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Preface

Welcome to the Workshop on Multi-modality and Multi-lingual Language Learning (Multi-LLL 2026),
held on November 9, 2026, in Hengqin, Zhuhai, China, in conjunction with AACL-IJCNLP 2026.

Language learning draws on speech, writing, visual information, and interaction. This workshop
brings together researchers working across natural language processing, computer vision, speech, ar-
tificial intelligence, and education to explore how these resources can support learners with different
linguistic backgrounds and needs. Its scope includes learning technologies, assessment, feedback, and
applications for English, Chinese, and low-resource languages.

Alongside research presentations and invited talks, the workshop features the VisCGEC-v2.0 shared
task on visual Chinese grammatical error correction. The task asks systems to locate and correct errors
in images of handwritten Chinese text, with sentence-level and paragraph-level tracks. It connects visual
understanding with language analysis in an educational setting.

We thank the authors, reviewers, invited speakers, shared-task participants, and the AACL-IJCNLP
2026 organizing team for their contributions. We hope the workshop encourages continued exchange and
collaboration on language learning across modalities and languages.

Xiaoman Wang, Qianyu Wang, Zhengyuan Liu, Nancy F. Chen,

Zheng Yuan, Yunshi Lan, and Jing Jiang
Multi-LLL 2026 Workshop Organizers
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Keynote Talk
Multimodal Language Technologies for Personalized
Learning: From Knowledge Tracing to a Daily AI Study
Companion

Zitao Liu
Jinan University
Monday, November 9, 2026 — Time: 09:05 — 09:45 — Room: MR8M

Abstract: In this talk I will present our work on multimodal language technologies for personalized
learning, connecting foundational research with a deployed product. I will show how we model a lear-
ner’s knowledge state from text, images, handwriting, and speech using interpretable knowledge-tracing
models, together with a standardized evaluation platform and a large open dataset XES3G5M. I will then
describe our multimodal educational resources and models for OCR, speech, and handwritten-formula
recognition, and how we improve mathematical reasoning in small models. Finally, I will introduce Xiao
Jing Long, a student-facing Al study companion on learning devices: it reads photos of homework and
handwritten answers, identifies each day’s most important weak point, and guides a personalized 15-20-
minute learning session.

Bio: Zitao Liu is the Dean of Guangdong Institute of Smart Education, Jinan University, Guangzhou,
China. His research is in the area of machine learning, including artificial intelligence in education and
educational data mining. He has published over 100 papers in highly ranked conference proceedings, su-
ch as NeurIPS, CVPR, AAAL, WWW, etc. and his applied research has resulted in more than 50 techno-
logy transfer and patents. Zitao serves as the Executive Committee of the International Al in Education
Society, CCF Senior member and top tier Al conference/workshop organizers/program committees. He
was the champions and runners-up of many competitions at top Al venues, including NeurIPS, EMNLP
and Ubicomp.

He is a recipient of ACM and CCF Distinguished Speaker and Beijing Nova Program 2020. Before
joining TAL, Zitao was a senior research scientist at Pinterest and received his Ph.D degree in Computer
Science from University of Pittsburgh.



Keynote Talk
Beyond Automated Feedback: Advancing Educational
Feedback through Human—-AI Collaboration

Guanliang Chen
Beijing Normal University
Monday, November 9, 2026 — Time: 09:50 — 10:30 — Room: MR8M

Abstract: Generative Al is reshaping educational feedback, offering new opportunities to provide per-
sonalised, timely, and scalable support for teaching and learning. However, its potential extends beyond
automating feedback generation to enhancing feedback quality and effectiveness through meaningful
human-AlI collaboration. Drawing on a systematic review and empirical studies, this talk examines how
Al can support educational feedback practices, from generating personalised feedback to analysing fee-
dback quality and facilitating human—AI collaborative feedback processes. Particular attention is given
to how Al can complement educators’ pedagogical expertise, support informed decision-making, and
enable the provision of actionable and contextually relevant feedback. The talk concludes by highligh-
ting key opportunities and challenges in developing human—Al collaborative approaches that enhance
feedback practices and improve student learning experiences.

Bio: Guanliang Chen is a Professor at Beijing Normal University. His research lies at the intersection
of Artificial Intelligence (Al), Learning Analytics, and Education, with a particular focus on developing
responsible Al technologies to support large-scale, personalised learning, assessment, and feedback. He
has published over 100 peer-reviewed journal and conference papers in leading international venues
across Al, educational technology, and learning sciences, accumulating more than 10,000 citations on
Google Scholar with an h-index of 40.

vi



Keynote Talk
Large Language Models for Figurative Language: From Text
to Multi-modality and Cross-lingual Inspirations

Zhongqing Wang
Soochow University
Monday, November 9, 2026 — Time: 11:00 — 11:40 — Room: MR8M

Abstract: Figurative language such as metaphor and synaesthesia poses great challenges for natural
language understanding and second language acquisition, due to its non-literal and cognition-driven na-
ture. This talk presents our research on figurative-language understanding from textual to multimodal
and Chinese cross-lingual perspectives. We revisit textual metaphor detection with traditional neural and
BERT-based models, and introduce our Chain-of-Thought empowered multimodal metaphor detection
framework leveraging both image and text signals. We further explore Chinese synaesthesia: we build
a human-annotated dataset, and address synaesthesia detection via joint extraction and tree-structured
generation models. Our findings provide insights for cognition-aware NLP and figurative language pro-
cessing across modalities and languages.

Bio: Zhongging Wang is an Associate Professor at the School of Computer Science and Technology,
Soochow University. His primary research interests span natural language processing, sentiment analysis,
and information extraction. He has published over 50 papers in top-tier conferences and journals in Al
and NLP. He currently leads and participates in multiple projects funded by the National Natural Science
Foundation of China. He serves as a Senior Program Committee Member or Area Chair for prestigious
international conferences including ACL, IJCAI, AAAI, EMNLP, and COLING.

vii



Table of Contents

WrAFT: A Modularized Automated Writing Evaluation System for L2 Argumentative Essays
Adnan Labib, Yixuan Huang, Jiahui Wu, John Maurice Gayed, Zheng Yuan and Qiao Wang ... |

Beyond Accuracy: What Language-Subspace Interventions Capture, Remove, and Improve
Shaanil Punglia, Dadhichi Telwadkar, Vaibhav Rathore, Siddharth Sureka and Neha Bhargava 19

Ground Before Correcting: Evidence-Guided Visual Chinese Grammatical Error Correction at Multi-
LLL 2026
Xiaochuan Xie and Keran Huang . .......... ..o i 33

Cross-Lingual TTS for Indian Languages: A Benchmark and Inference-Time Duration Estimation Stra-

tegies

Adarsh Arigala, Arjun Gangwar and Srinivasan Umesh .......... ... . ... ... ..o ... 47
Rewrites Are Not Lessons: Teachable Edits as an Output Specification for Multimodal Language Lear-
ning

Wajdi Zaghouani. ... ... e 56

A Multi-Modal Interactive Narrative Game for French-Speaking Primary School Learners
Qiao Wang, Adnan Labib, Thierry Geoffre, Yixuan Huang and Zheng Yuan................. 65

A Training-Free Single-Pass Vision—Language Pipeline for Sentence-Level Visual Chinese Grammatical
Error Correction
Lexuan Zhang . ... ... e 77

Outlining an Experiment Design of Gamifying Language Learning in Low-Resource Contexts: Kurdish
Learning in University, Language Courses, and on Web-Based Applications

Quanzi M4, Christian Schuler, Xueqing Zhang, Meiyi Chen, Mahir Dogan, Raman Ahmad, To-
mohiro Nagashima, Timo Baumann and Josef Van Genabith............... ... ... ... ... .. 84

Clean Evaluations on Contaminated Visual Language Models
Hongyuan Lu, Shujie Miaoand Wai Lam.......... ... e 94

Audio Representation Learning and Downstream Task Modeling: A Survey
Kaihong Wang and Liang He . ......... .o e 100

viii



Program

Monday, November 9, 2026

09:00 - 09:05
09:05 - 09:45
09:45 - 09:50
09:50 - 10:30
10:30 - 11:00
11:00 - 11:40
11:40 - 11:45
11:45 - 11:50
11:50 - 12:05
12:10 - 12:25
12:25 - 12:30
12:30 - 14:00
14:00 - 14:16

Opening Remarks

Zitao Liu: Multimodal Language Technologies for Personalized Learning: From
Knowledge Tracing to a Daily Al Study Companion

Transition

Guanliang Chen: Beyond Automated Feedback: Advancing Educational Feedba-
ck through Human—AlI Collaboration

Coffee Break

Zhongqing Wang: Large Language Models for Figurative Language: From Text
to Multi-modality and Cross-lingual Inspirations

Transition

Shared Task Overview

Visual Chinese Grammatical Error Correction

Ground Before Correcting: Evidence-Guided Visual Chinese Grammatical Error
Correction at Multi-LLL 2026

Xiaochuan Xie and Keran Huang

Visual Chinese Grammatical Error Correction (Recorded Video)

A Training-Free Single-Pass Vision—Language Pipeline for Sentence-Level Visual
Chinese Grammatical Error Correction

Lexuan Zhang

Shared Task Discussion

Lunch Break

Writing, Feedback and Interactive Learning

X



Monday, November 9, 2026 (continued)

14:17 - 14:33
14:34 - 14:50
14:51 - 15:24
15:25 - 15:30
15:30 - 16:00
16:00 - 17:25

WrAFT: A Modularized Automated Writing Evaluation System for L2 Argumen-
tative Essays

Adnan Labib, Yixuan Huang, Jiahui Wu, John Maurice Gayed, Zheng Yuan and
Qiao Wang

Development of an Intelligent Essay-Correction System for International Chinese
Language Education (DAN YUAN; non-archival)

PEELing Argumentation: Scaffolding Elementary Argumentative Writing with
Decomposed LLM Feedback (Stella Xin Yin, Geyu Lin, Zhengyuan Liu, Brian Y.
Lim, Nancy F. Chen; non-archival)

Writing, Feedback and Interactive Learning

Rewrites Are Not Lessons: Teachable Edits as an Output Specification for Multi-
modal Language Learning
Wajdi Zaghouani

A Multi-Modal Interactive Narrative Game for French-Speaking Primary School
Learners
Qiao Wang, Adnan Labib, Thierry Geoffre, Yixuan Huang and Zheng Yuan

Session Discussion
Coffee Break
Multilingual, Multimodal and Speech Technologies

Outlining an Experiment Design of Gamifying Language Learning in Low-
Resource Contexts: Kurdish Learning in University, Language Courses, and on
Web-Based Applications

Quénzi M4, Christian Schuler, Xueqing Zhang, Meiyi Chen, Mahir Dogan, Ra-
man Ahmad, Tomohiro Nagashima, Timo Baumann and Josef Van Genabith

Beyond Accuracy: What Language-Subspace Interventions Capture, Remove, and
Improve

Shaanil Punglia, Dadhichi Telwadkar, Vaibhav Rathore, Siddharth Sureka and
Neha Bhargava

Cross-Lingual TTS for Indian Languages: A Benchmark and Inference-Time Du-
ration Estimation Strategies
Adarsh Arigala, Arjun Gangwar and Srinivasan Umesh

Audio Representation Learning and Downstream Task Modeling: A Survey
Kaihong Wang and Liang He



Monday, November 9, 2026 (continued)

Clean Evaluations on Contaminated Visual Language Models
Hongyuan Lu, Shujie Miao and Wai Lam

17:25-17:30 Closing Remarks

X1
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Adnan Labib!, Yixuan Huang?, Jiahui Wu?®, John Maurice Gayed?,
Zheng Yuan*, Qiao Wang®
'Department of Informatics, King’s College London, UK
2Waseda University, Tokyo, Japan
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Abstract

Second language writers rarely receive the de-
tailed feedback they need to improve, as com-
prehensive feedback takes teachers days per
class. To solve this, we present WrAFT, a
Writing Assessment and Feedback Tool, that
delivers reliable scores along with effective
comprehensive feedback for argumentative es-
says. WrAFT adopts a modular design by di-
viding the automated writing evaluation (AWE)
into essay scoring, surface-level feedback and
deep-level feedback. In building the system,
various Large Language Models (LL.Ms) have
been evaluated, including LLaMA-3.3-70B-
Instruct, GPT-40, and Claude 3.7, through both
supervised fine-tuning and direct prompting.
Evaluation shows that WrAFT achieves strong
agreement with human raters, with a Quadratic
Weighted Kappa (QWK) of 0.84 on a propri-
etary dataset of 480 TOEFL Independent Writ-
ing essays. More importantly, human evalua-
tion of system-generated feedback also reveals
high approval ratings (96.14% for surface-level,
93.03% for deep-level macro feedback, and
94.69% for deep-level micro feedback). Pub-
licly available interactive user interface has also
been developed for the system.

1 Introduction

Second language writers need comprehensive feed-
back to improve, but rarely receive it as teachers
may take days to provide feedback, and what learn-
ers get is often generic (Liu and Kunnan, 2015;
Ranalli and Yamashita, 2021). Automated Writ-
ing Evaluation (AWE) systems have thus emerged
as a promising solution to score and provide feed-
back on student essays at scale. Traditional AWE

1

systems have mostly focused on scoring (Li and
Ng, 2024), either through linguistic features, shal-
low text similarity measures (Li and Wu, 2023) or
through neural network approaches, giving grades
based on a single vector representation of the essay
(Dong et al., 2017; Jin et al., 2018). Though some
of the systems demonstrated satisfactory scoring
agreements with human raters, such as e-rater!,
the scoring engine of Criterion, Education Test-
ing Service’s (ETS) AWE tool for the GRE and
TOEFL writing exams (Attali and Burstein, 2006),
they often failed to capture higher-order thinking
in writing such as coherence or argumentation.

With the advancement of Large Language Mod-
els (LLMs), LLM-based AWE systems can now
predict a score along with giving rich explanatory
feedback. However, Li and Ng (2024) shows that
in recent years, this area of research seems to be
narrowly focused on developing a sophisticated
model that can beat competing models in scor-
ing a standard evaluation dataset, while there is
a lack of feedback generation and validation. Li
and Ng (2024) proposes that there should be dif-
ferent layers to AWE systems, including holistic
or trait-specific scores, written feedback, and es-
says revised by experts. This proposal coincides
with the need for comprehensive feedback stressed
by second language writing research, which typi-
cally includes both corrective edits to surface-level
errors in grammar, wording and mechanics, and
deep-level feedback comments on issues such as
organization, coherence and argumentation (Bitch-
ener and Knoch, 2008). While some researchers

"https://www.ets.org/erater/about.html
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caution against the potential cognitive overload that
comprehensive feedback might impose on learners
(Truscott, 1996), it still remains a prevalent peda-
gogical practice in language education, as learners
may selectively attend to aspects they find most
relevant. However, though there have been many
grammatical error correction (GEC) systems that
can be used for surface-level feedback (Yuan and
Briscoe, 2016; Imamura et al., 2012; Rozovskaya
and Roth, 2019; Davis et al., 2024; Bryant et al.,
2023; Yuan et al., 2021), deep-level feedback re-
mains rare and is usually in a generic manner. In
addition, feedback comments are frequently con-
solidated in standalone paragraphs separate from
the essay text, as observed in (Stahl et al., 2024),
which makes it inconvenient for users to associate
the feedback with specific elements of their writing.

One notable AWE system, AiAWE (Gayed,
2025), provides highly reliable and accurate
TOEFL-benchmarked scoring and holistic feed-
back to argumentative essays through LLMs fine-
tuned on a proprietary TOEFL independent writ-
ing dataset provided by Education Testing Service
(ETS). Inspired by the AiAWE system and drawing
on the first two layers of feedback proposed by Li
and Ng (2024), this research aims to address the
current research gap by developing an LLM-based
AWE system for argumentative essays that provides
accurate scoring and layered, comprehensive feed-
back. Internally, a modular architecture is adopted
with separate modules for scoring, surface-level
feedback and deep-level feedback. This system is
made available through an interactive user inter-
face which transforms the system from a research
model into a practical and pedagogically effective
educational tool. The contributions are as follows:

* The scoring module achieves strong agree-
ment with human raters (QWK of 0.84 on 1-5
score scale), allowing learners to understand
their essay scores on the TOEFL rubric level.

* Human validation of the comprehensive feed-
back generated by the AWE system suggests
highly satisfactory performance in correct-
ing surface-level grammatical and mechanical
errors, as well as in commenting on macro
structure and micro aspects including context-
dependent grammar, clarity, coherence, argu-
mentation, and formality.

* For feedback generation, which is a task
with non-deterministic output, supervised fine-

tuning was less effective than directly prompt-
ing SOTA LLMs to elicit feedback on specific
traits/aspects in writing.

* The research results in a deployable code pack-
age? and a web-based application to visualize
comprehensive feedback through in-line cor-
rective edits and anchored comments>.

2 Background

2.1 Early automated writing evaluation

AWE is defined as “the process of evaluating
and scoring written prose via computer programs”’
(Shermis and Wilson, 2024), which includes the
dual task of scoring and feedback. Page (1967)
first proposed computer based essay grading and
developed Project Essay Grade (Page, 2003).
Early AWE systems adopted machine learning ap-
proaches, for instance, e-rater (Attali and Burstein,
2006) from ETS utilizes a suite of handcrafted lin-
guistic features, such as grammar errors, vocab-
ulary sophistication, organization indicators, etc.
to evaluate writing. Another AWE system, In-
telligent Essay Assessor (IEA) (Landauer et al.,
2003), employs latent semantic analysis to mea-
sure the semantic similarity between an essay and
high-scoring responses. More recent AWE sys-
tems have adopted deep learning techniques (Li
and Ng, 2024), such as the work of Taghipour and
Ng (2016), who employed a convolutional neural
network (CNN) to extract n-gram-level features
for capturing local dependencies, followed by a
long short-term memory network (LSTM) to model
global, long-distance dependencies for essay scor-
ing. While they emphasized the operational poten-
tial of these systems, later critiques (see Perelman,
2014) show that many of these scoring engines dis-
proportionately reward surface-level features, espe-
cially essay length (word count), rather than sub-
stantive content, raising questions about the depth
of construct representation.

Further investigation shows that while some of
the above systems have proven effective for scoring,
they lack true understanding of content, particularly
higher-order thinking such as logic and argumen-
tation. Thus, feedback in early AWE systems, if
any, tends to be formulaic (e.g., pointing out gram-
matical and mechanical errors) rather than giving
insight into argument strength or coherence (Li and

2https://github.com/judywq/wraft
*https://wraft.net/


https://github.com/judywq/wraft
https://wraft.net/

Ng, 2024). In addition, while e-rater has been used
extensively in high-stakes environments, Powers
et al. (2002) demonstrates that writing experts and
computational linguists were able to deliberately
create essays that exploit the e-rater algorithm.
Their findings highlight that automated systems
could reward superficial linguistic features rather
than the deeper qualities of coherent and original
writing. Deane (2013) extends on this by argu-
ing that while AWE systems can capture certain
linguistic and structural features, they risk under-
representing higher-order writing dimensions such
as idea development and rhetorical effectiveness.

2.2 LLM-based approaches

Recently, LLMs, with their strong text comprehen-
sion and generation capabilities, can read a student
essay and produce a detailed critique in natural lan-
guage, often well beyond the templated feedback
of older AWE systems. Mizumoto and Eguchi
(2023) empirically evaluated the use of LLMs for
automated essay scoring by using GPT-3 to as-
sess essays from ETS’s TOEFL11 dataset. The
researchers reported the model achieving good lev-
els of agreement and reliability with the human rat-
ings by professional ETS raters. In addition, they
noted improvements when combining LLM evalua-
tion with linguistic feature-based approaches. The
study demonstrated zero-shot LLM scoring is vi-
able, but still needing methodological refinements
to ensure consistency and construct validity.
Efforts to utilize LLMs for AWE tasks include
both direct prompting and fine-tuning approaches.
In the realm of direct prompting, a study by Man-
sour et al. (2024) evaluated the capabilities of
ChatGPT (https://chatgpt.com/), and LLaMA-
2 (https://www.llama.com/1lama2/) in scor-
ing written essays. Through various prompt-
engineering tactics, they found that both models
exhibited comparable performance, with ChatGPT
having a slight advantage. Another study by Stahl
et al. (2024) explored zero-shot and few-shot ap-
proaches inspired by Chain-of-Thought prompt-
ing (Wei et al., 2022) to generate both scores and
feedback. Their study found that addressing both
tasks simultaneously, rather than independently,
enhances the quality of generated feedback and
improves scoring performance, although the im-
pact on feedback quality remains limited. Build-
ing on this, Pack et al. (2024) highlights while
LLMs such as GPT models can achieve human-
comparable scoring accuracy, performance varied

across time and task type, raising questions about
reliability and generalizability. Importantly, they
highlight that while LLMs offer a significant ad-
vancement over earlier rule/feature-based AWE,
systemic validity checks remain necessary to en-
sure LLMs capture more than superficial patterns
in student writing. Additionally, Li and Liu (2024)
also demonstrated that LLMs can match or exceed
the performance of traditional AWE systems, while
also providing more flexible and context-sensitive
evaluations of student writing.

Alternatively, fine-tuning LLMs, even older or
smaller models, has been proven more effective
than directly prompting more advanced LLMs (Li
and Ng, 2024). Wang and Gayed (2024) fine-tuned
the GPT-3.5 model on a corpus of TOEFL argumen-
tative essays with human benchmark scores and
demonstrated that the fine-tuned models achieved
higher scoring accuracy than zero-shot prompt-
ing of GPT-3.5 or GPT-4, while also being ro-
bust when scoring essays from unseen prompts.
Gayed (2025) builds on this, by developing a freely
accessible web-based application called AiIAWE
which uses an open-source LLM (Gemma-3-27B-
IT) with Low-Rank Adaption (LoRA) adapters
and rubric-guided system prompting to score ar-
gumentative essays. Through this system, the
author was able to show both strong agreement
with gold-standard ETS raters across standard
metrics in addition to providing actionable deep-
level rubric-aligned feedback to users. Another
study by Cai et al. (2025) introduced the Rank-
Then-Score (RTS) framework, which first ranks
essays using a fine-tuned LLM, then scores them
based on the rankings which outperformed tradi-
tional supervised fine-tuning techniques, particu-
larly in Chinese datasets. Furthermore, Chu et al.
(2024) proposed the Rationale-based Multiple Trait
Scoring (RMTS) model, which combines prompt-
engineering-based LLMs with a fine-tuning-based
essay scoring model to provide trait-specific ra-
tionales for scores. Their approach enhances the
reliability of multi-trait scoring by generating fine-
grained explanations aligned with the rubric.

Despite the potential of LLMs to generate rich,
formative feedback, the majority of recent AWE
research has continued the traditional focus on scor-
ing accuracy (Li and Ng, 2024). This persistent
emphasis is likely because feedback evaluation is
significantly more time-consuming. Unlike scores,
which can be validated against quantitative bench-
marks, the quality of feedback must be assessed
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through qualitative, pedagogical judgment. As a re-
sult, the use of LLMs for feedback remains largely
anecdotal rather than proven through rigorous re-
search. The limited number of studies that do cover
feedback generation, such as those exploring Chain-
of-Thought prompting to produce comments along-
side scores (Stahl et al., 2024) or generating trait-
specific rationales (Chu et al., 2024), represent im-
portant but initial steps. As such, this research aims
to develop and validate an AWE system designed
to provide both reliable scores and pedagogically
valuable, fine-grained feedback.

3 Methods
3.1 LLM choices and procedures

Scoring LLMs Both open-source and commer-
cial models were evaluated for scoring to ensure
broad applicability. For the open-source option,
LLaMA-3.3-70B-Instruct * was selected, the top
model in instruction following® at the time this re-
search was conducted. For the commercial model,
following suggestions in Wang and Gayed (2024),
GPT-40° was selected, as it was the latest model
from the GPT series that allows supervised fine-
tuning at the time this research took place. The
fine-tuning prompt can be found at Appendix C.

Surface-level LLMs For the surface-level feed-
back module based on direct prompting, it is di-
vided into two stages: (1) corrective edits and (2)
the generation of explanations for those edits. In a
separate study (Labib et al., 2027), DeepSeek-V3-
671B7, GPT-40 and LLaMA-3.3-70B-Instruct were
compared in their GEC performance through zero-
shot prompting using the W&I+LOCNESS dataset
from the BEA 2019 Shared Task (Bryant et al.,
2019). Findings (see Appendix G) suggest that
the three models performed similarly across three
commonly used evaluation metrics in GEC, includ-
ing ERRANT Fy 5 (Bryant et al., 2017), GLEU
(Napoles et al., 2016), and PT-ERRANT (Gong
et al., 2022). Drawing on these findings, GPT-40
was chosen for the corrective edits as it performed
better overall compared to LLaMA 3.3, while the
small performance margin did not justify the signif-
icant infrastructure costs required to host the 671B
4(https://huggingface.co/meta—llama/Llama—3.
3-70B-Instruct)
5https://huggingface.co/spaces/
open-11m-1leaderboard/open_l1m_leaderboard#/
®https://platform.openai.com/docs/models/
gpt-4o
"https://github.com/deepseek-ai/DeepSeek-V3

DeepSeek model. To avoid overcorrection, the
prompt to GPT-40 specifically asked it not to intro-
duce stylistic corrections (prompt in Appendix D).

To generate explanations for the corrective edits,
qualitative evaluation of three models, Claude 3.7
Sonnet  (https://www.anthropic.com/news/
claude-3-7-sonnet), GPT-40, and Deepseek-
R1 (https://huggingface.co/deepseek-ai/
DeepSeek-R1), found that the explanations from
all three models were of a similarly high quality
(see Appendix B for example explanations). How-
ever, despite its strong performance, Deepseek-R1
was eliminated from consideration due to its
significant latency in reasoning, which would
negatively impact the user experience in an
interactive system. Between the remaining two
models, GPT-40 was selected to streamline the
technical architecture, as using the same model
for both corrections and explanations avoids the
overhead of managing a second API call within
the surface-level feedback module.

Deep-level LLMs For the deep-level feedback
module, supervised fine-tuning with the curated
dataset of 90 essays was tested on LLaMA-3.3-
70B and GPT-40. For LLaMA, the model was fine-
tuned using an entropy-based loss function over
20 epochs (see Appendix A). The fine-tuning pa-
rameters of GPT-4o0 were unknown as it is a closed
commercial model. Alongside fine-tuning we ex-
perimented with direct prompting for deep level
feedback. Inspired by Chu et al. (2024), this re-
search first conducted a thorough thematic analysis
of the teacher feedback in the training subset (re-
sulting multiple traits are shown in Table 1). Based
on the two primary categories of macro (paragraph
and essay level) and micro (word, phrase and sen-
tence level) feedback, the deep-level feedback was
further divided into two pipelines and few-shot
prompts were engineered to instruct Claude 3.7,
GPT-40 and LLaMA 3.3 to deliver feedback fo-
cusing on these subcategories in both pipelines
(prompts in Appendix E).

3.2 Validation scheme

3.2.1 Score validation

For the scoring module, the fine-tuned LLaMA-3.3
and GPT-40 models were tested using the test sub-
set of 360 essays and the same prompt as the fine-
tuning prompt. To evaluate scoring accuracy, three
metrics were employed: Root Mean Square Error
(RMSE), Quadratic Weighted Kappa (QWK), and
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Category Subcategories

Macro feedback | Proper paragraphing; Text length appropriateness; Structure (intro-
duction, body, and conclusion sections)

Micro feedback | Context-dependent grammar issues; Clarity of expression; Coher-

ence between ideas; Argumentation quality and logical flow; For-
mality and academic register

Table 1: Categories for deep-level feedback

percentage agreement following Wang and Gayed
(2024), which is the proportion of essays of exact
agreement (same score) and adjacent agreement (a
difference of 0.5) with benchmark scores.

3.2.2 Feedback validation

For surface-level feedback, each original essay
and its corresponding corrected version were
aligned using ERRANT v3.0.03 (ERRor ANno-
tation Toolkit; Bryant et al., 2017), a grammar er-
ror annotation tool that automatically detects and
categorizes all edit operations. Two expert raters
evaluated each identified edit for:

* Necessity: Whether the identified text ele-
ment genuinely requires correction, given the
reported tendency of LLMs to over-correct
(Katinskaia and Yangarber, 2024).

* Effectiveness: Whether the suggested correc-
tive edit effectively addresses the error.

The two raters discussed each edit and provided
additional comments for cases where edits were
deemed unnecessary or ineffective.

For deep-level feedback, a preliminary check
on data integrity and sufficiency of feedback in-
stances was first performed on output from the
models. The prompt in the macro feedback pipeline
asked the LLMs to specifically give feedback to
each paragraph, thus the two raters only assessed
whether each macro feedback comment was effec-
tive. For micro feedback, each was assessed on the
dimensions of necessity and effectiveness, similar
to surface-level feedback evaluation. Following the
independent evaluations, inter-rater reliability was
calculated. For any cases where the two primary
raters disagreed, a third expert rater was consulted
to deliver the final judgment.

3.3 Dataset and subsets

As this study required a dataset of argumentative
essays with benchmark scores and comprehensive

8https://github.com/chrisjbryant/errant

feedback, a proprietary dataset of 480 TOEFL In-
dependent Writing test-taker samples with official
scores from ETS” was obtained. TOEFL Indepen-
dent Writing is a typical argumentation writing
task where test-takers write in response to an es-
say prompt, such as “Do you agree or disagree the
following statement:...” The samples in the dataset
are evenly distributed under two essays prompts
and two ETS raters delivered integer scores from
0-5 based on specific rubrics'®. Where the discrep-
ancy of the two rater scores was no more than 1,
the final score was the average of the two. Other-
wise, a third rater was engaged to deliver the final
score (Blanchard et al., 2013). As essays scored
0 were excluded, the scores of the essays in the
dataset range from 1-5 with 0.5 increments. The
score distribution is shown in Table 2.

Score  Prompt1 Prompt2  Subtotal
1 2 3
1.5 3 2 5
2 18 20 38
25 32 25 57
3 65 55 120
35 40 45 85
4 32 38 70
4.5 35 28 63
5 14 25 39
Total 240 240 480

Table 2: Score distribution in the dataset

For the scoring module, 120 essays were selected
through score-based stratified sampling across the
two essay prompts as the fine-tuning subset. And
the remaining 360 essays comprised the test subset.

For the feedback module, as no feedback was
available in the dataset, this research curated its
own datasets for comprehensive feedback. For
surface-level feedback in the form of corrective

°Access to this dataset is restricted to researchers approved

by ETS under a limited, non-exclusive, revocable, and non-
transferable license.
Ohttps://www.nafsa.org/sites/default/files/
ektron/files/underscore/regiii/conference/2009/
pruner%2@indepwrihd-t2.pdf
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edits to grammar and mechanics, previous research
on GEC has shown that directly prompting LLMs
generates satisfactory results (Davis et al., 2024;
Labib et al., 2027). As such, supervised fine-tuning
and the creation of corresponding datasets were not
necessary. For deep-level feedback that requires
higher-order thinking, 90 essays from the 480 es-
says were selected using score-based stratified sam-
pling. Eight experienced university teachers who
teach academic writing courses were recruited to
provide feedback using Microsoft (MS) Word’s
comment feature (see Figure 1 for an example of
the comments). Before annotation, the teachers
received training on the scoring rubrics and were
given nine benchmark essays scored from 1 to 5
and annotated by the researchers as reference exem-
plars. The 90 essays had already been processed for
surface-level corrections and the scores had been re-
moved to ensure the annotations would focus solely
on deep-level features. After the teachers submitted
their annotated essays, another independent teacher
reviewed all feedback comments to ensure they
were accurate and free from surface-level errors.
Their feedback data was then processed to create
the fine-tuning subset for deep-level feedback.

nts decided to [§m]
aying. We

well, but other
toJapanese.So| @
rcommunicate

uch an

ant cultures and

o Author oo &

Do not use coordinating
conjunctions at the beginning of
sentences

2025/01/28 15:55

Reply

Figure 1: Example of a teacher comment in MS Word

For testing of both surface-level and deep-level
feedback, due to the extensive human labor in eval-
uating such feedback, only 40 essays were selected
(through stratified sampling) from the 390 non-
annotated essays (dataset summary in Appendix F).

4 Results

4.1 Scoring module

The RMSE, QWK and percentage agreement be-
tween the essay scores generated by the two fine-
tuned models and benchmark scores are shown in
Table 3. The baseline model is the best perform-
ing fine-tuned model in Wang and Gayed (2024), a
prior study that used the same dataset.

Results show our two fine-tuned models improve
on the baseline (Wang and Gayed, 2024), with

GPT-40 consistently performing the best across
all three evaluation metrics. Specifically, both our
fine-tuned models achieved QWK scores above 0.8,
surpassing the commonly accepted threshold for
near-perfect agreement (Sim and Wright, 2005).
For context, ETS considers a QWK of 0.7 to be suf-
ficient for reliable scoring of TOEFL Independent
Writing tasks by its e-rater system (Williamson
et al., 2012). Although ETS does not specify a
formal threshold for RMSE, the observed discrep-
ancies of 0.44 (GPT-40) and 0.53 (LLaMA) from
benchmark scores are reasonable, given that ETS
permits up to a one-point difference between two
human raters (Blanchard et al., 2013), which results
in a final averaged score deviating by 0.5 from each
individual score.

4.2 Surface-level feedback module

After the 40 essays in the test subset were corrected
in the surface-level module, ERRANT tagged 2049
edit operations. Human evaluation deemed 1985
edits necessary (96.88%), out of which 1970 were
deemed both necessary and effective (96.14%).
Among the unnecessary edits, two salient patterns
have been identified from rater comments. First,
GPT-40 seems to prefer British use than Ameri-
can use (N=7). For example, it changed favorite
to favourite and moved a period or a comma out-
side a closing quotation mark (e.g., “...store.” to
“...store”.) to match the British style. The second
pattern is related to comma additions (N=15). In
particular, GPT-40 preferred adding the Oxford
comma before the last item in a list of nouns
(N=10;e.g., A, Band C into A, B, and C), which
was not deemed an error by raters.

4.3 Deep-level feedback module

4.3.1 Preliminary check

Preliminary check showed that neither fine-tuned
models generated appropriate output data. The fine-
tuned GPT-40 model produced incomplete output
for every inference as it generated so many com-
ments that the output token exceeded the context
window of 8,000 tokens. Meanwhile, the fine-tuned
LLaMA-3.3-70B model produced formatting er-
rors, that prevented its output from being parsed as
valid JSON. The most severe issues were structure
errors, such as missing key-value delimiters and un-
closed braces. As such, feedback from fine-tuned
models were excluded from human evaluation.
For directly prompted models, preliminary check
on feedback instances revealed that the micro feed-



Fine-tuned Model RMSE QWK Percent (absolute) Percent (adjacent) Percent (total)
GPT-40 0.44 0.84 0.45 0.48 0.93
LLaMA 0.53 0.81 041 0.45 0.86
Baseline 0.57 0.78 0.33 0.52 0.85

(Wang and Gayed, 2024)

Table 3: Performance metrics of fine-tuned models on the test subset

back comments from LLaMA-3.3-70B and GPT-40
were insufficient. Of the 40 test essays, LLaMA-
3.3-70B generated 336 comments and GPT-40 gen-
erated 368 comments, the averages of both were
below 10. Claude 3.7, however, generated 630
comments. To verify that this was a difference in
quality and not just verbosity, qualitative review
of three randomly selected essays was conducted,
which confirmed that the additional comments were
indeed more fine-grained and pedagogically nec-
essary. Given the intensive human labor required,
human validation efforts were focused on the feed-
back from the most promising model, Claude 3.7.

4.3.2 Macro feedback

The 40 essays in the test subset contained 201 para-
graphs and thus Claude 3.7 generated 201 macro
feedback comments. The contingency table be-
tween the two raters on the effectiveness of the
comments is shown in Table 4.

Rater A/ Rater B Effective Ineffective
Effective 179 9
Ineffective 13 0

Table 4: Macro comment evaluation by two raters

To assess inter-rater reliability, Gwet’s AC'1 co-
efficient (Gwet, 2008) was employed, which ranges
from —1 to +1 similar to Cohen’s Kappa. This
measure was selected over Cohen’s Kappa due to
its robustness against the “Kappa paradox”, where
high observed agreement coincides with low kappa
values in cases of skewed marginal distributions
(Wongpakaran et al., 2013). The AC1 coefficient
was calculated to be 0.89, with a standard error
(SFE) of 0.03 and a 95% confidence interval (C'1)
ranging from 0.82 to 0.93. As there is no commonly
accepted interpretation of Gwet’s AC'1 coefficient,
we relied on the interpretation of Cohen’s Kappa
to determine the degree of agreement (Landis and
Koch, 1977), under which the observed value indi-
cates almost perfect agreement (p < .001).

After a third rater resolved the disagreement of
the two raters, the number of effective comments

was finalized as 187 (93.03%) and that of inef-
fective comments, 14 (6.97%). For the 14 inef-
fective comments, remarks from raters revealed
that Claude 3.7 was not flexible enough to handle
unanticipated input variations. For example, one
test-taker included a title in their essay, a compo-
nent not required in the writing task, and Claude
3.7 misinterpreted it as the first paragraph. In an-
other case, some test-takers improperly formatted
each sentence as a separate paragraph, which led
to repeated comments that a paragraph was too
short and thus should be combined with the pre-
vious one (IN=8). In addition, some test-takers
were unable to complete the task within the allot-
ted time. Claude 3.7 failed to recognize the time
constraint of such unfinished responses and instead
provided detailed guidance on composing conclu-
sions (/N=2). Also very interesting is that Claude
3.7 was not aware of the test-taker situation where
they didn’t have access to external resources and
recommended incorporating research evidence and
citations to strengthen arguments (/N=1).

4.3.3 Micro feedback

For the same 40 essays, Claude 3.7 generated 630
micro feedback comments. The contingency table
between the two raters on the necessity of the com-
ments is shown in Table 5, while that on the effec-
tiveness of necessary comments mutually agreed
by two raters is shown in Table 6.

Rater A/ Rater B Necessary Unnecessary

Necessary 579 28
Unnecessary 22 1

Table 5: Necessity of micro feedback by two raters

Rater A /Rater B Effective Ineffective
Effective 577 1
Ineffective 1 0

Table 6: Effectiveness of judgment for micro feedback

Using Gwet’s AC'1 (Gwet, 2008), it is shown
that the agreement on necessity was statistically



significant (AC1=0.91; SE=0.01;95% C1, [0.89,
0.94]; p < .001), as well as the agreement on effec-
tiveness (AC1= 1.00; SE=0.00; 95% C1I, [0.99,
1.00]; p < .001). After a third rater resolved the
disagreements, the number of necessary comments
was finalized as 600 (95.24%). Among the neces-
sary comments, 596 were deemed effective while
4 were ineffective, and thus the proportion of both
necessary and effective comments is 94.69%.

Based on rater comments, one salient pattern was
observed: some micro comments overlapped with
macro ones. Claude 3.7 at times expands the com-
ment for a sentence to cover the whole paragraph
(N=18). For instance, when the first sentence in
an introduction paragraph did not properly set the
background of the topic, Claude 3.7 would com-
ment that there was a lack of proper background
and then went on to give more feedback on how to
write a good introduction paragraph.

5 Discussion

As shown in Figure 2, the architecture was finalized
by selecting LL.Ms tailored to each module: fine-
tuned GPT-40 model for the scoring module; direct
prompting with GPT-4o for the surface-level feed-
back module; and Claude 3.7 for both pipelines in
the deep-level feedback module. To mimic human
feedback mechanisms, an interactive UI was also
developed (details in Appendix H).

@ Score
Finetuned

Surface-Level Feedback
—»@4’ Calieces —a@—» Explanation
Essay
GPT-40

Scoring Module

{ Macro
> 33— Level
Feedback
nnnnn

Micro

X B Level
= Feedback

Figure 2: Final system architecture

The findings in this study are supported by Stahl
et al. (2024) and Chu et al. (2024), who have
demonstrated that specialized models handling dif-
ferent aspects of writing evaluation can produce
better assessments than unified approaches.

Human evaluation of surface-level feedback

shows that GEC tasks can be addressed effectively
by well-designed prompts without the need for fine-
tuning, which is supported by the findings of Zeng
et al. (2024). Particularly, as shown by the high pre-
cision rate of 96.14%, we successfully minimized
over-correction through our targeted prompt, an
issue previously identified as a key limitation of
LLM-prompting-based GEC approach (Katinskaia
and Yangarber, 2024; Davis et al., 2024).

Human validation of deep-level feedback sug-
gests that well-structured few-shot prompting can
generate effective and structured comments on
higher-order thinking, and may even be more ef-
fective than fine-tuned models. Here, fine-tuning
did not yield satisfactory results, because the fine-
tuned GPT model provided feedback to almost ev-
ery word, phrase, and sentence, most of which
were unnecessary. As the fine-tuning parameters
were unknown, it can only be speculated that su-
pervised fine-tuning with non-deterministic output
is not well-suited for GPT-40. For the fine-tuned
LLaMA model, despite the data parsing issues, it
was found that the feedback comments were actu-
ally quite similar to those in the fine-tuning subset,
though still not so good as those from Claude 3.7.
Data formatting issue is likely an inherent issue
with LLaMA, as previously highlighted by Yao
et al. (2025). If the data formatting issue can be
addressed, it may be possible to effectively use fine-
tuned LLaMA for generating structured feedback.

Pedagogical implications The system can bene-
fit students engaged in argumentative writing. They
can receive prompt feedback not available in tra-
ditional classroom settings, where it usually takes
teachers days to provide comprehensive feedback
on student writing. Teachers can also use this tool
to help with their workload, particularly for surface-
level feedback. Instead of spending time correcting
basic grammatical and mechanical errors, they can
focus more on guiding students’ higher-order think-
ing in argumentative writing, aided by the feedback
generated by the system.

6 Conclusion

By decomposing AWE into scoring, surface-
level feedback, and deep-level feedback, WrAFT
achieved strong performance in scoring on TOEFL
writing dataset with satisfactory results on human
validation of system-generated feedback. These
findings provide a strong foundation for research in
AWE systems that provide scoring and feedback.



Limitations

There are a few limitations in the design of this
study. First, the system was developed using a
proprietary dataset that has only been used in one
prior AWE study. This limits the scope of direct
comparisons on scoring performance. Second, in
the validation scheme, a key limitation is that hu-
man evaluation only focused on precision without
considering recall. For both surface-level and deep-
level feedback, the necessity and effectiveness of
feedback were assessed but it was not evaluated
whether the system captured all errors that should
have been identified or all text elements that should
have required feedback comments. A more ro-
bust evaluation would require establishing a gold
standard of all possible errors and feedback oppor-
tunities against which system performance could
be measured. Unfortunately, the extensive human
resources required to achieve this was beyond our
capacity. But this research provides a necessary
contribution for future studies to focus on measur-
ing actual impact on student learning outcomes
by including experimental studies tracking writ-
ing improvement over time when using the system
compared to traditional feedback methods.

There are limitations with the system as well.
First, the system is limited in its generalizability,
as it was developed and tested exclusively on argu-
mentative essays with writing prompts. It cannot
be directly applied to other types of argumenta-
tive writing, such as source-based writing where
writers are required to incorporate or respond to
source information. Second, the feedback offered
by the system is solely in English, creating bar-
riers for learners who might struggle to compre-
hend feedback comments. Future iterations should
incorporate multilingual feedback capabilities, in-
cluding translation of comments into learners’ first
languages to facilitate comprehension and imple-
mentation of suggestions.

From a practical implementation perspective,
there are limitations arising from the reliance on
commercial API services. There are potential scal-
ability issues related to cost, rate limits, and long-
term sustainability. In addition, constant changes
to commercial models may impact system perfor-
mance. Data privacy concerns also emerge when
student writing is processed through third-party
services.

Declaration on Generative Al

During the preparation of this work, the authors
used generative Al assistants for grammar and
spelling checking. All suggestions were reviewed
and edited by the authors, who take full responsi-
bility for the content of the publication.
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A Model and Training Configuration

The model was developed by applying full-parameter fine-tuning to LLaMA 3.3 70B. It was trained to
generate fine-grained feedback on student argumentative essays. The training parameters are presented in
Table 7.

Parameter Value

Base model LLaMA 3.3 70B
Fine-tuning method Full-parameter fine-tuning
Number of epochs 20

Batch size 32

Learning rate 3x 1076

Optimizer AdamW

Learning-rate scheduler Cosine scheduler

Table 7: Training parameters

The tokenizer parameters are presented in Table 8.

Parameter Value

Tokenizer class PreTrainedTokenizerFast
Configured maximum length 8,192 tokens

Model input fields input_ids, attention_mask
Padding side Right

Beginning-of-sequence token <|begin_of_text|>
End-of-sequence token <|eot_id|>

Padding token <|finetune_right_pad_id|>
Additional special tokens <|eot_id|>, <|eom_id]|>
Clean up tokenization spaces True

Split special tokens False

Table 8: Tokenizer parameters
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B Explanations of surface-level corrective edits by GPT-40, Claude 3.7 and DeepSeek-R1

ID  Original / Correction Claude 3.7 Sonnet GPT-40 DeepSeek-R1

0  serve — serves Subject—verb agreement error. “Aca- Subject-verb agreement error. Subject-verb agreement error. “Aca-
demic writing” is singular and requires  “Writing” is singular, so verb should  demic writing” is singular and re-
“serves”. be “serves”. quires “serves”.

1 corner — cornerstone Word choice improvement. “Corner- “Corner” is semantically incorrect; “Corner” is incomplete; ‘“corner-
stone” conveys the foundation or essen-  “cornerstone” is the correct metaphor  stone” better conveys fundamental
tial component of scholarly communica- for something fundamental. importance.
tion.

2 enable — enables Subject—verb agreement. “It” is singular ~ Subject—verb agreement. “It” is sin-  Subject—verb agreement. “It” is sin-
and requires “enables”. gular, so verb should be “enables”.  gular and requires “enables”.

3 they’re — their Incorrect homophone. “They’re” (they Incorrect homophone. “They’re” Wrong word choice.  “They’re”
are) should be replaced with possessive  is incorrect; should be possessive  (they are) vs. “their” (possessive).
“their”. “their”.

4 accurate — accurately  Incorrect part of speech. Adverb “accu- Adverb needed. “Accurate” — “ac-  Adverb required. “Accurate” should
rately” modifies verb “convey”. curately”. be “accurately” to modify verb.

5 spends — spend Subject-verb agreement. Plural “Schol-  Subject—verb agreement. “Scholars”  Subject—verb agreement. “Scholars”
ars” requires plural “spend”. is plural — “spend”. plural — “spend”.

6 hone — honing Verb form consistency. “Honing” main-  Verb form error. Change to gerund ~ Gerund required after ‘“years”.
tains parallel structure with “learning”.  “honing” for parallelism. “Honing” shows ongoing action.

7 learn to balance technic ~ Verb form consistency & spelling. Grammar and clarity. “Learn to bal-  Parallel structure and word correc-
— learning to balance “Learning” parallels “honing”; “technic” ance technic” — “learning to bal- tion. “Learning” matches “honing”;
technical — “technical”. ance technical”. “technical” corrects “technic”.

8  discipline — disciplines  Pluralization. Remove comma; use plu- Number agreement. “Many” — plu-  Plural required. “Many” — plural

ral “disciplines”. ral “disciplines”. “disciplines”.

9 help — helps Subject—verb agreement. “Process” is  Subject-verb agreement.  “The  Subject—verb agreement. “Process”
singular — “helps”. peer review process” is singular —  is singular — “helps”.

“helps”.
10 distribute — distributed ~ Verb form. Passive voice requires past ~ Verb tense. Use past participle “dis- Passive voice requires past partici-

participle “distributed”.

tributed” in passive construction.

ple. “Is distributed” correct form.

Table 9: Explanations of corrective edits generated by Claude 3.7 Sonnet, GPT-40, and DeepSeek-R1.
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C Fine-tuning and inference prompt for
the scoring module

<instructions>

As a language expert, your task is to evaluate
argumentative essays on a scale of @ to 5

(with 0.5 increments) based on the rubrics below.

<rubric>

[Complete rubrics here]
</rubric>
</instructions>

<input_data_structure>

{{
"essay_prompt”:
"essay_text": "..."

33

</input_data_structure>

n n

, // The essay prompt
, // The essay text

<output_data_structure>

8

"score”:

33

</output_data_structure>

0.5 // The score

Here's the input data:
<input_data>
{{
"essay_prompt"”: {essay_prompt},
"essay_text": {essay_text}
1}

</input_data>

D Surface-level prompt

<instructions>

You are an English linguist and your task is to
correct the grammatical

and mechanical errors in an English essay. Do not
alter word choices

unnecessarily (e.g., replacing words with
synonyms) or make stylistic

improvements. Keep the original paragraphing and
DO NOT remove or add

any paragraphs.

