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Abstract
In the act of narration, speakers engage with others, communicate findings, and share personal facts and knowledge. This act
involves recollecting and reasoning about thoughts and events. Individuals need to plan and organize events and associated
emotions in a temporal and logical order. These recollection processes are cognitively demanding and emotion-laden. In this
work, we investigate whether Large Language Models (LLMs) may help and support the process of personal narration, i.e.
in elaborating on the unfolding events, participants, and emotions. For this, we test LLMs’ abilities on a novel task called
Automatic NarraTive Elicitation (ANTE). We have crowdsourced a corpus of elicitation responses in the Italian language
using a pre-existing dataset of personal narratives. We used this dataset to evaluate a set of closed and open-source LLMs
with automatic and human-evaluation metrics. The human evaluation results show that GPT-4 achieves performance similar
to humans’, while smaller open-source LLMs struggle with this task. We investigate whether fine-tuning smaller open-source
LLMs improves performance by experimenting with mixing crowd-sourced and synthetic data.
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1. Introduction
The act of narration manifests in written or spoken con-
versations. It is generally used to communicate facts,
knowledge and personal events. This act involves recol-
lecting and reasoning about thoughts and events. Indeed,
the narrative has been widely used in journalism [1], edu-
cation [2], and economics [3]. In psychology, the analysis
of personal narratives is a research tool used in many
fields such as rehabilitation [4], managing psychosis [5],
investigating language dysfunctions [6], and monitoring
the variation of the emotional state during psychotherapy
[7, 8]. A Personal Narrative (PN) is a series of unfolding
events recounting the social interactions, emotions, expe-
riences and others lived by the narrator [9]. In this sense,
a PN is a way to observe the interpretation of the world
from the narrator’s perspective [10, 11].

Currently, the collection of personal narratives is
mainly based on textual stimuli or interviews. In the
textual stimuli approach, the narrators recount or write
down in complete isolation an event [12] recollected by a
crafted eliciting prompt based on valence-charged words
(e.g. friendship or death) or questions [13, 14]. However,
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Eliciting prompt
"What did you do this

weekend?"

Poppy, my dog, and I went to a cottage in the 
mountains close to my home. While hiking, we 
ran into a bear close to the river we needed to 

cross! I was super worried for my dog! 

Oh, that’s sound scary! How did you get 
around the bear to reach the cottage?

I picked up Poppy and slowly walked back 
without giving it our shoulders. Luckily, there 

was another point to cross the river and we 
reached the cottage safely. 

That was smart! Did Poppy look scared on way 
to the cottage? 

Figure 1: An example of the Automatic NarraTive Elicitation
(ANTE) task. A skilled AI agent can help the narrator recall
entities and events. Following an opening dialogue act, the
model asks a question to support the narrator in continuing,
expanding and connecting previous entities, facts, and shared
emotions.

the act of narration may be a cognitively demanding and
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emotionally intense process, leading some individuals to
get stuck with the narration or to recount overgeneral-
ized memories, overlooking important details of the story
[15, 12]. While human-human conversation has been
shown to alleviate these issues [16, 17, 18], the potential
role of Large Language Models (LLM) in supporting this
process remains underexplored. Indeed, the recent sug-
gested improvements in the safety, biases and toxicity
[19, 20] and in natural language fluency [21] make these
models suitable candidates for this task.

To help narrators recollect and elaborate on personal
events, LLMs must understand the unfolding events, par-
ticipants, and emotions encompassed in the Personal
Narrative (PN). In this work, we investigate whether
LLMs have these capabilities by evaluating their per-
formance on a novel task called Automatic NarraTive
Elicitation (ANTE). In this, to support the elaboration
of personal events, the model is tasked to generate em-
pathetic eliciting responses pointing to a specific aspect
of the recount. We crowdsource a corpus of more than
500 eliciting responses in the Italian language starting
from a pre-existing dataset of PNs. On this, we evaluate
5 open and closed-source LLMs with in-context learning.
The human evaluation has shown that while GPT-4 [22]
achieves on-pair performance with the human reference,
all the open-source models lag behind. As closed-source
LLMs may have privacy issues and not be affordable
over the long run, we explore whether fine-tuning small
open-source LLMs can reduce the gap. For this, we aug-
ment the training set with a partition generated by GPT-
4. We then experiment with different combinations of
partitions (crowd-sourced vs synthetic data) during fine-
tuning. The results show that fine-tuning with synthetic
data improves the performance of all models, closing the
gap with the human reference.

