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1. Introduction 
Ulos, a traditional woven textile from the Batak ethnic group in North Sumatra, Indonesia, holds 

significant philosophical, spiritual, and economic value [1]. However, its sustainability is threatened by 

declining interest among younger generations due to the time-intensive production process and limited 

economic returns [2], [3]. This challenge reflects the broader struggle of safeguarding Intangible 

Cultural Heritage (ICH) through digital preservation [4]–[6]. To meet modern market demands and 

improve artisan livelihoods, contemporary Ulos production requires innovation that maintains cultural 

authenticity while streamlining design processes [7].  

Technological innovation, particularly artificial intelligence (AI), has already begun transforming the 

fashion and textile industries [8]–[12]. Digital design tools offer pathways to sustain traditional crafts by 

reducing production time [13]. The DiTenun platform pioneered this for Ulos through automated motif 

generation and coloring [14], [15]. However, DiTenun's current color optimization, which relies on 

Genetic Algorithms, faces two critical limitations [16]. First, its single-objective focus often results in 

imbalanced color distributions that sacrifice cultural authenticity for computational efficiency [17]–[19]. 

Second, the lack of an intuitive interface prevents artisans from expressing personal preferences, thus 
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limiting personalization. While computational tools have supported other craft traditions [20]–[26], 

existing systems often prioritize single-objective optimization [27]–[29] or require technical expertise 

that is incompatible with traditional artisan workflows. Consequently, there is a clear research gap in 

multi-criteria optimization specifically tailored for culturally constrained textiles. 

To address these limitations, we propose the use of the Non-dominated Sorting Differential 

Evolution (NSDE) algorithm [30], [31]. NSDE is a well-established multi-objective optimization 

technique previously applied to complex problems in civil engineering [32], materials science [33], 

electrical engineering [34], and logistics [35]. In this study, we adapt NSDE to simultaneously optimize 

multiple aesthetic criteria, including color contrast, colorfulness, and pattern diversity, while strictly 

adhering to cultural constraints. However, NSDE's requirement for explicit objective functions creates 

a usability barrier for artisans. 

We bridge this gap by integrating Large Language Models (LLMs) as natural language interfaces. 

Building on recent advances in LLM-guided optimization [36]–[40], our system translates an artisan's 

culturally grounded preferences into formal algorithmic parameters. Aesthetic quality is quantified using 

established metrics such as RMS Contrast, Michelson Contrast, and Colorfulness [41]. Cultural 

authenticity is maintained through thread color dictionaries derived from traditional Ulos classifications 

like Harungguan and Sadum. Finally, the system's effectiveness is validated through subjective interviews 

with 20 expert weavers. 

The primary objective of this research is to develop a user-centric design framework that empowers 

artisans through technology. Specifically, this work aims to: 

• develop the first multi-objective optimization framework for traditional textile coloring that 

balances aesthetic and cultural criteria. 

• create a novel LLM-mediated interface that allows non-technical artisans to control design 

parameters through natural language. 

• provide empirical validation demonstrating that the generated designs maintain high levels of 

usability and cultural authenticity. 

2. Method 
The proposed system follows a three-stage workflow: data preparation through color quantization, 

LLM-based preference translation, and multi-objective optimization using the NSDE algorithm. 

2.1. Data Preparation and Color Quantization 
The research utilizes the "Ulos Batak DiTenun" dataset (https://ieee-dataport.org/documents/ 

dataset-ulos-batak), comprising 94 high-resolution images of traditional Ulos motifs, specifically the 

Harungguan, Sadum, and Puca types. Original Ulos images exhibit high heterogeneity in pixel intensity 

due to lighting and texture, often containing thousands of unique shade variations (e.g., hundreds of red 

tones). As traditional weavers work with a limited set of dyed threads, this continuous color space is 

impractical for direct optimization. 

To align the digital images with the physical constraints of traditional weaving, the continuous color 

space of the 94 motif images is discretized using K-Means-based Color Quantization [42], as follows: 

• Feature Extraction: Pixel intensities are converted to the HSV color space to facilitate culturally 

relevant color manipulation. 

• Clustering: K-Means clustering is applied to each motif image to identify the dominant color 

groups. 

