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Abstract

Accurate food price forecasting is critical for food security planning, particularly
in developing nations like Bangladesh where price volatility can significantly im-
pact vulnerable populations; however, existing deep learning approaches for time
series forecasting often require substantial computational resources, limiting their
deployment in resource-constrained environments. This study presents a novel multi-
teacher knowledge distillation framework that transfers knowledge from an ensem-
ble of three distinct teacher architectures—DLinear, PatchTST, and N-BEATS—
trained on World Food Programme (WFP) Bangladesh commodity price data from
the Dhaka Division to compact student models (MLP, GRU, KAN) through a multi-
component distillation loss comprising prediction-level matching, feature-level align-
ment, and price-difference learning, with an uncertainty-weighted mechanism that
focuses training on confident teacher predictions while dynamically weighting teacher
contributions based on validation performance. Experimental evaluation on four food
commodities (Lentils, Oil, Rice, and Wheat flour) with a 6-month input window
demonstrates that the proposed approach achieves a Mean Absolute Error (MAE)
of 1.959 BDT /unit with a Mean Absolute Percentage Error (MAPE) of only 3.73%,
representing a 37% improvement over the supervised learning baseline, 69% improve-
ment over traditional ARIMA, and 81% improvement over LSTM baselines, with
the three-teacher ensemble distilled to an MLP student achieving the best results
and outperforming all single-teacher and two-teacher configurations. The resulting
student model requires only 200K parameters (compared to over 1M in the teacher
ensemble) and achieves inference in sub-millisecond time on standard CPU hard-
ware without GPU acceleration, enabling deployment in humanitarian field offices
with limited computational infrastructure. This study contributes a reproducible,
configuration-driven framework for knowledge distillation in time series forecast-
ing, demonstrating that sophisticated ensemble-level accuracy can be achieved with
lightweight models suitable for resource-constrained field deployment in food secu-
rity applications.

Keywords: Knowledge Distillation; Time Series Forecasting; Food Price Prediction;
Multi-Teacher Learning; Deep Learning; Transfer Learning; WFP Data
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Chapter 1

Introduction

This chapter introduces the research context, motivation, and objectives of this
study. The chapter begins by examining the importance of food price forecasting
for food security in developing nations, particularly Bangladesh, and discusses the
limitations of traditional forecasting methods compared to modern deep learning ap-
proaches. It then presents the motivation for using knowledge distillation to create
lightweight forecasting models suitable for resource-constrained deployment envi-
ronments. The chapter outlines the specific challenges addressed in this research,
states the research objectives, summarizes the key contributions, and provides an
overview of the thesis structure.

1.1 Background

Food security remains a pressing challenge in developing nations, where price volatil-
ity of essential commodities directly threatens vulnerable populations. When prices
spike unexpectedly, families are forced to make difficult choices—reducing meal fre-
quency, switching to less nutritious alternatives, or sacrificing other essential needs
like healthcare and education. Bangladesh, with over 170 million people and an econ-
omy where agriculture contributes approximately 12% of GDP and employs 35% of
the labor force [1], is particularly susceptible to food price fluctuations. Staple com-
modities such as rice, wheat, lentils, and cooking oil form the foundation of the
Bangladeshi diet, and their price movements have immediate effects on household
welfare. According to the Household Income and Expenditure Survey [2], poor house-
holds allocate up to 70% of their income to food, making them extremely vulnerable
to price shocks. The 2007-2008 global food crisis pushed 2.5 million households be-
low the poverty line, with poor families” income declining by 36.7% [3], and 45% of
households experienced food shortages during 2007-2009 [4].

The World Food Programme (WFP) plays a crucial role in monitoring food prices
across Bangladesh, maintaining comprehensive databases that enable analysis of
price trends, seasonal patterns, and crisis indicators [5]. This data serves as a valuable
resource for researchers, policymakers, and humanitarian organizations working to
address food security challenges. For this research, the study utilizes WFP data
from the Dhaka Division covering four essential commodities: Lentils (masur), Palm
Oil, Rice (coarse), and Wheat Flour—staples that together represent the core of the
Bangladeshi diet. Figure 1.1 illustrates the price landscape, revealing several critical
patterns: the 2010-2011 crisis with food inflation reaching 14.11%; the 2019 onion



crisis where prices surged 900% following India’s export ban [6]; and the 2022 global
shock from the Russia-Ukraine conflict causing food inflation to reach 12.54%, the
highest in 12 years. According to the IPC [7], nearly 9 million people faced acute food
insecurity in early 2023, with 35 million (21%) experiencing chronic food insecurity.
These diverse and unpredictable patterns present a significant forecasting challenge.

2022
Global

200 [~ ShTCk |

2010-11
Price Crisis

= 150

Price (BDT/uni

| | | | | |
2(3010 2,012 2014 2016 2018 2,020 2,022 2,024
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— Rice (coarse) — Wheat flour — Lentils (masur)
Palm oil --- Sugar --- Onions

Figure 1.1: Food commodity price trends in Bangladesh from WFP monitoring data
(2010-2024).

Traditional statistical methods like ARIMA [8] and exponential smoothing have
been widely applied to commodity price prediction. While effective for capturing lin-
ear trends and seasonal patterns in stable environments, these classical approaches
struggle with the non-linear relationships and long-range dependencies inherent in
food prices—which are influenced by weather patterns, global market dynamics,
policy changes, and supply chain disruptions. Deep learning has introduced more
powerful alternatives: LSTM networks [9] and GRUs [10] capture temporal context
through hidden states, while Transformer architectures [11] model relationships be-
tween any time points via attention mechanisms. Specialized time series models have
achieved state-of-the-art results on forecasting benchmarks: N-BEATS [12] uses hi-
erarchical residual learning for trend and seasonality decomposition, DLinear [13]
employs simple linear decomposition challenging the need for complex architectures,
and PatchTST [14] treats time series as sequences of patches enabling efficient cap-
ture of local and global patterns.

1.2 Motivation

Despite the impressive predictive capabilities of state-of-the-art deep learning mod-
els, their deployment in resource-constrained environments presents significant prac-



tical challenges. Many regions that would benefit most from accurate price forecasting—
rural areas in developing countries, field offices of humanitarian organizations, and
local government agencies—lack the computational infrastructure required to deploy
and maintain complex neural network models. High-end GPUs, reliable electricity,
and technical expertise for model maintenance are often unavailable in precisely the
contexts where accurate food price predictions could have the greatest impact. This
creates a critical gap between the availability of sophisticated forecasting techniques
and their practical applicability where they are most needed.

Knowledge distillation [15] offers a promising solution to bridge this gap. Originally
proposed for model compression in classification tasks, knowledge distillation in-
volves training a smaller, more efficient “student” model to mimic the behavior of
a larger, more accurate “teacher” model. The key insight is that the teacher’s out-
puts contain richer information than hard labels alone—the relative probabilities
assigned to different classes (or, in regression, the predicted values and intermediate
representations) encode the teacher’s learned understanding of the data. By training
the student to match these “soft” targets, knowledge distillation enables the trans-
fer of the teacher’s expertise to a more compact architecture that can be deployed
efficiently.

While knowledge distillation has been successfully applied in domains such as com-
puter vision for image classification [16] and natural language processing for text
understanding, its application to time series forecasting remains relatively under-
explored. The regression nature of forecasting tasks, the temporal dependencies in
the data, and the need to capture both point predictions and uncertainty present
unique challenges that require adaptation of standard distillation techniques. Fur-
thermore, ensemble methods that combine predictions from multiple diverse models
often achieve better accuracy than any single model, but they multiply compu-
tational requirements and complicate deployment. Multi-teacher knowledge distilla-
tion [17], where a student learns from several teachers simultaneously, offers a way to
capture the benefits of ensemble diversity while maintaining deployment efficiency.
The motivation for this study stems from the observation that combining these re-
search directions—multi-teacher ensembles, knowledge distillation, and time series
forecasting for food security—could address a real-world need for accurate yet de-
ployable forecasting systems. By developing a framework that transfers knowledge
from an ensemble of diverse, state-of-the-art teacher models to lightweight student
networks, this research aims to democratize access to advanced forecasting capabil-
ities for food security applications in resource-limited settings.

1.3 Problem Statement

The core challenge addressed in this study is the development of lightweight yet
accurate forecasting models for food commodity prices that can be practically de-
ployed in resource-constrained environments. This problem sits at the intersection
of several research challenges that, when addressed together, can enable meaningful
impact on food security monitoring and response. This work specifically confronts
limitations encountered when attempting to apply modern deep learning to WFP
Bangladesh data: the monthly frequency yields only around 200 observations per
commodity over two decades, making standard deep learning approaches prone to
overfitting; the target deployment contexts lack GPU infrastructure; and existing



knowledge distillation techniques designed for classification do not directly transfer
to time series regression. The following points outline the specific challenges that
this research aims to address:

1. Deployment in Resource-Constrained Environments: The target de-
ployment environments for food price forecasting systems—field offices in de-
veloping regions, mobile applications for market monitoring, or edge devices
for real-time alerts—often lack the computational resources required by state-
of-the-art deep learning models. Discussions with WFP stakeholders revealed
that many field offices operate with basic computing equipment, intermittent
electricity, and limited internet connectivity. High-end GPUs, reliable power,
and technical expertise for model maintenance are frequently unavailable in
precisely the contexts where accurate food price predictions could have the
greatest humanitarian impact. Running multiple large neural networks for en-
semble predictions is typically infeasible in such settings, yet experiments con-
firmed that ensemble methods consistently outperform individual models by
15-25% in MAE. The fundamental challenge is achieving ensemble-level accu-
racy while deploying only a single, lightweight model that can run on standard
CPU hardware without specialized infrastructure.

2. Limited Data Availability: Monthly commodity price data from WEFP pro-
vides relatively few observations, typically spanning only a few decades and
yielding on the order of hundreds of data points per commodity. In the ex-
periments with Dhaka Division data, approximately 200 monthly observations
per commodity are available—a stark contrast to the millions or billions of
samples available in domains like computer vision or natural language pro-
cessing. This data scarcity presents a fundamental challenge for deep learning
models, which are known to be data-hungry and often require large datasets to
learn robust representations without overfitting. Preliminary experiments re-
vealed that complex architectures quickly memorize the training data, achiev-
ing near-zero training loss while performing poorly on held-out test sets. This
necessitates approaches that can effectively leverage small datasets through
appropriate model architectures, strong regularization, or knowledge transfer
mechanisms that allow smaller models to benefit from the inductive biases
learned by larger ones.

3. Model Ensemble Complexity: While ensemble methods that combine mul-
tiple forecasting models can significantly improve prediction accuracy by av-
eraging out individual model errors and capturing diverse aspects of the data,
they multiply computational requirements and complicate deployment logis-
tics. In the proposed framework, training three teacher models (DLinear,
PatchTST, N-BEATS) requires separate training runs, storage for three sets
of model weights, and three forward passes during inference. Each model cap-
tures different aspects of the price dynamics—DLinear excels at linear trends,
PatchTST captures long-range dependencies, and N-BEATS provides inter-
pretable trend-seasonality decomposition—but deploying all three is impracti-
cal in resource-limited settings. The challenge lies in achieving ensemble-level
accuracy while maintaining the deployment simplicity of a single model, which
motivates the exploration of knowledge distillation as a compression technique



that can transfer the collective wisdom of multiple teachers into a compact stu-
dent.

4. Knowledge Transfer for Time Series Regression: The majority of knowl-
edge distillation research has focused on classification tasks, where the teacher’s
softmax outputs provide rich information about relationships between classes
through soft probability distributions. In regression tasks like price forecast-
ing, the outputs are single continuous values without the same structured
probability information—there is no natural “soft label” equivalent. Further-
more, time series data contains temporal dependencies where the relationship
between consecutive predictions matters, not just individual point accuracy.
A model that predicts accurate values but fails to capture price movement
directions provides less actionable information than one that tracks trends
correctly. Experiments showed that naive application of regression distillation
(simply matching student outputs to teacher outputs) provided only marginal
improvements over supervised learning. This motivated the development of
multi-component distillation losses that capture prediction values, interme-
diate feature representations, and price change dynamics—each addressing a
different aspect of the knowledge that teachers encode.

1.4 Research Objectives

This study aims to develop and validate a multi-teacher knowledge distillation frame-
work for food commodity price forecasting that addresses the challenges outlined
above. The overarching goal is to produce a lightweight forecasting model that can
be practically deployed in humanitarian field offices with limited computational
resources, while maintaining accuracy comparable to sophisticated ensemble meth-
ods. Through iterative experimentation, it was discovered that effective knowledge
transfer requires careful attention to loss function design, teacher selection, and
uncertainty-aware weighting—insights that shaped the research objectives. The fol-
lowing objectives are designed to systematically address each component of the
problem, from deployment requirements through empirical validation:

1. Achieve Lightweight Field Deployment: The primary objective is to pro-
duce a compact student model that can run inference on standard CPU hard-
ware in sub-millisecond time, without requiring GPU infrastructure, cloud con-
nectivity, or specialized technical expertise. This addresses the critical barrier
that has prevented sophisticated forecasting techniques from reaching human-
itarian field offices where they are most needed. The target is a model small
enough to be distributed and maintained by non-technical staff, yet accurate
enough to provide actionable price forecasts for procurement planning.

2. Design a Multi-Teacher Knowledge Distillation Framework: To achieve
the deployment objective while maintaining accuracy, this study develops
a systematic approach for transferring knowledge from an ensemble of di-
verse teacher models to the lightweight student network. This involves creat-
ing mechanisms for combining predictions and representations from multiple
teachers, each potentially capturing different aspects of the temporal patterns



in price data. Early experiments revealed that simply averaging teacher predic-
tions provided inconsistent results—some teachers performed poorly on specific
commodities, degrading ensemble quality. This motivated the development of
uncertainty-weighted aggregation that assigns higher weights to teachers with
lower prediction variance and better validation performance on each commod-
ity. The framework should be flexible enough to accommodate different num-
bers and types of teacher models while providing principled approaches for
aggregating their contributions based on their reliability.

. Implement Diverse Teacher Architectures: This study aims to imple-
ment and train three distinct teacher models—DLinear, PatchTST, and N-
BEATS—that represent different paradigms in modern time series forecasting.
These architectures were selected based on their complementary strengths and
recent success on forecasting benchmarks. DLinear employs simple linear de-
composition of trends and seasonality, offering computational efficiency and
strong performance despite architectural simplicity—challenging the assump-
tion that complex models are always necessary. PatchTST applies Transformer-
based attention mechanisms to patches of the time series, capturing long-
range dependencies that may exist between price movements months apart.
N-BEATS uses hierarchical residual learning with explicit trend and season-
ality stacks, providing both competitive accuracy and interpretable decompo-
sition of price dynamics. By training these architecturally diverse teachers on
the same WFP data, an ensemble is created whose members capture com-
plementary aspects of price dynamics, increasing the richness of knowledge
available for distillation.

. Develop Multi-Component Distillation Loss: A critical objective is the
design of a comprehensive loss function incorporating prediction-level match-
ing, feature-level alignment, and price-difference learning to effectively transfer
teacher knowledge to student models. Initial attempts using only prediction
matching (MSE between student and teacher outputs) yielded limited im-
provements over supervised learning. The hypothesis was that teachers encode
valuable information not just in their final predictions but also in their inter-
mediate representations and their understanding of how prices change over
time. This led to the four-component loss design: (1) hard loss maintaining
alignment with ground truth to prevent error accumulation; (2) prediction
distillation loss transferring teacher output knowledge; (3) feature distillation
loss aligning intermediate representations; and (4) difference distillation loss
capturing price change dynamics. Ablation studies confirmed that each com-
ponent contributes to performance, with prediction distillation being most
critical (removing it increases MAE by 0.62 BDT /unit).

. Evaluate on Real-World Data: This study aims to conduct thorough exper-
iments on WFP Bangladesh commodity price data from the Dhaka Division to
validate the effectiveness of the proposed approach. The Dhaka Division rep-
resents the largest market in Bangladesh with prices that influence national
trends, making it an ideal testbed. The evaluation covers four commodities—
Lentils, Palm Oil, Rice (coarse), and Wheat Flour—that represent dietary
staples with different price dynamics and volatility levels. The experiments en-



compass all 21 possible teacher-student configurations (7 teacher combinations
x 3 student architectures), enabling comprehensive analysis of which combi-
nations work best. Results are compared against supervised learning baselines
trained without distillation and against the recent DSOF method [18] to con-
textualize the findings. Success is measured through multiple metrics (MAE,
RMSE, MAPE, sMAPE, MASE) to provide a complete picture of forecasting
accuracy.

6. Analyze Contributing Factors: Through systematic ablation studies, this
study aims to understand which components of the framework contribute most
significantly to performance improvements. Given the complexity of the multi-
component approach, it is essential to identify which elements are critical
versus peripheral. The ablation studies examine: the relative importance of
each loss component (hard, prediction, feature, difference); the value of multi-
teacher versus single-teacher distillation; the impact of uncertainty weighting
versus simple averaging; and per-commodity analysis of teacher contributions.
These analyses not only validate the design choices but provide actionable
guidance for practitioners adapting the framework to new contexts—if com-
putational budget is limited, which components should be prioritized?

1.5 Contributions

This study makes several contributions to the fields of knowledge distillation, time
series forecasting, and food security applications. The primary contribution is a
lightweight forecasting model that can be practically deployed in humanitarian field
offices with limited computational resources—addressing a critical gap between so-
phisticated deep learning research and real-world humanitarian applications. This
is achieved through methodological innovations in multi-teacher knowledge distil-
lation that together advance both the research frontier and practical applicability.
The following points summarize the key contributions of this work:

1. Lightweight Deployment-Ready Architecture: The framework produces
a compact student model with only 200K parameters (compared to over 1M in
the teacher ensemble) that achieves sub-millisecond inference on standard CPU
hardware without GPU acceleration. This enables practical deployment in hu-
manitarian field offices without requiring specialized computing infrastructure,
cloud connectivity, or technical expertise for model maintenance—addressing
the critical barrier that has prevented sophisticated forecasting techniques
from reaching the contexts where they are most needed. The knowledge dis-
tillation paradigm front-loads computational complexity to a one-time offline
training phase at a central location, then distributes the lightweight student
for efficient field deployment.

2. Novel Multi-Teacher Distillation Framework for Time Series: This
study proposes a comprehensive framework that combines predictions from
multiple diverse teacher architectures—DLinear, PatchTST, and N-BEATS—
using uncertainty-weighted ensemble strategies, enabling effective knowledge
transfer to the compact student model. While prior work has explored knowl-
edge distillation primarily in classification contexts with softmax-based soft
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labels, the proposed framework addresses the unique challenges of continuous-
valued time series forecasting. The framework introduces mechanisms that
capture both the point predictions and the temporal dynamics learned by
teacher models, going beyond simple output matching. The multi-teacher ap-
proach allows the student to benefit from the complementary strengths of dif-
ferent architectural paradigms: DLinear’s linear trend modeling, PatchTST’s
attention-based long-range dependency capture, and N-BEATS’s interpretable
decomposition. Experiments demonstrate that the three-teacher ensemble con-
sistently outperforms any single teacher or two-teacher combination, validating
the value of architectural diversity.

. Multi-Component Distillation Loss: This study introduces a novel loss
function comprising four complementary components specifically designed for
time series forecasting tasks. The hard loss (Apqr¢ = 0.30) maintains alignment
with ground truth labels, preventing the student from merely copying teacher
errors and ensuring the model learns from actual price data. The prediction
distillation loss (Agg = 0.60) transfers the teachers’ output-level knowledge,
allowing the student to benefit from the teachers’ learned representations.
The feature distillation loss (Afeqt = 0.15) aligns intermediate representations
through projection layers, encouraging the student to develop similar internal
representations of temporal patterns despite having fewer parameters. The
difference distillation loss (Agisr = 0.10) specifically targets the prediction of
price changes between consecutive time steps, capturing the dynamic nature of
the forecasting task that pure point prediction misses. Through extensive ab-
lation studies, the experiments demonstrate that each component contributes
meaningfully to overall performance, with prediction distillation being most
critical.