Requirements:

1. The output should be in JSON format.

2. The output should be in the same format as the
output_data_structure.

</instructions>

<output_data_structure>
{{
"corrected_paragraphs”: [
"...", // The corrected text of the first
paragraph
" ", // The corrected text of the second
paragraph
]
13

</output_data_structure>

Here's the input data:
<input_data>
{{
"essay_paragraphs”: {essay_paragraphs?}

13

</input_data>
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E Deep-level prompts

E.1 Prompt for macro feedback

Instructions:

You are an English teacher in argumentative writ-
ing and your job is to give macro feedback to a
student’s argumentative essay structure. An essay
should typically include three major sections: In-
troduction, Body and Conclusion.

The Introduction part should open with some
background of the essay topic, followed by a thesis
statement of the author and possibly end with a
predictor of sub-points for later paragraphs.

The body part should contain detailed argumen-
tation of sub-points of the thesis statement, prob-
ably divided into several paragraphs, with each
paragraph having a clear topic sentence.

The conclusion part should efficient summaries
the essay and preferably end with a forward looking
statement.

You need to first identify the three sections, and
then give feedback to each paragraph. Specifically,
you need to identify the issues of essay structure
targeting specific paragraph(s).

* In the introduction paragraph, there may be a
lack of background information, thesis state-
ment (main claim) or a predictor for following
content, or the introduction does not effec-
tively introduce the topic;

* In body paragraphs, there may be a lack of
topic sentences and issues in argumentation.
Specifically for argumentation, focus on ideas
that are irrelevant to the thesis statement or
the claim; repeated and thus redundant ideas,
underdeveloped arguments where there is a
lack of evidence and support, e.g, in the form
of examples, or the support is poor or irrele-
vant; where there is a lack of warrant; where
the author’s stance is confusing; and where
handling of counter-argument is poor, etc.

* In the conclusion paragraph, there may be
undiscussed ideas, ideas that shouldn’t be
placed in the conclusion, such as further ar-
guments or counter-arguments, and lack of
effective summary of main points, etc.

* For all the three section, please consider
whether proper paragraphing is there. Im-
proper paragraphing may include putting con-
tent that should be in the body part, e.g., de-



velopment of main points, examples, counter-
arguments, etc., with the introduction or con-
clusion part, and vice versa.

For each paragraph, write down feedback com-
ments, including suggestions for solutions, possibly
with an example of how to rewrite. Please make
sure the number of comments your return is equal
to the number of paragraphs and use the second
person pronoun "you" to sound like you are talking
to the student directly. Do not specifically divide
your comments into "issue:" and "solution:" points;
instead write it as a coherent piece of text.

Input and Output

You will be given the essay prompt, the essay
text of the student in the user input. Your response
should be in the following JSON format:

{
"comments”: [

{
"id": @, // The id of the comment
"Paragraph”: , // The number of the
specific paragraph
"data”: "...", // The teacher's feedback
comment

}’

E.2 Prompt for micro feedback

You are an English teacher specializing in argu-
mentative writing. Your task is to provide detailed
micro feedback on a student’s argumentative es-
say, focusing on grammar, clarity, formality, and
coherence. You will analyze the essay and provide
specific, actionable feedback for improvement.

Here is the essay prompt:
<essay_prompt>

{{essay_prompt}}
</essay_prompt>

And here is the student's essay:
<essay_text>

{{essay_text}}

</essay_text>

Please carefully read and analyze the essay, then
provide feedback according to the following guide-
lines:

1. Focus Areas:

a) Grammar:

- Identify and correct grammatical and mechani-
cal errors

- Address context-dependent grammar issues
(e.g., appropriate tense, aspect)
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b) Clarity:

- Highlight unclear, inaccurate, or redundant
meanings

- Point out lengthy or confusing sentence struc-
tures

- Identify poor or unclear referents c¢) Formality:

- Note expressions requiring hedging

- Identify informal language use (e.g., coordinat-
ing conjunctions at sentence beginnings, subjective
wording, informal interrogatives, colloquial lan-
guage, second-person pronouns, contractions)

d) Coherence:

- Evaluate connections between sentences and
ideas

- Assess transitions between paragraphs

- Check consistency in person perspective

2. Feedback Structure:

For each issue you identify, provide the follow-
ing information:

- The type of issue (grammar, clarity, formality,
or coherence)

- The specific paragraph number (starting from
0) and the micro text span (preferably words or
phrases, avoiding clauses and sentences when pos-
sible)

- A clear explanation of the issue

- A suggested solution

3. Additional Guidelines:

- If similar issues occur multiple times, acknowl-
edge this in your feedback (e.g., "As mentioned
previously...")

- Address the student directly using the second-
person pronoun "you"

- Write your feedback as coherent paragraphs
rather than dividing into explicit "issue" and "solu-
tion" sections

- Ensure your comments are not repetitive

- Highlight the shortest text spans possible for
feedback, unless a longer span is absolutely neces-
sary

4. Output Format:

Your final output should be in JSON format,
structured as follows:

{
"comments”: [
{

"id": @, // The id of the comment
"Paragraph”: , // The number of the
specific paragraph,

// starting from @

"start"”: 22, // The start character

position of the

// highlighted text in the
paragraph



"end": 36, // The end character position of
the
// highlighted text in the
paragraph
"highlighted_text": "...",
highlighted text

// The

// span to be
commented on

"data": "...", // The teacher's feedback
comment
// (explanation of the issue
and solution)
"type": "..." // The type of issue, one of
"grammar”,

// "clarity", "formality",
"coherence"},
...// More comments...
]
}

Before providing your final JSON output, wrap
your analysis inside <essay_analysis> tags in
your thinking block. Follow these steps:

1. Grammar analysis:

- List specific grammatical errors found

- Note any context-dependent grammar issues

2. Clarity analysis:

- Identify unclear or redundant phrases

- List confusing sentence structures

- Note any poor referents

3. Formality analysis:

- List instances of informal language use

- Identify expressions that require hedging

4. Coherence analysis:

- Evaluate connections between sentences and
paragraphs

- Note any inconsistencies in perspective

- Avoid commenting on general essay structure
(general comments on introduction, body and con-
clusion paragraphs)

For each issue, consider multiple perspectives
and potential solutions. This thorough analysis will
ensure accurate and helpful feedback.

Begin your analysis now, followed by the JSON-
formatted feedback. Your final output should con-
sist only of the JSON-formatted feedback and
should not duplicate or rehash any of the work
you did in the thinking block.

F Dataset Splits

The dataset splits used for fine-tuning and testing
are shown in Table 10

G GEC System performance

The GEC system performance, as stated in (Labib
et al., 2027), is provided in Table 11
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H Interactive Ul

The feedback page shows the predicted score of
an essay and includes a surface-level feedback tab
and a deep-level feedback tab. The surface-level
feedback tab allows three display modes of surface-
level feedback: (1) the original writing with erro-
neous elements highlighted, (2) a combination of
the original and corrected writing with edit opera-
tions shown, and (3) the corrected writing with
corrections highlighted (see Figure 3). For the
deep-level feedback tab, a comment-based inter-
face design was adopted, modeled after Microsoft
Word’s Comment feature. Macro-level comments
are displayed in a left-side panel and are aligned
with paragraph boundaries. Micro issues under
coherence, clarity, grammar, argumentation and
formality are highlighted within the essay text us-
ing color-coded categories. When a user hovers the
mouse over a highlighted section, the correspond-
ing feedback comment appears on the right-side
panel (see Figure 4).



Module - Data Subset | Number of Essays | Data Content

Scoring - Fine-tune 120 Essay prompts, essays, scores, rubrics

Scoring - Test 360 Essay prompts, essays, scores, rubrics

Surface-level - Test 40 Essay prompts, essays

Deep-level - Fine-tune 90 Essay prompts, essays, target text elements, comments
Deep-level - Test 40 Essay prompts, essays (same with surface-level testing)

Table 10: Datasets used in fine-tuning and testing

Model ERRANT GLEU PT-ERRANT
DeepSeek-V3-671B 0.4926 0.7677 0.5666
GPT-40 0.4592 0.7420 0.5484
LLaMA-3.3-70B-Instruct 0.4826 0.7345 0.4973

Table 11: GEC Performance of prompting SOTA LLMs

AWE

Surface Level Feedback Deep Level Feedback Corrected Essay

Surface Level Feedback

Essay Prompt

In spite of the advances made in agriculture, many people around the world still go
hungry. Why is this the case?

With the development of the agriculture around the world, many people today do not
worry about the issue of food shertage shortages and enjoy various delicacies.
Nevertheless, in some areas, famine remains te-be a serious problem and people in

these areas always worry about where ean-they they can derive the food to cope with around, d

starvation.
round,

There are two possible reasons to explain why this phenomenon still happens today. Incorrect word choice -
Firstly, the climate problem. Some places like Africa and so on may have ‘Around' should be corrected
high temperattire temperatures all year aretine; round, which may cause the output to 'round' for idiomatic

of agricultural products deereased to decrease and make plants difficult to grow. In expression in this context.
this case, the local government does not have the ability to support the food

consumption of local people and have has an enormous burden on finance.

Secondly, the problem of local people's attitudes towards the famine and poverty.

There was an interesting research study showing that if both rich people and poor

people are given a great aumber amount of money, after several years, the rich

people will be richer, but the poor people will be poorer. This is

also the same te as what happens to the people in these areas. Every year, there are

many donations of food contributed by other countries to help solve the difficulties.

However, it does not make do too much work, because some people in these areas

became lazy and do not want to work because they can get free food from other

countries, which make makes the issue of famine still serious in these districts.

The probable solutions to cope with these problems are as follows. First, scientists
are encouraged to develop the high-temperature resistant crops to increase the
output of products. Second, the government should mobilize local people's
enthusiasm to work and make efforts to cope with starvation. If both of the solutions

can be realized, the future will be promising.

Figure 3: Surface-level feedback page - track changes
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Evaluation  History

Paragraph 2

Your body paragraph
covers two distinct
reasons for persistent
hunger: climate issues
and attitudes toward
poverty. While you
provide some explanation
for each point, the
paragraph is quite dense
and would benefit from
being split into two
separate paragraphs for
clarity. Additionally, the
claim about rich and poor
people receiving money

Surface Level Feedback Deep Level Feedback Corrected Essay

Deep Level Feedback

Essay Prompt

In spite of the advances made in agriculture, many people around the world still go hungry.
Why is this the case?

With the development of agriculture around the world, many people today do not worry
about the issue of food shortages and enjoy various delicacies. Nevertheless, in some
areas, famine remains a serious problem and people in these areas always worry about
where they can derive the food to cope with starvation.

[There are two possible reasons to explain why this phenomenon still happens today.
Firstly, the climate problem. Some places like Africa and so on may have high
temperatures all year round, which may cause the output of agricultural products to
ldecrease and make plants difficult to grow. In this case, the local government does not
lhave the ability to support the food consumption of local people and has an enormous
burden on finance. Secondly, the problem of local people's attitudes towards famine and
[poverty. There was an interesting research study showing that if both rich people and poor
Ipeople are given a great amount of money, after several years, the rich people will be
richer, but the poor people will be poorer. This is also the same as what happens to the
[people in these areas. Every year, there are many donations of food contributed by other
countries to help solve the difficulties. However, it does not do too much

work, because some people in these areas became lazy and do not want to work because
they can get free food from other countries, which makes the issue of famine still serious
in these districts.

The probable solutions to cope with these problems are as follows. First, scientists are
encouraged to develop high-temperature resistant crops to increase the output of
products. Second, the government should mobilize local people's enthusiasm to work and
make efforts to cope with starvation. If both of the solutions can be realized, the future will
be promising.

Figure 4: Deep-level feedback page
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FORMALITY

"some people in these areas
became lazy"

This statement presents several
issues: it uses subjective,
potentially biased language ('lazy’);
it makes a broad generalization
without evidence; and it uses past
tense ('became') inconsistently
with the present tense used
elsewhere. Consider revising to
‘some residents may become
dependent on aid, reducing their
incentive to develop sustainable
solutions.'
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Abstract

Language-subspace interventions aim to im-
prove multilingual reasoning by suppressing
language-related components in mid-layer ac-
tivations. Using MATH and MGSM across
four open-weight LLMs, we ask three ques-
tions: do estimated language subspaces cap-
ture translation-associated variation? Does pro-
jecting them out remove language informa-
tion? And do they improve accuracy with-
out compromising response language? For
the first question, we build subspaces using
the existing MEAN-SVD construction and our
DIFrPCA. Both capture substantial translation-
associated variation and show similar patterns
across model depth. For the second, we project
out each subspace and train linear probes to
classify language from the projected activa-
tions. The probes still identify language almost
perfectly, showing that neither subspace ex-
haustively captures language information. For
the third, we evaluate several intervention con-
figurations on Qwen2.5-7B, by varying sub-
space creation methods and intervention oper-
ators. We find that the intervention that most
improves MGSM accuracy sacrifices response-
language fidelity, with only one intervention
improving joint accuracy—answers that are cor-
rect and in the target language—slightly, by 1.60
points. Interestingly, subtle changes in the
prompt alone can reproduce the accuracy gains
albeit with significant damage to language fi-
delity. We argue that causal interventions must
be judged on more than accuracy, to fully ac-
count for language substitution trade-offs.

1 Introduction

Mechanistic interventions can produce the desired
metric improvement for an unintended reason. In
multilingual reasoning, an intervention can raise ac-
curacy simply by moving generation into English
or Chinese. The answer may be mathematically
correct, yet the model has silently changed the task.
Multilingual reasoning therefore offers a useful

19

stress test for causal interpretability: a behavioral
gain need not validate the mechanism an interven-
tion was designed to target.

Language-subspace ablation makes the distinc-
tion concrete. Zhao et al. (2025a) estimate a low-
rank span from multilingual activation means, sup-
press it in middle layers, and amplify it near the
output. This raises three separate questions: Does
the span track language variation? Does removing
the span eliminate linearly decodable language in-
formation? Does editing it improve the requested
behavior? These are questions of geometry, con-
tainment, and behavioral effect, and each requires
its own evidence.

We test those properties separately. We compare
mean-based and translation-difference subspaces,
probe what projection disrupts and what language
information survives, and evaluate generation with
Jjoint accuracy: an answer must be correct and re-
main in the problem language. Additionally, we
construct prompt-language controls that leave the
problem untouched but switch its worked exam-
ples and answer cue to English or Chinese, testing
whether contextual language alone can reproduce
the apparent gain.

The evidence reveals a consistent split. The sub-
spaces summarize translation structure without con-
taining language exhaustively, and the accuracy-
maximizing edit performs worse once output lan-
guage is part of the task. Prompt-language switches
reproduce the trade-off, suggesting that the gain
comes from changing the elicited linguistic regime
rather than from activation editing itself. The
broader lesson is methodological: a clean inter-
vention in activation space is not yet a clean causal
explanation. A strong causal account requires evi-
dence connecting the edited geometry, the informa-
tion affected, and the resulting behavioral change.

Proceedings of the 1st Workshop on Multi-modality and Multi-lingual Language Learning, pages 19-32
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2 Related work

Language-subspace interventions grow from ev-
idence that multilingual representations contain
both shared and language-sensitive geometry. Low-
rank analyses recover language-associated struc-
ture (Xie et al., 2022; Chang et al., 2022), while
neuron-level studies identify units that predict or
steer output language (Tang et al., 2024; Zhao et al.,
2024). Intermediate states can also favor English
concept realizations even when the input is not En-
glish (Wendler et al., 2024). Activation-patching
results separately suggest that concept representa-
tions can be partially decoupled from output lan-
guage (Dumas et al., 2025). Together, these results
motivate compact language directions, but do not
show that such directions contain language exhaus-
tively or control how they are used.

Activation steering turned this descriptive geom-
etry into an intervention surface: low-dimensional
edits can redirect high-level behavior (Turner et al.,
2023; Rimsky et al., 2024). Zhao et al. (2025a)
turn this idea into an intervention: they estimate
a language subspace from translated mathematics
problems, suppress it in middle layers, amplify it
near the output, and evaluate its effects across mul-
tilingual tasks. Their work is the direct premise of
ours, while leaving open how effects depend on the
subspace construction and removal operator.

Removal, however, is not automatically expla-
nation. Probe accuracy can reflect readout capac-
ity rather than representation quality (Hewitt and
Liang, 2019), and information accessible to a read-
out need not be behaviorally used by the model
(Elazar et al., 2021). Iterative Nullspace Projection
(INLP) introduced repeated removal of probe direc-
tions to guard representations from linear predic-
tion (Ravfogel et al., 2020), and amnesic probing
connected removal to behavioral counterfactuals
(Elazar et al., 2021). LEACE later provided closed-
form linear erasure (Belrose et al., 2023); subse-
quent comparisons stress that a useful causal inter-
vention must remove the target selectively rather
than broadly distort the representation (Dobrze-
niecka et al., 2025). This lineage motivates our
retrained probes and operator comparison: defeat-
ing a fixed probe, exhausting linearly decodable
information, and changing generation are distinct
claims.

Behavioral evaluation adds a final complica-
tion. In multilingual mathematics, the language
of demonstrations and cues affects accuracy, and
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determines the language the model is prompted to
reason in (Shi et al., 2023). Accordingly, an in-
tervention cannot be judged by correctness alone
when remaining in the problem language is part
of the task. Prior work motivates each link in
this chain, but usually examines them separately.
We compare mean-based and translation-difference
subspaces, expand the operator axis beyond or-
thogonal projection, probe what survives removal,
evaluate complete task success, and ask whether
prompt language reproduces the same pattern with-
out activation editing.

3 Setup

3.1 Datasets

We use the same mathematical problems expressed
in multiple languages, so that problem content
stays fixed while language changes. The MATH
dataset contains 12,500 competition-level prob-
lems (Hendrycks et al., 2021). Following Zhao
et al. (2025a), we use its 7,500-problem training
split and aligned machine translations from English
into ten additional languages to estimate language
subspaces. MGSM provides 250 grade-school
problems professionally translated across the same
eleven languages, with native-language worked ex-
amples for generation (Shi et al., 2023; Cobbe et al.,
2021). We use it to test the subspaces on a differ-
ent corpus and to measure their behavioral effects.
Thus MATH supplies scale for finding directions,
while MGSM asks whether those directions trans-
fer and matter during generation.

We use four open-weight models of similar scale
to carry out our study: Qwen2.5-7B (Qwen Team,
2024), Qwen3-8B (Qwen Team, 2025), R1-Distill-
7B (DeepSeek-Al, 2025), distilled from DeepSeek-
R1 (Guo et al., 2025), and GLM-Z1-9B (Z.ai,
2025).

3.2 Language subspaces

The same problem expressed in two languages lets
us ask a clean geometric question: how does its
representation move when the linguistic realization
changes? Let hf e € R? be the residual-stream
activation at the final prompt token for problem
1, language ¢, and layer k. We fit a rank-r basis
U independently at each layer and omit the layer
index from the notation below.



Translation differences.
the same problem, define

For two renderings of

vt = Al — s (1)
These vectors hold problem identity fixed. They
are therefore a direct test of whether a proposed
subspace follows translation. Because translation
also changes tokenization, wording, and possibly
the representation of the mathematics, we call this
language-associated variation, not pure language.

Mean-based subspace (MEAN-SVD). MEAN-
SVD compresses each language to one mean ac-
tivation, then factorizes the resulting matrix into
a shared anchor and leading directions that distin-
guish the language means (Piratla et al., 2020; Xie
et al., 2022; Zhao et al., 2025a). Averaging sup-
presses individual problems and emphasizes stable
offsets between languages. With eleven language
means, its language-varying component has rank
at most ten.

Within-problem subspace (DIFFPCA). DIFF-
PCA instead keeps problem identity explicit. For
each problem, it subtracts the mean of its trans-
lations and normalizes the remaining language-
specific residuals:

__R
max(|| Rfl, e)

2)
Its basis is the top r principal components of the
centered zf. This favors directions repeatedly tra-
versed by translations rather than differences be-
tween languages only in the aggregate, and it per-
mits ranks above ten. The two estimators there-
fore encode different ideas: MEAN-SVD treats
language as a stable population offset, whereas
DIFFPCA treats it as a recurring within-problem
movement. Agreement across them suggests that
the observed translation-associated geometry is not
an artifact of either construction.

L
1
Ri=hi—+> h, 2=
t=1

Controls. We compare both with high-variance
directions learned without language labels
(ACTIVATION-PCA) and a random orthonormal
span (RANDOM). ACTIVATION-PCA asks
whether the apparent language structure is specific,
or merely a consequence of projecting onto the
model’s dominant directions. Full algorithms and
fitting details appear in Appendix A.
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4 How much translation variation is
captured?

For a translation vector v defined in Equation 1, we
measure the fraction of its squared norm captured
by a subspace with orthonormal basis U:

|U "wl|?
pU(U) = ||U||2

We average over evaluation problems and all 55
unordered language pairs. Appendix B gives the
data partitions and full results.

Figure 1 shows a decline in rank-10 capture
through intermediate layers followed by an increase
toward the output. Both estimators exhibit this pat-
tern across all four models on held-out MATH and
cross-corpus MGSM. Their interior minima coin-
cide within each model—corpus pair, at 51-67% of
model depth. On MGSM, MEAN-SVD captures
24.0-44.8% of translation variation at these min-
ima, and DIFFPCA captures 29.6-46.2%. Thus, on
this corpus, more than half of the variation remains
outside either rank-10 span.

ACTIVATION-PCA provides a stronger compar-
ison than random directions. At the MGSM min-
ima, it captures 26.5% for R1-Distill and 34.6%
for GLM, exceeding MEAN-SVD’s 24.0% and
32.8%, respectively. DIFFPCA captures more than
ACTIVATION-PCA at all four models’ MGSM
minima, but substantial capture is already obtained
without language labels or within-problem residu-
alization. Translation differences therefore overlap
substantially with high-variance activation direc-
tions; capture alone does not establish language
specificity.

Increasing DIFFPCA’s rank extends coverage
beyond the rank-ten limit of MEAN-SVD. At
Qwen?2.5 layer 18 on held-out MATH, capture rises
from 47.9% at rank ten to 74.0% at rank 100, com-
pared with 2.8% for a rank-100 random span. We
next test whether language remains linearly decod-
able after removing these spans.

3

5 Language decodability after projection

We test whether language identity remains linearly
decodable after removing the estimated subspaces.
Using subspaces fitted on MATH, we ablate zero-
shot MGSM activations at each layer:

W' =h—AUU"h, 4)

where U is an orthonormal subspace basis. At
A = 1, the component within the subspace is re-
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Figure 1: Rank-10 capture of translation differences over model depth. Columns are models and rows are held-out
MATH and cross-corpus MGSM. Circles mark the MEAN-SVD interior minima.
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Figure 2: The retrained probe’s accuracy curves remain near the ceiling even where the frozen probe’s accuracy
curves approach the permutation floor (gray). Although the gap varies irregularly with layer depth, it remains
pronounced for all models except R1-Distill, whose frozen probe is comparatively robust.

moved completely. For 0 < A < 1, the transforma-
tion is invertible and preserves linear separability
in principle. We evaluate each layer independently,
without propagating edited activations through sub-
sequent blocks.

We train eleven-way logistic-regression classi-
fiers using five-fold cross-validation, keeping all
translations of each problem in the same fold. A
frozen probe trains on unedited activations and eval-
uates on ablated activations. A retrained probe
trains and evaluates on ablated activations, using
the same partitions. The former measures sensitiv-
ity of the original classifier to ablation; the latter
tests whether language can still be decoded after
ablation (Elazar et al., 2021). Appendix B.3 gives
the fitting details.

Figure 2 shows that the accuracy of the retrained
probe remains above 99.7% across the tested depth,
rank, and strength settings, while the accuracy of
the frozen probe varies substantially. After ablation
of the language components, successful classifica-
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tion uses the component outside the removed span.
Frozen-probe sensitivity also differs across models:
at the designated MATH capture minima, rank-10
MEAN-SVD projection reduces accuracy to 24.3—
35.7% for Qwen2.5, Qwen3, and GLM, whereas
R1-Distill retains 94.6% (Table 5).

ACTIVATION-PCA also reduces frozen accu-
racy substantially for the first three models, while
the rank-matched random control retains 100%
accuracy at the designated layers. Disrupting a
frozen classifier therefore does not distinguish the
language-based subspaces from directions fitted
without language labels. Across depth, frozen
MEAN-SVD accuracy is lowest at layer O or 1,
rather than at the intermediate-layer capture min-
ima.

Language identity thus remains linearly decod-
able after full ablation of either estimated subspace.
These local measurements do not establish whether
the surviving information contributes to generation.
We examine generation outcomes next.
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abandons the requested language. Only a narrow corner
improves the joint objective.

Setting Accuracy  Fidelity  Joint
(%) 1 (CONNENCORY
No intervention 62.80 99.82 62.62
MEAN-SVD, rank 10
projection, dose 0.5 65.75 80.58 53.82
MEAN-SVD, rank 1
projection, dose 1 64.47 99.31 64.22

Table 1: No intervention and the MEAN-SVD configu-
rations with the highest accuracy and joint accuracy on
Qwen2.5 across eleven languages.

6 Influencing generation through
language subspaces

We now turn from representation to behavior: what
changes when these subspaces are edited during
generation? We map the intervention design space,
reassess earlier results under a stricter task crite-
rion, and compare configurations by answer accu-
racy, response-language fidelity, and joint success.
Appendix C gives the complete intervention and
generation protocol.

6.1 Defining the intervention design space

We construct the intervention in stages. First, we
estimate a language-specific subspace using ei-
ther MEAN-SVD or DIFFPCA. For each construc-
tion, we vary the rank to test how large the sub-
space must be: a low-rank edit targets a compact
language-related direction, whereas a higher-rank
edit removes a broader span of activation variation.

Given a subspace, we then vary how it is edited

during generation. Qwen?2.5 has 28 transformer lay-
ers, numbered 0-27. Following Zhao et al. (2025a),
layers 10—-19 form the middle band and layers 20—
27 the upper band. This split treats mid-network
language variation as interference to reasoning,
while reserving the upper layers for expressing the
result in a particular language. At each edited layer,
we apply

h' =h—\§(h), 5)
where 4 is the intervention operator and A its signed
dose. The reference schedule uses A = 0.3 in the
middle band and A = —0.3 in the upper band, so
the selected language component is diminished in
the middle layers and amplified in the upper layers.
Orthogonal projection sets §(h) = UU " h; LEACE
motivates covariance-aware oblique removal with
minimal distortion under its guardedness objective
(Belrose et al., 2023), while our WIENER-style
operator shrinks directions according to their es-
timated language signal-to-noise ratio. We vary
the operator and dose, calibrating dose on MATH
activations without observing MGSM outcomes.
This design lets us ask whether an effect is robust
to how the subspace is defined, how much of it is
retained, and how aggressively it is edited, rather
than being tied to one particular intervention recipe.
Appendix A.2 defines the operators and complete
grid.

6.2 Interpreting prior intervention results

On Qwen2.5, Zhao et al. (2025a) report gains
in both mean MGSM accuracy and response-
language fidelity using language-wise coefficient
tuning under a composite objective (Appendix C).
We instead evaluate fixed configuration procedures
by whether correctness and target-language output
improve on the same responses; because the pro-
tocols differ, our fidelity losses do not reinterpret
their published gains.

6.3 Accuracy gains can mask language
substitution

Figure 3 reveals that accuracy gains concen-
trate where response-language fidelity falls. The
accuracy-maximizing configuration exemplifies
this trade-off (Table 1). Accuracy alone there-
fore cannot tell whether an intervention makes the
model more capable or merely changes the lan-
guage in which that capability is expressed. To
diagnose the difference, we define joint accuracy:
a response succeeds only when its answer is correct
and it remains in the original problem language.



Causal intervention”  English switch Chinese switch
Model Accuracy Fidelity Accuracy Fidelity Accuracy Fidelity
Qwen2.5 +0.94  +4.69 +1.78 —64.71 +3.42 —95.45
Qwen3 (thinking) +1.27 +0.03 +1.87 —80.44 —1.73 —77.33
Qwen3 (no thinking) - - +1.42 —72.36 +0.36 —50.89
R1-Distill +2.40  +1.20 +1.07 —22.49 +2.58 —31.09
GLM-Z1 +1.52  40.08 +6.53 —76.76 —-0.27 —72.76

Table 2: Accuracy and fidelity changes under causal intervention and prompt-language switches.

*Causal-

intervention values are imported from Zhao et al. (2025a); switch values average the nine non-English/Chinese
MGSM languages. Comparable accuracy gains thus conceal radically different language behavior.

Viewed through this joint criterion, the accuracy-
maximizing intervention loses its apparent practi-
cal advantage: its gain in numerical correctness is
accompanied by enough language drift that it pro-
duces fewer answers satisfying the task as posed.
The intervention has not simply improved behavior;
it has traded one part of the task contract against
another.

The reversal is most striking for the simplest
configuration. A rank-one MEAN-SVD subspace
with ordinary orthogonal projection yields a modest
joint gain, whereas broader or more elaborate edits
do not. This cautions against equating stronger era-
sure with a cleaner causal intervention. A narrow
edit may perturb a behaviorally relevant direction
while preserving the distributed features that route
generation into the requested language; a broader
removal may cut across features jointly involved in
reasoning and language control. The grid does not
by itself identify that mechanism, but it points to
selectivity, rather than intervention strength, as the
quantity that matters. Appendix Figure 5 shows the
joint criterion across all 37 configurations.

7 Prompt language as a behavioral
control

Language-subspace ablation is motivated by a
mechanistic hypothesis: language-specific varia-
tion in middle-layer activations may behave as
noise relative to a shared reasoning computation.
If that shared computation is disproportionately
shaped by high-resource languages, removing the
source-language component could move lower-
resource activations toward a regime the model
uses more effectively in English or Chinese. The
same movement, however, has an obvious failure
mode: it may pull the language of the output toward
that high-resource anchor as well.

We test this possibility without editing activa-
tions. In a prompt-language switch, the math prob-
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lem remains in its original language, but its worked
examples and answer cue are replaced with English
or Chinese versions. This asks whether placing the
model in a high-resource linguistic context is suf-
ficient to reproduce both sides of the intervention:
greater access to reasoning behavior and drift away
from the requested output language. Appendix D il-
lustrates the exact prompt transformation and gives
the generation protocol.

Table 2 places these prompt-language switches
beside the gains reported for the best causal inter-
ventions of Zhao et al. (2025a). The comparison
is diagnostic rather than a leaderboard because the
generation protocols differ. Its significance is that
an accuracy gain of comparable scale can be pro-
duced by contextual language routing alone. Yet
the resulting answers follow the switched prompt
language, so accuracy rises while joint accuracy
falls. A better numerical score therefore does not,
by itself, identify a better reasoning mechanism;
it may instead reveal that the model has entered a
linguistic regime in which it is easier to answer but
less able to satisfy the original task.

This raises a simple question: what if we explic-
itly ask the model to answer in the target language?
We test this on GLM-Z1 while retaining the English
prompt-language switch. Relative to the native-
prompt reference, whose accuracy and fidelity are
70.76% and 94.53%, the explicit instruction yields
74.62% accuracy and 97.02% fidelity. The result
suggests that the linguistic context used to elicit
computation and the language used to realize the
answer can be partially decoupled at inference time.
We do not optimize the instruction further, since
that would turn the analysis into prompt engineer-
ing; here, it serves as evidence that language sub-
stitution is not inevitable.



8 Conclusion

Estimated language subspaces are easy to overin-
terpret. Subspaces built from multilingual means
or paired translation differences recover translation-
associated structure, yet projection leaves language
linearly decodable, and geometric salience does
not predict behavioral leverage. A subspace can
therefore be a useful coordinate system without
being a container for the feature, or the mechanism
controlling it.

The behavioral results expose the consequence.
The edit that appears to improve reasoning most
also abandons the requested language; prompt
switches reproduce this pattern, and an explicit
instruction can reverse it. Apparent gains may thus
reflect entry into an easier linguistic regime rather
than improved language-independent computation.
Multilingual interventions must be judged against
the whole task contract. The goal is not to make
models reason in one privileged language, but to
separate access to useful computation from the lan-
guage in which users receive it.

Limitations

Our conclusions are bounded by task and model
scope. MATH and MGSM are both mathemati-
cal reasoning benchmarks, and all four models are
similarly scaled at 7-9 billion parameters. Whether
the findings generalize across domains or to larger
models remains open.

Additionally, the rank-one intervention was se-
lected and evaluated on the same benchmark. Its
apparent joint advantage therefore requires held-
out confirmation.

Ethical considerations

Our analysis of Zhao et al.’s coefficient-selection
procedure is based on their released analyzer. Be-
cause the release does not identify the exact code
revision used for the paper, we treat this as a find-
ing about the public implementation—not a claim
about how the published numbers were produced.

Declaration on Generative Al

Generative Al systems, including Claude and Ope-
nAl Codex, assisted with manuscript editing and
verification. They did not conduct the experiments;
the authors remain responsible for the work.
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A Subspace and operator details

A.1 Subspace construction

As Table 3 makes explicit, the MEAN-SVD out-
put is the orthonormal language basis U, not the
shared anchor a. Our implementation matches the
released implementation we inspected for Zhao
et al. (2025a). DIFFPCA is an angular construc-
tion because each problem—language residual has
equal norm before centering; this prevents a few
unusually large activations from dominating the
fit. ACTIVATION-PCA applies the same normal-
ized PCA to all activation rows without residualiz-
ing problem identity or observing language labels.
RANDOM is obtained by QR decomposition of a
Gaussian matrix with a fixed seed. All bases are
fitted independently at each layer.

A.2 Edit operators

All generation edits have the affine form A’/
AJ(h). Orthogonal projection uses §(h) = UU " h.
Our LEACE-style operator estimates the pooled
covariance X, shrinks it by 0.1 toward a scaled
identity, and orthonormalizes the target span after
whitening. Writing 4 for the pooled mean and ()
for the resulting orthonormal basis, it applies

5(h) =2'2QQTS 2 (h—p).  (6)
With the centered language-mean span and full
rank, this is the minimal-MSE linear guardedness
map of Belrose et al. (2023). With a supplied DIFF-
PCA baisis, it is an oblique removal of that span
and does not inherit the supervised guardedness
guarantee.

The WIENER operator uses the random-effects
decomposition h = p + ¢; + ge + qi¢ + €, where ¢;,
ge, qiv, and € denote problem, language, problem—
language interaction, and residual effects. For the
mean-based target, its edit is

3(h) = Bg(Bg + e +B0) " (h—p), (D
with the covariance terms estimated from the paral-
lel MATH activations. This attenuates directions
according to their estimated signal-to-noise ratio
instead of assigning every direction the same co-
efficient. For the DIFFPCA cross, the basis di-
rections are scaled by their residual-covariance en-
ergy before the same marginal-covariance shrink-
age. Mean-based WIENER is intrinsically rank at
most L — 1 and has no separate rank knob. Conse-
quently the cross is deliberately unbalanced: the 37
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cells comprise 6 mean-projection, 6 mean-oblique,
4 mean-Wiener, and 7 cells for each DIFFPCA op-
erator. It should not be read as a complete factorial
comparison of estimator and operator.

B Representation analyses: protocols and
supplementary results

B.1 Activation extraction and data partitions

Representation analyses use zero-shot residual-
stream activations at the final prompt token; the
eight demonstrations used in generation are absent.
Layers are indexed from zero over transformer
block outputs, with relative depth k/(K — 1) for a
model with K blocks. Qwen3 uses non-thinking
mode. GLM’s chat template appends an opening
thinking prefix, so its final prompt token follows
that prefix. Section B.5 examines this choice.

For held-out MATH capture, we split the 7,500
problems into 3,750 fitting and 3,750 evaluation
problems using seed zero. All translations of each
problem stay in the same partition. For cross-
corpus capture, we fit on all 7,500 MATH prob-
lems and evaluate on 250 MGSM problems. The
fitting sample size and evaluation corpus both
change between these tests, so their absolute cap-
ture levels do not isolate a corpus effect.

The probe experiment uses a third partitioning
scheme: subspaces are fitted on all 7,500 MATH
problems, but classifiers are trained and evalu-
ated within MGSM using grouped cross-validation.
Thus the subspace transfers across corpora; the clas-
sifier itself is not trained on MATH and transferred
to MGSM.

B.2 Translation-capture results

Capture is the mean of the per-vector squared-
norm fractions in Equation 3, with equal weight
for every evaluation problem and each of the 55
unordered language pairs. It is not a ratio of pooled
squared norms. Table 4 reports both estimators at
the layer minimizing rank-10 MEAN-SVD capture
within 0.15 < k/(K — 1) < 0.95, selected sepa-
rately for each model and evaluation corpus. Only
Qwen3/MATH differs from the unrestricted min-
imum, which occurs at layer 1. The correlations
summarize agreement between full depth profiles,
not alignment of the underlying subspace direc-
tions.

Rank sensitivity. At Qwen2.5 layer 18 on held-
out MATH, ranks 10, 20, and 100 yield DIFFPCA



In: At fixed layer k, activations hf’k for n problems and L languages; rank r (r < L — 1 for (a)). Method (b) requires parallel
activations.

(a) MEAN-SVD: (b) DIFFPCA:
Common-specific decomposition Within-problem PCA

Approximate the language means at rank r. Remove each problem’s mean and normalize its
I me 23RBS W [ mz) translation residuals.

n 'L R e : h . l é

2 ap+ W1, USVT < SVD(W —aol™). I ohi = 722 hige- )

g - R¢
3 W «—aol' + UV, . 2 Ri hiy—his zf  ——.

’ max(|| ], €)

Refine the shared anchor and recover the language basis. Fit centered PCA to the normalized residuals.

4 a <+ (W*)Tl; a +— %, 3 Stack the zf asrowsof Z; Z. <« Z — 1z7.
a'a

4 ATV < SVD(Z.).

5 USVT « SVD(W —al').
5 Return the first » columns of V.

6 Return the first » columns of U.

Out: Orthonormal language basis U, € R?*". Out: Orthonormal translation-residual basis V, € R4*".

Table 3: Layerwise construction of MEAN-SVD and DIFFPCA subspaces. Subscript r selects the leading r singular
components; W is the Moore—Penrose pseudoinverse and ¢ > 0 is a numerical norm floor.
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Figure 4: Probe sensitivity at each model’s held-out MATH capture minimum. Top: rank varies at full projection.
Bottom: strength varies at rank ten. Solid curves are frozen probes; dashed curves are retrained probes and overlap
near 1. The dotted gray line is the measured permutation reference at that layer. MEAN-SVD ends at rank ten.

capture of 0.479, 0.565, and 0.740, versus 0.0028,  activations) and evaluates on 50 (550 activations),
0.0056, and 0.0276 for random spans. keeping all eleven translations together. Accuracy
is averaged over the five held-out folds.

B.3 Language-probe protocol . i
The clean probe trains and evaluates on unedited

We classify eleven languages using logistic regres-  activations. Within the same folds, the frozen probe
sion on unscaled activations. The implementa- trains on clean training activations and evaluates on
tion calls scikit-learn’s LogisticRegression with  projected held-out activations; the retrained probe
C = 1.0, max_iter=3000, and random_state=0; trains and evaluates on projected activations. Every
other arguments use library defaults. Five-fold edit is applied analytically at the measured layer
GroupKFold partitions the 250 MGSM problem  using Equation 4. No edited state is propagated
indices. Each fold trains on 200 problems (2,200  through subsequent blocks. Subspace fitting never
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Model/data MEAN-SVD DIFFPCA k/depth rp
Qwen2.5/MATH 0.431 0.479 18/0.67 0.9971
Qwen2.5/MGSM 0.297 0.352 18/0.67 0.9918
Qwen3/MATH 0.592 0.608 21/0.60 0.9995
Qwen3/MGSM 0.448 0.462 21/0.60 0.9972
RI/MATH 0.459 0.494 16/0.59 0.9940
R1/MGSM 0.240 0.296 17/0.63 0.9882
GLM-Z1/MATH 0.415 0.479 20/0.51 0.9976
GLM-Z1/MGSM 0.328 0.395 20/0.51 0.9911

Table 4: Rank-10 translation capture at each model—
corpus pair’s MEAN-SVD interior minimum. k is the
block index; depth is k /(K — 1). rp is the Pearson cor-
relation between the two estimators’ full depth profiles.

uses the held-out probe examples.
The three sweeps vary one factor at a time:

* Depth: every block, with rank ten and A = 1,
for MEAN-SVD and DIFFPCA.

* Rank: r € {1,2,3,5,10,20,50,100} at the
designated layer and A\ = 1, for both esti-
mators and the ACTIVATION-PCA and RAN-
DOM controls. MEAN-SVD is restricted to
r < 10.

o Strength: \ € {0,0.25,0.5,0.75,1} at the
designated layer and rank ten, for both estima-
tors and both controls.

The designated layers are the rank-10 MEAN-
SVD interior minima on held-out MATH: 18, 21,
16, and 20 for Qwen2.5, Qwen3, R1-Distill, and
GLM, respectively. In particular, R1-Distill’s probe
sweeps use layer 16, even though its MGSM cap-
ture minimum is at layer 17. The sweeps do not
cover the full depth-rank—strength product.

For the permutation reference, we globally shuf-
fle the language-label vector five times using seed
zero and repeat grouped cross-validation on clean
activations. We measure this reference at the first,
designated, and final layers. In Figure 2, unmea-
sured layers use the mean of these three measured
values; the gray reference is therefore not indepen-
dently measured at every layer. The references in
Table 5 and Figure 4 are measured at the designated
layer. They provide an empirical chance reference,
not a statistical lower bound on accuracy.

B.4 Probe results and controls

Table 5 reports the model-level results. The rank
sweeps in Figure 4 show that frozen accuracy need
not fall monotonically with the number of removed
dimensions: R1-Distill’s frozen DIFFPCA probe
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has accuracy 0.925 at rank ten and 0.995 at rank
100. Across all tested intervention cells, retrained
accuracy remains at least 0.9971, and the random
control retains 1.000 accuracy in every tested rank
and strength condition.

B.5 GLM extraction-boundary sensitivity

GLM’s forced-thinking template ends with an open-
ing <think> prefix. On 64 MGSM problems per
language, we compare block outputs at the token
immediately before this prefix with those at the fi-
nal token after it, within the same forward pass. For
representations a and b at these positions, the diag-
nostics are cosine similarity and relative change
|b — al|/||lal|. We first average over problems
within each language and layer, then equally over
all eleven languages and 40 layers.

The mean cosine similarity is 0.645 and the
mean relative change is 0.865. Per-language co-
sine similarities, averaged over layers, range from
0.634 to 0.661. Capture and probe analyses use
the post-prefix position; their robustness across the
two extraction positions was not tested.

C Intervention selection and evaluation

The reference schedule uses the middle/high layer
bands of Zhao et al. (2025a) and one fixed point
within their coefficient search grid: +0.3 at layers
10-19 and —0.3 at layers 20-27. Their Appendix F
specifies the coefficient grid for Qwen2.5-7B. The
released analyzer, pinned to the inspected revision
in Zhao et al. (2025b), takes the no-intervention
cell as the baseline and, among intervention cells,
selects a separate pair for each language by maxi-
mizing

2(A — Ag) + (F — Fo), )

where all scores are proportions and Ag and Fj
are the no-intervention scores. Selection excludes
the baseline and is performed independently for
each language. Thus “reference” in our grid means
our single fixed +0.3/ — 0.3 schedule applied to
every language, not a coefficient pair reported as
universal by Zhao et al. Off-center schedules are
calibrated using activation-edit energy on MATH,
without observing MGSM outcomes.

For each construction—operator pair, dose 1 is the
reference energy. The other dose rungs target 0.5,
1.5, and 2 times that energy by changing the co-
efficient magnitude for each language. Both layer
bands are scaled together. Rank rungs are evaluated
at the central coefficients; dose rungs use rank ten.



Model k  MEAN-SVD DIFFPCA ACTIVATION-PCA RANDOM Perm. Min. retr.
Qwen2.5 18 0.357/1.000 0.441/1.000 0.364 / 1.000 1.000/1.000 0.086 0.9993
Qwen3 21 0.243/1.000 0.296/1.000 0.186/1.000 1.000/1.000 0.092 0.9971
RI-Distill 16 0.946/1.000 0.925/1.000 0.992/1.000 1.000/1.000  0.089 0.9985
GLM-Z1 20 0.337/1.000 0.494/1.000 0.291/1.000 1.000/1.000  0.093 0.9993

Table 5: Language probes at the held-out MATH capture minimum, using rank ten and full projection (A = 1). Each
method cell gives frozen / retrained held-out accuracy. Clean accuracy is 1.000 for every model. The permutation
reference uses shuffled labels on clean activations. The final column is the lowest retrained accuracy over all tested
intervention cells across the depth, rank, and strength sweeps, reported to four decimals.

D1rFrPCA additionally admits rank 32, whereas
MEAN-SVD is capped at ten. All intervention gen-
erations use a 512-token limit. Edits operate on
every prompt token during prefill and are removed
before autoregressive decoding begins.

C.1 Scoring and uncertainty

Answers are extracted after any completed visi-
ble reasoning block. Native decimal digits are
mapped to ASCII, and the last localized answer-
field number is compared numerically with the
gold answer. To classify response language, we
first strip mathematics. Kana identifies Japanese,
while dominant Han, Cyrillic, Bengali, Telugu,
or Thai script identifies the corresponding lan-
guage. Remaining Latin prose must contain at
least eight alphabetic characters; we then take the
highest-ranked langdetect candidate among Ger-
man, English, Spanish, French, and Swahili, with
DetectorFactory.seed=0. A missing or uniden-
tifiable label receives F; = 0 in the strict metric.

Each pooled statistic first averages problem in-
dices within a language and then averages lan-
guages equally. For intervals and tests, 4,000 paired
bootstrap replicates resample the 250 matched
problem indices; every draw carries together all
languages and all conditions being contrasted for
an index. Reported 95% intervals are pointwise per-
centile intervals, not simultaneous intervals over
the grid. Approximate two-sided bootstrap p-
values compare each intervention with baseline us-
ing twice the smaller proportion of nonpositive or
nonnegative bootstrap differences, capped at one.
For the reported all-language comparisons, Holm
adjustment uses one family of 37 intervention arms
for each of accuracy, fidelity, and joint accuracy.
We flag a cell when its truncation rate differs from
baseline by more than 0.05; this is a sensitivity gate,
not a correction for high truncation shared with the
baseline.
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C.2 Grid-wide outcomes and truncation
sensitivity

Across the 407 configuration—language cells, 152
have positive accuracy changes and 110 have posi-
tive joint changes. After averaging all eleven lan-
guages, 12 of 37 configurations exceed baseline
accuracy and three exceed baseline joint accuracy.
One comparison for each metric survives Holm
correction. Selection and evaluation use the same
benchmark; no independent confirmation set is
used.

Baseline Telugu and Bengali responses reach the
512-token limit in 78.8% and 36.8% of cases, re-
spectively. Of the 407 cells, 112 change truncation
by more than five percentage points.

D Prompt-language experiments

D.1 Prompt conditions and evaluation set

All conditions use eight worked examples. The
native condition presents the examples, question,
and answer cue in the original problem language.
A switch replaces the examples and cue with En-
glish or Chinese while leaving the question in its
original language. Translate-test also translates the
question into the switch language, using the bench-
mark’s existing translations. In the cue control, the
examples remain in the switch language but the
cue is restored to the native language. The target-
instruction control retains the switched examples
and cue and prepends an explicit request for the
final answer and explanation in the native language.
Table 6 uses the same nine languages as the
prompt-switch columns of main-text Table 2: Ben-
gali, German, Spanish, French, Japanese, Russian,
Swahili, Telugu, and Thai. Each condition contains
250 problems per language. Excluding both En-
glish and Chinese fixes the evaluation set across the
two switches. Scores average languages equally;
each change is relative to that model and mode’s
native-prompt baseline on these same problems.
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Figure 5: Joint-accuracy changes across 37 intervention configurations. Both panels use the same symmetric color
scale. Five reference settings appear in both sweeps; Mean-SVD/Wiener’s intrinsic-rank reference appears only at
dose 1. Letters identify the best joint accuracy (J), best answer accuracy (A), and reference projection (R).

