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Abstract

Demand prediction is a crucial task for e-commerce
and physical retail businesses, especially during high-stake
sales events. However, the limited availability of histori-
cal data from these peak periods poses a significant chal-
lenge for traditional forecasting methods. In this paper,
we propose a novel approach that leverages proxy data
from non-peak periods, enriched by features learned from
a graph neural networks (GNNs) based forecasting model,
to predict demand during peak events. We formulate the
demand prediction as a meta-learning problem and intro-
duce the Feature-based First-Order Model-Agnostic Meta-
Learning (F-FOMAML) algorithm, which adapts to new
tasks by conditioning on the GNN-generated relational
metadata. Empirical evaluations on large-scale industrial
datasets demonstrate the superiority of our approach, with
our model consistently outperforming state-of-the-art base-
lines in the demand prediction task, by 26.24% on the in-
ternal vending machine dataset and 8.7% on the public
JD.com dataset over the Mean Absolute Error.

1. Introduction

Forecasting product demand during high-stake sales
events such as Black Friday or Prime Day is a daunting task
for both e-commerce giants like Amazon and JD.com and
physical retailers. This challenge stems largely from the
scarcity of event-specific historical data. Commonly, busi-
nesses anchor their strategies to regular sales data, which
may not fully capture the distinct consumer behaviors ob-
served during promotional periods. Beyond standard de-
mand prediction, promotional forecasting includes predict-
ing “extreme” events [19]. These events, marked by deeper
discounts and atypical merchandising strategies, signifi-
cantly deviate from the typical sales patterns influenced by

factors like seasonality or product life-cycles. This devia-
tion necessitates a specialized approach to deal-level fore-
casting, one that thoroughly considers promotion-specific
intricacies, from the depth of discounts to deal combina-
tions.

For instance, an online retailer aiming to anticipate the
demand spike for a newly launched electronic item during a
holiday sale might struggle. They might be unsure how var-
ious promotions will influence demand during these events,
particularly when previous similar event data is limited or
non-existent.

To mitigate this, our research makes effective use of
proxy data from non-peak sales to inform decisions during
peak sales events. However, this supplemental data alone
is insufficient, given the intricate inter-relationships among
various products, categories, and even across different shop-
ping platforms. We thus introduce a representation learn-
ing task for each product, leveraging a cutting-edge Graph
Neural Network (GNN) based forecasting model [44].
This model generates embeddings, enriched with graph-
enhanced features, encapsulating cross-product information
derived from pertinent graph structures. Such structures of-
fer insights into a myriad of dynamics, from relationships
between products to patterns of inter-platform shopping be-
haviors.

At the heart of our methodology is the Feature-based
First-Order Model-Agnostic Meta-Learning (F-FOMAML)
approach. This approach refines the foundational MAML
framework [11, 27], incorporating task-specific insights
drawn from GNN-processed data. By training F-FOMAML
with this enhanced metadata, the model showcases an un-
paralleled ability to adapt, consistently surpassing conven-
tional forecasting techniques in accuracy metrics.

While we primarily target enhancing e-commerce and

brick-and-mortar retail demand prediction, the potential of
our GNN-augmented F-FOMAML is vast. Its versatility



makes it a candidate for various applications, from fortify-
ing online banking fraud detection systems to optimizing
digital advertising click-through rates.

To summarize, our main contributions are:

1. Model: We propose a novel approach to model de-
mand prediction, reframing it as a graph-augmented meta-
learning challenge.

2. Algorithm: We introduce the GNN-infused F-FFOMAML
algorithm, which skillfully combines meta-learning and the
feature-wise linear modulation (FiLM) layers. This results
in a model capable of producing robust predictions, even
when historical data is sparse.

3. Numerical Experiments: Empirical tests validate F-
FOMAML’s proficiency, with the model consistently out-
shining existing forecasting methods in the prediction MAE
values, by 26.24% on the vending machine dataset and 8.7%
on the JD.com dataset using domain-knowledge constructed
features. Furthermore, our model achieves an 11.44% im-
provement over the MAE metric against baselines with
GNN integrated.

