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Abstract

While life writing is essential for preserving
memory, its reliance on literacy creates a bar-
rier for many older adults. Our study addresses
this by exploring spoken-to-life writing, which
transforms oral narratives into written docu-
mentation. Although LLMs facilitate auto-
mated generation, progress in this field has
been hindered by inadequate evaluation meth-
ods. To bridge this gap, we introduce an evalu-
ation framework grounded in narrative theory,
measuring both Faithfulness (accuracy to the
source) and Situatedness (relevance to the au-
dience). Utilizing a benchmark of 402 anno-
tated oral narratives, our study reveals that cur-
rent LLMs fail to grasp the nuances of spoken
discourse and struggle with the discursive gap
between older adults and Gen Z, underscoring
the need for targeted future research.

1 Introduction

“We Die Twice: First, When We Cease To Be;
Second, When We Are Forgotten.”
— Coco

Life writing provides a narrative account of
specific life facets, from personal experiences to
significant milestones (Howes, 2020; Saunders,
2008; Olney, 1998). As a repository for collec-
tive memory, it preserves the socio-cultural fabric
of individual lives (de Medeiros et al., 2007). Yet,
because traditional documentation relies on formal
literacy, it poses a structural barrier for many older
adults who, despite their rich storytelling abilities,
have limited educational backgrounds (National
Bureau of Statistics of China, 2021; Thompson,
2017; Bonnin, 2009). This reliance risks marginal-
izing their voices and losing invaluable social his-
tories (Arthur, 2009).

While the advancement of LLMs(Ouyang et al.,
2022; Yang et al., 2023; Wu et al., 2025) offers
unprecedented opportunities to automate the gen-
eration of “spoken-to-life-writing”, effectively re-
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Figure 1: Spoken-to-life-writing task and evaluation
framework. Oral narratives from older adults are
adapted for a Generation Z audience. The evalua-
tion framework assesses quality via Faithfulness (event-
level fidelity) and Situatedness(adaptation of culturally
specific terms for the target audience).

moving traditional literacy barriers, it remains par-
ticularly unclear whether current LLMs can reli-
ably reconstruct fragmented, colloquial oral ac-
counts into high-fidelity, readable life writings.
The absence of such benchmarks hinders the abil-
ity to diagnose model failure modes or iteratively
refine modeling strategies for automated life writ-
ing.

Assessing automated life writing is uniquely
challenging. Unlike typical open-ended genera-
tion, life writing is a fact-constrained and con-
textually situated genre, as grounded in narrative
theory(Piper et al., 2021). Faithfulness assesses
whether the generated life story remains faithful to
the source oral narrative. Meanwhile, life writing
is inherently audience-dependent, as its effective-
ness depends on whether narratives can be mean-
ingfully interpreted by intended readers. We in-
stantiate Situatedness with Generation Z (Gen Z,
born between 1997 and 2012 (Dimock, 2019))
as the target audience, motivated by intergenera-
tional memory transmission and the pronounced
cultural gap(Giles and Gasiorek, 2011) that makes
this setting a stringent stress test for narrative



accessibility (Dolot, 2018; De Medeiros, 2014;
Arthur, 2009; Giles and Gasiorek, 2011).

Prior evaluation for narrative generation pri-
marily employs reference-based metrics and the
LLM-as-a-Judge paradigm, yet neither effectively
generalizes to life writing. Reference-based met-
rics (Papineni et al., 2002; Lin, 2004; Sellam et al.,
2020) are ill-suited for this genre, which allows
for vast expressive variation and lacks the “golden
label”. While LLM-as-a-Judge approaches (Kim
et al., 2023; Liu et al., 2023) have gained trac-
tion, their reliance on holistic subjective scoring
fails to rigorously verify the preservation of gran-
ular narrative details (Wu et al., 2025). Further-
more, existing protocols remain predominantly
text-centric, focusing on internal attributes such
as fluency (Yang et al., 2023) or creativity (Bae
and Kim, 2024), while overlooking situatedness,
an audience-centered dimension critical for ensur-
ing narrative accessibility to target readers.

To address these limitations, we introduce an
automated evaluation framework that integrates
Faithfulness and Situatedness. To quantify faith-
fulness, we develop an event-based comparison
mechanism that measures the fidelity of gener-
ated life writing against source transcripts. This
involves annotating discrete events and their at-
tributes within oral narratives of older adults,
which are then converted into a suite of template-
based Boolean questions. The faithfulness is as-
sessed by an evaluator’s ability to accurately an-
swer these questions using only the generated life
writing. To operationalize situatedness, we shift
the focus to audience-centered adaptation. Recog-
nizing that intergenerational comprehension bar-
riers primarily arise from cultural specific words,
our framework evaluates whether the model proac-
tively clarifies terminology that may be obscure to
younger readers.

We construct a dataset comprising 402 oral
life narratives collected from older adults, accom-
panied by fine-grained ground-truth event and
vocabulary annotations. We evaluated the life-
writing capabilities of various open-source and
closed-source models, focusing on two distinct
approaches: transcript-centric transformation and
structured data-guided generation. Our findings
indicate that LL.Ms lack the capacity to capture nu-
anced details from spoken language and identify
Cultural Specific Items (CSIs) that bridge the ex-
pression gap between older adults and GenZ, un-
derscoring a need for targeted future studies. Rec-

ognizing that the primary bottleneck lies in pro-
cessing the oral discourse of seniors, we propose
a multi-round QA strategy for information extrac-
tion to mitigate information distortion.

The main contributions of this paper are summa-
rized as follows:

» We formally introduce the task of spoken-to-
life-writing generation, evaluating it as a nar-
rative generation problem that addresses liter-
acy barriers in elderly memory preservation.

* We release the first benchmark for this task,
together with a narrative-theory-grounded
evaluation framework that jointly measures
faithfulness and intergenerational situated-
ness.

* We conduct a systematic evaluation of state-
of-the-art LLMs on spoken-to-life-writing,
revealing their limitations and outlining direc-
tions for improving generation quality.

2 Related Work

2.1 Narrative Generation

Narrative generation has been investigated in both
HCI and NLP, yet life writing remains under-
addressed. While HCI research, such as StorySage
(Talaei et al., 2025), facilitates memory elicitation
for older adults, it emphasizes interaction design
over the systematic quality control of generated
texts. Within NLP, frameworks like DOC (Yang
et al., 2023) and Re® (Yang et al., 2022) focus on
fictional storytelling, prioritizing artistic creativity
and long-range coherence. In contrast, life writ-
ing demands factual fidelity and communicabil-
ity, rendering fictional evaluation protocols insuf-
ficient. While we also consider spoken-to-written
task, existing approaches remain misaligned with
life writing requirements. Sentence-level rewrit-
ing (Guo et al., 2023; Kang et al., 2025) focuses
on eliminating disfluencies but lacks the discourse-
level restructuring necessary for global narrative
flow. Conversely, document-level summarization
(Chen et al., 2021) prioritizes information com-
pression, often at the expense of the rich narrative
detail and personal voice essential to biography.