Prompt-language switch

Translate-test

Model Accuracy Fidelity Joint Accuracy Fidelity Joint
English

Qwen2.5 +1.78 —64.71 —40.49 +27.02 —-99.82 —-61.33
Qwen3 (thinking) +1.87 —80.44 —65.24  +14.09 —-99.60 —82.04
Qwen3 (non-thinking) +1.42 —-72.36 —53.29 +20.04 —99.96 —74.89
R1-Distill +1.07 —2249 —6.71 +32.58 —97.85 —48.71
GLM-Z1 +6.53 —76.76 —55.73 +25.91 —-94.49 -70.40
Chinese

Qwen2.5 +3.42 —95.45 —58.22 +19.51 —99.82 —-61.33
Qwen3 (thinking) —-1.73 —-77.33 —63.16 +6.36  —99.60 —82.04
Qwen3 (non-thinking) +0.36 —50.89 —-37.87  +10.84 —-99.96 —74.89
R1-Distill +2.58 —31.09 —-947  +2853 -97.85 —48.71
GLM-Z1 —-0.27 —-72.76 —52.76 +17.51 —94.53 —70.44

Table 6: Prompt-language switches and translate-test on the same nine MGSM languages. Values are percentage-
point changes from the matched native-prompt baseline. Fidelity and joint accuracy are scored against the original

problem language, including for translate-test.

D.2 Generation and scoring

Qwen2.5 uses greedy decoding with a 1,024-token
limit. Qwen3, R1-Distill, and GLM use sampling
with a 16,384-token limit; Qwen3’s thinking and
non-thinking settings are reported separately. GLM
uses VLLM 0.8.5.post1, temperature 0.6, and top-
p 0.95. These budgets differ from the 512-token
intervention runs, so comparisons use changes from
each protocol’s own baseline.

Accuracy measures numerical correctness, fi-
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delity measures output in the original problem lan-
guage, and joint accuracy requires both on the same
response. Unidentified responses count as fidelity
and joint failures, using the scoring procedure in
Appendix C.1.

D.3 Switch and translate-test results

Table 6 extends the main comparison with joint
accuracy and both translate-test conditions. Every
prompt-language switch reduces joint accuracy, in-
cluding settings that improve numerical accuracy.



Translate-test increases accuracy for every model
and mode in both languages.

D.4 Target-language instruction and answer

cue

Prompt Seed 0 Seed 1
Native prompt 70.44  73.78
English switch 1471 1547
English + target instruction ~ 72.49  72.04
Chinese switch 17.69 17.47

Chinese + target instruction  59.69  57.60

Table 7: GLM joint accuracy (%) on the same nine
languages, with and without an explicit target-language
instruction.

The target-language instruction restores much of
the lost joint accuracy in both GLM seeds (Table 7).

Changing only the answer cue also affects lan-
guage fidelity. With English examples, accuracy
changes by —0.44 to +2.36 points and fidelity
falls by 3.97-48.80 points; with Chinese examples,
the corresponding ranges are —0.44 to +2.18 and
18.57-48.22 points.
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Abstract

We describe the GROUNDCORRECT system of
team xc- 7 Jj¥ for the Sentence-Level Track of
VisCGEC-v2.0 at Multi-LLL 2026. The sys-
tem combines frozen Qwen3-VL-4B-Instruct
global recognition, rank-8 LoRA verification
of full-line and local-crop evidence, and
YOLO11s character detection with determin-
istic edit grounding. According to the re-
tained team record, the official V3 competition
submission ranked second with score 0.5114.
This result belongs exclusively to the official
submission, not to the local reconstruction or
the post-submission V3+ extension. Our pri-
mary local adapter comparison holds inputs,
prompt, decoding, and grounding fixed: the de-
velopment proxy rises from 0.1254 to 0.2234.
Other configuration changes are reported as
system development. V3+ is an exploratory
case study that changes one development ex-
ample, with no internal-selection or grounded-
edit improvement. Local results are condi-
tional configuration analyses: selection images
also train the detector, and development data
overlap training at the essay-group level.

1 Introduction

Team xc- %7 participated in the Sentence-Level
Track of VisCGEC-v2.0 at the Multi-LLL 2026
Shared Task with GrounpCorrecT. VisCGEC
takes learner handwriting and requires corrected
Chinese text with spatially grounded edits (Wang
et al., 2025). Unlike text-only Chinese grammat-
ical error correction (CGEC), it couples recogni-
tion, correction, and localization: even a correct
sentence can have incorrect edit coordinates.

Three difficulties motivate our design. Global
resizing can obscure similar characters in long,
narrow images. A vision-language model (VLM)
can correct text yet generate unreliable coordi-
nates. Further correction can introduce unsup-
ported rewrites or inconsistent edit lists.
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Our pipeline (Figure 1) separates global under-
standing, local visual verification, and coordinate
assignment. A frozen pass proposes source and
target sentences; a format-matched LoRA inspects
retrieved regions with the full line. A separate
detector grounds text differences, and guarded fi-
nalization handles output risks. An optional post-
submission rank check is analyzed separately.

Competition submission and later analyses.
The retained team record identifies V3 as the Au-
gust 29 official submission: second place, score
0.5114. The September 11 local reconstruction is
not assumed byte-identical: original weights and
the complete August run directory were not pre-
served (Appendix D). V3+ is the September 12 ex-
ploratory extension without an official hidden-test
result. The rank and score belong only to the offi-
cial submission.
Our contributions are threefold:

* An evidence-guided correction pipeline that
combines a frozen global pass with format-
matched local verification.

* A deterministic grounding mechanism that
separates linguistic edits from coordinate gen-
eration through character detection and mono-
tonic alignment.

* A controlled local adapter comparison with
fixed inputs, prompt, and grounding, accom-
panied by explicit data-use and evaluation dis-
closures. System-development records and
the exploratory V3+ case study are reported
separately.

2 Related Work

Chinese GEC. NLPCC 2018 established a com-
mon Chinese GEC setting (Zhao et al., 2018);
FCGEC supplies fine-grained operations (Xu et al.,

Proceedings of the 1st Workshop on Multi-modality and Multi-lingual Language Learning, pages 33—-46
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P’

Sentence 1 Global pass 2 Retrieve crops 3 Evidence verification
image | Qwen3-VL-4B anchors + windows full line + crops; rank-8 LoRA
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localize proposals
cached character boxes
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V3+: verified parses + original default route + one rank-only target difference.
Five views: Stage-1 source/target, default source, conservative source/target (c).
Rank guard returns the whole candidate with edits; no inference/grounding. Votes are not proof.

Figure 1: GrRouNDCoORRECT: frozen global recognition, shared Stage-2 LoRA verification, YOLO11s grounding,
and V3 candidate finalization. The rank-check block is optional post-submission V3+ work, not part of the official

V3 submission. Candidates undergo schema validation.

2022), and MuCGEC emphasizes multi-reference,
character-level evaluation (Zhang et al., 2022).
These resources contextualize VisCGEC’s image-
grounded setting; we do not add their data to train-
ing.

Local visual evidence. TrOCR combines pre-
trained image and text Transformers for recogni-
tion (Li et al., 2023). LLaVA-UHD handles high-
resolution, variable-aspect-ratio images through
slices (Guo et al., 2025). Our crops instead use
task hypotheses and coverage windows outside the
VLM. We adapt Qwen3-VL (Bai et al., 2025)
with LoRA (Hu et al., 2022) and use a separate
YOLO11 character detector (Jocher and Qiu, 2024)
for grounding.

Conservative correction and grounding.
Align-and-Predict decoding adjusts the precision—
recall trade-off in GEC (Sun and Wang, 2022), and
Alirector uses alignment to address overcorrection
in Chinese GEC (Yang and Quan, 2024). The
exploratory V3+ case study selects complete can-
didates after generation. Slicing-aided detection
(Akyon et al., 2022) offers a related motivation
for preserving small visual details, although our
sentence tiling is independently implemented.
TrOCR, LLaVA-UHD, APD, Alirector, and
slicing-aided detection are related work, not used
components or evaluated baselines.
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3 Method

3.1 Task and system overview

Given a sentence image I € RH*WX3_ the sys-
tem returns corrected text y and grounded edits
E= {(ok, tg, bk)}szl, where oy, t, and by, are an
operation, replacement text, and pixel-space box.
Internally, a candidate is ¢ = (z,y, E): retaining
the recognized source x makes its connection to
the edit list explicit. The output schema allows In-
SERT, DELETE, SUuBSTITUTE, and WoORDORDER; the
released sentence annotations contain only the first
three types.

Figure 1 summarizes three functional modules.
Evidence-guided correction produces a source—
target pair from the full line and local crops. De-
terministic grounding maps its text differences to
character boxes. V3 finalization selects or repairs
candidates before schema validation; the optional
V3+rank check is a later extension. Only the Stage-
2 adapter and the character detector are trained; the
base VLM and its visual encoder remain frozen.

3.2 [Evidence-guided correction

Global hypothesis generation. The first pass
uses frozen Qwen3-VL-4B-Instruct. A Chinese
prompt asks the model to recognize the handwrit-
ing and make only high-confidence grammatical
changes while preserving meaning. Its JSON out-
put contains the recognized source, provisional tar-
get, and provisional edits. Writing Gy for greedy



generation and pg for the global prompt, we retain
the text fields

(2, 4Oy = 7,,Go (I, po). (1)

The projection 7, , parses the JSON fields, rather
than taking the VLM’s provisional boxes as final
edits. This full-line view supplies global syntax
and identifies regions for closer inspection.

Contextual region retrieval. We form candidate
anchors from two test-time signals: localized dif-
ferences between the provisional source and target
(weight 1.0), and coordinates directly proposed by
the VLM (weight 0.55). Proposals merge when
their IoU is at least 0.15 or horizontal centers dif-
fer by at most 2.5% of image width. Deterministic
overlapping coverage windows supplement a short
candidate list. We retain at most four regions and
expand each to the full image height and at least
22% of its width, preserving neighboring text (Fig-
ure 2, left). Reference targets and gold edit boxes
are not used for test-time retrieval.

Format-matched verification. Stage 2 receives
the full image, up to four crops, a manifest of their
global coordinates, and the Stage-1 source and tar-
get. The prompt treats retrieved regions as evi-
dence, not guaranteed errors: local views resolve
ambiguous characters, while the full line supplies
grammatical context.

Let z = (I,C, 2,4 p,) denote this input,
including crop set C and the default or conser-
vative prompt ps. For each adapted linear map,
LoRA (Hu et al., 2022) parameterizes

W'=W+ZBA,  r=8 a=16 ()
with A € R™% and B € R%u«*"_ The base W is
frozen. This adds r(di, + doyt) parameters instead
of updating di,doy¢ entries per map. We adapt at-
tention and feed-forward projections, with dropout
0.05; the visual encoder remains frozen.

Training uses the default prompt and the in-
ference input format. The assistant answer is
text-only JSON containing source_text and
target_text. Let a;.p be the unmasked assis-
tant suffix, including the chat-template termina-
tor. With trainable adapter parameters ¢, the token-
average objective is

T
1
L(9) =~ D logppglar| z.a<). ()

t=1
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This follows the autoregressive factorization of the
supervised answer. Prompt labels are masked to
—100, so image and prompt tokens condition gen-
eration but receive no direct prediction loss. Ref-
erence text occurs only in the assistant answer;
there is no coordinate loss or joint backpropaga-
tion through retrieval and grounding. Stage 2 is
accepted only if parsing succeeds without an error
flag and both strings are nonempty. Otherwise, the
system uses the cached Stage-1 hypothesis and re-
builds its edits. A conservative prompt provides an
alternative candidate using the same adapter, not a
second trained model.

3.3 Deterministic edit grounding

Linguistic correctness and spatial correctness need
not coincide. We therefore discard the VLM’s pro-
visional edit semantics and coordinates when con-
structing grounded candidates. Instead, character-
level sequence alignment between source x and tar-
get §j determines INSERT, DELETE, and SUBSTITUTE
spans.

A single-class YOLO11s detector supplies m
boxes sorted by horizontal center. For n,m > 0,
let source-character width w; be 0.45 for whites-
pace, 0.60 for ASCII alphanumerics, and 1 other-
wise. Expected character centers and normalized
box centers are

G — Cmin

_Zk<z‘wk+wi/2 .
= ;= ——,
Cmax — Cmin

D b1 W
4

where ¢; is a box’s horizontal center and v; = 0.5
if all centers coincide. This compares relative po-
sitions without requiring a detector class for every
character identity.

Let D; ; be the minimum cost of consuming ¢
characters and j boxes. A monotonic alignment
ends in exactly one of three transitions: match
both, skip a character, or skip a box. Thus,

%

Di_1j-1+3(u; — vj)?,
DiJ = min Difl’j + 0.10,
Divjfl + 0.10.

&)

Initialize D070 = 0, Di,O = 0.10¢, and DOJ‘ =
0.105. DP uses O(nm) time and space; backtrack-
ing takes O(n + m). Without detections, charac-
ters map to null. Optimality concerns the geomet-
ric cost, not recognition (Appendix A.5).

A non-insertion edit receives the bounding
union of available boxes in its source span. An in-
sertion uses its source index, capped at the final



(a) Contextual evidence crops
Full line (schematic): width W, height H

]
1 1
1
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(b) Character-to-pixel grounding

Source C1 Cz Cs Ca Cs (o

Target C [oR r

Text diff: [c3, Ca] - 1

Cs Ce

Crop 1 + global interval Crop 2 + global interval

Expand: width = 0.22 W; full height H
| ]
v
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[ Monotonic DP: source —~ detected boxes l

v
v

Aligned boxes (schematic)

Qwen3-VL evidence pass
Full line + up to 4 contextual crops

[C] candidate anchor 71 Full-height context

||

Substitute: r - bbox = union(bs, ba) ]

Insertion - character at insertion index;
at sentence end - final character.

Figure 2: Evidence retrieval and edit grounding (schematic). Left: narrow anchors expand into full-height contex-
tual crops. Right: a text difference identifies a source span, and monotonic character-box alignment maps it to a
box union. Symbols illustrate the mechanism, not benchmark examples.

character. If no required aligned box exists, the im-
plementation uses a single uniform-width source
cell over the full image height. Partially matched
spans use their available boxes without filling ev-
ery unmatched character. Text differences use de-
terministic sequence matching, not an optimiza-
tion of the downstream correction score. Figure 2
illustrates this separation of text differencing from
coordinate assignment.

3.4 Priority-based V3 finalization

The finalizer applies rules in a fixed, first-match or-
der. It first checks two narrow consistency repairs:
restoring a Stage-1 comma at a preserved if -clause
boundary, and completing an asymmetric compar-
ison from the activity stated on its other side. A
successful repair returns immediately with edits re-
built from the default source and cached detector
boxes.

Otherwise, it checks for an uppercase X newly
introduced relative to the Stage-1 target, followed
by target—source growth of at least three characters.
A flagged output selects the conservative candidate
if that candidate removes the specific trigger; oth-
erwise it selects the retained baseline. Unflagged
outputs retain the default candidate. These selec-
tion branches preserve their existing grounded edit
lists. Length growth is a risk signal, not proof of
hallucination.

We call the default matched-LoRA configura-
tion V1, the risk guard V2, and the finalizer with
both repairs V3. The optional V3+ post-check
leaves earlier repair and fallback routes unchanged.
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3.5 Exploratory post-submission rank check

V3+ was developed after submission to examine
a known same-length rank substitution that the
length and placeholder checks missed. It com-
pares rank expressions across existing predictions
and, under narrow parsing, agreement, and single-
change conditions, selects the complete conser-
vative candidate only on V3’s unchanged default
route. This keeps each selected sentence together
with its own source and grounded edits. The
observed evidence is one changed development
example, with unchanged internal-selection and
grounded-edit scores; it supports a targeted case
study rather than a general factual-preservation
claim. Section 4.5 reports its scope, and Ap-
pendix B contains the rule-level definitions and
equations.

4 Experiments

4.1 Experimental setup

Data and preparation. We use the released Vis-
CGEC sentence-level train, dev, and test splits
(Wang et al., 2025), summarized in Table 1.
Train/dev provide source transcriptions, target text,
edit types, and boxes; the shared-task test input pro-
vides identifiers and images, not labels. Official
train/dev character annotations are converted to a
single detection class. Tiling at a 12:1 aspect ratio
with 20% horizontal overlap produces 4,431 train-
ing tiles with 63,545 box instances and 573 dev
tiles with 8,269 instances. No public test targets
or hidden labels are used for training or scoring.



(a) Released annotations

Split  Images  Edits Ins. Del. Sub.
Train 1,960 3,533 1,079 761 1,693
Dev 245 435 134 89 212
Test 246 - - - -
(b) Component and selection uses

Subset  Images LoRA Detector Other use

LoRA fit 1,746 Fit Fit Training

Selection 214 - Fit Select/report
Dev 245 - Validate Select/report
Test 246 - Infer Official eval.

Table 1: Released data and component-specific uses.
The two train subsets sum to 1,960; both fit the detector.
Selection excludes LoRA fitting only; dev validates the
detector. Selection/dev also guide configurations and
local reporting. Test labels are unavailable. Neither
local split is an independent end-to-end generalization
test.

Training and inference. The local reconstruc-
tion uses one NVIDIA GeForce RTX 5090
(32GB). LoRA trains 16,515,072 parameters
(0.371%) for one epoch on 1,746 examples from
499 essay groups, reserving 214 examples from 55
groups. It uses learning rate 5 x 107>, batch 1,
accumulation 8, cosine decay, bfloatl6, and seed
20260829. Implementation uses PyTorch (Paszke
et al., 2019), Transformers (Wolf et al., 2020),
PEFT, and Ultralytics.

YOLOL11s is reconstructed from public weights
for 30 epochs using 1,280-pixel tiles, batch 16,
and seed 3407. Tiled FP16 inference uses 160 x
1280 inputs and global NMS IoU 0.50. VLM de-
coding is greedy, with 12,544-200,704 pixels per
view and token caps 384/256 for Stages 1/2. Ap-
pendix A records complete settings, software ver-
sions, and cache dependencies.

Evaluation measures. Because the private eval-
uator is unavailable, we implement an equal-
weight local proxy for text correction and grounded
edits:

g 1 N+ R ©)

proxy N 4 2 )
i=1

where Fy5 = 1.25PR/(0.25P + R). Both com-
ponent scores are computed per sentence and then
macro-averaged; the composite averages their per-
sentence mean, rather than pooling edit counts over
the corpus.

Text scoring. Reference and predicted edits are
extracted from the same released gold source tran-
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scription, source_ground_truth, to the refer-
ence and predicted targets respectively. Character-
level SequenceMatcher with autojunk=False
yields insertion, deletion, and substitution spans.
Matches require identical type, half-open source
span, and replacement string; multiset intersec-
tion limits repeated matches to reference multiplic-
ity. We use this local differencer, not ChERRANT
(Zhang et al., 2022) or ERRANT (Bryant et al.,
2017).

Grounded matching. Predictions are visited in
stored order and greedily matched to the highest-
IoU unused reference with identical type and re-
placement text, requiring IoU > 0.5. Equal-IoU
ties select the first eligible reference in annota-
tion order. Each side can match once; this is a
greedy, order-dependent assignment. Duplicate
predictions remain in the precision denominator,
including any copy without an eligible unused ref-
erence.

Empty sets and strings. For either component,
two empty edit sets receive precision, recall, and
Fys = 1; if only one is empty, all three are zero.
Punctuation and whitespace participate literally in
alignment and replacement matching. Text fields
are not trimmed or normalized for Unicode, case,
traditional/simplified characters, or punctuation.
Other edge conventions are in Appendix A.4. Pri-
vate evaluator conventions are unknown, so these
remain local proxies.

Text evaluation uses gold source, whereas in-
ference grounding uses each candidate’s predicted
source. Recognition can therefore hide a necessary
source edit despite a correct target (Section 4.7).

Split and operating-point scope. Table 1 sepa-
rates LoRA fitting, detector fitting/validation, and
selection/reporting uses. Essay groups are identi-
fier prefixes before the first underscore. Only 12
of the 245 dev sentences belong to essay groups
absent from the full released training split; the
other 233 belong to groups present there. The
214-example internal selection set excludes its 55
groups from LoRA training, but all its images oc-
cur in detector training, and it also guided model
and rule selection. Development images serve de-
tector validation and local configuration analysis.
Neither local split is an untouched, fully group-
disjoint end-to-end evaluation.

All  matched-LoRA crop manifests use
confidence-0.20 detections.  Final grounding



Configuration Text Ground Composite

Dev: 245 examples, grounding 0.50

Frozen Stage 2 2158 1125 1641
Matched LoRA (V1)  .2767  .1699 2233
Guarded V2/V3 2787 1699 .2243
V3+ (post-submission) .2805 .1699 2252
Selection holdout: 214, grounding 0.20
Stage 1 2135 0794 1464
Matched LoRA (V1)  .2654  .1416 .2035
Guarded V2 /V3 2723 1437 .2080
V3+ (post-submission) .2723  .1437 .2080

Table 2: Local system-development record, not isolated
component ablations or official scores. Dev’s frozen-
to-LoRA step changes both adapter and output prompt;
dev/selection grounding confidences are 0.50/0.20 and
guard fallbacks are frozen Stage 2/Stage 1. The selec-
tion set isolates LoRA training only. V3+ is exploratory
post-submission work.

in the cached progression uses 0.50 on dev but
0.20 on holdout. The holdout guard falls back
to Stage 1, whereas dev/test use the retained
frozen Stage-2 baseline. The fresh adapter control
instead fixes final grounding at 0.50 on both splits
and applies no guard. We keep these protocols
separate throughout.

4.2 Official competition outcome

According to the retained team record, the Au-
gust 29 V3 submission ranked second with of-
ficial score 0.5114. Official component scores
were unavailable. Hidden test labels and a private
evaluator separate this outcome from our labeled
dev/selection analyses. The reconstruction is not
assumed byte-identical, and V3+ has no official
score (Appendix D).

Our primary evidence for the adapter is the
fixed-configuration comparison in Table 3, dis-
cussed first below. Table 2 is retained as a system-
development record. Its rows can change prompts,
grounding operating points, or fallback behavior
and must not be read as isolated component abla-
tions.

4.3 Primary comparison: controlled adapter
effect

Table 3 is our primary evidence for the adapter’s
local effect. To separate it from the output-prompt
change, we freshly generate both arms with one
base model and the same preprocessed tensors
per example, toggling only the LoRA adapter.
Both use the default text-only prompt, identical
cached Stage-1 outputs and crops, greedy decoding

38

Setting Text Ground Composite
Dev adapter OFF 2047 .0460 1254
Dev adapter ON 2770 .1699 2234
Holdout adapter OFF .2034  .0473 1253
Holdout adapter ON  .2661  .1585 2123

Table 3: Fresh paired adapter control. Both arms use
the same text-only prompt and final grounding confi-
dence 0.50, with no guard. The dev set contains 245
examples; the 214-example holdout isolates only LoRA
training and previously served for selection. Its confi-
dence differs from the original 0.20 holdout rows in Ta-
ble 2.

capped at 256 tokens, and confidence-0.50 ground-
ing, without V2/V3 post-processing. We disable
TF32 and record the runtime, input, and weight
hashes. This post-submission control does not
reuse either arm’s old predictions.

On dev, the adapter raises the composite by
0.0981 (Table 3); 59 examples improve, 16 worsen,
and 170 tie. Both arms parse all 245 responses
without fallback. A 10,000-replicate paired boot-
strap over 188 essay groups gives a 95% percentile
gain interval of [0.0621, 0.1337]. This estimates
the adapter’s effect under the text-only contract,
not a gain over the best frozen prompt. On the 214-
example holdout, the corresponding gain is 0.0870,
with 51 improvements, 20 regressions, and 143
ties. All responses parse without fallback. The
same bootstrap over its 55 groups gives [0.0456,
0.1327]. These results retain the split limitations
described above. This comparison holds inputs,
prompt, decoding, and grounding fixed; Table 2 in-
stead records system development with configura-
tion changes. The fresh dev ON output differs from
the old cache on four targets and scores 0.2234
rather than 0.2233; we therefore keep the runs sep-
arate. Both intervals are conditional on a single
trained adapter and fixed predictions, not training-
seed uncertainty or an official-score estimate.

4.4 System-development record

Table 2 documents cached local configurations
and their combined changes. On dev, the frozen
Stage-2 baseline scores 0.1641, matched LoRA
0.2233, and V3 0.2243; on the internal selection
set, matched LoRA scores 0.2035 and V3 0.2080.
V3’s two extra repair rules never trigger on either
labeled split, so V2 and V3 tie there. These obser-
vations do not establish a measured benefit from
the additional repairs.

The dev frozen-to-LoRA configuration differ-



ence is 0.0592 absolute (36.0% relative). A paired
bootstrap over 188 essay groups, with 10,000 repli-
cates, gives a 95% percentile difference interval of
[0.0243, 0.0940], positive in 99.96% of replicates.
This comparison changes both the adapter and the
output prompt, from full JSON to text-only JSON.
Its interval describes the combined configuration
change, not an isolated adapter effect or training-
seed uncertainty.

4.5 Exploratory post-submission V3+ case
study

The September 12 extension examines a known de-
velopment error after competition submission. The
rank-only and exploratory rank-plus-numbers vari-
ants route all 245 dev and 214 internal-selection
records before reference labels are loaded for scor-
ing; only predictions enter the selector, not IDs
or correctness scores. This prediction-only exe-
cution does not remove the experiment’s known-
error-driven selection bias.

V3+ changes only 1587_15, improving one dev
sample with no regressions and 244 ties. All 214
internal-selection records remain identical. Its dev
composite gain is 0.000907 absolute; grounded-
edit scores are unchanged. The numeric extension
produces exactly the same outputs, so it provides
no measured benefit over the rank-only variant.

These observations support a targeted case
study, not a general factual-preservation or end-
to-end generalization claim.  The unchanged
grounded-edit score is important: correcting the
rank in this case does not recover the missing nec-
essary edit. Section 4.7 examines the case; rule
definitions and replay checks are in Appendix B.
V3+ has no official competition score.

4.6 Component analysis

Evidence reinspection. Figure 5(a) compares
frozen Stage 1 with contextual crops plus a sec-
ond VLM pass, holding predicted YOLO11n boxes
fixed in a test-matched reconstruction. Text Fj 5
rises from 0.2076 to 0.2158, grounded-edit Fp 5
from 0.0944 to 0.0982, and the composite from
0.1510 to 0.1570 (0.0060 absolute; 4.0% relative).
This isolates the combined reinspection step, not
crops alone or the submitted detector choice.
Corpus OCR character error rate decreases from
0.0531 to 0.0524. Expanded crops cover the cen-
ters of 87.59% of gold edits, although only 13.79%
of raw anchors reach IoU 0.5. This distinction sup-
ports using recall-oriented crops for evidence and
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a separate detector for precise final grounding.

Risk guard and additional probes. Figure 5(b)
and Table 2 show that the V2 guard adds 0.0045 on
holdout and 0.0010 on dev. V3’s two extra repairs
affect two test inputs, but no labeled examples;
hidden test labels are unavailable, so we make no
score-based claim for those changes. Appendix C
separately records early auxiliary-context exper-
iments, a discarded direct-image LoRA, thresh-
old sweeps, and post-hoc detector-capacity probes.
They are not additional controlled ablations of the
final system.

4.7

Figure 3 illustrates cached predictions at ground-
ing confidence 0.50. The first two cases are un-
changed from V3 to V3+; the third shows the
patch’s only observed intervention. They are se-
lected examples, not an unbiased accuracy esti-
mate or isolated adapter effect.

Qualitative analysis

Text recovery versus localization. In 543_6,
V3 recovers the correct phrase about resting at
home, but also normalizes the erroneous character
in its predicted source. The source—target differ-
ence therefore emits no edit: the text is correct, but
the gold correction is not localized. In 1969_7, V3
instead inserts the missing character in “reason”
and matches both the reference text and insertion
location.

Exploratory rank correction without com-
plete grounding. In 1587_15, old V3 changes
“runner-up” to “champion.” Neither length nor
placeholder checks detect the substitution. The
five prediction views agree on “runner-up,” so V3+
selects the complete conservative record and re-
moves the erroneous rank-edit box. Text Fj 5 rises
from 0.5556 to 1, but edit F{ 5 remains zero: both
candidates already normalize a different erroneous
source character in “championship,” hiding that
necessary correction from differencing. The com-
posite therefore rises from 0.2778 to 0.5, not to
1. This one case illustrates the distinction between
restoring a rank value, faithfully recognizing the
source, and grounding all necessary edits. It does
not establish general factual-preservation behav-
ior.

5 Conclusion

Team xc-fZ J%’s GROUNDCORRECT separates
recognition, verification, and grounding for the



Sentence-Level Track of VisCGEC-v2.0. The re-
tained record reports second place and 0.5114 for
official V3. Fixed-configuration controls provide
the adapter evidence; other runs document system
development. Exploratory V3+ changes one dev
example, without selection-set or grounded-edit
improvement. Recognition can hide necessary
edits despite correct targets. Broader generaliza-
tion requires repeated training and fully separated
end-to-end evaluation.

Limitations

Recognition and retrieval errors remain possible;
the differencer does not explicitly recover Wor-
pORDER. The local scorer is not the private eval-
uator. Dev overlaps training essays; holdout ex-
cludes only LoRA training and informed selection.
Controls use one checkpoint, not repeated training
seeds. V3’s two repairs never fire on labeled splits.
The known-error-driven fact patch uses correlated
views and restricted expressions: one improvement
does not establish unseen-data safety. Missing
original weights and run records prevent claims of
byte-exact reproduction of the scored archive.

(a) OCR recovery: improved text, incomplete localization

Ethical Considerations

We use released learner handwriting and train/dev
annotations without personally identifying meta-
data. The archived run used no manual test correc-
tions. Later reconstruction audits inspected some
public test images, without test targets or hidden la-
bels. This system should assist teachers and learn-
ers, not make high-stakes judgments without re-
view.

Declaration on Generative Al

Al tools assisted writing, figures, and code. The
authors verified results against saved artifacts and
remain responsible for all claims, citations, and im-
plementation.

543 6

(b) Missing-character insertion: correct text and localization

Input image _Hnlﬁ ’?‘g wﬂﬂjﬂﬁ‘ rﬁ ‘.'«"ﬁ I-FE i [@ "f? Iﬁ L
Reference R ERAARAE R ER AR BRE. FO.5: text / edit
Frozen S2 SRIFREIfRE IR N EREARE. 0.56 / 0.00
V3+ RRBRIPIBEERERBRE. 1.00 / 0.00
V3+ = V3: text matches the reference, but source normalization hides the gold edit.
1969 7

Input image *ﬂ_ ; ; L H -l
Reference FHLFNEBMAE /ﬁ%ﬂ‘ﬁfﬁﬂﬂﬁ {Eyo

Frozen S2 FHMEBMABEERNBRS .

V3+ FHMEBEMABEERAIEHEIRS.

(c) Rank protection: correct text, remaining localization failure

FO.5: text / edit
0.00 / 0.00
1.00 / 1.00

V3+ = V3: the missing character is inserted; the baseline deletes its neighbor.

1587 15

&

Input image %{ 4[&

Reference MRS T RS RARIRIRIER T ZE
old v3 MikTG 7 HREEAR BRI E .,
V3+ MRS T R EAREIREN L ZE,

AP R ES T eI EARAN

FO0.5: text / edit
0.56 / 0.00
1.00 / 0.00

V3+ restores runner-up via the whole conservative record; the gold edit remains unlocalized.

Figure 3: Selected dev cases with unretouched images and cached outputs. Ruled lines and marks are original;
amber marks baseline differences, green/red matching/nonmatching outputs. Scores are text/edit £ 5. Only the

third case changes under exploratory V3+.
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A Reproducibility Configuration

This appendix specifies the preserved local re-
construction and its evaluation inputs. The ac-
companying supplement contains complete UTF-
8 prompt templates, an anonymized machine-
readable configuration, split identifiers, artifact
checksums, command examples, and a result in-
dex. These materials document the available re-
construction; they do not establish byte identity
with the scored archive. They are supplied with the
paper, rather than described as an already-public
repository.

A.1 Verified training configuration

Table 4 combines the final training report, adapter
configuration, and the saved training arguments
at step 219. This distinction matters: the exe-
cuted run saved every 75 steps, whereas the cur-
rent command-line default is 100. Stage-1 training-
data preparation used an inference batch of eight;
the LoRA collator uses one example per device.

Preserved value

Frozen Qwen3-VL-4B
8/16

0.05 / none

q, k, v, o; gate, up, down
16,515,072 (0.371%)

Parameter

Base / visual encoder
LoRA rank / alpha
LoRA dropout / bias
Target projections
Trainable parameters

Device batch / accumula- 1/8

tion

Epochs / optimizer steps 1/219

Learning rate 5x107°
Schedule / warmup ratio Cosine / 0.05
Optimizer / weight decay ~ Fused AdamW /0
Adam betas / epsilon (0.9,0.999) /1078
Gradient clipping norm 1.0

Precision bfloat16; TF32 enabled
Checkpointing Enabled; non-reentrant
Training / data seed 20260829 / 20260829
Save / logging interval 75175 steps

Table 4: Verified local LoRA settings. The effective
batch size is eight on one device. Projection names de-
note the corresponding _proj modules.

The assistant target is a compact JSON object
containing only source_text and target_text.
The collator verifies that the tokenized prompt is an
exact prefix of the complete conversation and sets
all prompt-token labels to —100. Consequently,
image and user-prompt tokens receive no direct
language-model loss. The supervised suffix in-
cludes the assistant answer and its chat-template
terminator. The base parameters and visual en-
coder remain frozen.
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The local environment used Python 3.11, Py-
Torch 2.8.0 with CUDA 12.8, Transformers 4.57.3,
PEFT 0.18.1, Accelerate 1.10.1, Pillow 11.3.0, and
Ultralytics 8.4.118. The full base-model revision
is ebb281ec70b05090aa6165b016eac8ec08e
71b17. The adapter tensor SHA-256 is 20cee
cc9db7e62£d26a6003842d87b5a5586b9022¢
55ebc70d0abd32707££578. Hashes of the re-
constructed detector, fallback predictions, and fi-
nal output are supplied in the configuration.

A.2 Prompt and inference contract

Both passes use the same Chinese system instruc-
tion. Stage 1 receives the full image followed by
its user instruction. Stage 2 receives the full im-
age, up to four crops, and then a compact con-
text object containing crop coordinates, retrieval
scores and sources, and the Stage-1 source and tar-
get. The retained pegasus_target_text field
is an empty string in this path. No reference tar-
get is placed in this context. The default Stage-2
prompt is used during LoRA training; the conser-
vative prompt is an inference-only alternative using
the same adapter.

The reproduced inference settings use greedy de-
coding, bfloat16, scaled dot-product attention, and
per-image pixel bounds of 12,544-200,704. The
preserved scripts specify 384 generated tokens for
Stage 1 and 256 for text-only Stage 2. These to-
ken limits are made explicit in the supplied com-
mands, because the saved inference reports did
not serialize the complete original command line.
Invalid or empty Stage-2 responses fall back to
the cached Stage-1 hypothesis before deterministic
grounding.

Candidate retrieval uses cached YOLO11s de-
tections at confidence 0.20. The released-dev main
comparison re-grounds fixed predictions at confi-
dence 0.50; the recorded internal holdout instead
uses the confidence-0.20 detections stored in its
training manifest. Final test grounding uses a sepa-
rate confidence-0.50 cache. These operating points
should not be silently unified when comparing the
preserved scores.

A.3 Split scope and cached dependencies

Essay groups are the identifier prefix before the
first underscore. The training script sorts the 554
groups, shuffles them using seed 20260829, and
reserves 55 groups, yielding 1,746 LoR A-training
and 214 holdout examples. The supplement lists
the reserved groups and hashes the ordered exam-



ple IDs independently of machine-specific paths.
This isolation applies to LoRA training only: the
detector was trained using annotations from the
complete released training split, including these
holdout images. The same holdout also informed
guard selection; it is not an untouched end-to-end
test set.

V3 selects among the default LoRA output, the
conservative output, and a retained baseline sub-
mission at test time. For the labeled guard com-
parison, the holdout fallback is cached Stage 1,
whereas dev uses frozen Stage 2. The supple-
ment includes a CPU-only replay and per-example
routing records for both operating points. The
test baseline’s complete prediction records, includ-
ing boxes, are an input dependency. Only the
linguistic-repair branch recomputes edits with the
cached detector boxes. Exact output reproduction
therefore requires the cached Stage-1 outputs, crop
manifests, detector boxes, and baseline JSON, not
merely the adapter weights. The result index sepa-
rates available artifact evidence from command de-
faults and notes dependencies that are not bundled.
Fresh inference and retraining can test the proce-
dure but are not promised to reproduce all stored
bytes.

A.4 Local evaluation edge conventions

Text edits are compared as exact tuples of opera-
tion, half-open source span, and replacement text.
Text precision and recall use multiset intersection,
so repeated exact predictions match only up to gold
multiplicity. Grounded matching is greedy in pre-
diction order; equal-IoU ties retain the first unused
eligible reference in annotation order. Coordinate
IoU uses differences without an inclusive-endpoint
+1; a zero-union pair has IoU zero. An empty
dataset returns zero macro aggregates. These im-
plementation conventions do not claim identity
with the private evaluator.

JSON parsing trims its outer generated repre-
sentation and Markdown wrappers, not parsed
string values. Scoring retains literal punctua-
tion, whitespace, Unicode forms, case, and tra-
ditional/simplified characters. The source field
for text scoring is the released gold transcrip-
tion, whereas candidate grounding uses predicted
source; no gold source is introduced into test-time
grounding.
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A.5 Alignment optimality and complexity

For Equation 5, removing the last match/skip tran-
sition leaves an optimal consumed-prefix align-
ment: a cheaper prefix would otherwise lower the
full path cost. This gives the dynamic program’s
optimal substructure. The algorithm uses O(nm)
time and space, with O(n + m) backtracking. Its
optimum concerns the defined positional cost, not
the correctness of source recognition or detector
boxes.

B V3 Finalization and Exploratory V3+
Details

Figure 4 shows V3’s first-match routing followed
by V3+’s default-only fact check. Candidates d
and c use default and conservative prompts with
the same LoRA; b is the retained pre-LoRA base-
line.

B.1 Priority consistency repairs

V3 first checks two narrow repairs:

1. Restore a Stage-1 comma at a preserved if-
clause boundary.

Complete an asymmetric comparison’s miss-
ing activity from the opposite predicate, lim-
ited to five activities: calling, spending time
together, communicating, chatting, and meet-
ing.

A match returns the repaired default target, rebuild-
ing edits from the default source and cached detec-
tor boxes. Only this branch recomputes edits; all
other branches retain their grounded records.

B.2 Placeholder and length routing

Otherwise, the V2 guard first checks for uppercase
X in the default target but absent from the Stage-1
target. When triggered, it returns c if the conserva-
tive target has no X, and b otherwise.

Only without this trigger does it check default
length growth of at least three characters. Growth
is each candidate’s target length minus its own
source length. This branch returns c if its growth
is less than three, and b otherwise. Growth signals
risk, not proven hallucination. Without any trig-
ger, return d. Clearing a branch’s specific trigger
suffices; returning a conservative candidate after
the placeholder check does not require passing the
later length check. Both risk branches select com-
plete cached records rather than merging targets
with another candidate’s edits.



V3+ guarded finalization
d: default LoRA - c: conservative - b: baseline

yes | Repair d target
1 Repair matches? Re-ground; return
Reuse cached boxes
1 no

Znewxinar | Ko
I no
yes [ Ac < 3: return ¢ }
Otherwise: return b
I no

4 Default route d )

[
[3Ad>3"
(

V3+ rank -consensus post-check

Valid parses; ordered ranks agree in 5 predictions.
One rank value differs between d and c targets;
all other target characters remain identical.

No: retain d

Yes: return whole c
Preserve full record

source + target + edits

. J
Votes: S1 source/target, d source, c source/target.

New X: in d, absent from the Stage-1 target.

A: len(target) — len(source), for each candidate.
Post-check: no new grounding; votes are not proof.

Figure 4: V3+ selection. Original V3 repairs and fall-
backs are preserved; only the original default route
reaches the new rank check. A fact-triggered switch
copies the entire conservative candidate without recom-
puting edits.

B.3 Observed routing and scope

The unpatched V3 local test audit counts 232 de-
fault, two repaired, five conservative, and seven
baseline records. The original holdout proxy im-
proves from 0.2035 to 0.2080, using confidence-
0.20 grounding and Stage-1 fallback; dev/test
use frozen Stage-2 fallback. This holdout iso-
lates LoRA, not detector training, and served
model/guard selection. Neither V3 repair fires on
dev/holdout, so V2 and V3 tie there. The two test
interventions have no measured hidden-test score
improvement.

B.4 Prediction-only fact post-check

The post-check is exploratory work from Septem-
ber 12, after competition submission. The rule-
level definitions below are retained for repro-
ducibility, not as evidence of a general factual-
preservation capability.

The current V3+ configuration enables rank pro-
tection only. It canonicalizes the three named
podium ranks and supported positive ordinal-place
numerals. Specified compound suffixes such as
those denoting competitions or teams are excluded.

Mixed Arabic/Chinese or malformed ordinal ex-
pressions reject the entire decision rather than con-
tributing partial consensus.

The Stage-1 parse-success field must exist and
indicate no error. Both Stage-2 candidates must
have the expected generation provenance, directly
parseable raw JSON, and source/target strings
matching the preserved cache. Missing fields, ad-
ditional target rewrites, fact-count changes, or con-
flicting signatures preserve the V3 record. The
exploratory numeric extension covers only Arabic
quantities with enumerated units, treats the literal
sign/unit as part of the type, and rejects comma-
separated number fragments.

The dev audit changes one of 237 original de-
fault routes to the conservative candidate: final
provenance counts are 236 default, five conserva-
tive, and four baseline records. Holdout preserves
203 default, eight conservative, and three baseline
records. Neither variant changes any earlier repair
or fallback branch. Both variants’ full outputs,
sample scores, and routing audits are included in
the supplement. These counts do not describe a
new official test submission.

B.5 Formal post-check definition

Let g3 be V3’s selected complete record and ps
its recorded route. Let F'(s) contain the ordered
recognized fact types and normalized values in
string s; spans and literal surfaces are stored sep-
arately. For default and conservative records gz =
(€4, ya: Eq) and ge = (¢, ye, Ec). the support
views are

V= (x(O)ay(0)7xd7$07yc)- (7)

Consensus A requires F'(V;) to be nonempty and
equal to F'(v) for every v € V. These are corre-
lated predictions, not independent votes or a cali-
brated correctness probability.

Define M (s) as a literal text skeleton obtained
by replacing each recognized span with its fact
type. Condition B requires yq4,y. to contain
the same ordered fact types, exactly one differ-
ent value, exactly one different fact surface, and
M (yq) = M(y.). Punctuation, non-fact wording,
and all other fact surfaces must remain unchanged.
With P denoting verified parsing and valid inputs,
the post-check is

g, p3=d N P NAADB,
q4 = , @)
q3, otherwise.



(a) Crop verification

YOLO11n fixed - dev (n = 245)
Il Stage 1 M Stage 2 + crops

I 0.2076
Xt Fo s | 07158

it . . M 0.0944
Edit Fos — 0.0982
i+ N O.151
Composite e 01570
0.1 0.2 0.3
Local macro proxy

0.0

(b) Cached system progression
YOLO11s - conf. 0.50 - dev (n = 245)
V3+: one dev candidate switch
Frozen S2 NN 0.164134
V1 - LoRA I 0.223292
V2 - risk I 0.224264
v3 I 0.224264
V3+ - rank NN 0.225171
I Ojl 0j2 I
Local macro composite

0.0 0.3

V2 = V3 = V3+: LoRA holdout 0.208005 (conf .20, n = 214); no holdout changes.
Extra numeric guard: no additional changes or gain. These are local proxies, not official scores.

Figure 5: Two local dev comparisons with separate grounding setups. (a) Frozen Stage 1 versus evidence reinspec-
tion with fixed YOLO11n boxes. (b) Cached system progression through V3+ with YOLO11s confidence 0.50; the
frozen-to-LoRA step changes the output prompt as well as the adapter. The adapter-only control is Table 3. The

footer’s selection score uses grounding 0.20.

Here p3 = d means the original, unrepaired de-
fault route, not merely a text match. Parsing must
explicitly succeed at Stage 1; both Stage-2 outputs
must be non-fallback generations whose parsed
source/target fields equal the cache.

Equation 8 preserves every non-default V3 route
and ensures ¢+ € {g3,q.}. Selecting y. also se-
lects z. and E.; no candidate’s sentence is paired
with another candidate’s edits. These are structural
guarantees, not guarantees of semantic accuracy:
shared OCR errors and missing edits can survive
consensus. Output schema checks cover IDs, op-
eration types, nonempty text, integer coordinates,
and image bounds.

The replay verifies all original V3 per-sample
scores and aggregates with zero differences and
checks whole-record identity. The retained exper-
iment reports 31 passing synthetic boundary tests
covering parsing, invalid facts, extra rewrites, and
preservation of earlier routes. These implementa-
tion checks do not extend the empirical result be-
yond the single changed development example.

C Auxiliary Development Analyses

These development-only and post-submission di-
agnostics do not measure the scored archive.

C.1 Development-only textual context and
oracle boxes

An early configuration used public OCR disagree-
ment, a Pegasus target (Zhang et al., 2020) for pro-
posals and Stage-2 context, public source transcrip-
tion, and annotated character boxes. Neither tex-
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tual input was available to the submitted test run-
ner. Its proxy rose from 0.1561 at Stage 1 to 0.1637
after verification. These are auxiliary, not con-
trolled or main development results. Gold targets
and edit boxes are never used for test-time crop se-
lection.

C.2 Early direct-image adaptation

A one-epoch direct-image Qwen3-VL LoRA
trained 11.8M language-attention parameters
(0.265% of 4.45B), freezing the visual encoder
(Hu et al., 2022). On the same first 64 auxiliary-
dev examples, its evidence-pipeline proxy was
0.1586 versus frozen 0.1876. Training—inference
prompt mismatch is one possible explanation; the
adapter was discarded. The later adapter differs in
output prompt, trainable modules, and evaluation
setup, preventing attribution solely to format
matching.

C.3 Fixed-prediction confidence sweep

With fixed frozen-Qwen predictions and recon-
structed YOLO11s boxes, thresholds 0.45, 0.48,
0.50, and 0.52 all score 0.1641. Five-fold essay-
group selection chooses 0.50 throughout, with no
concatenated held-out gain. Retaining 0.50 does
not establish a threshold benefit for V3.

C.4 Detector-capacity probe

Post-submission YOLOI11n/s retrainings used
identical data and 30 epochs, yielding dev
mAP50.95 of 0.801/0.800. Frozen Qwen outputs
scored 0.1570/0.1641 with n/s localization. This



compares post-hoc retrainings, not an n-to-s
upgrade of the award system, which already used
s.

D Retained-Artifact Integrity Checks

The September 12 V3+ experiment preserves all
older archives and records hashes and predictions
for 245 dev and 214 holdout examples. Its official
hidden-test score is unknown; its local gain is not
attributed to older runs.

The retained August 29 candidate has 246
unique records, 245 edits, 85 empty edit lists,
nonempty targets, and valid in-image integer
boxes. Its timestamps predate upload, but
do not prove that its exact bytes were scored.
The September 11 reconstructed V3 archive
has 246 records and 252 edits with the same
schema checks. Both have one root member,
submission_sentence. json.

Hashes and the older frozen-pipeline audit are
in the companion supplement; that audit is not ev-
idence for V3+ accuracy.
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Abstract

Recent alignment-free Text-to-Speech (TTS)
models achieve high synthesis quality by re-
moving explicit alignment modules and simpli-
fying training. However, they often struggle
in cross-lingual scenarios due to differences in
character durations across languages, leading to
duration mismatch and degraded speech quality.
Existing approaches typically address this issue
using explicit duration predictors, increasing
model complexity. Systematic evaluation of
TTS performance for Indian languages in cross-
lingual settings remains under-explored due to
the lack of standardized evaluation benchmarks.
In this work, we construct a cross-lingual evalu-
ation benchmark covering English and nine In-
dian languages and propose a language-aware
inference-time duration estimation strategy for
alignment-free TTS that incorporates language-
specific duration-per character statistics with-
out retraining or architectural modifications.
We further develop heuristic formulations that
refine duration estimation based on language-
dependent duration variations. Experiments
on bilingual and multilingual A-DMA mod-
els demonstrate improved speech naturalness,
intelligibility, and speaker similarity while re-
ducing duration mismatch. !

1 Introduction

Text-to-Speech (TTS) systems have achieved sig-
nificant progress with the emergence of neural ar-
chitectures, enabling natural and expressive speech
synthesis. Recent alignment-free models such as
E2-TTS (Eskimez et al., 2024), F5-TTS (Chen
et al., 2025) and A-DMA (Choi et al., 2025), sim-
plify training by removing explicit alignment mod-
ules while maintaining high synthesis quality. Al-
though these models perform well when reference

“equal contribution

'The dataset and code recipe are available at: https:
//github.com/Cross-Lingual-TTS-for-Indian-Langu
ages/Cross-Lingual-TTS-Indic-Test-Set/
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and target speech is in the same language, they
often struggle in cross-lingual scenarios where ref-
erence and target languages differ. This happens
due to differences in writing systems, orthographic
characteristics, and language-specific duration-per
character variations across languages. Moreover, in
F5-TTS, duration estimation is based on the num-
ber of UTF-8 bytes obtained by encoding the input
text, rather than the actual number of characters.
Since characters from different writing systems
occupy different numbers of UTF-8 bytes and lan-
guages exhibit different duration-per-character pat-
terns, the estimated duration can become inaccu-
rate, leading to duration mismatch and degraded
synthesis quality.