• Optimal K Selection: The number of clusters (𝐾𝐾) is determined by the highest silhouette 

coefficient, resulting in 𝐾𝐾 = 5 for Puca, 𝐾𝐾 = 9 for Sadum, and 𝐾𝐾 = 10 for Harungguan. 

https://ieee-dataport.org/documents/dataset-ulos-batak
https://ieee-dataport.org/documents/dataset-ulos-batak
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• Quantization: Each pixel is mapped to its nearest cluster centroid, reducing the search space from 

thousands of shades to a discrete thread-based palette. 

This process reduces the search space D from a per-pixel definition to a discrete palette definition, 

where the genome for the optimization algorithm represents the centroids of these K clusters. Fig. 1 

shows a comparison of Ulos images before and after the color quantization process. 

  

Before After 

Fig. 1. Before and after color quantization 

In (a) before color quantization, it can be seen that the Ulos image has very heterogeneous colors, 

with various color variants such as green, brown, and cream which have different levels of intensity. This 

heterogeneity enriches the visual details, but is difficult to produce manually by traditional weavers due 

to limited materials to produce many color variants. In image (b) after color quantization, the results of 

the K-Means based color quantization process are shown, where each type has a K value or a 

predetermined number of color clusters. 

2.2. Large Language Model Integration 
An LLM serves as a natural language interface to bridge the gap between qualitative artisan 

preferences and quantitative optimization. The LLM's primary role is to generate a Python-based 

objective function, 𝑓𝑓𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝑥𝑥), which evaluates how closely a candidate color palette matches user intent. 

The model configuration and standardized prompt are defined as follows: 

• Experiments utilized GPT-4 (https://platform.openai.com/docs/models/gpt-4), DeepSeek V3 

(https://huggingface.co/deepseek-ai/DeepSeek-V3), and Gemini 2.0 Flash with a temperature 

setting of 1.00 (https://docs.cloud.google.com/vertex-ai/generative-ai/docs/models/ 
gemini/2-0-flash) to encourage creative color suggestions. To ensure reproducibility, all models 

were accessed via API using the configurations detailed in Table 1, and the standardized prompt 

was applied to each (Fig. 2). 

Table 1.  LLM Parameter Configuration 

Model Temperatur Top-P 
Max Input Token 

Limit 
GPT-4 1.00 1.00 8.000 

DeepSeek V3 1.00 0.70 128.000 

Gemini 2.0 Flash 1.00 0.95 1.048.576 

 

• The models are provided with a structured prompt containing the Ulos type, pattern characteristics, 

and the list of user-selected HSV color codes. 

https://platform.openai.com/docs/models/gpt-4
https://huggingface.co/deepseek-ai/DeepSeek-V3
https://docs.cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-0-flash
https://docs.cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-0-flash
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• The generated function must accept an image matrix as input and return a fitness value in the range 

[0,1], where 1 represents a perfect match with the user’s desired palette. 

1. Create a Python function named calculate_user_color_preferences. 
 

2. This function is the objective function of the NSDE (Non-dominated Sorting 
Differential Evolution) algorithm that optimizes color combinations in Ulos motifs 
with the following characteristics: 

3. - Line: {line} 
4. - Pattern: {pattern} 
5. - Accent color: {accent_color} 
6. - Contrast color: {contrast} 

 
7. The list of user-preferred Hue, Saturation, and Value combinations is 

{list_colors_hsv}. This function accepts as input an image matrix in the HSV color 
space (with Hue 0-179, Saturation 0-255, Value 0-255, and dtype np.uint8). 
 

8. From this image, extract all unique combinations of Hue, Saturation, and Value. 
 

9. If the list of Hue, Saturation, and Value combinations matches the user-preferred 
Hue, Saturation, and Value combination, then the fitness value is 1 (one). The 
fitness value will decrease according to the extent to which the color matches the 
given preference, based on the specified criteria. 
 

10. Ensure the Hue value is in the range 0-360, explicitly convert to int32, and ensure 
hue_img is an int before modulo. 
 

Fig. 2.  Standardized prompt  

The generated function should accept three main parameters: “ulos type name” to specify the type of 

Ulos to be optimized, an “api key” to access the API, and “ulos selected color codes”, which contains a 

list of user-selected color codes. First, this function retrieves Ulos characteristics from the database, 

including information about stripes, patterns, accent colors, and color contrast (see Table 2).  

Table 2.  Ulos Characteristics 

Element Harungguan Sadum Puca 
Lines Dominated by diagonal lines 

that form the main structure of 

the fabric. 

