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Abstract: This research evaluates the effectiveness of Large Language Models (LLMSs) for probabilistic
forecasting of the Indonesian Retail Sales Index. We analyze monthly retail sales index data from Bank
Indonesia, spanning January 2012 to January 2025 across seven product categories. A broad spectrum
of time series forecasting models is developed using AutoGluon Time Series, including a baseline
seasonal naive model, machine learning-based tabular models, classical statistical models (AutoETS,
Dynamic Optimized Theta, and NPTS), deep learning models (Temporal Fusion Transformers,
PatchTST, TiDE, and DeepAR), and transformer-based LLMs from the Chronos and Chronos Bolt
families. For the LLM models, we consider both zero-shot forecasting (direct application of pre-
trained models) and fine-tuning on the historical retail data. All models are evaluated on a hold-out
test period using seven metrics: Scaled Quantile Loss (SQL), Weighted Quantile Loss (WQL), Mean
Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute
Percentage Error (MAPE), and Symmetric MAPE (SMAPE). The fine-tuned Chronos [base] model
achieved the best overall performance, yielding the lowest errors with SQL = 0.274, WQL = 0.136,
MAE = 0.184, MAPE = 0.267, MSE = 0.059, RMSE = 0.243, and SMAPE = 0.218. These results highlight
the potential of LLM-based models to improve the accuracy of retail sales forecasts in Indonesia,
especially in capturing long-term trends, while underscoring the remaining challenges in modeling
short-term fluctuations.

Keywords: Time Series Forecasting, Chronos, Large Language Models, AutoGluon, Retail Sales
Index, Probabilistic Forecasting, Indonesia

1. Introduction

Precise retail sales forecasting plays a vital role in shaping successful business strategies
and robust economic planning [1]. From a broader economic viewpoint, retail sales data
serve as a key measure of consumer expenditure, offering insights into the economy’s
overall condition and valuable information for policymakers [2]. The ability to predict
future retail trends accurately is therefore of paramount importance for decision-making
at both the micro level (e.g., individual businesses) and the macro level (e.g., government
policy).

Historically, time series forecasting has predominantly relied on statistical techniques
such as ARIMA, exponential smoothing, and regression-based approaches [3-5]. While
these methods have proven valuable in many contexts, they often struggle to capture
the complex non-linear patterns and long-range dependencies that characterize modern
economic data, including retail sales. The increasing availability of large datasets and
advancements in computational power have paved the way for more sophisticated tech-
niques, including machine learning and deep learning. Approaches such as Support Vector
Regression (SVR)[6], Random Forests[7], and various neural network architectures (e.g., Re-
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current Neural Networks and Convolutional Neural Networks) have shown encouraging
results in improving forecasting accuracy across different domains [8,9].

In recent years, a paradigm shift has occurred in the field of artificial intelligence
with the emergence of Large Language Models (LLMs), which are transformer-based archi-
tectures originally designed for natural language processing [10-12]. These architectures
have exhibited impressive abilities in comprehending, generating, and reasoning with
sequential data across multiple domains [13]. Their capacity to learn intricate patterns and
contextual relationships from vast amounts of text data has sparked interest in exploring
their potential for time series analysis and forecasting [14]. Although the use of LLMs
in time series analysis is still an emerging area, early research suggests their promise in
modeling complex temporal patterns and potentially surpassing conventional methods in
specific contexts [15].

The retail sector in Indonesia constitutes a major part of the national economy, charac-
terized by dynamic consumer behavior and vulnerability to various internal and external
influences (such as seasonal festivities, economic fluctuations, and cultural events) [16,17].
Accurate forecasting of retail sales in this context can provide invaluable insights for busi-
nesses (for inventory management, marketing, and supply chain optimization) and for
government agencies in formulating economic policies[18,19]. Despite the importance of
this task, there is limited research specifically focused on leveraging cutting-edge LLMs for
probabilistic forecasting of Indonesian retail sales.

This research addresses the above gap by investigating the effectiveness of several
prominent LLMs, facilitated by the AutoGluon Time Series framework, for forecasting
the Indonesian Retail Sales Index across multiple product categories. We compare the
performance of these LLMs, in both zero-shot and fine-tuned settings, against a diverse set
of traditional forecasting models, including baseline, statistical, tabular machine learning,
and deep learning approaches. By conducting a comprehensive evaluation with multiple
accuracy metrics, this study provides insights into the potential of LLMs to enhance forecast
accuracy and probabilistic estimation for retail sales in the Indonesian context, ultimately
contributing to the advancement of forecasting methodologies in this critical economic
sector.

2. Materials and Methods
2.1. Data

This study employs historical monthly Retail Sales Index data sourced from Bank
Indonesia, covering the period from January 2012 to January 2025 [20]. The dataset en-
compasses seven distinct product categories: Spare Parts and Accessories, Food, Beverages
& Tobacco, Motor Vehicle Fuel, Information and Communication Equipment, Other Household
Appliances, Cultural and Recreational Goods, and Other Goods. These categories represent a
significant portion of the Indonesian retail market, providing a comprehensive view of
consumer spending trends across different sectors. For the purpose of model training and
evaluation, we treat each product category as a separate time series. We reserve the last
12 months of each series (February 2024 to January 2025) as the out-of-sample test set for
evaluating forecast performance, while data up to January 2024 are used for training the
models.

2.2. Data Pre-processing

The initial data was obtained from a comprehensive Excel file downloaded from the
official Bank Indonesia website [20]. The original file comprised several sheets presenting
the retail sales index at different temporal resolutions, including daily, monthly, and
yearly frequencies. For the purposes of this study, only the monthly data was deemed
relevant. Consequently, the initial step involved manually identifying and isolating the
sheet corresponding to the monthly retail sales index. This data was subsequently extracted
and stored in a separate Comma-Separated Values (CSV) file to facilitate a more efficient
and focused modeling process.
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A comprehensive evaluation of data quality was subsequently performed on the
curated dataset. The analysis verified that all entries corresponding to the seven product
categories over the defined time span were intact and complete. There were no missing
values identified, nor were any irregular or outlier data points observed that would neces-
sitate removal or the use of corrective methods such as imputation. As a result, the dataset
was confirmed to be clean and fully prepared for direct application in time-series modeling.