To address these challenges, recent works have
explored various strategies to improve duration
modeling and generation quality in alignment-free
TTS. Cross-Lingual F5-TTS (Liu et al., 2026) re-
moves the dependency on reference transcripts
in flow-matching TTS and enables cross-lingual
voice cloning through forced alignment during
training. However, it introduces additional train-
ing complexity by requiring MMS-based align-
ment (Pratap et al., 2024) preprocessing and sep-
arately trained speaking-rate predictors, making
the overall pipeline more complex than standard
alignment-free TTS systems.

Another work, PFluxTTS (Pankov et al., 2026)
proposes a hybrid flow-matching framework
that combines a duration-guided model and an
alignment-free model through inference-time fu-
sion, improving the trade-off between alignment
stability and naturalness. However, it relies on
an explicit duration predictor, which reduces the
benefits of alignment-free TTS by reintroducing
duration modeling.

Most people in India are bilingual and frequently
switch between English and their regional lan-
guages during everyday conversations. Conse-
quently, cross-lingual TTS between English and
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Indian languages has become increasingly impor-
tant. These languages exhibit substantial differ-
ences in orthographic characteristics and character-
to-speech duration, making accurate duration es-
timation essential for stable cross-lingual speech
synthesis. Despite its practical importance, sys-
tematic evaluation of TTS performance for Indian
languages in cross-lingual settings remains under-
explored due to the lack of standardized evaluation
benchmarks and limited investigation of duration
adaptation strategies for alignment-free synthesis.

To address these limitations, we propose a cross-
lingual evaluation benchmark covering nine Indian
languages and English and introduce language-
aware inference-time duration estimation strategies
for alignment-free TTS. Our approach incorporates
language-specific duration-per character statistics
directly during inference without requiring retrain-
ing or additional model components. Specifically,
we design heuristic formulations that adjust the
estimated duration according to language-specific
duration-per-character statistics, enabling effective
cross-lingual duration adaptation.

This work makes the following contributions:

* We construct a cross-lingual evaluation bench-
mark covering nine Indian languages and En-
glish, evaluating two settings: (i) English Ref-
erence and Indic Generation, where English
reference speech is used to generate Indian
language speech and (ii) Indic Reference and
English Generation, where Indian language
reference speech is used to generate English
speech, to systematically analyze TTS perfor-
mance in cross-lingual scenarios.

* We train bilingual and multilingual A-DMA
models for Indian languages from scratch to
investigate their performance in cross-lingual
settings.”

* We propose inference-time language-aware
duration estimation strategies for alignment-
free TTS in cross-lingual settings, addressing
duration mismatch by incorporating language-
specific duration-per character information
into the generation process.

“Demo Samples: https://cross-lingual-tts-for-i
ndian-languages.github.io/Cross-Lingual-TTS-Dem
o/
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Language Duration No.of No. of Total
Indic+Eng (Hrs) Indic Utt. Eng Utt. Utt.

Kannada 2.00 540 588 1128
Telugu 2.00 531 588 1119
Tamil 2.00 591 588 1179
Hindi 1.35 171 588 759

Malayalam  2.00 554 588 1142
Punjabi 2.00 520 588 1108
Bengali 2.00 543 588 1131
Odia 2.00 532 588 1120
Marathi 2.00 531 588 1119

Table 1: Cross-lingual evaluation set statistics.

2 Methodology

2.1 Baselines

We adopt A-DMA (Choi et al., 2025) frame-
work for our experiments. It is based on the F5-
TTS (Chen et al., 2025) backbone and introduces a
training objective that combines conditional flow
matching with dual-modality text and speech rep-
resentation alignment losses to accelerate conver-
gence. We utilize self-supervised representations
(SSL) from the 21st layer of data2vec-AQC (Loda-
gala et al., 2023) to compute the speech-level align-
ment loss. The model is trained using the condi-
tional flow matching loss from F5-TTS as the pri-
mary generative objective. A Connectionist Tem-
poral Classification (CTC) based text alignment
loss (Graves et al., 2006) is applied at an intermedi-
ate layer to for early character-level alignment, and
a speech-level alignment loss is used at a later layer
to enforce alignment in the speech representation
space.

L= LCFM + Atextﬁtext + Aspeech['speecha

where Agext = 0.1 and Agpeech = 1.0. This com-
bined objective improves convergence and speech
synthesis quality.

2.2 Cross-lingual Evaluation Dataset

To test the cross-lingual generalization capability
of the A-DMA (Choi et al., 2025) model, we con-
structed a dedicated cross-lingual evaluation bench-
mark covering nine Indian languages and English.
In this setting, the reference speech and the text
being synthesized belong to different languages.
For each Indian-language and English pair in
the cross-lingual evaluation setting, we constructed
approximately two hours of evaluation data, allo-
cating one hour to (i) English Reference and Indic
Generation and one hour to (ii) Indic Reference and


https://cross-lingual-tts-for-indian-languages.github.io/Cross-Lingual-TTS-Demo/
https://cross-lingual-tts-for-indian-languages.github.io/Cross-Lingual-TTS-Demo/
https://cross-lingual-tts-for-indian-languages.github.io/Cross-Lingual-TTS-Demo/

English Generation. The Indian-language speech
was selected from the Rasa (Srinivasa Varadhan
etal., 2024) and IndicVoices-R (Sankar et al., 2024)
test splits, while the English speech was sampled
from the IndicTTS (Consortium et al., 2023) train-
ing split. >

We considered two cross-lingual evaluation sce-
narios: (i) Indian-language reference speech with
English generation text, and (ii) English reference
speech with Indian-language generation text. In
both scenarios, reference and target utterances were
randomly sampled subject to duration constraints
of 4-7 seconds and 4-10 seconds, respectively. De-
tailed statistics of the constructed benchmark, in-
cluding the total number of utterances for each
language pair, are provided in Table 1.

2.3 Model Setup

We trained the original A-DMA (Choi et al., 2025)
model for Indian languages in two settings: bilin-
gual and multilingual. For the bilingual setup,
each model was trained on one Indian language
combined with a 30-hour subset of Indian English
data (Consortium et al., 2023), while the multi-
lingual model was trained on 24 languages as de-
scribed in Section 3.1.

The bilingual model used the F5-TTS Small
architecture with 18 DiT layers (Peebles and
Xie, 2023), 12 attention heads, and 768-
dimensional embeddings, together with a 4-layer
ConvNeXtV2 (Woo et al., 2023) module with 512-
dimensional embeddings, totaling 159M parame-
ters. It was trained for 1.2M steps with 20k warmup
updates and an effective batch size of 0.75 hours.

The multilingual model used F5-TTS Base with
22 DiT layers (Peebles and Xie, 2023), 16 at-
tention heads, and 1024-dimensional embeddings,
along with a 4-layer ConvNeXtV2 (Woo et al.,
2023) module with 512-dimensional embeddings,
totaling 335.8M parameters. It was trained for
300k updates with 45k warmup updates and an
effective batch size of 2.09 hours. For both set-
tings, 100-channel mel spectrograms were ex-
tracted at a 24 kHz sampling rate with a hop size
of 256 samples. Waveform synthesis was per-
formed using the pre-trained Vocos vocoder (Siuz-
dak, 2024), and optimization was carried out using
AdamW (Loshchilov and Hutter, 2019) with a peak

3Indian English is available only in IndicTTS-v2, so we
take 500 utterances from its 250-hour training set as a held-out
set. Each language has only two speakers, and all speakers
also recorded Indian English.
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learning rate of 7.5 x 1075,

Language Indic Indic Indic Rasa Total
Voices-R  TTS-v2 TTS-v3 (Hrs)
Assamese 173.77 25.73 20.33 58.32  278.15
Bengali 110.20 20.09 20.63 56.76  207.68
Bodo 170.48 0 14.47 5231  237.26
Gujarati 4.50 26.49 18.34 25.39 74.71
Hindi 72.75 26.23 22.51 0 121.49
Kannada 43.22 22.32 11.54 54.62 131.70
Kashmiri 63.07 0 0 0 63.07
Konkani 49.33 0 11.00 26.33 86.66
Maithili 80.32 0 9.73 29.34  119.39
Malayalam 80.64 20.91 25.02 51.63 178.20
Manipuri 21.00 17.65 16.97 0 55.62
Marathi 48.73 22.37 22.78 5536  149.24
Nepali 104.31 0 7.24 55.09  166.64
Odia 69.32 19.19 22.41 4791 158.84
Punjabi 71.62 11.21 22.63 55.84  161.30
Sanskrit 33.25 0 22.31 51.47 107.03
Santali 72.76 0 0 0 72.76
Sindhi 9.03 0 14.53 0 23.56
Tamil 98.03 26.59 23.14 29.94  177.70
Telugu 134.86 36.71 23.67 5227  247.50
Urdu 76.36 0 0 0 76.36
Indian Eng. 0 251.09 0 0 251.09
Dogri 0 0 13.19 48.04 61.23
Rajasthani 0 20.39 20.92 0 41.31
Total 1587.55 546.97 363.36 750.62 3248.50

Table 2: Training dataset statistics across multilingual
speech corpora in hours.

2.4 Language-Aware Heuristic Duration
Estimation

2.4.1 Duration Estimation in Original F5-TTS

Alignment-free TTS models require predicting tar-
get speech duration prior to synthesis. A-DMA
uses the F5-TTS duration estimation formulation
defined as:

where D,y denotes the reference speech duration,
Lycy and Ly, represent the number of characters
in reference and generation text, which are con-
verted into UTF-8 byte encoding for duration esti-
mation, and s denotes the local speed factor, which
we set to 1.

While the standard F5-TTS formulation per-
forms well when reference and generated speech
share the same language, it computes text length
using UTF-8 byte-level encoding, which is not suit-
able for multilingual settings. In cross-lingual gen-
eration, this becomes problematic because Indian
languages typically require multiple bytes per char-
acter, whereas English characters generally require
a single byte. Consequently, byte-level length es-
timation leads to inconsistent scaling in duration
prediction across languages. Previous works have

Dref ) Lgen

Lref

)

DF5:Dref+ \‘ s



addressed this limitation by incorporating explicit
speaking-rate predictors (Liu et al., 2026) or dura-
tion predictors (Pankov et al., 2026), which require
modifications to the original F5-TTS architecture
and model training.

To overcome this issue, we reformulate Original
F5-TTS in a character-level space and report results
using this variant, referred to as Modified F5-TTS.
Additionally, we propose two language-aware dura-
tion modeling strategies, Heuristic-1 and Heuristic-
2, which incorporate duration-per character infor-
mation into the F5-TTS formulation through fusion
and additive interaction mechanisms, respectively.

2.4.2 Heuristic-1: Language-Aware Duration

Model
The heuristic (H1) extends the original F5 dura-
tion estimation by incorporating language-specific
duration-per-character statistics.

D L
re
+ /B(Dmd + Deng)

where « = 0.7 and 8 = 0.3 in all experiments.
The effect of varying « and 3 is analyzed in Sec-
tion 5.2. D5 denotes the duration estimated by
F5-TTS. Duration estimations for Indian languages
and English are computed as follows to capture
language-dependent duration variations:

d'?nd X Ci’VZd
S

eng X Ceng

d
eng
Dind = Deng =

s
3)
where D, denotes the reference speech dura-
tion, df, ;, d¢,,, denote the duration-per character
statistics for Indic languages and English, respec-
tively, Ce, g and Cj,q denote the number of English
and Indic characters in the generated text, and s
denotes the local speed factor, which we set to 1.
The language-specific duration-per character are
estimated from multilingual training corpora. For
each utterance, the duration-per character is com-

puted as:

dc _ Laudio _ Nsamples/H
Ctezt Cte:vt

where Nggmpies denotes the waveform length,
H denotes the hop length, and Cj.,; denotes the
text length in characters.

To obtain robust language-specific statistics,
duration-per-character values are aggregated across

4
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all speakers within each language using the corre-
sponding training corpus (Table 2). For example,
the Telugu statistic is computed from the Telugu
training corpus, and similarly for the remaining
languages. The language-specific average duration-
per-character is computed as:

Null
¢ = b Z D¢ 5)
ang Nutt P (2

where Ny denotes the number of utterances per
language.

Fig. 1 shows the utterance-level distribution of
duration-per-character values for all languages in
the training corpora. Although each language ex-
hibits natural variability due to differences in speak-
ers and speaking styles, we use the average duration
per character, dj,,, ., for each language in the pro-
posed heuristics. The resulting language-specific
average duration-per-character statistics are:

Indian English (9.6), Kannada (8.7), Telugu
(8.4), Tamil (7.0), Hindi (8.5), Malayalam (6.8),
Punjabi (10.1), Bengali (8.1), Odia (8.7), and
Marathi (9.8). This formulation combines the orig-
inal F5 duration estimate with language-aware du-
ration estimation to better handle cross-lingual syn-
thesis scenarios.
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Figure 1: Utterance-level duration-per character dis-
tributions for the multilingual training data. The red
dashed line indicates the average duration-per character

i, o) used in the proposed heuristics.



Original F5-TTS

Modified F5-TTS

Heuristic-1 Heuristic-2

Model
Kannada
GT 3338 - 3461 5883338 - 3461 588[33.38 - 3461 5.88[33.38 - 3461 588
Bilingual 109.56 0.630 3.070 57.07|26.98 0.613 3.435 4.87 (2691 0.615 3.459 4.79(27.85 0.619 3.468 5.23
Multilingual | 55.88 0.641 3.383 22222645 0.662 3.460 4.17|26.22 0.664 3475 4.16[25.15 0.667 3.495 391
Telugu
GT 21.06 - 3.119  3.07 [21.06 — 3119 3.07[21.06 - 3,119 3.07[21.06 - 3119 3.07
Bilingual 82.05 0.662 3249 48.02|20.68 0.653 3.575 3.49|21.15 0.656 3.590 3.66|23.00 0.658 3.592 5.33
Multilingual | 37.66 0.635 3.436 18.02|16.73 0.664 3.508 2.08|16.40 0.662 3.508 1.93|16.16 0.668 3.554 1.96
Tamil
GT 2539 - 3357 48712539 - 3357 4872539 - 3357 48712539 - 3357 487
Bilingual 105.57 0.630 2.728 52.20|25.17 0.626 3.387 5292391 0.624 3.390 4.88(26.49 0.627 3.388 6.01
Multilingual | 50.95 0.600 3.140 24.02|20.52 0.650 3.346 3.56|20.39 0.646 3.328 3.52|20.98 0.652 3.347 3.63
Hindi
GT 1440 - 2573 5211440 - 2573 5211440 - 2573 5211440 - 2.573 521
Bilingual 62.45 0.633 3.101 47.01[12.58 0.662 3.608 4.04|13.16 0.656 3.627 4.30|12.87 0.664 3.638 4.31
Multilingual | 26.70 0.666 3.435 17.05|11.80 0.679 3.555 3.61|11.66 0.680 3.566 3.42|11.71 0.685 3.585 3.49
Malayalam
GT 2589 - 3284 3872589 - 3284 387[25.89 - 3284 387[25.89 - 3284 387
Bilingual 121.85 0.579 2301 56.82|28.91 0.622 3.359 6.22(26.49 0.622 3403 5.03 (3142 0.624 3.377 17.73
Multilingual | 53.42 0.600 3.170 23.81|22.98 0.661 3.343 3.49|22.15 0.660 3.351 3.34 (2245 0.667 3.353 344
Punjabi
GT 1575 - 3337 4811575 - 3337 481[1575 - 3337 481[1575 - 3337 481
Bilingual 71.81 0.639 3.265 51.17(16.14 0.632 3.607 4.08 |17.12 0.639 3.620 5.69 [17.29 0.641 3.615 6.18
Multilingual | 31.65 0.674 3.475 17.62|15.53 0.681 3.592 4.44|1549 0.687 3.623 4.35|15.38 0.688 3.574 4.45
Bengali
GT 2478 - 3.062 648 12478 - 3.062 6482478 - 3.062 648712478 - 3.062 648
Bilingual 108.12 0.657 2990 70.10|24.23 0.633 3.546 4.95(24.20 0.634 3.590 6.66 [25.72 0.636 3.595 7.59
Multilingual | 46.78 0.668 3.494 21.57|26.54 0.692 3.578 7.21|26.60 0.688 3.427 7.07|26.92 0.699 3.584 7.13
Odia
GT 2352 - 3.131 4512352 - 3131 4512352 - 3.131 4512352 - 3131 451
Bilingual 79.53 0.676 3.399 49.29(27.51 0.646 3.513 5.83[27.83 0.649 3.531 5.83|28.29 0.653 3.542 6.16
Multilingual | 43.25 0.651 3.467 18.90|26.57 0.656 3.477 5.27|26.17 0.655 3.512 5.19(26.09 0.665 3.529 5.18
Marathi
GT 10.56 - 3366 2.08 [10.56 - 3366 2.08([10.56 - 3366 2.08[10.56 - 3366 2.08
Bilingual 74.51 0.596 2900 43.51[11.46 0.605 3.475 247[11.72 0.611 3.496 2.47|12.04 0.605 3.480 2.76
Multilingual | 30.76 0.637 3.449 15.44|10.58 0.657 3.501 2.08|10.74 0.661 3.528 2.00 [10.43 0.663 3.545 1.96

Table 3: Cross-lingual TTS evaluation (English Reference and Indic Generation) across Indian languages

2.4.3 Heuristic-2: Additive duration-per
character Guided Scaling

The second heuristic extends the original character-
based duration estimation by incorporating rela-
tive duration-per character differences between lan-
guages through an additive correction mechanism.
The target duration is computed as:

D dgen \ C.
Dy = Dref + Cref gen gen (6)
ref ref s

where D,..r denotes the reference speech duration,
Crep and Cye,, denote the number of characters in
the reference and generated text, and dy., ; and dg,.,,
denote the language-specific duration-per charac-
ter statistics corresponding to the reference and

target generation languages. %6; captures the

gC]en
dwc"e f
vides a relative duration adjustment that introduces
a language-dependent correction to per-character

scaling across languages.

reference duration-per-character, while

pro-
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3 Experimental Setup

3.1 Training Dataset

We follow the original A-DMA (Choi et al., 2025)
training setup and adapt it for Indian languages
in order to evaluate its multilingual performance.
The model was trained using four multilingual
speech corpora: IndicVoices-R (Sankar et al., 2024)
containing 1,587.5 hours of speech from 21 lan-
guages; IndicTTS V2 and V3 versions (Consortium
et al., 2023) containing 547 hours and 363.3 hours
of speech, respectively, covering 14 languages in
V2 and 20 languages in V3; and Rasa (Srinivasa
Varadhan et al., 2024) containing 750.6 hours of
speech across 16 languages. In total, the model was
trained on 24 languages, comprising approximately
3,248.5 hours of multilingual speech data. Detailed
per-language training hours are provided in Table 2.
The trained model are evaluated using the proposed
cross-lingual benchmark described in Section 2.2.

3.2 Evaluation Metrics

We evaluate synthesized speech using four objec-
tive metrics. Word Error Rate (WER) and Charac-
ter Error Rate (CER) are computed from ASR tran-



scriptions generated using Whisper-large-v3 (Rad-
ford et al., 2023) for English and IndicConformer-
600M (Al4Bharat, 2024) for Indian languages.
Speaker Similarity (SIM) evaluates speaker identity
preservation using WavLM-large-based speaker
embeddings (Chen et al.). UTMOS (Saeki et al.,
2022) measures speech naturalness via an objective
MOS prediction model.

4 Results

The trained bilingual and multilingual A-DMA
models are evaluated using the proposed bench-
mark under four duration strategies: Original F5-
TTS, Modified F5-TTS, Heuristic-1, and Heuristic-
2. We evaluate performance in two cross-lingual
settings: (i) Indic Reference and English Gen-
eration and (ii) English Reference and Indic
Generation. Although recent methods such as
Cross-Lingual F5-TTS (Liu et al., 2026) and
PFluxTTS (Pankov et al., 2026) have proposed al-
ternative duration modeling strategies, their official
implementations were not publicly available at the
time of our experiments. Consequently, we com-
pare our proposed methods against the publicly
available A-DMA baseline.

4.1 English Reference and Indic Generation

Table 3 presents cross-lingual results for English
reference and Indian-language speech generation.
The original F5-TTS exhibits severe degradation in
cross-lingual settings, primarily due to byte-level
text length estimation, which leads to incorrect
duration scaling and high WER/CER across all lan-
guages. For instance, in Kannada, the bilingual
model yields a WER/CER of 109.56/57.07, while
the multilingual model also exhibits degraded per-
formance, with a WER/CER of 55.88/22.22.

The Modified F5-TTS substantially reduces
these errors across all languages by correcting text-
length estimation, resulting in large relative im-
provements in both WER and CER. In Kannada,
the multilingual model achieves relative reductions
of 52.7%/81.2% in WER/CER compared to the
Original F5-TTS, indicating better linguistic align-
ment. Further, Heuristic-1 and Heuristic-2 for the
multilingual model, provide relative WER/CER re-
ductions of 0.9%/0.2% and 4.9%/6.2% over the
Modified F5-TTS, respectively, while UTMOS in-
creases from 3.460 to 3.475 and 3.495. Similar
trends are observed across all languages.
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4.2 Indic Reference and English Generation

Table 4 reports results for the reverse direction. The
original F5-TTS again shows high error rates. For
Kannada, the bilingual model yields a WER/CER
of 57.01/52.16, while the multilingual model re-
duces these to 49.66/44.33, respectively.

The Modified F5-TTS significantly improves
cross-lingual robustness across all languages. In
Kannada, the multilingual and bilingual mod-
els achieves relative reductions of 93.2%/97.6%
and 91.6%/96.1% in WER/CER over the Origi-
nal F5-TTS. Further, Heuristic-1 and Heuristic-
2 for the multilingual model, provide additional
improvements over the Modified F5-TTS, achiev-
ing WER/CER reductions of 5.4%/6.6% and
3.0%/4.7%, respectively. SIM remains comparable,
while UTMOS shows slight improvement. Similar
trends are observed across all languages. Over-
all, all proposed duration strategies operate within
a similar performance range, showing stable im-
provements across Indian languages.

Compared to bilingual models, multilingual
models generally achieve lower WER and CER
across most languages, indicating improved robust-
ness due to exposure to diverse scripts and duration-
per character variations during training.
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Figure 2: Comparison of ground-truth (GT) and predicted
durations for English reference and Tamil speech generation.

S Further Analysis

5.1 Qualitative Analysis

Fig. 2 and Fig. 3 show the predicted and ground-
truth (GT) duration distributions on our benchmark
for two cross-lingual settings: (i) English refer-
ence and Tamil speech generation and (ii) Tamil
reference and English speech generation. GT du-
rations correspond to natural multi-speaker utter-



Model Original F5-TTS Modified F5-TTS Heuristic-1 Heuristic-2
WER SIM UTMOS CER [WER SIM UTMOS CER[WER SIM UTMOS CER|[WER SIM UTMOS CER
Kannada
GT 354 - 4248 133354 - 4248 133[354 - 4248 133[354 - 4248 133
Bilingual 57.01 0.630 3.613 52.16| 4.78 0.697 3.756 2.02|4.09 0.700 3.767 1.45|4.08 0.700 3.776 1.67
Multilingual |49.66 0.609 3.573 44.33| 3.36 0.707 3.710 1.06| 3.18 0.708 3.704 0.99| 3.26 0.708 3.689 1.01
Telugu
GT 354 - 4248 133 [354 - 4248 133]3.54 - 4248 133]354 - 4248 1.33
Bilingual 52.09 0.626 3.181 47.81|3.86 0.722 3.414 1.53|3.60 0.720 3.374 1.24|3.74 0.724 3408 145
Multilingual [45.64 0.628 3.254 41.46| 3.65 0.721 3.289 1.20|3.73 0.724 3293 1.18| 3.50 0.725 3.257 1.25
Tamil
GT 354 - 4248 133 [354 - 4248 133]354 - 4248 133]354 - 4248 1.33
Bilingual 60.46 0.583 3.564 54.95|5.66 0.685 3.750 2.66|4.11 0.689 3.797 1.64| 433 0.694 3.783 1.62
Multilingual [ 56.75 0.602 3.440 50.59| 4.11 0.701 3.636 1.51|3.49 0.708 3.635 1.14|3.35 0.706 3.635 1.14
Hindi
GT 354 - 4248 133354 - 4248 133[354 - 4248 1.33[354 - 4248 133
Bilingual 50.86 0.491 3.137 4544|722 0569 3.172 372|589 0576 3.188 2.66|6.09 0578 3.137 2.76
Multilingual |41.52 0.564 3.061 3534|497 0.640 3.139 193|491 0.639 3.110 2.00|4.70 0.639 3.100 1.89
Malayalam
GT 354 - 4248 133354 - 4248 133[1354 - 4248 133[354 - 4248 133
Bilingual 60.60 0.571 3.400 54.14| 791 0.690 3.590 291 |4.67 0.699 3.624 2.11]|5.65 0.699 3.618 2.58
Multilingual | 56.55 0.589 3.436 50.85| 4.84 0.704 3.617 2.23|4.04 0.708 3.633 1.56| 4.68 0.708 3.628 1.97
Punjabi
GT 354 - 4248 133354 - 4248 133[354 - 4248 133[354 - 4248 133
Bilingual 49.27 0.599 3.400 44.57|4.57 0.690 3.438 1.80|4.32 0.692 3.440 1.83|4.76 0.692 3426 2.15
Multilingual | 39.30 0.646 3.365 33.91|3.72 0.725 3.380 1.55|3.71 0.727 3425 133]|3.61 0.727 3411 131
Bengali
GT 354 - 4248 133 [354 - 4248 133]3.54 - 4248 133]354 - 4248 1.33
Bilingual 5298 0.571 3.407 4831|4.19 0.661 3.444 1.68|4.15 0.663 3407 181|445 0.663 3462 2.15
Multilingual [47.22 0.595 3.324 42.60| 4.14 0.687 3.325 1.54|4.19 0.687 3.315 1.51|4.06 0.687 3282 1.42
Odia
GT 354 - 4248 133 [354 - 4248 133]354 - 4248 133]354 - 4248 1.33
Bilingual 50.99 0.599 3.151 4584|529 0.687 3.277 232|515 0.689 3.288 2.17|5.23 0.699 3.287 2.39
Multilingual [46.57 0.606 3.243 41.51| 4.17 0.691 3.317 150|393 0.708 3.634 144|392 0.695 3314 144
Marathi
GT 354 - 4248 133354 - 4248 133[354 - 4248 133[354 - 4248 1.33
Bilingual 49.27 0.566 3.382 4498|435 0.676 3.423 1.71|4.19 0.681 3.431 1.69| 444 0.680 3.419 1.68
Multilingual |42.28 0.603 3.324 37.96| 3.16 0.699 3.397 1.10| 3.04 0.700 3.415 0.92]3.20 0.701 3.404 0.94

Table 4: Cross-lingual TTS evaluation (Indic Reference and English Generation) across Indian languages

ances, while generated speech is conditioned on a
reference utterance. Since GT and generated sam-
ples are not speaker-aligned, we compare duration
distributions instead of absolute differences. The
original F5-TTS underestimates durations relative
to GT due to byte-level UTF-8 encoding. The mod-
ified F5-TTS alleviates this issue by switching to
character-level encoding; however, it still underes-
timates durations, resulting in speech that sounds
too fast in setting (ii). Meanwhile, the proposed
Heuristic-1 and Heuristic-2 methods produce du-
rations that align better with the GT distribution
in both settings. This indicates that incorporating
language-specific duration-per character statistics
during inference improves cross-lingual duration
modeling and yields better alignment with ground-
truth.

5.2 Effect of « : 5 ratio in Heuristic-1

To investigate the sensitivity of Heuristic-1 to the
interpolation coefficients o and 3, we evaluate
three ratio configurations: 6:4, 7:3, and 8:2 us-
ing the multilingual model across Telugu, Hindi,
and Kannada in both cross-lingual settings. As
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Figure 3: Comparison of ground-truth (GT) and predicted
durations for Tamil reference and English speech generation.

shown in Table 5, the performance remains similar
across ratio configurations, with minor improve-
ments. For Telugu in the (i) English Reference
and Indic Generation setting, the 7:3 ratio achieves
the best WER/CER of 16.40/1.93, with relative im-
provements of 2.1%/2.5% over 6:4 and 0.2%/5.9%
over 8:2, while SIM remains nearly unchanged.

In the reverse setting, (ii) Indic Reference and
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Telugu
GT 21.06 - 3.119 3.07 3.54 - 4248 1.33
6:4 16.75 0.661 3.243 1.98 3.21  0.725 3.379 1.03
7:3 1640 0.662 3.508 1.93 373 0.724 3.293 1.18
8:2 16.43 0.662 3.243 2.05 349 0.723 3.379 1.21
Hindi
GT 14.40 - 2.573 5.21 3.54 - 4248 [.33
6:4 11.72  0.678 3.608 3.48 441  0.642 3.172 1.71
7:3 11.66  0.680 3.566 3.42 491  0.639 3.110 2.00
8:2 11.70  0.676 3.608 3.46 479  0.642 3.172 1.75
Kannada
GT 33.38 - 3.461 5.88 3.54 - 4248 1.33
6:4 25.70  0.660 3.435 4.00 3.20 0.708 3.756 0.97
7:3 26.22 0.664 3.475 4.16 3.18 0.708 3.704 0.99
8:2 26.04  0.660 3.435 4.12 3.19  0.709 3.756 1.00

Table 5: Heuristic-1 based cross-lingual TTS performance across « : 3 duration ratios.

English Generation, the 6:4 ratio performs slightly
better in some cases. Overall, the optimal ratio
varies slightly with the language pair and direction,
and we recommend experimenting with different
values. We adopt a = 0.7 and 5 = 0.3 for all
experiments to ensure fair comparisons.

6 Conclusion

We propose a cross-lingual evaluation bench-
mark and language-aware duration strategies for
alignment-free TTS. Our approach introduces Mod-
ified F5 for improved duration estimation and
two language-aware duration prediction methods,
Heuristic-1 and Heuristic-2, which incorporate
language-specific duration-per character statistics.
Extensive experiments on both bilingual and mul-
tilingual models, evaluated across nine Indian lan-
guages and two cross-lingual directions, show that
the proposed heuristic methods consistently im-
prove duration alignment. Qualitative analysis fur-
ther highlights the importance of language-aware
duration modeling for robust multilingual speech
synthesis.

7 Limitations

Our approach has a few limitations that we plan to
address in future work. The proposed duration esti-
mation relies on language-level average duration-
per character rates and modifies the inference pro-
cess without retraining; therefore, it does not ex-
plicitly account for speaker- or utterance-level vari-
ations in speaking style and prosody. In addition,
our evaluation covers nine Indian languages and
English, focusing on English to Indic and Indic to
English cross-lingual directions. As future work,
we plan to extend the evaluation to Indic to Indic
language pairs to investigate broader cross-lingual
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generalization. Finally, the proposed duration ad-
justments are heuristic rather than learned, and our
comparison is primarily with the publicly avail-
able alignment-free TTS such as A-DMA/F5-TTS
baselines, as implementations of some recent cross-
lingual TTS methods were unavailable during our
experiments.
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Abstract

Multimodal large language models are increas-
ingly described as tutors for language learn-
ing: they take a handwritten page, a spoken
utterance, or a slide and return fluent target-
language text. We argue that this descrip-
tion confuses a correction engine with a teach-
ing intervention. For systems claiming to
teach through corrective feedback, we propose
a teachable edit: localized on the learner’s
production, typed by error category, conser-
vative with respect to the learner’s interlan-
guage, and accompanied either by a faithful,
level-appropriate explanation or by a recorded,
calibrated abstention. Fluency of a rewrit-
ten string is the wrong success criterion. Ex-
isting explainable and pedagogically targeted
grammatical error correction (GEC) work al-
ready supplies evidence words, error types, and
grammar-item evaluation on text. What re-
mains underspecified is a single record that
also localizes into a multimodal artifact, scores
conservatism and explanation-to-edit faithful-
ness, and requires calibrated abstention. We il-
lustrate the specification on Chinese and Ara-
bic examples, using the latter to show how
language-specific error categories and right-to-
left script affect localization while leaving the
functional structure of the record unchanged.
We state that record, compare it with EXPECT,
EXCGEC, and JELV, and separate correction
correctness from feedback quality and from
learning outcomes. The correction, localiza-
tion, and reference-based estimates of conser-
vatism can be measured on existing bench-
marks; the explanation, level, and abstention
fields need a small annotation pass, which we
specify and do not run.

1 Introduction

Surveys of multimodal LLMs in education already
describe these models as supporting “personalized
learning paths” and language acquisition (Xing
et al., 2024; Yin et al., 2024). The typical demon-
stration is straightforward. The user uploads a
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handwritten sentence; the model returns a fluent
target-language string. This output is then pre-
sented as tutoring. It is not.

Consider a schematic page from a Chinese
as Foreign Language (CFL) course whose in-
tended meaning is “I have a teacher,” written
BE—NEM Wo you yi gé ldoshi where the
task asked for the polite form B —(7ZIl Wo
you yi wei ldoshi. A correction engine emits
A —NEI Wo you yi weéi ldoshi and stops. A
teaching move would instead point at the classifier
slot on the page, name the register contrast, leave
the rest of the sentence alone, and either explain
that contrast or abstain. The first output can look
like a tutor in a product screenshot. It is a rewrite,
not a lesson.

The distinction is not specific to Chinese.
A learner of Modern Standard Arabic writes
agize adlll  (al-taliba mujtahid), “the female
student is diligent,” where the target is sagize ddll
(al-taliba mujtahida). A correction engine can
return the corrected sentence and stop. A teach-
able edit points to the adjective sgi=. mujtahid,
types the problem as gender agreement, adds the
feminine ending, and explains that the predicate
adjective must agree with the feminine subject
aJWII al-taliba, leaving the rest of the sentence
untouched. If the handwritten final character
is visually ambiguous, the system coarsens the
pointer to the whole adjective or abstains rather
than presenting a recognition error as learner
feedback. This Arabic example is constructed for
illustration and is not drawn from a visual Arabic
GEC benchmark.

Second-language writing research distinguishes
direct correction, indirect marking, and metalin-
guistic explanation (Ellis, 2009; Ferris, 2002;
Bitchener and Storch, 2016). Educational NLP
has largely optimized the cleaned draft or the
reference-matching edit set (Bryantetal., 2023; Ng
et al., 2014; Bryant et al., 2017). Visual CGEC
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makes the same move on images (Wang et al.,
2025).
This paper takes three linked positions.

Claim A (capability is not instruction). Show-
ing that a model can read a page and emit a correct
sentence does not show that it can teach. Gener-
ation quality and instructional validity come apart
(Caines et al., 2023).

Claim B (rewrites are not lessons). Full-
sentence generation obscures what the learner al-
ready knows (Selinker, 1972). A system that can-
not show selective feedback fails low-proficiency
learners: they cannot see which forms were already
usable and which form was the lesson.

Claim C (explanation is a first-class output).
The rationale is part of the intervention. A fluent
wrong rule is worse than marking a span and stop-
ping (Ellis, 2009; Fei et al., 2023).

We take VisCGEC as the main public visual
CGEC benchmark built on CFL handwriting and
explicitly framed for language learners (Wang
et al., 2025). If that setting adopts a teachable-edit
record, downstream visual GEC papers are likely
to follow. The argument is stated so it can transfer
to speech and slides; we do not treat those modal-
ities as already solved.

If VisCGEC-style shared tasks were to report a
teachable-edit record, downstream systems would
have a reason to emit these fields; we have no evi-
dence of uptake and claim none.

Two clarifications follow. First, standard
M2/ERRANT F; is an edit-level metric against
reference edits, not a raw string match (Bryant
etal., 2017,2019). Agreement with reference edits
does not measure pedagogical appropriateness, ex-
planation faithfulness, proficiency alignment, lo-
calization to a multimodal artifact, or learner up-
take. Second, text-only explainable GEC already
exists. Section 2 states what we add.

2 Related work: what is already specified

Explainable GEC. EXPECT annotates evi-
dence words and grammatical error types, and
evaluates whether explanations help second-
language learners accept suggestions and under-
stand rules (Fei et al., 2023). EXGEC/EXCGEC
extend this for Chinese: edit-wise explanations
pair each correction with an error type and
free-text description. Their findings show that
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explaining affer committing the correction out-
performs explaining beforehand, and explicit
edit extraction improves explanation faithfulness
(Ye et al., 2025). Both systems implement parts
of Claims B and C on tokenized text. Neither
requires a pointer into a handwritten page, speech
span, or slide region; neither scores conser-
vatism as a first-class property; and neither treats
calibrated abstention as a required field of one
output record. The natural integration is to keep
EXCGEC'’s edit-wise explanation framework and
add localization plus abstention.

Arabic provides a complementary, text-based
case. The QALB shared task established large-
scale correction evaluation for Modern Standard
Arabic (Mohit et al., 2014). ARETA performs au-
tomatic Arabic error type annotation over a taxon-
omy adapted from the Arabic Learner Corpus, de-
signed around morphological richness and ortho-
graphic ambiguity (Belkebir and Habash, 2021).
Nahw evaluates Arabic grammatical error detec-
tion, correction, and explanation jointly (Mubarak
et al., 2026). These resources establish correction,
error typing, and explanation as active Arabic tar-
gets. None of them provides pointers into hand-
written artifacts, recognition-aware pseudo-error
reporting, or the joint record proposed here. Ara-
bic therefore tests whether the teachable-edit spec-
ification can hold a shared functional layer fixed
while accommodating language-specific morphol-
ogy, orthography, and script direction.

Proficiency-aligned evaluation. CTSEG evalu-
ates GEC with CEFR-linked grammar-item min-
imal pairs (Koyama et al., 2025). Current mod-
els are much stronger on beginner items than on
intermediate and advanced ones. Aggregate cor-
rection scores therefore hide instructional mis-
match. CTSEG remains text-only and does not
evaluate explanations; extending it to multimodal
or explanation-aware settings would require addi-
tional annotation and design work.

Minimal edits, fluency edits, and LLM instruc-
tions. Annotation schemes already split mini-
mal correction from fluency rewriting. JFLEG is
fluency-oriented (Napoles et al., 2017); CoNLL-
style and many BEA references aim at more
local repairs (Ng et al.,, 2014; Bryant et al.,
2019). MultiGEC-2025 separates a minimal-
edit track from a fluency track (Masciolini et al.,
2025). Recent work analyzes how instruction-
following LLMs change behavior across editing



EXPECT EXCGEC JELV Ours

Edit-wise type yes yes n/a yes
Free-text expl. limited yes no yes
Edit-validity test no no yes yes
Pointer to artifact no no no yes
Scored abstention no no no yes
Split eval. targets no no no yes

Table 1: Closest prior instruments are text-only or
validity-only. The specification is the joint record.
“Limited” for EXPECT means evidence words plus
an error type rather than a natural-language rationale.
“Split eval. targets” means separate measurement of
four items: correction correctness, feedback quality
(pointer, type, conservatism, explanation, abstention),
immediate uptake, and learning outcomes; EXPECT al-
ready includes correction and learner-facing evaluation,
while EXCGEC reports separate edit and explanation
measures that map to two of the four.

modes (Tirker and Eryigit, 2026). Sequence-
to-edit taggers already expose an edit inventory
(Omelianchuk et al., 2020). JELV judges whether
an individual edit is valid on grammaticality, faith-
fulness, and fluency, and can reclassify over-
corrections that F 5 treats as false positives (Zhan
etal.,2026). Thatis aready instrument for the con-
servatism field. The remaining gap is that multi-
modal learning papers still present a fluent hypoth-
esis as the educational object.

What we claim is new. The proposed specifica-
tion adds five jointly required properties: (i) lo-
calization into the original multimodal artifact;
(i1) conservatism as an evaluated property, not only
a prompting style; (iii) faithfulness of the explana-
tion to the proposed edit; (iv) calibrated abstention;
(v) reporting these fields in one record, so feed-
back quality can be scored separately from correc-
tion correctness and from uptake. Table 1 places
those properties against the closest prior systems.

3 Multimodal models are not tutors by
default

A tutor locates a problem in the learner’s produc-
tion; chooses a feedback strategy matched to pro-
ficiency and goal (Ellis, 2009; Lyster and Ranta,
1997); leaves intact what is already successful;
and supports uptake. None of these is implied by
image-to-text or speech-to-text generation.
Surveys of multimodal LLMs emphasize archi-
tecture, alignment, and benchmarks (Yin et al.,
2024). Surveys of MLLMs in education emphasize
engagement and content generation (Xing et al.,
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2024). Work on LLMs for language assessment is
more cautious: generation can improve while grad-
ing and error-correction validity do not automati-
cally follow (Caines et al., 2023). Unless a paper
specifies a learning construct (accuracy on a treat-
able form, uptake of a feedback move, reduction of
a recurring L1-transfer error), it should not claim
tutoring capability.

Pretraining, supervised instruction tuning, and
preference optimization all change model behav-
ior. None of those stages is a substitute for an ex-
plicit instructional objective.

VisCGEC contains 2,451 images of CFL hand-
writing with expert correction texts (Wang et al.,
2025). It is the main public visual CGEC bench-
mark built on CFL handwriting, which is why
we treat it as the place to set a reporting stan-
dard. Reported two-stage systems combine OCR
or CLIP-based recognition with GECToR-style ed-
itors, sequence-to-sequence correctors, or fine-
tuned LLMs. OCR followed by fine-tuned Qwen
achieves 28.59 character-level correction Fy 5 and
the highest sentence-level correction Fys, 15.85,
among the reported baselines. That is a capability
result on a hard visual task, not a learning result.
A stronger future system that emitted only polished
strings would still be a correction engine unless its
output implemented a teaching move.

4 Rewrites are not lessons

Written corrective feedback research distinguishes
direct correction, indirect marking, and met-
alinguistic comment (Ellis, 2009; Bitchener and
Storch, 2016), and focused versus comprehen-
sive scope (Ferris, 2002; Lee, 2019). Findings
on which strategy wins are mixed (Bitchener and
Knoch, 2008). The underspecified prior is that the
form of the feedback is part of the treatment.

Full-sentence generation obscures what the
learner already knows. The convenient object is a
fluent hypothesis; the pedagogical cost is that suc-
cessful interlanguage disappears into the rewrite
(Selinker, 1972). Low-proficiency learners need
selective feedback: one treatable form marked, the
rest left standing so it can be reused (Lee, 2019;
Ferris, 2002). A system that only returns a polished
sentence cannot offer that view. Edit extraction
can be applied after the fact (Bryant et al., 2017);
the default object exposed to the learner is still the
rewrite.



Over-correction and reference design. Some
GEC references are local repairs; JFLEG au-
thorizes fluency rewriting toward native-like text
(Napoles et al., 2017; Bryant et al., 2023). LLM
GEC often drifts toward the fluency pole unless
constrained (Davis et al., 2024; Staruch et al.,
2025; Tiirker and Eryigit, 2026). A model re-
warded for matching a fluency reference will
change grammatical but non-native wording. In-
terlanguage is evidence (Selinker, 1972), not noise.

Unfocused feedback. A CFL page may contain
a lookalike character, an L.1-calqued particle, and
a discourse inconsistency. Comprehensive correc-
tion of every deviation in one pass is a strategy
writing researchers often advise against for lower-
proficiency learners (Lee, 2019). Focus is a teach-
ing decision. Standard benchmark outputs and of-
ficial metrics do not require a system to declare that
decision.

Loss of the page. In visual GEC the learner’s ob-
ject is the image. Recognition-first pipelines re-
duce the page to a token sequence, so layout, vis-
ible revisions, or character formation never reach
the correction stage. Wang et al. (2025) document
recognition error as a major pipeline failure; they
do not isolate those visual factors. An edit that can-
not be found on the page is not feedback the learner
can apply.

The default research target for multimodal learn-
ing tools should therefore be conservative, typed,
localized edits. Conservative: change only what is
erroneous relative to a stated goal. Typed: attach a
category a learner or teacher can act on. Localized:
point at a span, timestamp, or box on the original
production. Direct correction of a treatable form,
with the rest left alone, still satisfies this target.

5 Explanation is a first-class output

Ellis treats metalinguistic feedback as a distinct op-
tion (Ellis, 2009). EXPECT shows that evidence
words plus error type can help learners decide
whether to accept a suggestion (Fei et al., 2023).
Generated rationales introduce a further failure:
models invent grammatical stories that sound ex-
pert (Fei et al., 2023; Caines et al., 2023).
Consider  the  classifier  contrast in
—(EIW yiwei ldoshi  versus — PEIT yi
gé ldoshi, both meaning “a teacher” in standard
Chinese. Either classifier can count people, but
they differ in register: the first is the polite form,
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Field Example Evaluation

Pointer box over the box IoU sweep /
classifier slot on the  span F;; coarsening
page rate

Edit N (context: edit P/R;
TE—NEII pseudo-error rate
have a teacher
%
BT — LI po-
lite)

Error type classifier / register type accuracy (k)

Target form

—RrE

vi wéi ldosht

match to references

Explanation  the polite classifier  see faithfulness row
{37 matches the
formal task
requirement
Faithfulness  covers this edit / 3-way rating; span
related / unrelated grounding
Factuality correct rule / 3-way rating;
invented / abstained  entailment
Level elementary band lexical band;
teacher rating
Abstention no rule if type coverage-risk;
unknown teacher-anchored
Conservatism no other tokens unnecessary-edit
changed rate; budget

Table 2: Teachable-edit record. The Chinese example
is illustrative, not an item from VisCGEC.

while the second is grammatical in many contexts
and less formal. A useful explanation names that
register choice and points at the classifier slot.
A harmful explanation invents a rule such as
“— NEW yi gé ldoshi is impossible, because that
classifier cannot be used for people.” Faithfulness
fails when the explanation describes a different
phenomenon than the edit.

Explanation should therefore be constrained: it
must describe the edit actually proposed; it must
match the intended proficiency level (Koyama
et al., 2025); and the system must be allowed to
withhold a rule rather than fabricate one.

6 An output specification and four
evaluation targets

Table 2 states a teachable-edit record. The exam-
ple is schematic: a handwritten CFL sentence in-
tended as “I have a teacher,” written with the gen-
eral classifier where the task asked for the polite
form.

The specification is compatible with ERRANT-
style types (Bryant et al., 2017), EXPECT evi-
dence (Fei et al., 2023), EXCGEC edit-wise de-
scriptions (Ye et al., 2025), sequence-to-edit tags
(Omelianchuk et al., 2020), and CEFR item labels



Field Arabic instantiation

Pointer adjective span agi=s and its
final-character boundary

Source agize adlld)

Edit insert feminine suffix: agiz=. — 8agize

Surface type Arabic gender agreement

Functional type form agreement

Explanation the predicate adjective agrees with the
feminine subject aJlLy)

Abstention withhold if the final handwritten
character is uncertain

Conservatism  no other source word changed

Table 3: Arabic instantiation of the teachable-edit

record. The example is constructed to illustrate Mod-
ern Standard Arabic gender agreement; it is not drawn
from a visual Arabic GEC benchmark.

(Koyama et al., 2025). The missing piece is refus-
ing to collapse the record into one fluent hypothesis
before scoring.

6.1 Operational measures

The record can be started without new data, but not
finished without it: the correction and localization
fields can be retrofitted onto existing benchmarks.
Conservatism can be evaluated using reference
and validity judgments available now; teacher-
validated pedagogical conservatism (determining
whether the edit aligns with lesson goals for that
learner) requires additional annotation. The expla-
nation, level, and abstention fields need a small an-
notation pass, which Section 8 specifies and does
not run.

Conservatism. Report three quantities because
they fail differently. Edit rate is descriptive: a high
rate on a heavily erroneous page is correct behav-
ior, not overcorrection. Unnecessary-edit rate is
the share of edits that neither match a reference
nor survive validity checking; only genuine over-
corrections count against conservatism. Budget
compliance is the share of records respecting a de-
clared feedback budget: the number of edits the
system will surface for this learner at this level.

Faithfulness and factuality. Three checks re-
place proxy overlap with gold rationales, which
correlates poorly with human usefulness (Schuff
et al.,, 2022). Span grounding: every form the
explanation cites must lie inside the pointer span
or declared evidence tokens. Entailment: the
explanation must justify the proposed edit using
the source context, target form, and declared task
goal. Counterfactual sensitivity: changing the tar-
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get to instantiate a different linguistic phenomenon
should change the corresponding explanation.