2. Related Work

Prediction with Limited Data Previous work in transfer
learning has focused on learning from data-rich domains
and transferring knowledge to data-sparse regions or under-
represented classes [15, 16]. In the context of vending ma-
chine merchandising, we aim to learn from well-performing
vending machines to improve the performance of underper-
forming or newly installed machines. Multi-task learning
has also been used to enhance model performance on data-
sparse tasks [2,6].

To benefit the learning process on tasks with limited data,
transferring knowledge from related tasks has achieved
great success in recent years [29]. Conventional transfer
learning methods learn transferable latent factors between
one source domain and one target domain. The latent fac-
tors are captured by a series of techniques, such as matrix
factorization [25], manifold learning [!3], and deep learn-
ing [24, 39]. In our work, we focus on adopting meta-
learning techniques to learn from various tasks and then
adapt them to unseen tasks in the context of vending ma-
chine merchandising.

Meta-Learning for Demand Prediction Meta-learning
has been applied to various retail and demand prediction
tasks, with an emphasis on learning from diverse data
sources and adapting to new tasks with limited data. For
instance, [21] employed meta-learning to predict demand
in retail settings, demonstrating the effectiveness of meta-
learning in capturing complex patterns across diverse sce-
narios. Similarly, [41] applied meta-learning to online re-

tail data, highlighting the potential for meta-learning in e-
commerce applications.

In the time series-related problems, [28] briefly discusses
the relation between neural time series prediction and meta-
learning. [45] incorporate the gradient-based meta-learning
with a region functionality based memory [45] for spa-
tiotemporal prediction. However, this method relies on the
spatial semantic correlations between tasks, which limits its
applicability to our problem.

Our work relates and contributes to the problem of learn-
ing customer demand for new products with few historical
data. Previous works have suggested comparing the fea-
tures of new products to existing ones [!, 10], or efficient
methods for eliciting additional information [5, 26]. Our
paper assumes that sales have already been observed at a
single price and leverages more information from other re-
lated products and vending machines as proxy data.

Meta-Learning Methods for Few-Shot Learning Exist-
ing works on meta-learning methods for few-shot learning
can be categorized into metric-learning-based approaches
that aim to establish similarity or dissimilarity between
classes [36,37,40], and optimization-based approaches that
seek to learn a good initialization point that can adapt to
new tasks within a few parameter updates [11,27,31].
Graph Neural Networks for Time Series Forecasting
Deep learning models have been extensively explored for
time series forecasting especially those with the Seq2Seq
structure [38], which involves learning an encoder to trans-
form various inputs into fixed length hidden states for pro-
ducing forecasts. Recent developments include DeepAR
[32], TFT [23] and MQ-Forecasters [9, 42]. However
these methods do not account for cross-observation infor-
mation, which becomes important in many practical ap-
plications. As a result, Graph Neural Networks (GNNs)
have rapidly emerged as a promising framework to address
this issue by combining temporal processing with graph
convolution to augment the learning of individual time se-
ries [18,22,33,43]. A popular family of methods propose
graph structure learning for the joint inference of a latent
structure through GNN while forecasting [17,43]. How-
ever they suffer limitations of scaling to large datasets. A
scalable approach recently introduced by Yang et al. [44]
uses predefined graphs as data augmentations rather than
enabling graph structure learning, which demonstrates not
only to scale to graphs over millions of nodes but also shows
substantially improving model performance especially for
cold-start problems when data is scarce.

Our work builds upon these foundations by specifically
applying meta-learning and few-shot learning techniques to
the demand forecasting problem, with the goal of improving
the adaptability and performance of models in this context.
To the best of our knowledge, we are the first to study peak
period demand prediction with limited records by borrow-



ing relation-aware knowledge from other time period. We
focus on this domain, exploring the application of meta-
learning for few-shot prediction and the incorporation of
auxiliary information, such as proxy data from other related
tasks, to improve model performance.

3. Problem Formulation

We begin by framing our research problem in a generic
setting, focusing on few-shot supervised learning within the
meta-learning paradigm. We particularly focus on demand
forecasting.