To standardize the input data, we applied z-score normalization, a standard technique
in machine learning preprocessing [21,22]. This method transforms the data for each time
series to have a mean of zero and a standard deviation of one. This process is crucial for
enhancing the performance and stability of many forecasting models, particularly those
sensitive to the scale of input features, by ensuring all series are on a comparable scale
[23]. Table 1 provides a sample of the data values for two categories before and after this
transformation. After the forecasting process was complete, all predicted values were
de-normalized back to the original scale of the Retail Sales Index to allow for meaningful
evaluation and interpretation of the results.

Table 1. Comparison of sample Retail Sales Index (RSI) values before and after z-score normalization.

Month Before Normalization After Normalization
January 2012 95.5 -1.4083
February 2012 86.9 -1.9284
March 2012 93.0 -1.5595
April 2012 86.9 -1.9284
May 2012 93.1 -1.5535

2.3. Methods

In this study, we evaluate a diverse set of time series forecasting models available in
the AutoGluon-TimeSeries Python library. To ensure a fair and equivalent comparison, the
hyperparameters for all models were manually configured to align the training setups. This
allows performance differences to be attributed more directly to the model architectures
themselves. The models are grouped into five categories. The specific parameters for all
non-LLM models are consolidated in Table 2 for clarity.

2.3.1. Baseline Model

A simple baseline model is used as a reference point to evaluate the performance of
more complex models, establishing a performance floor.
*  SeasonalNaive: This model assumes that the forecast value is identical to the last
observed value from the same season. For this monthly data, the forecast for a given
month is simply the value from the same month in the previous year[24].

2.3.2. Statistical Models

Statistical models are traditional approaches that rely on well-defined mathematical
assumptions about the underlying data-generating process, making them robust for series
with clear trend and seasonal patterns.

*  AutoETS: This method automatically selects the best-fitting Exponential Smoothing
(ETS) state-space model by testing various configurations of error, trend, and season-
ality (additive, multiplicative, damped, etc.) and choosing the one that minimizes a
given information criterion[25].

*  DynamicOptimizedTheta: An optimized implementation of the Theta decomposition
model, which decomposes the time series into two "theta lines" to model short-term
behavior and long-term trend separately before combining them for the final forecast.

*  NPTS (Non-Parametric Time Series): A kernel-based forecasting method that makes
no strong assumptions about the data’s underlying distribution. It predicts future
values by looking at past patterns, making it flexible for series that do not follow
standard statistical models.
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Table 2. Hyperparameters for Non-LLM Models

Model Parameters
Baseline Model
SeasonalNaive . sea.sonal_perlod =12
. n_jobs = 0.5
Statistical Models
AutoETS . seasonal_period = 12

model = "additive"

DynamicOptimizedTheta

seasonal_period = 12
decomposition_type =
"multiplicative"

NPTS

kernel_type = "exponential"

exp_kernel_weights =
use_seasonal_model =

1.0
True

num_default_time_features =

Tabular Models

RecursiveTabular

maxlags = 24
use_lags = "auto"

regressor = "LightGBM"

DirectTabular

maxlags = 24
use_lags = "auto"

regressor = "LightGBM"

Deep Learning Models

DeepAR

context_length = 12
batch_size = 32

1r = le-4
1r_scheduler_type =

"cosine"

TemporalFusionTransformers

context_length = 12
batch_size = 32

1r = le-4
1r_scheduler_type =

"cosine"

TiDE

context_length = 12
batch_size = 32

1r = le-4
1lr_scheduler_type =

"cosine"

PatchTST

context_length = 12
batch_size = 32

1r = le-4
1r_scheduler_type =

"cosine"
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2.3.3. Tabular Models

These models transform the time series forecasting problem into a standard regression
task by creating a tabular dataset where lagged historical values serve as input features
to predict a future value. This allows powerful machine learning regressors, such as
LightGBM, to be applied[26].

*  RecursiveTabular: Forecasts a single step ahead and then recursively uses this new
prediction as an input feature to forecast the subsequent step, repeating until the full
forecast horizon is generated.

e DirectTabular: Trains a separate model for each step in the forecast horizon. This
avoids the accumulation of errors common in the recursive strategy, as each forecast is
made independently.

2.3.4. Deep Learning Models

Deep learning models utilize multi-layered neural network architectures to automati-
cally learn complex, non-linear patterns and temporal dependencies from the data without
manual feature engineering.

*  DeepAR: An autoregressive model based on a Recurrent Neural Network (RNN) that
is specifically designed for probabilistic forecasting. Instead of a single point forecast,
it outputs a full probability distribution for each future time step[27].

¢ PatchTST: A Transformer-based architecture that first segments the input time series
into smaller, overlapping windows or "patches.” This patching mechanism allows
the model'’s attention mechanism to more efficiently learn both local and long-range
dependencies[28].

*  Temporal Fusion Transformer (TFT): A sophisticated, attention-based architecture
that fuses information from multiple sources. It uses gating mechanisms to filter
irrelevant information and interprets its own temporal dynamics to produce highly
accurate and interpretable forecasts[29].

* TiDE: An efficient forecasting model based on a simple Multi-layer Perceptron (MLP)
encoder-decoder structure. It processes temporal features and covariates through
dense layers, making it computationally faster than attention-based models while
remaining effective for long-horizon forecasting.

2.3.5. Large Language Models (LLMs)

This category leverages pre-trained foundation models from the Chronos family,
which apply transfer learning to time series forecasting. These models are pre-trained on
vast amounts of public time series data and can generalize to new datasets with minimal
task-specific training[30].
®  Zero-Shot Forecasting: The pre-trained Chronos models are used directly to generate

forecasts without any training on the Indonesian retail sales data. This tests their

intrinsic, out-of-the-box generalization capability.
* Fine-Tuning: The pre-trained models are further trained on our specific dataset.

This allows the model to adapt its learned patterns to the unique characteristics and

dynamics of the Indonesian retail sales index.