Our contributions can be summarized as follows:

• Definition of a novel LLM skill for supporting
personal narrations;

• Proposed guidelines and procedure for collect-
ing the Automatic Narrative Elicitation (ANTE)
corpus;

• Automatic and human evaluation of 5 LLMs fol-
lowing in-context learning and fine-tuning strate-
gies;

• Human evaluation protocol with two task-
specific metrics for the ANTE task;

2. Related Works
Question Generation Question Generation (QG) is
a natural language processing task in which a model is
tasked to generate a question given a context and a target
answer [23]. Automatic NarraTive Elicitation (ANTE) is

related to QG because the model has to generate a ques-
tion given a context, but in ANTE the target answer is
unknown. Thus, the ANTE task has no predecessors to
the best of our knowledge, but previous research in QG
is still relevant. GPT-2 [24] has been on the generation
of clarifying questions by experimenting with several
zero-shot prompts grounding the generation on a list
of facets which are possible directions for an ambigu-
ous query [25]. A BART model [26] has been used to
generate questions based on a storybook summary for
improving intellectual development in children [27]. In
the healthcare domain, a combination of T5 and BERT
models has been used in the task of asking patients with
depression questions for triage [28].

Data Augmentation with LLMs Recently, there has
been increased attention on using the LLMs for data aug-
mentation. [29] have leveraged several LLMs to augment
three multilingual datasets. Similarly, [30] have devel-
oped an augmentation method based on GPT-3 [31] and
in-context learning to generate a dataset of synthetic
dialogues. Related to this, the ability of LLMs to gen-
erate Socratic questions, i.e. questions for helping stu-
dents solve a problem without revealing the answer, has
been investigated [32]. For this, the authors augmented a
dataset with GPT-4 [22] and fine-tuned Llama2 [33] with
reinforcement learning.

3. Automatic Narrative Elicitation
We envision a hybrid methodology for eliciting Personal
Narratives (PN), which joins the benefits of textual stim-
uli and interview approaches. The elicitation, depicted in
Figure 1, starts with an eliciting prompt such as a crafted
textual stimulus. Then, once the narrator finishes the first
part of the recount an agent asks a follow-up response
that helps continue the narration by elaborating on some
aspect of the story. These exchanges go on till a certain
criterion is met, depending on the application (e.g. based
on the narrative length), or the narrator explicitly wants
to stop.

Formally, a prompt 𝑃 elicits the main event of
the PN. This is followed by a sequence 𝑑 =
[(𝑁1, 𝑅1), ..., (𝑁𝑡, 𝑅𝑡)], where 𝑁𝑡 is a narrative turn
at time 𝑡 and 𝑅𝑡 is the corresponding eliciting response.
𝑅𝑡 consists of feedback and an eliciting question. The
feedback must show active listening and be aligned with
the expressed narrator’s emotions. Furthermore, the elic-
iting response must focus on relevant events mentioned
in 𝑁𝑡 (𝑓𝑟𝑜𝑚 1 𝑡𝑜 𝑛) without significantly altering the
flow of the narration.

The Automatic NarraTive Elicitation (ANTE) task is
defined as:



Definition 3.1. Given the sequence [(𝑁1, 𝑅1), ..., 𝑁𝑡],
the model generates a 𝑅𝑡 such that 𝑅𝑡 elicits the narrator
to continue with the story by yielding a 𝑁𝑡+1.

This task implicitly requires an emotional and semantic
understanding of the narrative. Furthermore, it implicitly
requires the ability to select the events that might be
valuable to support the continuation of the narration.

4. Data Collection
The dataset for the ANTE task has been created starting
from an existing dataset of PNs in the Italian language
collected during a psychological study, CoAdapt [34].
This corpus is composed of PNs about daily experiences
collected from 45 subjects suffering from distress and
stress conditions. The vocabulary size of the corpus is
3355 words, showing a wide semantic diversity of the
narratives. Furthermore, the PNs are annotated with
valence and emotion carriers at the functional unit level
[35]. The functional unit is a concept borrowed from the
dialogue act theory, which identifies the minimum span
of text with a communicative function [36, 37].

To collect the ANTE corpus, we have asked the anno-
tators to write an eliciting response based on a personal
narrative taken from the CoAdapt corpus. Due to data
and resource constraints, we collected only one response
for each narrative. Thus, the evaluation is based only
on the generation of the first response. With a model
trained on this task, a possible solution to enable the col-
lection of multi-turn dialogues is using an adaptation of
the Wizard-of-Oz framework [38], in which the system
could be a machine or a human supported by a machine.
This would reduce the complexity and costs of the data
collection.