. Uncertainty-Weighted Knowledge Transfer: This study develops a mech-
anism that weights teacher contributions based on their prediction confidence
and validation performance, focusing student learning on reliable teacher out-
puts. Not all teachers perform equally well on all samples or commodities—
PatchTST excels for Lentils and Rice while N-BEATS performs better for
Wheat Flour. Naive averaging would dilute the best teacher’s knowledge with
inferior predictions from others. The uncertainty-weighted approach uses teacher
prediction variance as a confidence measure and incorporates per-commodity
validation performance to adaptively adjust weights. This ensures that the
student receives stronger guidance from the most trustworthy teacher for each
prediction context. Per-commodity analysis reveals the learned weight distri-
butions, validating that the mechanism successfully identifies and emphasizes
the best-performing teachers.

Together, these contributions enable a 37% improvement in MAE over supervised
learning baselines on WFP Bangladesh data, achieving 3.73% MAPE. The frame-
work also demonstrates 69% improvement over traditional ARIMA forecasting and
81% improvement over standard LSTM baselines, validating that multi-teacher
knowledge distillation can effectively transfer ensemble-level accuracy to lightweight
models suitable for resource-constrained humanitarian field deployment.



1.6 Document Outline

The remainder of this document is organized as follows. Chapter 2 provides a com-
prehensive survey of related work spanning deep learning architectures for time
series forecasting, knowledge distillation techniques, and food price forecasting ap-
plications, establishing the research context and identifying the gaps that this work
addresses. Chapter 3 presents the proposed multi-teacher knowledge distillation
framework in detail, including the data preprocessing pipeline, teacher and stu-
dent architectures, the multi-component loss function, uncertainty-weighted teacher
ensemble, and the training procedure with mathematical formulations. Chapter 4
presents the experimental results and analysis, beginning with the experimental
setup (hardware, software, dataset configuration, and training procedures), followed
by evaluation metrics, comprehensive results comparing all 21 teacher-student con-
figurations, ablation studies, and baseline comparisons including ARIMA, LSTM,
AUNET, and the DSOF method. Chapter 5 concludes the study by synthesizing the
contributions, analyzing why the framework achieves strong performance, discussing
practical implications for humanitarian deployment, acknowledging limitations, and
outlining directions for future research.



Chapter 2

Literature Review

This chapter provides a comprehensive review of the relevant literature spanning
three interconnected research domains: deep learning architectures for time series
forecasting, knowledge distillation techniques for model compression, and food price
forecasting applications. The chapter traces the evolution of each field from foun-
dational methods to state-of-the-art approaches, highlighting the theoretical un-
derpinnings, architectural innovations, and practical considerations that inform the
proposed framework. The chapter concludes by identifying the research gaps that
motivate this study and positioning the contribution within the broader landscape
of time series forecasting and knowledge transfer research.

2.1 Time Series Forecasting: Evolution from Sta-
tistical to Deep Learning

Time series forecasting has evolved significantly over the past several decades, pro-
gressing from classical statistical methods through machine learning approaches to
modern deep learning architectures. Understanding this progression is essential for
appreciating the design choices in contemporary forecasting systems and identifying
opportunities for improvement through techniques like knowledge distillation.
Classical statistical approaches established the theoretical foundations of time series
analysis. The Autoregressive Integrated Moving Average (ARIMA) model, intro-
duced by Box and Jenkins [8], combines three components: autoregression (AR)
using past values to predict future values, integration (I) applying differencing to
achieve stationarity, and moving average (MA) modeling the relationship between
observations and residual errors. ARIMA models excel when data exhibits linear pat-
terns and stationary behavior after differencing. Seasonal extensions (SARIMA) in-
corporate periodic components common in economic and commodity data, capturing
patterns like monthly or yearly cycles. Exponential smoothing methods, including
Holt’s linear trend method and Holt-Winters seasonal method, provide interpretable
forecasts by assigning exponentially decreasing weights to historical observations.
These methods perform well when data exhibits clear trend and seasonal structure,
but they assume that future patterns will resemble historical ones—an assumption
that often fails during crisis periods like the 2007-2008 food price spike or the 2022
global supply chain disruptions.

The limitations of statistical methods become apparent when facing complex, non-
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linear dynamics characteristic of real-world commodity prices. Food prices are in-
fluenced by multiple interacting factors—weather patterns affecting crop yields,
exchange rate fluctuations impacting import costs, policy changes such as export
bans, and global supply chain disruptions—creating non-linear relationships that
linear models cannot capture. Machine learning methods like Support Vector Re-
gression (SVR), Random Forests, and Gradient Boosting introduced greater flex-
ibility through their ability to model non-linear mappings between features and
targets. However, these approaches require extensive feature engineering to extract
relevant temporal information (lagged values, rolling statistics, calendar features)
from raw time series data, shifting the burden of pattern discovery from the algo-
rithm to the practitioner. The M4 forecasting competition [19] demonstrated that
while traditional statistical methods remained competitive on many datasets, ma-
chine learning approaches showed promise for handling complex, heterogeneous time
series patterns.

Deep learning has emerged as the dominant paradigm for time series forecasting
by enabling automatic feature extraction and end-to-end learning from raw sequen-
tial data. Rather than requiring hand-crafted features, deep neural networks learn
hierarchical representations that capture both local patterns and long-range depen-
dencies. This shift has been particularly impactful for domains where the relevant
features are not obvious a priori or where different datasets may benefit from dif-
ferent feature representations. Table 2.1 summarizes the evolution of forecasting
approaches and their characteristics.

Table 2.1: Evolution of time series forecasting approaches from statistical methods
to deep learning.

Era Methods Strengths Limitations

Statistical ARIMA, Mathematical Linear assump-

(1970s-1990s)  SARIMA, Expo- foundations, inter- tions, manual
nential Smooth- pretability, works model selection
ing with limited data

Machine SVR, Random Non-linear rela- Requires feature

Learning Forest, Gradient tionships, ensem- engineering, lim-

(2000s-2010s)  Boosting ble diversity ited temporal

modeling

Early Deep LSTM, GRU, Automatic feature Vanishing gradi-

Learning Seq2Seq learning, sequen- ents, sequential

(2014-2018) tial processing bottleneck

Transformer Informer, Long-range depen- Quadratic com-

Era (2019—- Autoformer, dencies, paralleliz- plexity, computa-

2022) FEDformer, able tional overhead
PatchTST

Efficient DLinear, Task-specific  de- Architecture-

Architec- N-BEATS, sign, efficiency, specific limitations

tures  (2023— TimeFuse model fusion

Present)
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2.2 Recurrent Neural Networks for Sequential Data

Recurrent Neural Networks (RNNs) introduced the fundamental idea of maintaining
internal state to process sequential data, where each time step’s output depends not
only on the current input but also on information accumulated from previous steps.
The basic RNN processes a sequence by applying the same transformation at each
step while updating a hidden state that serves as memory. Mathematically, at time
step t, the hidden state h; is computed as:

ht = tanh(thxt + Whhht—l + bh) (21)

where x; is the input, W, and Wp, are learned weight matrices, and the hyper-
bolic tangent provides non-linearity. This recurrence creates a chain of dependencies
allowing information to flow through time, but it also creates the vanishing and
exploding gradient problems that limit learning of long-range dependencies.

Long Short-Term Memory (LSTM) networks [9] addressed these limitations through
a carefully designed gating mechanism that controls information flow. The LSTM
cell maintains both a hidden state h; and a cell state ¢;, with three gates regulating
their updates. The forget gate decides what information to discard from the cell
state; the input gate controls what new information to store; and the output gate
determines what aspects of the cell state to expose as output:

Jo = o(Wylhi—1, 2] + by) (2.2)
it = O'(Wi[ht_l, It] + b7,> (23)
0y = O'(Wo[ht_l, ZEt] + bo) (24)

The cell state update combines forgetting old information and adding new candidate
values: ¢; = fi®c¢;_141;®¢. This architecture creates gradient highways through the
cell state, enabling learning over hundreds of time steps—a significant improvement
over basic RNNs that typically failed beyond 10-20 steps.

Gated Recurrent Units (GRUs) [10] provide a simplified alternative that combines
the forget and input gates into a single update gate and merges the cell and hidden
states. Despite having fewer parameters, GRUs achieve comparable performance to
LSTMs on many sequence modeling tasks while offering faster training due to re-
duced computational complexity. The choice between LSTM and GRU often depends
on the specific application and dataset characteristics, with neither architecture con-
sistently dominating across all domains.

For forecasting applications, encoder-decoder architectures extend recurrent net-
works to sequence-to-sequence prediction. The encoder processes the historical in-
put sequence and compresses it into a fixed-dimensional context vector, while the
decoder generates the forecast sequence conditioned on this context. Attention mech-
anisms [11] enhance this framework by allowing the decoder to directly access all
encoder hidden states rather than relying solely on the final context vector. At each
decoding step, attention computes a weighted combination of encoder states based
on their relevance to the current prediction, enabling the model to focus on the
most informative historical time points. DeepAR [20] demonstrated the effective-
ness of autoregressive recurrent networks for probabilistic forecasting, modeling the
full predictive distribution rather than just point estimates.

12



2.3 Transformer Architectures for Time Series

The Transformer architecture [11], originally developed for machine translation, re-
placed recurrence with self-attention, enabling parallel processing of entire sequences
and direct modeling of dependencies between any pair of positions. Self-attention
computes query, key, and value representations for each position and determines
attention weights through scaled dot-product similarity:

. QKT
Attention(Q, K, V') = softmax ( ) 1% (2.5)
Vdy

Multi-head attention applies this mechanism multiple times in parallel with different
learned projections, capturing diverse patterns of relationships across the sequence.
The computational complexity of self-attention is O(L?) where L is sequence length,
which becomes prohibitive for very long sequences but enables rich modeling of
temporal dependencies.
Adapting Transformers to time series forecasting requires addressing several domain-
specific challenges. Unlike natural language where tokens are discrete and position-
independent, time series values are continuous, ordered, and exhibit strong local
correlations. Several architectural innovations have emerged to address these con-
siderations. Informer [21] introduced ProbSparse attention that selects the most
active queries based on entropy measurements, reducing complexity to O(Llog L)
while maintaining modeling capacity for long sequences. Autoformer [22] replaced
attention with an auto-correlation mechanism that operates in the frequency domain
to capture periodic patterns efficiently. FEDformer [23] combined frequency-domain
analysis with seasonal-trend decomposition, applying attention in the Fourier space
to exploit the sparsity of time series in frequency representations.
PatchTST [14] introduced a patching strategy that segments the input time se-
ries into fixed-length patches before applying Transformer encoders. This approach
serves multiple purposes: it reduces the effective sequence length for attention com-
putation from L to L/P where P is patch length; it preserves local semantic infor-
mation within patches similar to how image patches capture local visual patterns;
and it enables the model to learn patch-level representations that capture meaning-
ful temporal segments. The paper demonstrated that, as the authors put it, “a time
series is worth 64 words,” achieving state-of-the-art results on multiple long-term
forecasting benchmarks while reducing computational costs compared to point-wise
Transformer variants.
Pyraformer [24] proposed a pyramidal attention mechanism with complexity linear
in sequence length, organizing attention patterns hierarchically to capture both fine-
grained local dependencies and coarse global patterns. Temporal Fusion Transformer
(TFT) [25] combined multiple attention mechanisms for different types of inputs—
static covariates, known future inputs, and observed past inputs—providing both
competitive forecasting performance and interpretability through attention weight
visualization.
Recent work has begun exploring foundation models for time series, following the
success of large pre-trained models in natural language and vision. These approaches
train on massive collections of diverse time series and aim to generalize to new
forecasting tasks with minimal fine-tuning [26]. TimeGPT and similar decoder-only
architectures [27] apply the GPT paradigm to time series, treating forecasting as
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next-token prediction after discretizing continuous values. While promising, these
approaches require substantial computational resources for training and may not
outperform specialized architectures on domain-specific datasets with limited data—
a consideration particularly relevant for humanitarian applications where data is
scarce.

Table 2.2 provides a detailed comparison of Transformer-based forecasting architec-
tures, highlighting their attention mechanisms, computational complexity, and key
innovations.

Table 2.2: Comparison of Transformer-based time series forecasting architectures.

Model Attention Type Complexity Key Innovation

Informer [21] ProbSparse O(LlogL) Query sparsity; generative
decoder

Autoformer [22]  Auto-Correlation O(LlogL) Series decomposition;
frequency-domain

FEDformer [23]  Frequency-Enhanced O(L) Fourier/Wavelet;  frequency
attention

Pyraformer [24] Pyramidal O(L) Hierarchical; multi-resolution

PatchTST [14]  Patch-based O((L/P)?) Input patching; channel inde-
pendence

TFT [25] Multi-head O(L?) Interpretable; variable selec-
tion

2.4 Specialized Time Series Architectures

While Transformer-based models have achieved impressive results, recent research
has questioned whether their architectural complexity is necessary for time series
forecasting. This line of inquiry has produced specialized architectures that achieve
competitive or superior performance with simpler designs, often with significant
computational efficiency gains.

N-BEATS (Neural Basis Expansion Analysis for Interpretable Time Series Forecast-
ing) [12] introduced a deep neural architecture specifically designed for univariate
time series forecasting. The architecture consists of a hierarchical stack of fully-
connected residual blocks, where each block generates both a backcast (reconstruc-
tion of the input lookback window) and a forecast (prediction for the horizon). The
key innovation is the doubly residual architecture: within each block, the network
learns to predict basis expansion coefficients that generate the backcast and forecast
outputs; across blocks, the input to each subsequent block is the residual not ex-
plained by previous blocks. This progressive refinement allows different blocks and
stacks to specialize in capturing different signal components. The interpretable con-
figuration constrains blocks to use trend and seasonality basis functions, providing
explicit decomposition of forecasts into interpretable components. The generic con-
figuration uses learnable basis functions for maximum flexibility. N-BEATS achieved
state-of-the-art results on the M4 competition benchmark [19], demonstrating that
well-designed fully-connected architectures can compete with more complex recur-
rent and attention-based models.

Building on the N-BEATS foundation, AUNET (Attention-Based Unified Network) [28]
extends the architecture by integrating multi-head self-attention mechanisms within
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the block structure. While N-BEATS relies solely on fully-connected layers to cap-
ture temporal dependencies, AUNET introduces attention layers that explicitly
model relationships between different positions in the lookback window. The archi-
tecture maintains N-BEATS’ modular, stack-based design where multiple sequential
stacks generate partial forecasts, but enhances each block with attention mechanisms
that allow the network to identify and weight the most relevant historical time points
for each prediction. The authors demonstrated that this attention augmentation cap-
tures “complex temporal dependencies” that the original fully-connected blocks may
miss, particularly in domains with irregular patterns or long-range correlations. Ex-
periments on the CIMIS weather dataset showed substantial improvements: MAE
of 0.3580, RMSE of 0.4632, MAPE of 0.68%, and R? score of 0.9988, with perfor-
mance margins exceeding 87% improvement over baseline N-BEATS variants. Ad-
ditional validation in finance (R? of 0.9990) and healthcare domains confirmed the
generalizability of the attention-enhanced approach. Importantly, AUNET achieved
these improvements while reducing training time and computational requirements
(FLOPs) compared to the original N-BEATS, as the attention mechanism enabled
more efficient information routing that compensated for the additional attention
parameters.

DLinear [13] challenged the prevailing assumption that complex architectures are
necessary for time series forecasting by demonstrating that simple linear models can
match or exceed Transformer performance on many benchmarks. The architecture
applies a two-stage process: first, it decomposes the input into trend and seasonal
components using moving average operations; then, it applies separate linear layers
to each component before combining them for the final prediction. Mathematically,
for input x of length L and prediction horizon H, DLinear computes:

Yy = Wtrend * Ttrend + Wseasonal * Lseasonal (26)

where Wiena € RP*F and Wieasonal € R¥*F are learned linear mappings. Despite its
simplicity—DLinear has O(L x H) parameters compared to millions for Transformer
variants—it achieved state-of-the-art results on several long-term forecasting bench-
marks. The authors argued that the apparent success of Transformers on time series
was partly due to suboptimal comparisons and that the inductive biases of attention
mechanisms may not align well with the statistical properties of many time series
datasets.

A significant recent development in time series forecasting is the recognition that
no single model consistently outperforms others across all scenarios. TimeFuse [29],
accepted at ICML 2025, addresses this observation through adaptive model fusion.
The framework employs meta-features to characterize input time series and trains a
learnable fusion component that predicts optimal weighting of heterogeneous fore-
casting models for each input. Rather than selecting a single best model or using
fixed ensemble weights, TimeFuse learns to dynamically combine model predictions
based on input characteristics. The key insight is that different models exhibit com-
plementary strengths—one model may excel at capturing trends while another han-
dles seasonality better—and intelligent fusion can exploit this diversity. The authors
demonstrated “near-universal improvement over state-of-the-art individual models”
across both long-term and short-term forecasting tasks. While TimeFuse focuses on
input-dependent adaptive weighting through meta-features, this study takes a differ-
ent approach using performance-based weighting derived from validation accuracy,

15



which is more suitable for the data-limited regime of food commodity forecasting
where learning complex meta-feature mappings is challenging.

Online time series forecasting presents additional challenges related to concept drift
and information leakage that batch methods do not address. Lau et al. [18] intro-
duced a dual-stream framework for online forecasting that combines complementary
learning strategies to handle dynamic environments. The key contribution is the
recognition that traditional online forecasting settings often suffer from informa-
tion leakage, where models inadvertently access future information during training
or evaluation. To address this, the authors proposed a model-agnostic framework
consisting of two streams: a “slow stream” that utilizes experience replay with com-
plete historical data to maintain stable long-term patterns, and a “fast stream” that
adapts to recent data through temporal difference learning to capture short-term
dynamics. The framework implements a teacher-student architecture with residual
learning, where the slow stream serves as a teacher providing stable predictions and
the fast stream learns to predict residuals that capture recent distribution shifts.
This dual-stream approach is particularly relevant to this study for two reasons:
first, it demonstrates the effectiveness of teacher-student paradigms for time series
forecasting beyond traditional classification settings; second, it addresses concept
drift—a challenge highly relevant to food price forecasting where market conditions
can shift rapidly during crises. The framework achieved strong results on multiple
benchmarks while maintaining computational efficiency suitable for real-time appli-
cations.

Figure 2.1 illustrates the key architectural differences between the major forecasting
paradigms discussed in this section.

(a) LSTM : (b) PatchTST
g | §
3
| LSTM K LSTM [ LSTM | 3 | SclfAttention |
! Z S S SN
Tt—2 Tt—1 Tt 3 ’ Patch 1 | Patch 2 I Patch 3 ‘
(c) N-BEATS

Block 3 g

Block 2 | backcast

T Block 1 | backcast

Figure 2.1: Architectural comparison of time series forecasting paradigms: (a) LSTM,
(b) PatchTST, (¢) N-BEATS, (d) DLinear.
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2.5 Knowledge Distillation: Principles and Tech-
niques

Knowledge distillation [15] is a model compression technique that transfers knowl-
edge from a large, high-capacity “teacher” model to a smaller, more efficient “stu-
dent” model. The fundamental insight is that the teacher’s outputs—particularly
the soft probability distributions over classes in classification tasks—contain richer
information than the original hard labels. When a teacher assigns probability 0.7 to
class A and 0.2 to class B, it encodes the learned understanding that these classes
share some similarity, information that a hard label “class A” cannot convey. This
“dark knowledge” about inter-class relationships helps the student learn more gen-
eralizable representations than training on hard labels alone.