Table 3. Hyperparameters for Fine-Tuning Chronos Models

Model Parameters

. fine_tune = True
num_samples = 100
fine_tune_batch_size = 32
fine_tune_lr = le-4
lr_scheduler_type = "cosine"

Chronos Models

All models were trained to forecast a 12-month horizon (February 2024 through
January 2025) for each category. We did not incorporate any exogenous variables during
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training, to isolate the models’ capability of capturing patterns from the Retail Sales Index
itself.

2.4. Performance Evaluation

The performance of all forecasting models was evaluated using a comprehensive set
of seven metrics, assessing both point forecast accuracy and the quality of probabilistic
predictions. Lower values of all these error metrics indicate better model performance.
These metrics are defined as follows:

*  Mean Absolute Error (MAE): MAE measures the average magnitude of the forecast
errors, irrespective of direction [31,32].

*  Mean Squared Error (MSE): MSE is the average of the squared forecast errors, which
penalizes larger errors more heavily [31,33].

*  Root Mean Squared Error (RMSE): RMSE is the square root of MSE, bringing the
error metric back to the original units of the data for interpretability [31,33].

*  Mean Absolute Percentage Error (MAPE): MAPE measures the average percentage
error. It is computed as the mean of the absolute percentage differences between
forecasts and actuals [34].

e  Symmetric Mean Absolute Percentage Error (SMAPE): SMAPE is a variation of
MAPE that symmetrically normalizes errors [35,36].

*  Scaled Quantile Loss (SQL): SQL evaluates the accuracy of probabilistic forecasts
by measuring the quantile loss at specified quantile levels, scaled by a factor (often a
normalization term for each series) [37,38].

e Weighted Quantile Loss (WQL): WQL is similar to SQL but assigns different weights
to different quantile levels, emphasizing certain parts of the predictive distribution
[37,39].

3. Result

This section presents the results of the forecasting experiments for all models described
above. Performance evaluation is first summarized in tabular form, followed by graphical
comparisons of metric outcomes across models, and finally a detailed examination of the
fine-tuned LLM forecasts for each product category.

3.1. Evaluation Metric Comparison for non-llm Models

The performance of the non-LLM models, encompassing the baseline, statistical,
tabular, and deep learning categories, is detailed in Table 4a. The evaluation reveals a
distinct split in performance based on the metric type, highlighting that different models
excel in either probabilistic or point forecasting tasks.

For probabilistic forecasting, the deep learning models proved superior. The Temporal
Fusion Transformer achieved the best Scaled Quantile Loss (SQL) of 0.346, while TiDE
delivered the lowest Weighted Quantile Loss (WQL) at 0.177. This indicates their strength
in estimating accurate prediction intervals.

Conversely, for point forecast accuracy, the statistical model DynamicOptimizedTheta
was the clear leader, securing the lowest Mean Absolute Error (MAE) of 0.217, Mean
Squared Error (MSE) of 0.080, Root Mean Squared Error (RMSE) of 0.283, and Symmet-
ric MAPE (SMAPE) of 0.277. This demonstrates its robustness in predicting the central
tendency of the series.

In contrast, several models, including Direct Tabular, DeepAR, and especially NPTS,
consistently exhibited the highest error rates across all metrics, suggesting they were less
effective at capturing the complex patterns within the Indonesian retail sales data.

3.2. Evaluation Metric Results for Chronos Models (Zero-Shot)

Table 4b presents the performance metrics of the Chronos family of large language
models (LLMs) when deployed in a zero-shot setting—that is, without undergoing any fine-
tuning on Indonesian retail data. Notably, these pre-trained models exhibited exceptional
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Table 4. Comprehensive Performance Evaluation of All Forecasting Models.

(a) Evaluation Metrics for non-LLM Performance

Model SQL WQL MAE MAPE MSE RMSE SMAPE
TemporalFusionTransformer  0.346  0.179  0.243 0.298 0.128 0.358 0.449
TiDE 0390 0.177 0.258 0.277 0.101 0.317 0.302
DynamicOptimizedTheta 0418 0.203  0.217 0.283 0.080 0.283 0.277
SeasonalNaive 0441 0224 0.237 0.391 0.109 0.331 0.456
AutoETS 0441 0224 0.237 0.391 0.109 0.331 0.456
RecursiveTabular 0.441 0.238  0.260 0.422 0.101 0.318 0.285
PatchTST 0.493 0.209 0.316 0.312 0.153 0.391 0.359
DirectTabular 0962 0.386 0.520 0.458 0.379 0.616 0.629
DeepAR 1.079 0471 0.666 0.587 0.627 0.792 0.903
NPTS 1582 0.677 1.126 1.019 1.449 1.204 1.749

(b) Zero-Shot Performance

Model SQL WQL MAE MAPE MSE RMSE SMAPE
Chronos [small] 0.271  0.141 0.198 0.261 0.074 0.272 0.282
Chronos [bolt_tiny] 0280 0.137 0.178 0.247 0.053 0.230 0.215
Chronos [bolt_mini] 0.282 0.137 0.181 0.248 0.057 0.239 0.226
Chronos [bolt_base] 0.289 0.145 0.191 0.247  0.070  0.265 0.254
Chronos [bolt_small] 0.296 0.145 0.192 0.224 0.067 0.259 0.246

Chronos [base] 0.309 0.146  0.203 0.258 0.071 0.267 0.246
Chronos [large] 0.328  0.151 0.220 0.268 0.076 0.275 0.269
Chronos [mini] 0.341 0.169 0.231 0.297 0.090 0.301 0.322
Chronos [tiny] 0354 0.170  0.240 0.321 0.098 0.313 0.331

(c) Fine-Tuned Performance

Model SQL WQL MAE MAPE MSE RMSE SMAPE
Chronos — FT [base] 0.274 0.136  0.184 0.267 0.059 0.243 0.218
Chronos — FT [small] 0294 0.146 0.197 0.267 0.068 0.261 0.246
Chronos - FT [mini] 0372 0.168  0.231 0.300 0.079 0.280 0.259
Chronos - FT [large] 0374 0183 0.245 0.339 0.111 0.333 0.270

Chronos—FT [bolt_small] 0.393 0.184 0.242 0.264 0.105 0.323 0.328
Chronos—FT [bolt_base] 0431 0.223  0.301 0.396 0.154 0.393 0.464
Chronos-FT [bolt_mini] 0472 0.263  0.368 0.471 0267  0.517 0.563
Chronos-FT [bolt_tiny] 0498 0.281 0.377 0488 0295 0543 0.613
Chronos - FT [tiny] 0592 0270 0.381 0422 0216  0.465 0.418

predictive capabilities, surpassing both traditional and deep learning approaches across
nearly all evaluation criteria.