3.1. Task Definition

Demand forecasting aims to predict the future demand
for a product in a specific environment based on observed
features. Each forecasting task is associated with a product
and its environment.

Formally, let P(7") denote a distribution over tasks 7;;,
each corresponding to product ¢ in environment j. For a set
of n products present in ¢; environments, we have ZZL:I t;
tasks. Each task dataset is symbolized as a pair (x;;, ¥i;),
where x;; is the feature vector and y;; signifies the associ-
ated demand.

To provide a concrete example, consider a scenario
where we have n = 10 products, each available in ¢; = 5 lo-
cations. Therefore, we have a total of 50 tasks in our meta-
training set. The dataset corresponding to each task is repre-
sented as a demand-feature pair (x;;, y;;), where x;; € R™
is a feature vector and y;; € R is the associated demand.

Our goal is to train a model, denoted f : R™ — RT,
capable of mapping m-dimensional observations x to out-
puts y across a large or possibly infinite number of tasks.
We employ the First-Order Model Agnostic Meta-Learning
(FOMAML) algorithm for this purpose. For a given prod-
uct characterized by a feature vector s;,Vi € [n] and an
environment (e.g., location) characterized by a feature vec-
tor v;,Vj € [t;], we consider a single historical price and
demand observation (p;;, ¥ij)-

Given a price of interest p;;, we assume our task as the
following demand function:

yi; = fij(xij) + €ij, 9]

where x;; is the feature tuple (s;, v;, Dij, Uij, Dij) and y;; is
the corresponding demand y;;. Here, f;; is a flexible func-
tion (e.g., linear regression, MLP, etc.) and each task is
associated with a unique model parameter 3;; € R™. We
assume that the noise ¢;; follows a centered sub-Gaussian
distribution with parameter af . Furthermore, without loss
of generality, we assume that Px is an isotropic-centered
sub-Gaussian distribution, i.e. ]E(xijxiTj) =1,

Remark 1. Incorporating features allows us to capture an
additional form of shared structure. However, despite ac-

counting for observed product features, the demand func-
tions of two products can exhibit distinct behaviors. For in-
stance, even for Diet Coke, price sensitivities may vary sig-
nificantly on different vending machines due to factors such
as customer demographics or preferences that are challeng-
ing to capture as explicit features. To account for these
product-location-specific nuances, we introduce the flexibil-
ity for the demand function’s coefficients (e.g., price elastic-
ity) to differ.

Exploiting some structural similarities in P (7), the goal
is to train a model for a new task 7", coming from P (7),
from a small amount of training dataset D = (x}$¥, yis™).

In the First-Order MAML (FOMAML) approach, the
model parameters for each task in the meta-training dataset
are computed after a single gradient update. Specifically,
for each task 7;;, the task-specific model parameters, de-

noted 61‘]-, are updated as follows:
Bij < B" = AVp-Lr, (Bij), )

where A is the learning rate, 8* is the global model param-
eter shared across tasks, and L7;,(f3;;) is the task-specific
loss, such as the mean squared error:

1 2
L1, (Bij) = 3 (yij — fij(xiz))" - 3)
After updating the task-specific parameters, a meta-
update is performed on the shared global parameter 5* us-
ing the performance of the updated [3;  on their correspond-
ing tasks. This meta-update is given by the following:

n ti
B* B =1 > VgL, (8y), )

i=1 j=1

where 7 is the meta-learning rate. The objective of this
meta-learning process is to optimize the shared global pa-
rameter 5* such that, after a few updates on each individual
task, the task-specific parameters 3;; yield improved per-
formance on their corresponding tasks.

Once the meta-learning process is complete, the model
parameters of a newly arriving task can be estimated using
the learned meta-parameters 3. These task-specific param-
eters 3;; can then be fine-tuned on the new task using the
available data, yielding improved performance and adapt-
ability to new tasks.

By incorporating the FOMAML algorithm into our
meta-learning framework, we aim to construct an efficient
model for sales prediction that can swiftly adapt to new
tasks with limited historical sales data.