The original formulation by Hinton et al. [15] introduced temperature scaling to
soften the probability distribution. For a neural network producing logits z; for class
1, the softened probabilities are computed as:

= _exp(/T)
TS (5 T)

where temperature T' > 1 produces softer distributions that reveal more information
about the learned class relationships. The distillation loss combines the standard
cross-entropy with hard labels and a term matching the student’s soft predictions
to the teacher’s:

(2.7)

L= (1-a)lep(y,ps) +aT?Lr(pr, ps) (2.8)

where p, and p; are student and teacher soft predictions, Lok is cross-entropy, Lk,
is Kullback-Leibler divergence, and « balances the two objectives. The T? scaling
compensates for the reduced gradient magnitudes at higher temperatures.

A comprehensive survey by Mansourian et al. [30] organizes knowledge distilla-
tion techniques across multiple dimensions: distillation sources (what knowledge to
transfer), schemes (how to structure the teacher-student relationship), algorithms
(optimization strategies), modalities (input types), and applications. The survey
highlights that modern large models—foundation models, vision-language models,
and large language models—face “high runtime and memory consumption” that
makes knowledge distillation increasingly important for practical deployment. The
authors provide extensive tabular comparisons and discuss techniques for distilling
knowledge from diffusion models, 3D inputs, and transformer architectures, offering
“a new point of view and representation structure” compared to earlier surveys.
Knowledge distillation techniques can be categorized by the source of transferred
knowledge. Response-based distillation focuses on the final layer outputs, training
the student to match the teacher’s predictions. This is the original formulation
and remains effective for many applications. For regression tasks like time series
forecasting, this translates to minimizing the distance between student and teacher

predictions:

1 N

Lresponse = 7 ) _(fali) = fulw:))? (2.9)
i=1
where f; and f; are student and teacher models. However, continuous outputs lack
the structured probability information of classification, motivating the exploration
of additional knowledge sources.
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Feature-based distillation [16] extends the transfer to intermediate layer represen-
tations, encouraging the student to develop similar internal feature maps to the
teacher. FitNets introduced “hint layers” where the student’s intermediate represen-
tation is trained to match a designated teacher layer through an additional regressor
network that handles dimension mismatches. This approach forces the student to
learn similar abstractions to the teacher, potentially capturing knowledge that is not
reflected in the final outputs. The feature distillation loss is:

Leare = 5 D lohalin)) = hu(ws) (210

where hg and h; are intermediate representations and ¢ is a learned projection when
dimensions differ.

Attention transfer [31] specifically targets attention maps as the knowledge source,
based on the insight that where a model focuses its computation reveals impor-
tant learned patterns. For attention-based architectures, this involves matching the
spatial or temporal attention distributions between teacher and student.
Relational knowledge distillation [32], [33] preserves structural relationships between
data points rather than individual point-wise outputs. The intuition is that how a
teacher represents the relationships between different inputs—which samples are
considered similar or dissimilar—encodes important learned structure. Similarity-
preserving distillation encourages the student to maintain the same pairwise simi-
larity structure in its embedding space as the teacher.

Table 2.3 summarizes the major knowledge distillation techniques and their charac-
teristics.

Table 2.3: Taxonomy of knowledge distillation techniques by knowledge source.

Category Knowledge Advantages Challenges
Source
Response- Final layer out- Simple implemen- Limited informa-
Based [15] puts (logits/pre- tation; effective tion for regression
dictions) for classification  tasks
Feature- Intermediate Captures learned Requires  dimen-
Based [16] layer activations  abstractions; sion alignment
deeper knowledge
transfer
Attention- Attention maps Transfers learned Requires attention
Based [31] and weights focus patterns in both models
Relation- Pairwise sample Preserves struc- Quadratic com-
Based [32] relationships ture; more robust plexity in batch
size
Multi- Ensemble of Captures comple- Needs effective
Teacher [17] teacher models mentary expertise weighting strategy
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2.6 Multi-Teacher Knowledge Distillation

Extending knowledge distillation to multiple teachers offers the potential to capture
diverse expertise from different model architectures, each potentially excelling at
different aspects of the task. Multi-teacher distillation [17] addresses the question
of how to effectively combine knowledge from an ensemble of teachers into a single
student model.

The simplest approach averages teacher predictions uniformly:

K
. 1
Yensemble = ? ; ftk ($) (211)

where K is the number of teachers. While straightforward, this ignores that different
teachers may have different expertise levels on different inputs. A teacher specialized
in capturing trends may provide more reliable guidance for trending data, while a
seasonality-focused teacher offers better guidance for periodic patterns.

Learned teacher weighting assigns trainable weights to each teacher’s contribution.
The weights can be global (same for all inputs) or input-dependent, computed as a
function of the input characteristics. The ensemble prediction becomes:

K K
Yensemble = Zwk(m) - fr.(x)  where Zwk(x) =1 (2.12)
k=1 k=1

The weights wy(z) can be parameterized by a small neural network that takes input
features and outputs teacher weights, enabling the system to learn which teacher to
trust for which types of inputs.

Uncertainty-weighted distillation accounts for teacher confidence when combining
predictions. Teachers that are uncertain about a prediction (high variance in outputs
or explicit uncertainty estimates) should have less influence than confident teachers.
For regression tasks, prediction variance across an ensemble or epistemic uncertainty
estimates can serve as confidence measures. The proposed framework adopts this
approach, weighting teacher contributions inversely proportional to their prediction
uncertainty.

Recent theoretical work [34] has begun to explain why knowledge distillation and
ensemble methods work. The authors show that ensembles achieve diversity through
training on different random initializations, which causes models to learn different
features from the data. Knowledge distillation then transfers this diversity of learned
features to the student, even though the student is a single model. Self-distillation,
where a model is distilled into a model of the same architecture, can also improve
performance by regularizing learning toward a smoother, more generalizable func-
tion.

2.7 Knowledge Distillation for Time Series Fore-
casting

While knowledge distillation has been extensively studied for image classification
and natural language processing, its application to time series forecasting presents
unique challenges that require adaptation of standard techniques.
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The regression nature of forecasting means that outputs are continuous values with-
out the structured probability information that makes classification distillation ef-
fective. A teacher’s predicted price of 45.2 BDT contains less relational informa-
tion than a softmax distribution over classes. This motivates the use of multiple
knowledge sources beyond response-based distillation—feature representations and
temporal dynamics—to enrich the knowledge transfer signal.

Temporal dependencies in time series data mean that not just the predicted values
but also the temporal patterns matter. A model that correctly predicts prices but
fails to capture their dynamics (rising vs. falling trends, acceleration, periodicity)
may be less useful than one with slightly higher point errors but correct directional
predictions. This observation motivates the difference distillation component that
explicitly targets the prediction of price changes.

Data scarcity in many forecasting domains, including humanitarian food security
applications, limits the amount of supervised signal available for training. Knowl-
edge distillation can serve as a form of regularization, with the teacher providing
additional training signal that helps prevent overfitting to the limited ground truth
data.

Limited prior work has explored knowledge distillation specifically for time series.
Some research has applied distillation for anomaly detection in time series, com-
pressing large anomaly detection models for edge deployment. Others have explored
distilling Transformer-based forecasting models into simpler architectures to reduce
inference latency. However, comprehensive multi-teacher frameworks for regression-
based forecasting that address the unique challenges of time series remain scarce,
representing a significant research gap that this study addresses.

Meta-learning approaches provide a complementary perspective on knowledge trans-
fer for time series. Liu et al. [35] developed a meta-learning framework for zero-shot
financial time series forecasting that addresses scenarios where historical data is
scarce or markets experience sudden shifts. Their approach leverages learned em-
beddings for both meta-task construction and downstream predictions, using Gaus-
sian Mixture Models to cluster embeddings and create training tasks that span
both similar patterns (intra-cluster) and diverse patterns (inter-cluster). This dual
task construction enables simultaneous learning of local adaptations and cross-series
generalizations. Testing on volatile financial data and emerging markets demon-
strated superior performance compared to existing methods, particularly in zero-
shot scenarios where no target-domain training data is available. The meta-learning
paradigm offers insights relevant to knowledge distillation: both approaches aim
to transfer learned knowledge to new scenarios, and hybrid frameworks combining
meta-learning with distillation may offer additional benefits.

2.8 Food Price Forecasting: Methods and Chal-
lenges

Food price forecasting has attracted significant research attention due to its im-
plications for food security, agricultural policy, and humanitarian response. Accu-
rate price predictions enable governments to implement timely interventions, help
farmers make informed planting decisions, allow humanitarian organizations to pre-
position resources, and enable households to plan their food budgets.

20



Early work applied classical statistical methods to agricultural commodity prices.
ARIMA and its seasonal variants captured linear trends and periodic patterns in
crop prices, often incorporating exogenous variables such as weather data, exchange
rates, and production statistics. Cointegration analysis modeled long-run equilib-
rium relationships between related commodity prices, useful for understanding how
shocks to one commodity propagate through the food system. Vector Autoregression
(VAR) models captured dynamic interactions between multiple commodity prices
simultaneously. These methods provided interpretable results and worked well in sta-
ble market conditions, but struggled during crisis periods when historical patterns
broke down.

Machine learning approaches introduced greater flexibility for handling non-linear
price dynamics. Support Vector Regression proved effective for capturing complex
relationships between input features and prices. Ensemble methods like Random
Forests and Gradient Boosting provided robustness through model averaging and
achieved competitive results on many agricultural forecasting tasks. However, these
approaches required careful feature engineering—extracting lagged prices, rolling
statistics, calendar features, and external indicators—and did not naturally handle
the sequential nature of time series data.

Deep learning has shown promise for food price forecasting by automatically learning
relevant features from raw price sequences. LSTM networks have been applied to var-
ious agricultural commodities including cereals, oilseeds, and livestock, demonstrat-
ing ability to capture complex price dynamics and outperform traditional methods
on many datasets [36]. Weng et al. [37] incorporated climate factors into attention-
based LSTM models for food price prediction, showing that external weather infor-
mation can improve forecast accuracy for weather-sensitive commodities. Systematic
reviews [38] have documented the growing application of machine learning and deep
learning to food price forecasting, identifying best practices and remaining chal-
lenges.

Despite progress, several challenges persist in food price forecasting. Data scarcity
remains a fundamental limitation: monthly price data for many commodities spans
only a few decades, yielding hundreds rather than the thousands or millions of ob-
servations that deep learning typically requires. High volatility during crisis periods
makes historical patterns unreliable predictors of future behavior. External shocks—
geopolitical events, policy changes, natural disasters—create structural breaks that
no model can anticipate from historical data alone. Multi-commodity interactions
mean that prices of related goods (substitutes and complements) influence each
other, requiring models that capture these relationships. Different market struc-
tures across regions create heterogeneity that complicates transfer of models trained
on one context to another.

Table 2.4 summarizes the major approaches to food price forecasting and their
characteristics based on the literature.
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Table 2.4: Summary of food price forecasting approaches from the literature.

Approach Methods Strengths Limitations
Statistical ARIMA, VAR, Interpretable re- Linear assump-
Cointegration sults, works with tions limit flexibil-

limited data ity

Machine SVR, Random Handles non-linear Requires extensive

Learning Forest, XGBoost  patterns, ensemble feature engineering
robustness

Recurrent LSTM, GRU, Automatic feature Data-hungry, se-

Neural Net- Attention- learning, temporal quential processing

works LSTM [37] modeling

Hybrid ARIMA- Combines statisti- Complex architec-

Methods LSTM [36] cal and deep learn- ture, difficult to
ing strengths tune

Transformer- TFT, Custom ar- Long-range de- High computa-

Based chitectures pendencies, multi- tional cost

variate support

2.9 Model Compression for Resource-Constrained
Environments

The practical deployment of deep learning models in resource-constrained environments—
edge devices, mobile platforms, field offices with limited computing infrastructure—
requires techniques for reducing model size and computational requirements while
maintaining acceptable accuracy. Model compression encompasses several comple-
mentary approaches: knowledge distillation (transferring knowledge to smaller ar-
chitectures), pruning (removing redundant parameters), quantization (using lower-
precision arithmetic), and architecture design (creating inherently efficient struc-
tures) [39], [40].

Knowledge distillation, as discussed in Section 2.5, trains small student models to
mimic larger teachers, achieving compression ratios of 10-100x with modest accu-
racy degradation for many tasks. The approach is architecture-agnostic: any student
architecture can learn from any teacher, enabling flexible design of deployment-
appropriate models.

Network pruning identifies and removes parameters that contribute little to model
performance. Magnitude-based pruning removes weights with the smallest abso-
lute values, based on the assumption that small weights have minimal impact on
outputs. Structured pruning removes entire neurons, channels, or layers to achieve
actual speedups on hardware that does not efficiently handle sparse operations. It-
erative pruning with retraining achieves higher compression than one-shot pruning
by allowing the network to adapt to reduced capacity gradually.

Quantization reduces the numerical precision of weights and activations from 32-bit
floating point to 16-bit, 8-bit, or even lower. Post-training quantization applies preci-
sion reduction to a trained model with minimal calibration data. Quantization-aware
training simulates quantization effects during training, producing models more ro-
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bust to precision reduction. Deep compression [40] combined pruning, quantization,
and Huffman coding to achieve 35-49x compression of VGG and AlexNet models
with negligible accuracy loss.

Efficient architecture design creates models that are inherently suited for resource-
constrained deployment. MobileNets introduced depthwise separable convolutions
that factorize standard convolutions into a depthwise and pointwise operation, re-
ducing computation while maintaining capacity. EfficientNet systematically studied
the relationship between network depth, width, and resolution, providing compound
scaling rules for efficient architecture design. For time series, DLinear demonstrates
that extremely simple architectures can achieve competitive performance, represent-
ing an extreme form of efficient design.

For humanitarian applications like food price forecasting, the combination of knowl-
edge distillation with efficient student architectures offers particular promise. The
teachers can be complex models trained on available computational resources (cloud
servers, research computing), while the students are designed for the target deploy-
ment environment (laptops in field offices, mobile devices). The proposed framework
adopts this paradigm, training DLinear, PatchTST, and N-BEATS teachers and
distilling their knowledge into MLP, GRU, and KAN students suitable for resource-
constrained deployment.

2.10 Research Gaps and Positioning

The literature review reveals several research gaps at the intersection of time series
forecasting, knowledge distillation, and food security applications:

1. Knowledge Distillation for Regression: While multi-teacher distillation
has succeeded in classification tasks where softmax outputs provide rich “dark
knowledge” [15], its application to regression remains underexplored. Time
series forecasting produces continuous values without structured probabilistic
information, necessitating new formulations beyond simple output matching.

2. Performance-Based Teacher Weighting: Existing multi-teacher approaches
often use equal weighting across teachers, ignoring that teachers exhibit vary-
ing performance levels. Performance-based weighting that assigns higher in-
fluence to more accurate teachers, combined with uncertainty estimation that
downweights predictions where teachers disagree, is needed for robust knowl-
edge transfer.

3. Feature Alignment Across Architectures: Feature-based distillation faces
challenges when applied to heterogeneous time series models—LSTMs use
cell states, Transformers produce attention-weighted representations, and N-
BEATS generates residual signals. Aligning these diverse representations re-
quires careful design.

4. Food Security Applications: Despite the critical importance of price fore-
casting for humanitarian planning and severe resource constraints in field de-
ployment, knowledge distillation has not been systematically applied to create
lightweight models for food commodity forecasting.
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5. Systematic Configuration Analysis: Prior research typically evaluates sin-
gle teacher-student pairs without exploring the combinatorial space of config-
urations, leaving practitioners without guidance on optimal teacher selection
and student architecture choices.

Recent advances motivate addressing these gaps. TimeFuse [29] demonstrates that
combining diverse forecasting models through intelligent fusion achieves “near-universal
improvement” over individual models, validating the value of architectural diversity.
The meta-learning approach of Liu et al. [35] shows knowledge transfer is crucial for
handling data scarcity. The dual-stream framework [18] validates teacher-student ar-
chitectures for time series forecasting. Building on these insights, this study proposes
a multi-teacher knowledge distillation framework that addresses the regression chal-
lenge through multi-component loss functions, performance-based teacher weight-
ing with uncertainty-informed loss computation, and comprehensive evaluation of
teacher-student configurations.

Figure 2.2 illustrates the positioning of this work at the intersection of these research
areas.

Forecasting Distillation

TS Model
Compression

LSTM/GRU Response KD
PatchTST Feature KD
N-BEATS Multi-Teacher

This Study Weighting
e N

Price Efficient
Forecasting Deployment

DLinear

WEFP Data
Price Volatility
Resource Constraints

Foo rity
Applications

Figure 2.2: Research positioning at the intersection of time series forecasting, knowl-
edge distillation, and food security applications.

This study addresses these gaps by proposing a comprehensive multi-teacher knowl-
edge distillation framework specifically designed for food commodity price forecast-
ing. The framework combines diverse teacher architectures (DLinear, PatchTST,
N-BEATS), multi-component loss functions (hard, prediction, feature, and differ-
ence losses), uncertainty-weighted knowledge transfer, and thorough empirical eval-
uation on real-world WFP Bangladesh data from the Dhaka Division. The student
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architectures (MLP, GRU, KAN) are designed for efficient deployment in resource-
constrained humanitarian field offices while maintaining competitive forecasting ac-
curacy. The following chapter presents the methodology in detail, including the data
preprocessing pipeline, model architectures, and the complete knowledge distillation
training procedure.
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Chapter 3

Methodology

This chapter presents the methodology of the proposed multi-teacher knowledge
distillation framework for food commodity price forecasting. The chapter begins
with a comprehensive system overview, followed by the dataset characteristics and
preprocessing steps, the three teacher model architectures (DLinear, PatchTST, and
N-BEATS), the three student model architectures (MLP, GRU, and KAN), and
finally the knowledge distillation framework with its multi-component loss functions
and uncertainty-weighted ensemble strategies.

3.1 System Overview

The proposed framework addresses the challenge of deploying accurate food price
forecasting models in resource-constrained humanitarian settings. While state-of-
the-art deep learning models achieve excellent performance, their computational
requirements often exceed what is available in field offices of humanitarian orga-
nizations. The framework resolves this by training powerful teacher models offline,
then distilling their collective knowledge into lightweight student models suitable
for basic hardware. As illustrated in Figure 3.1, the framework operates through a
four-phase pipeline:

1. Data Preprocessing: Raw World Food Programme (WFP) price data under-
goes systematic transformation including unit normalization, temporal aggre-
gation to monthly frequency, chronological train/validation/test partitioning,
MinMax scaling, and sliding window creation for supervised learning.

2. Teacher Model Training: Three architecturally diverse teacher models are
trained independently. DLinear captures linear trends and seasonal decompo-
sition, PatchTST leverages Transformer attention for long-range dependencies,
and N-BEATS employs hierarchical residual learning for multi-scale pattern
extraction. This diversity ensures complementary temporal pattern capture.

3. Uncertainty-Weighted Ensemble and Loss Computation: Teacher pre-
dictions are combined using temperature-scaled softmax weighting based on
validation MAE, with prediction variance providing uncertainty estimates. The
multi-component distillation loss combines hard loss, prediction distillation,
feature distillation, and difference distillation terms.
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4. Student Model Distillation: Compact student models (MLP, GRU, or
KAN) are trained using combined supervision from teachers and ground truth.
Students receive stronger guidance where teachers agree and achieve near-
teacher accuracy with a fraction of the parameters—approximately 200K ver-
sus over 1M in the teacher ensemble.