To guide the annotators in writing eliciting responses
aligned with our definition, we have written a list of hints
to follow, which is:

• Focus on the narrative: the response has to
be focused on emotionally charged (preferred) or
other events mentioned in the narrative;

• Give feedback: the response should contain a
feedback signal or other signs of active listening;

• Show empathy: the response should be empa-
thetic, i.e. showing understanding of the emo-
tions expressed;

• Be short: the response should be brief and to the
point;

Similarly, we have included the description of undesir-
able properties, such as asking for personal opinions, and
hypothetical events, giving suggestions or shifting the
focus of the conversation away from the narrated event.
Furthermore, to help the annotator focus the question

Table 1
Statistics of the CoAdapt corpus and the eliciting responses
in the ANTE dataset composed of the Crowdsourced, Merged
and Synthetic datasets.

Crowds. Merged Synth.
# Narratives 478 478 478
# Elicit. Resp. 561 897 478
AVG Tok. Resp. 12.1 15.4 18.6
Vocab. Size Resp. 1061 1878 1350

on emotionally charged events, we have included the va-
lence values by highlighting with red and green colours
positive and negative functional units, respectively. The
web interface and the guidelines are available on GitHub1,
to foster the reproducibility of the data collection.

The annotators have been hired through the Prolific
platform2. Only Italian native speakers who passed a
qualifying test have been considered eligible for this task
to ensure data quality. The CoAdapt dataset has been
split into batches of seven narratives each to keep control
of the cognitive load by keeping the duration of each
annotation session below 20 minutes. Each batch has
been assigned to five crowd workers. As an additional
quality check, we have used an overlap of 20%, which has
been inspected manually. We have kept this overlap in
the training set to have more training data and removed it
from the test set by random sampling one of the eliciting
responses. We set the compensation for the workers to
£12 per hour.

Additionally, to train open-source LLMs we have aug-
mented this corpus using GPT-4. For each narrative in
the dataset, an eliciting response is generated using the
API3 provided by OpenAI. The prompt given to the model
is presented in Section 5.1.

Overall, we have used three datasets to evaluate the
models on the ANTE task: (i) Crowdsourced, containing
only human-annotated responses (ii) Synthetic, contain-
ing only GPT-4 eliciting responses (iii) Merged, contain-
ing both human-annotated and GPT-4 generated eliciting
responses. Table 1 reports the statistics of the datasets,
in which the number of eliciting responses for the crowd-
sourced dataset is higher than the synthetic dataset due to
the overlap. We used the official data split of the CoAdapt
corpus.

5. Methods
We have experimented with 5 closed-sourced and open-
source LLMs, namely GPT-4, Llama3 8B [39], Vicuna
13B [40], LLaMAntino 13B [41], and IT5 [42]. The

1https://github.com/sislab-unitn/ANTE
2https://www.prolific.com/
3We used gpt-4-turbo

https://github.com/sislab-unitn/ANTE
https://www.prolific.com/


selection of the models has only considered LLMs sup-
porting the Italian language i.e. the language of the ANTE
dataset. IT5 is pre-trained on the Italian dataset, while
LLaMAntino 13B based on Llama2 [33] is fine-tuned on
the Italian language using LoRa [43]. Instead, Llama3
8B and Vicuna 13B are pre-trained on a multi-lingual
dataset.

5.1. In-Context Learning
In-context learning, or few-shot learning, is a technique
in which the model can learn from a few examples pro-
vided in the context [31]. In our case, five pairs (5-shot)
of narratives and corresponding eliciting responses are
given to the model. In particular, we have used the same
examples written in the guidelines for collecting the
dataset.

The input to the model is formalized as:

𝐼 ⊕ {𝑁1
1 , 𝑅

1
1 ⊕ ...⊕𝑁5

1 , 𝑅
5
1} ⊕𝑁

where I are the instructions for the model, ⊕ is the
concatenation with the new line (\n), 𝑁 𝑖

1, 𝑅𝑖
1 are i-shot

example of the narrative and the corresponding eliciting
response at the first turn of the dialogue, N is the input
narrative that the model should generate the response to.
The beginning of the narrative and the response are indi-
cated with two marker tokens, namely “Narrative:” and
“Response:” 4. We have also experimented with adding
the annotation guidelines before the instructions for the
model, but observed only an increase in inference time
and not in performance.