Horizontal lines are used to 

divide the pattern and structure. 

Motifs are arranged horizontally, 

dividing the pattern and motif. 

Patterns Traditional patterns include 

curved line ornaments and 

plant-like motifs. 

Symmetrical and geometric 

patterns, including crosses or 

small, evenly distributed motifs. 

Geometric motifs are the main 

element, including traditional 

house/Gorga motifs and 

repeating lines. 

Dominant 

Colors 

There are many color 

combinations, with the base 

color tending to be darker than 

the ulos motif. The color 

combinations are complex. 

Each ulos has one to two main 

colors, while the border color 

tends to be darker. 

The dominant color forms the 

overall base of the fabric, 

generally red, cream, and blue. 

Accent 

Colors 

Accent colors (gold, white, and 

black) emphasize lines or 

patterns in the form of thin lines 

or small motifs around the main 

pattern. 

Accent colors used are gold, 

white, or black. Accents form 

lines or detailed elements on the 

fabric. 

Accent colors such as white, 

black, gold, or gray are used to 

emphasize motifs or lines. 

Accents highlight the pattern. 

Color 

Contrast 

Light colors as the lines of the 

motif contrast with the base 

color of the ulos, which tends to 

be dark. 

Each ulos has a contrast between 

light colors (yellow, white) and 

dark colors (black, dark red) to 

emphasize the pattern. 

High contrast is achieved 

through a combination of light 

colors (yellow, white) and dark 

colors (black, dark red). 

 

Next, the user-selected color codes are converted into HSV format using a predefined thread colors 

database (see Fig. 3). 
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Fig. 3. Representative Thread Color Samples for Authenticated Ulos Weaving, integrated into the LLM 

Prompting Logic 

2.3. Large Language Models in Evolutionary Optimization 
Recent research has seen LLMs transition from generative text tools to active components in 

optimization pipelines, a paradigm often termed "LLM-as-optimizer." Studies by Yao et al. [40] and 

Liu et al. [39] demonstrate the ability of models like GPT-4 and Gemini to evolve heuristics and generate 

dynamic objective functions. Our work extends these benchmarks by applying them to the domain of 

Intangible Cultural Heritage (ICH). Unlike general optimization tasks, this application requires a 

specialized translation layer that maps subjective cultural descriptions to strict, predefined color 

dictionaries, bridging the gap between artisan intent and algorithmic execution. 

2.4. Mathematical Definitions of Objective Functions 
The NSDE algorithm optimizes a vector of objective functions 𝐹𝐹(𝑥𝑥) =

�𝑓𝑓𝑅𝑅𝑅𝑅𝑅𝑅(𝑥𝑥), 𝑓𝑓𝑀𝑀𝑀𝑀𝑀𝑀ℎ(𝑥𝑥), 𝑓𝑓𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑥𝑥), 𝑓𝑓𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢(𝑥𝑥), 𝑓𝑓𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝑥𝑥)�, where 𝑥𝑥 represents a candidate solution (color 

palette. 

2.4.1. Contrast Metrics 
RMS Contrast (𝑓𝑓𝑅𝑅𝑅𝑅𝑅𝑅) calculates the standard deviation of normalized pixel intensity at pixel (𝑖𝑖, 𝑗𝑗) 

(𝐼𝐼𝑖𝑖𝑖𝑖) relative to the mean intensity (𝐼𝐼)̅ [43], [44], as in (1). 

𝑓𝑓𝑅𝑅𝑅𝑅𝑅𝑅 = � 1
𝑀𝑀𝑀𝑀

∑ ∑ �𝐼𝐼𝑖𝑖𝑖𝑖 − 𝐼𝐼�̅2𝑁𝑁−1
𝑗𝑗=0

𝑀𝑀−1
𝑖𝑖=0                                                                                       (1)

  

Michelson Contrast (𝑓𝑓𝑀𝑀𝑀𝑀𝑀𝑀ℎ) evaluates the luminance range between maximum (𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚) and minimum 

(𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚) intensities [43], [44], as in (2). 