Abstention. Score abstention as selective pre-
diction: a coverage-risk curve over edit-level confi-
dence, the area under it, and calibration error (Guo
etal.,2017). Two reporting points matter pedagog-
ically. Teacher-anchored selective risk takes the
error indicator from teacher judgment rather than
reference match. Abstention appropriateness is the
share of withheld cases a teacher agrees should
have been withheld.

Types and levels. The type field carries two lay-
ers because no single scheme is both language-
faithful and portable. = The surface layer is
language-specific and adopts whatever is estab-
lished (ERRANT for space-delimited orthogra-
phies, character-level annotation for Chinese). The
functional layer is a small closed set: form agree-
ment, argument structure, selection and colloca-
tion, orthography and character formation, cohe-
sion, and pragmatic appropriateness. Only the
functional layer is claimed to transfer. Proficiency
labels stay inside one framework per item (HSK or
CEFR), not forced mappings, and bind the expla-
nation on two computable axes: the share of ex-
planation tokens inside the level’s vocabulary, and
the count of grammatical terms outside its declared
metalanguage. Inter-rater agreement on types is
measured with x (Cohen, 1960).

6.2 Localization under recognition noise

The pointer is the specification’s load-bearing mul-
timodal commitment and the field most exposed to
recognition error. Where a transcript exists and is
aligned to the artifact, report span F;; where the
pointer is a region, report intersection over union
against annotated boxes at several thresholds.
Uncertainty has to propagate rather than van-
ish. Distinguish recognition confidence (the recog-
nizer’s confidence over the spanned units) from ge-
ometric localization confidence (reliability of the
region coordinates themselves). The specification
imposes a two-stage gate applied in order: if recog-
nition confidence falls below a declared threshold,
the system abstains entirely. Otherwise, if fine-
grained geometric localization confidence falls be-
low its threshold, the system coarsens the pointer
to the enclosing unit and records that change.
Arabic exposes a localization problem that Chi-
nese hides. Arabic text is stored in Unicode logical
order but displayed right to left, while an artifact



pointer is geometric image coordinates. A record
must therefore keep text-span order and image-
coordinate order distinct, and state the script di-
rection explicitly. For Arabic handwriting a word-
level region is often more reliable than independent
character boxes.

Recognition failure also manufactures errors the
learner did not make. These belong in a distinct
pseudo-error rate rather than absorbed into pre-
cision. Spoken GEC already treats removal of
transcription-induced edits as a precondition for
usable feedback (Qian et al., 2025); the visual case
has the same structure.

6.3 Retrofitting the specification

Nothing in the record requires new architecture.
A team with a published visual CGEC pipeline
can emit teachable-edit records by building on ex-
isting components: retain recognizer confidences
and box coordinates; keep the corrector, but align
source and hypothesis afterward to recover an ex-
plicit edit set; filter that set with a validity judge;
explain each surviving edit; finally, project each
edit back onto coordinates and apply the gate. Ex-
isting components support several steps, but their
integration, multimodal projection, and calibra-
tion require additional engineering. The barrier to
teachable edits is partly engineering, partly a re-
porting convention.

7 The same specification on speech

Writing and speech are both classroom artifacts.
The specification does not change across modali-
ties; the pointer does.

Speech. A learner says an English past-tense
form as a bare stem. A correction engine re-
turns a fluent transcript with the -ed supplied and
no timestamp. A teachable edit marks the span,
types the error as tense, leaves the rest of the ut-
terance, and either names the regular past or ab-
stains when ASR confidence is low. Spoken GEC
already treats removal of transcription-induced ed-
its as a precondition for usable feedback, which is
the pseudo-error requirement under another name.

Cross-script transfer. The Chinese and Ara-
bic examples share the record structure but not
the surface analysis. Chinese permits fairly di-
rect character-box localization; connected Arabic
handwriting may require word-level regions and
boundary anchors. These differences are not noise
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for a universal taxonomy to remove. They live in
the language-specific surface layer while the record
continues to require a pointer, an edit, a type, an
explanation or an abstention, a declared level, and
a conservatism decision.

Shared failure. In both modalities the attractive
demo is end-to-end fluency. In both the miss-
ing object is a pointer the learner can use without
rereading a polished string.

Four evaluation targets should be reported sep-
arately.

Correction correctness. Does the proposed edit
match a reference repair? M2/ERRANT Fy 5 is ap-
propriate for this target. It is not a feedback metric.

Feedback quality. Are the pointer, type, conser-
vatism, explanation, and abstention appropriate for
the stated learner and goal? EXPECT’s learner
study is a text-only instance of this target. Mul-
timodal localization and explanation-to-edit faith-
fulness still need protocols.

Immediate uptake. Does the learner use the in-
formation on a later attempt in the same session
(Lyster and Ranta, 1997)?

Learning outcomes. Does the learner retain or
transfer the form to new contexts? Immediate up-
take is not a proxy for delayed learning or transfer.

We do not claim that Fy s should disappear, or
that every deployment must be indirect. Direct
correction of a treatable form, localized and ex-
plained, satisfies the specification. VisCGEC al-
ready annotates bounding boxes, correction texts,
and error types, so three fields of Table 2 can be
scored on existing data. That is why we frame the
record as an extension of current practice rather
than a departure from it.

8 What M2/ERRANT F, 5 cannot see

M2/ERRANT Fj 5 rewards agreement with refer-
ence edits and weights precision over recall. That
design is right for a correction engine. It is the
wrong primary metric for a claim about teaching.

The reference defines the lesson. Fluency-
oriented datasets such as JFLEG normally use
GLEU; they authorize rewording unrelated to any
local error. Our argument applies if fluency refer-
ences are evaluated using edit-based Fp5. A sys-
tem can raise Fy s by matching those rewrites and
still hide the learner’s interlanguage. Minimal-
edit references constrain this less, but they still do



not record whether the edit was the right teaching
move.

Fys is also silent on explanation. An invented
rule attached to a correct edit can score perfectly
and still be harmful. Faithfulness and factuality
are invisible to the metric. So is the pointer into
the page: in visual CGEC the learner must find the
intervention on an image. A correct string with a
wrong box is a failed lesson and a successful Fy s
item.

The metric is not misspecified for correction
correctness. It cannot see pedagogical appro-
priateness, explanation quality, proficiency align-
ment, multimodal localization, or uptake. Papers
that report only Fy 5 and then claim educational use
are changing the target after the measurement.

VisCGEC is the main public visual CGEC
benchmark built on CFL handwriting. Its pub-
lished metric is character- and sentence-level F s,
but its annotation already carries boxes, correc-
tions, and types, so localization can be scored with-
out new data. The remaining distance to the full
specification is explanation, level, conservatism,
and abstention.

A checklist for workshop chairs. A workshop
that wants this standard in the next cycle could
(i) add feedback-quality and, where possible, up-
take columns to the leaderboard without changing
Fy.5 rankings; (ii) encourage system papers to re-
port the record when they claim educational use;
and (iii) reserve a short session for systems that
score high Fy 5 but low explanation faithfulness.

A protocol we are not running here. A fea-
sibility study needs only a few dozen VisCGEC-
style pages, double-annotated by trained instruc-
tors: inter-rater agreement for error type, Krip-
pendorft’s « for ordinal faithfulness ratings (Krip-
pendorff, 2018), and mean pairwise IoU for the
pointer. We state in advance what would count
againstus: o < 0.67 on faithfulness should be read
as evidence that the rubric needs revision, not the
annotators. In the proposed annotation pass, in-
structors rate factuality (correct rule, invented, ab-
stained), level appropriateness (matches declared
proficiency band), and abstention appropriateness
(teacher agrees withheld cases should have been
withheld).
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9 Conclusion

Multimodal models can see a learner’s page and
hear a learner’s voice. That is not the same as
teaching. The Chinese and Arabic cases show
why the record holds its pedagogical function fixed
while leaving the linguistic analysis language-
specific. For systems claiming to teach through
corrective feedback, their output should be a teach-
able edit: localized into the original artifact, typed,
conservative, explained or withheld, and scored as
feedback rather than only as reference-matching
correction.

10 Limitations

This is a position paper. We present no new ex-
periments, annotation, or evidence that teachable-
edit records improve uptake relative to rewrites.
The WCEF literature is mixed on direct versus in-
direct and on focused versus comprehensive cor-
rection. The running example is visual CGEC
for CFL because that setting publishes multimodal
GEC numbers; we do not empirically show trans-
fer to speech, slides, or other scripts. The classifier
example is constructed, not from VisCGEC. We do
not analyze commercial product copy. Teacher-in-
the-loop may be unavailable where automation is
most tempting. Our Arabic discussion is illustra-
tive and text-grounded: we identify no Arabic vi-
sual GEC resource with annotations equivalent to
VisCGEC'’s character boxes, and we evaluate nei-
ther handwritten Arabic recognition nor Arabic lo-
calization. Connected writing, ligatures, optional
diacritics, and variation between Modern Standard
Arabic and regional varieties may require revisions
to the pointer and type representations.

11 Ethical Considerations

A false metalinguistic explanation is educational
harm. Systems offered to learners should abstain
when they cannot ground a rule in the proposed
edit (Caines et al., 2023; Fei et al., 2023).

Visual recognition and page-based tutors are
sensitive to image quality and writing variation.
Large gaps appear between OCR and weaker rec-
ognizers. Inclusive multimodal learning papers
should report failure modes by input quality rather
than only mean Fy s.

The level tag can be repurposed for placement,
streaming, or assessment. We intend it as a prop-
erty of the feedback, not of the learner.



A homework photograph can identify a hand,
a school, and a proficiency trajectory. Localiza-
tion makes the image necessary; that necessity
raises the duty of care. Teacher-in-the-loop re-
view matches current published visual CGEC qual-
ity and this risk profile better than fully automatic
page correction.

12 Declaration on Generative Al

A generative Al assistant was used for language
editing and drafting support based on outlines and
content specified by the author. The author devel-
oped the paper’s claims, proposed record, evalu-
ation framework, and substantive arguments. No
data, annotations, experiments, or measurements
were produced using generative Al. The author re-
viewed and verified all Al-assisted material and
takes responsibility for the final manuscript.
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Abstract

In this study, we built a Large Language Model
(LLM)-powered interactive narrative game for
French-speaking primary school learners. The
system consists mainly of three modules: an ini-
tialization module for story structuring, a gen-
eration module for iterative generation of story
texts and illustrations based on player choices,
and a language scaffolding module for pro-
viding contextualized explanations of player-
selected textual elements. Text generation is
prompted using five curriculum-informed pro-
ficiency bands spanning primary to early sec-
ondary reading levels. A classroom feasibility
study was conducted with 35 students aged 9-
10 and two teachers at two primary schools in
French-speaking Switzerland. Results showed
positive student attitudes towards the stories
and illustrations and high perceived ease of use.
However, students perceived the game’s useful-
ness for French literacy activities as moderate,
with many noting that the story language was
below their level. Occasional issues in char-
acter consistency and repetitive illustrations
across scenes were also mentioned. Teach-
ers highlighted potential pedagogical benefits
when the system is combined with additional
classroom activities.

1 Introduction

Interactive narrative is a form of game-like sto-
rytelling in which narratives unfold dynamically
in response to player choices, allowing readers
to influence plot progression rather than follow a
fixed sequence of events. From Choose Your Own
Adventure™ books to open-world video games,
branching narratives are a central element of in-
teractive fiction that enable readers to change the
outcome of a narrative (Walton, 2019; Huang et al.,
2024). Such narratives provide increasing engage-
ment and agency by transforming reading into an
active, decision-driven process. However, the con-
tent of traditional interactive narratives remains
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limited by creators’ perspectives and the scope of
pre-authored material (Tian et al., 2024).

The emergence of Large Language Models
(LLMs) has renewed interest in interactive narra-
tive by enabling dynamic text generation at scale.
Rather than requiring authors to pre-write exten-
sive branching scripts, LLMs can generate story
continuations on demand, accommodating player
input within narrative constraints defined by the
author (Huang et al., 2024; Wang et al., 2025).
This shift has substantially reduced authorial over-
head and enabled interactive storytelling systems
that respond flexibly to user actions. Such LLM-
powered interactive narratives also offer pedagogi-
cal potential for young readers by creating engag-
ing, adaptive reading experiences. However, ex-
isting systems are often English-centric, primarily
text-based, not designed for younger users, and
lack explicit mechanisms for conditioning linguis-
tic difficulty (e.g., Wu et al., 2024; Xu et al., 2025;
Huang et al., 2024; Wang et al., 2026). This creates
a gap for systems that can generate age-appropriate
reading experiences at different intended difficulty
levels.

To address such limitations, we built an LLM-
powered multi-modal interactive narrative game
for French-speaking primary school learners. The
novelty of the system lies in combining: (1)
curriculum-informed proficiency conditioning for
French story generation, (2) dynamically gener-
ated illustrations accompanying story texts, and
(3) an in-context language assistant that explains
text elements upon player query. The source
code is released under the CC BY 4.0 license
and is available at https://github.com/judywq/
interactive-narrative-game. The web appli-
cation uses proprietary LLMs, whose weights and
use are subject to the respective providers’ terms
of service.
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2 Related Work

Recent years have seen growing interest in the use
of LLMs for interactive storytelling, driven by their
ability to generate fluent narrative text in response
to user input. Existing systems differ in how they
structure narrative control, integrate player agency,
and manage long-term coherence.

One prominent line of work generates interac-
tive narratives by branching from an existing linear
story. WHAT-IF (Huang et al., 2024) introduces a
meta-prompting framework that constructs alterna-
tive narrative trajectories grounded in a pre-written
source text, producing “what-if” timelines that ex-
plore counterfactual developments of an original
plot. By anchoring generation to a fixed narra-
tive backbone, such systems achieve strong the-
matic consistency and enable systematic explo-
ration of branching structures, but presuppose the
availability of high-quality source stories. Related
approaches similarly focus on expanding latent or
un-narrated branches within existing story worlds.

A second group of systems emphasizes autho-
rial control through structured narrative representa-
tions. Dramamancer (Wang et al., 2026) exem-
plifies this approach by allowing authors to de-
fine story schemas, including characters, events,
and constraints, that are then instantiated dynami-
cally during interactive playthroughs using an LLM.
Other work explores hybrid approaches that inte-
grate LLM-based generation with concepts from
classical Al planning. Though earlier planning-
based story generation systems ensured long-term
coherence through explicit plot graphs but lacked
natural language generation (Meehan, 1977; Young
et al., 2013), more recent systems combine LL.Ms
with structured representations such as quest trees
or plot graphs to generate interactive fiction worlds,
scenes, or branching quests (Ammanabrolu et al.,
2019; de Lima et al., 2021; Kumaran et al., 2023;
Harmon and Rutman, 2023).

Evaluation of these systems has revealed lim-
itations, particularly with respect to maintaining
meaningful agency and narrative coherence over
extended interactions (Yi et al., 2025). To ad-
dress these limitations, researchers have turned
to memory-augmented approaches by introduc-
ing persistent representations of characters, events,
and world states that can be retrieved and updated
across interactions, enabling more consistent long-
term storytelling (Yi et al., 2025; Nonaka and Perry,
2025). On the other hand, empirical evaluations
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also reveal systematic tendencies toward positive,
low-conflict plot developments and reduced diver-
sity, novelty, and surprise compared to human-
authored narratives (Tian et al., 2024; Ismayilzada
et al., 2024).

Beyond coherence and engagement, existing
LLM-based interactive storytelling systems are lim-
ited in their broader applicability. Most systems
remain predominantly text-based (Walton, 2019;
Huang et al., 2024), offering limited multi-modal
support that could aid comprehension. Moreover,
prior work has focused largely on English narra-
tives (Huang et al., 2024) and has typically targeted
adolescent or adult users (Walton, 2019), implic-
itly assuming higher reading proficiency, cognitive
maturity and digital literacy. For instance, Open-
Theater by Xu et al. (2025) requires players to con-
figure detailed story settings and character profiles,
and to interact through typed chat to drive the nar-
rative forward. Finally, these systems are generally
not designed around pedagogical objectives and
lack explicit mechanisms for aligning generated
language with player proficiency levels or instruc-
tional goals (Wang et al., 2025), which limits their
suitability for educational contexts.

In light of these limitations, we set out to develop
a multi-modal interactive narrative game for young
readers in a non-English linguistic context. We fo-
cused on children because interactive storytelling
plays an important role in their development, while
existing Al-based storytelling and reading technolo-
gies still often fall short of parents’ expectations
(Sun et al., 2024). We selected French as the target
language because it is widely taught and is compar-
atively well supported by LLMs as a high-resource
language (Li et al., 2025).

3 System Design and Development

In designing the game content, we prioritized two
factors: pedagogical relevance and multi-modal
story generation. Pedagogically, we defined the
story genre, conditioned generation on intended
reading levels, and incorporated language scaffold-
ing. For multi-modal story generation, we incorpo-
rated illustrations alongside the story text based on
the cognitive theory of multimedia learning (Mayer,
2024; Paivio, 1979), which suggests that combin-
ing verbal information (e.g., text) with nonverbal
information (e.g., visuals) can support encoding
and recall. In addition, given the digital literacy
of primary schoolers, we designed player inter-



e dossier tout de suite, penché sur les pages mi
. La flamme de la lampe avait vacillé, projetant ¢
le la porte, préte a la refermer d'un geste | ivai ¢
n pas s'était arrété tout prés, comme si ¢ € J'
-il caché la lumiére de la lampe ?

Lookup

La flamme de la lampe avait vacillé, projetant des ombres sur le
bois, tandis que Mikasa était restée prés de la porte, préte a la
refermer d’un geste

Explanation:

It means Mikasa stayed by the door, ready to quickly close it with one
simple movement.

Figure 1: Language query function

action around structured choices rather than free-
response chat. For system architecture, we adopted
a modular multi-pipeline design (Parnas, 1972)
and deployed the system as a web application with
a Vue.js frontend and a Django backend.

3.1 Pedagogical Features

Genre selection We focused story generation
around the fable genre. Fables are prominent in
primary curricula due to their accessible narrative
structure, conventional character roles, and explicit
moral framing, making them ideal for reading com-
prehension to young learners. We defined a schema
of essential structural elements in fables, which can
be found in Appendix A.

Proficiency conditioning We designed five
curriculum-informed proficiency bands through
consultation with a certified French language
teacher. For each band, we curated a dataset of
fable texts that were proofread and annotated ac-
cording to specific curriculum goals. The bands
and sample fable texts are used as few-shot exam-
ples to condition generation toward the selected
reading level (see Appendix B).

Language scaffolding We added a text query
feature for players to request explanations of unfa-
miliar textual elements ranging from single words
and phrases to sentences. A player may select the
relevant text and click the question mark that sub-
sequently appears. The system then provides a
contextualized explanation in French or English
(see Figure 1). At the end of a story, queried items
are used to generate a recall quiz. The LLM as-
signs each response a score of 0, 0.5, or 1, and the
system calculates a normalized score by dividing
the sum of item scores by the number of questions
attempted.
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3.2 Multi-Modal Story Generation

For story text generation, we selected GPT-5.2!
as the base LLM, the most advanced model from
the GPT series when the study took place. For the
structuring of branching narratives, we drew expe-
rience from famous commercial interactive narra-
tives such as Detroit: Become Human® and Heavy
Rain®. We base the story generation on a story
skeleton, which includes main characters, multiple
milestone events and a fixed number of possible
endings. The story development to each milestone
event progresses in multiple scenes, where play-
ers are asked to make decisions towards the end to
decide what will happen in the next scene. Each
milestone event remains reachable regardless of
player choices.

For generating illustrations accompanying each
scene, we integrated Gemini-2.5-Flash*, which ex-
celled in both the quality of images and speed of
generation at the time of the study. At each scene,
the system passes three types of contextual informa-
tion to the image generation model: (1) the current
scene description, (2) a summary of the story up to
the current scene, and (3) the illustration from the
previous scene as a reference.

3.3 System Architecture

The system consists of an initialization module, a
generation module and a language scaffolding mod-
ule, as shown in Figure 2. In the initialization mod-
ule, when a player begins a new game by providing
the necessary input, the “Proficiency Benchmarker”
pipeline generates five text samples of the same
narrative content using the five proficiency-band
prompts described in Section 3.1. Figure 5 in Ap-
pendix B shows examples of texts at the five bands.
The player selects a comfortable level, which is
then used as a prompt condition for subsequent text
generation. At the same time, the “Story Skeleton
Generator” pipeline creates the complete narrative
structure (characters, milestones, decision points,
and possible endings) based on player input fol-
lowing the fable conventions defined in the LLM
prompt.

In the generation module, the “Plot Writer”
pipeline iteratively generates narrative scenes based

on the story skeleton, selected proficiency level,
1https
https
https

4https
5-flash

://platform.openai.com/docs/models/gpt-5.2

[N

://www.quanticdream.com/en/detroit-become-human

3 ://www.quanticdream.com/en/heavy-rain

://ai.google.dev/gemini-api/docs/models#gemini-2.
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Figure 2: System Architecture

and summary of previous scenes. Subsequently,
the “Image Generator” pipeline produces an illus-
tration for each scene using the input mentioned
in Section 3.2. After the player makes a decision,
the “Story Summarizer” pipeline condenses the
scene and choice into a running summary, to be
used for next scene generation. When the final
decision point is reached, the “Ending Generator”
pipeline generates a concluding scene with one of
the possible endings.

Independent of story generation, the language-
scaffolding module logs each selected textual el-
ement and its explanation. If at least one query
has been made, the module generates an end-of-
story quiz from the queried items and returns the
automated normalized score described above.

4 System Validation

We evaluated the system through a user study with
35 primary school students aged 9-10 and two
teachers in two intact classes, one at each of two
schools in French-speaking Switzerland. The cur-
riculum of the two classes focused on French read-
ing comprehension, which aligned directly with the
game’s features.

4.1 Participants

The student participants were in their 4th year of
primary school, corresponding to level 3 in the five
proficiency bands. They were either native French
speakers or had been enrolled in French-medium
schools since the beginning of their schooling. The
study therefore evaluated the system in a French
literacy context rather than as a second-language
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intervention. The teacher participants were experi-
enced teachers with more than 15 years in primary
school. Both the teachers and the students are ac-
customed to utilizing digital tools for learning.

4.2 Experimental Procedures

The validation study lasted for one 50-minute class
session in each class. Before the validation study,
the researchers provided guidance to the teachers
on how to play the game and how to check game-
play logs. At the beginning of each class session,
the teacher paired the student participants to re-
duce the number of simultaneous live-generation
requests, distributed shared game accounts, intro-
duced the gameplay mechanics, and asked each
pair to test the game by playing a random story.
Specifically, the teachers encouraged students to
use the customizable “theme” and “scene details”
fields to personalize the fable’s narrative context,
such as “friendship” as the theme and specific loca-
tions or characters in the scene details. An example
is shown in Figure 3, where a pair requested Lufty,
a character from the anime One Piece, in the story.
Following the initial test, each pair completed one
fable game, and the students subsequently com-
pleted the player survey. After each session, the
corresponding teacher completed the teacher sur-
vey based on observations of the class.

4.3 Survey Instruments

The player survey (see Appendix C) was designed
based on the Technology Acceptance Model (TAM)
(Davis, 1989), focusing on two constructs: Per-
ceived Usefulness (PU) and Perceived Ease of Use
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Figure 3: A scene with Luffy from One Piece

(PEOU) of the game from the student participants’
perspective. Considering the cognitive ability of
the students, only three items scaled 1-7 were in-
cluded under each construct. Open-ended ques-
tions were added to allow student participants to
freely express their opinions towards the game. The
teacher survey (see Appendix D) consisted of five
open-ended questions to assess the game’s peda-
gogical integration and its alignment with curricu-
lum standards from the teachers’ perspective.

4.4 Data Collection and Analysis

The data collected in the validation study included
individual student responses to the player survey,
responses from the two teachers, and gameplay
logs from the system backend. Because students
played in pairs using shared accounts, gameplay
logs were analyzed at the pair/account level and
cannot be attributed to individual students. For
Likert-scale items in the player survey, internal re-
liability was assessed using Cronbach’s alpha for
the PU and PEOU scales, followed by descriptive
statistics for the individual items. Responses to
the open-ended questions in the player and teacher
surveys were analyzed using a thematic coding
approach by two coders. The gameplay logs were
used to complement the survey analysis. For the op-
tional language-scaffolding activity, query records
were aggregated by shared account. For each ac-
count that completed the follow-up vocabulary
quiz, we recorded the number of queries/questions
and the automated normalized score produced by
the system. Because only six accounts completed
the quiz, we report the number of participating ac-
counts, total and per-account query counts, and the
mean, median, and range of normalized scores. No
inferential tests were conducted for these data.

5 Result

5.1 Player Survey

Likert-scale items Reliability analysis of the two
constructs showed good internal consistency for the
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PU scale (Cronbach’s o = 0.77) and marginal in-
ternal consistency for the three-item PEOU scale
(Cronbach’s o = 0.69; Nunnally and Bernstein,
1994). We therefore interpret PEOU primarily
through the individual item statistics. Descriptive
statistics shown in Table 1 indicated consistently
positive ratings on the PEOU items, with mean
scores ranging from 5.66 to 5.80, suggesting that
students generally perceived the game as easy to
learn, clear to interact with, and easy to understand.

In contrast, the perceived usefulness (PU) items
received more moderate ratings, with mean scores
ranging from 4.09 to 4.60 and greater variability
across participants, indicating more diverse percep-
tions regarding the learning value of the game.

Open-ended questions Thematic analysis of stu-
dent comments revealed three important themes.
First, regarding the stories, most students expressed
positive attitudes (N=24), while several students
expressed negative views (N=3), and a small num-
ber mentioned technical issues (N=2). One re-
spondent comment stated “only the beginning of
a story”, indicating network issues in generating
scenes after the story was initialized. This com-
ment was consistent with the two observed game
freezes during live generation.

Second, regarding the illustrations, the students
generally liked the illustrations (N=23), with a
small number of neutral responses (/N=5). Indi-
vidual expressions included “beautiful”, “pretty”,
“cool”, and “too good”. Figure 6 in Appendix E
shows a student’s drawing of their favorite illustra-
tion in the player survey. Meanwhile, three students
pointed out occasional inconsistent characters in
illustrations (e.g., “one time I asked for a hare it
gave me a goat”). Another student also commented
that the illustrations looked too similar between
scenes. An example is shown in Figure 4. The
reason is that most of the story events took place
in the same location and thus only minor elements
changed between scenes.

Third, regarding language difficulty, 14 students
described the game as “easy” or “too easy”, while
9 reported fair difficulty. An examination of game-
play logs revealed that the majority of gameplay
occurred at level 2, although the participants’ ex-
pected curriculum band was level 3. This pattern
indicates a preference for a lower level of challenge
in the self-selection interface.



Construct Item Statement Mean SD
PU PU1 Using the game in my French class may enable me to learn  4.60  1.75
to better read and understand texts.
PU PU2 Using the game may improve my French performance. 4.09 1.79
PU PU3 I find the game useful in learning French. 411 2.08
PEOU PEOU1 Learning to play the game was easy for me. 577  1.57
PEOU PEOU2 My interaction with the game was clear and understandable. 5.66  1.53
PEOU PEOU3 I found the game clear and understandable. 5.80 1.64

Table 1: Descriptive statistics for the TAM questionnaire items (N = 35).

Figure 4: Similar illustrations between scenes

Pair/account ~ No. of queries/ Automated

ID questions normalized score
1 4 0.875

2 4 0.875

6 3 0.67

7 1 0.50

9 2 0.50

24 3 0.67

Table 2: Language-query use and automated normalized
vocabulary quiz scores for shared accounts that com-
pleted the quiz (n = 6).

5.2 Vocabulary Quiz Results

Six shared accounts used the language-query func-
tion to look up unfamiliar words or phrases and
completed the corresponding vocabulary quiz. As
shown in Table 2, these accounts made 17 queries
in total, with between one and four queries per
account. Their automated normalized quiz scores
ranged from 0.50 to 0.875 (M = 0.682, median
= 0.67).

5.3 Teacher Survey

The thematic analysis of the teacher survey indi-
cates that the stories are coherent and pedagogically
beneficial. The teachers confirmed that the stories
maintain strong logical consistency, characterized
by clear “cause-consequence” chains. For example,
a character’s failure is directly linked to specific
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choices, such as refusing help or acting out of pride.
Pedagogically, a notable result is the system’s role
as an instructional “trigger.” One teacher identi-
fied the choice-based format as ideal for practicing
“anticipation” (predicting outcomes) and “textual
justification” (finding evidence for character feel-
ings). Both teachers mentioned that the game text
can also be viewed as a “base draft” for writing
workshops, where students can move from the dig-
ital environment to paper-based activities, such as
writing alternative endings or transforming narra-
tive into dialogue. While one teacher described the
system’s literary style as “flat” and “repetitive”, this
was framed as a pedagogical benefit as well. For
“struggling” readers, the predictable syntax acts
as a supportive scaffold. For advanced students,
“text improvement” activities may be implemented
where pupils may enhance the game’s “flat” style
with more vivid descriptions and humor.

6 Discussion

Overall, the validation study suggests that the game
was well received by the students and teachers, par-
ticularly due to its engaging stories and illustrations.
One limitation identified by students was the occa-
sional inconsistency and repetitiveness of the gen-
erated illustrations. At the time this study was con-
ducted, maintaining character consistency across
sequential images remained a well-recognized lim-
itation of visual models (Avrahami et al., 2024,
Shen et al., 2025). Although reference images were
used to improve character consistency, inconsisten-
cies still occasionally occurred. Moreover, the sys-
tem’s reliance on reference images from previous
scenes introduced another trade-off, namely, repet-
itive illustrations across scenes. Future iterations
may introduce location transitions at the skeleton
generation stage, for example, by adding a class for
locations and marking when the narrative moves



from one place to another or when the environment
should change. In this way, the corresponding im-
ages can be generated with richer variation.

The classroom deployment also exposed a trade-
off between live generation and operational reliabil-
ity. Although live calls enabled personalization, si-
multaneous text and image generation exceeded the
available school network capacity and caused two
games to freeze even after students were paired. A
hybrid deployment could pre-generate and teacher-
vet common story skeletons, scenes, and illustra-
tions across the five bands, cache frequently used
assets, and reserve live generation for constrained
personalization and contextual explanations. Such
a design would reduce latency and exposure to un-
reviewed visual inconsistencies while preserving
parts of the interactive experience. A local fallback
to a cached scene would also allow play to continue
when a generation request fails.

Pedagogically, students perceived the game as
only moderately useful for French literacy activ-
ities. One possible reason is that French was al-
ready the students’ native language or language of
instruction, and many selected proficiency bands
below their expected curriculum level. Future it-
erations could use a brief baseline reading task or
a teacher recommendation to establish the start-
ing band, while still allowing students to adjust
the level. The system could then recommend text
slightly above the established baseline, consistent
with the principle of comprehensible challenge ex-
pressed in Krashen’s ¢ + 1 Hypothesis (Krashen,
1977; Loschky, 1994). Whether this design would
benefit second-language learners remains an open
question requiring evaluation with an L2 popula-
tion.

The vocabulary quiz logs provide an exploratory
account of how the language-scaffolding feature
was used during play. Across the six shared ac-
counts that completed the activity, no automated
normalized score was below 0.50, and two scores
reached 0.875. The scores also followed a descrip-
tive gradient: accounts with four queries scored
0.875, those with three queries scored 0.67, and
those with one or two queries scored 0.50. This
pattern may reflect differences in engagement, re-
peated exposure, prior proficiency, or collaboration
within pairs. Because the logs are account-level and
the LLLM grader was not validated against human
judgments, the pattern should not be interpreted as
evidence of individual vocabulary learning.

The low uptake of the query function is itself
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informative for system design. Fourteen students
described the game as “easy” or “too easy”, and
gameplay logs showed that many selected a profi-
ciency level below their expected level. Students
reading text that contained few unfamiliar words
would have little reason to initiate a vocabulary
query. Uptake may also have been reduced by the
optional, user-initiated design: students may not
have noticed the feature, may have preferred to pre-
serve the flow of the story, or may have regarded a
separate quiz as additional effort. Future versions
could recommend an initial level using a brief pro-
ficiency check, adapt difficulty when an account
records few queries, and make word support more
discoverable through unobtrusive in-text prompts.
A one-click definition followed by a short retrieval
prompt could integrate practice into the narrative
instead of requiring a separate activity. Reintroduc-
ing queried words in later scenes and in a delayed
quiz would provide multiple opportunities to en-
counter and recall the words. Finally, finer-grained
logs should record whether students saw, opened,
and completed each stage of the feature, allow-
ing future studies to distinguish lack of vocabulary
need from problems of discoverability, interruption,
or quiz completion.

Regarding generalizability, although the current
version focuses on a specific genre with French-
speaking primary school students, the system pro-
vides a flexible, language-agnostic architecture for
interactive narratives that may be extended beyond
the present use case. The underlying narrative ar-
chitecture supports alternative narrative schemas,
for example, for detective or science-fiction stories,
by adjusting the elements that define each genre.
Because the architecture is not tied to a particu-
lar language, narrative generation and proficiency-
conditioning prompts can be adapted for other lin-
guistic contexts. The growing availability of multi-
lingual large language models further facilitates de-
ployment across diverse language populations. The
“Proficiency Benchmarker” may also be adapted to
other proficiency frameworks, such as the Common
European Framework of Reference for Languages
(Council of Europe, 2001); however, the resulting
outputs would require independent validation in
each new context.

7 Conclusion

In this study, we designed, implemented, and
conducted a classroom feasibility evaluation of a



multi-modal, LLM-powered interactive narrative
game for French-speaking primary school learners.
Findings from the classroom study indicate high
perceived ease of use, positive engagement with
the game system, and potential pedagogical value
when the game is combined with other classroom
activities. Areas for refinement in reading-level
calibration, technical reliability, language scaffold-
ing, and visual diversity were also identified. The
system provides a flexible architecture for LLM-
powered interactive narratives with curriculum-
informed support for different intended reading
levels.

Limitations and Ethical Considerations

This study has several limitations that should in-
form the interpretation of our results. First, data
were collected from two intact classes, one at each
of two schools, during one 50-minute session per
class and with a limited sample size, limiting the
generalisability of findings across populations, in-
structional contexts, and institutional settings. The
participants were native French speakers or had
received French-medium schooling since Grade 1;
consequently, the findings concern French literacy
activities in this context and cannot establish use-
fulness for second-language learners. Future work
should replicate the study across additional schools,
sessions, and learner populations.

Second, the study evaluated short-term feasibil-
ity, usability, and participant perceptions rather
than learning, transfer, or retention. It included
no pretest, comparison condition, or delayed as-
sessment. In addition, the three-item PEOU scale
showed marginal internal consistency (o = 0.69),
so the ease-of-use findings should be interpreted
primarily at the item level rather than as a robust
latent construct.

Third, the five curriculum-informed bands were
implemented through teacher consultation, anno-
tated examples, and prompting, but generated
scenes were not independently audited for lexical,
syntactic, or curriculum-band compliance. Nor did
the study systematically evaluate the grammatical-
ity, age appropriateness, or cross-scene coherence
of generated French text. The bands should there-
fore be understood as generation targets rather than
validated proficiency classifications.

Fourth, the vocabulary-quiz evidence is ex-
ploratory. Students played in pairs using shared
accounts, so query behavior and quiz scores can-
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not be attributed to individual students. Only six
accounts used the language-query function and
completed the optional quiz, producing a small,
self-selected subgroup. Quiz length and content
varied with the words queried, and the automated
0/0.5/1 grades were not validated against human
ratings. No criterion-referenced mastery threshold
was specified. The normalized scores therefore can-
not establish vocabulary mastery, learning gains,
retention, or a causal relationship between query
frequency and performance.

Finally, the live-generation design created tech-
nical and safety limitations. Simultaneous text and
image requests exceeded the available school net-
work capacity and caused two games to freeze. The
study also did not systematically evaluate input or
output moderation, model bias, or harmful and age-
inappropriate content, even though the theme and
scene-details fields accepted free text. Teacher su-
pervision reduced immediate classroom risk but
does not substitute for technical safeguards. Fu-
ture deployments should combine age-appropriate
input filtering, output moderation, restricted topic
options, teacher review controls, audit logging, and
cached fallbacks for failed generation requests.

From an ethical standpoint, working with chil-
dren necessitates strong protections for privacy and
autonomy. We adhered to GDPR principles (Eu-
ropean Parliament and Council of the European
Union, 2016), minimised collection of identifiable
information, and secured research data. Informed
consent and age-appropriate explanations ensured
that participation was voluntary. Teachers were
present during all activities, and learners were in-
formed when content was Al-generated to support
transparency and agency.

Generative models also  exhibit non-
deterministic outputs and sensitivity to prompt
variation and provider updates. We documented
prompts and model configurations to support
reproducibility, but exact regeneration of outputs
cannot be guaranteed.
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A Story elements designed for fables

# Story Elements Reference

The story should incorporate the following classic
narrative elements:

1. Stable beginning
e.g., Known environment (maison, forét, village)

2. Desire / problem
e.g., Wanting something
(go to the ball, eat, explore, help)

3. Obstacle
e.g., Villain, rule, fatigue, danger, limitation

EN

. Repeated attempts
.g., Often 2 or more times with increasing intensity

0]

5. Resolution
.g., Help, cleverness, cooperation

[¢]

6. Explicit moral
.g., Stated directly, not inferred

0]

# Character Design Patterns

- Protagonist: Childlike, curious, imperfect
Helper: Animal, fairy, friend, object
Obstacle: Not morally complex

- Collective (optional): Group solves problem together

B Five proficiency bands

# Level Guidelines

Level 1
Description:

Very short sentences. One concrete action per sentence.

Only high-frequency, concrete vocabulary.
Simple connectors (et, puis, mais, alors).

Example:
Le petit garcon entre dans la forét. Il voit une
maison. Il a faim alors il frappe a la porte.

Level 2

Description:

Simple narration with basic subordination
(quand, parce que, comme).

Limited description and explicit cause-effect.

Example:

Quand le petit gargon entre dans la forét, il voit
une petite maison. Comme il a faim, il frappe a
la porte.

Level 3

Description:

More compact language with participial
structures and varied vocabulary.

Do not introduce new events.

Example:

En entrant dans la forét, le petit garcon apercoit
une petite maison isolée. Aprés un moment,

il décide d'entrer.
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Level 4

Description:

More fluent narration with light abstract nouns
(e.g., silence, hésitation), while keeping the
same events.

Example:

En entrant dans la forét, le petit garcon apercoit
une maison isolée. Aprés un moment, il décide
d'entrer.

Level 5

Description:

Condensed literary language with richer
vocabulary. Use light metaphor without adding
new narrative content.

Example:

Au ceur de la forét, le petit gargon distingue
une maison solitaire. La faim, plus forte que la
prudence, 1'incite a frapper.

C Player Survey (administered in French)

Instructions: Please read each statement carefully
and indicate how much you agree or disagree.

Response scale:
7-point Likert scale:
1 = Strongly disagree;
2 = Disagree;
3 = Slightly disagree;
4 = Neither agree nor disagree;
5 = Slightly agree;
6 = Agree;
7 = Strongly agree.

Perceived Usefulness (PU)

1. Using the game in my French class may enable
me to learn to better read and understand texts.

o1 02 O3 04 0O5 0O6 0O7

2. Using the game may improve my French perfor-
mance.

o1 g2 03 04 OS5 0Oe6 07

3. I find the game useful in learning French.

o1 g2 03 04 OS5 0Oe6 07

Perceived Ease of Use (PEOU)

4. Learning to play the game was easy for me.

or o2 O3 04 0O5 0O6 0O7

5. My interaction with the game was clear and
understandable.



Level1

Dans la cour, Chibi Maruko voit un petit oiseau avec une
aile blessée. Elle veut 'aider. Son amie apporte un
mouchoir. Maruko tient 'oiseau doucement. L'amie fait
un bandage. Puis elles posent 'oiseau dans une boite.
Elles restent ensemble.

Start with this difficulty

Level 4

Dans la cour, Chibi Maruko remarque un petit oiseau,
Iaile blessée. Sans hésiter, elle sollcite I'aide de sa
meilleure amie, qui apporte un mouchoir. Maruko le
soutient avec précaution, pendant que 'amie réalise un
bandage. Ensite, elles I'installent dans une bolte et

Level 2

Quand Chibi Maruko est dans la cour, elle voit un petit
oiseau dont Iaile est blessée. Elle veut Iaider, alors son
amie apporte un mouchoir. Maruko tient I'oiseau

doucement pendant que 'amie fait un bandage. Ensuite,

elles le mettent dans une boite et restent ensemble.

Start with this difficulty

Level 5

Dans la cour, Chibi Maruko surprend un aisillon, 'aile
meurtrie. D'un geste, elle appelle sa meilleure amie, qui
Iui tend un mouchoir. Maruko le soutient, Iégére, tandis
que lautre serre un bandage. Puis elles le couchent
dans une bote et, unies, veillent tout prés.

Level 3

Dans la cour, Chibi Maruko apercoit un oiseau 4 aile
blessée. Voulant I'aider, elle demande un mouchoir 4 sa
meilleure amie. Maruko le maintient délicatement tandis
que 'amie improvise un bandage. Puis, I'oiseau est
déposé dans une boite, et toutes deux demeurent cote 3
chte.

Start with this difficulty

restent prés de lui, ensemble.

Start with this difficulty

Start with this difficulty

Figure 5: Text samples of the five proficiency bands

g1 02 003 04 OS5 0O6 07

6. I found the game clear and understandable.

o1 02 O3 04 0Os5 0O6 0O7

Open-Ended Questions

7. Draw what you liked about the game in the space
below.

Drawing space

8. Did you like the story of the game?

9. What do you think about the illustrations in the
game?

10. Were the stories too difficult, too easy, or just
right for you?

11. Would you recommend this game to your class-
mates or to your friends at school?

12. Do you have any other suggestions or com-
ments about the game?
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D Teacher Survey

1. Pedagogical Coherence: Do you think that
the generated narratives maintain sufficient
logical flow for regular classroom use? How
well did the levels of difficulty adapt to your
students’ needs?

2. Written Production: Can you imagine a way
to use the game to help mastery of written
expression and textual genres?

3. Social-Emotional Learning: Could the game
be used to promote the development of empa-
thy and social competencies through narrative
engagement? If so, in what ways?

4. Oral Communication: Does the game pro-
vide opportunities for verbal interaction and
storytelling?

5. Creativity: To what degree does the game
foster original thought and narrative divergent
thinking?

E Example of students’ favorite
illustrations

Dessinece que tuasaimé:

Figure 6: A student’s favorite illustration
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Abstract

Handwritten text by language learners cou-
ples recognition errors with grammatical er-
rors, which makes automatic correction of such
text harder than either subproblem alone. Vi-
sual Chinese grammatical error correction asks
a system to read a handwritten sentence im-
age and to emit both a fully corrected sentence
and a list of localized visual edits. We de-
scribe a training-free pipeline that makes one
call to a vision—language model (VLM) per im-
age and jointly requests a verbatim transcrip-
tion, a minimal-edit correction, and a typed
bounding-box edit list in a single JSON ob-
ject; a deterministic packer enforces schema
and coverage, and a second engine fills only the
test images for which the first produces no valid
record. A paired 19-image development com-
parison under a proxy of the official F{y 5 metric
finds that two VLMs obtain the same edit true-
positive count while one emits nearly twice as
many edits; the more conservative engine has
higher edit precision on this slice. The sys-
tem obtains an official score of 0.5905 on the
hidden sentence-level test set of the VisCGEC-
v2.0 shared task. The result suggests that a
single-pass training-free VLM pipeline is vi-
able for this task, and that edit precision is a
useful engine-selection signal on the measured
development slice.

1 Introduction

Grammatical error correction (GEC) is usually de-
fined over already-tokenized text (Ng et al., 2014),
and Chinese GEC has an established shared-task
lineage over learner text (Zhao et al., 2018; Rao
et al., 2020; Chang et al., 2023). Visual Chinese
GEC (Wang et al., 2025) additionally requires the
system to read a real handwritten image produced
by a learner of Chinese as a foreign language,
so recognition errors, malformed characters, and
grammatical errors are entangled. The VisCGEC-
v2.0 shared task of Multi-LLL 2026 (Multi-LLL
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Organizers, 2026) makes that setting operational:
the official input is the image; the public test
file contains only an identifier and a path; and
each prediction must contain a corrected string
predict_text together with a list of localized ed-
its.

Each edit is a pixel box, a corrected span, and
one of four operation types (Insert, Delete,
Substitute, WordOrder). The official score is
the mean of a per-sample combination of text-level
Fy 5 and edit-level Fj 5, so a fluent rewrite that
does not match the annotators’ boxes is not enough.

This paper describes the sentence-level system
we submitted, a real system that obtained an official
score of 0.5905 on the hidden test set (Section 5).
Our contributions are:

* a training-free, single-pass pipeline in which
one VLM call per image jointly produces
a transcription, a correction, and typed
bounding-box edits, backed by a deterministic
packer that hard-fails on any schema or cover-
age violation (Section 3);

an offline, self-validated proxy of the official
metric with explicit fidelity limits, used for en-
gine selection on the 245-image development
split (Section 5);

a paired development observation: two en-
gines tie on edit true positives while one emits
nearly twice as many edits, making edit preci-
sion a useful engine-selection signal on this
slice (Section 6).

We did not train or fine-tune any model. We release
the prompt template, the offline scorer and submis-
sion packer, and both submitted prediction files in
an anonymized repository. !

'https://anonymous.4open.science/r/
viscgec-sentence-pipeline-F466
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2 Data

Released splits. Sentence-level VisCGEC-v2.0
provides 1,960 training images, 245 development
images, and 246 hidden-test images. Training and
development records contain img_id, img_path,
a gold corrected string target_text, and a gold
edit_list. They do not contain the learner’s
original string. The test file contains only img_id
and img_path. Systems must therefore recognize
text from the image; they cannot assume an OCR
transcript.

Annotation shape. On the 1,960 training sen-
tences the gold edit_1list has mean length 1.80
(median 1, max 14); six sentences have an empty
list. Edit types occur in the ratio Substitute 1,693
: Insert 1,079 : Delete 761. WordOrder occurs
zero times in the released training annotations, and
also zero times in the 245 development annotations
(Substitute 212, Insert 134, Delete 89; mean 1.78
edits). Mean gold sentence length is 24.6 charac-
ters (development 25.5). Images are single-line
handwriting strips (training width p50 1,494 px,
height p50 85 px; test width pS0 1,531 px, height
p50 93 px).

Why we do not fine-tune. A text GEC trainer
wants pairs (source, target). The public files give
target and a list of corrected spans with boxes,
but not the original spans, so source cannot be
reconstructed from the JSON. Obtaining N train-
ing pairs would require first OCRing N training
images and then trusting that OCR. We did not
pay that cost, and we used the training split only
(a) to compute the edit-type and edit-count statis-
tics above and (b) as documentation for an optional
convention-aware prompt variant. The develop-
ment split is the only split with gold that we scored.

Scope. The shared task also defines a paragraph-
level track over the same schema; we did not sub-
mit to it, and the rest of this paper is sentence-level
only.

External resources. The only task data we used
are the official public packs. Inference uses closed
VLMs accessed through an API (Section 4); we did
not add an external GEC corpus.

3 Methodology

Figure 1 shows the primary decoding path and the
fallback condition. The pipeline operates as fol-
lows:
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Handwritten
sentence PNG

Primary VLM:
joint decoding
source,

corrected, edits

Fallback VLM
Same image/schema
Only if no parseable

primary record

/

Deterministic packer: validate edits and boxes;
require each of the 246 IDs exactly once

Y

Parse primary record

Checks pass
Y

Submission JSON

Figure 1: The primary record is retained when
parseable. The fallback fills only missing records. The
packer refuses to emit a submission when coverage or
schema checks fail.

. Pass one handwritten PNG to a VLM as visual
input at original resolution. Invocation goes
through a CLI harness: the prompt names the
image file and its pixel dimensions, and the
harness reads the file and attaches it to the API
request.

Ask a VLM for a single JSON object with
three fields: source (verbatim transcription,
errors kept), corrected (minimal-edit fluent
Chinese), and edit_1list (the visual differ-
ence between the two).

. Parse the last JSON object in the response
that contains source and corrected. Drop
edits whose box is non-integer or degenerate,
whose type is outside the four-way inventory,
or whose correct_text isnotastring. Dele-
tion text must be the empty string.

. Set predict_text = corrected. Round
boxes to integers and clip them to the image.
Require exact coverage of the 246 test IDs (no
missing, extra, or duplicate IDs).

. If an image has no parseable record from the
first engine, fill it from a second engine; a
record that already parsed is never overwrit-
ten.