5.2. Fine-tuning
In training, the input sequences consist of a narrative
and the corresponding eliciting response, concatenated
with the new line (\n). Additionally, we add two marker
tokens to the input prompt to indicate the beginning of
the narrative and the response, respectively.

Formally, the input sequence is:

𝑁𝑎𝑟𝑟𝑎𝑡𝑖𝑣𝑒 : 𝑁 ⊕𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒 : 𝑅

where N is the narrative, ⊕ is the concatenation with
the new line and R is the corresponding eliciting response.
In fine-tuning the open-source LLMs, the input of the
autoregressive models is as described above, while for
the sequence-to-sequence IT5 model, the input to the
encoder and decoder is narrative and eliciting response,
respectively. All the hyperparameters used to fine-tune
and test the models are reported in Appendix A.

4An example of a real prompt is reported in Appendix A in Table 5.

6. Evaluation

6.1. Metrics
We have evaluated the models on the ANTE task both
with automatic and human evaluation metrics. We have
used the automatic metric to have a proxy for perfor-
mance estimates during the development of the models,
i.e. before the resource-demanding human evaluation. As
an automatic evaluation metric, we have used the BLEU
1 score [44]. Regarding the human evaluation, we have
adopted a human evaluation protocol developed for eval-
uating dialogue models in a reproducible and comparable
way [45]. From this, we have used the Appropriateness,
Contextualization and Correctness metrics5. Each metric
is translated into a question to which the annotators can
answer Yes, No, or I don’t know. Furthermore, the annota-
tors can provide explanations for a negative answer for
some metrics. For contextualization, the annotators can
justify their negative answer with wrong or no references
to the grounding context representing hallucination and
genericness, respectively.

While the proposed metrics are enough for evaluating
generic dialogue models, we need specific criteria for
better evaluating the models on our task. Specifically,
we introduced Effectiveness and Compliance. Effectiveness
evaluates whether the response is effective in helping the
narrator continue with the narration naturally. The two
possible explanations for being an ineffective response
are that the question is either generic (generic question) or
complex (complex question), which means the narrators
will have difficulties in answering that question. Differ-
ent from the genericness in contextualization, a generic
response can still be effective when the context is not
enough for asking a more specific question. Compliance
evaluates whether the response is compliant with the
annotation guidelines, i.e. it has the properties listed in
Section 4.

Additionally, in the HE, we have added ground truth
eliciting responses along with those generated as a point
of reference and an additional control step [45]. More-
over, as for the data collection, we have split the evalua-
tions into batches of five narratives. Each batch has been
annotated by five crowd workers hired via Prolific and
paid £9 per hour. Furthermore, we used an overlap of 20%
to compute the agreement, whose overall score is 0.34
measured with Fleiss’𝜅 [46], showing a fair agreement.

5Appropriateness whether the response makes sense w.r.t the dia-
logue history; Contextualization whether the response contains
references to the dialogue context; Correct whether the response is
grammatically and syntactically correct.



Table 2
The table reports the BLEU 1 scores for each model tested on Gold and Silver, i.e. the crowdsourced and synthetic test sets,
respectively. We can observe that Vicuna 13B and IT5 fine-tuned on a crowdsourced dataset achieve better results than
GPT-4. Moreover, Llama3 8B fine-tuned on the synthetic dataset outperforms all the other models on the Silver test set.

GPT-4 Llama3 8B Vicuna 13B LLaMAntino 13B IT5
Gold Gold Silver Gold Silver Gold Silver Gold Silver

ICL 0.15 0.06 0.07 0.09 0.12 0.09 0.07 0.08 0.10

Crowdsourced - 0.15 0.11 0.16 0.13 0.14 0.13 0.16 0.19
Merged - 0.14 0.18 0.09 0.13 0.13 0.17 0.13 0.12
Synthetic - 0.12 0.22 0.12 0.16 0.10 0.17 0.12 0.16

Table 3
Human evaluation results achieved with in-context learning (ICL) and fine-tuning (FT) on the Crowdsourced (Crowds.), Merged
and Synthetic corpora. The results on the left of || are given to facilitate the comparison. In ICL, GPT-4 outperforms all the
other models, matching human performance in most of the metrics. Open-source models achieve the highest performance
when synthetic data is added to fine-tuning (Merged and Synthetic rows). Yet all the models have a significant gap in the
compliance metric, but Llama3 fine-tuned on the Synthetic corpus.

