that first appearance in the excerpt (e.g., if “knowledge distillation” appears as
“knowledge distillation” in the excerpt, it must be “knowledge distillation” in the output, even if the list has “Knowledge
Distillation”).

Output: Return a JSON object with the following key:

• “updated_terms_list”: A string array containing the adjusted list of terms, with capitalization exactly matching the first
appearance of each term in the Research paper excerpt.

The output must strictly follow JSON syntax and be returned directly without additional explanations.

Table 15: Prompt for orthographic verification against the source text.
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Agent: Context-Aware Translation

You are an expert translator from English to Chinese. You will receive a research paper excerpt and a list of domain-specific
terms. Your task is to translate the text into Chinese while ensuring that all terms from the list remain in English. Do NOT
translate these domain-specific terms into Chinese under any circumstances, even if they seem natural to translate; they must
remain unchanged in English. The capitalization of each term MUST EXACTLY match its appearance in the research paper
excerpt, NOT the list, regardless of how it appears in the list. Apart from these terms, all other content must be fully translated
into Chinese. Ensure the translation is accurate, fluent, and naturally integrates into the Chinese context while strictly preserving
the specified terms and their exact capitalization as they appear in the original excerpt.

For example:
Note: Keep the terms EXACTLY as they appear in the original text, not as they appear in the terms list.

Output: Return a JSON object with the key “translation” containing the Chinese translation.

The output must strictly follow JSON syntax and be returned directly without additional explanations.

Table 16: Prompt for the agent responsible for generating the glossing translation.

Agent: Term Explanation Generation

You are an expert in computer science and AI tasked with explaining technical terms in Chinese. You will receive a list of
domain-specific technical terms from a research paper and a Chinese translation of the excerpt. Your task is to provide clear,
accurate, and concise Chinese explanations for each term. Each explanation should:

1. Be written in simplified Chinese.

2. Be 1-3 sentences long.

3. Focus on the core concept rather than detailed technical implementation.

4. Be accessible to students learning about these concepts.

5. Include the context or field where the term is typically used when helpful.

Output format: Return a JSON object with the key ’explanations’ containing an array of objects. Each object should have:

• “term”: the original English term (exactly as provided)

• “description”: the Chinese explanation

The output must strictly follow JSON syntax and be returned directly without additional explanations.

Table 17: Prompt for the agent responsible for generating term explanations.

Prompt for Reasoning Narrative Synthesis (Undergraduate Persona)

I have data from a task involving analyzing a research paper excerpt, identifying technical terms, translating the text into
Chinese, and providing explanations. The input (excerpt) and output (translation and explanations) are already set. I need you to
generate only the reasoning process, crafted as a polished, first-person self-reflection narrative in the present tense, reflecting the
perspective of a first-year undergraduate beginner. This narrative should describe my process: how I first identified potential
technical terms (using the initial reasoning), how I then reviewed this list and the excerpt to compile the final list of terms crucial
for my understanding (explaining why I kept terms – perhaps because they are new or central – and potentially added others
based on the final reasoning), how I approached the translation task ensuring these key terms remained in English, and finally,
how I formulated the explanations to grasp these concepts, using the provided reasoning, terms, translation, and explanations data
as a guide. The output must be a JSON object with a single key ’reasoning_process’ containing this narrative. Here’s the data:

- Input (Excerpt): {item[“abstract”]}
- Initial Reasoning: {item[“initial_reasoning”]}
- Initial Terms: {json.dumps(item[“initial_terms”])}
- Final Reasoning: {item[“undergrad_final_reasoning”]}
- Final Terms: {json.dumps(item[“undergrad_final_terms”])}
- Translation: {item[“undergrad_translation”]}
- Explanations: {json.dumps(item[“undergrad_explanations”])}

The reasoning process should reflect the learning journey and curiosity of an undergraduate student encountering these concepts.

Table 18: Prompt for the final reasoning process narrative synthesis for the undergraduate-level SFT data.
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Prompt for Reasoning Narrative Synthesis (Graduate Persona)

I have data from a task involving analyzing a research paper excerpt, identifying technical terms, translating the text into Chinese,
and providing explanations. The input (excerpt) and output (translation and explanations) are already set. I need you to generate
only the reasoning process, crafted as a polished, first-person self-reflection narrative in the present tense. This narrative should
describe how I identify terms, select the most relevant ones (including specific reasons for excluding simpler terms, such as
their coverage in foundational courses like machine learning or NLP basics, or their lack of advanced insight), translate the text,
and explain the terms, using the provided reasoning and terms as a guide. The output must be a JSON object with a single key
“reasoning_process” containing this narrative. Here’s the data:

- Input (Excerpt): {item[“abstract”]}
- Initial Reasoning: {item[“initial_reasoning”]}
- Initial Terms: {json.dumps(item[“initial_terms”])}
- Final Reasoning: {item[“grad_final_reasoning”]}
- Final Terms: {json.dumps(item[“grad_final_terms”])}
- Translation: {item[“grad_translation”]}
- Explanations: {json.dumps(item[“grad_explanations”])}

The reasoning process should be written from the perspective of a graduate student and reflect the analytical depth expected at
that level.

Table 19: Prompt for the final reasoning process narrative synthesis for the graduate-level SFT data.
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