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ABSTRACT

This study presents a system-level multimodal generative storytelling approach designed to support
sustainable ecotourism through narrative-oriented multimodal conditioning. The proposed architecture
integrates Indonesian Text-to-Text Transfer Transformer (IndoT5) as the textual encoder—decoder and
Bootstrapped Language-Image Pretraining (BLIP) as the visual encoder, employing an early fusion
strategy to align semantic and visual representations. The model was trained on a curated dataset from
Indonesian Super Priority Tourism Destinations (SPTDs) and optimized to generate coherent, natural, and
emotionally expressive narratives. Performance evaluation was conducted using a combination of Recall-
Oriented Understudy for Gisting Evaluation (ROUGE) and Metric for Evaluation of Translation with
Explicit Ordering (METEOR) metrics and semantic (BERTScore) similarity metrics. The results indicate
that the proposed IndoT5-based approach achieves higher average performance, with ROUGE-L (0.66),
METEOR (0.70), and BERTScore (0.89). In addition, expert-based qualitative evaluation demonstrated
strong agreement within the defined narrative assessment scope, resulting in a Scale-Level Content
Validity Index Averaged Across Items (S-CVI/Ave) of 1.00. The proposed approach effectively bridges
visual perception and linguistic generation, offering a scalable solution for automated tourism storytelling

that preserves contextual and emotional nuances.
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I.  INTRODUCTION

Tourism is a global economic driver, yet its rapid expansion
poses significant threats to biodiversity and socio-cultural
integrity, necessitating a transformative shift toward
sustainable ecotourism [1]. However, effective governance in
this domain is hindered by fragmented data ecosystems and a
reliance on quantitative metrics such as visitor numbers and
satisfaction scores, which fail to capture the rich emotional and
narrative nuances of the tourist experience [2, 3]. Conventional
frameworks often overlook the qualitative depth available in
user-generated reviews and social stories, limiting their ability
to induce sustainable behavioral change [4]. Consequently,
integrating storytelling and emotion-aware analysis into
tourism governance is crucial for enhancing destination identity

and fostering deeper public engagement with sustainability
principles [5, 6].

While advancements in Artificial Intelligence (AI) and
multimodal learning have enabled the integration of text and
visual data, existing research mainly focuses on passive tasks,
such as sentiment analysis, image captioning, or emotion
recognition, rather than active content creation [7, 8]. In [9], a
combination of FastText and Bidirectional Long Short-Term
Memory (Bi-LSTM) was used to enhance sentiment analysis
on Indonesian tourism video commentary, demonstrating the
relevance of deep learning methods for understanding user-
generated tourism content. However, there is a significant gap
in leveraging Large Language Models (LLMs) to go beyond
mere classification and dynamically generate coherent,
emotionally resonant narratives that synthesize multimodal
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context [10, 11]. Several multimodal systems, such as the
modified Contrastive Language-Image Pre-training (CLIP)-
based architecture [12], demonstrate the potential of integrating
image and text modalities for generating descriptive outputs.
However, these approaches are domain-specific and do not
address the narrative-level generation required for tourism
storytelling. Addressing this limitation, where cultural and
environmental issues are often overlooked in current generative
models, the present study introduces a novel multimodal
generative framework specialized for sustainable ecotourism.
By synergizing visual and textual data from Indonesia's Super
Priority Tourism Destinations (SPTDs), specifically Lake Toba
[13] and Borobudur [14], this research proposes a generative
model capable of producing context-aware storylines that not
only describe attractions but also reinforce the values of
ecological and cultural sustainability.

The contribution of this study lies in designing a system-
level architecture that repositions multimodal storytelling as a
reasoning mechanism for sustainable ecotourism. The novelty
lies in how multimodal representations are structured, fused,
and operationalized to support narrative coherence, contextual
grounding, and decision-oriented interpretation, rather than
isolated caption generation or descriptive tasks. Accordingly,
this work presents a system-level engineering framework that
integrates multimodal representation learning, generative
language modeling, and agentic control into a unified
storytelling framework.