Metrics Human Ref. GPT-4 Llama3 8B Vicuna 13B LLaMAn. 13B IT5

IC
L

Appropriateness 90.2 90.2 29.4 54.9 60.8 5.9
Contextualization 96.1 98.0 27.5 64.7 66.7 9.8
Correctness 94.1 94.1 41.2 62.7 92.2 29.4
Compliance 90.2 80.4 31.4 64.7 76.5 19.6
Effectiveness 96.1 92.2 31.4 70.6 70.6 17.6

FT
.C

ro
w
ds

. Appropriateness 90.2 90.2 59.3 45.1 58.8 11.8
Contextualization 96.1 98.0 68.5 62.7 58.8 35.3
Correctness 94.1 94.1 94.4 66.7 80.4 52.9
Compliance 90.2 80.4 81.5 62.7 64.7 62.7
Effectiveness 96.1 92.2 72.2 60.8 66.7 23.5

FT
.M

er
ge

d Appropriateness 90.2 90.2 70.6 60.8 66.7 27.5
Contextualization 96.1 98.0 74.5 74.5 76.5 45.1
Correctness 94.1 94.1 68.6 52.9 66.7 62.7
Compliance 90.2 80.4 78.4 82.4 82.4 82.4
Effectiveness 96.1 92.2 82.4 76.5 86.3 49.0

FT
.S

yn
th
et
ic Appropriateness 90.2 90.2 84.3 52.9 78.4 13.0

Contextualization 96.1 98.0 86.3 64.7 78.4 22.2
Correctness 94.1 94.1 94.1 66.7 92.2 50.0
Compliance 90.2 80.4 88.2 74.5 76.5 72.2
Effectiveness 96.1 92.2 92.2 68.6 90.2 35.2

6.2. Automatic Evaluation
Table 2 reports the BLEU 1 score for each model at-
tained with in-context learning and fine-tuning on crowd-
sourced, merged and synthetic datasets. As ground truth,
we use both gold and silver eliciting responses coming
from the crowdsourced and synthetic test sets, respec-
tively.

From the results of the in-context learning experi-
ments, we observe that GPT-4 outperforms all the other
models by effectively leveraging the provided examples
with few shots. Fine-tuned on the crowdsourced dataset,
Vicuna 13B and IT5 outperform GPT-4 with ICL, achiev-
ing the highest results on the gold test set overall. Fur-

thermore, while fine-tuning the models on the merged
and synthetic datasets always degrades the performance
measured on the gold test set, it generally increases the
scores on the silver test set. Finally, Llama3 8B fine-tuned
on the synthetic dataset achieves the best BLEU score on
the silver test set.

According to these results, Llama3 8B and IT5 should
have similar performance on the ANTE task. Notwith-
standing, recent studies have shown that automatic
metrics are poorly correlated with human judgement
[47, 48, 45]. For this reason, we have used human evalua-
tion to have a more realistic representation of the LLMs’
performance.



Figure 2: The figure depicts the percentages of the errors classified by annotators for the metrics Contextualization (Wrong
and No references) and Effectiveness (Complex and Generic questions). We can observe that the errors are mainly due to
hallucinations and genericness, which are minimized by adding synthetic data to fine-tuning.

6.3. Human Evaluation
The results of the human evaluation are presented in
Table 3. Similarly to the automatic evaluation, the ta-
ble shows the results achieved with ICL and fine-tuning
on crowdsourced, merged and synthetic datasets. The
values represent the percentage of eliciting responses
that received a positive evaluation for the corresponding
metric. Considering the limited size of the test set (57 ex-
amples) and the unavoidable subjectivity and ambiguity
in the evaluation process, the results are compared with a
coarse margin that we empirically set to ± 5. Along with
manual inspection, this is also supported by the percent-
age of “I don’t know” options, catching the ambiguous
cases, which ranges from 3.5% for human reference to
9.1% for Vicuna 13B on average.

The results in the ICL setting show that the ANTE task
is challenging also for crowd workers (human reference)
who in some cases could not refrain from giving sug-
gestions or asking for personal information (e.g. What’s
the name of your kid?). Moreover, GPT-4 achieves on-
pair performance with human annotators on all metrics
but compliance since the model gave suggestions simi-
lar to the human reference. Given the overall positive
scores, we have used GPT-4 to generate the synthetic
data. Regarding the other models, the gap with human
reference is overall large. Only LLaMAntino 13B and
Vicuna 13B achieve decent performance on the two task-
specific metrics compliance and effectiveness. Moreover,
the scores on correctness suggest that only LLaMAntino
13B and GPT-4 can properly handle the Italian language
in this task without fine-tuning.