𝑓𝑓𝑀𝑀𝑀𝑀𝑀𝑀ℎ =
𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚−𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚
𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚+𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚

   (2) 

2.4.2. Aesthetic Metrics 
Colorfulness (𝑓𝑓𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) quantifies visual vividness using the mean (𝜇𝜇) and standard deviation (𝜎𝜎) of the 

opponent color spaces 𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑦𝑦 [41], as in (3): 

𝑓𝑓𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = �𝜎𝜎𝑟𝑟𝑟𝑟2 + 𝜎𝜎𝑦𝑦𝑦𝑦2 + 0.3�𝜇𝜇𝑟𝑟𝑟𝑟2 + 𝜇𝜇𝑦𝑦𝑦𝑦2    (3) 

Optimal Unique Color (𝑓𝑓𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈) maximizes diversity by counting perceptually distinct colors up to 

the limit 𝐾𝐾. 
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2.4.3. Preference Metrics 
(𝑓𝑓𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝): This dynamic function, generated by the LLM, maximizes similarity between the candidate 

palette (𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠) and the user's preferred colors (𝐶𝐶𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢), as in (4). 

𝑓𝑓𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝑋𝑋) =
1

1+∑ min𝑣𝑣∈𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠‖𝑢𝑢−𝑣𝑣‖2𝑢𝑢∈𝐶𝐶𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢
   (4) 

2.5. Non-Dominated Sorting Differential Evolution Algorithm Configuration 
The optimization core utilizes the NSDE algorithm with the following specifications: 

• Genome Representation. Each individual (𝑥𝑥) is a vector of size 3 × 𝐾𝐾, representing H, S, V channels 

for each of the 𝐾𝐾 cluster. 

• Algorithm Parameters. The system uses a population size (𝑁𝑁𝑁𝑁) of 100, a crossover rate (𝐶𝐶𝐶𝐶) of 0.7, 

and a mutation factor (𝐹𝐹) of 0.5 to ensure robust convergence across 200 generations (𝐺𝐺𝑚𝑚𝑚𝑚𝑚𝑚). 

2.6. System Architecture and User Interface 
The proposed framework follows a modular, user-centric architecture designed to bridge qualitative 

artisan intent with quantitative optimization, as illustrated in Fig. 4.  

 

Fig. 4. System Architecture of the LLM-NSDE Framework for User-Centric Ulos Design 

The workflow is structured into four primary phases: 

• Multi-Modal Input Acquisition. The process begins with the End User providing three distinct 

data streams via the User Interface: the cultural category (Ulos type), the visual source (original 

motif image), and aesthetic preferences (preferred color codes). 

• Prompt Engineering and LLM Interaction. The user’s color preferences are transformed into the 

HSV (Hue, Saturation, Value) color space and passed to the Prompt Management module. This 

module applies a logic-tier template that combines cultural constraints with user intent to construct 

an optimized prompt. This prompt is transmitted via API to the Large Language Model (LLM), 

which functions as a code generator. 
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• Code and Dictionary Generation. The LLM returns two critical artifacts: a customized objective 

function, 𝑓𝑓𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝑥𝑥), and a color dictionary. The 𝑓𝑓𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝑥𝑥) is a Python-executable snippet that 

mathematically represents the user’s preference, allowing it to be integrated directly into the 

optimization pipeline 

• Multi-Objective Optimization (NSDE). The Non-dominated Sorting Differential Evolution 

(NSDE) algorithm serves as the core engine. It ingests the original motif and utilizes the LLM-

generated 𝑓𝑓𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝑥𝑥) alongside standard aesthetic metrics (contrast and colorfulness) to guide the 

evolutionary search. By evaluating candidate color palettes against this dynamic fitness function, 

the NSDE identifies the Pareto-optimal solutions that best balance cultural authenticity with user 

preference 

3. Results and Discussion 
The scope of this research is defined by the use of the Ulos dataset from DiTenun. Consequently, its 

findings may not be generalizable to Ulos types outside this specific collection. The study is limited to 

the digital coloration phase of existing Ulos motifs and does not encompass the physical creation process 

itself, such as thread selection, weaving techniques, or the generation of new motifs. The developed 

coloring system is evaluated based on its aesthetic quality and alignment with traditional Ulos aspects, 

an evaluation which involves Ulos weavers in Toba Regency to ensure its relevance and objectivity against 

established standards. While their expertise provides invaluable feedback, it is acknowledged that this 

cohort may not represent the full spectrum of preferences across all Ulos communities. 

3.1. Experimental Environment and Parameter Configuration 
To ensure reproducibility, all experiments were conducted in a standardized computational 

environment. The system was implemented using Python 3.10.12 with core libraries including NumPy 

1.23.5 for numerical operations and OpenCV 4.8.0 for image processing and HSV color space 

transformations. LLM interactions were facilitated through their respective official APIs (GPT-4, 

DeepSeek V3, and Gemini 2.0 Flash) with the specific configurations previously detailed in Table 1. 