II. MATERIALS AND METHODS

This study proposes a multimodal generative framework for
adaptive storytelling to support sustainable ecotourism. The
comprehensive workflow, as illustrated in Figure 1, consists of

Apify web-scraping platform, including review titles, textual
content, user-uploaded images, and metadata (ratings and
posting dates). A total of 5,735 text—-image pairs were
compiled. During preprocessing, duplicates, incomplete entries,
and irrelevant content were removed. TripAdvisor is a
significant source of user-generated tourism data. [15].

B. Text and Image Preprocessing

As depicted in Figure 1 and Table I, the raw data were
standardized through two parallel streams (text pipeline and
image pipeline) to improve model effectiveness.

C. Feature Extraction and Analysis

To capture high-quality multimodal representations, the
framework employs specialized transformer-based encoders
tailored to each modality. This stage ensures that raw inputs are
transformed into dense, semantically rich vectors before fusion.
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A. Data Collection

The dataset was collected from TripAdvisor in March 2024, Performance
focusing on two Indonesian SPTDs: Lake Toba and Borobudur Evaluation
Temple [13, 14]. Multimodal data were extracted using the Fig. 1. Proposed multimodal generation pipeline.

TABLE L TEXT AND IMAGE PREPROCESSING TASKS
Data modality Preprocessing tasks
R Textual data underwent cleaning to remove noise and symbols, case folding for normalization, and slang replacement to handle informal
Text pipeline L . . s .

linguistic patterns typical in user-generated content. Finally, tokenization was applied to prepare the sequences for the encoder.

Imace pineline Visual data were resized to a standardized dimension of 150 x 112 pixels and converted to RGB to ensure channel consistency. No artificial
e pip data augmentation techniques were applied. The final dataset reflects the original collected samples after preprocessing.

1) Text Encoder

The encoder component of Indonesian Text-to-Text
Transfer Transformer (IndoT5) was utilized to extract linguistic
features from the preprocessed reviews [16]. IndoT5 was
selected for its capability to understand local Indonesian

contexts and produce a hidden state vector hi(t) that captures
the semantic depth of the textual input.

2) Image Encoder

For visual data, Bootstrapped Language-Image Pretraining
(BLIP) was employed [17]. BLIP is designed to bridge the
modality gap by generating visual embeddings hgv) that are

semantically aligned with language understanding, making it
highly effective for multimodal generation tasks.
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To validate the quality and separability of these learned
representations before fusion, the feature distributions were
examined using t-Distributed Stochastic Neighbor Embedding
(t-SNE). This visualization helps to assess whether the
encoders have successfully mapped the inputs into a coherent
latent space. As illustrated in Figure 2, the t-SNE projection
provides a two-dimensional visualization of the high-
dimensional IndoT5 textual embeddings (perplexity = 30,
learning rate = 200, n_iter = 1000, random_state = 42). While
the projection reveals globally compact distributions,
substantial overlap between destination labels is observed. This
indicates that the embeddings capture shared linguistic
structures commonly present across tourism reviews rather than
sharply separating geographic categories. The visualization is
presented as structural insight and is complemented by
quantitative validation metrics to avoid reliance solely on low-
dimensional projection.

t-SNE Projection of IndoT5 Text Embeddings
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Fig. 2. t-SNE visualization of textual features extracted using IndoT5.

Similarly, Figure 3 presents the t-SNE projection of BLIP
visual embeddings. Similar to the textual modality, the visual
embeddings demonstrate global structural coherence with
partial overlap between destination samples. This suggests that
the encoder maintains modality-specific consistency while
preserving shared visual characteristics common across tourism
imagery.

The observed structural coherence across modalities
suggests that the extracted representations maintain consistent
distributional patterns. However, these projections are
interpreted as descriptive structural illustrations and are
complemented by quantitative clustering validation to ensure
methodological rigor.

t-SNE Projection of BLIP Image Embeddings
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Fig. 3. t-SNE visualization of visual features extracted using BLIP.

D. Quantitative Embedding Space Validation

Quantitative clustering validation was conducted on a
stratified balanced subset (n = 812; 406 samples per
destination) to ensure fair comparison across modalities. This
subset was used exclusively for embedding structure analysis
and did not affect model training. The evaluation included
silhouette score, Davies—Bouldin index, Calinski—-Harabasz
index (quantifying cluster variance through inter-/intra-cluster
dispersion ratio), and cosine-based intra- and inter-cluster
similarity analysis. Destination labels (Danau Toba and
Borobudur) were used as reference clusters for both textual and
visual embeddings. The quantitative embedding validation
results are presented in Table II.