Write
der

file un-
filename

submission
official  sample

the
the



(sample_submission. json),
as the platform requires.

packaged

Prompt. The production template used for both
submissions is a short instruction that (i) forbids
reading any annotation file, (ii) states the four
edit types, (iii) requires Insert boxes to cover
a full neighbouring character cell rather than a
zero-width line, and (iv) demands one JSON line
and nothing else. We also iterated on a longer
convention-aware variant of the same template,
which tells the model that the reference makes 1.8
edits per sentence, that WordOrder is unused in
training, and that style improvements and extra con-
nectives are not rewarded, and which quotes eight
gold corrected sentences. All 246 archived test
prompts instantiate the short template, so we make
no claims for the variant. The schema—joint tran-
scription, correction, and boxes—is the same in
both templates and is what the packer consumes.

Why joint decoding. Text-level Fps in the
Chinese setting is a comparison of character edits
source — gold against source — prediction, in the
style of ChHERRANT (Zhang et al., 2022), itself an
adaptation of ERRANT (Bryant et al., 2017). If a
system copied its own OCR into predict_text
and emitted an empty edit list, the text-level term
would be zero whenever the OCR differed from
the hidden source, and the edit-level term would
be zero by construction; the sample score would
then be at most 0.5 in the empty-edit case and typ-
ically near 0. The same VLM call therefore has to
both read and correct, and it has to emit boxes that
line up with the annotators.

Deterministic shell. All coverage and schema
checks run in a packer that refuses to write the sub-
mission file if any ID is missing or illegal. That
shell is the only component we treat as bit-stable
across engines.

4 Model

We do not train weights; all correction capabil-
ity comes from commercial vision—language mod-
els accessed through an API. A submission in this
task is a single file with one record per test im-
age, and the platform allows each team only a
small fixed number of scored submissions. We
submitted twice: a contrastive configuration built
first under time pressure, and a primary configura-
tion built after development measurement; the plat-
form keeps each team’s best-scoring submission.
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Three engines appear across the two submissions,
identified by the router names our access channel
recorded at inference time (these are channel iden-
tifiers, not necessarily the vendors’ public model
names; where a channel exposed two aliases, we
give both):

* Qwen (qwen3.8-max), the main engine of
the contrastive submission;

* GPT (gpt-5.6-s0l / gpt:sol-medium),
the fallback engine in both submissions;

* Claude (claude-opus-5 / claude:high),
the main engine of the primary submission.

A fourth engine (GLM 5.3) was probed on de-
velopment images and rejected: an 18-image pre-
view scored below the contrastive configuration,
and that engine sometimes returned a tool trace in-
stead of the required JSON.

Primary submission. 224 of the 246 records
come from Claude. The remaining 22 records are
the images for which Claude’s output was missing
(14), empty (4), or unparseable (4), and are filled
by GPT. This fallback is a reliability backfill, not a
learned router: arecord that already parsed is never
overwritten.

Contrastive submission. The earlier submis-
sion ran Qwen as the main engine over all 246 test
images and applied the same fallback rule, yielding
119 Qwen records and 127 GPT records. Section 5
compares the two configurations on development
measurements.

Implementation details that we can state.
Each call passes one image (attached by the har-
ness as visual input) and one prompt file; at least
one engine’s logs show an explicit image-analysis
step, so we do not claim to know how each engine
consumes the pixels internally. Batch inference
used a per-call timeout of 900 seconds and concur-
rency between 4 and 8. We did not record sampling
parameters or exact token limits, and we do not in-
vent them. There is no reranking, no second-pass
box refiner, and no lexical GEC model on top of
OCR.

5 Evaluation

Official metric. The task defines
[ 1.25 PR
05~ 025 P+ R’

sample = 0.5 text-Fy 5 + 0.5 edit-Fy 5,



and takes the mean over samples. An edit is a true
positive only if its box has IoU > 0.5 with a gold
box, its correct_text matches exactly, and its
edit_type matches. The task description names
ChERRANT as the text-level metric; its implemen-
tation, tokenization, and empty-gold convention
were not released.

Local proxy. We reimplemented the published
formulae as a standalone offline scorer, used only
at development time for engine selection and mix
control. Text-level Fy 5 compares character-level
Levenshtein edits rather than ChERRANT, so we
treat the number as a trend rather than a leader-
board forecast. The scorer is checked against hand-
computed cases and negative controls: gold-as-
prediction scores 1.0, an empty edit list caps the
sample score at 0.5, and shifting every box by 30 px
degrades edit Fp 5 to 0.25. Because we do not
have the hidden source string, we compute two text-
level branches on development images: an opti-
mistic branch that uses the model’s own source as
the ChERRANT source, and a pessimistic branch
that adds extra false positives for estimated OCR
errors, max (0, d(source, target) — g), where d
is the character edit distance between the model’s
transcription and the gold corrected text and g is
the number of characters the gold edit list changes.
Edit matching is greedy one-to-one, sorted by IoU;
empty gold and empty prediction score 1.0. TIER2
is the mean sample score using both terms; TIER1
zeroes the edit term and is not used for selection.

Official result. The primary submission obtains
an official overall score of 0.5905 on the hidden
test set under the metric above. The platform re-
ports only each team’s best-scoring submission, so
the contrastive submission has no separately visi-
ble official score, and itemized text-level and edit-
level sub-scores are not exposed for any team; the
remainder of this section therefore analyses the sys-
tem on the development split. The local proxy
numbers below are not directly comparable with
the official score: the proxy uses character-level
Levenshtein edits instead of ChERRANT, a differ-
ent split, and a source-side approximation.

Development engine faces. Table 1 reports
TIER2 on a 50-image development slice (Claude
n=49; one item timed out twice at 600s). All
development figures are single runs. Claude is
strongest; GPT is weakest; Qwen sits in between.
A 19-image paired slice that holds the image set
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Engine n  TIER2opt. TIER2 pess.
Qwen 50 0.230 0.204
GPT 50 0.171 0.160
Claude 49 0.268 0.242

Table 1: Development-set TIER2 by engine. Opti-
mistic/pessimistic refer to the source proxy for text-level
Fy 5. Not hidden-test scores.

TIER2 pess. edit Fo.5 pred. TP
Claude 0.213 0.232 31 6
Qwen 0.159 0.108 58 6

Table 2: Paired 19-image development slice (same gold,
29 gold edits). Equal edit true-positive counts accom-
pany different predicted edit counts and precision. Un-
matched edits may reflect correction, box, or type mis-
matches.

fixed (Table 2) shows a precision difference: both
Claude and Qwen obtain 6 edit true positives
against 29 gold edits, but Qwen emits 58 predicted
edits against Claude’s 31. The TIER2 gap is almost
entirely edit-level precision.

Mix-weighted control line. Applying the con-
trastive submission’s engine weights (119 Qwen
+127 GPT) to the 50-image faces gives a TIER2
0f 0.199/0.181. The primary submission’s weights
(224 Claude +22 GPT) give 0.259/0.235 on the
same faces (Table 3). All six recorded axes move
up, including edit Fy5 (0.145 — 0.184) and pre-
dicted character accuracy (0.773 — 0.869). A
pure-GPT replacement (0.171/0.160) is worse than
the contrastive mix and was not used. This arith-
metic is a development-face linear mix; it is not a
score of the 246 test predictions (the test gold is
hidden), nor a measured evaluation of either com-
plete fallback pipeline on the same development
images. Because fallback is used on specific fail-
ures of the primary engine, its average develop-
ment score need not describe those selected im-
ages.

6 Analysis

Edit precision as an engine-selection signal.
The paired comparison supports selecting an en-
gine by edit precision on the measured develop-
ment slice. It does not establish over-editing as
the dominant cause of failure: an unmatched edit
can also reflect a bounding-box or edit-type mis-
match. On a 20-image development sample, char-
acter disagreement between the model’s transcrip-



Contrastive  Primary A
TIER?2 opt. 0.199 0.259 +0.060
TIER?2 pess. 0.181 0.235 +0.053
text Fp.5 opt. 0.254 0.334 +0.080
text Fo.5 pess. 0.218 0.285 +0.067
edit Fo.5 0.145 0.184 +0.040
pred. char acc. 0.773 0.869 40.096

Table 3: Mix-weighted development faces. Contrastive
(119/246) Qwen +(127/246) GPT; Primary =
(224/246) Claude +(22/246) GPT. Development esti-
mates, not hidden-test scores.

tion and the gold corrected text, net of the gold
edits themselves, is around 3%. This is a source-
side proxy, not a manually measured transcription
error rate, and it cannot rule out recognition er-
rors as a major factor. One recorded example illus-
trates disagreement with the reference: on devel-
opment item 1974_1, the gold correction inserts
the connective “{H/Zfi% " at the start of the strip,
whereas the model inserts a sentence-final “ 1.
This example motivates checking unnecessary ed-
its, but it does not quantify their prevalence. Man-
ually checked transcriptions and an analysis of un-
matched edits would be needed to separate recog-
nition, correction, box, and type errors.

Optimization trajectory. The two submissions
are one measured iteration, not two systems. The
contrastive submission was assembled first, un-
der the platform’s fixed submission quota. The
paired development measurement favoured the en-
gine with higher edit precision—engines tied on
true positives yet differed nearly two-fold in emit-
ted edits—so the primary submission re-ran the
test set with the more conservative engine and
refilled only its 22 missing records. The corre-
sponding mix-weighted estimates are higher on
every recorded development axis (Table 3); they
do not establish the gain of the actual fallback
pipeline. Two cheaper levers were probed and
not used in the final calls: a convention-aware
prompt variant that encodes training-split statis-
tics (Section 3), and a fourth engine dropped after
an 18-image preview scored below the contrastive
configuration (Section 4). Outside the sentence
track, a pure-geometry feasibility check—in the
released paragraph-level training annotations, all
2,237 gold Insert boxes are identically 4 px wide,
against which full-cell boxes cannot reach IoU >
0.5—concentrated the entire submission budget on
the sentence track.
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Submitted edit inventories. On the 246 test pre-
dictions themselves (no gold) the contrastive sub-
mission contains 584 edits (mean 2.37 per sen-
tence) and the primary submission 435 (mean
1.77). The training mean is 1.80. Type counts:
contrastive Substitute 234 / Insert 155 / Delete 114
/ WordOrder 81; primary Substitute 208 / Insert
111/ Delete 89/ WordOrder 27. WordOrder is un-
used in the released training and development gold,
although it is permitted by the schema. The hidden-
test gold is unavailable, so these counts alone do
not establish that every such test prediction is incor-
rect. Reducing that count from 81 to 27 is a side-
effect of preferring Claude, not a dedicated type
filter—we did not post-hoc drop WordOrder. Five
test items in each submission have an empty edit
list (two IDs overlap).

Coverage mix versus fusion. The 22 GPT
records in the primary submission exist only be-
cause a valid submission must cover all 246 test
images. They are a reliability backfill, not an en-
semble vote. GPT’s average development TIER2
is the weakest of the three engines, but that
does not determine its performance on the images
where Claude produces no parseable record. The
recorded linear mix is above the contrastive line
on every local axis; the effect of fallback requires
measuring complete pipelines on the same devel-
opment images.

Boxes. Insert boxes on the sentence-level gold
are real character cells (width p5S0 52 px), which
is what the prompt asks for. We did not add a
geometric refiner: illegal and degenerate boxes
are dropped, and the primary submission dropped
none.

What we did not try. We did not OCR the 1,960
training images to build GEC pairs; we did not fine-
tune; we did not run a two-stage OCR-then-GEC
pipeline as a submitted system; we did not enter
the paragraph-level track.

7 Conclusion

We have described a training-free, single-pass
vision—language pipeline for sentence-level visual
Chinese grammatical error correction that obtains
an official score of 0.5905 on the hidden test set.
The design is minimal by choice: one model call
per image, a rigid output contract, and a determin-
istic packer. On the paired 19-image development
slice, the engine that emits fewer edits has the same



edit true-positive count and higher edit precision.
This makes edit precision a useful selection signal
for that comparison; it does not isolate recognition
errors or establish the benefit of the complete fall-
back pipeline.

Limitations

The local scorer is not ChERRANT and cannot be
claimed to match the official script. Development
faces have n=>50 (Claude n=49), and the mix ta-
ble linearly combines those faces; it does not eval-
uate the 246 test predictions against hidden gold.
We do not have official itemized scores. Decoding
hyperparameters were not logged. Closed VLMs
are opaque: we cannot report architecture, context
length actually used, or pretraining data. The sys-
tem is sentence-level only. API engines are a mov-
ing target; the identifiers above are those recorded
at submission time.

Declaration on Generative Al

The system described in this paper is a generative
Al system: each test image is corrected by a com-
mercial vision—language model (Section 4) under
a fixed prompt and a deterministic packer. No gen-
erative model was used to invent evaluation num-
bers; every figure in Section 5 is copied from run
logs or recomputed from the submitted JSON. This
manuscript was drafted with assistance from a cod-
ing agent that was instructed to quote only logged
facts and to mark gaps rather than fill them. The au-
thors take responsibility for the claims that remain.
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A Production prompt and output
contract

The production prompt instantiates the following
template once per image, with <PATH>, <W>, and
<H> filled by the image path and its pixel dimen-
sions:

Read the image file at <PATH> with your Read
tool. The image is exactly <W> pixels wide
and <H> pixels tall. It is a cropped strip of
handwritten Chinese, one sentence, written by
a Chinese-as-a-second-language learner. The
sentence contains grammatical errors (wrong
character, missing character, redundant charac-
ter, wrong word order). Produce three things:
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(1) source: verbatim transcription of what the
student wrote, keeping every error exactly as
written; (2) corrected: the same sentence
with all grammatical errors fixed into fluent stan-
dard Chinese, changing as little as possible;
(3) edit_list: the localized corrections, each
with bbox (integer pixel coordinates start_x,
start_y, end_x, end_y in this image’s orig-
inal coordinate system, covering the character
cell(s) involved; for an Insert the box covers
a full character-cell-sized region at the insertion
position, not a zero-width line), correct_text
(the corrected text for that spot; the empty string
for Delete), and edit_type (one of Insert,
Delete, Substitute, WordOrder). Hard con-
straints: do not search the filesystem for any
answer key, annotation file, dataset JSON, or
ground truth—the only permitted input is the im-
age itself; coordinates must be measured off this
image; output exactly one line of JSON and noth-
ing else.

The file-reading phrasing reflects the invocation
harness described in Section 4: it reads the named
file and attaches it to the API call as visual input.

The packer accepts the last JSON object
in the response that contains source and
corrected; drops edits with non-integer or
degenerate boxes, out-of-inventory types, or
non-string correct_text; requires an empty
correct_text for Delete; rounds and clips
boxes to the image; and refuses to emit the
submission file unless the 246 test IDs are covered
exactly once.
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Abstract

Low-resourced and marginalized languages
suffer from generational attrition, with dwin-
dling incentives for younger speakers to learn
a language to which they may be linked cul-
turally but which offers limited opportunities
for use in education, employment, and other
domains of everyday life. Gamification tech-
niques and the integration of digital support
structures may hold considerable potential for
language revitalization and digitization efforts.
This work explores a research design that ex-
plores approaches targeting both extrinsic and
intrinsic motivation for learners of Kurdish va-
rieties across three contrasting learning envi-
ronments. By running comparable conditions
in environments that differ sharply in institu-
tional pressure, cost, and voluntariness, we
aim to produce a multifaceted account of how
gameful design and behavior-oriented guid-
ance interact with learner contexts, and thereby
inform future initiatives in low-resource lan-
guage learning.

1 Introduction

Language technology support differs radically
across the world’s languages. Only a very small
number of languages are represented in language
technologies and applications (Joshi et al., 2020).
Kurdish, in contrast, is considered a low-resource
language (Kamal and Hassani, 2020) with the lack
of corpora as one of the main obstacles in Kurdish
language processing (Abdulrahman et al., 2019).
These resource limitations also make it more diffi-
cult to develop digital language-learning resources,
since the tooling that supports gameful design in
well-resourced settings, such as automatic assess-
ment and generated feedback, is largely unavail-
able. Zhang (2026) highlights that availability
of high-quality didactic materials is one of the
reportedly prominent problems shared in minor-
ity language teaching (van Dongera et al., 2017)
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Figure 1: The condition matrix of the planned study in
which rows correspond to the three environments and
columns to the four condition families.

and that literature on Kurdish language teaching
is still very limited (Muhammadamin, 2025; Resul
and Muhammadamin, 2015). According to Zhang
(2026), one of the proposed solutions is the integra-
tion of traditional and modern pedagogical meth-
ods (Ali and Saeed, 2025), something our planned
work directly acts upon.

Gamification is commonly defined as “the
use of game design elements in non-game con-
texts” (Deterding et al., 2011). Previous re-
search has reported potential benefits of gamifi-
cation for motivation, engagement, and learning-
related outcomes, but reported effects remain in-
consistent and appear to depend on the specific
game elements employed, the learning context,
learner characteristics, and the evaluation methods
used (Dichev and Dicheva, 2017; Sailer and Hom-
ner, 2020; Luo, 2023). Much of this evidence base
is drawn from well-resourced languages and from
settings in which learners have a clear instrumental
motive for study.

This assumption may not hold uniformly. For
instance, Chinese student’s learning Kurdish may
reflect a mix of factors beyond institutional or ca-
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reer incentive, including geopolitical engagement
tied to the Belt and Road Initiative (Chaziza, 2024;
World Bank, 2019), longstanding cultural and lit-
erary ties between the two peoples (Dadparvar
and Shams, 2024), and identity-based motivations
such as the Kurdish concept of “beganeperesti”,
a documented tendency to value and support out-
siders as an expression of cultural or identity-
preserving duty (Jasim, 2024). If extrinsic incen-
tives alone do not fully account for learner moti-
vation in these contexts, gamification approaches
that lean primarily on extrinsic feedback may be
insufficient on their own, motivating our inclusion
of an agent-based intervention targeting intrinsic,
self-regulation-driven motivation.

Currently, there is a lack of research on how
learners perceive the learning activities and game-
ful design in low-resource language-learning con-
texts. Neither is it clear whether findings obtained
in one kind of environment transfer to another,
such as a student facing examination pressure and
a user of a free application who faces very different
opportunity costs for disengagement. We therefore
propose a study that holds the intervention fami-
lies comparable while varying the environment, for
which we formulate three research questions:

RQ1 How does gameful redesign of existing learn-
ing activities affect learning outcomes and
self-reported motivation in low-resource lan-
guage learning?

RQ2 Does the addition of an agent that targets self-
regulation and learning behavior yield effects
beyond those of gameful design alone?

RQ3 How do these effects differ across environ-
ments that vary in institutional pressure, finan-
cial investment, and voluntariness of partici-
pation?

2 Related Work

Kurdish Language Varieties Kurdish is part of
the Indo-European language family and presents
a diverse spectrum of varieties which use Latin,
Perso-Arabic, and slightly modified writing sys-
tems (Tavadze, 2019). The most prominent variety-
groups and their language codes according to ISO-
639 are Northern Kurdish (kmr), also known as
Kurmanji (Haig and Opengin, 2018), Central Kur-
dish (ckb), known as Sorani (Sheyholislami, 2021),
Southern Kurdish (sdh) (Ahmadi et al., 2023),
Zazaki (zza) (Dogan, 2024), Gorani (hac), often
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called Hewrami (Mohammadirad, 2024), and Laki
(Iki) (Belelli, 2021).

Kurdish’ Low-Resource Status Ahmadi (2020)
describes Kurdish as a less-resourced language
and points out the lack of basic language process-
ing tools. For Central Kurdish, Ahmadi and Ma-
soud (2020) report scarce parallel data for Kurdish-
English machine translation and more recent work
finds that language technology resources are un-
evenly available across dialectal varieties (Ahmadi
et al., 2024). Even though recent years have
seen exciting progress in Kurdish natural language
processing (NLP) (Hassani, 2018; Morad et al.,
2024; Ahmadi et al., 2024), low-resource circum-
stances of language technology extend to the Kur-
dish learning context studied here.

Digital Language Learning Resources Digital
language learning resources are used in many for-
mats and learning contexts. In Computer-Assisted
Language Learning (CALL), software and learn-
ing activities can be evaluated using criteria such
as language learning potential, learner fit, meaning
focus, authenticity, positive impact, and practical-
ity (Chapelle, 2001). Research on mobile-assisted
and gamified language learning also covers differ-
ent types of applications, educational levels, learn-
ing settings, and evaluation measures (Ishaq et al.,
2021). However, research on digital game-based
second language (L2) learning has shown that most
studies were conducted in formal learning environ-
ments and that English was usually the target lan-
guage (Acquah and Katz, 2020).

Gamification in Language Learning Gamifica-
ton is frequently used in language learning by
integrating game elements such as points, feed-
back, quizzes, badges, leaderboards, rewards, and
progress indicators into learning activities (Zhang
and Hasim, 2023) These elements help provide
feedback, and make learners’ progress more vis-
ible. Such benefits do not always translate into
better learning outcomes. A systematic review
of foreign language learning research indicates
that findings range from positive and negative ef-
fects to no differences (Luo, 2023). Existing ev-
idence remains weak evidence for long-term ef-
fects and insufficient understanding of how gami-
fication should be adapted to specific educational
contexts (Dichev and Dicheva, 2017).

Self-Regulation & Behavioral Changes Self-
regulated learning (SRL) describes learning as an



active process in which learners plan, monitor, and
adjust their own learning. This includes setting
goals, selecting and applying strategies, evaluat-
ing progress, and responding to feedback (Jivet
et al., 2018). Major SRL frameworks conceptual-
ize these activities as cyclical. Zimmerman (2000)
distinguishes three phases: forethought, perfor-
mance, and self-reflection; whereas Winne and
Hadwin (1998) provide a more detailed account in-
volving task definition, goal setting and planning,
strategy use, and adaptation. Pintrich (2000) sim-
ilarly organizes SRL around forethought, monitor-
ing, control, and reflection, while emphasizing reg-
ulation across cognitive, motivational, behavioral,
and contextual dimensions.

Behavior change theories offer a broader per-
spective on why and how behaviors change. Some
focus on factors that shape behavioral intentions
and actions. For example, the Theory of Planned
Behavior (Ajzen, 1991) proposes that behavior is
influenced by intentions arising from attitudes, per-
ceived social norms, and perceived behavioral con-
trol. Related attitude-based accounts also empha-
size the combined role of cognitive and affective
factors (Zanna and Rempel, 2008). Other theories
describe change as a progression over time. The
Stages of Change Model (Prochaska et al., 1992),
originally developed in health research, charac-
terizes behavior change through a sequence of
stages from precontemplation and contemplation
to preparation, action, maintenance, and termina-
tion. These perspectives complement SRL by ex-
plaining not only how learners regulate ongoing
learning, but also how changes in behavior may be
initiated and sustained.

Evaluation of Deployed and Multimodal
Language-Learning Systems When evaluat-
ing language learning systems, evaluation can
consider both learning outcomes and learners’
experiences with the technology. Evaluation
frameworks in the field of CALL have incor-
porated learner-related factors when assessing
technology-assisted language learning tasks (Aljo-
hani, 2025). This is because the use of game
elements may alter the way learners engage in
activities, yet it does not necessarily lead to
corresponding differences in learning outcomes.
Zwitserlood et al. (2022) compared a tablet game
vocabulary intervention with a non-game interven-
tion using real objects. They found that learners’
vocabulary improved under both conditions, but
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with no significant difference between the two
intervention conditions. Sun et al. (2025) provides
further evidence from low-resource language tech-
nology. They developed Dia-Lingle, a gamified
interface to gather dialectal data with gamified
levels of difficulty and active learning. In their
usability evaluation, they reported a high level
of overall user satisfaction. Qualitative feedback
further suggested that varying difficulty levels
could support continued participation.

Multimodal technologies have been explored to
language learning in endangered and low-resource
contexts, as illustrated by a multimodal corpus
toolkit developed for Hawaiian language learn-
ing (Winkie et al., 2026). Montero-Pérez (2025)
points out that research on multimodal language
learning tools focuses on learning outcomes, such
as vocabulary acquisition and language compre-
hension, and how learners process different types
of input, including images, text, and audio. For ex-
ample, Guichon and McLornan (2008) found that
adding visual information and captions to audio in-
put improved French university students’ second
language comprehension of authentic audiovisual
materials.

3 Experiment Environments

We intend to study three environments, referred to
throughout as E1, E2, and E3. They were selected
because they place learners under markedly differ-
ent incentive structures while sharing the common
goal of learning a Kurdish language, which allows
comparable intervention families to be instantiated
in each. Yet, the environments differ in the source
languages learner bring, in the Kurdish variety tar-
geted, and in the degree to which learning activity
in its entirety can be observed.

E1: University module. Chinese students take
an elementary Kurdish module taught by a lec-
turer as part of a degree programme and learn Cen-
tral Kurdish. This is the most constrained of the
three environments, in that the stakes are high since
failure carries academic consequences. Addition-
ally, across multiple sessions per week, the lecturer
gives instructions and explanations to then assign
tasks to be completed both in class and at home.
Traditionally, this type of environment is primarily
analogue, with all participants meeting in the same
room. We will introduce a digital platform that me-
diates (at least a selected subset of) the lecturer’s
assignments, and it is this platform that carries the
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control condition, and in a redesigned form which is how our interventions are made.

experimental manipulation. Importantly, all of the
students receive the same platform throughout, so
the platform itself is held constant across different
manipulations. For the pilot study, the class starts
in the control condition, in which assignments are
presented in a conventional, digitized form. The
whole class then moves together into the gamified
condition, in which the same types of assignments
are presented in a gameful form, and subsequently
into the coaching condition, which will make use
of the same conventional assignments but with cer-
tain modifications surrounding them (see Figure 4).
Eventually, the class will work with a combined
condition we consider gamified coaching. The plat-
form itself is therefore held constant and is not con-
founded with the manipulation.

E2: Language course. Learners from various
backgrounds enroll in a paid course at a language
academy, taught by a teacher in order to learn a
Zazaki dialect. Investment here is financial rather
than academic, which we expect to produce a dif-
ferent commitment profile from E/. This environ-
ment already provides a small companion applica-
tion supporting quiz-based practice alongside the
course, which offers a natural site for our planned
intervention.

E3: Learning application. The least con-
strained of the three environments in which users
from various backgrounds can work towards a bet-
ter proficiency of Northern or Central Kurdish.
The application is free of charge, users choose
which language to study and which components to
interact with at any given moment, and participa-
tion can be abandoned at any point without con-
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sequences. This environment is entirely digital,
which makes it easier to introduce our planned in-
terventions, while we have to expect to see the high-
est attrition due to its unconstrained nature.

In collaboration with the developer, we are cur-
rently implemtenting the technical basis for users
to get different roles and permissions assigned in
order to use the application in different modes.
Each mode will hold one of the planned experiment
conditions for the users to use during language
learning. The application has several gamification
features, including experience points (XP), gems,
hearts, daily goals, leaderboards, duels, streaks,
and a shop. Which parts of the already existing
gamification elements we keep and which we need
to suppress in order to create a comparable control
condition across environments is still object of ac-
tive discussion.

4 Experimental Design

Across all three environments the study follows
a common skeleton which includes one control
group, one gamified treatment group, an agent-
based treatment group, and a combination of gam-
ified agent-based treatment group. Each group is
measured with the same instruments before and af-
ter the intervention period.

In each environment, and in cooperation with
the teaching or developing party, we introduce al-
ternative conditions that vary the modality of the
learning experience while holding the underlying
learning content constant. We aim at four condi-
tions per environment which we intend to create
as comparable as possible considering the vary-
ing nature of each context. The first is the un-



Env. | Setting Institutional Financial Volun- Content provider (Learn- | Delivery
pressure investment tariness ing actor) mode

El University High Low Low Lecturer (Student) Primarily in-
module person

E2 Language Medium High / Paid Medium Teacher (Learner) Mixed
course

E3 Learning ap- | Low None / Free High Developer (User) Fully digital
plication

Table 1: Contextual differences across the three learning environments.

modified but digitalized activities, serving as con-
trol. The second is a gameful redesign of the
same activities, targeting primarily extrinsic moti-
vation through game design elements. The third in-
troduces coaching, via an agent that accompanies
learners over time and prompts changes in learn-
ing behavior, targeting self-regulation and thus pri-
marily intrinsic motivation. The fourth and last
condition combines the agent-based intervention
with those gamification elements applied as part of
the second condition. This design provides a way
to disentangle the observed effects of gamification
and agent-based interventions more clearly via a
cross-comparison among all four settings.

The resulting design crosses three environments
with four condition families, as depicted in Fig-
ure 1. Since the environments differ in ways
we cannot control, we do not treat them as lev-
els of a factor to be tested against one another
but rather perceive each environment to support
a within-environment comparison, and the cross-
environment contrast to be interpreted qualita-
tively.

Considering the limited number of students in
the first year, we intend to slightly adjust the exe-
cution during our initial pilot study. As described
in section 3, we will have all students progress
through a staggered setup in which everyone ex-
periences the same condition at the same time and
in which the described measurements will be done
again at each transition between stages.

5 Procedure & Instruments

All groups are measured before and after the inter-
vention period using the same instrument families,
as well as when switching from one condition to an-
other. We plan a language proficiency assessment
at the start and at the end of the intervention period,
and a smaller such assessment between condition
intervals. In parallel, we aim to run initial and fi-
nal questionnaires covering self-regulation, and a
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self-assessment survey addressing perceptions of
gameful design. Since we will introduce digital
platforms for serving the different conditions, we
can log actual usage such as session count, time
spent on task, and feature interactions. By pairing
this telemetry with the self-report instruments we
will be able to distinguish learners’ reported en-
gagement from their real engagement. Taken to-
gether, these assessments should allow us to char-
acterise how different modalities affect language
learning outcomes and learner experience, and to
identify which combinations warrant further inves-
tigation.

Coaching Coaching utilizes a stage-based learn-
ing agent that supports students throughout the be-
havior change process to develop productive learn-
ing habits and metacognitive routines. It provides
timely learning analytics, personalized guidance,
and interactive prompts for goal setting, action,
reflection, adaptation, and maintenance. In each
behavior change stage, it will first provide a pri-
mary learning analytics, and then provide students’
agency to choose other supporting analytics. The
learning analytics could be descriptive, diagnostic,
predictive, and prescriptive. During practice, it can
also provide on-demand tutor support while keep-
ing the learner focused on their longer-term learn-
ing routine. Its name, avatar, and parts of its visual



Ganmification el- | Role in learning activities Example implementation Taxonomy
ement branch
Objectives Define clear, achievable learning goals | Missions, side-quests, milestones Personal
for each activity.
Point Provide immediate, quantifiable feed- | Earn experience points (XP)/points | Performance
back for completing activities or per- | for correct answers or completed
forming successfully. tasks
Progression Make learners’ progress toward goals | Progress bars, steps, maps; com- | Performance
visible over time. pleted/remaining activities
Acknowledge- Recognize accumulated achievement | Badges, achievement markers, tro- | Performance
ment and completion. phies

Table 2: Elements of the planned core gamification package, their roles in learning activities, and how they relate

to Toda et al. (2019)’s gamification taxonomy.

styles can be customized by the students to accom-
pany the students through their learning journey.

Interventions on Learner Activities The inter-
vention families are instantiated separately in each
environment, since the actors, the delivery channel,
and the degree of control over learner activities all
differ. In each case the responsible party, that is
the lecturer in E/, the teacher in £2, and the devel-
oper in E3, retains authorship of the learning con-
tent, while the redesign concerns how that content
is presented. The redesigns and intervening mod-
ifications of the learning material are derived in a
collaborative co-creation process together with the
researchers. Figure 3 provides an initial overview
of the planned interventions, while Figure 2 con-
trasts the three instantiations.

For the study, each environment will be re-
designed around five core learner activities: Vo-
cabulary, Grammar, Alphabet, Listening, and Di-
alogue. These cover the main forms of language
learning across the three environments. The orig-
inal content and goals will be kept, but the way
activities are presented will be reorganized. A
shared Core Gamification Package (see Table 2)
runs through all three environments. Objectives
provide learners with clear goals and a purpose to
perform the required tasks. Points provide an ex-
trinsic feedback to the user’ actions. Progression
provides an extrinsic guidance to the uses of their
advance through the activities. Acknowledgement
is a kind of extrinsic feedback that praises the play-
ers’ specific set of actions (Toda et al., 2019). The
four elements will stay the same across environ-
ments; only their implementation will be adapted
to each environment.

Ethics and consent. Aligning with work from
participatory research involving native speakers of
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low-resource languages (Millour, 2019), we base
our work on voluntary crowd-sourcing for eth-
ical reasons as well as to ensure quality (Fort
et al., 2011), and also for practical reasons of gain-
ing access to the participants (Callison-Burch and
Dredze, 2010) at all.

D >y > . >>

Intervention
intervall 4

| Students |

1 1
Students ] i Students ]V Students ]
1 1

Combined

(extrinsic + intrinsic)

Gamification
(extrinsic)

| Control |

\

Figure 4: Staged condition sequence where students
progress in the shown order during initial pilot study.

Coaching h
(intrinsic) T
1

Digital platform il to learning activiti ‘

6 Conclusion & Outlook

We are currently setting up the experiment start of
the first learning environment £/ (university mod-
ule) which will run until the end of the year Fig-
ure 4. Alongside, we aim to initiate the exper-
iments in the other two environments (language
course and learning application) which are cur-
rently being designed in more detail.

At the time of writing, we are working in close
collaboration with the stakeholders (teaching and
developing parties) of the three environments de-
scribed in this project outline. We are looking for
potential sources of funding to support develop-
ment and execution of the planned later stages of
this research work. The prototype which we will
use during the earlier pilot study is close to deploy-
ment. Together with the Chinese lecturer, we are
in the process of first digitizing the assignments for



the first group of students who just entered univer-
sity and then to introduce our different sets of in-
terventions into their coursework one after another.
Thereby, this pilot study allows us to run the first
iteration of experiments in the fixed sequence de-
scribed in section 3 and shown in Figure 4.

Depending on the pace at which we achieve
progress, we will then shift our efforts targeting the
other two environments (first £3, followed by E2)
from design to implementation and finally execu-
tion in order to initiate new experiment iterations
in sequence or even in parallel to E/. We hope to
gain many valuable insights from the initial pilot
study as well as from discussing this work at the
Multi-LLL workshop to best inform our work on
and during the later stages of this research experi-
ment.

7 Limitations

The following describes the identified limitations
of this work which should be considered carefully
and handled responsibly.

Lack of funding. The same economic chal-
lenges which language learners often face, cause
research to struggle when securing funding for this
kind of research. We rely on voluntary crowd-
sourcing and have to accept the resulting small and
self-selected samples sizes.

Few participants. As a consequence, the group
of each condition is bound to be small and potential
attrition (e.g. a student dropping out of university)
may severely affect the comparability of the final
results. While the expected dropout differs across
environments and might be a limitation as well as
insightful outcomes too, we opt to run a slightly
modified pilot study to face this risk.

Cross-sectional  self-reported  perceptions
Self-reporting on motivation and self-regulation
is vulnerable to social desirability bias, which
is most likely to affect E/ where the lecturer
who delivers the intervention is also the one who
assigns grades to the students in the end of a
term. In the scope of our intended pilot study,
this limitation slightly changes into “repeated
self-reported perception”, where the same learners
now report on each of the four stages in sequence,
which may affect their later ratings due to how
they rated earlier stages, rather than reflecting
each condition independently.
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Only few pre- or post-test Only relying on sin-
gle measurements may not be enough the detect
short-lived novelty excitement about a new plat-
form or modality. For this, a delayed follow-up
could detect how earlier observed motivational
gains slowly evaporate after the novelty of some-
thing like a gamified interface wears off. This plays
into our somewhat ambitious intention of setting
the experiments up such that they can run multiple
years in succession.

No causal claims Since we do not intend to treat
the three environments as levels of one factor due
to how different they are, research question 3 can
only be answered qualitatively. Within the environ-
ment during our pilot study, the fixed and uncoun-
terbalanced order of the four stages means that dif-
ferences between stages are also confounded with
the passage of time. As learners mature and gain
language proficiency which they carry over from
earlier stages, any observed stage-to-stage differ-
ences cannot clearly be attributed to a given con-
dition in isolation.

Possible recall bias and short or uneven expo-
sure The timing and extent of intervention actu-
ally received may vary among participants. In envi-
ronment E3, the learning application, participants
can freely choose their learning content and start
or stop at any time. Even when paticipants are as-
signed to the same conditon, the degree to which
they are actually exposed to the intervention may
differ.

Limited generalizability across Kurdish vari-
eties and interface-language groups Findings
from one variety-learner combination may not
transfer well to another, which is something that
has to be carefully considered when reporting re-
sults in later stages of the experiment.

Instrument validity across cultural and lin-
guistic contexts The self-regulation and moti-
vation instruments we intend to apply are drawn
largely from Western, well-resourced educational
research. Their validity for Kurdish-variety learn-
ers, or for constructs that are translated into Kur-
dish, Chinese, or other interface languages, is not
established at this point and may not transfer very
well.
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Abstract

How to evaluate large language models (LLMs)
cleanly has been established as an important re-
search era to genuinely report the performance
of possibly contaminated LLMs. Yet, how to
cleanly evaluate the visual language models
(VLMs) is an under-studied problem. We pro-
pose a novel approach to achieve such goals
through data augmentation methods on the vi-
sual input information. We then craft a new
visual clean evaluation benchmark with thou-
sands of data instances. Through extensive ex-
periments, we found that the traditional visual
data augmentation methods are useful, but they
are at risk of being used as a part of the training
data as a workaround. We further propose using
BGR augmentation to switch the colour chan-
nel of the visual information. We found that it
is a simple yet effective method for reducing
the effect of data contamination and fortunately,
it is also harmful to be used as a data augmen-
tation method during training. It means that it
is hard to integrate such data augmentation into
training by malicious trainers and it could be a
promising technique to cleanly evaluate visual
LLMs. Our code, data, and model weights will
be released upon publication.

1 Introduction

With the rapid advancement of LLMs (Hou et al.,
2025; Yang et al., 2025; Lu et al., 2026), VLMs
represent a critical milestone in the journey to-
wards artificial intelligence (Fan et al., 2023; Zhao
et al., 2023). VLMs extend the capabilities of tex-
tual LLMs by integrating cross-modal architectures
such as CLIP (Radford et al., 2021), allowing for
the interpretation and generation of multi-modal
content across both text and images (Cao et al.,
2024; Huang et al., 2024). Moreover, prior research
has established numerous benchmarks to evaluate
the capabilities of VLMs from various dimensions
(Fan et al., 2024; Fu et al., 2023a,b).

* Equal Contribution.
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However, the reliability of these VLM bench-
marks is at risk of being undermined by a widely
recognized issue in the LLLM evaluation: data con-
tamination. Data contamination occurs when the
benchmark data overlaps with a model’s training
data, causing the model’s performance metrics to
be artificially inflated and not truly representative
of its generalization ability (Magar and Schwartz,
2022; Dong et al., 2024). Researchers have de-
veloped various techniques for LLLMs to mitigate
these issues, including advanced detection methods
(Dong et al., 2024; Zhang et al., 2024), proactive
prevention strategies (Jacovi et al., 2023; Zhu et al.,
2024a; Fan et al., 2024), and genuinely evaluating
the capabilities of LLMs via input textual rephras-
ing (Zhu et al., 2024b).

While much attention has been given to the prob-
lem of data contamination for LLLMs, the ones for
VLMs remains under-explored. We propose a new
clean evaluation benchmark for VLMs and a novel
method to genuinely evaluate VLMs’ capabilities
by operation on the visual input.

Our benchmark comprises thousands of carefully
curated data which are newly released and collected
on the internet to ensure that the evaluation process
remains free from data contamination.

We found that traditional data augmentation such
as flipping and rotation on the image can help with
the problem of data augmentation, making the per-
formance closer to the uncontaminated model, they
are yet at risk of being used as a part of the train-
ing techniques. We propose a new method, BGR
channel swapping to the visual input, which we
fortunately found could not be used as a training
technique and can degrade the performance.

We make the following three key contributions:

* We establish a new visual clean evaluation
benchmark for VLMs.

* We propose to use data augmentation methods
to reveal the true capabilities of VLMs and
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Q: What is the central element in the

background of the image?
A: Statue.

Q: How many columns are visible in the
background of the image?

A: Four.
Q: What is the direction of the sunlight in

Q: What type of setting is shown in the
image?

A: Garden.
Q: What is the main object being held in

the image?
A: Gun.

: Are there any flowers visible in the
mage?

the image? i
A: Diagonal. A: Yes.

Figure 1: Two examples from the dataset. Pairs of
images with corresponding questions and answers.

reduce the impact of data contamination.

* We identify BGR channel swapping as a ro-
bust method for clean evaluation and prevent-
ing exploitation. Fortunately, further analysis
reveals that BGR data augmentation is harm-
ful and cannot be used during training.

2 Dataset

The dataset collected for this study originates from
the well-known gaming guide website Gamersky,'
from which we collected 1,000 high-quality im-
ages. These images capture key in-game scenes
and contain complex visual information, including
objects, text, and scene elements. Using GPT-40’s
multi-modal understanding capabilities >, we gen-
erated 1 to 3 question-answer (QA) pairs for each
image (see Figure 1). All generated QA pairs un-
derwent careful manual review and correction to
ensure accuracy and relevance. The final dataset
comprises 1,000 images and 2,561 rounds of dia-
logue. Furthermore, the distribution of game types
represented in our dataset is illustrated in Figure 2.

Importantly, the selected image data, collected
from June 20 to June 25, 2024, was published after
the release of the models used in this study. This
approach mitigates the risk of data contamination
by preventing the premature inclusion of our bench-
mark in pre-training datasets. Consequently, our
dataset provides an uncontaminated benchmark for
the evaluation of VLMs.

We partition our dataset into a training set (90%)
and a test set (10%). We use Low-Rank Adaptation
(LoRA) for fine-tuning VLMs (Hu et al., 2021).

"https: //www. gamersky . con/handbook/game/gl/
Zhttps://openai.com/research/gpt-4o
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Others

Shooting Games

Other RPG Games

Anime Games
Elden Ring

Figure 2: Distribution of the game genres in our col-
lected dataset. ‘Elden Ring’ (605 instances), ‘Anime
Games’ (227 instances, including Genshin Impact and
Honkai: Star Rail), ‘Other RPG Games’ (24 instances,
with titles like Dungeon 1& Fighter), ‘Shooting Games’
(122 instances, featuring GTA V, Valorant, and Delta
Force), and ‘Others’ (22 instances, including Palworld
and League of Legends).

3 Methodology

We train a baseline model, denoted as M7, on the
training set only. To simulate data contamination,
we construct a contaminated training set by replac-
ing a subset of the original training samples with
the test set (this keeps the total size of the training
set the same). This contaminated set is then used
to train a second model, M5. Both M; and Ms
are trained for multiple epochs to simulate differ-
ent levels of generalization and data contamination.
We expect higher performance on both models with
more epochs, and M5 is contaminated, so it should
report higher scores consistently than M.

To evaluate them fairly, we apply data augmen-
tation techniques such as multi-angle rotations,
and horizontal and vertical flips to transform them
while persevering their semantics. For each test
sample (z, z) € Deg, Where z is the text input and
z is the image, we generate augmented samples:

(z,2') = (z,t(2)), teT

Here, ¢ represents the functions of transformations.
x remains unchanged while z undergoes transfor-
mation, producing z’.

This augmentation process enables an assess-
ment of the model’s visual robustness and adapt-
ability by testing its performance on the trans-
formed images while keeping the textual input con-
stant. We formalize the prediction process on these


https://www.gamersky.com/handbook/game/gl/
https://openai.com/research/gpt-4o

augmented inputs as:

P(ylxz,2") = M(z,7'), 2 teT

(D

In Equation 1, M represents the model (either M,
or M>), t is a transformation function from the set
T, z is the original image input, 2’ is the trans-
formed image, and y is the model’s prediction.

We then use y as the calibrated output which
fairly represents the models’ performance.

t(2),

4 Experimental Setup

VLMs In our experimental setup, we evalu-
ated two state-of-the-art VLMs: bunny-4B and
internvl2.0-2B. These models were selected based
on their strong performance in MME (multi-modal
Evaluation) benchmarks (Fu et al., 2023a), partic-
ularly excelling in tasks involving existence and
position perception, OCR, common reasoning, and
numerical calculation.

Baselines We use classical data augmentation
methods such as multi-angle rotations, and hori-
zontal and vertical flips to evaluate VLMs fairly.

Metrics We employed ROUGE-1, ROUGE-2
(Lin, 2004), and BLEU (Papineni et al., 2002) met-
rics, which collectively measure linguistic overlap
and semantic similarities between generated and
reference texts, providing a comprehensive evalua-
tion of the models’ outputs.

Machine Environment Both models were fine-
tuned using LoRA on 2 RTX 4090 GPUs, each with
24GB of memory. For bunny-4B, we used the phi-
2 architecture with LoRA (rank 128, alpha 256),
while internvl2.0-2B employed parameter freez-
ing and LoRA (rank 16) for the language model
component. We utilized mixed-precision training
(bfloat16) and gradient checkpointing for memory
efficiency. Both models used an effective batch
size of 16, achieved through gradient accumulation,
and employed cosine learning rate schedules with
warmup. To simulate different contamination sce-
narios, we trained each model for both 5 and 10
epochs, using learning rates of Se-4 for bunny-4B
and 4e-5 for internvl2.0-2B.

5 Results
5.1

Table 1 illustrates the impact of simulated data con-
tamination on model performance. For both Bunny

Main Results
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Model Data BLEU ROUGE-1 ROUGE-2
Bunny (Epoch 5) Original  0.0816 0.5319 0.0352
Conta 0.1366 7 0.7482 1 0.1140 1
Bunny (Epoch 10) Original  0.0792 0.5248 0.0341
Conta 0.1413 1 0.7506 1 0.1174 1
InternVL (Epoch 5)  Original 0.1047  0.6250 0.0670
Conta 0.1499 1+ 0.7867 1 0.1238 1
InternVL (Epoch 10) Original 0.1001 0.6114 0.0739
Conta 0.1748 7 0.8973 1 0.1771 1

Table 1: Performance metrics for Bunny and InternVL
models on original and Conta (contaminated) data

and InternVL, we observed a substantial increase in
evaluation metrics when trained on contaminated
data. For instance, Bunny’s BLEU score increased
from 0.0816 to 0.1366 at 5 epochs, while ROUGE-
1 and ROUGE-2 scores also showed marked im-
provements. InternVL exhibited a similar pattern,
with contamination raising its BLEU score from
0.1047 to 0.1499. These inflated results suggest
that data contamination can lead to an overestima-
tion of a model’s true performance by allowing it to
access evaluation data during training. This high-
lights the need for a reliable method to counteract
this inflation and offer a more accurate assessment.

To address this challenge, we test various data
augmentation techniques as part of our clean eval-
uation process, as shown in Table 2. Applying
augmentations like rotations, flips, and our pro-
posed BGR channel swaps to the test data helped
reveal the true performance of contaminated mod-
els. For example, the BLEU score of the contami-
nated Bunny model dropped from 0.1366 to 0.1030
with horizontal flipping and further to 0.0796 with
150-degree rotation. These drops in performance
illustrate the model’s vulnerability when faced with
even slight modifications, further underscoring the
harmful effects of contamination. Importantly, the
performance of contaminated models under these
augmentations consistently fell between that of the
original uncontaminated models and the fully con-
taminated versions, validating the effectiveness of
our clean evaluation method in restoring a more
accurate reflection of model capabilities.

As the severity of augmentation increased, the
model’s robustness weakened, with larger rota-
tions causing greater performance degradation.
While small rotations showed only minor declines,
extreme transformations like 150-degree or 180-
degree rotations led to substantial drops, exposing
the contaminated model’s fragile generalization.



Models Original Model Contaminated Model
BLEU ROUGE-1 ROUGE-2 | BLEU ROUGE-1 ROUGE-2

Target Performance | 0.1047 0.6250 0.0670 0.1047 0.6250 0.0670
w/o Data Aug. - - - 0.1499 0.7867 0.1238
Vertical flip 0.0817 0.4982 0.0212 0.0974 0.5674 0.0439
Horizontal flip 0.0800 0.5169 0.0057 0.1030 0.5983 0.0341
Rotate 30° 0.0960 0.5825 0.0398 0.1144 0.6506 0.0663
Rotate 60° 0.0822 0.4929 0.0246 0.0927 0.5469 0.0417
Rotate 90° 0.0810 0.4996 0.0307 0.0977 0.5704 0.0534
Rotate 120° 0.0724 0.4437 0.0170 0.0808 0.4788 0.0227
Rotate 150° 0.0659 0.4275 0.0057 0.0796 0.4881 0.0170
Rotate 180° 0.0716 0.4456 0.0057 0.0844 0.5086 0.0360
BGR 0.1012 0.5750 0.0783 0.1368 0.7081 0.1108

Table 2: Performance comparison of InternVL model (Epoch 5) under various data augmentation techniques. The
table presents BLEU, ROUGE-1, and ROUGE-2 scores for both the original and contaminated models. Data
augmentation methods include vertical and horizontal flips, rotations (30°, 60°, 90°, 120°, 150°, 180°), and our
proposed BGR colour space conversion. The closer the models are to the target performance, the better they are.