4. Methodology

We illustrate the pipeline of our algorithm in Figure 1.
Imagine there are 3 locations offering 6 drink types with



(a) Product-Location Graph modeled via Graph Neural Network.
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Figure 1. Pipeline of GNN-enhanced F-FOMAML for demand forecasting.

transaction data, capturing their historical sales. First, a
graph neural network (GNN), G, is formed using both static
features like machine locations and dynamic features from
past sales time series. To predict the demand for coke at the
gym with a discount, relevant nodes and edges from G are
extracted. This subset, denoted as G, undergoes training
using MAML’s inner loop, yielding initial task-specific pa-
rameters. These parameters are further refined through the
FiLM transformer, considering proxy data that might sug-
gest a promotion for Coke. The shared meta-parameters are
updated in MAML’s outer loop based on the specific task
losses. Once this cycle is completed across all tasks, the
model is evaluated on fresh data to project the demand.

Our proposed methodology for e-commerce demand
prediction encompasses three pivotal components: proxy
data selection, neural architecture determination, and the F-
FOMAML algorithm design. To cater to the multi-faceted
nature of e-commerce products and their varied demand
across different locations or customer segments, we weave
price-sensitivity estimators into the meta-learning frame-
work. Further, we employ GNN and the FiLM layer to
utilize and encode proxy data into hidden representations,
thus enabling the modulation of learner parameters for en-
hanced adaptation to the specific characteristics of products
and customer segments.

4.1. Proxy Data Selection

The proxy data, vital for tasks with limited historical
sales data, is judiciously selected. The ideal proxy data sim-
ulates the potential sales behavior of the focal product, in-
formed by sales trends of similar products or those in related
categories.

For e-commerce scenarios, task similarity might arise
from: 1) Historical Transactions: Edges represent prod-
ucts often purchased together. 2) User Behavioral Pat-
terns: Edges might indicate similar purchase behaviors or
browsing patterns of users. 3) Product Similarities: Link-
ing products of the same category or with similar attributes.
4) Domain Knowledge: Connections deriving from expert
insights into customer behaviors, seasonal trends, or market
dynamics.

To quantify this resemblance, we employ clustering
methods on the feature vectors x;;, such as k-means and
hierarchical clustering. Distances are gauged using metrics
like the Euclidean and cosine similarity. Then, for a given
task, we denote its proxy data as Z;;.

Graph Construction for Proxy Data A tailored graph for
our GNN encapsulates relationships among tasks. In de-
termining proxy data for e-commerce settings, we choose
tasks from support set 7 resembling our target task, Tnew,



guided by:
correlation(7, Trew) > 0 5)

where § is a threshold indicating task similarity.

4.2. GNN-enhanced Representation Learning

This section describes how we obtain the graph-
enhanced features for each product. In a nutshell, we set up
a time series forecasting task and utilize a GNN-based de-
mand forecasting model to predict future sales given each
product’s historical information as well as cross-product
relationships defined by a predefined graph. The trained
model then produces the product embeddings as features.
Input Product Features E-commerce platforms host a
plethora of products, each with unique characteristics and
consumer interactions. In this case, We construct the graph
using product-specific attributes such as brands. The input
features for node NV; (representing product 7) are: 1) Static
features .S;, like the product category, brand, and manufac-
turing details. 2) Dynamic features D;, encompassing time-
evolving aspects like recent sales and price changes.
Product Embedding Generation via Forecasting A cru-
cial aspect is to generate meaningful product embeddings
that can capture the multifaceted nature of e-commerce
products. To facilitate this, we set up a demand forecast-
ing task as:

Yig1 = f (Yiecw, Di—cut, S) (6)

Here f represents the forecasting model. At time ¢, tar-
get Yy € RN are the future one-day sales, D;_c.; €
RY*4 are d dynamic features with the history length of C
days and S € RV>™ are m static features for all N prod-
ucts. We adopt the GNN-based forecasting model intro-
duced in [44] and we use brand information to craft the pre-
defined graph. After training convergence, we extract the
embeddings for each product, which serve as compact rep-
resentations of product dynamics.