2.2 Evaluation methodologies

The evaluation landscape for generative writing
has undergone several significant paradigm shifts.
Early evaluation methodologies primarily relied



on n-gram overlap metrics(Papineni et al., 2002;
Lin, 2004). To address their inability to capture
semantic nuances, model-driven evaluation met-
rics (Zhang et al., 2020; Sellam et al., 2020; Yuan
et al., 2021)that leverage deep contextual embed-
dings have been developed to measure semantic
similarity beyond literal word matching. Despite
their improved correlation with human judgment,
these reference-based metrics necessitate “golden
labels”, which are often unavailable or insufficient
for narrative generation.

With the advent of LLMs, the LLM-as-a-Judge
paradigm has emerged as a predominant frame-
work (Kim et al., 2023; Liu et al., 2023). In
creative writing, state-of-the-art benchmarks (Wu
et al.,, 2025; Gomez-Rodriguez and Williams,
2023) demonstrate that LLMs can assess multi-
dimensional quality, such as coherence and vivid-
ness, achieving high alignment with human ex-
perts through direct scoring. However, this
paradigm is less applicable to life writing. Un-
like fictional narratives, life writing is a fact-
constrained medium where relying on holistic,
model-based scores often lacks the granularity re-
quired to detect subtle factual inconsistencies. In-
stead of direct scoring, we leverage LLMs to an-
swer factual questions derived from the source
transcripts; the narrative’s quality is then quanti-
fied by the accuracy of these responses. This ap-
proach provides a fine-grained assessment of fac-
tual fidelity and situatedness, ensuring the gener-
ated narrative is both accurate and interpretable.

3 Life Writing

Life writing, as a specialized genre of narra-
tive, requires an evaluation framework that tran-
scends basic linguistic fluency. Drawing upon
narrative theory(Piper et al., 2021), we com-
bine between Classical Narrative Theory(Genette,
1980), which focuses on internal narrative fea-
tures (the “what™), and Post-classical Narrative
Theory(Prince, 2019), which emphasizes the rela-
tionship between the text and its audience (the “to
whom”). Our evaluation framework decomposes
the generated life writing into two distinct dimen-
sions: (1) Faithfulness (the internal narrative struc-
ture), which assesses the fidelity of the generated
text to the original spoken language of older adults;
and (2) Situatedness (the external communicative
context), which evaluates the narrative’s appro-
priateness for audience delivery. This dual re-

quirement ensures that historical truth is preserved
while communicative barriers are removed.

3.1 Task Formulation

Faithfulness: Narrative Elements. The factual
integrity of life writing is defined by the struc-
tural consistency of its underlying narrative ele-
ments. Drawing upon the narrative schema (Piper
et al., 2021), an original narrative Ny.;, is mod-
eled as a structured collection of discrete events
& = {FE1,Es,...,E,}. Each individual event
E € & is represented as a five-tuple of extracted
semantic properties:

E=(S,ALT,P) (1)

where S, A, L, T, and P represent the Subject (the
primary agent), Action (the specific event type),
Location (the spatial context), Time (the temporal
coordinates), and Peripheral properties (encom-
passing causal motivations or additional semantic
participants), respectively.

Situatedness: Cultural Gap Words. While fac-
tual integrity preserves the objective content of a
life narrative, the transformation from spoken lan-
guage to written life writing necessitates situated-
ness, which is the optimization of delivery for com-
municative efficacy and memory transmission.

Following the narrative framework (Piper et al.,
2021), we characterize situatedness by focusing on
the narrative “Receiver”, specifically identifying
this role as the Gen Z. This choice is motivated
by two factors: 1). Gen Z represents the grand-
child generation of the older adults, making them
the most direct and salient audience for the preser-
vation of life narratives; 2). The generational co-
hort gap between the silent generation and Gen Z
presents the most significant challenge for mutual
understanding.

Our empirical analysis suggests that intergen-
erational friction is not systemic (e.g., syntactic
or logical) but is primarily localized within the
lexicon. We categorize these lexical obstacles
into two distinct types: 1). Semantic Equivalence
Items(SEIs): Concepts that exist in both cultures
but differ in linguistic realization. 2). Culture-
Specific Items(CSIs): Diachronic concepts tied to
specific historical-political contexts that are absent
from the contemporary Gen Z cultural schema.

We formulate the delivery of these two lexical
categories as a translation task, adopting a frame-
work inspired by translation strategies: 1) Domes-



Table 1: Classification of Cultural Gap Words

Category Source & Transformed Comparison

Source: FAELKT, HAlHM T, (I am getting

older, and I have shrunk.)

Transformed: FFEHB KT, WK T, Tam

getting older and have become shorter.)

Source: AR M EEAEAZBA R, (At that time,

everyone was in the production team.)
Transformed: BIMRHMEESAEA=AD HL,
(1) ZE7 BN (1958-1984) : FREZAT NRZAHE:
I A B B R I A MV A2 = S AT LA

At that time, everyone was in the production
team'".

(1) Production Team (1958-1984): The ba-
sic agricultural and administrative unit in rural
China during the People’s Commune era.

SEIs

CSlIs

tication Strategy(Nida, 1964): For SEls, we pri-
oritize reading flow by substituting source terms
with contemporary equivalents or employing in-
text glossing to eliminate comprehension barri-
ers. 2) Foreignization Strategy(Venuti, 2017): For
CSIs, we retain the original terminology and use
annotations (i.e., footnotes) to preserve the nar-
rative’s socio-historical significance, avoiding ex-
cessive in-text paraphrasing that would disrupt the
narrative rhythm, as illustrated in Table 1.

Consequently, we evaluate situatedness based
on the precision and strategic appropriateness of
these lexical transformations.

3.2 Data Construction

Data Sources We collected 402 spoken tran-
scriptions of interviewer-older adult dialogues
from Bilibili!, a leading long-form video platform
in China. This corpus captures the complexity of
spoken language as older adults recount their life
experiences. Detailed demographic profiles is pro-
vided in Appendix A.1.

Data Annotation Each entry in the dataset is for-
malized as a structured triplet:

D= <Tspoken’ Leventv Cgap> (2)

where: Tgpoken represents the raw spoken tran-
scription.  Leyen: denotes a structured event list
mapped to the narrative elements defined in Sec-
tion 3.1. Cyqp contains cultural gap words, in-
cluding identified target words, their classification

'https://www.bilibili.com

(i.e., SEIs or CSIs), and their respective contex-
tual meanings. A data sample is provided in Ap-
pendix A.2.

To balance annotation cost and quality, we
adopted an LLM-in-the-loop pipeline. The pro-
cess began with preliminary event extractions and
word classifications generated by the DeepSeek-
V3.2(DeepSeek-Al, 2025)(hereafter DeepSeek).
Detailed prompts are provided in Appendix A.3.
To ensure annotation quality and consistency, we
conducted a rigorous manual verification phase
following the model’s output generation. A team
of 15 annotators meticulously validated and re-
fined the results under the supervision of re-
searchers. The annotation process are detailed in
Appendix A.4.

3.3 Automatic Evaluation Metrics

We define formal metrics to assess the dual objec-
tives of narrative adaptation: factual integrity and
communicative efficacy for Gen Z.