The optimization process utilized the NSDE algorithm parameters defined in Section 2.4. For the 

objective evaluations, we compared the Default Parameter Set against the Reference Set from [45] to 

assess algorithmic robustness. Table 3 summarizes these configurations to facilitate a direct comparison 

of the search intensity across generations (𝐺𝐺𝑚𝑚𝑚𝑚𝑚𝑚) and population sizes (𝑁𝑁𝑁𝑁). 

Table 3.  NSDE Parameter Configuration 

Parameter Symbol Default Value Reference Value 

Max Generations 𝐺𝐺𝑚𝑚𝑚𝑚𝑚𝑚 200 300 

Population Size 𝑁𝑁𝑁𝑁 100 100 

Crossover Rate 𝐶𝐶𝐶𝐶 0.7 0.4 

Mutation Factor 𝐹𝐹 0.5 0.85 

3.2. Evaluation Metrics and Baseline 
The performance of the LLM-NSDE framework is evaluated against a baseline NSDE (without 

LLM preference integration). Quantitative assessment is performed using core metrics defined in 

Section 2.4. 

• Convergence: Measured via the 𝜖𝜖-indicator. 

• Aesthetic Quality: Evaluated through Colorfulness (𝑓𝑓𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐), RMS Contrast (𝑓𝑓𝑅𝑅𝑅𝑅𝑅𝑅), and Michelson 

Contrast (𝑓𝑓𝑀𝑀𝑀𝑀𝑀𝑀ℎ). 

• Diversity and Intent: Assessed via Optimal Unique Color (𝑓𝑓𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢) and the User Preference Score 

(𝑓𝑓𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) generated by the LLM interface. 
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3.3. LLM Configuration and Functional Reliability 
To ensure the robustness of the system, we measured the Functional Code Rate (FCR), defined as 

the percentage of LLM responses that produced executable Python code without syntax errors. Gemini 

2.0 Flash, DeepSeek V3, and GPT-4 achieved an FCR of 100% in 10 trials. The Prompt Management 

module utilizes a three-tier logic. 

• Context Injection: Retrieval of Ulos-specific color dictionaries. 

• Preference Mapping: Processing of user-defined natural language inputs. 

• Syntactic Constraints: Structuring the prompt to mandate a specific Python 𝑓𝑓(𝑥𝑥) interface 

3.4. Quantitative Analysis of Convergence and Aesthetic Quality 
The convergence of the LLM-NSDE algorithm was evaluated using the 𝜖𝜖 indicator across different 

Ulos motif categories. As shown in Table 4, the performance metrics for the Harungguan Ulos indicate 

that the integration of DeepSeek V3 yielded the most favorable convergence, achieving the lowest 𝜀𝜀-
indicator value of 2.18 × 10−3. In terms of aesthetic quality, DeepSeek V3 also achieved the highest 

Michelson Contrast (0.86) among the LLM-integrated models, surpassing the baseline NSDE. While 

the Gemini 2.0 Flash model recorded the highest User Preference score (0.28), it experienced a 

significant drop in RMS contrast compared to the baseline. Conversely, DeepSeek V3 provided a more 

balanced optimization, maintaining high colorfulness (168.65) and contrast levels comparable to the 

baseline while successfully incorporating user preferences better than GPT-4o. 

Table 4.  Experimental results of Harungguan Ulos 

LLM ε-indicator Colorfulness RMS 
Contrast 

Michelson 
Contrast 

Optimal 
Unique 
Color 

User 
Preferences 

NSDE 2.27 × 10⁻³ 168.46 30.43 0.85 1 - 

NSDE + Gemini 2.0 Flash 4.10 × 10⁻³ 168.71 23.86 0.76 1 0.28 

NSDE + DeepSeek V3 2.18 × 10⁻³ 168.65 29.62 0.86 1 0.08 

NSDE + GPT-4o 3.12 × 10⁻³ 165.25 24.72 0.66 1 0.01 

 

Table 5 details the experimental results for the Sadum Ulos, highlighting a significant disparity in 

the models' ability to adhere to user constraints. DeepSeek V3 demonstrated superior performance in 

capturing user intent, achieving a User Preference score of 0.60, which substantially outperforms Gemini 

2.0 Flash (0.20 × 10−2)  and GPT-4o (0). Additionally, both DeepSeek V3 and GPT-4o maximized the 

Michelson Contrast to 0.99, ensuring high visibility of the motif patterns. Although the baseline NSDE 

produced the highest RMS contrast (32.92), the DeepSeek V3 integration offered the best trade-off, 

securing high preference alignment and maximum colorfulness (169.93) without critically compromising 

the structural clarity of the motif. 