Fine-tuning especially boosts the performance of

IT5 and Llama3 8B, while more contained improvements
are observed for LLaMAntino 13B and Vicuna 13B. More-
over, LLaMAntino 13B and Llama3 8B achieve their best
results when fine-tuned on the synthetic dataset, whilst
IT5 and Vicuna 13B perform the best when fine-tuned
on the merged dataset. In particular, Llama3 8B fine-
tuned on the synthetic dataset attains an improvement of
35% on average w.r.t. ICL results, outperforming all the
other open-source LLMs and matching the performance
on the task-specific metrics of human annotators and
GPT-4. Although a lower performance gain, 10% on av-
erage, LLaMAntino 13B is the second-best model on the
ANTE task, matching GPT-4 performance on effectiveness
and correctness. Regarding the correctness metric, we can
observe that IT5 always achieves the lowest score, but
on the merged dataset, despite being pre-trained on a
corpus in the Italian language.

All in all, fine-tuning with synthetic data (either
merged or synthetic datasets) improves the performance
of almost all the models. Indeed, the scores of the task-
specific metrics achieved by fine-tuning the models on
the crowdsourced dataset are lower on average than
those achieved with merged and synthetic datasets. A
possible explanation for these improvements is that the
merged dataset is larger; therefore, a small model such
as IT5 (220M parameters) benefits from this.

6.4. Error Analysis
Since the human evaluation has shown that GPT-4
matches the Human Reference’s (HR) performance, we
have run some analysis to characterize the similarities
and differences better. We have started by manually com-



Table 4
Entrainment statistics computed between the eliciting responses in test sets (crowdsourced and synthetic) and the eliciting
responses generated by two best-performing fine-tuned models. The score is defined between 0 (perfect match) and -1
(mismatch).

Test sets Fine-tuned on Crowdsourced (FTC) Fine-tuned on Synthetic (FTS)
Llama3 8B LLaMAntino 13B. Llama3 8B LLaMAntino 13B

Crowdsourced (CT) -0.52 -0.55 -0.58 -0.54
Synthetic (ST) -0.66 -0.60 -0.46 -0.35

paring the eliciting responses of GPT-4 and HR. In this,
we observed that GPT-4 tends to use paraphrased parts
of the narrative in the feedback and question parts of
the eliciting response. Indeed, the Jaccard similarity [49]
between the narrative and the eliciting response6 on av-
erage is 13% for GPT-4 and 7% for HR. After that, we
investigate whether there is a challenging set of exam-
ples on which both models make errors by considering
an eliciting response wrong when it received negative
feedback on at least one metric. The intersection of the
errors is only the 7% of the narrative, while the cases
in which HR is correct and GPT-4 is wrong are 20% and
vice versa are 13%. By analysing all these errors man-
ually, we observed that in some cases GPT-4 deducted
the context wrongly such as “I was having a coffee with
a colleague and we were talking about Christmas when...”
and the model asked7 “Have you already decided what to
gift for Christmas?”. Overall, one of the main issues is
due to suggestions or requests for personal information
negatively affecting the performance on appropriateness
and compliance.

The distributions of the explanations that annotators
gave to justify their negative evaluations for the metrics
contextualization (wrong and no references) and effective-
ness (complex or generic questions) are depicted in Figure
2. HR and GPT-4 errors are reported as references in
all plots. We can observe that HR is penalized on con-
textualization and effectiveness due to genericness in the
responses. On the GPT-4 side, the negative score on effec-
tiveness is mainly due to complex questions. Furthermore,
the percentage of errors classified as wrong references is
zero for both HR and GPT-4, meaning that GPT-4 does not
hallucinate in this task. The opposite is observed in the
ICL experiments where Llama3 8B has been penalized on
contextualization mainly due to wrong references, i.e., the
model hallucinated some part of the eliciting response.
Moreover, for the same model, the effectiveness score is
negatively affected by many generic questions. As for
human evaluation, the distributions of the errors show
that fine-tuning the models improves the performance,
especially with synthetic data. In this, we can observe

6From both, we removed the stopwords and lemmatized the rest.
7In this case, the model wrongly inferred that Christmas is yet to
come, which is impossible to say by looking at the context only.
The model should have focused on other parts of the narrative.

that the cases of hallucination and genericness on the
synthetic dataset are minimized compared to fine-tuning
on the crowdsourced dataset. The improvement is even
more evident comparing the errors of IT5 fine-tuned on
crowdsourced and merged datasets, where the number of
generic questions is halved, and the hallucination cases
decrease by 11%. All in all, we can observe that the major
source of errors for contextualization and effectiveness is
due to either hallucination or genericness, regardless of
the dataset used during fine-tuning.