3.3.1 Faithfulness Metrics

We propose a Reading Comprehension framework
to evaluate factual consistency in life writing. Un-
like ROUGE, which misses semantic equivalence,
or BLEURT, which is optimized for sentences
rather than phrasal event attributes, our frame-
work leverages LLMs’ near-human comprehen-
sion(OpenAl, 2024; DeepSeek-Al, 2025). We for-
malize evaluation by converting annotated events
into a set of boolean questions Q.

For each spoken transcription, let G(q) be the
ground truth answer derived from our annotations,
and M (q) be the answer generated by an LLM
evaluator when asked the generated narrative and
question q. We design two types of question tem-
plate is provided in Appendix B.1.

Based on this framework, we define three hier-
archical metrics to measure Faithfulness:

Event Type Accuracy (Accype): This metric
measures the model’s ability to correctly identify
the occurrence of specific event types:

1

[Oupel > K(M(g)=G(9) ©)

qe Qtype

AcCiype =

where Qi denotes the set of existence questions
and J¥¥(-) is the indicator function.

Event Property Accuracy (Accprop):  This met-
ric evaluates the overall correctness of all event at-
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tributes mentioned in the narrative:
1

] Z W(M(q) = G(q) 4)

qe Qprop

ACCprop -

where Qpop represents the set of all attribute-
related questions.

Mean Event Accuracy (MEA): While Accype
and Accprop provides a global measure of faithful-
ness, it is susceptible to bias from events with a
disproportionate number of properties. To ensure
a balanced assessment of factual integrity at the

event level, we define the Mean Event Accuracy
(MEA) as:

> W(M(q) = G(g))

q€Qe
6))
where £ denotes the set of events, and Q. contains
all boolean questions associated with event . Ad-
ditionally, if the predicted event type is incorrect,
all associated properties are automatically treated
as incorrect.

1 1
MEA = —
a2\ 2

3.3.2 Situatedness Metrics

To evaluate the model’s efficacy in bridging cul-
tural gaps, we introduce Situatedness Metrics,
which assess both the strategic selection and the
semantic quality of cultural adaptations.

Strategy Classification Recall: Let W, be the
set of words that truly belong to category ¢, and
W, be the set of words predicted by the model as
category c. The strategy classification recall for
category ¢ € {SElIs, CSls} is defined as:

W, N W,|
Rstmt(c) = W

where |- | denotes the cardinality of the set. This
metric quantifies the model’s ability to correctly
identify cultural terms requiring specific strate-
gies.

(6)

Explanatory Fidelity: For terms undergoing
foreignization, the model must generate descrip-
tive footnotes to provide necessary context. Since
these explanations are typically sentential, we em-
ploy BLEURT to quantify the semantic similarity
between the generated footnotes F and the gold-
standard meanings G.,:

Scoregem = |;| Y BLEURT(F,G,) (7)

FeF

where a higher score indicates superior semantic
alignment with the authoritative cultural interpre-
tation.

4 Methods

We investigate two distinct paradigms for life writ-
ing generation: direct linguistic transformation
and structured-data-driven generation.

4.1 Direct Spoken-to-Written
Transformation

This paradigm focuses on converting raw oral tran-
scripts into life writing by addressing the inherent
disfluencies and fragmented nature of spoken lan-
guage. We employ a zero-shot approach where the
LLM is prompted to rewrite the spoken transcript
into a life writing narrative while preserving orig-
inal spoken language details. The specific prompt
template used for this task is provided in Appendix
C.1.1.

4.2 Structure-based Generation

To mitigate the semantic noise and structural ambi-
guity inherent in raw oral transcripts, we introduce
a structure-driven paradigm that utilizes explicit
event sequences and culture-specific keywords to
ground the generation process:

Augmented CoT Generation: This approach
employs a Chain-of-Thought (CoT) strategy that
requires the LLM to internally extract structured
events and cultural keywords prior to synthesis.
Appendix C.1.2 details the corresponding prompt.

Multi-turn QA Pipeline: Using a Multi-turn
QA strategy, this method systematically extracts
events and attributes to guide structured life writ-
ing. For each transcription, the model identifies
the occurrence of predefined event types, then fills
in their specific attributes through iterative ques-
tioning, followed by the extraction of cultural key-
words. Detailed prompt templates are available in
Appendix C.1.3.

Human-in-the-loop Refinement: To assess the
performance upper bound of structural grounding
and reflect established biographical practices in
real world, we incorporate human-verified event
sequences and keywords into the generation work-
flow. These structural constraints are combined
with raw oral transcripts to guide the LLM’s syn-
thesis of life narratives (see Appendix C.1.4).



Table 2: Experimental results across different generation methods and LLM backbones. All values are percentages
(%) except BR.,;,. Higher scores denote better results across all metrics. ALL: All annotations. HC: Human-
Corrected annotations. BR.;;,: explanation BLEURT score of CSIs. bolded: the best results. underline: the

second best results.

Method Model Setting Acciype Accprop MEA Resis 1B R RsErs
GPT All 91.07 82.96 80.90 97.23 91.60 88.02
HC 89.43 75.41 79.98 94.44 86.00 91.67
Spoken Lang Claude All 87.12 78.91 75.61 96.13 90.03 92.07
’ HC 84.82 70.03 73.62 97.78 89.10 87.50
w/ Golden Labels
Qwen All 93.13 82.73 81.40 99.17 93.66 51.05
HC 92.32 78.63 82.48 100.00 91.45 62.50
GPT All 82.65 72.77 68.17 35.51 13.87 71.86
HC 80.02 64.01 66.17 32.22 12.12 85.42
Claude All 85.27 76.22 72.62 43.81 16.88 57.04
Spoken Lang. HC 82.61 66.23 70.19 35.56 10.43 76.04
Qwen All 85.90 74.28 71.03 58.02 21.29 75.45
HC 84.82 67.12 70.37 41.67 12.20 90.62
GPT All 79.96 70.91 65.45 32.02 9.89 79.19
HC 77.33 60.58 63.82 16.67 4.42 89.58
Spoken Lang Claude All 81.43 72.85 68.10 28.71 10.40 69.31
* HC 80.02 65.86 67.07 14.44 4.32 87.50
w/ CoT
Qwen All 85.86 73.22 69.39 21.13 8.21 73.95
HC 85.01 66.39 69.66 13.89 3.95 92.71
GPT-40 All 86.46 74.24 71.03 45.82 14.90 74.56
) HC 86.31 68.18 72.92 25.53 8.16 71.43
Spoken Lang Claude All 86.93 76.67 73.48 48.61 19.05 68.64
w/ Multi-turn QA HC 84.79 69.09 74.10 19.15 6.68 78.57
Qwen All 85.20 72.78 70.11 48.61 17.59 72.19
W HC 82.51 65.00 70.16 17.02 3.36 100.00

5 Results

This section evaluates LLMs across four distinct
methods for life writing generation. Our analysis
reveals core challenges in faithfulness and situat-
edness, supported by both quantitative metrics and
qualitative case studies.

5.1 Model Choice

We employ DeepSeek as the evaluator for the
reading comprehension task used to assess faith-
fulness. To mitigate self-bias (Xu et al., 2024),
we include other SOTA closed-source models
for benchmarking, specifically GPT-40 (Ope-
nAl, 2024) and Claude-3.7-Sonnet (hereafter GPT
and Claude). Furthermore, to investigate mod-
els with varying parameter scales, we evaluate
the open-source model Qwen3-30B-A3B-Instruct-
2507 (Qwen, 2025) (hereafter Qwen). Hyperpa-
rameters are provided in Appendix C.2.