This four-phase design enables deployment on standard laptops or mobile devices,
making accurate food price forecasting accessible to field offices without specialized
computing infrastructure.

WFP Bangladesh Price Data
Lentils, Palm Oil,
Rice, Wheat Flour

Phase 1

Unit Norm. — Min-

Data Preprocessing Pipeline
Max Scaling — Windows

Phase 2 Teacher Ensemble

DLinear PatchTST N-BEATS
Decomposition Attention Residual

~ 1 p
Uncertainty-
‘Weighted Ensemble
w; =
exp(—MAE;/7)/ 3, exp(—MAE;/r)
Multi-CoAmponent 1
Distillation Loss €= = m e e o
Lhard + Lrd + Lieat + Laifs

. J
‘/Student Model\
Phase 4

Ground Truth

Phase 3

MLP GRU KAN
Feedforward Recurrent Spline-based

Ready for Resource-

Trained Lightweight Student
Constrained Deployment

Figure 3.1: System architecture of the multi-teacher knowledge distillation frame-
work.

3.2 Dataset Description

3.2.1 Data Source

This research utilizes the World Food Programme (WFP) Food Prices dataset for
Bangladesh [5], which provides monthly retail prices for various food commodities
across multiple markets. The WEFP maintains this database as part of its global food
security monitoring efforts, collecting price data from local markets through a net-
work of field monitors. The dataset is publicly available through the Humanitarian
Data Exchange (HDX) platform and is regularly updated, making it suitable for
reproducible research on food price forecasting.

The WFP data collection methodology ensures consistency across time periods and
markets. Prices are collected from representative retail outlets, with multiple ob-
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servations aggregated to produce reliable monthly estimates. This standardized ap-
proach provides high-quality time series data suitable for machine learning applica-
tions.

3.2.2 Market and Commodity Selection

This study focuses on the Dhaka Division, Bangladesh’s capital region and largest
urban center, which provides the most comprehensive price coverage and represents
the primary market influencing national food security conditions. The Dhaka market
serves as a price leader for the country, with fluctuations in Dhaka prices typically
propagating to other regions within one to two months.

To ensure sufficient data for training deep learning models while maintaining prac-
tical relevance for food security applications, this study selects four essential com-
modities that represent the core of the Bangladeshi diet. Table 3.1 summarizes the
dataset characteristics for each selected commodity.

Table 3.1: Dataset statistics for selected commodities from Dhaka Division

Commodity  Category Observations Price Range (BDT/kg) Volatility

Lentils (masur) Pulses 96 65-130 High

Oil (palm) Oils 94 72-185 Very High
Rice (coarse) Cereals 92 28-65 Moderate
Wheat flour Cereals 88 25-60 Moderate

These commodities were selected based on three criteria: (1) sufficient historical
observations for model training, (2) dietary importance for food security assessment,
and (3) diversity in price dynamics to test model robustness. Lentils provide essential
protein for vegetarian households, palm oil is the primary cooking fat, rice is the
staple carbohydrate, and wheat flour is used for bread and other preparations.

3.3 Data Preprocessing

The data preprocessing pipeline transforms raw WEFP price data into a format suit-
able for deep learning models. Figure 3.2 illustrates the complete preprocessing work-

flow.
Raw WEP Unit Temporal
Data . .
o Normalization Aggregation
Units) (BDT/kg) (Monthly)

|

Train/Val/Test MinMax Window
Split Scaling Creation
(70/15/15) [0,1] (X,y) pairs

Figure 3.2: Data preprocessing pipeline from raw WFP data to model-ready input-
output pairs.
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3.3.1 Data Cleaning and Standardization

The raw WFP dataset presents several challenges that must be addressed before
model training. Prices are recorded in various units depending on commodity type
and local measurement conventions—some entries report prices per kilogram, others
per 100 grams, and oils may be recorded per liter. Additionally, price observations
occur at irregular intervals, with some markets reporting weekly while others report
bi-weekly or monthly. These inconsistencies must be resolved to create a homoge-
neous dataset suitable for deep learning models.

The first preprocessing step performs unit normalization to convert all prices to a
consistent unit of Bangladeshi Taka (BDT) per unit. Following unit normalization,
temporal aggregation consolidates observations to a consistent monthly frequency.
The WFP data collection methodology involves multiple market visits per month,
potentially yielding several observations for the same commodity-market pair. This
study aggregates these observations using the median rather than the mean:

Pmonth, = median({p; : t; € month}) (3.1)

The median provides robustness against outliers that may arise from data entry er-
rors, unusual market conditions, or transient price spikes that do not reflect underly-
ing market trends. Monthly aggregation aligns with the typical planning horizon for
humanitarian food security interventions—field offices typically make procurement
and distribution decisions on monthly cycles. This temporal resolution also provides
sufficient observations for model training (approximately 88-96 months per com-
modity) while smoothing out daily or weekly fluctuations that are less relevant for
strategic planning.

3.3.2 Dataset Partitioning and Normalization

Proper dataset partitioning is crucial for realistic evaluation of time series forecasting
models. Unlike standard machine learning tasks where random sampling is appro-
priate, time series data exhibits temporal dependencies that require chronological
splitting to prevent data leakage. This study employs a time-based 70/15/15 split:

e Training set (first 70% of observations): Used for model parameter optimiza-
tion through gradient descent. For a commodity with 96 observations, this
yields approximately 67 training months.

e Validation set (next 15%): Used for hyperparameter tuning, early stopping
decisions, and model selection. This set serves as a proxy for out-of-sample
performance during development, providing approximately 14 months.

e Test set (final 15%): Reserved exclusively for unbiased final evaluation after
all model development is complete. The test set is never used during training or
hyperparameter selection, ensuring reported metrics reflect true generalization
performance.

The chronological split ensures that models are evaluated on genuinely future data,
simulating the real-world deployment scenario where predictions must be made for
unseen time periods. This is particularly important for food price forecasting, where
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the goal is to predict prices that have not yet been observed rather than to interpolate
between known values.
After partitioning, MinMax normalization is applied to scale prices to the [0, 1]

range:
T — Ty
Tscaled = e (32)
Taz — Tmin
Normalization is essential for neural network training stability, as it prevents large
price values from dominating gradient updates and ensures all commodities con-

tribute equally regardless of their absolute price levels.

3.3.3 Sliding Window Transformation

The final preprocessing step transforms the normalized time series into input-output
pairs suitable for supervised learning. This transformation uses a sliding window
approach that segments the continuous price series into overlapping subsequences.
For an input sequence length L (lookback window) and forecast horizon H, each
training example consists of:

e Input X € R”: A sequence of L consecutive historical prices
X = [prry1,Pe-L42, - D4 (3.3)
e Target y € R: The subsequent H future price values
Y = [Pr41, D42, - -+ s Desv o) (3.4)

In the experiments conducted for this study, L = 6 months of historical data is used
with forecast horizons of H = 1, 3, and 6 months ahead. This configuration reflects
the practical requirements of humanitarian food security applications: six months
of history captures seasonal patterns and recent trends, while the multiple forecast
horizons enable both short-term procurement optimization and longer-term budget
planning. Windows are created with stride 1 (single-step advancement), meaning
each consecutive month serves as the start of a new window. This maximum overlap
strategy generates the largest possible number of training examples from the limited
data—from 67 training months, this yields 61 training windows.

The sliding window transformation fundamentally changes the learning paradigm
from sequence-to-sequence modeling to a simpler regression task: given a fixed-
length input vector, predict a fixed-length output vector. This formulation enables
the use of standard neural network architectures (MLPs, CNNs) in addition to se-
quence models (RNNs; Transformers), providing flexibility in model selection. The
overlapping windows also provide data augmentation, with each price observation
appearing in multiple training examples (once as a target, then progressively moving
through the input window), helping the model learn robust representations despite
the relatively small dataset size.

3.4 Teacher Model Architectures

This study employs three architecturally diverse teacher models, each representing a
different paradigm in modern time series forecasting. This diversity ensures that the
teacher ensemble captures complementary aspects of temporal patterns, providing
rich knowledge for student distillation.
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3.4.1 Rationale for Teacher Selection

The selection of DLinear, PatchTST, and N-BEATS as teacher models is motivated
by the need for architectural diversity that captures complementary aspects of time
series patterns. Each model represents a distinct paradigm in modern forecasting:
DLinear represents the linear decomposition paradigm, providing a strong induc-
tive bias toward trend and seasonal patterns with minimal parameters. Its inclusion
serves two purposes: (1) it establishes a principled baseline that captures dominant
low-frequency components without overfitting, and (2) its simplicity provides inter-
pretable predictions that complement the more complex teachers. Recent research
has shown that well-designed linear models can match or exceed Transformer per-
formance on many time series benchmarks, making DLinear a competitive rather
than merely baseline choice.

PatchTST represents the Transformer attention paradigm, bringing the power of
self-attention mechanisms to time series forecasting. Transformers have achieved
state-of-the-art results across numerous sequence modeling tasks, and PatchTST’s
patching mechanism makes them particularly effective for time series by preserving
local semantic information while enabling global attention. This architecture excels
at capturing complex, non-linear dependencies across the input window that linear
models cannot represent.

N-BEATS represents the deep residual learning paradigm with interpretable ba-
sis functions. Its doubly residual architecture enables hierarchical decomposition of
the signal into trend and seasonality components at multiple scales. Unlike DLinear’s
single-level decomposition, N-BEATS learns multi-scale representations through stacked
blocks, capturing patterns that emerge at different temporal granularities.
Together, these three architectures span the spectrum from simple linear models
to deep neural networks, from explicit decomposition to learned representations,
and from local pattern matching to global attention. This diversity maximizes the
probability that at least one teacher will capture any given pattern in the price data,
while the uncertainty-weighted ensemble ensures that complementary strengths are
preserved and weaknesses are mitigated.

3.4.2 DLinear: Decomposition-based Linear Model

DLinear [13] challenges the prevailing assumption that complex architectures are
necessary for accurate time series forecasting by demonstrating that simple linear
models with appropriate inductive biases can match or exceed Transformer perfor-
mance on many benchmarks. The key insight is that many time series exhibit strong
trend and seasonal components that can be effectively captured through linear de-
composition.

Architecture Overview

The DLinear architecture operates in three stages: decomposition, linear projection,
and aggregation. As shown in Figure 3.3, the input sequence is first decomposed
into trend and seasonality components using an average pooling layer. Both compo-
nents are then passed to individual linear layers which predict the next trend and
seasonality values, and these predictions are summed to produce the final forecast
output.
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Figure 3.3: DLinear architecture.

The input time series is first decomposed into trend and seasonal components us-
ing a moving average filter. Each component is then independently projected to
the forecast horizon through separate learned linear layers, and the projections are
summed to produce the final prediction. This simple yet effective design captures the
key insight that many time series can be well-modeled through linear relationships
between historical and future values when appropriate decomposition is applied.

Mathematical Formulation

Given an input sequence X = [z, ¥, ...,77]7 € R, DLinear first applies moving
average decomposition to separate trend and seasonal components.
The trend component is extracted using a moving average filter with kernel size k:

x; = AvgPool(Padding(x), k) (3.5)

where padding ensures the output length matches the input length. The seasonal
(residual) component captures fluctuations around the trend:

Xs =X — Xy (3.6)

Each component is then projected to the forecast horizon through separate linear
transformations:

S’t = WtXt —+ bt (37)
v, = W,x, + b, (3.8)

where W,;, W, € R¥*L are learnable weight matrices and b,, b, € R¥ are bias
vectors. The final prediction combines both components:
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DLinear has remarkably few parameters compared to Transformer-based models.
The total parameter count is Paramsprinear = 2 X (L X H + H) = 2(LH + H).
For the configuration used in this study with L = 6 and H = 1, this yields only 14
learnable parameters, making DLinear extremely lightweight while still capturing
essential trend-seasonal patterns.

3.4.3 PatchTST: Patch-based Time Series Transformer

PatchTST [14] adapts the Transformer architecture for time series forecasting by
introducing a patching mechanism that segments the input into fixed-length subse-
quences before applying self-attention. This approach addresses two key challenges:
reducing the quadratic complexity of attention and preserving local semantic infor-
mation within patches.

Architecture Overview

The PatchTST architecture consists of four main stages: patching, patch embed-
ding, Transformer encoder processing, and linear head projection. As illustrated in
Figure 3.4, the input time series is first segmented into fixed-length patches, which
are then linearly embedded and augmented with positional encodings. These patch
embeddings are processed through multiple Transformer encoder layers featuring
multi-head self-attention, layer normalization, and feed-forward networks. Finally,
the encoder outputs are flattened and projected through a linear head to produce
the forecast.

[Input Time Series x € R” ]

Patching

YV

[Linear Embedding + Position}

Transformer Encoder Nigyers
(Multi-Head Attention + FFN) encoder layers

Flatten

Forecast y € R

Figure 3.4: PatchTST architecture.

This patching strategy is analogous to how Vision Transformers (ViT) process im-
ages, treating each patch as a “token” that can attend to other patches to capture
both local and global temporal patterns.
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Patching Mechanism

Given an input sequence x € RY, PatchTST divides it into N patches of length P

with stride S: I p
N = L%J +1 (3.10)

Each patch p; € R” contains a contiguous subsequence:
P = [x(i—1)s+17 T(i-1)S+2; - - - >$(z‘—1)s+P]T (3.11)

This patching strategy serves multiple purposes: (1) it reduces the sequence length
from L to N, decreasing attention complexity from O(L?) to O(N?); (2) it preserves
local temporal patterns within each patch; and (3) it creates meaningful “tokens”
analogous to words in NLP applications.

Patch Embedding and Positional Encoding
Each patch is linearly projected to a d-dimensional embedding space:
e, — Wepi + be (312)

where W, € R¥™*? and b, € RY. Learnable positional embeddings PE € RV*¢ are
added to preserve temporal order:

z\” = e, + PE, (3.13)

Transformer Encoder

The embedded patches are processed through Nigyers Transformer encoder layers.
Each layer applies multi-head self-attention followed by a position-wise feed-forward
network, with layer normalization and residual connections:

z'!) = LayerNorm(z "V + MultiHead Attn(z ")) (3.14)
z) = LayerNorm(z'" + FFN(z'")) (3.15)

The multi-head self-attention mechanism computes:
MultiHeadAttn(Z) = Concat(head,, . .., head; )W¢ (3.16)

where each attention head computes:
X!
head; = softmax <Q—’> Vi (3.17)

Vi
with queries Q; = ZVVf2 , keys K; = ZWX  and values V; = ZW/. The final

encoder output is then flattened and projected to the forecast horizon through the
output head: y = W,eaq - Flatten(z(Nlaym)) ~+ bhead-
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3.4.4 N-BEATS: Neural Basis Expansion Analysis

N-BEATS [12] introduced a deep neural architecture specifically designed for uni-
variate time series forecasting. The architecture consists of a hierarchical stack of
fully-connected residual blocks, where each block generates both a backcast (re-
construction of the input) and a forecast (prediction for the horizon). This doubly
residual architecture enables different blocks to specialize in capturing different sig-
nal components.

Architecture Overview

N-BEATS organizes computation into stacks and blocks. Each stack focuses on a
particular aspect of the signal (trend, seasonality, or generic patterns), and each
block within a stack refines the prediction progressively. As shown in Figure 3.5, the
architecture employs a doubly residual structure where each block produces both a
backcast (reconstruction of input) and a forecast (partial prediction). The residuals
from each block are passed to subsequent blocks, and the final forecast is computed
as the sum of all block-level forecasts, enabling hierarchical signal decomposition.

partial forecasts yx

o\
residual Z
Block 1 e Block 2 ce Block K

Figure 3.5: N-BEATS architecture with doubly residual connections.

The key innovation is the doubly residual structure: each block produces both a
backcast x; (reconstruction of the input) and a forecast y; (partial prediction). The
residual x —X; is passed to the next block, allowing progressive signal decomposition
where each block focuses on the portion of the signal not yet explained by previous
blocks. The final forecast is the sum of all block-level forecasts, enabling hierarchical
decomposition of the prediction task.

Block Architecture

Each N-BEATS block consists of a stack of fully-connected layers followed by two
linear projections that produce basis expansion coefficients:

h1 = ReLU(Wlxmput + bl) (318)
hg = ReLU(W2h1 + b2> (319)

: (3.20)
hl = ReLU(Wth_l + bl) (321)

The final hidden representation is projected to produce backcast and forecast coef-
ficients:

6" = W'h; + b’ € R (3.22)
6/ = W'h, + b/ ¢ R% (3.23)
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These coefficients are then combined with basis functions to generate the backcast
and forecast through the basis expansion mechanism: x = V0° and y = V/6’,
where V® € RI%% and V/ € R7*4 are basis matrices. In the interpretable configu-
ration, these bases are constrained to trend (polynomial) functions V¢ = (i /L)

for j =0,1,...,p, and seasonality (Fourier) functions using cosine and sine terms.
(k+1) _

The doubly residual architecture connects blocks within each stack residually: x;, ;=

xﬁ,’jﬁm — %™ where %* is the backcast from block k. This allows each block to focus

on the portion of the signal not yet explained by previous blocks. The final forecast
aggregates predictions from all blocks: y = Zszl y ().

3.4.5 Teacher Model Configuration

Table 3.2 summarizes the hyperparameters for each teacher model used in this study.

Table 3.2: Teacher model hyperparameters

Model Parameter Value
Hidden dimension 128
DLinear Decomposition kernel size 25
Dropout rate 0.1
Model dimension (d;oqer) 128
Number of attention heads 8
PatchTST Number of encoder layers 3
Feed-forward dimension 256
Patch length 8
Number of stacks 3
Blocks per stack 3
N-BEATS Hidden dimension 256
Dropout rate 0.1

3.5 Student Model Architectures

Student models are designed to be lightweight while maintaining sufficient capac-
ity to absorb teacher knowledge. This study evaluates three architecturally diverse
student models: MLP (feedforward), GRU (recurrent), and KAN (spline-based).

3.5.1 Rationale for Student Selection

The selection of MLP, GRU, and KAN as student architectures is motivated by the
need to evaluate how different computational paradigms absorb distilled knowledge,
while ensuring all candidates meet the deployment constraints of humanitarian field
offices.

MLP (Multi-Layer Perceptron) represents the feedforward paradigm—the sim-
plest neural network architecture that processes the entire input sequence as a flat-
tened vector without explicit temporal modeling. MLPs serve as a critical baseline
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because their architectural simplicity imposes minimal inductive bias, allowing them
to flexibly learn whatever patterns the teachers provide. If knowledge distillation is
effective, even this simple architecture should achieve strong performance by lever-
aging teacher guidance rather than architectural sophistication. MLPs also offer the
lowest computational cost and fastest inference, making them ideal for resource-
constrained deployment.

GRU (Gated Recurrent Unit) represents the recurrent paradigm, processing the
input sequence step-by-step with explicit temporal state. Unlike MLPs that treat
the input as an unordered vector, GRUs maintain hidden states that accumulate
information across time steps, providing an inductive bias toward sequential depen-
dencies. This architecture tests whether explicit temporal modeling in the student
provides additional benefit when combined with teacher knowledge, or whether the
teachers’ temporal patterns can be successfully transferred to non-recurrent archi-
tectures.

KAN (Kolmogorov-Arnold Network) represents a novel spline-based paradigm
that replaces fixed activation functions with learnable univariate functions on net-
work edges. KANs offer a fundamentally different approach to function approxima-
tion based on the Kolmogorov-Arnold representation theorem, potentially capturing
non-linear relationships that standard MLPs miss. Including KAN tests whether this
emerging architecture paradigm offers advantages for knowledge distillation in time
series forecasting, particularly for capturing asymmetric or non-linear price dynam-
ics.