Table 5.  Experimental Results of Sadum Ulos 

LLM 𝜺𝜺-indicator Colorfulness RMS 
Contrast 

Michelson 
Contrast 

Optimal 
Unique Color 

User 
Preferences 

NSDE 5.61 × 10⁻² 169.44 32.92 0.84 1 - 

NSDE + Gemini 2.0 

Flash 

1.33 × 10⁻² 169.99 22.54 0.90 1 0.20 × 10⁻² 

NSDE + DeepSeek V3 1.36 × 10⁻¹ 169.93 23.37 0.99 1 0.60 

NSDE + GPT-4o 5.61 × 10⁻² 169.77 22.69 0.99 1 0 
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Table 6 shows the experimental results for the Puca Ulos. In this scenario, Gemini 2.0 Flash exhibited 

the strongest capability in satisfying user constraints, achieving the highest preference score of 0.66 and 

the best 𝜀𝜀-indicator value of 1.75 × 10−3. However, regarding visual properties, DeepSeek V3 proved 

to be the most robust in preserving the motif's definition, matching the baseline's RMS contrast (32.21) 

and achieving the highest Michelson contrast (0.64). While GPT-4o generated the most colorful results 

(171.16), it failed to register any alignment with user preferences. This suggests that for the Puca motif, 

Gemini offers the best adherence to specific color requests, whereas DeepSeek ensures the best 

preservation of contrast and pattern details. 

Table 6.  Experimental results of Puca Ulos 

LLM 𝜺𝜺-indicator Colorfulness RMS 
Contrast 

Michelson 
Contrast 

Optimal 
Unique 
Color 

User 
Preferences 

NSDE 5.22 × 10⁻³ 170.19 32.22 0.59 1 - 

NSDE + Gemini 2.0 

Flash 

1.75 × 10⁻³ 169.69 21.79 0.63 1 0.66 

NSDE + DeepSeek V3 1.94 × 10⁻² 170.90 32.21 0.64 1 0.48 

NSDE + GPT-4o 1.91 × 10⁻³ 171.16 29.93 0.63 1 0 

 

Based on the results, the use of a Large Language Model (LLM) combined with the Non-Dominated 

Sorting Differential Evolution (NSDE) algorithm can generate color combinations for Ulos motif images 

that better match user preferences compared to using the NSDE algorithm alone. In addition to 

producing preferred colors, the use of LLMs also introduces new colors that closely resemble users' 

desired hues. These new colors are selected from a set of traditional Ulos thread colors, enriching the 

variety of colors in the Ulos motif images while still aligning with user preferences. 

Among the three LLMs used in this experiment, DeepSeek V3 outperformed Gemini 2.0 Flash and 

GPT-4o. This model achieved higher fitness scores compared to the others and also excelled at 

generating custom objective function code used to calculate fitness values based on user preferences. 

While other models often produced incorrect or non-functional code, DeepSeek consistently generated 

logical, well-structured, and executable code. In addition, a paired t-test was conducted on the 𝜀𝜀-
indicator values to compare the performance of the default NSDE parameter set against the reference 

parameter set. The analysis yielded a 𝑝𝑝 − 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 of 0.0700. Since this value exceeds the significance level 

(𝛼𝛼 = 0.05), we fail to reject the null hypothesis. 

3.5. Qualitative Results 
This study serves as a qualitative validation, and future work will scale this to a larger demographic 

to increase statistical power. Based on the results of qualitative evaluation conducted through interviews 

with 20 weavers from Silaen Subdistrict, Toba Regency, statistical analysis of seven questions revealed 

variations in perception toward the three evaluated types of Ulos: Harungguan, Puca, and Sadum (Table 

7). The questions posed to the weavers to gauge their perceptions based on the evaluation rubric include: 

• Q1: Are the color combinations on the Ulos harmonious and appropriate? 

• Q2: Are the color combinations consistent with the distinctive beauty of the Ulos? 