Edge Relationship Determination Let E(7;,7;) denotes
the edge between task 7; and 7;. The edge relationships
between the two entities are inferred using:

1 if dist(emb(T;), emb(T;)) < 6
E(Ti,Tj) =41 ifhy =hr, 7)
0 otherwise

where emb(7;) stands for the embedding of task 7;,
dist(-, -) denotes a function measuring the distance between
two embeddings, h denotes the task (i.e., product) hierarchy
or taxonomy, and @ is a pre-determined threshold to deter-
mine closeness. We will create an edge between task 7; and
T; if either their corresponding embedding are close to each
other or they belong to the same category.

4.3. F-FFOMAML Algorithm Description

We present the GNN-Integrated First-Order MAML for

Demand Forecasting, which incorporates transaction data,
static and dynamic features, and proxy data to forecast de-
mand. Pivoting on a variant of the MAML algorithm, our
method delineates several stages of the learning journey:
meta-learner, base learners, FiLM Layer and an ensemble
with fine-tuning.
FiLM Layer The feature-wise linear modulation (FiLM)
layer [30] is a critical component in tailoring the learner
parameters based on the proxy data features. This layer
applies an affine transformation, feature-wise, to its input,
modulating the hidden vector outputs of the meta-model
using the proxy data Z;; as task encodings. The construc-
tion and purpose of the proxy data Z;; is elaborated in sec-
tion 4.1. The FiLM layer facilitates a more refined adap-
tation to the distinctive traits of the product and vending
machine location by exploiting the relationship between the
product-specific and machine-specific price-sensitivity esti-
mators encapsulated in the proxy data.

The FiLM layer’s mechanism can be mathematically de-
picted as:

FiLM(x;;) = 7(Zij) © xi5 + B(Zij), (8

where X represents the input feature representation, y(Z;;)
and ((Z;;) (abv. B;;) signify the scaling and shifting fac-
tors respectively learned from the proxy data Z;;, and ©
symbolizes element-wise multiplication. These functions,
v(Zi;) and B(Z;;), are learned during the training phase to
cater to the specific task at hand. By applying this trans-
formation to the task-specific model parameters ﬂgj, the
model captures complex feature interactions and becomes
better equipped to adapt to the specific characteristics of
each unique product-vending machine pair.

Meta-Learner The core of the meta-learning approach is
the meta-learner, an overarching model that helps in initial-
izing and updating the meta-parameters, 5*. These param-
eters serve as a shared knowledge base that aids in swift
adaptation across a myriad of tasks. In the e-commerce do-
main, where products constantly evolve and consumer pref-
erences shift, the meta-learner aids in reducing the “cold-
start” problem for new products, drawing insights from the
plethora of data available across various other products.
Base Learners The base learners are models tailored to spe-
cific tasks, which in our context, might be predicting the
demand for a new product launch or forecasting sales dur-
ing a flash sale. Every task, be it associated with seasonal
products or niche items, has unique characteristics. These
base learners are initialized with the knowledge from the
meta-learner and are then further trained on task-specific
data, thereby combining global e-commerce insights with
specific product nuances.



Ensemble and Fine-Tuning Fine-tuning is the art of re-
fining the model parameters to enhance accuracy and pre-
cision. In our approach, post the meta and base learning
stages, we adopt an ensemble technique coupled with fine-
tuning. Here, the FiLM layer plays a pivotal role by lever-
aging the proxy data to modulate the learner parameters.
This ensures that the models are not just generic but are tai-
lored, accounting for intricate e-commerce dynamics. The
ensemble of these fine-tuned models provides a robust fore-
cast, reducing potential errors and capturing a wide array of
patterns.

The strength of this method mainly lies in its ability to
utilize shared structures across tasks while also adapting
swiftly to unique task characteristics using the FiLM trans-
former and proxy data.

5. Experiment

In this section, we present a series of extensive experi-
ments to assess the efficacy of our proposed F-FOMAML
for Demand Prediction. We aim to address the following
key research questions:

Research Question 1: How does the overall predic-
tion performance of F-FOMAML compare to state-of-the-
art baselines?