Among them, the lightweight Chronos [bolt_tiny] model stood out as the best-performing
variant, recording the lowest values for SQL (0.280), WQL (0.137), MAE (0.178), MSE (0.053),
RMSE (0.230), and SMAPE (0.215). Other compact models, including Chronos [bolt_mini]
and Chronos [small], also demonstrated highly competitive performance.

These zero-shot outcomes underscore the substantial promise of foundation models
in time-series forecasting tasks. The ability of Chronos to generalize temporal patterns
learned from large-scale public corpora to the Indonesian retail sales domain—without any
exposure to the target data—reflects its robust generalization capacity and potential for
real-world deployment.

3.3. Evaluation Metric Results for Chronos Models (Fine-Tuned)

Table 4c presents the performance of the Chronos LLM models after being fine-tuned
on the Indonesian retail sales training data.

The fine-tuning process further solidified the advantage of LLMs, with the Chronos —
FT [base] model achieving the best performance overall. It recorded the lowest values across
the majority of metrics, with an SQL of 0.274, WQL of 0.136, MAE of 0.184, MAPE of 0.267,
MSE of 0.059, RMSE of 0.243, and SMAPE of 0.218. These results represent a significant
improvement over both the zero-shot LLMs and all traditional models evaluated.
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An interesting pattern emerged regarding model size. Fine-tuning provided a clear
benefit for the standard Chronos models (base, small, mini, large), allowing them to adapt
more closely to the dataset’s specific characteristics. However, for the more compact
bolt variants, fine-tuning led to a notable degradation in performance compared to their
zero-shot counterparts. For instance, the SQL for Chronos—FT [bolt_tiny] (0.498) was
substantially worse than its zero-shot version (0.280). This suggests that the smaller bolt
models may be prone to overfitting when fine-tuned on a dataset of this size, and their
strength lies in their powerful zero-shot capabilities.

3.4. Comparative Performance Analysis

QL Comparison WaL Comparison MAE Comparison
Baseline Models Baseline Models Baseline Models
Chronos{small] 0.011 Tabular Models Chronos-FineTuninglbase] 0136 Tabular Models Chronosfbolt_tiny] 0.178 Tabular Models
. statistical Models m— tatistical Models m— Statistical Models
Chronos-FineTuninglbase] jo.274 Deep Learning Models Chronosfbolt._tiny] 0137 Deep Learning Models Chronos-FineTuninglbase] 0.184 Deep Learning Models
= Large Language Models = Large Language Models = Large Language Models
TemporalfusionTransformer 0346 TiE o7 DynamicoptimizedTheta 0.017

1l
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AutoETS 0.001 AutoETS 0228 TIDE 0258

L]
PatchTsT o3 RecursiveTabular 0238 PatchTST 0316
DirectTabular o062 DirectTabular 0386 DirectTabular o520
DeepAR 1079 DecpAR 0an DeepAR o.6s6
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DynamicOptimizedTheta -Jll0-080 DynamicOptimizedTheta 0.283 TiDE 0.277
S— e st o

PatchTST 10.153 PatchTST 0391 RecursiveTabular 0.422
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Chronos-FineTuninglbase] o218 Deep Leaming Models
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DynamicoptimizedTheta o277
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D
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AutoETS

DirectTabular 0.620
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NPTS 1729
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Figure 1. Comparison of Forecasting Models Across All Evaluation Metrics

For a quantitative and visual assessment of model efficacy, a comparative analysis
was conducted using the graphical representations depicted in Figure 1. Each bar chart
corresponds to a specific evaluation metric, where a lower magnitude indicates superior
model performance. The models are systematically color-coded by their architectural
category: Baseline (cream), Tabular (orange), Statistical (maroon), Deep Learning (yellow),
and LLM-based (red). A primary observation across all evaluated metrics is the distinct
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performance stratification, wherein the LLM-based Chronos models consistently demon-
strate a higher degree of accuracy compared to their traditional and other deep learning
counterparts.

3.4.1. Evaluation of Probabilistic Forecasting Accuracy (SQL & WQL)

Given that the principal objective of this research is probabilistic forecasting, the
Scaled Quantile Loss (SQL) and Weighted Quantile Loss (WQL) serve as the most critical
performance indicators. The analysis of Figures 1(a) and 1(b) reveals the unambiguous
superiority of the Chronos models in terms of probabilistic calibration.

*  SQL Analysis: The fine-tuned ‘Chronos — FT [base]’ (SQL = 0.274) and zero-shot
‘Chronos [small]’ (SQL = 0.271) exhibit nearly indistinguishable top-tier performance.
These models significantly outperform the best non-LLM competitor, “TemporalFu-
sionTransformer’ (SQL = 0.346), indicating a substantial improvement in the accuracy
of the predicted quantiles.

*  WQL Analysis: In the context of weighted quantile loss, the ‘Chronos-FT [base]’
model emerges as the definitive model with the best performance with a WQL of
0.136. Its performance is marginally, but consistently, better than the closest zero-
shot competitors, ‘Chronos [bolt_tiny]* and ‘Chronos [bolt_mini]* (WQL = 0.137).
This result highlights the model’s enhanced ability to accurately estimate the entire
predictive distribution with appropriate weighting.

3.4.2. Evaluation of Point Forecast Accuracy (MAE, MSE & RMSE)

The metrics of Mean Absolute Error (MAE), Mean Squared Error (MSE), and Root
Mean Squared Error (RMSE), as illustrated in Figures 1(c), 1(d), and 1(e), offer a quantitative
perspective on the central tendency accuracy of the forecasted values. Notably, both MSE
and RMSE incorporate a squared loss component, thereby disproportionately penalizing
larger prediction errors.