5.2 Main Results

The results are shown in Table 2. We find that:
In general, providing structured facts is essen-
tial for fixing factual inconsistencies in spoken-
to-written tasks. /) The superior performance of
the “Golden” setting indicates that LLMs struggle
to autonomously capture nuanced factual details
and cultural gap words when generating life writ-
ing from spoken language. Given current LLM
capabilities, human-in-the-loop intervention repre-
sents a high-potential strategy for life writing. 2)
Notably, models performed worse on the human-
corrected subset than on the full annotation set
regarding faithfulness and Culture-Specific Items
(CSIs). This performance drop suggests that
LLMs are insensitive to fine-grained factual refine-
ments and often fail to identify which terms re-
quire background explanation for younger readers.
3) Surprisingly, CoT (Chain-of-Thought) prompt-
ing underperformed compared to direct generation
across multiple metrics, suggesting that in long-
form oral transformation tasks, endogenous rea-



soning chains may introduce additional noise in
the absence of external verification. 4) Despite
its smaller parameter scale, Qwen matched or ex-
ceeded the performance of larger models across
nearly all indicators; this suggests that for Life
Writing tasks rooted in specific Chinese historical
contexts, the intensity of pre-training on native cor-
pora is more critical than raw model scale.

Regarding faithfulness, the Multi-turn QA
paradigm effectively secures factual anchors.
In autonomous generation scenarios without hu-
man intervention, the Multi-turn QA paradigm
yielded the best results. This demonstrates that
using fine-grained information extraction as a pre-
processing step effectively mitigates noise from
oral narratives and provides models with struc-
tured factual anchors. These findings underscore
the critical importance of high-precision factual
extraction methods in life writing.

In terms of situatedness, LLMs excel at
linguistic conversion but struggle with cross-
generational cultural mediation. /) Rgg, gen-
erally exceeded Rcgrs, suggesting that LLMs
have attained adequate proficiency in semantic
equivalence transformations, effectively bridging
the linguistic gap between older adults and Gen Z
through tasks such as dialect-to-standard language
conversion. 2) Exceptionally low BLEU RT¢y,,
scores in non-Golden settings indicate that au-
tonomous LLMs often fail to provide essential
cultural footnotes. Such omissions underscore a
deficiency in the situational awareness vital for
cross-generational communication, marking a crit-
ical gap for future research.

5.3 Detailed Analysis

Validity of LLM-based Evaluation. To vali-
date the reliability of using LLMs as evaluators
for event information extraction in life writing, we
conducted a verification experiment. We utilized
different models to generate life writing narratives
based solely on “golden” structured data (events
and keywords). DeepSeek was then employed as
an evaluator to answer boolean questions derived
from this same structured data. As illustrated in
Table 3, the models achieved nearly 100% accu-
racy in Accyype and consistently scored around
90% in Accprop and M EA. These results demon-
strate that LLMs can achieve near-lossless infor-
mation extraction and accurately identify event
details, confirming that using an LLM as a reli-
able evaluator for this task is both valid and effec-

tive. Notably, Qwen exhibits exceptional perfor-
mance in life writing tasks, consistently matching
or exceeding larger models across several metrics.
This underscores the fact that given high-quality
structured data, even relatively smaller models can
achieve superior results with significantly lower
computational overhead.

Table 3: Evaluation of DeepSeek on factual recognition
via boolean question answering.

Model Setting Acciype Accprop MEA
All 95.94 89.13 88.23
GPT HC 97.12 89.34 89.76
Claude All 95.13 89.61 88.28
HC 94.33 85.38 87.59
Qwen All 98.97 89.32 89.25
HC 98.66 90.40 92.17
Structured Data as a Prerequisite. To isolate

the primary challenge in life-writing generation,
we conducted a verification experiment where
DeepSeek was tasked with answering boolean
questions directly from raw oral transcriptions. As
indicated in Table 4, the performance on raw tran-
scriptions is suboptimal, suggesting that the inher-
ent disfluencies and fragmented nature of elderly
speech pose substantial hurdles for LLMs’ com-
prehension.

We further tested whether converting these tran-
scriptions into a written style using a SOTA
sentence-level method (Kang et al., 2025) could
bridge this gap. Surprisingly, accuracy declined
further. This stems from the limitation of sentence-
level processing in addressing discourse-level is-
sues, such as anaphora resolution. For instance,
when an elderly man said, “went to the countryside
in the Northeast, and later her sister was in Gansu”
(where “she” refers to the speaker’” s wife), it was
incorrectly transcribed as “I went to the country-
side... and later my sister was in Gansu.” Such er-
rors lead to significant semantic distortion and mis-
represent the original familial relationships. These
findings confirm that structured data is not merely
a convenience, but an essential prerequisite for
high-fidelity life writing generation.

5.4 Case Study

To demonstrate how structured event data en-
hances life writing generation, we conduct a case
study comparing two distinct strategy applied to
the same spoken language transcription: Direct
Strategy and Multi-turn QA Guided Strategy.



[ Directly Gen. From Spoken Language ]

...Back then, it was all "Up to the Mountains and Down to
the Countryside" and the "Third-Front" factories. People
talk about unemployment rates today...some sentences

about contemporary work environment ... Then it was more
"Up to the Mountains," and then the Third-Front factories.
At that Third-Front factory, we went on break on September
26th, and when we returned on October 7th, a notice was
posted—calling out names, telling people to leave. Because

the Party Secretary was in charge, if you didn’t leave, you
were told to get the hell out. Everyone was terrified. With
no job left, I had no choice but to go. They gave you one
month's wages—just a few dozen yuan—to buy some
supplies, and you were on a train and gone. ...some

sentences about Cultural Revolution... We are Muslims, and
they prepared some dishes, but they had put lard in them.

Now, that just shouldn't happen, right?...

[ A
...Next came the “Down to the Countryside”
movement, and | was assigned to a “Third Line”
factory. At the time, we went on holiday on
September 26th; when we returned to work on
October 7th, a notice had been posted designating
certain people who were required to go. Because
this was managed by the higher authorities, if you
didn‘t go, you would be dismissed. People were
afraid of unemployment back then, so we had no
choice but to accept. They gave us one month’s
salary and some relocation allowance, and we left by
train. We arrived in a mountain valley in Shaanxi
Province to participate in a “large-scale group
campaign” .The first three months were alright, but
later the situation changed. We are Muslims, but
they started putting lard in the cafeteria food. | said,
"This shouldn't be happening.”...

Figure 2: Case study of life writing excerpts regarding the “Third Front Construction”. The left panel shows text
generated directly from spoken language by GPT, while the right panel illustrates the results using a Multi-turn

QA strategy.

Table 4: Impact of source discourse mode on faithful-
ness: Written Text V.S. Spoken Language.