Research Question 2: To what extent do the various
components we introduce, such as the selection method of
proxy data (i.e., GNN versus clustering), impact the model’s
predictive capabilities?

By investigating these research questions, we provide a
thorough evaluation of F-FFOMAML and shed light on its
performance in relation to existing approaches. Moreover,
we analyze the contributions of individual components to
showcase the influence of our proposed innovations on the
overall predictive power of the model.

5.1. Experimental Setups

In the experimental settings, we discuss two real-world
datasets and the method’s performance assessment criteria.
We employ the mean squared error (MSE), Mean Absolute
Error (MAE), Mean Absolute Percentage Error (MAPE) [3,

], to evaluate the performance.
Datasets. To validate our methodology, we sourced data
from two major trading contexts, namely, the vending ma-
chine merchandising dataset and JD.com dataset from a
renowned e-commerce platform (i.e., JD.com).

Vending Machine Merchandising Dataset. This dataset
is derived from a private vending machine company. The
dataset contains sales data from Mar 10, 2022, to April 20,
2022, for 246 products and 1715 vending machines. Each
product from a specific vending machine has a base price
(last for the first 20 days) and different adjusted prices (last
for the last 20 days). The goal is to estimate the demand
at the adjusted price given the demand at the base price.

Table 1. Experiment results of F-FOMAML using vending ma-
chine sales and JD.com data. Our F-FFOMAML obtains the small-
est error on the real-world dataset than the competing baselines.

Method | withGNN | MSE MAE MAPE
Linear Regression No 0.6218 0.4782  0.2900
MLP No 0.2811 0.2038  0.1499
MAML No 0.2985 0.2143  0.1587
MeLU No 0.2756 0.1934  0.1377
F-FOMAML (Ours) No 0.2345 0.1532  0.1206
Linear Regression No 0.8561 0.4235 0.2033
MLP No 0.7164 0.4215 0.2047
MAML No 5.5366 0.6088 0.4083
Time-series Regres. No 6.0413 0.5963 0.3297
F-FOMAML (Ours) No 0.6089 0.3876  0.2077

We use the category information (7 categories in total) for
product features, and region (4 regions) and scene (8 scenes)
information for vending machine feature. We use the last
10 days as the testing set, and the second to last 10 days as
meta-training. This setting has no data leakage.

JD.com dataset. We work with the transactional records
from JD.com, which offer a blend of both static and dy-
namic features related to the product (SKU) and order de-
tails for the month of March 2018 [34].

The SKU table contains information about the SKUs that
were clicked at least once during March 2018. Each SKU
entry has a unique SKU ID and is associated with a seller.
For this study, 9,167 SKUs were selected. Each SKU pos-
sesses two pivotal attributes, which could, depending on the
category, represent product features like SPF for face mois-
turizers or the number of personalized shaving modes for
electric shavers.

The Order table encompasses details about unique cus-
tomer orders within our designated product category from
March 2018. This table elucidates specifics like order quan-
tity, order date and time, SKU type, and the promised deliv-
ery time of the order. Additionally, it captures the prod-
uct pricing and promotional activities, delineating the dif-
ference between the original and final unit price, thereby
indicating the promotional discounts offered.

The goal is to predict the demand at the promotional
price given the demand at the regular price. We use the cate-
gory information (3 categories in total) for product features,
and region (63 regions) information for location features.
We use the last 15 days as testing, and the second to last 15
days as training.

Task Definition Considering the e-commerce platform,
each task 7', is depicted as: Product location or categoriza-
tion (j), SKU ID or product identity (z), and Transactional
details. The Transactional data further contains 1) Static
features, that entail attributes of the SKU and characteris-
tics of the order. 2) Dynamic features, that embrace the
temporal sales data, including product prices and quantities



sold.