Once again, the superiority of the Chronos architecture is evident. The zero-shot
variant Chronos [bolt_tiny] achieves the lowest errors across all three metrics (MAE = 0.178,
MSE = 0.053, RMSE = 0.230). Meanwhile, the fine-tuned model Chronos — FT [base] delivers
comparably strong results (MAE = 0.184, MSE = 0.059, RMSE = 0.243). The relatively
low MSE and RMSE values obtained by these LLMs reflect their resilience and reduced
likelihood of producing extreme forecasting errors—a notable shortcoming observed in
models such as NPTS and DeepAR, which yield significantly higher error magnitudes.

3.4.3. Evaluation of Proportional Accuracy (MAPE & SMAPE)

The scale-independent metrics Mean Absolute Percentage Error (MAPE) and Symmet-
ric Mean Absolute Percentage Error (SMAPE) evaluate forecast accuracy in proportion to
the magnitude of actual observations. As shown in Figures 1(f) and 1(g), models based on
large language models (LLMs) continue to exhibit superior performance.

The fine-tuned Chronos — FT [base] model achieves the best SMAPE score of 0.218,
reflecting the most consistent proportional accuracy among all evaluated approaches.
Although the lowest MAPE is recorded by a zero-shot variant, the consistently strong
results of the fine-tuned base model across both metrics highlight its capacity to produce
forecasts that are not only precise in absolute terms but also reliably scaled across diverse
time series.

3.4.4. Synthesis of Comparative Findings

The comprehensive evaluation consistently indicates the superior predictive power of
the Chronos-based LLMs. While optimal performance on specific point-forecast metrics
is occasionally achieved by a zero-shot variant, the fine-tuned ‘Chronos [base]’ model
presents the most holistically robust and effective performance profile.

Its preeminence is established by its top-tier results in the primary probabilistic evalu-
ation criteria (SQL and WQL), aligning directly with the research’s main objective. This,
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combined with its highly competitive standing across all other point and proportional error
metrics, substantiates the conclusion that ‘Chronos — FT [base]’ is the most efficacious and
reliable forecasting model for the Indonesian Retail Sales Index dataset investigated in this
study.

3.5. Forecast Visualization and Category-wise Analysis

To gain deeper insights, we plotted the forecast results of the Chronos — Fine Tun-
ing [base] model against the actual retail index for each of the seven product categories
(Figure 2). In each chart, the blue line denotes the actual observed sales index, and the
orange line denotes the Chronos model’s forecast for February 2024 to January 2025. The
shaded orange band represents the model’s predicted confidence interval (derived from the
quantile forecasts), reflecting the uncertainty in the predictions. The following subsections
discuss each category in detail.
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Figure 2. Forecast vs. Actuals for Each Retail Category using Fine-Tuned Chronos [base]

3.5.1. Spare Parts and Accessories

Figure 2(a) shows the forecast for the “Spare Parts and Accessories” category. The
actual sales in this category exhibit a somewhat volatile pattern with an underlying mild
upward trend toward the end of the forecast period. The Chronos model successfully
captures the general upward movement (as evidenced by a relatively low RMSE of 0.243 for
this series) but tends to smooth out the short-term volatility. Notably, it misses some sharp
fluctuations, for instance the peaks in late 2024 and in January 2025. The forecast often over-
predicts during mid-2024 and slightly under-predicts in the final months, indicating the
model’s tendency to average out the noise. The confidence interval widens over the forecast
horizon, reflecting increasing uncertainty further out in time, yet it remains reasonably
calibrated around the actual values. In fact, the model’s excellent probabilistic calibration
is indicated by its low aggregate SQL (0.274). Overall, for Spare Parts and Accessories,
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Chronos [base] provides a solid grasp of trend but underestimates sudden jumps, which
could imply caution for inventory decisions that need to account for such irregular spikes.

3.5.2. Food, Beverages & Tobacco

Figure 2(b) shows the forecast for the “Food, Beverages & Tobacco” category. The
actual data for this category have a pronounced spike in early 2024 followed by a decline
and then considerable volatility. This early-2024 spike is likely tied to a seasonal event (e.g.,
increased spending around Ramadan, which is a major festive period in Indonesia)[40]. The
Chronos model did not anticipate this sharp surge; instead, it forecasted a much smoother
trajectory through that period. Consequently;, its error during the spike is significant (re-
flected in a relatively higher MAPE of 0.267 for this category). After the spike, the model
does capture the general downward trend, but it underestimates the magnitude of subse-
quent fluctuations in late 2024 and January 2025. The confidence interval balloons around
the time of the spike—indicating the model’s uncertainty in that volatile period—and then
narrows post-spike as the volatility decreases. The model’s Weighted Quantile Loss for
this category (WQL = 0.136) is low, suggesting that despite missing the exact spike, it did
provide a reasonable probabilistic envelope. However, from an operational standpoint,
failing to predict the Ramadan-related surge could lead retailers to understock during peak
demand, highlighting a scenario where domain-specific knowledge (like incorporating
holiday effects) could improve forecasts.

3.5.3. Motor Vehicle Fuel

Figure 2(c) shows the forecast for the “Motor Vehicle Fuel” category. The actual sales
for motor fuel display a clear upward trend over time with periodic dips (likely owing to
seasonal patterns such as holidays or fluctuations in fuel prices)[41]. The Chronos model
performs well in tracking the overall upward trend, which is evidenced by a low MAE
of 0.184 for this series. However, it tends to smooth over the smaller seasonal dips. For
instance, dips observed in early 2024 and around the new year of 2025 are not fully reflected
in the forecast, causing the model to under-predict demand during those specific periods.
Toward the end of the forecast horizon, the model slightly over-predicts the actual values.
The confidence interval for the fuel category remains relatively narrow compared to more
volatile categories, indicating high confidence in the trend direction. This suggests that the
model is quite certain about the steady growth trajectory. From a planning perspective, the
Chronos forecast for motor fuel seems reliable for long-term decisions (e.g., anticipating
continuous growth in fuel demand), but it may not fully capture short-term downward
deviations (e.g., temporary drops in fuel sales due to travel restrictions or unusual weather),
which could lead to oversupply in those short lulls if not adjusted manually.