Source Setting  Acciype Accprop MEA
Sooken Lan Al 85.12 7888 7553
P &  HC 9062 6614 7414

. ATl 7390 6171 56.77
Written Text HC 7109 5536  56.05

Logical Cohesion vs. Spatiotemporal Frag-
mentation. The spoken transcript exhibits fre-
quent shifts across time and context: the narra-
tor recounts the “Third Front Construction” ex-
perience but intermittently digresses to other life
stages, resulting in an under-specified temporal
order and a fragmented narrative flow (Figure 2,
left). Direct transcription improves surface flu-
ency (e.g., removing disfluencies and grammati-
cal errors) but preserves the spatiotemporal frag-
mentation in the original spoken language (see
Appendix C.3), yielding a narrative that remains
difficult to follow. In contrast, Multi-turn QA
Guided Reconstruction first identifies key event
nodes (who/what/when/where) and uses them as a
planning scaffold during rewriting. This produces
a clearer event progression and a tighter narrative
arc, improving readability while keeping the story
grounded in the speaker’s original experience.

Mitigating Fact Distortion and Hallucina-
tion. We also observe a common faithfulness fail-
ure in direct prompting: unsupported specificity.

In the transcript, the narrator attributes going to the
factory to a vague authority (“those above were in
charge”). Direct transcription may concretize this
into a specific role (e.g., “the Party Secretary was
in charge”), which is not supported by the source.
Such unauthorized detail injection can undermine
narrator trust and violates the faithfulness require-
ment of Life Writing. By conditioning genera-
tion on extracted event structures, Multi-turn QA
Guided Reconstruction constrains the model to re-
tain the original level of specificity, using struc-
tured events as factual anchors that reduce hallu-
cinated or altered details.

6 Conclusion

In this work, we introduce an evaluation frame-
work for life writing centered on faithfulness and
situatedness. We propose corresponding metrics
and construct a dataset comprising 402 oral life
narratives from older adults, accompanied by fine-
grained annotations to serve as a benchmark. Our
findings indicate that LLMs lack the capacity to
capture nuanced details from spoken language and
identify Cultural Specific Items (CSIs) that bridge
the expression gap between older adults and GenZ,
underscoring a need for targeted future studies.
Recognizing that the primary bottleneck lies in
processing the oral discourse of seniors, we pro-
pose a Multi-turn QA strategy for information ex-
traction to mitigate information distortion.



Limitations

First, our work focuses on episodic life narra-
tives rather than full-length life histories. While
this setting enables controlled evaluation of fac-
tual fidelity and audience adaptation, extending
the framework to long-form biographical gener-
ation would require addressing additional chal-
lenges. Second, our factuality evaluation centers
on explicit event-level attributes (e.g., time, event
type, and location). Although effective for cap-
turing core factual preservation, this formulation
does not account for higher-order relations such as
causality between events, which we leave for fu-
ture work. Finally, our dataset is limited in scale
and scope, consisting of 402 narrative pairs from
a single cultural context. While sufficient for val-
idating the proposed metrics, broader generaliza-
tion would benefit from larger and more diverse
datasets, as well as additional target audiences be-
yond Gen Z.

Ethics Statement

We acknowledge that all authors of this work are
aware of and comply with the ACL Code of Ethics.

Use of Human Data and Annotations This
study uses spoken narratives collected from pub-
licly available interview videos. No new data
were collected directly from human subjects by
the authors. Human annotation is employed to
verify and correct automatically annotation. An-
notators were recruited by the authors’ institution,
and were compensated for their work. All an-
notations were conducted solely for research pur-
poses, with details provided in the appendix A.4.
All personally identifiable information (e.g., real
names, contact details, geographic locations) was
anonymized during preprocessing. While some
utterances include potentially identifying content
such as surnames or family structure, these refer-
ences do not enable identi- fication of any individ-
ual speaker.

This study received approval from the institu-
tional ethics review board. The ethical approval
number will be provided upon acceptance of the
manuscript to maintain anonymity during the peer-
review process. All data used in this study are
freely available to the public.

Risks Life narratives may contain personal or
sensitive experiences, and automated life writ-
ing may risk factual distortion or misrepresenta-

tion. To mitigate these risks, our task formula-
tion and evaluation explicitly emphasize factual fi-
delity and responsible audience adaptation. The
data used in this work are derived from publicly
accessible sources, and we do not include personal
identifiers or attempt to identify individuals. We
use Gemini(DeepMind, 2025) to correct grammat-
ical errors in this paper.
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A Data Construction

A.1 Demographic Characteristics of Older

Adults

Category Subcategory Value

#Participants - 402

Avg. age - 82.44
65-74 47

Age distribution 75-84 125
85-94 141
95+ 3
Missing 86
Male 74

Gender Female 56
Missing 272
Northern 270

Region Southern 63
Missing 69

Table 5: Demographic characteristics of older adult
speakers.

A.2 Data Example

{

“file_id”:8,

“text”: Elderly Person: 83 7, 1% 50 B4k, &
Rk 52 BRay, BIKXFT 105, T35 62, 12
AN, FFE —AAT. @ m 83 now. I was
supposed to retire at 50, but I ended up retiring
at 52. Then I worked for another 10 years after
retiring, until I was 62. Out of the 12 of us, I’
m the only one left now.)

Interviewer: AREAEAT2KF05 % 2 (So,
do you have any secrets to a long life?)
Elderly Person: #%#H, H#KAE T EAEFKIX XL
WA F, HAREFHN . KM 62 FH, HhiE
HALT, BREARFBRAB X ERE, BE
AR FTROT, ZARKTLT, LR LE
TAT, IRRTAHT % FR, KN T EET, &,
Jo B A AR Loe, vAB B, SiX A KA
#4945, (Idon’ t, really. I just don’ t like sitting
around at home being lazy; I just want to keep
moving. From the age of 62, I... I... T stopped
working for good. I was actually supposed to
stay on after retiring, but then people at the
unit were getting laid off, so I said I wouldn’ t
stay. They said, ”You can’t leave, there are still
so many things to do” I said, "That wouldn’ t
be right, would it?” Haha. Later I told them,
"Fine, let me finish this up first, then we’ 1l see.”
That’ s how I answered them.)

Interviewer: ki €2iL % 2 (So you were
quite important there?)

Elderly Person: *Z&", XF2|7 62, E4F
Kirh, REENR—ZF, RFEFBEHTE
ok, FAFEE# AR LT . (Oh, you could say
that. I worked until I was 62. I just wanted to
finish that last batch—I sorted everything out
and got it all done, and then I stopped.)
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Interviewer: #4082 #3397, (You really
have a strong sense of responsibility.)

Elderly Person: #tf£ X3z7 , At Rizk
k7. (NowI m at the Temple of Heaven.
It’ s great, just coming here to spend time.)
Interviewer: ARVARTHAT 24 487 2 (What kind
of work did you do before?)

Elderly Person: % & -F-89051& T 2 4 T, B &
G a9 A4 229 (In the very beginning, I was
a fitter. Later on, I was in charge of materials
management. )

Interviewer : iX 47 -5 #f #: 1z 4% (The management
must have really trusted you.)

Elderly Person: & &A1 TAL4 5] €209,
AR LFEPAT S ANGF, RLIRZIANBR
AR EXNVEAT, MaEAR A EM, fitdeik
AR A, BRAKEBRT R, A RHIELL—ht
ETRE, ZARTT, 2% 508K, F 5k
& 52 iktkey, BIRXFT 10 £F2) 62, (My
job as a fitter was very important too, because
it involved many other people’s work. I had to
scribe the lines on the parts—it had to be done
a certain way, and they would follow the lines
I made. That’ s why I couldn’t just quit. I
had to hurry up and finish that batch of work
before I left. I should have retired at 50, but I
retired at 52, and then worked another 10 years
until I was 62.)