For our analysis, we split our tasks into the following

partitions: 1) Training set Dyy.qin, comprising data from
regular sales days, this is used for initial model training. 2)
Query set Dyyery, Which consists of slightly modified ver-
sions of tasks from Dy, and facilitating the inner-loop
adaptation. 3) Testing set Dy, that incorporates data from
peak sales periods and is earmarked for assessing model
performance.
Baselines To assess the effectiveness of our proposed
method, we compare it against various baselines. We cat-
egorize these baselines into different types: 1) Basic re-
gression methods: Linear Regression model and time se-
ries regression (i.e., Autoregressive model [35]). 2) Neural
network-based methods: we consider the Multi-Layer Per-
ceptron network. 3) Transfer-learning based methods: We
consider two current popular Transfer-learning based meth-
ods: MAML [12] and MeLU [20]. For MAML variants, We
adapt the meta-learner using the base price-demand data as
support. For MeLU [20], we build upon the MAML frame-
work, MeLU can adapt to new products through a few local
updates.

By considering these diverse baselines, we establish a

comprehensive benchmark to facilitate a thorough evalua-
tion of our proposed approach in comparison to state-of-
the-art methods.
Implementation Details. In terms of GNN-based learning
tasks, we aggregate order information for each product to
generate the daily quantities sold during the one-month pe-
riod of JD.com data. We also include the original and final
price sequences as the time series features. Meanwhile, we
also obtain each product’s static features such as brand and
attributes. Our forecasting task is set to predict the sales
for future one day of each product using the past 16 days’
information (i.e., C' = 16 in Equation (6)).

The graph constructed uses products’ brand information
such that products under the same brand are connected. In
this task, the graph contains 9159 nodes that represent all
products having at least 1 unit of sale in the one-month pe-
riod. We use two graph convolutional (GCN) layer to ex-
plore all 2-hop neighbors for each product, and together
with its own static and dynamic features in the prediction
task.

We train the graph-based model until convergence. The
Adam optimizer with default settings is used for minimizing
the Mean Absolute Error (MAE) loss with a batch size of
8 to 100 epochs. The final embeddings for each product
is a numerical vector of length 90 which contains 50, 8, 32
encoded features representing static, dynamic and graph-
enhanced features respectively.

Model Evaluation and Training. With the meta-learning
framework in place, we train the base learners on the proxy
data and evaluate their performances using evaluation met-

Table 2. Experiment results on real-world JD.com E-Commerce
sales data with GNN features. MSE stands for Mean square error,
MAE is Mean Absolute Error and MAPE is Mean absolute per-
centage error.

Method ‘ with GNN ‘ MSE ‘ MAE ‘ MAPE
Linear Regression Yes 0.7633 | 0.4138 | 0.1821
MLP Yes 0.7323 | 0.4199 | 0.1987
MAML Yes 1.0752 | 0.4769 | 0.2345
Time-series Regres. Yes 6.0413 | 0.5963 | 0.3297
F-FOMAML (Ours) Yes 0.6552 | 0.3713 | 0.2117
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Figure 2. Evaluation of MSE vs. different values of k for the k-
shot proxy data selection. The MSE goes up with an increase in
the k values until it saturates, after which it starts reducing again
as the value of k increases further.

rics such as mean squared error (MSE), mean absolute error
(MAE), and mean absolute percentage error (MAPE). The
meta-learner, which could be a neural network [ 4], support
vector machine [7], or decision tree [4], selects the best base
learners and their corresponding hyper-parameters based on
the evaluation results.

Next, the selected base learners are fine-tuned on the
available historical sales data from the target vending ma-
chine, if any, to adapt the model to the specific character-
istics of the vending machine [11]. This fine-tuning step
allows our model to better capture the unique relationships
between features and sales in the target vending machine,
leading to more accurate predictions and improved general-
ization to new tasks.

5.2. Analysis of Results

This section delves into the empirical findings to address
our research questions.