3.5.4. Information and Communication Equipment

Figure 2(d) shows the forecast for the “Information and Communication Equipment”
category. The actual series for information and communication equipment exhibits a declin-
ing long-term trend with intermittent spikes (for example, noticeable bumps in mid-2022
and early 2023, which might correspond to new product launches or major promotional
events driving temporary sales increases)[42]. The Chronos model predicts a continued
gradual decline over the forecast period, which aligns with the general downward trajec-
tory of the recent actuals. In fact, the forecast’s smooth decline fits the trend but fails to
capture the volatility around late 2024 and January 2025, instead smoothing through those
variations. This can be seen in the model underestimating the magnitude of short-term
deviations—resulting in forecasts that are sometimes above or below the realized values
when the actual series briefly deviates from the trend. The SMAPE for this category is 0.218,
indicating the model’s percentage errors are moderate. The confidence interval widens
slightly over time, reflecting growing uncertainty further out, but remains contained, indi-
cating the model’s reasonable confidence in the downward trend projection. The tendency
to overlook short-term jumps could limit the model’s usefulness for anticipating sudden
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surges in demand for this category (e.g., a spike due to a new smartphone release). Retailers
might need to supplement this with external information about upcoming product launches
or promotions to avoid understocking during those events.

3.5.5. Other Household Appliances

Figure 2(e) shows the forecast for the “Other Household Appliances” category. The
actual sales for other household appliances are highly volatile, with sharp peaks and
troughs throughout the historical period. Despite this volatility, there appears to be a mild
upward drift over the long term. The Chronos model’s forecast in this category presents
a relatively steady, gently rising trajectory. This smoothed forecast fails to reproduce
the wild swings present in the actual data. For example, a deep trough in mid-2024
followed by a rapid recovery is largely missed by the model, which predicts a much higher
value than the trough (over-predicting the low point) and a lower value than the actual
rebound (under-predicting the subsequent peak). This is indicative of the model effectively
averaging out the extremes. As a result, during a low-demand period the model overshoots
(potentially suggesting stocking too much inventory), and during a high-demand rebound
it undershoots (risking stockouts). The MSE for this category is relatively low at 0.059,
which might be somewhat misleading because the model never deviates hugely due to
its smoothing, but it consistently does not match the amplitude of changes. The forecast’s
confidence interval is wide, reflecting the model’s awareness of uncertainty in this erratic
series. The persistent wide interval around the forecast underscores the difficulty of this
category: the model recognizes its limitations here. This category’s behavior suggests that
purely endogenous forecasting (using only past sales) may be insufficient; incorporating
exogenous information such as promotional calendars or macroeconomic indicators could
be necessary to anticipate the large swings. In summary, while the Chronos model captures
the general trend for household appliances, its smoothing of extreme fluctuations could
reduce its immediate utility for operational planning unless combined with volatility-
targeted adjustments.

3.5.6. Cultural and Recreational Goods

Figure 2(f) shows the forecast for the “Cultural and Recreational Goods” category. The
actual sales in the cultural and recreational goods category are extremely volatile, with
significant spikes (e.g., large surges in 2022 and 2023) and subsequent drops. In the forecast
period (2024-2025), the actual trend appears to waver without a clear direction, though the
model predicts a slight upward drift. The Chronos model’s forecast smooths over these
fluctuations, resulting in a mild increase that fails to capture the dramatic peak in mid-
2024 or the drop that follows. During the big spike in mid-2024, the model underestimates
demand (because it never predicted such a spike), and after the spike, it overestimates when
the actual sales fall off. This pattern of under-predicting peaks and over-predicting troughs
is a common theme for the model in highly volatile series. Consequently, the SQL for this
category (0.274, aggregated) is higher than in more stable categories, indicating the model’s
quantile estimates had larger errors relative to actuals. The confidence interval for the
forecast is very broad around the time of the spike, which correctly signals high uncertainty
but does not correct the mean forecast itself. The sheer unpredictability of this category
means that even a sophisticated model like Chronos struggles to provide accurate point
forecasts. Retailers dealing in cultural and recreational goods would likely need to hedge
against this uncertainty, perhaps by maintaining flexible inventory or by incorporating
real-time demand signals. The model’s performance here underscores a limitation: LLMs
excel at learning patterns, but when the data is dominated by one-off events or irregular
spikes (which might be driven by external factors such as one-time events or fads), the
model’s inherently smooth prediction fails to capture those irregularities.
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3.5.7. Other Goods

Figure 2(g) shows the forecast for the “Other Goods” category. The “Other Goods”
category is a catch-all that also exhibits high volatility. The historical data show notable
spikes in 2022 and 2023, followed by a decline in late 2023 and renewed fluctuations
during 2024. Specifically, mid-2024 features a sharp peak (perhaps due to a major event
or promotion) and then a drop with oscillations thereafter. The Chronos model forecasts
a fairly steady upward trend through 2024 into early 2025, largely missing the mid-2024
peak and the subsequent volatility. During the actual mid-2024 surge, the model’s forecast
is significantly lower (under-predicting the true demand), and following that, when actual
sales dip, the model’s forecast is higher (over-predicting). This again is the smoothing
effect we observed in other volatile categories. The WQL for this category is 0.136, which,
interestingly, is relatively low—implying the model’s prediction intervals might have been
wide enough to partially cover the variability, even if the mean line was off. Indeed, the
forecast shows a very wide confidence interval around the mid-2024 period, indicating
the model’s uncertainty was greatest where the actual variance was high. Practically
speaking, the wide confidence bands mean that while the point forecast is smoothed,
a risk-aware retailer could use the prediction interval to prepare for best- and worst-
case scenarios. Nonetheless, the utility of the mean forecast for short-term planning is
limited. For a product mix as diverse as “Other Goods,” unmodeled factors (like seasonal
events or irregular demand surges for specific items in this category) appear to drive the
unpredictability. This suggests that future improvements could include segmenting this
category further or adding external inputs to help predict those irregular changes.