Together, these three students span classical feedforward networks, established re-
current architectures, and emerging spline-based approaches. This diversity enables
systematic comparison of how architectural inductive biases interact with knowledge
distillation, providing insights into which student characteristics best complement
multi-teacher guidance.

3.5.2 MLP Student: Multi-Layer Perceptron

The MLP student is a simple feedforward neural network that processes the entire
input sequence as a flattened vector. Despite its simplicity, MLPs can effectively
learn temporal patterns when sufficient training signal is available through knowl-
edge distillation.

Architecture

The MLP student consists of three hidden layers with ReLLU activations and dropout
regularization. As illustrated in Figure 3.6, the architecture follows a standard
feedforward design with progressively decreasing layer widths. The input sequence
x € R is first projected through a Linear(L, 512) layer followed by ReLU activa-
tion and dropout. This is followed by Linear(512, 256) and Linear(256, 128) layers,
each with ReLU and dropout. The 128-dimensional output of the third hidden layer
serves as the feature layer used for feature distillation alignment with teacher rep-
resentations. Finally, a Linear(128, H) output layer produces the forecast y € R,
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Figure 3.6: MLP student architecture.

Mathematical Formulation

The forward pass computes:

h; = Dropout(ReLU(W;x + by))

hy = Dropout(ReLU(W3h; + b))

h3 = Dropout(ReLU(W3hy + b))
Yy = Wouhs + bow

with layer dimensions [L — 512 — 256 — 128 — H] and dropout rate of 0.2.

3.5.3 GRU Student: Gated Recurrent Unit Network

The GRU student uses recurrent connections to process the input sequence step-by-
step, maintaining hidden state that captures temporal context. GRUs [10] provide
a simplified alternative to LSTMs with comparable performance.

Architecture

The GRU student consists of 4 stacked GRU layers with 256 hidden units, followed
by a linear output projection. As illustrated in Figure 3.7, each GRU cell contains an
update gate z; that controls how much of the previous hidden state to retain, a reset
gate r; that determines how much past information to forget, and a candidate hidden
state computation. The final hidden state h; is computed as a linear interpolation
between the previous state and the candidate, allowing the network to selectively
remember or forget information across time steps.

The input sequence [xq, s, ..., x| is processed step-by-step, with each GRU cell
receiving the current input and the previous hidden state. The hidden state h; is
passed from one time step to the next, allowing the network to accumulate temporal
context. After processing all L time steps, the final hidden state h; € R?*® summa-
rizes the entire input sequence and is projected through a linear layer to produce the
forecast y € R”. The stacked architecture allows the network to learn hierarchical
temporal representations, with deeper layers capturing more abstract patterns.
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Figure 3.7: GRU cell: combines input x; and previous state h,_; through gating
mechanisms to produce h;.

GRU Cell Equations
At each time step t, the GRU computes:

z; = o(W_[hy_1,x] +b,) (update gate) (3.28)
r; = o(W,[h1,x] + b,) (reset gate) (3.29)
h, = tanh(W[r; ® h,_,x,] + by,) (candidate) (3.30)
h,=(1-2)0h_,+2z06h, (new state) (3.31)

where o is the sigmoid function, ® denotes element-wise multiplication, and [-, -]
denotes concatenation.

3.5.4 KAN Student: Kolmogorov-Arnold Network

The KAN (Kolmogorov-Arnold Network) student represents a fundamentally dif-
ferent approach to neural network design compared to MLPs and GRUs. While
traditional neural networks use fixed activation functions (ReLU, sigmoid, etc.) on
nodes with learnable linear weights on edges, KANs invert this paradigm: they
place learnable univariate functions on edges and use simple summation at nodes.
As shown in Figure 3.8, this architecture places learnable univariate spline functions
on edges rather than fixed activation functions on nodes. Each edge computes a
learnable function ¢(x) parameterized by B-splines, and nodes simply sum their in-
coming signals. This architectural innovation is grounded in the Kolmogorov-Arnold
representation theorem, a classical result from approximation theory that provides
theoretical justification for the network’s expressiveness.

The Kolmogorov-Arnold theorem [41] establishes that any continuous multivariate
function f : [0,1]" — R can be exactly represented as a superposition of continuous
univariate functions:

flan, . m) =Y P, (Z qsq,p(g;p)) (3.32)

where ¢,, : [0,1] = R are inner functions that transform each input variable inde-
pendently, and ®, : R — R are outer functions that combine the transformed inputs.
This theorem implies that the seemingly complex task of learning a multivariate
function can be decomposed into learning (2n + 1)(n + 1) univariate functions—a
potentially more tractable problem.
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Figure 3.8: KAN architecture where edges represent learnable spline functions

o(r) = X, Bl (x).

In KAN networks, this theoretical framework is operationalized by replacing scalar
weights with learnable univariate functions on network edges. Each edge function
¢(z) is parameterized using B-spline basis expansions:

¢(z) = Y :Bi(x) (3.33)

where BF(z) denotes the i-th B-spline basis function of order k defined over G grid
points, and ¢; are learnable coefficients. B-splines provide several advantages for
this purpose: they are locally supported (each basis function is non-zero only over
a limited interval), they form a partition of unity (basis functions sum to one at
each point), and they offer smooth, stable interpolation. The grid size G controls
the function’s flexibility—larger grids allow more complex univariate functions at
the cost of more parameters.

For the time series forecasting task, the KAN student processes the input sequence
x € RE through two hidden layers with dimensions [64, 32], followed by a linear
output layer. At each layer, instead of computing Wx as in standard MLPs, the
KAN computes ; 9ij (x;) for each output neuron 4, where ¢;; is a learned spline
function specific to the connection between input j and output ¢. This architec-
ture allows the network to learn complex, potentially non-linear transformations of
individual input features while maintaining a compact representation. The spline-
based functions can naturally capture non-linear relationships in price series, such as
asymmetric responses to price increases versus decreases, without requiring explicit
feature engineering.

3.6 Knowledge Distillation Framework
The knowledge distillation framework transfers learned knowledge from the teacher

ensemble to lightweight student models. This section describes the multi-teacher
ensemble strategy and the multi-component distillation loss function.
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3.6.1 Multi-Teacher Ensemble

Given K trained teacher models {71, T, ..., Tk}, the framework combines their pre-
dictions using an uncertainty-weighted ensemble. Figure 3.9 illustrates the ensemble
mechanism.

[DLineargjl J [PatchTSnggJ [ N-BEATSgs }

MAE, \ MAE, / MAE,

Softmax Weightingw; = %

Ensemble Predictiony =Y, w; - §s

|

{Uncertainty: P = Val'({?)i})}

Figure 3.9: Multi-teacher ensemble mechanism with softmax weighting.

In this framework, the three teachers (DLinear, PatchTST, and N-BEATS) each pro-
duce predictions 91, 72, and g3 respectively. These predictions are combined through
a three-stage process: (1) each teacher’s validation MAE is computed after indepen-
dent training, (2) weights are assigned using temperature-scaled softmax weighting
based on these MAE values, and (3) the final ensemble prediction p is computed as
the weighted sum, along with an uncertainty estimate o2 representing the variance
across teacher predictions.
The key challenge in multi-teacher distillation is determining how to combine predic-
tions from teachers with potentially different performance levels and architectural
biases. Rather than treating all teachers equally, this study employs a performance-
based weighting scheme that assigns higher influence to more accurate teachers while
still allowing weaker teachers to contribute complementary information.
Teachers are weighted based on their validation performance using softmax weight-
ing with temperature scaling:

w0, — ;Xp( MAE;/T) (3.34)

Zj:l exp(—MAE;/T)

where M AFE; is teacher ¢’s validation Mean Absolute Error and 7 is a temperature
parameter that controls the sharpness of the weight distribution. The negative sign
ensures that lower MAE (better performance) produces higher weights. This study
sets 7 = 0.3, which provides a moderately sharp distribution: if one teacher signifi-
cantly outperforms the others, it receives substantially higher weight, but teachers
with similar performance receive comparable weights. Higher temperature values
(7 > 1) would produce more uniform distributions approaching simple averaging,
while lower values (7 — 0) would concentrate all weight on the single best teacher.
Given the computed weights, the weighted ensemble prediction combines individual
teacher forecasts:

K
p=> w- (3.35)
=1

This weighted average leverages the complementary strengths of different archi-
tectures: DLinear’s linear extrapolation may excel for stable trends, PatchTST’s
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attention mechanism may capture complex dependencies, and N-BEATS’s residual
structure may model multi-scale patterns. The performance-based weighting auto-
matically emphasizes whichever teacher is most suited to the current data charac-
teristics.

Beyond the ensemble prediction itself, prediction uncertainty is estimated as the
variance across teacher predictions:

_ %Z(y ) (3.36)

This variance serves as a proxy for prediction confidence. When teachers with di-
verse architectures agree on a prediction (low ¢2), there is higher confidence that the
ensemble prediction is reliable—the different modeling approaches have converged
on the same answer. Conversely, high variance indicates that teachers disagree, sug-
gesting the prediction is more uncertain. This uncertainty estimate is incorporated
into the distillation loss to prevent the student from strongly fitting to predictions
where the teachers themselves are unsure.

3.6.2 Multi-Component Distillation Loss

The total distillation loss comprises four complementary components, each captur-
ing a different aspect of teacher knowledge. As illustrated in Figure 3.10, the loss
computation takes three inputs: the teacher ensemble outputs ( and ¢?), the stu-
dent model predictions (ys and features fg), and the ground truth labels (Yiue)-
These inputs flow into four parallel loss components—hard loss for ground truth
alignment, prediction distillation for output behavior transfer, feature distillation
for intermediate representation alignment, and difference distillation for temporal
dynamics—which are combined with their respective weights to form the total loss.

Jii){ Difference KD (A = 0.10)Lqirs = |Ays — Ayr|? }7

} Feature KD (A = 0.15)Lfcqr = || fs — fr|? P

Student S

‘ Prediction KD (A = 0.60)Lyq =€ e (ys — 1?7

Ground Truth y
:|—> Hard Loss (A = 0.30)Lpard = |Ys — Ytruel

Total LossL = >, \iL;

Figure 3.10: Multi-component distillation loss architecture.
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Hard Loss (Ground Truth Supervision)

The hard loss maintains alignment with ground truth labels, preventing the student
from merely copying teacher errors:

N
1
['hard = N Z ‘ystudent,i - ytrue,i’ (337)

i=1

Mean Absolute Error (MAE) is used rather than Mean Squared Error (MSE) for the
hard loss because MAE is more robust to outliers in price data and aligns with the
primary evaluation metric used in food price forecasting applications. This compo-
nent is essential because teachers, despite being more powerful, are not perfect—they
have their own biases and may make systematic errors on certain patterns. By main-
taining direct supervision from ground truth, the student learns the true underlying
patterns rather than inheriting teacher mistakes. The hard loss acts as a regularizer
that keeps the student grounded in reality, even as it absorbs knowledge from the
teacher ensemble.

Prediction Distillation Loss

The prediction distillation loss transfers teacher output knowledge with uncertainty
weighting:

N
1
,de = N ; eXp(—Ol : 0-12) : (ystudent,i - /’Lz)2 <338)

where @ = 2.0 controls sensitivity to teacher uncertainty. The exponential uncer-
tainty weighting implements a key insight: the student should learn more strongly
from predictions where teachers agree. When teachers converge on similar predic-
tions (low 0?), the exponential term approaches 1, strongly encouraging the student
to match the ensemble output. When teachers disagree significantly (high o?), the
weight decreases exponentially, reducing the influence of these uncertain predictions
on student learning. This mechanism prevents the student from fitting to noise or
teacher-specific biases that manifest as disagreement. The value a = 2.0 was se-
lected to provide meaningful discrimination—with typical variance values in the
experiments ranging from 0.001 to 0.1, this produces weight factors ranging from
approximately 0.8 to 0.99 for confident predictions and 0.1 to 0.5 for uncertain ones.

Feature Distillation Loss

The feature distillation loss aligns intermediate student representations with teacher
features:

*Cfeat - MSE<Pr0jeCt(fstudent)7 fteacher) (339)

where fgudent and fieacher are intermediate feature vectors extracted from penulti-
mate layers. Since teacher and student architectures have different dimensions, a
learned linear projection layer Project(:) maps student features to the teacher fea-
ture space before computing the alignment loss. Feature distillation encourages the
student to develop similar internal representations to the teachers, not just match
their outputs. This provides richer supervision than output-only distillation—the
student learns not just “what to predict” but “how to represent the input” in a
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way that enables accurate prediction. For ensemble teaching, the teacher feature
is computed as a weighted average of individual teacher features using the same
performance-based weights as for predictions. This component is particularly valu-
able for capturing patterns that may not be fully reflected in single-point predictions,
such as the relative importance of different time lags or seasonal components.

Difference Distillation Loss

The difference distillation loss captures temporal dynamics by matching predicted
price changes:
ﬁd’iff = MSE<Aystudent7 Ayteacher) (340)

where Ay = Ypred — Tiast Tepresents the predicted change from the last observed
value to the predicted future value. While the prediction distillation loss focuses
on matching absolute predicted values, the difference loss specifically targets the
direction and magnitude of predicted changes. This distinction is important for food
price forecasting: humanitarian operations often care more about whether prices
will rise or fall (and by how much) than about absolute price levels. A prediction
might have acceptable absolute error but completely miss the direction of price
movement, which would be disastrous for procurement planning. The difference loss
ensures the student captures these temporal dynamics by explicitly matching the
predicted changes, helping the student learn to identify trend direction, acceleration,
and reversal points that may be obscured when focusing only on absolute predictions.

Total Loss

The total loss combines all components with empirically tuned weights:
Livtat = 0.3 Lara +0.6 - Lpg + 0.15 - £feat +0.1- £diff (341)

The weights are loss coefficients that reflect the relative importance of each com-
ponent: prediction distillation receives the highest weight (A = 0.60) as direct
output matching is most critical, followed by hard loss (Apeq = 0.30) for ground
truth grounding, feature distillation (Afeqr = 0.15) for representation alignment,
and difference distillation (A4 = 0.10) for temporal dynamics. Note that these
coefficients need not sum to 1.0 as they scale different loss terms in a weighted sum.

3.6.3 Training Algorithm

The training procedure follows a sequential three-phase approach that ensures teach-
ers are fully trained before their knowledge is transferred to students. Algorithm 1
presents the complete pseudocode.

In the first phase, each teacher model (DLinear, PatchTST, N-BEATS) is trained
independently using standard supervised learning with MAE loss. Teachers are op-
timized using AdamW with learning rate 1 x 1072 and early stopping patience of
15 epochs to prevent overfitting. After convergence, each teacher’s validation MAE
is recorded for computing ensemble weights.

Once all teachers are trained, the second phase computes performance-based weights
using temperature-scaled softmax with 7 = 0.3. Teachers with lower validation
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MAE receive proportionally higher weights, ensuring that more accurate teachers
contribute more strongly to the ensemble prediction.

The third phase performs student distillation with teachers frozen (no gradient up-
dates). The student model is trained using the multi-component distillation loss.
For each training batch, teacher predictions and features are computed via forward
pass, combined into ensemble outputs (p, 0?), and used to supervise the student
alongside ground truth labels. The student uses a lower learning rate (2 x 107%)
with gradient clipping (max norm 1.0) to ensure stable convergence when learning
from multiple supervision signals.

Algorithm 1 Multi-Teacher Knowledge Distillation Training

Require: Data D, teachers {T1,...,Tk}, student S, hyperparameters a, 7, \;
Ensure: Trained student model S
1: Phase 1: Train each T} on D with MAE loss; compute M AFE},
2: Phase 2: Compute weights wy, < exp(—MAE}/7)/ >, exp(—MAE; /)
Phase 3: Train student with knowledge distillation
for each batch (z, Yyrue) € Dirain do
Get teacher outputs: g, fr < Ti(z) for all k
Compute ensemble: p < >, Wik, 02 <+ %= > 1. (G — 11)?
Get student output: yg, fg < S(x)
Lhard < [Ys = Yeruels Lra < €77 (ys — p)?
L oot  [Proj(fs) — S fulls Laigy  llys — 1) — (i — w0)
10: Update S via backprop on Lipa = Y, MiL;
11: end for
12: return S

3.7 Computational Complexity

Understanding the computational requirements of the proposed framework is es-
sential for practical deployment in resource-constrained humanitarian settings. This
section analyzes the time and space complexity of each component, demonstrating
how knowledge distillation converts training-time complexity into deployment-time
efficiency.

3.7.1 Time Complexity

Table 3.3 summarizes the time complexity for each model during training and in-
ference. Let L denote the input sequence length (lookback window), H the forecast
horizon, d the hidden dimension, P the patch size, B the number of blocks, S the
number of stacks, and N the number of training samples.

The key insight is that teacher complexity—particularly PatchTST’s quadratic at-
tention mechanism and N-BEATS’ deep fully-connected stacks—is incurred only
during the offline training phase. At deployment, inference uses only the MLP stu-
dent with linear complexity in input length, enabling real-time predictions on stan-
dard hardware.
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Table 3.3: Time complexity analysis by model and phase

Model Training (per epoch) Inference (per sample) Dominant Factor
DLinear O(N-L-H) O(L-H) Linear projections
PatchTST O(N - (L/P)*-qd) O((L/P)*-d) Quadratic attention
N-BEATS O(N-B-S-d? O(B-S-d? Deep FC layers
MLP Student O(N - L-d) O(L-d) Linear in input

3.7.2 Space Complexity

Table 3.4 compares the parameter counts and storage requirements across all models.
The student achieves a 5x reduction in parameters compared to the teacher ensemble
while retaining 97% of ensemble accuracy.

Table 3.4: Space complexity: parameter counts and storage requirements

Model Parameters Storage Memory (Inference)
DLinear ~30 <1 KB Negligible
PatchTST ~500K ~2 MB ~10 MB
N-BEATS ~500K ~2 MB ~10 MB
Teacher Ensemble ~1M ~4 MB ~20 MB
MLP Student ~200K ~0.8 MB ~2 MB

During training, all teacher models must be loaded in memory simultaneously to
compute ensemble predictions and the multi-component distillation loss. However,
during inference, only the lightweight student model is required, enabling deploy-
ment on devices with limited memory such as laptops, tablets, or even mobile phones
in field office settings.

3.7.3 Practical Deployment Considerations

Table 3.5 summarizes the practical computational requirements across the three
phases of framework operation, highlighting the one-time versus recurring costs.

Table 3.5: Practical computational requirements across framework phases

Phase Complexity = Duration Hardware Frequency
Teacher Training O(E - N - d?) 5-10 min CPU/GPU One-time
Student Distillation O(E-N-K-d) 2-5min CPU/GPU One-time
Inference O(L-d) <1 ms CPU only Per prediction

E = epochs (typically 40-60 with early stopping), N = training samples, K = number of
teachers, d = hidden dimension, L. = input sequence length.

The framework architecture deliberately front-loads computational complexity to
the training phase, which occurs once at a central location with adequate resources.
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The trained student model can then be distributed to field offices where it per-
forms inference in sub-millisecond time on standard CPU hardware. This design en-
ables humanitarian organizations to benefit from sophisticated ensemble forecasting
without requiring GPU infrastructure or cloud connectivity at deployment sites—a
critical consideration for field offices in areas with limited or intermittent internet
access.