To address the first research question, we present the
findings in Table 1. Here, both linear regression and
Multi-Layer Perceptron (MLP) set a high standard as base-
line models, rivaling the performance of the broader meta-
learning framework, MAML. This observation might be
rooted in MAML’s tendency to overfit, especially under the
limitations of a small feature set and limited historical data.
In contrast, the MeL.U approach [20] slightly outperforms



MAML [!1]. This can be ascribed to MeLU’s local update
strategy, effectively mitigating overfitting risks. Notewor-
thy is the superior performance of our proposed method,
which significantly surpasses existing benchmarks. This
success highlights the critical importance of strategically
utilizing proxy data to elevate prediction accuracy. Our re-
sults demonstrate that F-FOMAML advances beyond cur-
rent forecasting methods, achieving a 26.24% reduction in
prediction MAE on the vending machine dataset and 8.7%
on the JD.com dataset, especially with domain-specific re-
lation construction.

Notably, GNNs were not employed in the vending ma-
chine dataset analysis (Table 2) due to the dataset’s lack
of continuous time-series data, a prerequisite for GNNs to
generate effective embeddings. Hence, a direct comparison
with GNNs on the vending machine dataset is not presented.

Concerning the second research question, we probe the
nuances of utilizing proxy data. This involves juxtapos-
ing our results with those obtained using GNN-enhanced
models, as detailed in Table 2. The strategic integration of
GNNss for creating task-specific embeddings and forming
inter-task connections based on these GNN-derived repre-
sentations significantly enhances our understanding of task
interrelations. This in-depth insight is instrumental in cu-
rating an optimized proxy dataset. In comparison to GNN
benchmarks, our method registers an impressive 11.44%
improvement in MAE. This underscores the impact of a
comprehensive task understanding in refining the training
effectiveness and predictive precision of F-FFOMAML.

A comparison between Tables | and 2 reveals that our

GNN-enhanced method closely matches, and even excels
in MAE, against approaches anchored in domain knowl-
edge, such as hierarchy structures. This observation solidi-
fies our assertion that our GNN framework effectively mir-
rors, if not surpasses, correlations discerned through human
domain expertise.
Ablation study. To better understand the effect of proxy
data, we perform an ablation study for our method where
we vary the k parameter for the k-shot proxy data selection
and evaluate the Mean Squared Error for our method as the
value of k changes. We show the results in Figure 2 and
observe that the MSE value goes up with an initial increase
in the k value, until it saturates, after which it starts decreas-
ing again as the value of k increases, potentially indicat-
ing the merit of sampling larger magnitudes of the proxy
data. Additional details regarding the training performance
are presented in Figure 3, where our algorithm converges to
a lower error than other baselines.

6. Conclusion

In this paper, we unveiled an innovative approach to
tackle the intricate challenge of predicting demand during
unique sales events, marked by distinct buying behaviors.

Train Loss

— MAMLS
--- MLPS
ours_5

0.8 4

0.6 1

Train Loss

Global Steps
Figure 3. Training performance (MSE values) throughout training
epochs over MAML, MLP and our proposed methods, where k is
set to be 5.

The limited availability of event-specific historical data
compounds this challenge, often making traditional sales
data inadequate in portraying the specifics of such events.
With this backdrop, we reconceived the problem of demand
prediction within the framework of graph-augmented meta-
learning. By leveraging the GNN-enhanced F-FOMAML
algorithm, we managed to synergistically combine the ro-
bustness of meta-learning with the flexibility offered by the
Feature-wise Linear Modulation (FiLM) layers. The result
is a forecasting model that stands out, especially in scenar-
ios defined by sparse historical data.

Empirical assessments not only attest to our model’s
edge over traditional forecasting methods but also highlight
its versatile applicability, extending far beyond retail. The
capability of our GNN-infused F-FOMAML suggests its
potential in a range of applications, from bolstering online
banking security mechanisms to amplifying the effective-
ness of digital marketing campaigns.

In terms of empirical performance, FFFOMAML consis-
tently outperforms prevailing forecasting techniques, mark-
ing an improvement in prediction MAE values by 26.24%
on the vending machine dataset and 8.7% on the JD.com
dataset, particularly when leveraging domain-specific for
relation construction. Compared to GNN-based bench-
marks, our approach demonstrates a commendable 11.44%
enhancement in the MAE metric.
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