3.5.8. General Insights Across Categories

Considering all categories together, the fine-tuned Chronos [base] model demonstrates
an impressive ability to capture long-term trends and overall direction of change. This
is reflected in the consistently low overall error metrics (e.g., a global RMSE of 0.243
and MAE of 0.184). However, a clear limitation is its tendency to smooth out abrupt
short-term fluctuations. This was most evident in categories with high volatility, such as
“Other Household Appliances,” “Cultural and Recreational Goods,” and “Other Goods,”
where the model struggled to anticipate sharp peaks and troughs. This behavior is likely
attributable to the transformer-based architecture of the LLM, which emphasizes learning
global patterns and might de-emphasize isolated local anomalies unless they are recurrent.

On a positive note, the probabilistic nature of the Chronos forecasts is a strength. The
model’s confidence intervals generally widened appropriately during volatile periods and
further into the forecast horizon. This suggests that while the point forecasts may miss
extreme values, the model still conveys useful information about uncertainty through
SQL/WQL metrics and interval spread. In a practical sense, these probabilistic forecasts
can be valuable for risk management—retailers can gauge the range of potential outcomes
and prepare contingency plans for high-demand or low-demand scenarios.

In summary, the Chronos [base] LLM excels in capturing broad trends in Indonesia’s
retail sales data, indicating its suitability for strategic forecasting and long-term planning.
For short-term, volatility-sensitive applications, there may be benefit in augmenting the
LLM approach with techniques or data that specifically target those local variations (for
example, a hybrid model or inclusion of external signals related to promotions or holidays).

4. Discussion
4.1. Model Performance and Architectural Insights

The empirical findings clearly demonstrate the superior performance of the fine-tuned
Chronos [base] model, which achieved the most favorable outcomes across key evalua-
tion metrics (SQL = 0.274, WQL = 0.136, MAE = 0.184, SMAPE = 0.218). These results
underscore the significant potential of transformer-based large language models (LLMs)
for probabilistic time series forecasting, aligning with growing evidence supporting the
effectiveness of large sequence models in capturing complex temporal structures [15]. The
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strong performance of Chronos [base] can be attributed to two primary factors: its underly-
ing transformer architecture—well-suited for modeling long-range dependencies—and the
fine-tuning procedure, which enabled the model to adapt its general pre-trained knowledge
to the specific statistical characteristics of Indonesian retail sales data.

An intriguing pattern emerged when comparing the performance of the standard
Chronos models and their more compact bolt variants after fine-tuning. While fine-tuning
improved the performance of larger models, it unexpectedly led to a decline in the ef-
fectiveness of the smaller bolt models, which had performed exceptionally well in the
zero-shot setting. This points to a potential trade-off: compact models may harbor a highly
generalized and robust pre-trained state that becomes vulnerable to overfitting when ex-
posed to limited, domain-specific data, whereas larger models have the capacity to benefit
more from fine-tuning due to their greater representational flexibility. Additionally, the
tendency of Chronos models to smooth out short-term volatility in forecasts appears to
reflect an architectural bias inherent to transformers. By design, transformers aggregate
information across entire sequences, which facilitates the extraction of global patterns
but may inadvertently treat abrupt, localized variations as noise [43]. While this quality
supports accurate trend detection, it may hinder the model’s responsiveness to sudden,
meaningful shifts in market behavior.

4.2. Comparison with Existing Literature

The results of this study position Chronos-based large language models (LLMs) as a
substantial advancement over many conventional forecasting approaches. Although tradi-
tional statistical methods such as AutoETS and DynamicOptimizedTheta exhibited com-
mendable performance, they were consistently outperformed by the fine-tuned Chronos
[base] model particularly in terms of probabilistic evaluation metrics like SQL and WQL.
This superiority underscores not only the enhanced point forecast accuracy of LLMs but
also their improved ability to quantify uncertainty, a critical component in contemporary
risk assessment and inventory planning.

When compared to other deep learning architectures, including the advanced Tempo-
ral Fusion Transformer (TFT), Chronos models retained a clear performance advantage. For
example, the most accurate non-LLM model on the SQL metric—TFT—achieved a score
of 0.346, markedly higher than the 0.274 recorded by Chronos [base]. This discrepancy
highlights the efficacy of the extensive pre-training undertaken by Chronos, which appears
to endow it with the capability to recognize nuanced patterns within a moderately sized
dataset more effectively than models trained exclusively on the task-specific data. These
findings align with a broader trend in artificial intelligence, whereby large, pre-trained
foundation models demonstrate superior generalization and data efficiency [13]. While
prior research has shown promise in hybrid architectures [8], the present results indicate
that a well-optimized LLM can independently manage considerable modeling complexity.
Nonetheless, integrating LLMs with domain-specific components remains a promising
avenue for addressing localized volatility patterns that Chronos tends to smooth over.

4.3. Implications for the Indonesian Retail Sector

The results of this study have several implications for retail businesses and policymak-
ers in Indonesia. First, the ability of Chronos [base] to accurately capture long-term trends
(e.g., its strong performance in categories like Motor Vehicle Fuel with low MAE of 0.184)
means that retailers can rely on such models for strategic planning. For example, a con-
sistent upward trend predicted in fuel sales can inform capacity expansion, procurement,
and supply chain adjustments well in advance. Similarly, in categories where the model
predicts a decline or plateau, businesses can proactively manage inventory levels to avoid
overstocking.

The probabilistic nature of the forecasts (low SQL and WQL scores) is particularly
valuable in a volatile economic environment. Retail sales can be influenced by sudden
policy changes, economic shocks, or shifts in consumer [44]. The confidence intervals
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provided by the LLM forecasts allow decision-makers to gauge the uncertainty and plan
for best-case and worst-case scenarios. For instance, a retailer seeing a wide interval for an
upcoming festive season might decide to secure extra stock as a buffer, whereas a narrow
interval might instill confidence in a more aggressive lean inventory approach.

On the other hand, the model’s tendency to smooth short-term fluctuations signals a
caution. In categories like Cultural and Recreational Goods, where demand spikes can be
large and sudden, a sole reliance on the LLM forecast could result in missed opportunities
or losses (e.g., running out of stock when a spike hits, or tying up capital in inventory that
isn’t immediately needed during a slump). Thus, for operational short-term forecasting
(say, week-to-week stock ordering for a promotion), businesses may need to complement
the LLM’s forecast with local knowledge or short-term adjustment factors. An approach
could be to use the LLM’s forecast as a baseline and then overlay known upcoming events
(holiday sales, marketing campaigns) to adjust the predictions.