Interviewer: AREF 62 % — A £ X 3=, (So since
62, you’ve been at the Temple of Heaven all the
time?)

Elderly Person: f£ Kiz#h &%, BRIZEHK
M#HARKEZ T, KITREE, TTRKREULE
T, RAKRE, HARBHAHERALLTT, &
AL, RFERATRT, MM, B 124
ANRALF R, RARFRTRE, BRRZE,
&iEsk, AAHN, ARRTHT, AEX
0y, HAZXHE, KA —AAT, THA-ANA
T, R 86 BH —A, dALR AR RA AHE R
K, B ARMILTART , REHART, SR
Y84aidee, HETRSEY, PTvAdest, it 3%
HBay, REMAAASETE, RAEHILT
BT, BT RSHELTATL, SFERE, &
FiZ 2 F i, B RALETR R4, AR AFiET
B, HIRP R T, wedhkik i T F 5, it
Witk 486 T, FREHELH AL, KA
f+ 2 Kk £5% . (Practicing and hanging out here,
yeah. Gradually, more and more people joined
us. We' d do Tai Chi, and after that, we’ d
walk big laps—all the way around the east, west,
and south sides. Then we’ d play cards. Half
the day just passes like that. Later, there were
12 of us hanging out together, but then the
pandemic happened, you know? Slowly, some
passed away, some couldn’t make it anymore,
some were older than me... that’ s how it went.
Now I’ m the only one left. Well, there’ s one
more lady, she’ s 86. She comes sometimes
and sometimes she doesn’ t. Her son passed
away, and her husband too. She lives with her
daughter-in-law, but it s not a very happy sit-
uation, so she... she feels like life is a bit mean-
ingless. I always tell her to just make the best
of it. See, her son is gone, so the daughter-in-
law isn’t in a good mood either, right? So I
just live my life. Later I stopped running into
her. Her place was demolished for relocation—



her granddaughter made her sell the old house
and move in with her mom. She’ s 86; her
health is alright, no major issues.)
Interviewer: & X §h— & £5mE A2 (It
looks like you don’ t have any health issues at
all?)

Elderly Person: HALH &, vLi Kof kv
—hEhfgegs, BRELELST, fERF
RARE—hHEmEaydh, KE—REAHH,
KX 4 £ #4704, (I have high blood lipids.
I take one pill for that every night. Later my
blood pressure got high too, so I take a pill for
that in the morning. I just take two pills a day,
and I feel quite good.)

Interviewer: ARILAT, LT VA, b KI5 AHRIR
%7, HARRBHER, AREELHER ? (That’
s not bad at all. Better than most people—
no side effects or anything. What about your
spouse?)

Elderly Person: R¥RMA, &R EFE TR, &K
EHRAFATRE TR, RSk, LT
AL, KAILEE, AL IRIEAE AL
T, RIEATRMATE—ALE, IREREFR—
K, RTFFERR—K, BABITEAFRT, &K
#ix 2#%. (My spouse passed away about ten
years ago—it was the heart. My son lives on
his own, and my daughter does too. They all
want me to live with them, but I won’ t live
with any of them. You see, I come here once in
the morning and once in the afternoon. I walk
from the West Gate to the East Gate. I just
keep walking like that.)

Interviewer: #R#ix — X 134 % V7 2 (How
much do you walk in a day?)

Elderly Person: iX —k ™A~ % ad, KR EAT
KBERE, & THRTRTH, NERTIER,
HATHAT—F £, IR RMAAAT, BRL
FEREFRARANT Y, ST L, TR, 84 100
#4% —/4 A . (Each time takes over two hours.
I used to do Tai Chi, so my body has a good
foundation. Now sometimes I just do one set
of the form. As long as I don’t cause trouble
for my kids, it’s fine. The state takes good care
of us, too. No ticket fees, no charges, and they
even give us 100 yuan a month.)

Interviewer: 4+ 4 4% 2 (What money is that?)
Elderly Person: 80 T 80 % k% 100 3e4%r#, 47
& FFEK, BREFFRESF, EXH
ARGk A 4 F F£7£47. (When you turn
80, they give you 100 yuan. It goes into your
Senior Citizen Card. You carry the card with
you, and whatever you need to buy, you just
use the card.)

Interviewer: &I/ E k455 2 (Is your pen-
sion high?)

Elderly Person: #KiB1k& R, &5 6000 B
42, (My pension isn’ t high. Let’ s just say
it’ s about 6,000 yuan.)

Interviewer: £ VA T , 453578 2(That’s actually
okay. Is it enough to spend?)

Elderly Person: #3561 7T, R FHILA 2 % 4%
R, BAVXFH LATRET , #HE ELAIRAT
T, RN RBIRE S, BERBEEF S ),
KAEAAH, —RRILSTERR, FilER
%, #4584, (More than enough! Why would
you need to spend that much? At our age, we
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don’t buy anything anymore, just some food.
And think about the medical costs—the state
covers so much for you. I only take these two
pills; how much could that cost in a day? Don’
t you think? It’ s pretty good.)

Interviewer: #HAEEM 4T Rk A 47T . I
s like you said, as long as you exercise and stay
healthy, everything is good.)

Elderly Person: wafafzt, #hix A4k, (Yes,
exactly. Just keep exercising like this.)
Interviewer: #Uf%E42 f %k 4 . (I wish you health
and a long life.)

Elderly Person: 4%, #t#t47. (Alright, thank
you!)

“events”:[

{

“events_ index”:1,
“event_ type”:“Task Allocation”,
“role”:“The undersigned”,

9,609

“time”:“”,

“location”:“”,

“additional properties”:{
99,6097

“Receiving Organization”:“”,
“Occupational Category”:“Fitter”,

99,609

“Administrative Allocation”:

2
]

“words”:|

{

“words__index”:1,

“word”:Redundancy”,

“type77:“B”7

“meaning”:“The term refers to a phenomenon
during China’s State-Owned Enterprise (SOE)
reforms from the 1990s to the early 2000s, in
which a significant number of employees lost
their positions due to workforce downsizing or
corporate restructuring.”

}

-
}

A.3 Annotation Prompt

You are a professional editor of elderly oral history.
You need to extract event information and ”cultural
gap words” from the following dialogue text.

#+# Event Type List:
{{LIFE_EVENTS}}

#+# Cultural Gap Words Types:

- SEls: Semantic correspondence exists between the
source and target cultures, but the form of ex-
pression differs (e.g., dialects). Example: “idih
(Chouchou)” (dialect) converted to “height reduc-
tion” (standard language).

- CSIs: Concepts exclusive to a specific historical
time and space that are missing in the current (Gen
Z) cultural context. Examples: “#4 #FK (Produc-
tion Team)”, “ L4 (Work Points)”.