TABLE II. QUANTITATIVE EMBEDDING VALIDATION
RESULTS
Metric IndoTS5 (text) BLIP (image)

Silhouette score 0.0205 0.0585
Davies-Bouldin index 6.6648 4.0652
Calinski-Harabasz index 17.1544 47.9927
Intra-cluster cosine similarity 0.7536 0.6771
Inter-cluster cosine similarity 0.7442 0.6398

The textual embeddings exhibit limited destination-level
separability, as reflected by a low silhouette score and
relatively high Davies—Bouldin index. However, the high
cosine similarity values across both intra- and inter-cluster
comparisons indicate strong global semantic coherence across
tourism narratives. This suggests that IndoT5 primarily
captures shared linguistic structures rather than discriminative
geographic distinctions. In contrast, the visual embeddings
demonstrate relatively stronger cluster separation, as evidenced
by higher silhouette and Calinski—-Harabasz values and lower
Davies—Bouldin index. The larger gap between intra- and inter-
cluster cosine similarity further indicates clearer destination-

level visual differentiation. These results stress the
complementary  characteristics of textual and visual
representations: textual embeddings emphasize narrative
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coherence, while visual embeddings preserve destination-
specific structural variance. The proposed early fusion
mechanism leverages this complementary structure to enhance
multimodal conditioning in generative storytelling.

E. Multimodal Fusion and Model Development

IndoT5 is a pretrained encoder—decoder language model
adapted from the Text-to-Text Transfer Transformer (T5)
architecture for Indonesian language tasks. It is trained on
large-scale Indonesian corpora and is designed to support
diverse generative objectives through a unified text-to-text
formulation, making it suitable as the generative backbone for
narrative generation. BLIP is a vision—-language model
pretrained using image—text alignment objectives, enabling
effective cross-modal representation learning for image
captioning and visual-textual grounding tasks.

The core of the proposed framework lies in the effective
integration of textual and visual representations to condition the
generative process. As illustrated in Figure 1, this is achieved
through an early fusion strategy, in which the linguistic features
extracted by IndoT5 and the visual features extracted by BLIP
are combined into a unified multimodal vector before
decoding. In conventional multimodal learning, early fusion
typically aims to enhance object recognition accuracy or
descriptive completeness through low-level or token-level
alignment between visual and textual features. In contrast, the
early fusion strategy proposed in this study is narrative-
oriented, designed to condition the generative process at the
discourse level rather than at the lexical level. By aligning
visual embeddings with semantic textual representations prior
to decoding, the model enables visual context to influence
narrative structure, emotional framing, and thematic continuity,
which are critical for ecotourism storytelling.

1) Multimodal Fusion Strategy
To formalize the fusion process, the textual embeddings

hgt)and visual embeddings hgv)are first projected into a shared
latent space to align their dimensions. The fusion is then
computed using a weighted concatenation mechanism,
expressed as:

hY) = a(w, h® + b))+ (1 - a)(Wuh,(”) + b,) (1)

where hff )is the resulting fused multimodal representation, W,
and W, are the learnable projection matrices for text and image
modalities, respectively, and b, and b,, are the bias terms. a €
[0,1] is a gating parameter that controls the contribution weight
of each modality, allowing the model to dynamically balance
between visual cues and linguistic context.

2) Model Training and Optimization

The fused representation hgf dserves as the input context for
the IndoT5 decoder. Unlike standard fine-tuning, the model is
trained to generate the target sequence Y = {y;y, y,} by
maximizing the conditional probability of the next token y;.
The probability distribution for the token y, at time step t is
calculated using a softmax function over the vocabulary,
defined as:

P(yt|y<t’him) =

softmax (Wvocab D (<t hgf))) ©))

where y., represents the sequence of previously generated
tokens (history), D(+) denotes the decoder function of IndoTS5,
Wiocapis the weight matrix mapping the decoder output to the
vocabulary size, and y; is the predicted token at the current
step.