• Q3: Are the colors evenly distributed and complementary to each other within the motifs? 

• Q4: Are these colors still appropriate for weaving today? 

• Q5: Do the selected colors reflect the meaning and values of Batak culture? 

• Q6: Have dyeing results ever differed from expectations? 

• Q7: If so, can they continue, or must the results be as planned? 
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The evaluation method used is a face-to-face interview, in which each weaver will try dyeing each 

type of Ulos and complete the evaluation questionnaire three times. To maintain consistency and 

accuracy in their responses, particularly for the seventh question, weavers are instructed to choose 

Strongly Agree or Agree if the different dyeing results can still be continued, and Disagree or Strongly 

Disagree if the dyeing results must be as planned. This direction is given so that weavers do not answer 

carelessly and still consider the meaning of each choice. 

Table 7.  Subjective evaluation results of the colored Ulos images 

Measures Ulos Type Q1 Q2 Q3 Q4 Q5 Q6 Q7 

Mean 

Harungguan 3.50 3.70 3.20 3.16 3.25 3.35 2.50 

Sadum 3.95 3.95 3.85 3.60 3.85 3.40 3.45 

Puca 3.50 3.35 3.52 3.35 3.50 2.85 3.00 

Standard 

Deviation 

Harungguan 0.51 0.47 0.71 0.69 0.55 0.59 0.83 

Sadum 0.23 0.23 0.37 0.60 0.36 0.75 0.69 

Puca 0.51 0.81 0.61 0.74 0.36 0.59 0.80 

Median 

Harungguan 4.00 4.00 3.00 3.00 3.00 3.00 2.00 

Sadum 4.00 4.00 4.00 4.00 4.00 4.00 4.00 

Puca 4.00 3.50 4.00 3.50 3.50 3.00 3.00 

Mode 

Harungguan 4.00 4.00 3.00 3.00 3.00 3.00 2.00 

Sadum 4.00 4.00 4.00 4.00 4.00 4.00 4.00 

Puca 4.00 4.00 4.00 4.00 4.00 3.00 3.00 

Agreement 

Percentage 

Harungguan 100 100 85 85 95 95 82.35 

Sadum 100 100 100 95 100 85 88.20 

Puca 95 90 95 85 100 75 41.20 

 

Harungguan Ulos was positively received for its color harmony and aesthetic appeal (Q1 and Q2: 

100% agreement). However, lower agreement on Q7 (2.5 mean; 82.35%) and high variability (SD: 0.83) 

indicate concerns regarding consistency and alignment with user expectations, especially when colors 

differ from the original plan. Sadum Ulos achieved the highest overall satisfaction, with strong consensus 

(100% agreement on Q1–Q3, Q5) and low variability (Q1–Q2 SD: 0.23). It effectively balanced aesthetic 

quality and cultural values. Still, Q6 and Q7 showed moderate disagreement, suggesting the need to 

improve how deviations from user intent are handled. Puca Ulos was rated positively for visual harmony 

and cultural representation (high scores on Q1–Q5), but showed the lowest agreement on Q7 (41.2%) 

and higher standard deviations. This indicates that unexpected outcomes reduced user satisfaction 

despite good overall aesthetic results. 

 Table 8 presents a comparative visualization of the automatic coloring results for the Harungguan 

Ulos motif, illustrating the efficacy of integrating Large Language Models (LLMs) to enforce user 

constraints. The "Input Colors" column establishes a specific user-defined palette consisting of maroon, 

gold, dark blue, dark brown, and pink hues. The result labeled "NSDE" serves as a baseline, utilizing the 

optimization algorithm without LLM guidance; this output notably fails to adhere to the user's 

requested palette, instead generating a combination of unrelated greens and cyan.  