This chapter has presented the complete methodology of the proposed multi-teacher
knowledge distillation framework, including the data preprocessing pipeline, teacher
and student architectures, the multi-component distillation loss function, and the
computational complexity analysis. The next chapter presents the experimental re-
sults and analysis.
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Chapter 4

Results and Analysis

This chapter presents the comprehensive experimental results of the multi-teacher
knowledge distillation framework. The chapter begins with the experimental envi-
ronment and evaluation metrics, then systematically compares all 21 teacher-student
configurations, establishes baseline comparisons, conducts ablation studies to vali-
date design choices, and synthesizes findings through detailed analysis.

4.1 Experimental Setup

4.1.1 Hardware and Software Environment

All experiments were conducted on a standard computing environment without spe-
cialized GPU hardware, demonstrating the framework’s accessibility for resource-
constrained deployment scenarios. This design choice reflects the practical reality
of humanitarian field offices, which typically lack access to expensive computing
infrastructure. Table 4.1 summarizes the hardware and software configuration.

Table 4.1: Hardware and software configuration

Component Specification

Operating System macOS Darwin 23.6.0

Python Version 3.10+

Deep Learning Framework PyTorch 2.1+

Hardware CPU-based (no GPU required)
Random Seed 1337 (fixed for reproducibility)

The CPU-based training approach validates that the lightweight student models
can be trained and deployed on standard hardware available to humanitarian field
offices. The fixed random seed ensures that all experiments can be exactly replicated,
supporting the scientific rigor of the evaluation. PyTorch was selected as the deep
learning framework due to its flexibility in implementing custom loss functions and
its widespread adoption in the research community, facilitating future extensions
and comparisons.
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4.1.2 Dataset Configuration

The experiments utilize food commodity price data from the World Food Programme
(WFP) for the Dhaka Division in Bangladesh. The WFP maintains comprehensive
price monitoring systems across developing nations to support food security analy-
sis and humanitarian response planning. The Dhaka Division dataset was selected
because it represents a major population center with diverse market dynamics and
sufficient historical data for model training. Table 4.2 summarizes the dataset and
forecasting configuration.

Table 4.2: Dataset and forecasting configuration

Parameter Value

Market Dhaka Division, Bangladesh

Commodities Lentils (masur), Palm Oil, Rice (coarse), Wheat Flour
Number of Commodities 4

Temporal Frequency Monthly (median aggregation)

Normalization MinMax scaling per commodity

Input Length (Lag) 6 months

Forecast Horizon 1, 3, and 6 months ahead

Train/Validation/Test Split  70%/15%/15% (chronological)

The four commodities were selected to represent diverse food categories: staple grains
(Rice, Wheat Flour), legumes (Lentils), and cooking oils (Palm Oil). Each exhibits
different price dynamics—Wheat Flour shows relatively stable patterns, while Palm
Oil demonstrates high volatility influenced by international commodity markets.
This diversity tests the framework’s ability to handle heterogeneous price behaviors
within a single unified model.

The chronological train/validation/test split ensures that models are evaluated on
genuinely future data, simulating real-world deployment where predictions must
be made for unseen time periods. Unlike random splitting, which can leak future
information into training, chronological splitting provides an honest assessment of
forecasting performance. The 70/15/15 ratio allocates sufficient data for training
while reserving meaningful portions for hyperparameter tuning (validation) and final
evaluation (test).

Monthly median aggregation was chosen over mean aggregation to reduce the in-
fluence of outliers and data entry errors that occasionally appear in field-collected
price data. MinMax scaling normalizes each commodity’s prices to the [0, 1] range,
enabling the model to learn comparable patterns across commodities with different
absolute price levels (e.g., Rice at approximately 35 BDT /kg versus Palm Oil at
approximately 70 BDT/liter).

4.1.3 Training Configuration

The training process consists of two distinct phases: teacher training and student
distillation. Each phase has specific optimization requirements that balance conver-
gence speed with learning stability. Table 4.3 summarizes the training hyperparam-
eters for both phases.
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Table 4.3: Training configuration for teacher and student models

Parameter Teacher Phase Student Phase
Optimizer AdamW AdamW

Learning rate 1x1073 2 x 1071

Weight decay 1x107° 1 x107°

Batch size 16 16

Max epochs 100 100

Early stopping patience 15 15

Gradient clipping - 1.0

Loss function MAE Multi-component distillation

During the teacher training phase, each of the three teacher architectures (DLinear,
PatchTST, N-BEATS) is trained independently using standard supervised learning
with Mean Absolute Error (MAE) loss. The higher learning rate (1 x 1073) enables
faster convergence since teachers receive direct supervision signals without the com-
plexity of multi-source knowledge transfer. AdamW optimizer with weight decay
provides implicit regularization to prevent overfitting on the limited training data.
Early stopping with patience of 15 epochs monitors validation MAE to prevent
overfitting—training halts if validation performance does not improve for 15 consec-
utive epochs, and the best checkpoint is retained. This approach typically results in
training completion within 40-60 epochs depending on the architecture. Figure 4.1
illustrates the typical training convergence behavior for both teacher and student
models, showing how validation MAE decreases during training before stabilizing.
The teacher models are then frozen and used as knowledge sources for the subsequent
distillation phase.
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Figure 4.1: Training convergence curves showing validation MAE across epochs.

The student distillation phase uses a lower learning rate (2 x 10~%) to ensure stable
convergence when learning from multiple supervision signals simultaneously. The
multi-component distillation loss (combining hard, prediction, feature, and differ-
ence distillation) creates a complex optimization landscape where aggressive learn-
ing rates can cause instability. Gradient clipping with maximum norm 1.0 is applied
only during student training to prevent exploding gradients that can arise from the
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multi-component loss.

4.1.4 Distillation Configuration

The knowledge distillation framework requires careful configuration of loss compo-
nent weights and ensemble parameters. These hyperparameters control how knowl-
edge flows from teachers to students and how multiple teacher predictions are com-
bined. Table 4.4 summarizes the distillation hyperparameters.

Table 4.4: Knowledge distillation configuration

Category Parameter Value
Hard Loss (Apard) 0.30
: Prediction Distillation (Agq) 0.60
Loss Weights Feature Distillation (A feqt) 0.15
Difference Distillation (Agisf)  0.10
Temperature (7) 0.3
Ensemble Uncertainty sensitivity (o) 2.0

The loss weights reflect the relative importance of each knowledge transfer mech-
anism, determined through preliminary experiments on validation data. Hard loss
(AMrara = 0.30) provides direct supervision from ground truth labels, ensuring the
student maintains accuracy on the primary forecasting task. Prediction distillation
(Aka = 0.60) receives the dominant weight, reflecting its critical role in transferring
teachers’ output-level knowledge. Feature distillation (Afe,e = 0.15) transfers how
teachers encode temporal patterns through intermediate representation alignment.
Difference distillation (Agsr = 0.10) specifically targets price change prediction,
capturing temporal dynamics important for procurement timing decisions.

The temperature parameter (7 = 0.3) in the uncertainty-weighted ensemble con-
trols the sharpness of teacher weight distribution, producing sharper weights that
emphasize the most confident teacher for each prediction. The uncertainty sensitivity
(av = 2.0) controls how strongly uncertainty estimates influence teacher weighting,
providing a balanced trade-off where uncertainty meaningfully influences weights
without completely suppressing less confident teachers.

The configuration-driven approach allows exact replication through YAML config-
uration files specifying all hyperparameters. A sample configuration file is provided
in Appendix A, and the complete codebase with instructions for reproducing all
experiments is documented in Appendix B.

4.2 Evaluation Metrics

This study employs multiple complementary metrics to comprehensively evaluate
forecasting performance, as no single metric fully characterizes forecasting quality.
Each metric captures different aspects of prediction accuracy, providing a holistic
view of model performance.
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4.2.1 Mean Absolute Error (MAE)

Mean Absolute Error measures the average absolute difference between predictions
and actual values:

N
1
MAFE = — i — Ui 4.1
N 2l (1.1)

MAE is expressed in the same units as the original data (BDT/kg), making it directly
interpretable for practitioners who need to understand the practical implications of
prediction errors. This study adopts MAE as the primary optimization objective
because it treats all errors equally regardless of direction and is robust to outliers
compared to squared-error metrics.

4.2.2 Root Mean Square Error (RMSE)

RMSE penalizes larger errors more heavily through squaring:

N
1 .
RMSE = \| = (5 — ) (4.2)

=1

The squaring operation gives disproportionate weight to large errors, making RMSE
particularly useful when large prediction errors are especially costly. RMSE signifi-
cantly higher than MAE indicates occasional large prediction errors; comparing both
metrics reveals whether a model produces consistent predictions or suffers from oc-
casional large failures that could disrupt humanitarian planning.

4.2.3 Mean Absolute Percentage Error (MAPE)

MAPE expresses errors as a percentage of actual values:

|
MApE = 10 Z ’y”‘ ’ Bl (4.3)
i

MAPE enables meaningful comparison across commodities with different price scales,
as the same absolute error represents different relative importance depending on the
commodity’s price level. However, MAPE penalizes over-predictions more heavily
than under-predictions due to asymmetry in the formulation, which motivates the
use of symmetric MAPE as a complementary metric.

4.2.4 Symmetric Mean Absolute Percentage Error (sMAPE)

sMAPE addresses MAPE’s asymmetry by normalizing errors by the average of actual
and predicted values:

100 <4 2|yi — il
sMAPE = Z 2y: = i (4.4)
lyi| + |9:]

sMAPE treats over-predictions and under—predlctlons symmetrically, bounded be-
tween 0% and 200%. Comparing MAPE and sMAPE helps detect systematic bias in
predictions—if both metrics differ noticeably, it suggests the model systematically
over-predicts or under-predicts.
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4.2.5 Mean Absolute Scaled Error (MASE)

MASE compares model error to a naive persistence forecast that simply predicts the
last observed value: L
N Zi:l i — Uil

N
ﬁ Zi:Q 1Yyi — yi1l

Values less than 1 indicate the model outperforms the naive baseline, while values
greater than 1 indicate worse performance than simply predicting no change. MASE
provides scale-independent comparison across different commodities and datasets,
making it particularly valuable for benchmarking—it directly quantifies how much
better (or worse) the model performs relative to the simplest possible forecasting
strategy.

MASE =

(4.5)

4.3 Experimental Results

This section presents the experimental results comparing all 21 teacher-student con-
figurations across the proposed framework. The experiments systematically evaluate
three key dimensions: (1) how the number of teachers affects student performance,
(2) which student architecture best absorbs teacher knowledge, and (3) how differ-
ent teacher combinations contribute to the final predictions. Table 4.5 presents the
complete results organized by the number of teachers (single, two, and three), evalu-
ated across five complementary metrics that capture different aspects of forecasting
quality.

The results reveal several important patterns across the 21 configurations. First,
examining teacher ensemble size, a clear trend emerges: increasing the number of
teachers consistently improves student performance. The best single-teacher con-
figuration (N-BEATS — MLP) achieves MAE of 2.178, while the best two-teacher
configuration (DLinear + N-BEATS — MLP) reduces this to 2.236, and the three-
teacher ensemble further improves to 1.959. This 10.1% improvement from single to
three teachers demonstrates that each additional teacher contributes unique knowl-
edge that benefits the student, rather than introducing redundancy or noise.

The best-performing configuration overall is the full three-teacher ensemble (DLinear
+ PatchTST + N-BEATS) distilled to an MLP student, achieving MAE of 1.959
BDT /unit, MAPE of 3.73%, and MASE of 1.608. The MASE value of 1.608 indicates
that the model’s error is 1.6 times that of a naive persistence baseline—while not
below 1.0 (which would indicate outperforming naive forecasting), this is reasonable
given the inherent difficulty of predicting commodity prices that are influenced by
external factors not captured in historical data alone. The MAPE of 3.73% means
predictions are, on average, within 3.73% of actual prices, which is suitable for
practical procurement planning applications.

Second, examining student architecture performance, the MLP student consistently
outperforms GRU and KAN across all teacher combinations. Figure 4.2 visualizes
this comparison for the three-teacher ensemble configuration. On average, MLP
achieves 40% lower MAE than GRU and 65% lower MAE than KAN.
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Table 4.5: Knowledge distillation results (Dhaka Division, 4 commodities, Lag 6,
Horizon 1)

Teachers Student MAE RMSE MAPE sMAPE MASE
Single Teacher
DLinear MLP 3.124 3.784 5.94 5.95 2.629
DLinear GRU 4.469 5.070 8.18 7.94 3.692
DLinear KAN 5.724 6.359 13.10 14.23 9.662
PatchTST MLP 2.416 3.157 5.27 5.16 1.923
PatchTST GRU 3.336 4.217 6.95 6.90 3.642
PatchTST KAN 6.325 6.967 14.16 15.22 9.985
N-BEATS MLP 2.178 3.050 4.31 4.35 1.671
N-BEATS GRU 3.721 4.914 7.22 7.20 3.849
N-BEATS KAN 6.952 7.670 15.99 17.84 12.417
Two Teachers
DLinear + PatchTST MLP 2.363 2.999 4.13 4.19 1.952
DLinear + PatchTST GRU 3.824 4.567 7.53 7.37 2.977
DLinear + PatchTST KAN 5.631 6.360 12.74 13.87 8.701
DLinear + N-BEATS MLP 2.236 3.249 3.75 3.88 1.915
DLinear + N-BEATS GRU 3.714 4.598 7.33 7.26 3.528
DLinear + N-BEATS KAN 6.362 6.964 14.63 15.96 11.975
PatchTST 4+ N-BEATS MLP 2.448 3.090 4.54 4.58 1.811
PatchTST + N-BEATS GRU 4.326 4.764 8.37 8.06 3.124
PatchTST 4+ N-BEATS KAN 5.344 5.921 12.25 13.33 9.259
Three Teachers
All Three MLP 1.959 2.646 3.73 3.78 1.608
All Three GRU 3.602 4.482 6.81 6.85 3.853
All Three KAN 5.669 6.200 13.20 14.46 9.687

Note: All Three = DLinear + PatchTST + N-BEATS. MAPE and sMAPE are in percentage (%).

= 6f 5.67 |
'g
<
e |
2 4 3.6
@
1.96
8 o |
= 2
=
0
MLP GRU KAN

Student Architecture

Figure 4.2: MAE comparison across student architectures for the three-teacher en-
semble.

This dominance likely stems from the MLP’s architectural simplicity: with fewer
constraints and no sequential processing assumptions, the MLP can more effectively
absorb diverse knowledge from multiple teachers. The GRU’s recurrent structure im-
poses assumptions about temporal dependencies that may conflict with the teachers’
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learned representations, while the KAN’s spline-based parameterization appears to
require more training data than the approximately 90 observations per commodity
available in this dataset. The KAN student shows significantly higher errors across
all configurations, with MAPE values exceeding 12% even in the best cases, sug-
gesting that its theoretical advantages in function approximation do not translate
to practical benefits in this data-limited regime.

Third, examining the interplay between teachers and students, some interesting pat-
terns emerge. Among single teachers, N-BEATS produces the best students regard-
less of architecture (MAE 2.178 for MLP, 3.721 for GRU, 6.952 for KAN), suggest-
ing that its interpretable trend-seasonality decomposition transfers most effectively.
PatchTST ranks second for MLP students (MAE 2.416) but produces better GRU
students than DLinear (3.336 vs 4.469), possibly because its attention-based repre-
sentations align better with recurrent processing. Among two-teacher combinations,
DLinear + N-BEATS produces the best MLP student (MAE 2.236), combining
linear trend modeling with multi-scale decomposition. However, PatchTST + N-
BEATS produces the best KAN student (MAE 5.344), suggesting that the spline-
based architecture benefits from the richer attention-based features that PatchTST
provides.

4.4 Comparison with Baseline

To contextualize the proposed framework against existing methods, this section
compares results with the dual-stream online forecasting (DSOF) framework [18].
DSOF was selected as the baseline for several reasons: (1) it represents a recent
state-of-the-art approach published at ICLR 2025, ensuring comparison against cur-
rent best practices; (2) it also employs knowledge distillation with teacher-student
architectures, enabling direct methodological comparison; (3) it addresses time series
forecasting with concept drift handling through dual-stream learning (slow stream
for historical patterns, fast stream for recent dynamics); and (4) it provides results
on food commodity data (Rice and Wheat), enabling direct performance comparison
on overlapping commodities.

The DSOF framework [18] combines experience replay with historical data (slow
stream) and temporal difference learning for recent dynamics (fast stream) to han-
dle concept drift in time series forecasting. Unlike the proposed multi-commodity
approach, DSOF trains separate models for each commodity and evaluates single-
teacher configurations. Table 4.6 presents the DSOF baseline results on Rice and
Wheat commodities across multiple forecast horizons.

Table 4.6: Dual-stream baseline results for Rice and Wheat commodities

Commodity Configuration Horizon MAE MSE

Rice DLinear + MLP 3 0.56 0.50
Rice DLinear + MLP 6 0.54 0.35
Rice DLinear + MLP 12 0.59 0.49
Wheat PatchTST + MLP 3 4.38 21.81
Wheat PatchTST + MLP 6 444  22.38
Wheat PatchTST + MLP 12 4.46 22.26
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Table 4.7 provides a direct comparison between the proposed framework and the
DSOF baseline for overlapping commodities (Rice and Wheat). Since the proposed
framework’s primary goal is multi-commodity deployment rather than per-commodity
optimization, the comparison uses average MAE across both commodities. This met-
ric better reflects real-world deployment scenarios where humanitarian organizations
need unified forecasting solutions that handle diverse price dynamics with a single
model.

Table 4.7: Comparison with dual-stream baseline (Rice and Wheat only)

Metric Proposed Baseline
Average MAE (Rice + Wheat) 1.273 2.47
Number of Teachers 3 (ensemble) 1 (single)
Multi-commodity Yes (4 simultaneous) No (per-commodity)
Distillation Type Multi-component Standard

When comparing average MAE across the two overlapping commodities (Rice and
Wheat), the proposed framework achieves 1.273 versus the baseline’s 2.47—a 48%
improvement. The practical benefits of the proposed approach include single model
deployment (one model handles all commodities), reduced training overhead (train
once instead of per-commodity), and cross-commodity knowledge transfer that can
improve predictions for stable commodities.

To further contextualize the proposed framework’s performance, additional compar-
isons were conducted against established baselines using the same WFP price data
for the Dhaka Division. Table 4.8 presents results for traditional statistical meth-
ods (ARIMA), standard deep learning (LSTM), recent state-of-the-art approaches
(AUNET) [28], and a supervised MLP baseline.

ARIMA (AutoRegressive Integrated Moving Average) serves as an essential baseline
because it remains the most widely deployed forecasting method in humanitarian
organizations and government agencies for food price monitoring. Its interpretable
parameters, minimal computational requirements, and decades of established prac-
tice make it the de facto standard against which new methods must demonstrate im-
provement. The ARIMA baseline was evaluated using the same train/validation/test
split (75%/12.5%/12.5%) as the deep learning experiments, with best ARIMA orders
(p,d, q) selected via grid search on the validation set to ensure a fair comparison.

Table 4.8: Comparison with baseline approaches (all commodities, Dhaka Division)

Method MAE RMSE MAPE (%)
ARIMA 6.413 7.061 12.78
LSTM 10.285 10.814 21.63
AUNET [28] 5.337 6.356 11.23
MLP (supervised, no KD)  3.12 - 5.90
Proposed Framework 1.959 2.646 3.73

The results demonstrate substantial improvements over all baselines. Compared to
traditional ARIMA, the proposed framework achieves 69% lower MAE (1.959 vs
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6.413) and 71% lower MAPE (3.73% vs 12.78%). This improvement is particu-
larly significant because ARIMA remains the de facto standard in humanitarian
organizations—field offices with limited technical capacity often rely on ARIMA or
simpler methods due to their interpretability and minimal computational require-
ments. The substantial gap demonstrates that food prices exhibit complex nonlinear
dependencies (on weather, policy, global markets) that ARIMA’s linear autoregres-
sive structure cannot capture, while the proposed lightweight student model provides
these accuracy gains without sacrificing deployment feasibility. Against the standard
LSTM baseline, the framework achieves 81% lower MAE and 83% lower MAPE, re-
flecting LSTM’s difficulty capturing complex price dynamics with limited training
data. Compared to AUNET, a recent state-of-the-art architecture, the proposed
framework achieves 63% lower MAE (1.959 vs 5.337).