The training objective is to minimize the negative log-
likelihood loss (Cross-Entropy Loss) across the entire dataset:

L= _ZZ=1l09 P(}’t|)’<t' hgf)) 3

To ensure optimal convergence and generalization, the
model was fine-tuned using the AdamW optimizer with the
hyperparameters detailed in Table III.

TABLE IIL. TRAINING PARAMETERS
Parameter Value
Learning rate 3x10°

Batch size 4
Epoch 10
Optimizer AdamW

3) Inference and Refinement Strategy

Following the training phase, inference was executed using
a controlled decoding strategy to balance fluency and
creativity. Beam search with num_beams = 4 was employed to
explore multiple probability paths simultaneously, reducing the
risk of repetitive outputs. The specific parameters applied
during inference are summarized in Table IV.

TABLE IV. INFERENCE PARAMETERS
Parameter Value
Max length 200
Temperature 0.9

Top-p 0.95
Repetition penalty 1.1
Num beams 4

Subsequently, a Context-Aware Refinement Agent was
deployed using the Meta-LLaMA-3.1-70B-Instruct model (via
the OpenRouter API) [18, 19] to refine the generated draft to a
professional storytelling standard. This process is managed by
a custom-built Python orchestrator that goes beyond simple
rewriting. Before refinement, the orchestrator computes an
Emotion-Adaptive Representation (EAR) score using a
lexicon-based density analysis and identifies dominant
narrative themes utilizing K-Means clustering on Term
Frequency-Inverse Document Frequency (TF-IDF) features.
These semantic attributes are dynamically injected into the
agent's system prompt, ensuring that the Large Language
Model Meta Al (LlaMA) model refines the linguistic fluency
and style while strictly preserving the specific emotional tone
and thematic consistency of the original ecotourism experience.
This refinement stage is not intended as a generic post-hoc
editing step, but as an agentic control mechanism that governs
narrative coherence and emotional fidelity while preserving
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multimodal grounding. The refinement agent operates under
explicit semantic and emotional constraints, ensuring that
stylistic improvements do not distort the original multimodal
representations.

F. Evaluation Metrics and Analysis

The evaluation was conducted using a dual-approach
methodology combining quantitative metrics and expert-based
qualitative validation. The Recall-Oriented Understudy for
Gisting Evaluation (ROUGE) and the Metric for Evaluation of
Translation with Explicit Ordering (METEOR) were applied to
measure lexical overlap and structural similarity, while
BERTScore assessed semantic alignment beyond surface-level
matching. Furthermore, expert evaluation was conducted using
the Content Validity Index (CVI), in which Indonesian
language and literature specialists assessed the produced
narratives across five dimensions: relevance, coherence,
fluency, naturalness, and emotional accuracy.

III. RESULTS

A. Quantitative Evaluation

Training and validation losses were analyzed to assess
convergence stability and generalization. As shown in Figure 4,
IndoBART exhibits fluctuations and a sharp decline in final-
epoch training loss, indicating potential instability. In contrast,
IndoT5 demonstrates smoother and more consistent
convergence under multimodal conditioning. This behavior
aligns with prior findings on T5-style encoder—decoder
architectures, which report strong robustness in multilingual
and low-resource generative tasks due to their unified text-to-
text formulation and transfer learning framework [20]. The
Indonesian adaptation IndoT5 further benefits from
multilingual pretraining strategies [21], while related
multilingual T5 variants have demonstrated stable cross-lingual
and domain-specific narrative generation performance [22, 23].

Training and Validation Loss for IndoBART and IndoT5
2.00

175 /\
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Fig. 4. Training and validation loss curves for IndoBART and IndoTS5.
Following the convergence analysis, model performance
was evaluated using ROUGE-L, METEOR, and BERTScore.
As summarized in Table V, IndoT5 consistently outperforms
IndoBART across all evaluation metrics, with significant gains
in METEOR and BERTScore, indicating improved semantic
alignment and contextual fidelity. This performance difference

underscores the importance of the textual backbone in
multimodal generative storytelling and aligns with prior
findings on the robustness of T5-style encoder—decoder
architectures in multilingual and low-resource generation
settings.