In contrast, the results guided by LLMs, specifically DeepSeek V3, Gemini 2.0 Flash, and GPT-4o, 

successfully translate the user's preferences into the final output, producing motifs that strictly align 

with the provided color set. Among these, the study notes that DeepSeek V3 (displayed in the top right) 

outperformed other models in generating objective functions that match user preferences, visually 

resulting in a high-fidelity mapping of the requested pink and maroon tones compared to the discordant 

baseline. 
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Table 8.  Coloring results of Harungguan Ulos 

Original Motif Input Colors LLM Output Motif LLM Output Motif 

 

 

 

 

 

 

NSDE 

 

NSDE + 

DeepSeek V3 

 

 

NSDE + Gemini 

2.0 Flash 

 

NSDE + GPT-4o 

 

 

3.6. Discussion 
The experimental results validate the proposed framework’s ability to modernize Ulos design while 

maintaining heritage. The discussion below connects the quantitative and qualitative findings to the 

primary research objectives. The first objective focused on developing a multi-objective framework that 

balances visual appeal with cultural constraints. The 𝜖𝜖-indicator values using DeepSeek V3 (mean 

1.94 × 10−2 for Puca, 1.36 × 10−1 for Sadum and 1.36 × 10−1 for Harungguan) confirm that the 

NSDE algorithm successfully converges toward a diverse Pareto front without sacrificing computational 

efficiency. While traditional single-objective approaches often prioritize a single aesthetic, leading to 

"over-optimized" but culturally unrecognizable designs, the high scores in RMS Contrast and 

Colorfulness demonstrate that our multi-objective approach produces vibrant results that remain within 

the boundary of traditional color dictionaries. The Pareto-based optimization ensures that improvements 

in visual contrast do not come at the expense of cultural authenticity. 

The second objective sought to lower the technical barrier for artisans through an LLM-mediated 

interface. The experimental data reveals that the effectiveness of this interface varies significantly 

depending on the Ulos type and the specific model utilized. The highest performance was recorded in 

the Puca category using Gemini 2.0 Flash, which achieved a User Preference Score (𝑓𝑓𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) of 0.66, 

followed by the Sadum category using DeepSeek V3 with a score of 0.60. These results provide empirical 

evidence that LLMs can successfully translate qualitative artisan intent into formal objective functions, 

effectively transforming a complex mathematical process into an intuitive design session. 

In contrast, the Harungguan category yielded a lower peak score of 0.28 with Gemini 2.0 Flash. This 

discrepancy suggests that motifs with higher cultural or structural complexity remain a significant 
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challenge for current natural language translation layers. The variance in these scores highlights that 

while the LLM serves as a vital bridge for non-technical users, model selection and prompt engineering 

must be carefully tailored to the specific characteristics of the textile tradition to ensure high-fidelity 

design outcomes. By utilizing the LLM as a "human-in-the-loop" mechanism, the system narrows the 

search space, fulfilling the goal of making advanced AI tools accessible to traditional cultural 

practitioners, even as it identifies areas for further model refinement. 

The final objective was to validate the system’s usability and its ability to provide personalized designs. 

The paired t-test result (p=0.0700) is particularly revealing; while it indicates that the algorithm is robust 

and consistent, the variance in scores suggests that artisan preferences are distinct and subjective. This 

finding justifies the shift from a "one-size-fits-all" automated coloring template to a personalized 

optimization framework. The visual comparisons in Table 8 further confirm that while the algorithm 

introduces modern color variations, the core cultural identifiers, the "soul" of the Ulos, remain intact, 

demonstrating that digital innovation can successfully coexist with traditional safeguarding. 

4. Conclusion 
This research successfully established a multi-objective framework for the automatic coloring of Ulos 

motifs by integrating the Non-dominated Sorting Differential Evolution (NSDE) algorithm with Large 

Language Model (LLM) preference translation. By utilizing the LLM as a natural language interface, 

the system effectively bridged the gap between complex mathematical optimization and the qualitative, 

culturally grounded intent of traditional artisans. The experimental findings confirmed that this 

approach achieves high convergence on the Pareto front while significantly improving user satisfaction 

compared to standard automated methods. The primary contribution of this work lies in providing a 

scalable methodology for the digital preservation of Intangible Cultural Heritage (ICH), demonstrating 

that advanced AI can empower rather than replace traditional craftsmanship by lowering technical 

barriers to design innovation. While the framework showed high performance for Puca and Sadum 

motifs, the lower preference scores for Harungguan motifs highlight a need for more nuanced prompt 

engineering to handle complex cultural hierarchies. Future research will explore the use of multi-modal 

LLMs to analyze motif geometry alongside textual preferences to improve design fidelity. Additionally, 

we plan to implement a real-time feedback loop within the optimization process, enabling weavers to 

adjust objective weights dynamically, and scale the qualitative validation to a larger demographic to 

increase statistical power. Expanding the color dictionaries to include a broader range of Indonesian 

textiles will also be a priority to test the framework’s cross-cultural scalability. 
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