We have investigated whether the performance gap
between fine-tuning on crowdsourced and synthetic
datasets is due to a difference in the learning complex-
ity. In other words, learning from synthetic data may be
easier than learning from human-generated data. Our
rationale is that the distribution learned by LLMs, during
pre-training, is more similar to the distribution of syn-
thetic data than that of human-generated data. This is
because LLMs are based on similar architectures, and the
relative pre-training datasets may overlap. For this, we
have used the entrainment statistic because of the dif-
ferent vocabularies, making measuring the distribution
distance challenging. Entrainment is the phenomenon
in which, during a conversation, a speaker reuses the
terms of the other interlocutor [50]. This phenomenon
may also be seen during the training process, where a
model learns to use the same language as the training set.
We have measured the entrainment using the formula
proposed by Hirschberg et al. [51], which is:

𝐸𝑁𝑇𝑅(𝑐) = −
∑︀

𝑤∈𝑐 |𝑐𝑜𝑢𝑛𝑡𝑆1
(𝑤)−𝑐𝑜𝑢𝑛𝑡𝑆2

(𝑤)|∑︀
𝑤∈𝑐 |𝑐𝑜𝑢𝑛𝑡𝑆1

(𝑤)+𝑐𝑜𝑢𝑛𝑡𝑆2
(𝑤)| (1)

where 𝑐 is a target word class and 𝑐𝑜𝑢𝑛𝑡𝑆𝑖 is the fre-
quency of the word 𝑤 used by the model 𝑆1 and the test
set responses 𝑆2. The resulting score ranges between
0 (perfect match) and -1 (mismatch). We used the 100
most frequent words computed on the joint responses
generated by 𝑆1 and 𝑆2.

Specifically, as 𝑆1, we have used the responses gener-
ated by either Llama3 8B or LLaMAntino 13B8 fine-tuned
on crowdsourced (FTC) and synthetic (FTS) datasets. As
𝑆2, we have used the responses either in the crowd-
sourced (CT) or the synthetic (ST) test sets. From Table

8The two best-performing models.



4, we can observe that the entrainment scores computed
between FTC and CT are lower than those computed be-
tween FTS and ST. Thus, the fine-tuned models are more
aligned with the language of the synthetic dataset than
the natural language found in the crowdsourced dataset,
suggesting that learning from the synthetic data is easier.

7. Personal Narratives in VR
To test the models in a real-case scenario, we have de-
veloped a Virtual Reality (VR) system for the collection
of personal narratives. The collection follows the same
procedure as depicted in Figure 1, which starts with an
eliciting prompt and is followed by a conversation be-
tween a narrator and an embodied conversational agent.
The system consists of an automatic speech recognition
[52] model, a conversational agent based on our best-
performing LLM (Llama3 8B), which generates eliciting
responses, and a text-to-speech model. To connect these
components, we have utilized an adaptation of the archi-
tecture proposed by Yin et al. [53], which also employs
a strategy of input segmentation to minimize response
latency. After some internal tests, we have observed that
the dialogue is effective and the system’s response latency
is not a major issue. However, the turn-taking strategy
is rule-based and, therefore, studying a more effective
approach would make the conversation smoother9.

8. Conclusions
In this work, we evaluated 5 LLMs on the Automatic
NarraTive Elicitation (ANTE) task to investigate whether
the models can help us elaborate and recollect personal
events. To do this, we collected and created three corpora,
namely crowdsourced, merged, and synthetic. Then, we
evaluated closed and open-source models with in-context
learning and fine-tuning on the ANTE task. The results
show that closed-source LLMs can perform similarly to
human annotators and that fine-tuned open-source LLMs
on synthetic data can achieve similar performance. This
suggests that LLMs may be used to support individuals
in recollecting and elaborating on personal events.

A future work is to study the effectiveness of LLMs
in collecting personal narratives compared to standard
techniques such as textual stimuli or interviews in a ran-
dom controlled trial setting. Another is to study how to
instruct the model to steer the conversation toward spe-
cific events relevant to the researchers or professionals
collecting the narratives.