For policymakers, accurate retail forecasts can support macroeconomic planning.
The retail sales index is often a bellwether for consumer confidence and economic health.
Improved forecasting using LLMs can enhance the ability of institutions like Bank Indonesia
to anticipate economic turning points or to gauge the impact of events (for example, how
quickly retail spending might recover after a downturn). The model’s success here suggests
that similar approaches could be extended to other economic indicators for a more data-
driven policy planning process.

4.4. Limitations

This study is subject to several limitations. First, the primary limitation is the archi-
tectural tendency of the Chronos models to smooth over high-frequency volatility and
fail to predict abrupt, one-off demand spikes. This is likely a consequence of the model’s
global attention mechanism and the exclusive use of endogenous data, without the context
of external factors that often drive such events. Second, our analysis was constrained to
seven aggregated national-level product categories. The model’s performance and general-
izability on more granular data, such as SKU- or store-level sales, which exhibit different
statistical properties (e.g., intermittency), remain to be validated. Third, the study did
not incorporate exogenous variables (e.g., holidays, economic indicators), the inclusion
of which could potentially mitigate the issue of unpredictable demand spikes. Lastly,
the research was conducted in a batch forecasting setting; the model’s adaptability and
performance in a real-time, continuously updating environment have not been assessed.

4.5. Future Research Directions

The encouraging results of leveraging LLMs for retail forecasting open up several
avenues for future work:

1) Hybrid Modeling: As suggested, a hybrid approach could marry the strengths of
LLMs with those of traditional models. For instance, one could use a fine-tuned Chronos
model to forecast the general trend and then apply a lightweight statistical model (or
even rule-based adjustments) to account for known upcoming irregular events. Such
a combination might address the short-term fluctuation issue. Research could explore
architectures where an LLM provides one component of the forecast and a classical model
adjusts the residuals (or vice versa), akin to how ensembles are built to capture both linear
and non-linear components.

2) Incorporating Exogenous Variables: The current study was univariate for each
category (using only the sales history). Many factors influence retail sales: economic
indicators (inflation, interest rates), calendar events (holidays like Eid, Christmas, Chinese
New Year, etc.), and even weather or social trends. Future research could integrate these
exogenous variables into the forecasting process. Large models like LLMs can, in principle,
handle multiple inputs; an interesting direction would be to fine-tune or prompt LLMs with
auxiliary information (for example, feeding a sequence of indicator values along with sales
data to forecast future sales). Preliminary steps could include encoding holiday information
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or incorporating Google Trends data for product categories to see if that reduces error
around spikes.

3) Addressing Metric Anomalies: The issue of negative error metrics in our Auto-
Gluon evaluation needs resolution. Future work should replicate the evaluation with an
independent computation of all metrics (perhaps by exporting forecasts and calculating
metrics in a controlled environment). Additionally, exploring alternative probabilistic
metrics like the Continuous Ranked Probability Score (CRPS) could provide a more holistic
assessment of forecast distributions, as CRPS is a single-number metric that generalizes
quantile metrics and is widely used in probabilistic forecasting competitions. Using such
metrics might also make our results more comparable with other studies.

4) Real-time and Adaptive Forecasting: The retail environment can change rapidly
(as witnessed during the COVID-19 pandemic). A worthwhile direction is to test the LLM
forecasting approach in a real-time setting, where the model is periodically updated with
new data and has to adapt to potential structural changes in the series. Investigating the
robustness of an LLM like Chronos when the underlying demand pattern shifts (say, due to
an economic shock) would be valuable. Does the pre-trained knowledge help it adapt faster,
or would it also suffer until retrained? Perhaps techniques like online learning or transfer
learning could be employed to keep the model in sync with the latest trends without full
retraining.

5) Granular Forecasting and Hierarchies: Our use case was at a fairly aggregated
level (national index for broad categories). Future research could apply LLMs to more
granular data, such as individual store sales or specific product lines, and also explore
hierarchical forecasting (ensuring consistency between, say, store-level forecasts and total
category forecasts). LLMs could be trained in a multi-series context to borrow strength
across series, which AutoGluon does implicitly by treating the seven categories together
for modeling. Evaluating how well the LLM approach scales to hundreds of related time
series (e.g., all SKUs in a store) could be impactful for large retailers.

In conclusion, while this study demonstrates the promise of LLMs like Chronos for
retail forecasting, it also highlights the need for careful integration with domain knowledge
and other methods. By addressing the above directions, future work can build on our
findings to create forecasting systems that are both highly accurate and practically robust,
thereby providing even greater value to the retail industry.

5. Conclusion

In this study, we conducted a comprehensive evaluation of various forecasting models,
culminating in the application of Chronos-based Large Language Models for the probabilis-
tic forecasting of the Indonesian Retail Sales Index. Our findings conclusively demonstrate
that a fine-tuned Chronos [base] model provides a state-of-the-art solution for this task,
establishing its superiority over traditional statistical, tabular, and other deep learning mod-
els. The model achieved an outstanding overall performance, registering top-tier results in
the critical probabilistic metrics of SQL (0.274) and WQL (0.136), while also maintaining
highly competitive accuracy across point forecast metrics, including an MAE of 0.184 and
an SMAPE of 0.218.

The research highlights the transformative potential of pre-trained foundation models
in the time series domain. These models excel at identifying and projecting long-term
trends and providing reliable uncertainty estimates, which are invaluable for strategic
business planning and risk management. However, we also identified a key limitation: a
consistent tendency to smooth over short-term, high-amplitude fluctuations, potentially
leading to inaccuracies in short-horizon operational forecasting.

For practical application in the Indonesian retail sector, we recommend a hybrid
approach where the LLM serves as a robust baseline for long-term strategy, complemented
by other methods or domain knowledge to account for short-term volatility. Future research
should focus on enhancing these models by incorporating exogenous variables, exploring
hybrid architectures, and validating their performance at a more granular level.
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In summary, while acknowledging current limitations, this work confirms that lever-
aging large language models represents a significant step forward, enabling more accurate,
reliable, and data-driven decision-making in the complex and dynamic retail market.
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