TABLE V. QUANTITATIVE EVALUATION OF RAW
GENERATED OUTPUTS
Evaluation metric Model
IndoBART IndoTS5 (proposed)
ROUGEI1 0.56 0.70
ROUGE2 0.50 0.64
ROUGE-L 0.53 0.66
ROUGE-LSum 0.53 0.66
METEOR 0.57 0.70
BERTScore 0.61 0.89

To further examine the robustness of these quantitative
differences, a paired t-test was conducted on per-sample
ROUGE-L, METEOR, and BERTScore values using a
significance level of o = 0.05. Inferential statistical analysis
was performed on a randomly sampled subset (n = 800,
random_state = 42) to ensure computational feasibility and
reproducibility. The results, presented in Table VI, indicate
statistically significant differences across all evaluation metrics.
For ROUGE-L, IndoT5 (M = 0.6504, SD = 0.3286)
significantly outperformed IndoBART (M = 0.4202, SD =
0.2423), 1(799) = 27.68, p < 0.001, indicating a large effect size
(Cohen’s d = 0.98). Similarly, significant improvements were
observed for METEOR, #799) = 16.51, p < 0.001, d = 0.58,
and BERTScore, #(799) = 29.54, p < 0.001, d = 1.04. These
findings demonstrate that IndoT5 provides statistically and
practically meaningful improvements over IndoBART in
multimodal generative storytelling.

TABLEVI.  STATISTICAL COMPARISON
Metric Iﬂmde(;'ff IndoBART Mf:an t p d
(SD) mean (SD) diff
ROUGE-L (g:gggg) (géigg) 02301 | 2768 | <0.001 | 0.98
METEOR (8_23?2) (8_'23;’2) 0.1389 | 1651 | <0.001 | 0.58
BERTScore (g:fﬁég) (g:gg‘s‘g) 0.0966 | 29.54 | <0.001 | 1.04

The 95% confidence intervals for the mean differences
were 0.2138-0.2465 for ROUGE-L, 0.1224-0.1554 for
METEOR, and 0.0902-0.1031 for BERTScore. In all cases, the
intervals exclude zero, confirming the robustness and practical
significance of these improvements.

B. Multimodal Fusion and Context-Aware Refinement

The effectiveness of the proposed system stems from the
early fusion strategy and the subsequent agentic refinement
process. The early fusion effectively combines textual and
visual features into a single multimodal representation, thereby
improving contextual grounding, strengthening descriptive
accuracy, and enhancing the relevance of generated storytelling
to the depicted scenes. The performance is finalized by the
context-aware refinement agent. After the IndoT5 model
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generates an initial draft, the Meta-LLaMA-3.1-70B-Instruct
model (via the OpenRouter API) is used as a stylistic editor.

This refinement process is managed by a custom-built
Python orchestrator that dynamically computes the EAR score
and identifies dominant K-Means narrative themes from the
raw text, injecting these semantic attributes into the LLaMA
agent's prompt. This ensures that the LLaMA model refines the
linguistic fluency and flow while strictly preserving the specific
emotional tone and thematic consistency of the original
ecotourism experience.

C. Expert-Based Content Validity Evaluation

The qualitative evaluation was conducted by two
independent experts with academic backgrounds in Indonesian
language and literature. As the primary output of the proposed
system is narrative storytelling, these experts were selected for
their expertise in assessing narrative coherence, linguistic
fluency, stylistic naturalness, and emotional expressiveness.
The evaluation was performed independently using a five-point
Likert scale, which was subsequently mapped to a CVI
framework. The CVI framework comprises Item-level CVI (I-
CVI), Scale-level CVI Averaged Across Items (S-CVI/Ave),
and S-CVI based on Universal Agreement (S-CVI/UA). While
S-CVI/Ave reflects the average relevance agreement across
evaluation criteria, S-CVI/UA represents the proportion of
items that achieved complete agreement among all evaluators.