9A demo of this system can be found at https://www.youtube.com/
watch?v=ozpuoEKsTjs
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A. Appendix

A.1. Hyperparameters
We used a batch size of 8 for the fine-tuning. The models
were fine-tuned for 10 epochs with early stopping based
on the perplexity computed on the development set. We
have trained the autoregressive models, Vicuna 13B, LLa-
MAntino 13B, Llama3 8B, in an auto-regressive manner
with Adam [54] optimizer. The models were fine-tuned
using Low-Rank Adaptation (LoRA) [43], i.e. a method
for fine-tuning large-scale LLMs, which reduces the num-
ber of trainable parameters. We set the learning rate to

1e−5, rank and alpha parameters to 128. We have used
the top-k sampling strategy to generate the new tokens
with k set to 10. The IT5 model was fully fine-tuned
with Adafactor [55] optimizer. We have used a beam
search with four beams as a decoding strategy. To run
our experiments, we used a machine with two Nvidia
3090 with 24GB and an Nvidia A100 with 80GB. Overall,
the training time for each experiment was less than 30
minutes, and the inference time was less than 15 minutes.
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Table 5
This is the prompt we have used in the in-context learning experiments and to generate the synthetic dataset with GPT-4. The
prompt that we used is in Italian. In the second row, we provide a translated version.

Sei una AI che deve generare una risposta empatica con una domanda su un racconto, in maniera tale da ottenere più informazioni
su eventi accaduti nel racconto. A seguire degli esempi e successivamente una narrativa su cui dovrai generare una risposta con
una domanda in modo da ottenere più informazioni.
NARRATIVA: “Oggi è stata una bella giornata. Mia moglie mi ha detto che sta aspettando un bambino! Sono super felice! Mi
chiedo se sarò un bravo padre. Mio padre non è stato molto presente quando ero un bambino.”
RISPOSTA: “Sono felice di sentirlo. Sapete già se si tratta di un maschio o di una femmina?” NARRATIVA: “Oggi ho litigato con
Chiara, lei era arrabbiata con me perché secondo lei non io so fare le cose.”
RISPOSTA: “Oh, mi spiace che tu abbia litigato. Secondo lei che cosa è che non sai fare?”
NARRATIVA: “Oggi è una bella giornata. Ho pattinato sul ghiaccio e poi sono andato al cinema.” RISPOSTA: “Bello sentire che è
stata una buona giornata per te. Dove sei stato a pattinare?”
NARRATIVA: “Pensavo sempre a mio figlio che doveva uscire nel pomeriggio, questo è il motivo che mi ha scatenato l’ansia.”
RISPOSTA: “Capisco, dove doveva andare tuo figlio?”
NARRATIVA: “Mia figlia si è lasciata con il suo fidanzato ed ora ho sensi di colpa e momenti di tristezza, mi dispiace tanto e mi
sento incapace di supportarla in questo. Insomma giornate un po’ grigie. Non so se il sonno disturbato e qualche episodio di
insonnia siano causati da questa confusione.”
RISPOSTA: “Mi dispiace tanto, da quanto erano insieme?”
NARRATIVA: ‘input narrative’
RISPOSTA:

You are an AI that has to generate an empathic response with a question about a story to get more information about events
that happened in the story. Below are some examples followed by a narrative, on which you will have to generate a response
with a question to get more information.
NARRATIVE: “Today was a beautiful day. My wife told me that she is expecting a baby! I am super happy! I wonder if I will be a
good father. My father was not very present when I was a child.”
RESPONSE: “I am happy to hear that. Do you already know if it is a boy or a girl?” NARRATIVE: “Today I argued with Chiara,
she was angry with me because in her opinion I don’t know how to do things.”
RESPONSE: “Oh, I am sorry that you argued. What does she think you don’t know how to do?”
NARRATIVE: “Today is a beautiful day. I went ice skating and then I went to the cinema.” RESPONSE: “It is nice to hear that it
was a good day for you. Where did you go skating?”
NARRATIVE: “I was always thinking about my son who had to go out in the afternoon, this is the reason that triggered my
anxiety.”
RESPONSE: “I understand, where was your son supposed to go?”
NARRATIVE: “My daughter broke up with her boyfriend, and now I feel guilty and sad, I’m so sorry, and I feel unable to support
her in this. In short, somewhat gray days. I don’t know if the disturbed sleep and some episodes of insomnia are caused by this
confusion.”
RESPONSE: “I’m so sorry, how long were they together?”
NARRATIVE: ‘input narrative’
RESPONSE:
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