#7# Dialogue Text:
{{text}}

## Output Format
Please output strictly in the following JSON format:

{{

“events”: |

{{

“event type”: “choose from event list”, (Ensure type-
/attributes match the list)

“someone”: “I or others with relationship”,

“time”: “’7’
“location”:
“additional properties”: {{

“Receiving Unit”: “an example of a property”,
“Job Title/Position”: “an example of a property”,
“Assignment Form”: “an example of a property”

}} (Fill attributes based on text; output empty if
info is missing),

1

|
“words”: [

H

“word”: “e.g., Production Team”,
“type”: “A(SEIs) or B(CSIs)”,
“meaning”: “Explanation of the term”
1

}

1}

Ensure the explanation style matches the type:

- A(SEIs): Replace directly with modern general ex-
pressions.

- B(CSIs): Act as a footnote to explain its historical
meaning.

[131)

Ensure all event types and attributes come from the
provided list; do not add new ones!

A.4 Annotation Process

We pre-annotated 402 data entries according to the
predetermined data format (A.2) using DeepSeek-
V3. Subsequently, we recruited 15 annotators, all
of whom belong to Gen Z and hold either bach-
elor’s or master’s degrees in History, Chinese, or
Computational Linguistics. They were provided
with the following annotation guideline:

Data Annotation Manual: Automated Life
Writing and LLM Capability Evaluation
Thank you for participating in this annotation
work! We are a research group currently con-
ducting research on Automated Life Writing,
aiming to help older adults transform their
orally narrated life experiences into written sto-
ries suitable for reading. To achieve this, we
need to evaluate and optimize the ability of
Large Language Models (LLMs) to recognize
the oral narratives of the elderly. Your Task:
From the perspective of a human reader, cor-
rect the LLM’s understanding biases regarding
the elderly’s oral content and help eliminate in-
tergenerational reading barriers.
Detailed Annotation Tasks

The annotation work consists of two main
parts: Event Annotation and Vocabulary Ex-
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planation Annotation.

Part I: Event Annotation

Goal: To ensure that events in oral narra-
tives are accurately extracted, which serves as
the critical foundation for narrative transforma-
tion.

Operational Instructions

Check and Correct Existing Annota-
tions:Review every event extracted by
the LLM and verify the following information:

Event Type: What happened(refer to the
Event List for details)?
Participants: Who was involved ?  (The

speaker, other individuals, or a collective 7 If
others/collective, specify their relationship to
the speaker).

Time: When did it happen ?

Location: Where did it happen ?

Other Attributes:Specific details unique to the
event(e.g., “reason for going to the country-
side”, “pension benefits”).

Format Requirement: Define according to
the format: “Event Type, Participants, Time,
Location, Other Attributes”.

Reward Mechanism

Correction/Modification: For each modifica-
tion (changing attributes, deleting events, or
adding defined events) confirmed as correct, a
reward of 0.5 RMB is provided.

New Event Type: For each newly discovered
and valid event type confirmed by the supervi-
sor, a reward of 1.5 RMB is provided.

Part II: Intergenerational Vocabulary Explana-
tion

Goal: To eliminate the reading gap between the
oral expressions of the elderly and Generation
Z (readers born between 1997 and 2012).
Vocabulary Categories

Please check words requiring explanation (in-
cluding dialects and era-specific terms), focus-
ing on two categories:

SEIs(Dialects/Oral Habits): Expressions that
have a modern standard written equivalent but
were spoken using dialect or oral habits.
Example: “I am old and‘chouchou’(shrunk)
now”, where “chouchou” is explained as* reduc-
tion in height/becoming shorter”.
CSIs(Historical Concepts): Proper nouns ex-
clusive to a specific historical time and space
that lack a direct modern linguistic equivalent,
requiring historical/cultural background to un-
derstand.

Example: “Production Team”(Sheng chan dui),
“Work Points” (Gong fen).

Annotation Tasks

Check and Correct LLM Explanations: Verify
if an explanation is needed (common words do
not need them), if the type (A or B) is correct,
and if the meaning is accurate (use Baidu Baike
or Wikipedia for verification).

Supplement Missing Vocabulary: If Type A or
Type B words are used in the text but not ex-
plained by the LLM, please point them out and
add explanations. Reward Mechanism
Correction: Each confirmed correction of an er-
ror earns 0.5 RMB.

Suggested Annotation Steps

Read the Full Text: Read the entire oral narra-



tive first to establish a holistic understanding
of the life story and linguistic style.

Verify Events: Check the extracted event list
one by one.Correct errors first, then supple-
ment missing events.

Vocabulary“Literacy”: Focus on words that
might cause reading barriers for Gen Z, check
LLM explanations, and supplement omissions.
Submit for Review: Review the results once
more to ensure accuracy.

Confidentiality and Contact

Confidentiality: This project is in the research
stage. Please strictly abide by confidentiality
principles and do not share any data with third
parties.

Feedback: If you encounter any ambiguities,
please ask questions.

We randomly assigned two annotators to label
the same document; specifically, annotators 1—
14 each labeled 54 documents, while annotator
15 labeled 48 documents. We employed Cohen’s
Kappa to calculate the inter-annotator agreement
for event type labeling.

The consistency result was x = 0.68. The an-
notator discrepancies were primarily concentrated
on the determination of event boundaries. Regard-
ing subtle events with extremely brief descriptions
(consisting of only a few words), some annota-
tors tended to retain all mentions, whereas others
opted to ignore them due to the lack of subsequent
attribute descriptions. Ultimately, we adopted a
strategy of retaining events with one or more at-
tributes.

Each annotator was compensated between 200
and 300 RMB (including a base payment and
bonuses, at 60+ RMB per hour, the pay rate is
higher than the local minimum wage), with the ex-
act amount depending on their workload and per-
formance.

B Faithfulness Metrics

B.1 Question Template

* Event Existence Questions: “Does the text
mention the event £7”

* Event Attribute Questions: “In the context
of event E, is the value of property P equal to
|84
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C Life Writing Generation

C.1 Prompts
C.1.1 Direct Transcription Prompt

You are a life writing editor. Your task is to convert
interview transcripts into first-person life writing
narratives.

Requirements:

1. Narrate in the first person using “I”.

2. Retain all events mentioned in the original tran-
script.

3. Categorize vocabulary requiring explanation
into two types:

- Type A (Dialects/Colloquialisms): If there is a
corresponding standard written expression today,
please replace the term directly with the standard
written expression in the transcribed text.

- Type B (Historical Concepts): For terms specific
to a historical context that lack modern equiva-
lents and require cultural or historical background
to understand, please keep the terms and provide
their explanations in the annotations.

Place all annotations after the transcribed text us-
ing the following format:

Transcribed Text:

[Your transcription here|

Annotations:

1. Term 1: Explanation.

2. Term 2: Explanation.

Original Interview Transcript:

text

C.1.2 CoT Prompt

You are an oral history editor. Please perform
the following analytical steps internally, but do
not present the analysis process in the final out-
put. Output only the JSON result that meets the
requirements.

Strictly follow these tasks in order:

Task Steps

Step 1: Information Organization
From the following dialogue text, organize:

1. Events information:

- Event types and attributes must strictly belong
to the provided event list.

- For each event, fill in only the attributes explic-
itly mentioned in the original text. If an attribute
is not present, leave it empty.

- Do not supplement information that does not
appear in the text.