The final refined narratives were then evaluated across five
criteria: content relevance, coherence, linguistic fluency,
naturalness, and emotional accuracy. Inter-rater agreement was
assessed using Cohen's Kappa, indicating strong agreement
between the evaluators. Table VII summarizes the CVI results
for the proposed two-stage generative framework: the initial (1)
multimodal grounding by IndoT5, followed by the final (2)
context-aware refinement by the LLaMA agent. The refined
outputs achieved an S-CVI/Ave of 1.00, reflecting complete
agreement between the evaluators within the defined narrative
evaluation scope. This result should be interpreted with
caution, as it is influenced by the focused evaluation criteria
and the limited number of experts. These findings indicate that
the agentic refinement step enhances the perceived quality and
readability of the storytelling outputs, supporting their
suitability for professional tourism content.

TABLE VII. SUMMARY OF CVI RESULTS
INDEX VALUE
Number of experts 2
Rating scale Likert 1-5 (converted into relevant / not relevant)
[-CVI (per item) 1.00
S-CVI/Ave 1.00
S-CVI/UA 1.00

IV. DISCUSSION

The findings of this study contribute to the existing research
on multimodal generative models by demonstrating that a
narrative-oriented early fusion strategy combined with a T5-

style encoder—decoder architecture enhances semantic
alignment and contextual coherence in tourism storytelling
tasks. The improvements observed across ROUGE-L,

METEOR, and BERTScore indicate that IndoT5 generates

narratives with stronger contextual representation when
conditioned on multimodal inputs. These improvements should
therefore be interpreted not merely as metric differences but as
meaningful gains in narrative coherence and semantic
alignment in multimodal storytelling.

These findings are consistent with [20-23], demonstrating
the robustness of T5-style architectures and their multilingual
variants in generative language modeling tasks. The unified
text-to-text ~ formulation  enables  stable  contextual
representation and flexible adaptation across diverse language
generation tasks. In this study, the superior performance of
IndoT5 compared to IndoBART suggests that task-agnostic
pretraining better supports narrative-level generation in
multimodal storytelling. Furthermore, the proposed narrative-
oriented early fusion mechanism strengthens contextual
grounding by integrating visual semantics at the representation
level rather than at the token level, thereby improving discourse
coherence beyond simple descriptive alignment.

Despite these contributions, this study has several
limitations. First, a statistical evaluation was conducted on a
reproducible sampled subset to ensure computational
feasibility. Second, automatic similarity-based metrics may not
fully capture creative expressiveness or stylistic richness in
narrative storytelling. Third, expert-based validation involved a
limited number of evaluators, which may constrain
generalizability. Future research should explore larger-scale
human-centered  evaluation  frameworks,  cross-lingual
extensions for international tourism contexts, and the
integration of Explainable Artificial Intelligence (XAI)
techniques to improve transparency in multimodal generative
systems. Investigating adaptive fusion strategies and
reinforcement learning-based narrative optimization may
further enhance contextual sensitivity and sustainability-
oriented storytelling performance.

V. CONCLUSION

This study presents a system-level multimodal generative
storytelling framework that integrates early narrative-oriented
fusion and agentic refinement to support sustainable
ecotourism decision-making. By employing a caption-based
bridging strategy utilizing Bootstrapped Language-Image
Pretraining (BLIP) for visual interpretation and Indonesian
Text-to-Text Transfer Transformer (IndoT5) as the text-to-text
generative core, the proposed architecture synthesizes visual
and linguistic data to produce context-aware narratives. The
framework demonstrates robust quantitative performance,
achieving a BERTScore of 0.89, substantially outperforming
the IndoBART baseline (0.61) while indicating enhanced
semantic alignment and contextual grounding. Furthermore, the
two-stage inference process, featuring a context-aware
refinement agent dynamically guided by Emotion-Adaptive
Representation (EAR) and thematic context, resulted in
narratives that achieved full agreement within the defined
expert-based evaluation scope. The Scale-Level Content
Validity Index Averaged Across Items (S-CVI/Ave) was 1.00,
although the number of evaluators was limited. These findings
suggest that the proposed framework offers a scalable and
effective approach for automated storytelling generation that
preserves contextual and emotional nuances while meeting
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professional content standards. Future work will focus on

integrating  Explainable  Artificial Intelligence (XAI)
techniques, particularly Local Interpretable Model-agnostic
Explanations (LIME), to enhance transparency and

interpretability of the generative process. Additionally, future
studies will explore cross-lingual storytelling extensions for
broader destination promotion contexts.
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