Training Condition BLEU ROUGE-1 ROUGE-2

0.1047
0.1041

0.6250
0.6082

0.0670
0.0670

Original
Mixed BGR Data

Table 3: Comparison of InternVL model performance
with and without mixed data augmentation (5 epochs)

5.2 BGR swapping

Notably, we found that using our proposed BGR
augmentation apparently restores the performance,
where it scores the most of the metrics among all.

Also, during our experiments, we discovered
that the BGR channel-swapping method exhibited
particularly strong resistance to potential manipu-
lation. As shown in Table 3, incorporating BGR
augmentation into the training data does not lead
to a significant increase in model performance for
InternVL at 5 epochs. The BLEU scores for the
original model (0.1047) and the model trained with
mixed data augmentation (0.1041) are nearly iden-
tical, with similar trends observed for ROUGE-1
and ROUGE-2 scores. This result is crucial as it
indicates that BGR augmentation is particularly
useful and can effectively reveal a contaminated
model’s true capabilities while being difficult to
exploit through training data manipulation.

6 Conclusions and Related Work

Recent advancements in LLMs have highlighted
the critical issue of data contamination in natural
language processing. While significant progress
has been made in addressing this challenge for text-
based LLMs, the problem remains understudied for
VLMs. Notable contributions include CDD and
TED (Dong et al., 2024), which detect contamina-
tion through output distribution analysis and miti-
gate its impact on evaluation, and Clean-Eval (Zhu
et al., 2024b), which employs neural-based para-
phrasing to generate semantically equivalent but
surface-level different expressions of potentially
contaminated data.

Our research extends these clean evaluation tech-
niques to the visual domain, introducing a novel
approach to mitigate data contamination in VLMs
through visual data augmentation methods. We
collect and present a new clean evaluation bench-
mark for VLMs and propose various data augmen-
tation techniques, with a novel method called BGR
channel swapping emerging as a particularly robust
method for clean evaluation. This method demon-
strates resistance to exploitation during training,
effectively reducing the performance gap between
contaminated and uncontaminated models.

This work significantly advances the field of
VLMs evaluation, enhancing transparency and re-
liability in assessing model capabilities. As multi-
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modal Al continues to evolve, such clean evalua-
tion methods will play a crucial role in ensuring the
integrity of model development and deployment.
Future research may focus on extending these ap-
proaches to other modalities and investigating their
potential to improve the robustness and generaliza-
tion capabilities of VLMs beyond clean evaluation.
Our resources will be released upon publication.

Limitations

This paper has studied visual data contamination on
question answering. Further extending the scope
of tasks can enhance the usefulness of the method.

Ethics Statement

We honour and support the ARR Code of Ethics.
We spot no obvious ethical issues in this paper.
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Abstract

Audio representation learning has revolution-
ized acoustic intelligence, enabling audio foun-
dation models to generalize and perform well
across various downstream tasks. To bet-
ter characterize the paradigm shift in general
representation extraction and modeling, this
survey presents a unified decoupled frame-
work separating audio processing into audio-
to-feature representation learning and feature-
to-target downstream modeling. We system-
atically review modeling domains, represen-
tation forms, architectures, and pre-training
paradigms, while categorizing five integra-
tion mechanisms and downstream modeling
paradigms. Furthermore, we summarize repre-
sentative systems and discuss key trade-offs,
providing practical guidelines for designing
next-generation audio foundation models.

1 Introduction

Raw audio signals entangle complex, dynamic,
and diverse acoustic factors. While historical re-
search bottlenecked representational capacity by
relying on rigid hand-crafted features like MFCCs
(Davis and Mermelstein, 1980; Reynolds and Rose,
1995) and Log-Mel spectrograms (Cotton and El-
lis, 2011; Rakotomamonjy and Gasso, 2015) or
heuristic mixtures (Scheirer and Slaney, 1997; Lu
et al., 2002), data-driven deep learning (Hinton
et al., 2012; Abdel-Hamid et al., 2014) and self-
supervised learning (SSL) (Baevski et al., 2020;
Hsu et al., 2021; Chen et al., 2023) have redefined
this domain. By learning universal representations
directly from unlabeled data, pre-trained models
now support diverse downstream tasks, ranging
from speech language modeling (Borsos et al.,
2023a; Chen et al., 2024a) and low-latency dia-
logue (Défossez et al., 2024; Roy et al., 2026) to
unified generation (Chen et al., 2025b; Tian et al.,
2026d) and diffusion-based understanding (Zhou
et al., 2026a,b).

Current audio representation extraction
paradigm has shifted from task-specific networks
to large-scale pre-trained models capturing general
representations. These robust representations
diversify mapping mechanisms and inspire unified
architectures, such as discrete representations
with autoregressive prediction for audio language
modeling (Borsos et al., 2023a; Chen et al., 2024a)
and low-latency voice interaction (Défossez et al.,
2024; Roy et al., 2026), unified understanding and
generation via joint prediction (Chen et al., 2025b;
Tian et al., 2026d), and diffusion language models
for audio understanding (Zhou et al., 2026a,b).
However, existing task-centric surveys (Xie et al.,
2025b; Yeow et al., 2025; Guo et al., 2026b; Zhu
et al.,, 2025; Retkowski et al., 2025) or those
focusing solely on autoregressive speech-language
models (Yang et al., 2025; Peng et al., 2025a)
neglect representation injection and downstream
modeling, failing to capture this paradigm shift. To
address this, we propose a decoupled perspective
of representation and modeling that first delineates
representation space construction and evaluation
before discussing downstream adaptation strategies
across tasks.

Our main contributions are threefold: (a) we es-
tablish a decoupled taxonomy that untangles audio
foundation model research into “audio-to-feature”
representation extraction (Section 2) and “feature-
to-target” downstream modeling (Section 3); (b)
we systematically categorize five representation in-
jection mechanisms (Section 3.1) and analyze their
downstream task suitability, providing clear archi-
tectural guidelines for next-generation systems; and
(c) we provide a comprehensive, multi-dimensional
taxonomy of frontier models across three appen-
dices: representation models (Appendix D), pre-
trained foundation models (Appendix F.1), and fine-
tuned downstream models (Appendix F.2). This
decoupled lens offers actionable blueprints for mod-
ular audio architectures.
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2 Audio Representation Learning

An ideal universal audio representation efficiently
generalizes across diverse downstream tasks under
limited supervision (Turian et al., 2021). To system-
atically deconstruct this field, this chapter analyzes:
(1) audio modeling domains of raw signals (Sec-
tion 2.1), (2) representation form of audio features
(Section 2.2), (3) architectural designs of main-
stream audio representation models (Section 2.3),
and (4) data-driven pre-training paradigms (Sec-
tion 2.4). Additionally, the appendix provides: (5)
evaluation methods (Section B) and (6) a sum-
mary of mainstream audio representation models
(Section D).

2.1 Audio Modeling Domain
2.1.1 Time Domain

Time-domain modeling refers to directly ingesting
sampled raw acoustic waveforms into neural net-
works without any transform-domain operations.
By preserving complete physical signals, such as
phase and transient details, this approach is highly
suited for tasks requiring sample-level fidelity and
phase-sensitive reconstruction such as speech sepa-
ration (Bahmaninezhad et al., 2019; Luo and Mes-
garani, 2019; Luo et al., 2020), high-fidelity au-
dio generation (van den Oord et al., 2016), and
universal representation extraction (Yuksel et al.,
2025). Eliminating transform-related latency also
natively supports ultra-low latency applications
(Défossez et al., 2023). However, raw waveforms
result in extremely long sequences, posing severe
computational challenges for global attention mech-
anisms. Furthermore, lacking explicit harmonic
inductive biases, pure time-domain networks of-
ten face optimization difficulties in signal-to-signal
tasks (Nossier et al., 2020; Lin et al., 2024). To ad-
dress this, feature extraction front-ends commonly
leverage deep strided 1D-CNNs (Défossez et al.,
2023) or parameterized physical filterbanks (Ra-
vanelli and Bengio, 2018) to reduce dimensionality
and capture local temporal continuity.

2.1.2 Time-Frequency Domain

To capture temporal evolution, mainstream audio
tasks rely on time-frequency (T-F) modeling, where
the Short-Time Fourier Transform (STFT) projects
1D waveforms into 2D spectrograms. T-F repre-
sentations compress the temporal dimension, re-
ducing computational complexity (Radford et al.,
2023; Chen et al., 2023), and allow the seamless
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inheritance of computer vision architectures using
the “audio-as-image” paradigm (Gong et al., 2021;
Huang et al., 2022; Tuncay et al., 2025). Backed by
strong frequency inductive biases, T-F modeling is
well-suited for spectrum-dependent tasks like Au-
dio Event Detection (Hertel et al., 2016; Kong et al.,
2020b), Speech Emotion Recognition (Penumajji,
2025; Cao et al., 2025), and Audio Deepfake Detec-
tion (Pachon and Ballesteros, 2026; Hamza et al.,
2022). Nevertheless, T-F modeling faces physical
and mathematical limitations. First, STFT suffers
from a rigid time-frequency resolution trade-off,
typically mitigated by multi-resolution STFT losses
(Kong et al., 2020a; Yuan et al., 2025) or learnable
front-ends (Zeghidour et al., 2021; Leiber et al.,
2025). Second, phase wrapping within (—, 7]
disrupts gradient continuity (Engel et al., 2019;
Ai and Ling, 2023). Consequently, standard mod-
els abandon phase modeling (Radford et al., 2023;
Huang et al., 2022), or overcome this bottleneck
through adversarial training with time-domain dis-
criminators (Zeghidour et al., 2022; Défossez et al.,
2023; Zhang et al., 2024) or direct prediction of the
complex spectrum’s real and imaginary parts (Feng
et al., 2025; Wang et al., 2023).

2.2 Audio Representation Form

2.2.1 Continuous Representation

Continuous representations consist of high-
dimensional dense float vector sequences extracted
by an audio encoder at each time step. By preserv-
ing fine-grained acoustic details, they systemati-
cally excel on speech understanding benchmarks
(Wang et al., 2025a). Consequently, mainstream
autoregressive understanding models (e.g., Qwen2-
Audio (Chu et al., 2024), SALMONN (Tang et al.,
2024), Audio Flamingo 3 (Ghosh et al., 2025)) and
diffusion language models (e.g., the DIFFA series
(Zhou et al., 2026a,b)) widely adopt them. Inte-
grating these continuous sequences into modern
large language models (LLMs) typically requires
custom adapter modules and alignment training for
feature mapping and downsampling. On the genera-
tion side, continuous representations naturally align
with continuous-space diffusion and flow match-
ing algorithms (Le et al., 2023; Hung et al., 2026;
Tian et al., 2026d). For autoregressive generation,
systems can leverage regression-based objectives
to predict continuous target vectors directly, which
subsequently condition non-autoregressive models
(Liu et al., 2024b; Rouard et al., 2026). Alterna-



tively, methods can map generated discrete tokens
into continuous vectors to guide subsequent acous-
tic reconstruction (Du et al., 2024c, 2025).

2.2.2 Discrete Representation

Discrete  representations  compress  high-
dimensional continuous signals into sequences of
discrete symbols. These are primarily categorized
into acoustic tokens, generated by neural audio
codecs (van den Oord et al., 2017; Kumar et al.,
2023; Pepino et al., 2025; Gong et al., 2026a)
via residual vector quantization (RVQ) for
high-fidelity reconstruction, and semantic tokens,
derived from applying K-means to self-supervised
representations like HuBERT (Hsu et al., 2021)
and wav2vec 2.0 (Baevski et al., 2020) to capture
phonetic information (Borsos et al., 2023a,b). For
downstream modeling, discrete tokens enable
autoregressive language models to perform
next-token prediction via vocabulary expansion
(Borsos et al., 2023a; Agostinelli et al., 2023;
Shi et al., 2025; Arora et al., 2025), or can be
modeled via classification-based discrete diffusion
(Borsos et al., 2023b; Yang et al., 2023b; Long
et al., 2026). This discretization unifies text and
audio processing, endowing speech synthesis
systems with remarkable zero-shot and in-context
capabilities (Chen et al., 2025c, 2024a). To opti-
mize the compression ratio, recent architectures
apply semantic distillation during codec training to
preserve semantic content and acoustic quality at
low frame rates (Défossez et al., 2024).

2.3 Audio Representation Models and
Downstream Components

Figure 1 summarizes audio representation architec-
tures and downstream components.

2.3.1 Encoder-only

'With no learnable decoder, this architecture focuses
on generating dense, decoupled, discriminative la-
tent representations, and its downstream head is
typically a lightweight linear classifier. Represen-
tative Encoder-only models include AST (Gong
et al., 2021), HuBERT (Hsu et al., 2021), BEATs
(Chen et al., 2023), MERT (Li et al., 2024c), USAD
(Chang et al., 2025), and CAT (Han et al., 2026).
Furthermore, this paradigm extends to multimodal
scenarios, where models such as CLAP (Elizalde
et al., 2023) and SLAP (Siamese) (Guinot et al.,
2025) employ a dual-encoder structure to achieve
cross-modal alignment.

Encoder-only
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Figure 1: Architectures of Mainstream Audio Represen-
tation Models and Vocoder.

2.3.2 Encoder-Decoder

An encoder maps input signals to latent repre-
sentations, which a decoder converts into wave-
forms, spectrograms, or text. Depending on the
input/output modalities and bottleneck properties,
this architecture features three subcategories:

Cross-modal Encoder-Decoders align and
translate across heterogeneous modalities. Whis-
per (Radford et al., 2023) and OWSM v3.1 (Peng
et al., 2024) employ native Transformer decoders
for tasks like automatic speech recognition. Sta-
bleToken (Song et al., 2026) extends Whisper with
a quantization module for robust speech tokens,
while SLAP (Scalable) (Mei et al., 2026) adopts
an audio-text dual-encoder combined with a single
text decoder for efficient multimodal retrieval and
classification.

Autoencoders extract intrinsic representations
by mapping an input x to a low-dimensional latent
space z and minimizing the reconstruction error.
Structurally, Standard Autoencoders such as DWM
(Niizumi et al., 2026), DashengTokenizer (Dinkel
et al., 2026a), and CARL (Sridhar and Cartwright,
2025) maintain symmetric frameworks. Asymmet-
ric Autoencoders, including EnCodecMAE (Pepino
et al., 2025), Audio-JEPA (Tuncay et al., 2025),
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MATPAC (Quelennec et al., 2025), and WavJEPA
(Yuksel et al., 2025), utilize lightweight decoders
for pre-training reconstruction that are discarded
during inference to yield highly discriminative fea-
tures. Additionally, Diffusion Autoencoders like
LatentFT (Wang and Huang, 2026) incorporate dif-
fusion models into decoding to enhance latent ca-
pacity and signal restoration.

Neural Audio Codecs augment traditional au-
toencoders with quantizers. They impose a strin-
gent information bottleneck to compress high-
dimensional raw audio into low-dimensional to-
kens, followed by high-fidelity waveform restora-
tion via a generative decoder. Representative mod-
els include MOSS-Audio-Tokenizer (Gong et al.,
2026a), UniCodec (Jiang et al., 2025), SpeechTo-
kenizer (Zhang et al., 2024), DAC (Kumar et al.,
2023), EnCodec (Défossez et al., 2023), and Sound-
Stream (Zeghidour et al., 2022).

2.3.3 Vocoders

Vocoders typically map acoustic intermediate rep-
resentations, such as Mel-spectrograms, back into
raw time-domain waveforms. Prominent examples
of this paradigm include BemaGANv2 (Park et al.,
2025), PeriodWave (Lee et al., 2025), Vocos (Siuz-
dak, 2024), and WaveNeXt (Okamoto et al., 2023).
Furthermore, recent advancements have extended
this framework beyond continuous spectrograms;
for instance, T-Mimi (Wu et al., 2026b) trains the
vocoder to reconstruct high-fidelity audio condi-
tioned entirely on discrete codec tokens generated
by the Mimi encoder.

2.4 Audio Representation Model Pre-training
Paradigms

2.4.1 Supervised Pre-training

Audio representation models heavily rely on mas-
sive training datasets, yet acquiring clean human an-
notations is both challenging and expensive. Conse-
quently, weakly supervised learning utilizing large-
scale noisy data has emerged as one of the dom-
inant paradigms to overcome this bottleneck. In
large-scale weakly supervised pre-training, models
such as Whisper (Radford et al., 2023), PANNs
(Kong et al., 2020b), Contrastive-init/Captioning-
scratch (Tseng et al., 2026), OWSM v3.1 (Peng
et al., 2024), and StableToken (Song et al., 2026)
directly leverage massive web data with weak la-
bels, significantly enhancing their zero-shot gener-
alization capabilities. Additionally, weakly super-
vised knowledge distillation—adopted by SLAP

(Siamese)(Guinot et al., 2025), USAD (Chang
et al., 2025), LLM-Codec (Yang et al., 2024), and
CED (Dinkel et al., 2024)—utilizes soft labels gen-
erated by powerful teacher models to guide the
learning process, enabling the efficient transfer of
deep semantic features. On the generation side,
neural vocoders including WaveNeXt (Okamoto
et al., 2023), Vocos (Siuzdak, 2024), BemaGANv2
(Park et al., 2025), and T-Mimi (Wu et al., 2026b)
still fundamentally depend on real physical wave-
forms or spectrograms as strong supervised regres-
sion targets to ensure high-fidelity audio reconstruc-
tion. In addition, PACE (Li et al., 2026a) proposes
a continuous learning framework to address catas-
trophic forgetting in the pre-training of audio rep-
resentation models.

2.4.2 Self-Supervised Pre-training (SSL)

Self-Supervised Learning (SSL) has become the
dominant training paradigm for audio representa-
tion. It learns robust features from unlabeled audio
through proxy tasks, deriving supervision directly
from the data’s structure. SSL objectives are pri-
marily categorized into three types, often comple-
mented by joint pre-training:

Predictive Objectives. These losses compel
models to infer masked targets or distill teacher-
generated latent features to capture high-level
semantics. Specifically, HiBERT (Hsu et al.,,
2021), BEATSs (Chen et al., 2023), and DWM (Ni-
izumi et al., 2026) predict discrete labels, whereas
data2vec (Baevski et al., 2022), EAT (Chen et al.,
2024b), and Audio-JEPA (Tuncay et al., 2025)
leverage Teacher-Student architectures for latent
feature distillation. Additionally, LST (Lu et al.,
2026b) employs autoregressive sequence predic-
tion.

Contrastive Objectives. By pulling positive
samples closer and pushing negatives apart, these
losses filter out low-level acoustic noise to extract
discriminative, abstract semantics. CLAP (Elizalde
etal., 2023) and SLAP (Scalable) (Mei et al., 2026)
utilize this mechanism for cross-modal audio-text
alignment. Furthermore, wav2vec 2.0 (Baevski
et al., 2020) combines contrastive learning with
masked prediction over quantized representations,
while AaSP (Yamamoto and Okusa, 2026) applies
contrastive regularization to enhance representation
discriminability.

Reconstructive Objectives. After an informa-
tion bottleneck, these losses minimize reconstruc-
tion errors in signal or latent space to flawlessly
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Figure 2: A Comparison of Audio Representation Integration Mechanisms for Downstream Models.

restore acoustic details. For example, Audio-MAE
(Huang et al., 2022) and MAE-AST (Baade et al.,
2022) directly reconstruct masked spectrograms.
Similarly, neural codecs like VQ-VAE (van den
Oord et al., 2017), EnCodec (Défossez et al., 2023),
and DAC (Kumar et al., 2023) strictly rely on re-
construction objectives to guarantee high-fidelity
audio generation.

3 Modeling for Audio Tasks

This chapter explores downstream workflows fol-
lowing audio representation extraction. Specifi-
cally, we investigate integration mechanisms into
downstream models(Section 3.1) and subsequent
downstream modeling paradigms (Section 3.2).
Furthermore, the appendix introduces a comprehen-
sive taxonomy of audio tasks (Section C), outlines
training paradigms (Section E), and summarizes
representative audio models (Section F).

3.1 Audio Representation Integration
Mechanisms for Downstream Models

As illustrated in Figure 2, we systematically catego-
rize these mechanisms into five paradigms: Rigid
Temporal Downsampling, Elastic Semantic Align-
ment, Global Aggregation, Condition Modulation
and Token-level Integration.

3.1.1 Rigid Temporal Downsampling

Rigid temporal downsampling applies fixed-
ratio compression to extract acoustic envelopes.
Though computationally efficient and strictly order-
preserving, it risks over-smoothing and losing

fine-grained high-frequency details. Common
adapters for fixed-stride compression include 1D-
CNNs (Xie and Wu, 2024; Chen et al., 2026; Tian
et al., 2026b) and strided linear pooling (Xu et al.,
2025; StepFun Audio Team, 2025; Tian et al.,
2026a; Ghosh et al., 2026a). To mitigate the in-
formation loss inherent in uniform compression,
window-level Q-Former (Tang et al., 2024; Wang
et al., 2025d) and window-level self-attention (Jia
et al., 2025) introduce adaptive weighting within
fixed temporal windows.

3.1.2 Elastic Semantic Alignment

Addressing uneven audio density, elastic seman-
tic alignment reshapes the time axis along se-
mantic boundaries, mitigating the sequence length
mismatch between acoustic frames and language
model inputs while preserving semantics. Repre-
sentative mechanisms include CTC-guided com-
pression (Deng et al., 2026; Zhou et al., 2025),
which suppresses blank frames via posterior
peaks for variable-ratio compression; Continuous
Integrate-and-Fire (CIF)(Gao et al., 2022; Deng
et al., 2025a), which accumulates frame weights to
emit fused representations upon reaching a thresh-
old; and duration predictors(Le et al., 2023), which
explicitly estimate frame counts per phoneme to
guide feature pooling.

3.1.3 Global Aggregation

By discarding fine-grained temporal information,
global aggregation mechanisms condense core
acoustic features from variable-length audio into a
fixed-length summary. Representative techniques
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W: Waveform | M: Mel-spec | T Text | H o/H: Audio/Text Continuous Representations | Z 4/Z7: Audio/Text Discrete Tokens

||: Parallel branches | @: Feature fusion or concatenation | Tr: Transformer | Enc/Dec: Encoder/Decoder | Tok/Detok: Tokenizer/Detokenizer

RTD: Rigid Temporal Downsampling | CM: Condition Modulation | ESA: Elastic Semantic Alignment | GA: Global Aggregation | TI: Token-level Integration
C'AR: Autoregressive generation | £iNAR: Iterative Non-Autoregressive | % 1-NAR: One-shot Non-Autoregressive

Table 1: Overview of representative audio and speech models, their inference pipelines, and performance. Perfor-
mance for TTA, VC, and FSD tasks are sourced from AudioStory (Guo et al., 2025), X-VC (Zheng et al., 2026),
and PersonaPlex (Roy et al., 2026), respectively. For all other models, the performance are obtained directly from
their respective original publications. Bold indicates the best result, underline denotes the second-best result.

include Q-Former (Ghosh et al., 2024; Biswas
et al., 2026; Lu et al., 2026a), which uses a set
of learnable queries to attend to the entire acoustic
sequence, yielding compact, length-agnostic repre-
sentations for downstream LLMs. Global Attention
Pooling (Popov et al., 2022; Wang et al., 2026d)
derives this macroscopic summary by computing
a dynamically weighted sum of all audio frames
using learned attention scores.

3.1.4 Condition Modulation

Condition modulation guides generation by dynam-
ically reshaping backbone feature distributions us-
ing audio representation as independent variables.
Three core mechanisms prevail: FiLM (Liu et al.,
2024c; Gupta et al., 2026) predicts channel-wise
affine parameters for coarse-grained global injec-
tion, offering minimal computational overhead in
CNNs; AdaLLN (Chen et al., 2025c; Liu, 2024; Dror
et al., 2026) maps conditions to scaling and shift-
ing parameters, injecting global styles while stabi-
lizing gradients—now standard in DiTs and flow-
matching architectures; and cross-attention (Vyas
et al., 2023; Evans et al., 2025; Peng et al.,
2026b) leverages dynamic similarity addressing,
using backbone features as queries to achieve fine-
grained alignment with variable-length condition
sequences.

3.1.5 Token-level Integration

Token-level integration quantizes continuous audio
into symbol sequences, reducing complex cross-
modal modeling to a unified next-token prediction

paradigm. Current approaches fall into three cat-
egories: (1) training dedicated language models
from scratch without pre-trained backbones (Bor-
sos et al., 2023a; Chen et al., 2024a; Anastassiou
et al., 2024); (2) expanding the vocabularies of pre-
trained large language models (Rubenstein et al.,
2023; Liu et al., 2026a) or discrete diffusion mod-
els (Long et al., 2026); and (3) employing indepen-
dent audio and text vocabularies for decoupled pre-
diction (Défossez et al., 2024; Chien et al., 2026).

3.2 Downstream Task Modeling Paradigm

3.2.1 Discriminative

Discriminative modeling directly learns mappings
from audio representations to specific targets,
outputting classification or regression results via
lightweight neural networks. Discrete targets aim
to map inputs into a finite, mutually exclusive label
space, widely used in audio classification (Gupta
et al., 2026; Li et al., 2026a). Conversely, con-
tinuous targets project features into a continuous
real-valued space, exemplified by predicting contin-
uous time-frequency masks for speech separation
and enhancement (Wang et al., 2023; Liu et al.,
2024c), and similarity-based anomalous sound de-
tection (Wilkinghoff et al., 2026).

3.2.2 Autoregressive

Autoregressive modeling generates causal se-
quences via the chain rule, constrained by con-
tinuous or discrete representations. Continuous
representations map to LLM latent spaces via
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lightweight adapters for audio understanding (Chu
et al., 2024; Xu et al., 2025; Qwen Team, 2025;
Ghosh et al., 2025, 2026a). However, predicting
continuous matrices is intractable, restricting them
to inputs; furthermore, the lack of shared sym-
bols creates a modality gap that impedes chain-
of-thought integration (Wu et al., 2026a). Con-
versely, discrete tokens seamlessly align with AR
paradigms, sharing embedding spaces and cross-
entropy loss with text for audio generation (Bor-
sos et al., 2023a; Chen et al., 2025c; Gong et al.,
2026b). Nevertheless, discretization incurs in-
formation loss, and inherently lengthy audio se-
quences necessitate mitigation via dynamic token
compression (Lu et al., 2026b).

3.2.3 Iterative NAR Generation

Iterative generation performs parallel, synchronous
sequence updates using global context. In discrete
spaces, discrete diffusion recovers real tokens from
uniform noise, enabling audio generation via vo-
cabulary expansion (Borsos et al., 2023b; Long
et al., 2026), or audio understanding by predicting
text tokens from concatenated continuous audio
and text prompts (Zhou et al., 2026a,b). In contin-
uous spaces, traditional diffusion models denoise
Gaussian noise on latent (Evans et al., 2025) or
Mel-spectrogram (Popov et al., 2022) manifolds.
To optimize evolution trajectories, flow matching
directly regresses ODE vector fields, significantly
easing network fitting and permitting large infer-
ence steps to balance fidelity and efficiency (Le
et al., 2023; Liu, 2024).

3.2.4 One-shot NAR Generation

Assuming conditional independence, one-shot non-
autoregressive (NAR) generation yields complete
sequences in a single forward pass with O(1) la-
tency. To bridge cross-modal length mismatches,
it typically employs elastic semantic alignment via
CTC (Altinok, 2025), CIF (Gao et al., 2022), or
duration predictors (Ren et al., 2021; Kim et al.,
2021a). For strictly time-aligned scenarios, it em-
ploys deterministic feature mapping in continuous
latent spaces (Zheng et al., 2026) or parallel slot-
filling label prediction in discrete spaces (Mu et al.,
2026). Consistency Models (Ye et al., 2023; Li
et al., 2024b) distill iterative diffusion trajectories
into single-step mappings for high-fidelity continu-
ous generation.

3.2.5 Hybrid Modeling Paradigms

Hybrid paradigms balance sequence coherence
and generation efficiency through three evolution-
ary paths. First, integrating AR and Iterative
NAR: Seed-TTS (Anastassiou et al., 2024) and
CosyVoice3 (Du et al., 2025) cascade AR plan-
ning with NAR acoustic refinement, whereas Di-
TAR (Jia et al., 2025) interleaves global AR with lo-
cal intra-patch diffusion. Second, synergizing AR
with One-shot NAR: VALL-E2(Chen et al., 2024a)
and CALM (Rouard et al., 2026) leverage AR for
long-range logic while employing ultra-fast single-
step NAR to decode multi-layer or continuous con-
current features. Third, cascading discriminative
and generative models: Speech World Model (Zhou
et al., 2026¢) uses discriminative graph networks
to predict audio tags, serving as prompts to guide
controlled AR generation.

3.3 Representative Systems and Data Flow
Pipelines

Table 1 summarizes over 20 representative down-
stream systems across four core domains (un-
derstanding, generation, conversion, and interac-
tion) evaluated on standard benchmarks (e.g., Lib-
riSpeech (Panayotov et al., 2015), MMAR (Ma
et al., 2026b), Seed-TTS-Eval (Anastassiou et al.,
2024), AudioCaps (Kim et al., 2019), and Full-
Duplex-Bench (Lin et al., 2025a)). Our nota-
tion describes workflows through input modalities,
integration adapters, and downstream modeling
paradigms. Reported performance is not directly
comparable because model scales, pre-training
data, and evaluation settings differ. The table illus-
trates how pipeline choices—continuous versus dis-
crete representations and autoregressive versus non-
autoregressive architectures—shape downstream
capabilities.

4 Comparative Discussion and Future
Directions

4.1 Time and Time-Frequency Trade-off

Selecting between time-domain (T) and time-
frequency (T-F) representations involves a trade-
off between signal preservation and computational
efficiency. Time-domain modeling preserves raw
transients and phase, favoring tasks requiring wave-
form reconstruction or low-latency execution, such
as speech separation (Luo and Mesgarani, 2019),
telecommunication (Défossez et al., 2023), and
super-resolution (Yuan et al., 2025). Conversely,
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T-F modeling compresses sequence length and in-
troduces harmonic priors, making it suitable for se-
mantic comprehension and classification tasks like
event detection (Kong et al., 2020b) and emotion
recognition (Penumajji, 2025). For downstream
tasks demanding both frequency inductive biases
and phase details, hybrid modeling is adopted. For
example, OWL (Biswas et al., 2026) extracts STFT
and phase features simultaneously to support spa-
tial audio understanding.

4.2 Continuous and Discrete Representation
Trade-off

Selecting between continuous and discrete repre-
sentations fundamentally trades off acoustic fidelity
and text-audio modality alignment. Continuous rep-
resentations preserve dense acoustic details, mak-
ing them suited for discriminative speech under-
standing (Wang et al., 2025a) and high-fidelity con-
tinuous diffusion (Hung et al., 2026). Conversely,
discrete representations introduce quantization loss
but successfully unify audio and text tokens within
a single vocabulary. Thus, discrete tokens are
preferred for interactive speech-to-speech agents
and in-context voice synthesis (Chen et al., 2025c;
Défossez et al., 2024), which require unified au-
toregressive generation. Recent systems combine
both representation types hierarchically (Du et al.,
2024c, 2025), or use continuous representations for
high-quality, end-to-end reasoning and generation
(Rouard et al., 2026).

4.3 Comparative Discussion on Integration
Mechanisms

Selecting an integration adapter depends heavily
on the downstream task’s demand for temporal res-
olution versus global stylization. For sequence-
preserving speech understanding and translation,
rigid downsampling (Xie and Wu, 2024; Tian et al.,
2026a; Tang et al., 2024) and elastic semantic align-
ment (Deng et al., 2026; Gao et al., 2022; Le et al.,
2023) are commonly adopted to align temporal
resolution while preserving local ordering. Con-
versely, global classification and retrieval tasks pre-
fer global aggregation (Biswas et al., 2026; Popov
et al., 2022) to extract length-agnostic semantic
summaries. For high-fidelity generation, condition
modulation mechanisms like AdaLLN (Chen et al.,
2025c¢) and cross-attention (Vyas et al., 2023) are
standard for injecting stylistic constraints, while
token-level integration (Borsos et al., 2023a; Dé-
fossez et al., 2024; Roy et al., 2026) is well-suited

for unified, conversational speech-to-speech mod-
eling.

4.4 Downstream Modeling Paradigm
Selection and Evolving Trends

Downstream modeling depends on representations
and adapters. Discriminative modeling, paired
with rigid downsampling or global aggregation,
is suited for classification and mask prediction
(Wang et al., 2023; Gupta et al., 2026). Con-
versely, target-centric generation utilizes iterative
or one-shot NAR paradigms, paired with condition
modulation and elastic alignment, to achieve low-
latency synthesis (Ren et al., 2021; Le et al., 2023).
For conversational and reasoning tasks, AR model-
ing remains preferred to unify text-audio sequence
learning (Borsos et al., 2023a). The current trend
emphasizes hybrid cascades combining AR seman-
tic planning with NAR acoustic refinement (Du
et al., 2025), while pushing toward continuous au-
toregressive architectures (Rouard et al., 2026) and
audio-interleaved reasoning (Lin et al., 2025b; Wu
et al., 2026a) to eliminate quantization bottlenecks.

5 Conclusion

This survey presents a decoupled framework sepa-
rating the audio processing pipeline into represen-
tation extraction and downstream modeling. We
systematically review audio domains, representa-
tions, and architectures, while categorizing five
integration mechanisms and downstream model-
ing paradigms based on task suitability and trade-
offs. The appendix catalogs representative models.
These taxonomies offer guidelines for designing
next-generation audio foundation models.

Limitations

This survey covers literature up to early 2026 and
may omit recent developments. Differences in
datasets, hardware, and evaluation protocols limit
direct comparisons, especially for subjective gener-
ation tasks. Our analysis remains primarily qualita-
tive because controlled comparisons across design
choices are scarce and incomplete public documen-
tation restricts assessment of training costs and
efficiency.

Declaration on Generative Al

Generative Al was used to assist with language
editing and text refinement, including rephrasing
sentences and removing redundant expressions.
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A Overview of Taxonomy Framework

To provide a structured overview of the current
research landscape, we summarize the classifica-
tion framework proposed in this paper as shown in
Figure 3. This systematic categorization organizes
existing literature across key design dimensions,
including audio representation learning, integra-
tion mechanisms, and downstream task modeling
paradigms.

B Evaluation Methods for Audio
Representation Models

Evaluating audio representations centers on assess-
ing their latent space features. Models’ representa-
tional and generalization capabilities are typically
quantified based on feature independence, trans-
ferability, and acoustic fidelity across three main-
stream paradigms:

B.1 Frozen Feature Extraction (FFE)

FFE freezes the encoder as a static feature extrac-
tor. It encompasses two methods: linear probing

(LP), which trains a shallow classifier to test the
linear separability of original features (wen Yang
et al., 2021; Turian et al., 2022; Wu et al., 2024);
and zero-shot (ZS) evaluation, which performs di-
rect inference via cross-modal alignment without
downstream training, verifying the representations’
intrinsic semantic understanding and generalization
(Elizalde et al., 2023; Radford et al., 2023; Dinkel
et al., 2026b; Mei et al., 2026).

B.2 Fine-tuning (FT)

FT unfreezes the pre-trained model for joint op-
timization on specific downstream tasks (Shams
et al., 2024; Alex et al., 2024). By utilizing the
model as an initialization backbone adapted to
target data distributions, this approach explores
the transferability limits and performance upper
bounds, intuitively reflecting its practical deploy-
ment potential in complex tasks.

B.3 Direct Reconstruction (DR)

DR quantifies feature fidelity by restoring origi-
nal waveforms from compressed representations
via a decoder. Targeting reconstruction models
like autoencoders (Wang and Huang, 2026; Dinkel
et al., 2026a), neural codecs (Jiang et al., 2025;
Wan et al., 2025), and vocoders (Lee et al., 2025;
Park et al., 2025), it evaluates information compres-
sion efficiency and acoustic integrity by measuring
the preservation of underlying physical attributes
like timbre and phase.

C Summary of Audio Downstream Tasks

Audio downstream tasks and mainstream bench-
marks are summarized in Table 2

C.1 Understanding Tasks

Audio understanding maps audio inputs to textual
outputs, aligning condensed acoustic representa-
tions with textual semantic spaces to reflect hu-
man cognition. In multimodal paradigms, these
tasks leverage text or video prompts as auxiliary
instructions to guide specific auditory comprehen-
sion. These tasks are typically evaluated using
diverse benchmarks, such as LibriSpeech (Panay-
otov et al., 2015) for automatic speech recognition,
MMSU (Wang et al., 2026b) for audio question
answering, and Clotho (Drossos et al., 2020) for
automated captioning. Classification (Cls) funda-
mentally encompasses tasks such as acoustic scene
classification (ASC), sound event detection (SED),
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Section 2.1.1: Time Domain

(Bahmaninezhad et al., 2019), Conv-TasNet (Luo and Mesgarani, 2019), Dual-PathRNN (Luo et al., 2020),
WaveNet (van den Oord et al., 2016), WavJEPA (Yuksel et al., 2025), EnCodec (Défossez et al., 2023),
(Nossier et al., 2020), (Lin et al., 2024), (Ravanelli and Bengio, 2018)

Section 2.1.2: Time-Frequency Domain

Whisper (Radford et al., 2023), BEATs (Chen et al., 2023), AST (Gong et al., 2021), Audio-MAE (Huang et al.,
2022), Audio-JEPA (Tuncay et al., 2025), (Hertel et al., 2016), PANNs (Kong et al., 2020b), (Penumaijji, 2025),
Tri-Stream (Cao et al., 2025), FakeVoiceFinder (Pachon and Ballesteros, 2026), (Hamza et al., 2022), GAN-
Synth (Engel et al., 2019), (Ai and Ling, 2023), HiFi-GAN (Kong et al., 2020a), STSR (Yuan et al., 2025),
LEAF (Zeghidour et al., 2021), (Leiber et al., 2025), Vocos (Siuzdak, 2024), BemaGANv2 (Park et al., 2025),
SoundStream (Zeghidour et al., 2022), EnCodec (Défossez et al., 2023), SpeechTokenizer (Zhang et al.,
2024), STFTCodec (Feng et al., 2025), TF-GridNet (Wang et al., 2023)

Section 2.2.1: Continuous Representation

(Wang et al., 2025a), Qwen2-Audio (Chu et al., 2024), SALMONN (Tang et al., 2024), Audio Flamingo
3 (Ghosh et al., 2025), DIFFA (Zhou et al., 2026a), DIFFA 2 (Zhou et al., 2026b), Voicebox (Le et al.,
2023), TangoFlux (Hung et al., 2026), Audio-Omni (Tian et al., 2026d), AudioLDM 2 (Liu et al., 2024b),
CALM (Rouard et al., 2026), CosyVoice 2 (Du et al., 2024c), CosyVoice 3 (Du et al., 2025)

Section 2.2.2: Discrete Representation

VQ-VAE (van den Oord et al., 2017), DAC (Kumar et al., 2023), EnCodecMAE (Pepino et al., 2025), MOSS-
Audio-Tokenizer (Gong et al., 2026a), HUBERT (Hsu et al., 2021), wav2vec 2.0 (Baevski et al., 2020), Audi-
oLM (Borsos et al., 2023a), SoundStorm (Borsos et al., 2023b), MusicLM (Agostinelli et al., 2023), Voila (Shi
et al., 2025), CoT E2E (Arora et al., 2025), Diffsound (Yang et al., 2023b), Omni-Diffusion (Long et al., 2026),
VALL-E (Chen et al., 2025c), VALL-E 2 (Chen et al., 2024a), Moshi (Défossez et al., 2024)

Section 2.3.1: Encoder-only

AST (Gong et al., 2021), HUBERT (Hsu et al., 2021), BEATs (Chen et al., 2023), MERT (Li et al., 2024c),
USAD (Chang et al., 2025), CAT (Han et al., 2026), CLAP (Elizalde et al., 2023), SLAP (Siamese) (Guinot
et al., 2025)

Section 2.3.2: Encoder-Decoder

Whisper (Radford et al., 2023), OWSM v3.1 (Peng et al., 2024), StableToken (Song et al., 2026), SLAP (Scal-
able) (Mei et al., 2026), DWM (Niizumi et al., 2026), DashengTokenizer (Dinkel et al., 2026a), CARL (Srid-
har and Cartwright, 2025), EnCodecMAE (Pepino et al., 2025), Audio-JEPA (Tuncay et al., 2025), MAT-

PAC (Quelennec et al., 2025), WavJEPA (Yuksel et al., 2025), LatentFT (Wang and Huang, 2026), MOSS-
Audio-Tokenizer (Gong et al., 2026a), UniCodec (Jiang et al., 2025), SpeechTokenizer (Zhang et al., 2024),
DAC (Kumar et al., 2023), EnCodec (Défossez et al., 2023), SoundStream (Zeghidour et al., 2022)

Section 2.3.3: Vocoders
BemaGANv2 (Park et al., 2025), PeriodWave (Lee et al., 2025), Vocos (Siuzdak, 2024), WaveNeXt (Okamoto
et al., 2023), T-Mimi (Wu et al., 2026b)

Section 2.4.1: Supervised Pre-training

Whisper (Radford et al., 2023), PANNs (Kong et al., 2020b), Contrastive-init/Captioning-scratch (Tseng et al.,
2026), OWSM v3.1 (Peng et al., 2024), StableToken (Song et al., 2026), SLAP (Siamese) (Guinot et al., 2025),
USAD (Chang et al., 2025), LLM-Codec (Yang et al., 2024), CED (Dinkel et al., 2024), WaveNeXt (Okamoto
et al., 2023), Vocos (Siuzdak, 2024), BemaGANv2 (Park et al., 2025), T-Mimi (Wu et al., 2026b)

Section 2.4.2: Self-Supervised Pre-training

HuBERT (Hsu et al., 2021), BEATs (Chen et al., 2023), DWM (Niizumi et al., 2026), data2vec (Baevski et al.,
2022), EAT (Chen et al., 2024b), Audio-JEPA (Tuncay et al., 2025), LST (Lu et al., 2026b), CLAP (Elizalde

et al., 2023), SLAP (Scalable) (Mei et al., 2026), wav2vec 2.0 (Baevski et al., 2020), AaSP (Yamamoto and
Okusa, 2026), Audio-MAE (Huang et al., 2022), MAE-AST (Baade et al., 2022), VQ-VAE (van den Oord et al.,
2017), EnCodec (Défossez et al., 2023), DAC (Kumar et al., 2023)

Section 3.1.1: Rigid Temporal Downsampling

Mini-Omni (Xie and Wu, 2024), AudioChat (Chen et al., 2026), Bagpiper (Tian et al., 2026b), Qwen2.5-

Omni (Xu et al., 2025), Step-Audio 2 mini (StepFun Audio Team, 2025), UALM (Tian et al., 2026a), Audio
Flamingo Next (Ghosh et al., 2026a), SALMONN (Tang et al., 2024), U-SAM (Wang et al., 2025d), DITAR (Jia
et al., 2025)

Section 3.1.2: Elastic Semantic Alignment
CoT-ASR (Deng et al., 2026), CJST (Zhou et al., 2025), Paraformer (Gao et al., 2022), SimulS2S-LLM (Deng
et al., 2025a), Voicebox (Le et al., 2023)

Section 3.1.3: Global Aggregation

Slr?t?gcl)'gt%r:- GAMA (Ghosh et al., 2024), OWL (Biswas et al., 2026), DeSTA2.5-Audio (Lu et al., 2026a), DiffVC (Popov
Mechanisms et al.,, 2022), TimeAudio (Wang et al., 2026d)
Section 3.1.4: Condition Modulation

» AudioSep (Liu et al., 2024c), Unified TSD (Gupta et al., 2026), VALL-E (Chen et al., 2025c), Seed-VC (Liu,
5 2024), AIDD (Dror et al., 2026), Audiobox (Vyas et al., 2023), Stable Audio Open (Evans et al., 2025),

= VibeVoice (Peng et al., 2026b)

[}

k] Section 3.1.5: Token-level Integration

<=t AudioLM (Borsos et al., 2023a), VALL-E 2 (Chen et al., 2024a), Seed-TTS (Anastassiou et al., 2024), Au-

5 dioPaLM (Rubenstein et al., 2023), TtT (Liu et al., 2026a), Omni-Diffusion (Long et al., 2026), Moshi (Défossez
:u et al., 2024), MoshiRAG (Chien et al., 2026)

% Section 3.2.1: Discriminative

3 Unified TSD (Gupta et al., 2026), PACE (Li et al., 2026a), TF-GridNet (Wang et al., 2023), AudioSep (Liu et al.,
= 2024c), RDP+GeM (Wilkinghoff et al., 2026)

‘: Section 3.2.2: Autoregressive

o Qwen2-Audio (Chu et al., 2024), Qwen2.5-Omni (Xu et al., 2025), Qwen3-Omni (Qwen Team, 2025), Audio
'g Flamingo 3 (Ghosh et al., 2025), Audio Flamingo Next (Ghosh et al., 2026a), Echo (Wu et al., 2026a), Au-

2] dioLM (Borsos et al., 2023a), VALL-E (Chen et al., 2025c), MOSS-TTS (Gong et al., 2026b), LST (Lu et al.,

2026b)

— Section 3.2:

Downstream

Modeling
Paradigms

Section 3.2.3: Iterative NAR Generation

SoundStorm (Borsos et al., 2023b), Omni-Diffusion (Long et al., 2026), DIFFA (Zhou et al., 2026a), DiFFA-

2 (Zhou et al., 2026b), Stable Audio Open (Evans et al., 2025), DiffVC (Popov et al., 2022), Voicebox (Le et al.,
2023), Seed-VC (Liu, 2024)

Section 3.2.4: One-shot NAR Generation

Conformer-LAIL (Altinok, 2025), Paraformer (Gao et al., 2022), FastSpeech 2 (Ren et al., 2021), VITS (Kim
et al., 2021a), X-VC (Zheng et al., 2026), ForcedAligner (Mu et al., 2026), CoMoSpeech (Ye et al., 2023), CM-
TTS (Li et al., 2024b)

Section 3.2.5: Hybrid Modeling Paradigms
Seed-TTS (Anastassiou et al., 2024), CosyVoice3 (Du et al., 2025), DIiTAR (Jia et al., 2025), VALL-E 2 (Chen
et al., 2024a), CALM (Rouard et al., 2026), Speech World Model (Zhou et al., 2026c)

Figure 3: Taxonomy of Audio Representation Learning and Downstream Task Modeling Paradigms.
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Task Benchmarks
Understanding Tasks
Cls AudioSet(Gemmeke et al., 2017), TUT Urban Acoustic Scenes 2018(Mesaros et al., 2018), X-ARES(Zhang et al., 2025),
Classification BirdSet(Rauch et al., 2025), ASVspoof 5(Wang et al., 2026h)
ASR Librispeech(Panayotov et al., 2015), GigaSpeech(Chen et al., 2021a), FLEURS(Conneau et al., 2023),
Automatic Speech Recognition ContextASR-Bench(Wang et al., 2025b)

S2TT
Speech-to-Text Translation

MuST-C(Di Gangi et al., 2019), CoVoST 2(Wang et al., 2021), LongSpeech(Yang et al., 2026b)

MMAR(Ma et al., 2026b), MMSU(Wang et al., 2026b), MMAU-Pro(Kumar et al., 2026a), MMAU(Sakshi et al., 2025)

AQA
Audio Question Answering
AAC

AudioCaps(Kim et al., 2019), AudioSetCaps(Bai et al., 2025), Clotho(Drossos et al., 2020), BRACE(Guo et al., 2026a)

Automated Audio Captioning
AT

Audio-Text Retrieval

ReasonAudio(Zhang et al., 2026b), MARBLE(Yuan et al., 2023)

Speaker Diarization

SDBench(Durmus et al., 2025), M3SD(Wu, 2025)

TTS

Generation Tasks
TTSDS2(Minixhofer et al., 2026), EmergentTTS-Eval(Manku et al., 2026), Seed-TTS-Eval(Anastassiou et al., 2024),

Text to Speech LibriTTS(Zen et al., 2019), LibriTTS-R(Koizumi et al., 2023)

Tox tf(;fj}u dio TTA-Bench(Wang et al., 2026¢), AudioEval(Wang et al., 2026f)

Vide()Vt?;ﬁudio Vggsound(Chen et al., 2020), VidAudio-Bench(Zhang et al., 2026¢)

Text];g%[usic FakeMusicCaps(Comanducci et al., 2025), MusicCaps(Agostinelli et al., 2023)
ZVC

Zero-shot Voice Cloning

ClonEval(Christop et al., 2025), VCTK(Yamagishi et al., 2019)

T2ST
Text-to-Speech Translation

Voice Conversion

Conversion Tasks
VCC2020(Zhao et al., 2020), SVCC2023(Huang et al., 2023)

DNS Challenge(Dubey et al., 2024), URGENT SE Challenge(Saijo et al., 2025)

Speech Enhancement
SS

WSJO-mix(Hershey et al., 2016), LibriMix(Cosentino et al., 2020)

Speech Separation
AT

Audio Inpainting
S2ST

Speech-to-Speech Translation

CVSS(Jia et al., 2022), Emphassess(de Seyssel et al., 2024)

FSD
Full-duplex Spoken Dialogue

Interaction Tasks
Full-Duplex-Bench(Lin et al., 2025a), Full-Duplex-Bench-v2(Lin et al., 2026b), Full-Duplex-Bench-v3(Lin et al., 2026a),
FD-Bench(Peng et al., 2025b)

SDS
Spoken Dialogue System

ParaS2S(wen Yang et al., 2026), SD-Eval(Ao et al., 2024)

Table 2: Overview of Speech and Audio Tasks and Representative Benchmarks.

speaker identification (SID), speech emotion recog-
nition (SER), and other tasks that output classifica-
tion labels.