2. Cultural gap words (two categories):

- Type A: Semantic correspondence exists be-
tween source and target cultures, but the expres-
sion differs (e.g., dialects). For example, “Chou-
cho” (dialect) converted to “height reduction/get-
ting shorter” (standard language).

- Type B: Concepts exclusive to a specific histori-
cal time and space that are missing in the current
(Gen Z) cultural context. E.g., “Production Team”,
“Work Points”.

Step 2: Oral History Transcription

Based on the events and words organized in Step 1,
transcribe the original dialogue into an oral history
narrative. Requirements:

1. Narrate in the first person using “I”.

2. Retain all events and their attributes from the



extraction, integrating them naturally.

3. Handling cultural gap words:

- Type A: Directly replace with modern standard
expressions.

- Type B: Keep the original term in the text and
provide annotations at the end.

Event Type List:

{json.dumps(LIFE_ EVENTS, ensure_ ascii=False,
indent=2)}

Dialogue Text:

{text}

Output Format

Strictly output in the following JSON format:

{

“events”: |

“event__type”: “Job Assignment/Recruitment”,
(Ensure type/attributes match the list)

“role”: “I or others with relationship”,

“time”: “w»
“location”:
“additional properties”: {

“Receiving Unit”: “Military Band”,
“Job/Position”: “Musician (later French Horn)”,
“Assignment Form”: “Examination”

} (Fill pre-defined attributes; leave empty if infor-
mation is missing)

}

],

“words”: [
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I

“word”: “Production Team”,
“type”: “A or B”’
“meaning”: “Explanation of the term”

}

“oral__history”: “The transcribed oral history text.
Format as follows:

Transcribed Text:

[Text here]

Annotations:

1. Term 1: Explanation.

Ensure all event types and attributes come from
the provided list! Ensure the transcription is based
on the extracted events and gap words, rather than
a simple direct transcription of the original text!

C.1.3 Multi-round QA Prompt

Please analyze the occurrence of events in the text
and answer in the following JSON format:

“exists”: true/false,
“count”: number,

“trigger”: [“trigger sentence 17, “trigger sentence
27, ..

}

Requirements:

1. Determine whether the event occurred.

2. Count the number of occurrences.

3. Find the trigger sentence for each event occur-
rence(a sentence that explicitly describes the event;
return only one trigger sentence per event).
Dialogue Text: {text}

Has the event “{event__type}” occurred in the text?
Please answer strictly in the JSON format specified
above.
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Please extract the attributes of the event in the
text.

Requirements:

1. Refers to the specific event triggered by the
trigger sentence.

2. Focus mainly on the trigger sentence and its
surrounding context.

3. If the attribute is not explicitly mentioned in the
trigger sentence, respond with “Not mentioned” .
4. Provide only the attribute value; do not output
any extra content.

5. Keep it concise; use the shortest possible word-
ing.

Dialogue Text: {text}

In the dialogue text, the “{property_name}” at-
tribute of the “{event_type}” event (trigger sen-
tence: “{trigger_sentence}”) is:

You are a life writing editor. Your task is to convert
interview transcripts into first-person life writing
narratives.

Requirements:

1. Narrate in the first person using “I”.

2. Retain all events mentioned in the original tran-
script.

3. Categorize vocabulary requiring explanation
into two types:

- Type A (Dialects/Colloquialisms): If there is a
corresponding standard written expression today,
please replace the term directly with the standard
written expression in the transcribed text.

- Type B (Historical Concepts): For terms specific
to a historical context that lack modern equiva-
lents and require cultural or historical background
to understand, please keep the terms and provide
their explanations in the annotations.

Place all annotations after the transcribed text us-
ing the following format:

Transcribed Text:

[Your transcription here]

Annotations:

1. Term 1: Explanation.

2. Term 2: Explanation.

Dialogue Text: {text}

Reference Events:{events}

C.1.4 Human In The Loop Prompt

You are an oral history editor. Your task is to
strictly transcribe a first-person oral history nar-
rative based on the provided reference events and
gap words.

You must ensure no events or attributes are omit-
ted, and no unmentioned information is added.
Requirements:

1. Narrate in the first person using “I”.

2. Retain the timeline and all attributes within the
“events” list.

3. Handling Cultural Gap Words:

- Type A: Directly replace the term with a modern
standard expression based on the provided defini-
tion.

- Type B: Keep the original term in the text and
provide the definition in the annotations.

Place all annotations at the end of the transcription
using the following format:



Transcribed Text:

[Your transcription here]
Annotations:

1. Term 1: Explanation.

2. Term 2: Explanation.
Reference Events: {events}
Reference Gap Words: {words}

C.2 Hyperparameter Selection

The generation parameters were configured as
based on empirical observations, the
max_tokens limit was set to 4096 for multi-turn
QA strategies and 2048 for other generation strate-
A decoding temperature of 0.7 was em-
ployed across all tasks to balance generation char-

follows:

gies.

acteristics.

C.3 Case Study

ARefiE ELWTF S, =R o RENELLS ) S
b, R EAREAER A AR, R L E
%k, 60 FRMETIE, ZFGRAREFBELE, IR
RERPBEY T, SHhAAH LM A09A, 2T
BRI, MR FEE, BIMAFRT o AR EE]
Ao, RARRIRKE, HAIRT RIS, #iF
Bied, foiih 2EA LTS, BAEKRZARL
ARetir =& ), 9 A 26 5%k, 10 A 7% — L3k,
IMEHAAERT, EEEIRGE. BAR ELKES,
IRTA, FARE. RetEARE G, AKRETIE
T, A BIR—ARA TR, SARILT34, iHEE
Amalbdbey, LRERAT ., BH—F, ARA
T4, AREHARIELANE, REAM KB EA XK 3
MR BRETARLAEDEFT . KNMADRK, #XH
XA, EAEFERELEE, SIHEH, XR
J A%

Back then, it was all “Up to the Mountains and
Down to the Countryside” and those “Third-line
Factories”. People talk about unemployment rates
today, but honestly, that problem existed back
then too, didn’t it? Let’ s be real: starting in
the 60s, you had the “Three Years of Natural Dis-
asters” followed by the Cultural Revolution. As
long as you were an activist—the kind of person
who spoke their mind—by the later stages, you' d
get dragged into it. They’ d come after you. Back
then, if you went to a free market just to buy a
single green onion, they’ d label you a “Capitalist”
and force you to write a self-criticism. You know
that?

Then came the “Up to the Mountains and Down
to the Countryside” movement, followed by the
“Third-line Factories”. At those factories, I remem-
ber we went on break on September 26th. When we
came back to work on October 7th, a notice was
posted: “So-and-so, you have to leave”. Because
the higher-ups were in charge, if you didn’t go, you
were kicked out. People were terrified back then—
if I don’t go, I lose my job. So, you go. They’ d
give you one month’ s salary, maybe a few dozen
yuan to buy some supplies, and you’ d hop on the
train and leave.

When we first arrived, it actually seemed alright.
I remember who received us—it was some “Three-
Month Great Campaign” for a large-scale indus-
trial group in Shaanxi Province. But after that,
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things weren’t what they seemed anymore. We are
Muslim, and they’ d prepare all these dishes, but
then tell us, “Here’s how it is for the Muslim”—and
they’ d put lard in the food. That was just wrong.
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