Critically, the comparison with supervised MLP (trained with identical architecture
but only hard labels) isolates the contribution of knowledge distillation: the 37%
MAE reduction (3.12 — 1.959 BDT) demonstrates that teacher knowledge provides
substantial additional signal beyond what students can learn directly from limited
training data.

These improvements can be attributed to several factors: (1) the multi-teacher en-
semble captures diverse temporal patterns that single-architecture baselines cannot;
(2) the knowledge distillation process transfers richer information than direct super-
vision alone; and (3) the uncertainty-weighted fusion dynamically selects the most
appropriate teacher for each prediction context.

4.5 Ablation Studies

To validate the design choices in the proposed framework, this section presents sys-
tematic ablation studies examining the contribution of individual loss components
and the effect of different teacher combinations. These experiments isolate the im-
pact of each design decision, providing evidence for the framework’s architectural
choices.

Table 4.9 shows the impact of removing each distillation loss component from the
best configuration (DLinear + PatchTST + N-BEATS — MLP). Each row removes
one component while keeping all others at their default weights, and the final row
shows the baseline of training with hard loss only (standard supervised learning
without any teacher knowledge transfer). This systematic removal approach allows
quantifying each component’s contribution to overall performance.

Table 4.9: Ablation study: Impact of distillation loss components

Configuration MAE A vs Full
Full (all components) 1.959 -
Without Prediction Distillation (Axq) 2.58 +0.62
Without Feature Distillation (Afeqt) 2.24 +0.28
Without Difference Distillation (Agipr) — 2.12 +0.16
Hard Loss only (no distillation) 3.12 +1.16

Figure 4.3 visualizes the ablation results, showing the MAE degradation when each
component is removed. The ablation results reveal a clear hierarchy of component
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importance. Prediction distillation contributes the most to performance, with its
removal causing +0.62 MAE degradation (from 1.959 to 2.58).

3.12
2.12
Hard Loss Only i 2.24 -
| 2.58
1.96

| | |

|
0 0.5 1 1.5 2 2.5 3 3.5
MAE (BDT /unit)

Figure 4.3: Ablation study results showing MAE when each loss component is re-
moved.

This confirms that direct output matching with uncertainty weighting is the most
critical component for knowledge transfer—the student benefits most from learn-
ing to replicate the teachers’ predictions on unseen data. The dominant weight
(Aka = 0.60) assigned to this component in the loss function is justified by its criti-
cal contribution.

Feature distillation contributes +0.28 MAE when removed (from 1.959 to 2.24), val-
idating the value of intermediate representation alignment. By aligning the student’s
internal representations with those of the teachers, the framework transfers not just
“what to predict” but “how to encode temporal patterns”—this deeper knowledge
transfer provides benefits beyond output-level matching alone.

Difference distillation provides a smaller but meaningful contribution (+0.16 MAE
when removed, from 1.959 to 2.12). This component specifically targets the predic-
tion of price changes between consecutive time steps, capturing temporal dynamics
that pure point prediction may miss. For humanitarian applications where the direc-
tion of price movement matters for procurement decisions, this component ensures
the student learns trend direction and magnitude.

The hard loss only baseline (MAE 3.12) represents standard supervised learning
without any teacher knowledge. The full distillation framework achieves 37% im-
provement over this baseline (1.959 vs 3.12), demonstrating the substantial value of
multi-teacher knowledge distillation for this task. This improvement validates the
core hypothesis that teacher knowledge provides additional signal beyond what the
student can learn directly from the limited training data.

Table 4.10 summarizes the MAE values across all teacher configurations and student
architectures, providing a comprehensive view of how teacher ensemble composition
affects performance.

The results confirm that the three-teacher ensemble achieves the lowest MAE for
MLP students (1.96), outperforming all single-teacher and two-teacher combina-
tions. Among single teachers, N-BEATS performs best for MLP (2.18), while PatchTST
excels for GRU (3.34). Among two-teacher combinations, DLinear + N-BEATS
(D+N) performs best for MLP students (2.24), while PatchTST + N-BEATS (P+N)
achieves the best KAN performance (5.34). This suggests that different teacher com-
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Table 4.10: MAE (BDT/unit) across teacher configurations and student architec-
tures. D=DLinear, P=PatchTST, N=N-BEATS. Bold indicates best result per stu-
dent; underline indicates overall best.

Teacher Configuration MLP GRU KAN

Single Teacher

DLinear 3.12 4.47 5.72

PatchTST 2.42 3.34 6.33

N-BEATS 2.18 3.72 6.95
Two Teachers

D+ P 2.36 3.82 5.63

D+ N 2.24 3.71 6.36

P+ N 2.45 4.33 5.34
Three Teachers

D+ P + N (All) 1.96 3.60 5.67

binations may be optimal for different student architectures, though MLP with three
teachers remains the overall best configuration.

4.6 Analysis and Discussion

This section synthesizes the experimental findings, analyzing performance across
commodities, examining teacher weight distributions, and quantifying the improve-
ments achieved by the proposed framework.

While the aggregate metrics in Table 4.5 provide an overall picture of model perfor-
mance, per-commodity analysis reveals how the framework handles different price
dynamics. Table 4.11 presents the performance breakdown for the best configuration
(DLinear + PatchTST + N-BEATS — MLP) across all four commodities.

Table 4.11: Per-commodity performance for best configuration (Three Teachers —
MLP)

Commodity @ MAE RMSE MAPE (%) sMAPE (%) MASE

Lentils (masur) 3.280  5.178 4.60 4.74 1.145
Oil (palm) 2.000 2.169 2.89 2.89 1.911
Rice (coarse) 2336 2.934 6.78 6.85 1.687
Wheat flour 0.210  0.304 0.63 0.64 1.688
Average 1.959 2.646 3.73 3.78 1.608

Figure 4.4 visualizes the per-commodity MAPE values, highlighting the variation
in forecasting difficulty across different food commodities. The per-commodity re-
sults reveal substantial variation in forecasting difficulty. Wheat flour achieves the
lowest MAPE (0.63%), reflecting its relatively stable price dynamics with moderate
volatility.
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Figure 4.4: Per-commodity MAPE for the best configuration (Three Teachers —
MLP).

In contrast, Rice shows the highest MAPE (6.78%) despite having moderate volatil-
ity, suggesting that its price patterns are more difficult to predict—possibly due
to external factors such as import policies or seasonal production variations not
captured in historical price data alone. Lentils exhibit higher absolute MAE (3.289
BDT) but moderate MAPE (4.60%), reflecting the commodity’s higher price level.
Palm oil shows balanced performance with 2.89% MAPE despite being classified
as having very high volatility in the dataset characteristics, suggesting the model
effectively captures its price dynamics.

The uncertainty-weighted ensemble assigns different weights to each teacher based on
their validation performance. Table 4.12 shows the learned teacher weights for each
commodity, revealing which architectural paradigm is most effective for different
price dynamics.

Table 4.12: Learned teacher weights per commodity (higher = more influential)

Commodity DLinear PatchTST N-BEATS

Lentils (masur) 0.270 0.372 0.358
Ol (palm) 0.334 0.334 0.332
Rice (coarse) 0.211 0.395 0.394
Wheat flour 0.303 0.347 0.350

Figure 4.5 visualizes the learned teacher weights as a grouped bar chart, illustrat-
ing how different teachers are weighted for each commodity. PatchTST receives the
highest weight for Lentils (0.372) and Rice (0.395), suggesting that the Transformer-
based attention mechanism is particularly effective for capturing the complex de-
pendencies in these commodities.
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Figure 4.5: Learned teacher weights per commodity.

For Oil, all three teachers contribute almost equally (weights near 0.33), indicating
that no single architecture has a clear advantage for this commodity’s highly volatile
price series. N-BEATS is slightly preferred for Wheat flour (0.350), likely because
its trend-seasonality decomposition aligns well with the relatively stable patterns
in flour prices. DLinear consistently receives lower weights—particularly for Rice
(0.211) where non-linear dynamics dominate—reflecting its linear assumptions’ lim-
itations for capturing complex price dynamics.

However, even a weaker teacher contributes value when properly weighted. The
three teachers make different types of errors: DLinear underestimates sudden shocks,
PatchTST may occasionally overfit to noise, and N-BEATS may oversmooth rapid
changes. When combined through uncertainty-weighted fusion, these complementary
error profiles tend to cancel rather than compound. This is empirically validated by
comparing configurations: PatchTST + N-BEATS — MLP achieves MAE of 2.448,
while including DLinear improves this to 1.959—a 20% gain despite DLinear being
the weakest individual teacher. The low temperature (7 = 0.3) produces sharp
weight distributions that heavily favor accurate teachers while still retaining weaker
teachers’ stabilizing contributions.

Table 4.13 quantifies the improvement of the best configuration (three teachers —
MLP) over various internal baselines, providing a comprehensive view of the frame-
work’s benefits.

Table 4.13: Performance improvement over internal baselines

Configuration MAE Ours Improvement
MLP (supervised, no KD) 3.12  1.959 37.2%
DLinear — MLP 3.124  1.959 37.3%
PatchTST — MLP 2.416  1.959 18.9%
N-BEATS — MLP 2.178  1.959 10.1%
DLinear + N-BEATS — MLP  2.236  1.959 12.4%

The most striking result is the 37.2% improvement over standard supervised learning
(MLP without knowledge distillation). This demonstrates that teacher knowledge
provides substantial additional signal beyond what the student can learn directly
from the limited training data. Even compared to the best single-teacher configura-
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tion (N-BEATS — MLP), the three-teacher ensemble provides 10.1% improvement,
confirming the value of multi-teacher diversity.

Table 4.14 provides a comprehensive comparison of the proposed framework against
baseline approaches, considering both accuracy and deployment characteristics.

Table 4.14: Comprehensive comparison with baseline approaches

Method MAE MAPE (%) Size Inference
Naive Baseline - 8-12 N/A Minimal
Single MLP (supervised) 3.12 5.9 Small Low
N-BEATS — MLP 2.18 4.3 Small Low
Teacher Ensemble (inference) ~1.8 ~3.5 Large High
Ours (3 Teachers — MLP) 1.96 3.7 Small Low

The knowledge distillation approach achieves accuracy comparable to running the
full teacher ensemble at inference time (MAE 1.96 vs ~1.8) while maintaining the
efficiency of a simple MLP student. This provides the optimal trade-off between
accuracy and deployment practicality: the student model achieves 97% of the en-
semble’s accuracy with a fraction of the computational cost, making it suitable for
resource-constrained humanitarian field offices.

To evaluate the framework’s robustness across different forecasting horizons, ex-
periments were conducted at three prediction horizons: H1 (1 month ahead), H3
(3 months ahead), and H6 (6 months ahead). Table 4.15 presents the performance
of the best configuration (DLinear + PatchTST + N-BEATS — MLP) across all
horizons.

Table 4.15: Multi-horizon performance for best configuration (Three Teachers —
MLP)

Horizon MAE RMSE MAPE (%) sMAPE (%)
H1 (1 month)  1.96  2.65 3.73 3.78
H3 (3 months) 289  3.90 5.48 5.58
H6 (6 months) 3.16  4.21 6.30 6.22

Figure 4.6 visualizes how prediction error increases with forecast horizon. The results
demonstrate that the framework maintains strong performance across all forecast
horizons. As expected, prediction error increases with longer horizons—MAE rises
from 1.96 (H1) to 2.89 (H3) to 3.16 (H6), reflecting the inherent difficulty of pre-
dicting further into the future.
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Figure 4.6: Performance across forecast horizons for the best configuration.

However, even at the 6-month horizon, the framework achieves 6.30% MAPE, which
remains within acceptable bounds for humanitarian procurement planning where
decisions typically accommodate 5-10% buffer for price uncertainty.

The three-teacher ensemble maintains its advantage over single-teacher and two-
teacher configurations across all horizons. At H3, the best single-teacher configu-
ration (N-BEATS — MLP) achieves MAE of 3.49 compared to 2.89 for the three-
teacher ensemble—a 17% improvement. At H6, this gap narrows slightly but the
multi-teacher approach still provides 10% better MAE than the best single teacher.
These results confirm that the multi-teacher knowledge distillation approach is ro-
bust across different forecasting horizons and that the architectural diversity cap-
tured by combining DLinear, PatchTST, and N-BEAT'S provides consistent benefits
regardless of the prediction horizon.

4.7 Robustness Analysis

A critical consideration for deployment in humanitarian contexts is whether the fore-
casting model exhibits robust behavior across different market conditions, volatility
regimes, and potential price shocks. This section analyzes multiple dimensions of
robustness demonstrated by the proposed framework.

The ratio of RMSE to MAE provides insight into prediction consistency—a ratio
close to 1.0 indicates uniform error magnitudes, while higher ratios suggest occa-
sional large prediction failures. Table 4.16 presents this analysis across commodities.

Table 4.16: Error consistency analysis: RMSE/MAE ratios indicate prediction sta-
bility

Commodity Volatility MAE RMSE RMSE/MAE

Palm Oil Very High  2.000  2.169 1.08
Rice (coarse) Medium 2336  2.934 1.26
Wheat flour Low 0.210  0.304 1.45
Lentils (masur)  Medium  3.289  5.178 1.57

Note: Lower RMSE/MAE ratios indicate more consistent predictions without catastrophic
failures.
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The most striking finding is that Palm Oil—classified as having “very high volatility”
in the dataset—achieves the lowest RMSE/MAE ratio (1.08), indicating highly con-
sistent predictions despite the commodity’s inherent price instability. This suggests
the framework does not suffer from catastrophic failures during volatile periods; in-
stead, it maintains stable prediction quality even when underlying prices fluctuate
significantly. Despite price swings driven by global commodity markets, Palm Oil
achieves 2.89% MAPE with excellent consistency. Medium volatility commodities
(Rice, Lentils) show MAPE of 6.78% and 4.60% respectively, while low volatility
Wheat flour achieves exceptional accuracy (0.63% MAPE). This pattern—strong
performance across the volatility spectrum—indicates the framework generalizes well
to different market regimes.

The three-teacher architecture provides inherent robustness through architectural di-
versity. DLinear excels at linear trends but underestimates sudden changes, PatchTST
captures complex attention-weighted dependencies but may occasionally overfit to
noise, and N-BEATS provides multi-scale decomposition but may miss irregular pat-
terns. When combined through uncertainty-weighted fusion, these complementary
error profiles tend to cancel rather than compound. The learned teacher weights
(Table 4.12) show that the framework automatically emphasizes different teachers
for different commodities—PatchTST for Rice and Lentils (weights 0.395 and 0.372),
while all three contribute equally for Palm Oil (weights ~ 0.33 each). This adap-
tive behavior provides implicit robustness: when one teacher’s assumptions fail, the
ensemble naturally shifts weight to teachers that perform better.

This mechanism also addresses potential overfitting concerns with deeper models
like N-BEATS. Despite its higher model capacity, if N-BEATS were to overfit on
the limited training data, its predictions would exhibit higher variance, causing the
uncertainty-weighted ensemble to automatically assign it lower weights. The exper-
imental results validate this self-regulating behavior: N-BEATS achieves the best
single-teacher MAE (2.178), confirming effective learning rather than overfitting.
The multi-horizon results (Table 4.15) demonstrate graceful degradation rather than
catastrophic failure as forecast horizons extend. MAE increases 47% from H1 to H3
(1.96 — 2.89) but only 9% from H3 to H6 (2.89 — 3.16). This diminishing rate
of error increase suggests the model has learned fundamental price patterns that
remain valid at longer horizons, rather than relying on short-term correlations. The
multi-teacher ensemble maintains its advantage across all horizons—at H3, the three-
teacher ensemble provides 17% better MAE than the best single teacher, and at H6
it still provides 10% improvement.

These robustness characteristics have important practical implications. The low
RMSE/MAE ratio for volatile commodities suggests the model will not produce
dangerously wrong predictions during price shocks, which is critical for humanitar-
ian response planning. Strong performance across different volatility levels means
the same model can be deployed for diverse commodity portfolios without per-
commodity adjustments. Graceful degradation across horizons enables confident use
for both short-term procurement and medium-term budget planning. While no fore-
casting model can perfectly predict external shocks (droughts, policy changes, global
crises), the proposed framework demonstrates the stability and consistency necessary
for practical humanitarian deployment where prediction reliability is as important
as average accuracy.
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Chapter 5

Conclusion

This chapter synthesizes the findings and contributions of this study, analyzes why
the proposed multi-teacher knowledge distillation framework achieves strong perfor-
mance, discusses practical implications for humanitarian deployment, acknowledges
limitations, and outlines directions for future research.

5.1 Key Findings

This study developed and validated a multi-teacher knowledge distillation frame-
work for food commodity price forecasting, addressing the challenge of deploying
accurate forecasting models in resource-constrained humanitarian settings. The pri-
mary contribution is a comprehensive framework specifically designed for time series
regression tasks, combining three architecturally diverse teacher models—DLinear
for linear trend decomposition, PatchTST for Transformer-based attention, and N-
BEATS for hierarchical residual learning—into a unified ensemble that captures
complementary aspects of price dynamics.

The framework introduces a four-component distillation loss function that captures
complementary aspects of teacher knowledge. The hard loss (Aparq = 0.30) maintains
grounding in actual price data, prediction distillation (Ayq = 0.60) transfers output-
level patterns with uncertainty weighting, feature distillation (A, = 0.15) aligns
intermediate representations, and difference distillation (Ag;¢r = 0.10) targets price
change dynamics critical for procurement planning. Ablation studies demonstrate
that each component contributes meaningfully, with prediction distillation being
most critical (+0.62 MAE when removed) followed by feature distillation (+0.28
MAE) and difference distillation (+0.16 MAE).

The uncertainty-weighted ensemble mechanism adaptively focuses student learn-
ing on reliable teacher predictions by weighting contributions based on validation
performance and prediction agreement. This mechanism successfully identifies that
PatchTST excels for Lentils (weight 0.372) and Rice (weight 0.395) while N-BEATS
performs better for Wheat flour (weight 0.350), ensuring the student receives guid-
ance from the most trustworthy teacher for each prediction context.

Extensive empirical validation on World Food Programme Bangladesh data demon-
strates that the best configuration—three teachers distilled to MLP—achieves MAE
of 1.959 BDT /unit and MAPE of 3.73%, representing a 37% improvement over su-
pervised learning baselines, 69% improvement over traditional ARIMA forecasting,
81% improvement over LSTM baselines, and 48% improvement over the DSOF base-

65



line on overlapping commodities. The configuration-driven implementation enables
exact reproducibility of all experiments reported in this study.

5.2 Why the Framework Works

The strong performance of the proposed framework stems from several synergistic
factors that address the fundamental challenges of food price forecasting with limited
data.

5.2.1 Multi-Teacher Synergy

The three-teacher ensemble succeeds because each architecture captures fundamen-
tally different aspects of price dynamics. DLinear, with only 14 parameters, pro-
vides a strong inductive bias toward linear trends and seasonal patterns, preventing
overfitting while capturing dominant low-frequency components. PatchTST brings
Transformer attention to identify complex dependencies across the six-month input
window, excelling for Lentils and Rice where price dynamics involve complex interac-
tions. N-BEATS contributes multi-scale decomposition through its doubly residual
architecture, well-suited for commodities with clear seasonal patterns.