C.2 Generation Tasks

Conditioned on textual, visual, or acoustic sig-
nals, audio generation tasks employ deep gen-
erative models (e.g., autoregressive or diffusion)
to synthesize novel, high-fidelity, diverse, and
highly controllable audio content, encompassing
human speech, natural sound effects, and music.
Key evaluation benchmarks include Seed-TTS-
Eval (Anastassiou et al., 2024) for text-to-speech,
TTA-Bench (Wang et al., 2026¢e) for text-to-audio
generation, and VidAudio-Bench (Zhang et al.,
2026c¢) for video-to-audio synthesis. Additionally,
T2ST and S2TT can share benchmarks.

C.3 Conversion Tasks

Audio conversion tasks leverage source audio as
a semantic and temporal backbone. Guided by
text, audio conditions, or implicit objectives, they
perform feature disentanglement and attribute re-
construction within acoustic latent spaces, yield-

ing signals that preserve source content fidelity
while successfully capturing target attributes. Com-
mon tasks like voice conversion, speech enhance-
ment, and speech-to-speech translation are evalu-
ated on benchmarks such as SVCC2023 (Huang
et al., 2023), DNS Challenge (Dubey et al., 2024),
and CVSS (Jia et al., 2022). Particularly, Audio
inpainting lacks dedicated benchmarks, relying on
synthetic gaps across general datasets.

C.4 Interactive Tasks

Audio interaction tasks facilitate real-time, bidirec-
tional, and multi-turn human-machine communi-
cation via continuous audio streams. Driven by
natural speech and enriched with paralinguistic and
emotional features, they leverage full-duplex mech-
anisms for seamless listening and speaking, ulti-
mately realizing fluent spoken dialogues. To assess
interactive capabilities, researchers employ spoken
dialogue system benchmarks like ParaS2S (wen
Yang et al., 2026) and full-duplex evaluation suites
such as Full-Duplex-Bench-v3 (Lin et al., 2026a).
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D Summary of Audio Representation Models

D.1 Encoder-Only

Audio Modeling Audio Data

Model Scale Domain Rep. Form Pre-training Architecture — Tasks Eval
SP SO MU
PANNS (Kong et al., 2020b) ~8IM T+TF Cont. SL CNN ' v v CLS LP, FT
PASE+ (Ravanelli et al., 2020) - T Cont. SSL (Pred+dist) CNN+RNN v ASR LP, FT
wav2vec 2.0 (Baevski et al., 2020) 95M/317M T Cont. SSL (Cont+Pred) CNN+Transformer v ASR, CLS FT
AST (Gong et al., 2021) 86M TF Cont. SL. ViT v v v CLS FT
HuBERT (Hsu et al., 2021) 95M/317M/964M T Cont. SSL (Pred) CNN+Transformer v ASR FT
PaSST (Koutini et al., 2022) 87TM TF Cont. SL. ViT ' v v CLS FT
WavLM (Chen et al., 2022) 94.70M/316.62M T Cont. SSL (Pred) CNN+Transformer v ASR, S8, CLS, SD LP, FT
data2vec (Baevski et al., 2022) ~90M/~300M T Cont. SSL (dist+Pred) CNN+Transformer v ASR, CLS FT
BEST-RQ (Chiu et al., 2022) 0.6B TF Cont. SSL (Pred) Conformer v ASR FT
CLAP (Elizalde et al., 2023) 1.9B TF Cont. SSL (Cont) PANNs+BERT ' v v CLS ZS,LP,FT
M2D (Niizumi et al., 2023) 86M TF Cont. SSL (Pred+dist) ViT v v v CLS LP+FT
BEATs (Chen et al., 2023) ~90M TF Cont. SSL (Pred) ViT ' v v CLS FT
MERT (Li et al., 2024c) 95M/330M T Cont. SSL (Pred+Reco) CNN+Transformer v CLS LP
CED (Dinkel et al., 2024) 5.5M/10M/22M/86M TF Cont. SSL (Reco) + SL (dist) ~ ViT v CLS LP
DTF-AT (Alex et al., 2024) 69M TF Cont. SL ViT v v CLS FT
SSAMBA (Shams et al., 2024) TM/26M/99M TF Cont. SSL (Cont+Reco) Bi-Mamba v v CLS FT
SLAP (Siamese) (Guinot et al., 2025) 193M TF Cont. SSL (self-dist) HTS-AT v’ ATR,CLS LP,ZS
USAD (Chang et al., 2025) 24/94/330M TF Cont. SL (dist) Transformer ' ' v ASR, PR, SD, CLS LP, FT
GLAP (Dinkel et al., 2026b) ~90M TF Cont. SSL (Cont) Dasheng + Sonar + MLP v v v’ ATR,CLS zs
SONAR (Zhang et al., 2026d) ~90M TF Cont. SSL (Pred+self-dist) BEATs iter3+ ' v v CLS LP, FT
SPEAR (Yang et al., 2026¢) 94M/327M/600M TF Cont. SSL (Pred) + SL (dist)  Zipformer v v v’ ASR,PR,CLS, SE, SS,VC LPFT
Contrastive-init/Captioning-scratch (Tseng et al., 2026)  ~70M TF Cont. SL Zipformer-M v v v CLS, ATR, ACC, AQA LP
CAT (Han et al., 2026) - T Cont. SSL (self-dist) Transformer v v v CLS, ACC FT
UTS-Multi-Task (Zhou et al., 2026d) TF Cont. SL Zipformer-M v v v CLS, ATR, ACC, AQA LP
HEAR (Kawano and Sasaki, 2026) 15M TF Cont. SSL (Pred) Transformer v CLS LP, FT

Audio Rep. Form: Cont.: Continuous, Disc.: Discrete.

Pre-training: SSL: Self-supervised learning, SL: Supervised learning, USL: Unsupervised learning. Pred: Predictive, Cont: Contrastive, Reco: Reconstructive,
dist: distillation, self-dist: self-distillation.

Data: SP: Speech, SO: Sound, MU: Music.

Tasks: CLS: Classification, ASR: Automatic Speech Recognition, SD: Speaker Diarization, PR: Phoneme Recognition, AQA: Audio Question Answering, ATR:
Audio-Text Retrieval, AAC: Automated Audio Captioning, SE: Speech Enhancement, SS: Speech Separation, VC: Voice Conversion.

Eval: LP: Linear Probing, ZS: Zero-shot, FT: Fine-tuning.

Table 3: Overview of Encoder-only Audio Representation Learning Models

D.2 Encoder-Decoder

Audio Modeling Audio Architecture Data

Model Seale Domain Repr Form  Pre-training Tasks Eval
Encoder Quantizer  Decoder SP SO MU
Cross-modal Encoder-Decoder
Whisper (Radford et al., 2023) 39M/TAMI244M/T6OM/1 55B TF Cont sL Transformer - Transformer v ASR, S2TT 78
OWSM v3.1 (Peng et al., 2024) 101M/367M/1.02B F Cont SL E-Branchformer - Transformer v ASR, S2TT.SLU,CLS ~ LP
StableToken (Song et al., 2026) 320M TF Disc SL Transformer Voting-LFQ Transformer v ASR, CLS, TTS FT, DR
SLAP (Scalable) (Mei et al., 2026) ~2.6b TF Cont SSL (Cont+Pred) Audio Encoder + Text Encoder - Transformer v ATR, CLS, AAC 28, LR, FT
Autoencoders
MAE-AST (Baade et al., 2022) - TF Cont SSL (Reco) ViT - ViT v v v CLS FT
Audio-MAE (Huang et al., 2022) 22M/86M/304M TF Cont SSL (Reco) viT - Transformer v v s CLS, REC FT, DR
EnCodecMAE (Pepino et al., 2025) 43.6M/86.6/261.6M F Cont SSL (dist+Pred) Transformer - Transformer v v v CLSASR LP
EAT (Chen et al., 2024b) 88M TF Cont SSL (dist) ViT + CNN - CNN v v v CLS LP.FT
CARL (Sridhar and Cartwright, 2025) - TF Cont SLISSL (Reco) AudioMAE + Slot Transformer - MLP + CNN + Transformer v cLs Lp
MATPAC (Quelennec et al., 2025) ~86M F Cont SSL (Pred+dist) AST - Transformer v v v as LP
Audio-JEPA (Tuncay et al., 2025) 85.4M TF Cont SSL (dist) ViT - ViT v v v CLS LP
WavIEPA (Yuksel et al., 2025) ~90/300M T Cont SSL (dist) Wav2Vee 2.0 + ViT - ViT v v v s Lp
AaSP (Yamamoto and Okusa, 2026) 87TM TF Cont SSL (Pred+Cont) ViT - Cross-attention Blocks v v v CLS LP.FT
DashengTokenizer (Dinkel et al., 2026a) ~800M TF Cont SSL (Reco) MiDasheng + 2D CNN - Vocos s v v CLS, REC, TTA, SE LP.DR
DWM (Niizumi et al., 2026) ~86M TF Cont SSL (Pred) ViT - Transformer v v v s LR FT
LatentFT (Wang and Huang, 2026) - TIF Cont SSL (Reco) DAC /1D U-Net / MLP - 1D U-Net v MG DR
Neural Audio Codec

VQ-VAE (van den Oord et al., 2017) - T Disc SSL (Reco) CNN vQ CNN s REC, CLS LP. DR
SoundStream (Zeghidour et al., 2022) 84M T Dise SL CNN RVQ CNN v v RECSE DR
EnCodec (Défossez et al., 2023) - T Disc SSL (Reco) CNN +LSTM RVQ CNN + LSTM v v v REC DR
HiFi-Codec (Yang et al., 2023a) - T Dise SSL (Reco) CNN +LSTM Group-RVQ ~ CNN +LSTM v REC DR
DAC (Kumar et al., 2023) 76M T Disc. SSL (Reco) CNN RVQ CNN v v v REC DR
SpeechTokenizer (Zhang et al., 2024) ~100M T Disc SSL (Reco+dist) CNN + BILSTM RVQ CNN + BILSTM s TTS DR
SemantiCodec (Liu et al., 2024a) 75M TF Dise SSL (Reco) AudioMAE + BILSTM VAE Diffusion + Vocoder v v v s LP,DR
Single-Codec (Li et al., 2024a) - TF Disc SSL (Reco) Conformer + CNN vQ BiLSTM v TTS DR
Spectral Codecs (Langman et al., 2025) 65M TF Disc (Reco) CNN RVQ HiFi-GAN s TTS DR
LLM-Codec (Yang et al., 2024) 160M T Dise USL (GAN) + SL(dis)) ~ CNN RVQ Transformer v v CLS. TTS, SE 75, DR
SNAC (Siuzdak et al., 2024) 54.5M/19.8M T Disc. SSL (Reco) CNN RVQ CNN v v v REC DR
UniCodec (Jiang et al., 2025) 274M T Disc SSL (Pred) ConvNet + Transformer + MoE SimVQ Transformer 's v s REC, CLS DR
STFTCodec (Feng et al., 2025) 36M~42M F Dise SSL (Reco) ConvNeXt V2 + Self-Attention RVQ ConvNeXt V2 + Self-Attention v/ REC DR
DualCodec (Li et al., 2025a) ~628M T Disc SSL (Reco) CNN + ResNet RVQ CNN v TTS DR
SpecTokenizer (Wan et al., 2025) 450K/70M TF Disc SSL (Reco) CNN RVQ RNN 's REC, ASR DR
UniSRCodec (Zhang et al., 2026¢) - F Dise SSL (Reco) Open-MagViT2 SimVQ  Open-MagViT2+BigVGAN+2 v v v CLS LP,DR
MOSS-Audio-Tokenizer (Gong et al., 2026a) 1.6b T Disc SSL (Reco) Transformer RVQ Transformer v v v TTS, ASR DR, FT

Form: Cont: Continuous, Disc: Discrete.

Pre-training: SSL: Self-Supervised Learning, SL: Supervised Learning, USL: Unsupervised Learning, Pred: Predictive, Cont: Contrastive, Reco: Reconstructive,
dist: distillation.

Data: SP: Speech, SO: Sound, MU: Music.

Tasks: CLS: Classification, ASR: Automatic Speech Recognition, TTS: Text-to-Speech, TTA: Text-to-Audio, ATR: Audio-Text Retrieval, AAC: Automated Audio
Captioning, MG: Music Generation, SE: Speech Enhancement, REC: Reconstruction, S2TT: Speech-to-Text Translation, SLU: Spoken Language Understanding.
Eval: LP: Linear Probing, ZS: Zero-shot, FT: Fine-tuning, DR: Direct Reconstruction.

Table 4: Overview of Encoder-Decoder Audio Representation Learning Models
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D.3 Vocoder

Model Scale Audi;)ol::[l(;;i:ling Reg.“;‘l:rm Pr;}t:::;ng Architecture Data Tasks Eval
SP SO MU

‘WaveNet (van den Oord et al., 2016) T—T Disc SL CNN v v REC, ASR DR, FT
‘WaveRNN (Kalchbrenner et al., 2018) - TF - T Cont SL RNN + CNN v REC DR
‘WaveGlow (Prenger et al., 2019) TF—T Cont SL CNN v REC DR
GANSynth (Engel et al., 2019) TF =T Cont SL CNN v REC DR
‘WaveGrad (Chen et al., 2021b) 15M/23M TF—T Cont SL UBlock + DBlock v REC DR
DiffWave (Kong et al., 2021) 2.64M/6.91M TF - T Cont USL Diffusion v REC, UG DR
HiFi-GAN (Kong et al., 2020a) 0.92M/1.46M/13.92M TF—T Cont SL CNN v REC DR
Fre-GAN (Kim et al., 2021b) TF - T Cont SL HiFi-GAN v REC DR
UnivNet (Jang et al., 2021) 4M/14.86M TF—T Cont SL MelGAN v REC, TTS DR, FT
iSTFTNet (Kaneko et al., 2022) 13.26M TF - T Cont SL CNN + DSP v REC, TTS DR
BigVGAN (Lee et al., 2023) 14M/112M TF—>T Cont SL HiFi-GAN v REC DR
Vocos (Siuzdak, 2024) 13.5M Token/TF — T  Disc/Cont SL ConvNeXt v REC, TTS,MG DR, ZS
HiFTNet (Li et al., 2023b) 17.7M TF—>T Cont SL LSTM + CNN v REC DR
APNet2 (Du et al., 2024a) TF—T Cont SL ConvNeXt V2 v REC DR
‘WaveNeXt (Okamoto et al., 2023) TF - T Cont SL ConvNeXt + Linear Layer v REC DR
PeriodWave (Lee et al., 2025) 29.7M TF—T Cont SL U-Net v REC DR
BemaGANV?2 (Park et al., 2025) ~14M TF - T Cont SL CNN v REC DR
T-Mimi (Wu et al., 2026b) 40.8M Token — T Disc SL Transformer v REC DR

Input Rep. Form: Cont: Continuous, Disc: Discrete. Pre-training: SL: Supervised Learning, USL: Unsupervised Learning.

Data: SP: Speech, SO: Sound, MU: Music.

Tasks: REC: Reconstruction, ASR: Automatic Speech Recognition, TTS: Text-to-Speech, UG: Unconditional Generation, MG: Music Generation.

Eval: ZS: Zero-shot, FT: Fine-tuning, DR: Direct Reconstruction.

Table 5: Overview of Vocoders

E Training Paradigms for Audio
Downstream Task Models

Building a robust downstream audio system re-
quires distinct training paradigms to align acoustic
features with semantic goals. Depending on the ar-
chitecture and data availability, these paradigms
range from massive multimodal pre-training to
training-free adaptations.

E.1 Pre-training

Pre-training refers to constructing a general-
purpose foundation model with strong generaliza-
tion capability using large-scale universal data. In
multimodal audio modeling, it is divided into four
primary approaches:

Native Multimodal End-to-End Training Ini-
tialized from scratch, this paradigm maps all modal-
ities into a shared semantic space from the out-
set. Joint modeling under a unified objective en-
ables native multimodal capability, exemplified by
GPT-40 (Hurst et al., 2024) and Gemini2.5(Gemini
Team, 2025). Despite prohibitive costs and severe
convergence challenges, SODA (Manakul et al.,
2026) unifies audio and text tokens to pre-train a
Transformer backbone entirely from scratch.

Cross-modal Alignment End-to-End Pre-
training Relying on pre-trained LLMs and
audio extractors, this paradigm uses bridging
mechanisms to map audio representations into
the dominant text modality’s continuous latent or
discrete token space. It typically adopts multi-stage
training: models like Qwen2.5-Omni (Xu et al.,
2025) and Qwen3-Omni (Qwen Team, 2025)
initially execute cross-modal alignment before
conducting global end-to-end joint optimization.
Alternatively, this paradigm can treat one modality
as the generative target and the other as a guiding
condition, as exemplified by the text-guided speech
generation in DiTAR (Jia et al., 2025).

Modular Pre-training This paradigm decom-
poses complex systems into functionally indepen-
dent sub-networks trained separately with local ob-
jectives, avoiding global gradient sharing. Succes-
sive modules are conditioned on preceding out-
puts to align multimodal capabilities with text.
For instance, Seed-TTS (Anastassiou et al., 2024)
independently pre-trains a speech tokenizer and
vocoder, subsequently concatenating audio and text
tokens to pre-train a cascaded Transformer-DiT
backbone. Similarly, Moshi (Défossez et al., 2024)
separately pre-trains a text backbone and an audio
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codec, later leveraging extracted audio tokens to
continually train the backbone, thereby unifying
the text and audio spaces.

E.2 Post-training

After unsupervised distribution matching, post-
training introduces explicit supervision and human
preferences to directionally distort the model’s gen-
eration trajectory for real-world interactions.

Supervised Fine-Tuning (SFT) employs high-
quality instruction-output pairs for either full or
parameter-efficient updates. It activates pre-trained
knowledge, enabling models to strictly follow hu-
man instructions and master specific downstream
tasks and interaction paradigms. Recent frame-
works like MoshiRAG (Chien et al., 2026) leverage
SFT to integrate retrieval-augmented generation for
dialog systems, while CoT-ASR (Deng et al., 2026)
utilizes it to incorporate multi-step reasoning into
speech recognition.

Reinforcement Learning (RL) leverages hu-
man or Al feedback to construct reward signals
via algorithms like RLHF, DPO, or GRPO. By
maximizing expected returns, RL compensates for
SFT’s limitations in optimizing subjective crite-
ria, thereby enhancing generation quality, ensuring
human-value alignment, and effectively mitigating
hallucinations. To unlock advanced cognitive abil-
ities, systems such as Step-Audio-R1 (Tian et al.,
2025) and Audio-DeepThinker (He et al., 2026)
employ RL-based reasoning strategies to system-
atically enhance performance in complex audio
question-answering tasks.

E.3 Supervised Training from Scratch

Supervised Training from Scratch optimizes a ran-
domly initialized backbone for a specific down-
stream task using labeled data. However, its perfor-
mance ceiling is inherently bounded by the scale
of human annotations, resulting in poor transfer-
ability. Despite these transferability limits, it re-
mains a robust choice for specialized generation
and conversion tasks, as demonstrated in Stable
Audio Open (Evans et al., 2025) for text-to-music
generation and X-VC (Zheng et al., 2026) for voice
conversion.

E.4 Training-free

Training-Free approaches yield decisions or gener-
ations without any gradient updates during down-
stream adaptation. For instance, RDP (Wilkinghoff
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et al., 2026) detects anomalous sounds by compar-
ing feature distances between test and normal au-
dio, whereas Audio-CoT (Ma et al., 2025) employs
inference-time prompting to elicit the model’s in-
ternalized reasoning capabilities.



F Summary of Audio Downstream Task Models

F.1 Overview of Pre-trained Models

Model Scale Audio Representation Model Base Model DeTokenizer / Vocoder Cond. Method  Modeling Paradigm  Pre-training Post-training ~Tasks Downstream
GSLM (Lakhotia et al., 2021) - CPC/ wav2vec 2.0/ HUBERT + k-means  Transformer Tacotron-2 + WaveGlow b AR Modular - Gen 7ve

VALL-E (Chen et al., 2025¢) ~300M EnCodec Decoder-only Transformer EnCodec Decoder TH+CM AR, Tier, NAR Modular - Gen, Conv TTS, ZVC. SE
AudioPalM (Rubenstein et al., 2023) 8B USM-v2/ USM-v1 / w2-BERT PaLM/PaLM-2 SoundStorm / SoundStream Decoder  RTD + T AR CMAE2E  SFT Und, Gen ASR, S2TT, $25T, TTS
AudioLM (Borsos et al., 2023a) ~098 W2v-BERT + SoundStream Decoder-only Transformer SoundStream Decoder TI+RTD AR Modular - Gen cis

Qwen-Audio (Chu etal,, 2023) ~8B Whisper-large-v2 Encoder Quen-TB - RTD AR CMAE2E  SFT Und ASR, S2TT, AAC, Cls
SpeechGPT (Zhang et al., 2023) 138 HUBERT Transformer HiFi-GAN b AR CMAEE  SFT Int, Und, Gen SR, SDS, TTS
MusicLM (Agostinelli et al., 2023) ~129B W2v-BERT + SoundStream + MuLan Decoder-only Transformer SoundStream Decoder b AR Modular - Gen ™

SoundStorm (Borsos et al., 2023b) 350M W2v-BERT + SoundStream Conformer SoundStream Decoder b Tter. NAR Modular - Gen TTS, ZVC

Audiobox (Vyas et al., 2023) 330M EnCodec Transformer EnCodec Decoder oM Trer. NAR Modular SFT Gen, Cony TTS, TTA, ZVC, Al
Diffsound (Yang et al, 2023b) ~160M VQVAE Transformer MelGAN o™ Tter. NAR Modular - Gen A

SeamlessMAT (Communication etal., 2025)  1.2B/23B W2v-BERT 2.0 SeamlessMAT-NLLB HiFi-GAN RTD+CM AR Modular SFT Und ASR, S2TT, T25T. $25T
Voicebox (Le et al, 2023) ~360M Mel-Spectrogram Transformer HiFi-GAN ESA+CM  lter NAR Modular - Gen, Cony TTS, ZVC. SE

LTU (Gong etal., 2024) ~TB AST LLaMA-7B - b AR CMAE2E  SFT Und Cls, AAC, AQA
VALL-E 2 (Chen et al., 20242) - EnCodec Decoder-only Transformer Vocos TH+CM AR, Tier. NAR Modular - Gen, Cony TTS, ZVC
Qwen2-Audio (Chu et al,, 2024) 8.2B Whisper-large-v3 Encoder QuenTB - RTD AR CMAE2E  SFT.RL Und ASR, S2TT, Cls
AudioLDM 2 (Liu et al 2024b) TIZM/346M AudioMAE + VAE GPT-2 + Transformer-UNet HiFi-GAN o™ AR+ Iter. NAR Modular - Gen TTA, TTM, TTS
SALMONN (Tang et al., 2024) 138 Whisper-large-v2 Encoder + BEATS Vicuna-13B - RTD AR CMAE2E  SFT Und ASR, S2TT, AAC
CosyVoice 2 (Du et al,, 2024c) - FSQ-SenseVoice Quen2.5-0.5B + Transformer-UNet HiFi-GAN oM+ AR+ Iter. NAR Modular  SFT,RL Gen TTS, ZVC

Moshi (Défossez et al., 2024) ~1.6B Mimi RQ-Transformer Mimi Detokenizer RTD +TI AR Modular SFT Tnt FSD

Seed-TTS (Anastassiou et al., 2024) - Custom Speech Tokenizer Transformer+DiT Acoustic Vocoder b AR+ Iter. NAR Modular  SFT,RL Cony TTS, Ve
GLM-4-Voice (Zeng et al., 2024) 9B Whisper-large-v3 Encoder + VQ GLM-4-9B-Base HiFi-GAN b AR Modular SFT T, Gen AQA, TTS, SDS
GAMA (Ghosh et al., 2024) 7B AST LLaMA-2-78 - GA AR Modular  SFT Und Cls, AQA, AAC
GPT-do (Hurstet al., 2024) - - Transformer - b AR NM-EE - Und, Gen, Int, Conv -

Baichuan-Audio (Li et al., 2025b) 78 Baichuan-Audio-Tokenizer Baichuan 7B + Flow-matching Decoder HiFi-GAN b AR+ lter. NAR CMAEE  SFT Und, Gen, Int ASR, S2TT, TTS, AQA
Qwen2.5-Omni (Xu et al., 2025) 7B Quen2 Audio Encoder Quen2.5-7B + Flow-matching Decoder BigVGAN TI4+RTD AR+ Tter. NAR CMAE2E  SFT.RL Und, Gen, Int ASR, S2TT, AQA, Cls
Kimi-Audio (KimiTeam et al, 2025) 78 GLM-4-Voice Tokenizer + Whisper Encoder - Qwen2.5-78 + Flow-matching Decoder BigVGAN TI+RTD AR+ Iter. NAR CMAEE  SFT Und, Gen, Int ASR, AQA, Cls, AAC
Gemini 2.5 (Gemini Team, 2025) - - - - b AR NM-E2E  SFT.RL Und, Gen, Int ASR, S2TT, TTS, SDS
Step-Audio 2 mini (StepFun Audio Team, 2025) 7B Quen? Audio Encoder Quen2.5-7B + Flow Matching Decoder HiFi-GAN RTD+T1 AR+ Iter. NAR CMAE2E  SFT.RL Und, Gen, Int ASR, S2TT, AQA, TTS
FireRedTTS-2 (Xie et al., 20252) - Whisper-based Encoder + RVQ Quen25 Vocos b AR Modular SFT Gen, Cony ZVC, SDS, TTS
Qwen3-Omni (Qwen Team, 2025) 338 AuT Quen3 Codec2Way RTD AR CMAE2E  SFT.RL Und, Gen, Int R, S2TT, ATR, AQA
LEM2-Audio (Amini et al., 2025) 1.5B FastConformer LFM2-1.2B + RQ-Transformer Vocos RTD AR CMAE2E  SFT.RL Und, Gen, Int ASR, TTS, SDS,
Mimo-Audio (LLM-Core Xiaomi, 2025) 78 Mimo-Audio-Tokenizer Mimo-7B-Base, Mimo-Audio-Tokenizer / Vocos RTD+TI AR CMAEE  SFT Und, Gen, Conv. Int ASR, TTS, AQA, VC
Audio Flamingo 3 (Ghosh et al., 2025) 7B AF-Whisper Encoder Quen25-7B Neural Audio Codec RTD AR CMAE2E  SFT Und, Gen, Int ASR, Cls, AAC
GOAT-SLM (Chen et al, 2025b) 78 Whisper-small Encoder TeleChat2-7B + Flow-matching Decoder Vocoder RTD AR+ lter. NAR CMAEE  SFT Und, Gen, Int AQA, SDS, TTS

CoT E2E (Arora et al., 2025) 178 ESPnet-Codec + XEUS SpeechLM ESPnet-Codec b AR CMAE2E  SFT nt DS

CosyVoice 3 (Du et al, 2025) 058,158 FSQ-MinMo Transformer DiT TH+CM AR+ lter. NAR Modular  SFT,RL Gen TTS, ZVC

Voila (Shi et al., 2025) - Voila Tokenizer Voice-language LLM backbone + Audio Transformer  Voila Detokenizer b AR CMAE2E  SFT.RL Und, Gen, Int, Conv AR, TTS, DS, S2TT
DITAR (Jia et al, 2025) 0.1B/04B/0GB/LOB  VAE Causal Transformer + LocDiT BigVGAN RTD+CM AR +lter NAR CMAEE  SFT Gen TS

HeartMula (Yang et al., 2026a) 33B/7B HeartCodec Tokenizer Llama 3.2 HeartCodec Detokenizer b AR Modular SFT,RL Gen ™

SODA (Manakul et al, 2026) 135M/G00M/1TB/4B  Mimi Tokenizer Quen3-based Mimi Detokenizer b AR NMEE  SFT Gen, Conv, Und TS, ZVC. ASR
MOSS-TTS (Gong et al., 2026b) 178 /8B MOSS-Audio-Tokenizer Decoder-only LLM MOSS-Audio-Tokenizer b AR Modular - Gen TTS, ZVC

AudioX (Tian et al,, 2026¢) 248 AudioLDM 2 Encoder DIT - GA+CM Tter. NAR CMAEE - Gen, TTA, VIA, TTM
‘Audio Flamingo Next (Ghosh et al., 2026) 7B AF-Whisper Encoder + 2-layer MLP Quen25-7B Streaming TTS RTD AR CMAE2E  SFT.RL Und, Int ASR, SD, S2TT, Cls
Eureka-Audio (Zhang et al, 2026a) 178 Whisper-based Encoder Quen3-17B-base - RTD AR CMAEE  SFT Und ASR, AAC, AQA
UALM (Tian et al., 2026) 1.5B/7B Quen2 Audio Encoder Quen25-7B X-codec Decoder + VAE Decoder  RTD AR CMAE2E  SFT.RL Und, Gen, Int ASR, TTA, SDS, AQA
OmniVoice (Zhu et al , 2026) 038 Higgs-audio Tokenizer Quen3-0.68 Higgs-audio Detokenizer b Tter. NAR Modular - Cony TTS, ZVC. SE
Audio-Omni (Tian et al., 20264) 798 VAE Quen2.5-Omni-3B + DT VAE Decoder oM AR +Iter. NAR Modular - Gen, Cony AQA,TTA, TTM, VTA
Omni-Diffusion (Long et al, 2026) 78 SenseVoiceSmall Quen7B GLM-4-Voice Decoder RTD AR+ Iter. NAR CMAEE  SFT Und, Gen, Tnt ASR, TTS, AQA, SDS
Bagpiper (Tian et al., 2026b) B Quen3-Omni-Encoder + X-Codec Quen3-8B-Base X-Codec Decoder RTD +TI AR CMAE2E  SFT Und, Gen ASR, AQA, TTS, TTA
AudioChat (Chen et al, 2026) 368 DAC-VAE Encoder Gemma 228 DAC-VAE Decoder RTD AR+ Iter. NAR CMAEE  SFT Und, Gen, Conv ASR, AAC, SD, TTS
Hello-Chat (Hou et al., 2026) ~8B MiDashengLM Quen2.5-7B-Instruct CosyVoice 2 RTD AR+ Tter. NAR CMAE2E  SFT Und, Gen, Int ASR, S2TT, Cls
DIFFA-2 (Zhou et a., 2026b) 8778 Whisper-large-v3 Encoder LLaDA-8B-Instruct - RTD+GA  lter NAR CMAE2E  SFT,RL Und ASR, AQA

CALM (Rouard et al., 2026) 100M~3B VAE Encoder Transformer / Helium-1 VAE Decoder RTD +CM AR+ OneshotNAR - CMA-E2E - Gen TTS, TT™M

DIFFA (Zhou et al., 20263) B Whisper-small Encoder LLaDA-8B-Instruct - RTD+GA  lter NAR CMAEE  SFT Und ASR, AQA

VibeVoice (Peng et al., 2026b) 1.5B, 78 Acoustic Tokenizer + Semantic Tokenizer  Qwen2.5 Acoustic Detokenizer RTD+CM AR+ lter. NAR CMAEE - Gen TTS, ZVC

TUT (Text-to-Talk) (Liu et al., 20263) 158,38 GLM-4-Voice Tokenizer Quen2.5-Base GLM-4-Voice Decoder b AR+ Iter. NAR CMAEE  SFT Und, Gen, Tnt AQA, ASR, AAC, TTS
OWL (Biswas etal., 2026) 7B SAGE LLaMA-2-7B - GA AR CMAE2E  SFT Und Cls, AQA
DeSTA25-Audio (Lu et al., 20262) 8.8 Whisper-large-v3 Encoder Llama3. 1-8B-Instruct - GA AR Modular  SFT Und Cls, AQA, AAC,
TangoFlux (Hung et al., 2026) 515M Stable Audio Open VAE Encoder MMDIT + DIT Stable Audio Open VAE Decoder ~ CM Tter. NAR Modular SFT,RL Gen TTA

SLM-SS (L etal., 2026b) - WavLM-Large + EnCodec Transformer EnCodec Decoder TH+CM AR+OneshotNAR  Modular — SFT Conv . SE

UAF (Li etal,, 20260) 3B, 7B, 30B - Quen3-Omni-30B-A3B-Instruct - - AR CMAE2E  SFT Und Cls. ASR, AQA
LLM-ASR (Xie et al, 2026) 238 Conformer Quen3-17B - RTD AR CMAEE  SFT Und ASR

Cond. Method: GA: Global Aggregation, CM: Condition Modulation, TI: Token-level Integration, RTD: Rigid Temporal Downsampling, ESA: Elastic Semantic

Alignment.

Modeling Paradigm: AR: Autoregressive, Iter. NAR: Iterative Non-Autoregressive, One-shot NAR: One-shot Non-Autoregressive.

Pre-training: CMA-E2E: Cross-modal Alignment End-to-End Pre-training, Modular:

Tasks: Gen: Generation, Conv: Conversion, Und: Understanding, Int: Interaction.
Understanding: Cls: Classification, ASR: Auto Speech Recognition, S2TT: Speech-to-Text Translation, AQA: Audio Question Answering, AAC: Automated
Audio Captioning, ATR: Audio Text Retrieval, SD: Speaker Diarization.

Generation:
Translation.

Conversion: VC: Voice Conversion, SE: Speech Enhancement, SS: Speech Separation, AI: Audio Inpainting, S2ST: Speech-to-Speech Translation.

Interaction:

FSD: Full-duplex Spoken Dialogue, SDS: Spoken Dialogue System.

Table 6: Overview of Audio Pre-training Models
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Modular Pre-training, NM-E2E: Native Multimodal End-to-End Training.

TTS: Text to Speech, ZVC: Zero-shot Voice Cloning, TTA: Text to Audio, VTA: Video to Audio, TTM: Text to Music, T2ST: Text-to-Speech



F.2 Overview of Downstream Fine-tuning Models

Model Seale Audio Representation Model Base Model DeTokenizer / Vocoder Modeling Paradigm  Pre-training Post-training Tasks Downstream
FastSpeech 2 (Ren etal,, 2021) ~27M Mel-Spectrogram Feed-Forward Transformer Parallel WaveGAN ESA One-shot NAR Sup. Seratch Gen TS
VITS (Kim et al., 2021) ~12M Mel-Spectrogram Transformer HiFi-GAN ESA One-shot NAR Sup. Seratch Gen TS
DIffVC (Popov et al., 2022) - Mel-Spectrogram Transformer + U-Net HiFi-GAN Ga Iter. NAR Sup. Seratch Conv ve
Paraformer (Gao et a., 2022) 4IM Mel-Spectrogram Paraformer - ESA One-shot NAR Sup. Seratch Und ASR
MUSICGEN (Copet et al., 2023) 300M, 1.5B, 338 EnCodec Decoder-only Transformer EnCodec oM+ T AR Sup. Seratch Gen ™
AST-SED (Li et al, 2023a) AST Bi-GRU - RTD Disc. SFT Und cis
TF-GridNet (Wang etal., 2023) 21M- 145M Mel-Spectrogram TF-GridNet ISTFT - Disc. Sup. Seratch Conv S, SE. SD
CoMoSpeech (Ye etal, 2023) - Mel-Spectrogram hestyle FFT Transformer HiFi-GAN - One-shot NAR Sup. Seratch Gen TS, TT™
Seed-VC (Liv, 2024) ~200M Whisper-small Encoder / CAM++ / RMVPE BigVGANv2 oM Tter. NAR Sup. Seratch Conv ve
AudioSep (Liu et al., 2024c) 238.6M CLAP/CLIP ResUNet - oM Disc. Sup. Seratch Und ss
Mini-Omni (Xie and Wa, 2024) 0B Whisper-small Encoder Quen20.5B. SNAC RTD AR SFT Und, Gen, Int ASR, TTS. AQA, SDS
Freeze-Omni (Wang et al., 2025¢) k0 CNN#Transformer Quen2-7B-Instruct TiCodec RTD AR, One-shot NAR - SFT Tnt ESD, SDS, ASR, AQA
Tango 2 (Majumder et al,, 2024) 866M AudioLDM VAE Tango HiFi-GAN [eY] Iter. NAR RL Gen TTA
CosyVoice (Du et al., 2024b) ~300M 3 Tokenizer Transformer + ResNetID HiFi-GAN b AR+ Tter. NAR Sup. Seratch Gen TTS, ZVC
ARDIT (Liu et al., 2024d) ~130M Contextual Mel Spectrogram Autoencoder ARDIT BigVGAN RTD AR+ Iter. NAR Sup. Seratch Gen, Conv TTS, ZVC, Al
‘Way2Prompt (Deng et al., 2025b) k) Conformer LLaMA-2/ BLOOMZ / Vieuna - ESA AR - SFT Und ASR, S2TT, AQA
CMTTS (Li etal., 2024b) 286M Mel-Spectrogram FastSpeech?-style Transformer HiFi-GAN - One-shot NAR Sup. Seratch Gen TS
STSR (Yuan et al., 2025) 662M MDCT Coeficient U-Net - RTD One-shot NAR Sup. Seratch Conv SE

Tri-Stream (Cao et al, 2025) - Swin Transformer, HUBERT, openSMILE, GRU - Ga Disc. Sup. Seratch Und cis
Step-Audio-R1 (Tian et al, 2025) 328 Qwen? Audio Encoder Quen25-328 - RTD AR SFT.RL Und, Int AQA, SDS
Stable Audio Open (Evans et al., 2025) 1B VAE DIT VAE Decoder o™ Tter. NAR Sup. Seratch Gen TTA, TTM
Music Flamingo (Ghosh et al., 2026b) 3B/7B Audio Flamingo 3 - - AR SFT.RL Und ATR, ASR, AQA
PAC (FireRed-LLM) (Fu et al., 2026) k) - FireRed-LLM-7B - - AR - SFT.RL Und ASR
YingMusic-SVC (Chen et al., 2025) ~200M - Seed-VC BigV - lier. NAR - SFT.RL Conv ve
Omni-R1 (Rouditchenko et al., 2025) 7B - Quen2.5-Omni-7B - - AR - Und AQA
DAR-LALM (Sheng et al., 2026) 7 - Quen2.5-Omni-7B / Qwen2-Audio-TB-Instruct - - AR - Und AQA. Cls
Rebellion (Huang et al., 2025) 7B Quen2-Audio- 7B - - AR SFT Und AQA
AsyncVoice Agent (Lin et al., 2025b) - - GPT-do Azure TS - - Tr. Free Tnt AQA, FSD
AudioStory (Guo et al., 2025) 3B Whisper-large-v3 Encoder Quen-2.5-3B-Instruct TangoFlux RTD+CM AR +lter NAR SFT Gen,Und  TTA, AQA, AAC, VTA
AlignFormer (Fan et al, 2025) 438 Conformer Phi3. I-mini-instruct HiFi-GAN ESA AR - SFT Und ASR. S2TT, AQA
‘Audio-Reasoner (Xie et al 2025¢) 848 Quen2-Audio-Instruct - - AR SFT Und AQA, Cls, S2TT
SoundMind-RL (Diao et al., 2025) k) - Quen25-Omni-TB - . AR - SFT.RL Und,Gen  AQA.TTA
Serenade (Violeta et al., 2025) - ContentVec, Prior Encoder, Style Encoder 1D U-Net HIFIGAN, SIFIGAN €M Iter. NAR Sup. Seratch Conv ve
Reflow-VC (Ren et al., 2025) - Average Voice Encoder, HuBERT-Soft, Speaker Encoder, VQ-VAE  U-Net HiFi-GAN oM Ter. NAR Sup. Seratch Conv ve
U-SAM (Wang ctal., 2025d) B Whisper Encoder, CED, MERT LLaMA-3.1-8B - RTD AR - SFT Und ASR, S2TT, AAC, Cls
Audio-CoT (Ma et al, 2025) 7 Quen?-Audio-TB-Instruct - - AR e Free Und AQA, ASR, AAC
SimulS25-LLM (Deng et al., 2025a) TBISB Streaming Transformer BLOOMZ-7B / Liama3-$B HiFi-GAN ESA AR - SFT Und, Cony  S25T, S2TT
CIST (Zhou et al,, 2025) ~10M Conformer+VGG Decoder-only Transformer - RID+ESA AR SFT Und ASR
Conformer-LAIL (Altinok, 2025) 838 Wav2Vec 20 Wav2Vee 2.0 Conformer Large - RTD One-shot NAR - SFT Und ASR

HyPeR (Wang et al., 2026g) - Whisper Encoder Quen2-Audio-TB-Instruct - - AR - SFT.RL Und AQA, S2TT, Cls, SD
Nemotron-0.6B INT4 k-quant (Banic et al., 2026) - - Nemotron-0.6B - . AR - - Und ASR

Music Flamingo (Ghosh et al., 2026¢) k0 - Audio Flamingo 3 - - AR - SFT,RL Und AQA, AAC, ATR
MDM-ASR (Yen et al., 2026) 180M/ 1B FastConformer Non-causal Transformer Decoder - RTD+CM  lter. NAR - - Und ASR
Audio-DeepThinker (He et al., 2026) 308 - Quen3-Omni-30B-A3B-Instruct - - AR - RL Und AQA
X-VC (Zheng et al,, 2026) 5390M SAC Encoder, ERes2Net Transformer SAC Decoder RTD+CM  Oneshot NAR Sup. Seratch Conv ve

MoshiRAG (Chien et al., 2026) k0 - Moshi - b AR - SFT Und, Tnt AQA, SDS, ATR
Speech World Model (SWM) (Zhou et al., 2026¢)  ~8B WavLM Quen2-Audio, LLAMA3.1-8B. - b Disc. + AR Und cs
Granite-specch (Aronowitz et al., 2026) B Conformer Granite-3.3-8b-instruct - GA AR - Und ASR. SD. Cls
Projector-based LLM-ASR (Li et al, 2026d) 17B/8B Whistle, WavLM Quen3-Base - RID+CM AR - Und ASR
Phoneme-based LLM-ASR (Li et al., 20264) 1.7B/8B Whistle, WavLM Quen3-Base - ESA AR - Und ASR
STEMPHONIC (Wu etal, 2026¢) ~1B VAE DiT VAE oM Tter. NAR - SFT Gen ™
TASU2 (Peng et al., 2026a) ~188 SenseVoice-Small Quen25-1.58 - ESA AR SFT Und ASR, AAC
AEG (Yang et al., 20264) k) - Quen2-Audio- 7B - - AR - SFT Und AQA
PE-FT LALMs (Yang et al., 2026¢) Quen2.5-Omni / Kimi-Audio - - AR SFT Und, Int Cls. SDS
PROADS (Yan et al., 2026) - EzAudio Codec Encoder EzAudio EzAudio Codec Decoder - Tter. NAR - - Gen Al
ALARM-E (Grinberg and Shahmohammadi, 2026) 4B ‘Whisper Encoder, W2V-BERT-2.0, MuQ, SSLAM Quen3-4B-Thinking-2507 - RTD AR - SFT Und AQA
Ambiguity-Aware LALM (Yu et al., 2026) 7 - Quen2-Audio-7B-Instruct - . AR - SFT.RL Und cis

RDP / RDP+GeM (Wilkinghoff et al, 2026) - Openl.3, BEATS, EAT, Dasheng - - - Disc. Tr. Free Und cis

tyleStream (Liu et al., 2026b) - HuBERT, WavLM DIT Vocos (Causal) oM er. NAR Sup. Seratch Conv ve

ReHear (Liu et al., 2026¢) £ - Whisper-large-v3 - - AR - SFT Und ASR
AuroLA (Xu et al., 2026) 7 Quen2.5-Omni-7B - - AR SFT Und ATR
TAC (Kumar et al., 2026b) - - Quen2-Audio - - AR - SFT Und AAC, Cls, AQA
AIDD (Dror et al, 2026) 90M ‘WayTokenizer DiT WavTokenizer [eY] Iter. NAR Sup. Seratch Conv Al
GSRM (Shen et al., 2026) 7 - Quen2.5-Omni-7B - . AR - SFT Und AQA
Echo (Wu et al., 20263) 7 - Quen2.5-Omni-78 - - AR - SFT.RL Und AQA
LLM-ForcedAligner (Mu et al., 2026) 098 AT Quen3-0.68 - RTD One-shot NAR - SFT Und ASR
EmotionThinker (Wang et al., 2026¢) 7 - Quen2.5-Omni-78 - - AR - SFT, RL Und cis
TARS (Wang et al,, 2026a) 7 Quen2.5-Omni-T8 / Phi-4-MM-7B - - AR SFT,RL Und AQA, ASR

Time Audio (Wang et al., 2026d) k0 BEATS, Whisper Encoder SALMONN-7B - GA AR - SFT Und AAC, AQA
CESAR (Fan et al,, 2026) 7 Quen2.5-Omni- 78 - - AR RL Und AQA

USR 2.0 (Haliassos et al, 2026) S6M/ITIM/S03M/953M  ResNet-18 USR - ESA Disc. + AR - SFT Und ASR
AudSemThinker (Wijngaard et al, 2026) 78 - Quen2.5-Omni - - AR - SFT,RL Und AQA, AAC
STITCH (Chiang et al., 2026) 9B - GLM-4-Voice-9B - . AR - SFT Int AQA, SDS
Mellow (Deshmukh et al., 2026) 167M HTSAT SmolLM2, - RTD AR - SFT Und AQA, AAC
Unified TSD (Gupta et al., 2026) - ConvNeXT BiGRU - [eY] Dise. - SFT Und cis
SLM-SS (Li etal., 2026b) ~600M Encodec, WavLM-large Transformer Encodec Decoder oM+ Tl AR+ Iter. NAR Sup. Seratch Conv ss
COT-ASR (Deng et al., 2026) 388 Conformer Phi-d-mini-instruct - ESA AR SFT Und ASR

MeanVC (Ma et al., 20260) 14M ECAPA-TDNN, Timbre Encoder, Fast-U2++ DIT Vocos CM+GA AR+ One-shot NAR Sup. Seratch Conv ve
PersonaPlex (Roy et al., 2026) 78 Moshi - - AR SFT Int ESD, SDS, S25T, ZVC

Cond. Method: CM: Condition Modulation, TI: Token-level Integration, RTD: Rigid Temporal Downsampling, GA: Global Aggregation, ESA: Elastic Semantic

Alignment.

Modeling Paradigm: AR: Autoregressive, Iter. NAR: Iterative Non-Autoregressive, One-shot NAR: One-shot Non-Autoregressive, Disc.: Discriminative.
Pre-training: Sup. Scratch: Supervised training from scratch, Tr. Free: Training-free.
Tasks: Und: Understanding, Gen: Generation, Conv: Conversion, Int: Interaction.

Understanding: Cls: Classification, ASR: Auto Speech Recognition, S2TT: Speech-to-Text Translation, AQA: Audio Question Answering, AAC: Automated
Audio Captioning, ATR: Audio Text Retrieval, SD: Speaker Diarization.
Generation: TTS: Text to Speech, ZVC: Zero-shot Voice Cloning, TTA: Text to Audio, VTA: Video to Audio, TTM: Text to Music, T2ST: Text-to-Speech

Translation.

Conversion: VC: Voice Conversion, SE: Speech Enhancement, SS: Speech Separation, AI: Audio Inpainting, S2ST: Speech-to-Speech Translation.
Interaction: FSD: Full-duplex Spoken Dialogue, SDS: Spoken Dialogue System.

Table 7: Overview of Downstream Task Fine-tuning Models
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