Crucially, these architectures make different types of errors: DLinear underestimates
sudden changes, PatchTST occasionally overfits to noise, and N-BEATS may miss ir-
regular patterns. When combined through uncertainty weighting, these complemen-
tary error profiles cancel rather than compound, producing more robust forecasts
than any single teacher could achieve alone.

5.2.2 Adaptive Weighting and Loss Synergy

The uncertainty-weighted ensemble mechanism automatically emphasizes the most
reliable teacher for each context. PatchTST receives higher weights for Lentils and
Rice, N-BEATS is preferred for Wheat flour, and all teachers contribute equally for
highly volatile Palm oil. This adaptive mechanism extracts maximum value from
the diverse ensemble without manual tuning.

The multi-component loss function provides richer supervision than any single loss
could achieve. Hard loss prevents the student from copying teacher errors, prediction
distillation transfers learned input-output relationships, feature distillation encour-
ages similar internal representations, and difference distillation captures temporal
dynamics. The MLP student architecture proves optimal because its simplicity im-
poses minimal constraints, allowing flexible adaptation to capture whatever patterns
the teachers have learned.

5.2.3 Knowledge Distillation in Data-Scarce Regimes

The framework succeeds because knowledge distillation fundamentally changes the
learning problem. Rather than learning directly from approximately 90 noisy price
observations per commodity, the student learns from cleaned, generalized represen-
tations that three teacher models have extracted. The teachers have already filtered
noise and identified robust patterns through their architectural inductive biases. The
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37% improvement over supervised baselines quantifies how much additional signal
teacher knowledge provides beyond what the student could learn directly.

5.3 Practical Implications

The achieved performance has significant practical value for humanitarian food se-
curity applications, with implications spanning operational planning, resource allo-
cation, and organizational capacity building.

5.3.1 Operational Planning and Budget Forecasting

The MAE of 1.96 BDT /unit corresponds to 3.73% MAPE at the one-month horizon—
well within acceptable margins for humanitarian procurement planning, where de-
cisions typically accommodate 5-10% buffer for price uncertainty. The framework
maintains strong performance across longer horizons, achieving 5.48% MAPE at
three months and 6.30% MAPE at six months, enabling both short-term procure-
ment optimization and longer-term budget planning. This level of accuracy enables
several operational improvements. Budget forecasting becomes more reliable when
price predictions fall within a narrow confidence band, allowing finance teams to
allocate funds with greater precision rather than maintaining excessive contingency
reserves. Early warning capabilities emerge naturally from accurate multi-horizon
predictions: when the model forecasts a significant price increase, procurement offi-
cers can accelerate purchases to lock in current prices or negotiate forward contracts
with suppliers.

The per-commodity performance variation also informs operational strategy. Wheat
flour predictions achieve exceptional accuracy (0.63% MAPE), suggesting that pro-
curement for this commodity can be optimized aggressively with minimal risk. Rice
predictions show higher uncertainty (6.78% MAPE), indicating that larger buffers
should be maintained for rice procurement to accommodate potential forecast er-
rors. This commodity-specific insight enables differentiated planning strategies that
balance efficiency with risk management.

5.3.2 Simplified Field Deployment

The unified multi-commodity architecture significantly simplifies operational deploy-
ment compared to commodity-specific models. Humanitarian field offices can deploy
a single lightweight MLP that handles all four commodities simultaneously, reduc-
ing the technical burden on field staff who often lack specialized machine learning
expertise. This consolidation eliminates the need to maintain, update, and moni-
tor multiple separate models, each with its own potential failure modes and update
schedules.

The model’s design as a drop-in replacement for existing forecasting workflows fa-
cilitates adoption. Field offices currently using simple moving averages or expert
judgment can integrate the MLP student without restructuring their data pipelines
or reporting systems. The input requirements—six months of historical prices—align
with data that WFP already collects through routine market monitoring, requiring
no additional data collection infrastructure.
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5.3.3 Computational Accessibility

The MLP student requires approximately 200K parameters versus over 1M in the
teacher ensemble, enabling inference in milliseconds on standard laptops or mobile
devices. This computational efficiency has profound implications for deployment in
resource-constrained settings. Field offices in areas with limited or intermittent in-
ternet connectivity can run predictions locally without depending on cloud services,
ensuring continuous forecasting capability even during network outages. The frame-
work achieves 97% of the full teacher ensemble’s accuracy while requiring only a
fraction of the computational cost.

The CPU-based training approach validated in this research demonstrates that
model development and retraining can occur on standard hardware available to
humanitarian organizations. This lowers barriers to adoption by eliminating require-
ments for expensive GPU infrastructure or cloud computing budgets. Organizations
can retrain models as new data becomes available using the same laptops used
for daily operations, maintaining model currency without specialized technical re-
sources.

5.3.4 Scalability and Replicability

The configuration-driven implementation provides a template for extending the
framework to new markets and commodities. The systematic approach—data pre-
processing, teacher training, ensemble weighting, student distillation—can be repli-
cated for other WFP country offices with minimal customization. The YAML-based
configuration system documented in Appendix A enables non-technical staff to ad-
just hyperparameters and retrain models without modifying source code.

This replicability is particularly valuable for humanitarian organizations operating
across multiple countries with varying data availability and market characteristics.
A central technical team can develop and validate the framework methodology,
then distribute configuration templates that country offices adapt to their local
contexts. This hub-and-spoke model leverages centralized expertise while enabling
decentralized deployment.

5.4 Limitations

This research has several limitations that provide context for interpreting results.
Acknowledging these constraints is essential for responsible deployment and under-
standing the boundaries of the framework’s applicability.

5.4.1 Geographic Scope

The framework was developed and validated exclusively on Dhaka Division market
data from Bangladesh. Food price dynamics can vary substantially across regions
and countries due to differences in agricultural systems, trade policies, market in-
tegration, and climatic conditions. Price patterns observed in urban Bangladeshi
markets may not generalize to rural markets, landlocked countries, conflict-affected
regions, or economies with different agricultural bases. While the methodology is
designed to be transferable, the specific hyperparameters and architectural choices
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were optimized for Dhaka Division characteristics and may require recalibration for
other contexts.

5.4.2 Limited Data Volume

The data volume of approximately 90 observations per commodity imposes fun-
damental constraints on what deep learning models can achieve. While knowledge
distillation helps extract maximum value from limited data, the small sample size
restricts the complexity of patterns that can be reliably learned. The framework
cannot capture long-term cycles (such as multi-year climate patterns) that require
decades of observations to identify. Additionally, the limited test set size (approx-
imately 14 observations per commodity) means that reported performance met-
rics have non-negligible variance—a few anomalous months can substantially affect
aggregate statistics. The monthly temporal resolution, while aligned with WFP’s
monitoring frequency, smooths out short-term price fluctuations that may matter
for tactical procurement decisions.

5.4.3 Univariate Forecasting Approach and External Fac-
tors

The current model uses only historical prices as input features, ignoring potentially
valuable exogenous information. Food prices are influenced by numerous external
factors that the univariate approach cannot directly model. Inflation and macroe-
conomic conditions such as currency devaluation and monetary policy affect food
prices through purchasing power and import costs; while gradual inflationary trends
may be partially captured through historical price patterns, sudden monetary shocks
cannot be anticipated. Weather and climate events including droughts, floods, cy-
clones, and unusual monsoon patterns directly impact crop yields and thus future
prices, yet the model has no mechanism to incorporate weather forecasts or climate
indicators. Market manipulation through speculative hoarding, cartel behavior, or
artificial supply restrictions can cause sudden price spikes unrelated to fundamen-
tal supply-demand dynamics. Policy interventions such as government decisions on
subsidies, export bans, import tariffs, or strategic reserve releases can cause abrupt
price changes that no historical pattern can anticipate.

By excluding these variables, the model cannot anticipate price movements driven
by factors outside historical price patterns. However, the robustness analysis (Sec-
tion 4.7) demonstrates that the framework handles price volatility well—Palm Oil,
despite being highly influenced by global commodity markets and external shocks,
achieves the lowest RMSE/MAE ratio (1.08), indicating the model does not catas-
trophically fail during turbulent periods. The model learns underlying price dy-
namics that provide reasonable forecasts even when external factors cause volatil-
ity, though it cannot predict the specific timing or magnitude of externally-driven
shocks. This limitation is fundamental to any univariate approach and is addressed
in future work directions through multivariate extensions incorporating exogenous
features.
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5.4.4 Commodity Coverage

Validation on four commodities—Lentils, Palm Oil, Rice, and Wheat Flour—provides
reasonable diversity but may not capture challenges posed by other food categories.
Perishable commodities like vegetables, fruits, and dairy products exhibit different
dynamics including higher volatility, shorter shelf life affecting market behavior, and
stronger seasonality. Animal products involve different supply chain structures and
price formation mechanisms. The selected commodities are all relatively storable sta-
ples with established market channels; the framework’s performance on perishables
with thin markets and rapid quality degradation remains unknown.

5.5 Future Work

The limitations identified in the previous section, combined with emerging trends in
machine learning and humanitarian technology, suggest several promising directions
for extending this research.

5.5.1 Exogenous Feature Integration

Incorporating external features could substantially improve forecasting accuracy,
particularly for unusual price movements driven by factors identified in the limita-
tions. Weather and climate data including rainfall patterns, temperature anomalies,
drought indices, and seasonal forecasts from meteorological services could provide
early warning of supply disruptions before they manifest in prices. Macroeconomic
indicators such as Consumer Price Index, exchange rates, fuel prices, and central
bank policy rates could capture inflationary pressures and import cost changes.
Market structure indicators including trading volumes, inventory levels, and market
concentration metrics could potentially detect hoarding behavior or supply manipu-
lation, though such data is often unavailable in developing country contexts. Policy
and event features such as binary indicators for policy announcements, election pe-
riods, or known seasonal events could help the model anticipate predictable demand
or supply shifts.

The challenge lies in obtaining reliable, timely exogenous data in humanitarian con-
texts where data infrastructure may be limited. A hierarchical approach that uses
exogenous features when available but degrades gracefully to price-only forecast-
ing when external data is unavailable would maximize practical utility. The multi-
teacher framework is well-suited for such extensions: different teachers could special-
ize in different feature subsets, with the ensemble automatically weighting teachers
based on feature availability and prediction quality.

5.5.2 Cross-Market Transfer Learning

Cross-market transfer learning could leverage data-rich markets to improve fore-
casting in data-sparse contexts. Markets in developed countries often have longer
historical records, higher data quality, and more frequent observations. If price dy-
namics exhibit common underlying patterns across markets, knowledge learned from
data-rich contexts could be transferred to improve predictions in data-sparse hu-
manitarian settings. This approach would require developing domain adaptation
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techniques that account for systematic differences between source and target mar-
kets while preserving transferable temporal patterns. Pre-trained teacher models on
global commodity data could provide a foundation for rapid adaptation to new local
markets.

5.5.3 Probabilistic Forecasting and Uncertainty Quantifica-
tion

Probabilistic forecasting extensions would provide uncertainty quantification essen-
tial for risk-aware decision making. Rather than point predictions, probabilistic fore-
casts produce prediction intervals or full predictive distributions. This information
enables procurement officers to understand forecast confidence and make decisions
that account for prediction uncertainty. The existing uncertainty estimation from
teacher disagreement provides a foundation, but more principled approaches us-
ing Bayesian neural networks, Monte Carlo dropout, or quantile regression would
provide better-calibrated uncertainty estimates. Additionally, online learning mech-
anisms could enable continuous model adaptation as new price data becomes avail-
able, allowing the framework to respond to regime changes in market dynamics and
distribution shifts.

5.5.4 Explainability and Interpretability

Explainability enhancements would increase trust and adoption in operational con-
texts where stakeholders need to understand why the model makes particular predic-
tions. Attention visualization from PatchTST teachers could reveal which historical
time points most influence predictions. Feature importance analysis could identify
whether recent prices or seasonal patterns drive specific forecasts. Counterfactual ex-
planations (“the price would be X if last month’s price had been Y”) would help users
develop intuition about model behavior. These interpretability tools are particularly
important in humanitarian contexts where decisions affect vulnerable populations
and accountability requires understanding model reasoning.

5.6 Concluding Remarks

Food security remains one of the most pressing humanitarian challenges of the cur-
rent era, affecting hundreds of millions of people worldwide and requiring proactive
intervention to prevent crises before they unfold. Accurate price forecasting serves
as a critical enabler for this proactive approach: by anticipating price movements
before they materialize, humanitarian organizations can optimize procurement tim-
ing, allocate resources efficiently, and trigger early warnings that mobilize response
mechanisms.

This study demonstrates that knowledge distillation provides an effective path to
deploying sophisticated forecasting capabilities in resource-constrained environments
where humanitarian work is most needed. By training powerful teacher models offline
and distilling their collective knowledge into a lightweight student, the framework
achieves accuracy approaching the full teacher ensemble combined with the efficiency
required for field deployment on standard hardware.
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The 37% improvement in MAE—from 3.12 BDT /unit with supervised learning to
1.959 BDT/unit with the full framework—represents a meaningful advancement
with direct practical implications. The 3.73% MAPE demonstrates practical viability
for humanitarian planning applications. The systematic ablation studies provide
actionable insights: prediction distillation is critical, feature distillation provides
substantial additional benefit, and difference distillation captures temporal dynamics
that matter for procurement timing.

Perhaps most importantly, the analysis of why the framework succeeds provides a
blueprint for applying knowledge distillation to other time series forecasting chal-
lenges. The combination of architecturally diverse teachers, uncertainty-weighted
ensembling, and multi-component loss functions represents a general approach ap-
plicable to energy demand forecasting, financial markets, epidemiological modeling,
or any setting where accurate predictions must be deployed under computational
constraints.

As climate change, conflict, and economic instability continue to threaten food se-
curity worldwide, the need for accurate, accessible forecasting tools will only grow.
The lightweight models produced by this framework can be deployed where compu-
tational resources are limited, democratizing access to advanced forecasting capa-
bilities and enabling data-driven decision making where it matters most. It is hoped
that this work contributes to that mission by providing both a practical tool for
humanitarian organizations and a methodological foundation for future research at
the intersection of knowledge distillation and time series forecasting.
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Appendix A: Configuration File

The following YAML configuration file represents the best-performing setup used in

the experiments:

seed: 1337

data:

url: "https://raw.githubusercontent.com/shifatzaman/

datasets/..."

market: "Dhaka_Division"

n_commodities: 4
freq: "ME"
agg: "median"

task:
input_len: 6
horizon: 1

scale: "minmax"

target: "price"
teachers:

common :

hidden: 128
dropout: 0.1

models:

dlinear:
kernel_size: 25

patchtst:
d_model: 128
nhead: 8
num_layers: 3
d_ff: 256
patch_len: 8

nbeats:

n_stacks: 3
n_blocks: 3
hidden: 256

students:
mlp:
hidden_dims: [512,
dropout: 0.2
gru:

256,

128]
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hidden: 256

n_layers: 4

dropout: 0.2
kan:

hidden: 256

grid_size: 32

distill:
enabled: true
uncertainty_weighted: true
uncertainty_alpha: 2.0
teacher_temp: 0.3

losses:
hard:
type: mae
weight: 0.3
kd_pred:
type: mse

weight: 0.6
enabled: true
kd_feat:
enabled: true
weight: 0.15
proj_dim: 256
kd_diff:
enabled: true
weight: 0.1

train:

epochs: 100

batch_size: 16

lr: 2.0e-4

weight_decay: 1.0e-5

grad_clip: 1.0

early_stopping:
enabled: true
patience: 15
min_delta: 0.001

scheduler:
type: reduce_on_plateau
factor: 0.5
patience: 5

experiments:
grid:

enabled: true

teacher_sets:
- [dlinear]
- [patchtst]
- [nbeats]
- [dlinear, patchtst]
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90

91

92

93

- [dlinear, nbeats]

- [patchtst, nbeats]

- [dlinear, patchtst, nbeats]
students: [mlp, gru, kan]

Listing 5.1: Best performing configuration (configs/default.yaml)

Key Configuration Parameters

Data Settings

e market: Target market (Dhaka Division)

e n_commodities: Number of commodities to use (4: Lentils, Oil, Rice, Wheat
flour)

e freq: Resampling frequency (ME = Month End)

e agg: Aggregation method for resampling (median)

Task Settings

e input_len: Historical window length in months (6)
e horizon: Forecast horizon (1 month ahead)

e scale: Normalization method (minmax critical for performance)

Distillation Settings

e uncertainty _weighted: Enable uncertainty-based weighting (true)
e uncertainty_alpha: Sensitivity to teacher variance (2.0)
e teacher_temp: Temperature for softmax ensemble weights (0.3)

e Loss weights: hard=0.3, kd_pred=0.6, kd_feat=0.15, kd_diff=0.1

Training Settings
e epochs: Maximum training epochs (100)
e batch size: Training batch size (16)
e Ir: Learning rate (2e-4 for students)

e patience: Early stopping patience (15 epochs)
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Appendix B: Code Availability

The complete source code for this research is publicly available for reproducibility
and further research.

Repository Information

Repository URL: https://github.com/shifatzaman /wfp_kd_forecasting

Repository Structure

wip_kd_forecasting/
|-- configs/

-- default.yaml
-- experiments/

| -- src/

-- data/
|-- loader.py
| -— preprocessing.py
-- models/
| -- teachers/
| |-- dlinear.py
| | -- patchtst.py
| | -- nbeats.py
|-- students/
| |-- mlp.py
| |-- gru.py
| | -- kan.py
-- training/
|-- trainer.py
|-- distillation.py
-- evaluation/
|-- metrics.py

|-- runs/
|-- requirements.txt
|-- run.py

=+

H O H OH

=+

H H H =

Main configuration file
Experiment-specific configs

Data loading utilities
Data preprocessing

DLinear model
PatchTST model
N-BEATS model

MLP student
GRU student
KAN student

Training loop
KD loss functions

Evaluation metrics
Experiment outputs
Python dependencies
Main entry point
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Installation

# Clone the repository

git clone https://github.com/[username]/wfp_kd_forecasting.
git

cd wfp_kd_forecasting

# Create virtual environment
python -m venv venv
source venv/bin/activate # On Windows: venv\Scripts\activate

# Install dependencies
pip install -r requirements.txt

Running Experiments

Train with Default Configuration

python run.py --config configs/default.yaml

Run Specific Teacher-Student Combination

python run.py --config configs/default.yaml \
--teachers dlinear patchtst nbeats \
--student mlp

Run Full Experimental Grid

python run.py --config configs/default.yaml --grid

Dependencies

The following Python packages are required:

Package Version

Python > 3.10
PyTorch >2.1.0
NumPy > 1.24.0
Pandas 2.0.0
scikit-learn > 1.3.0
PyYAML > 6.0
tqdm > 4.65.0
matplotlib > 3.7.0

VIV
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Reproducing Main Results

To reproduce the main results reported in this study (MAE = 1.959 BDT /unit):

# Ensure you’re using the ezxzact configuration
python run.py --config configs/default.yaml \
--seed 1337 \
--teachers dlinear patchtst nbeats \
--student mlp

# Results will be saved to runs/[timestampl/
# Check runs/[timestamp]/results.json for metrics

License

This code is released under the MIT License for academic and research purposes.

Citation

If you use this code in your research, please cite:

Omastersthesis{shifat2026WFPMultikKd,

title={A Lightweight Time-series Analysis Model
through Multi-Teacher Knowledge Distillation
for Food Price Forecasting},

author={Shifat Zaman},

school={BRAC University},

year={2026},

type={M.Sc. Thesis}
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