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Today’s Learning Objectives

- Understand the background and critical challenges in demand forecasting.

- Explain the difference between Business-to-Consumer (B2C) and Business-to-
Business (B2B) demand forecasting and their specific challenges.

- ldentify common demand signals and the methods used to collect them.

- Explain the pros and cons of statistical, machine learning, and deep learning
methods, and the specific data characteristics they capture.

- Understand how demand forecasting delivers business value through
visualization and replenishment decisions.
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/ Customer-Company Interaction
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Customer management is critical for a company as customer purchasing patterns
directly drive future profit.

(biompanies hold inventory to make products available when customers are ready to
uy.

However, failing to balance the inventory level leads to stockouts or overstock costs.

Stockout
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- Stockouts cause immediate lost sales and long-term
damage to customer relationships

- Customers leave disappointed and may switch to
competitors
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Overstock

Overstock increases holding costs and risk of
obsolescence or markdowns

Cash istied up in unsold goods sitting in warehouses
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Cost of Forecast Error

PRIMARY FORECAST ERROR
CHARACTERISTICS IMPACT
- The consequences depend heavily on product R T Mingustockouts,
value and the criterion. Low margin Low cost impact
FOCUS
. . v * Minimize cost
- Forecast errors are more costly for innovative Rblaxhize Ekaleey
than for functional products (Fisher 1997).
- Innovative items have short life cycles and high A S —
obsolescence. CHARACTERISTICS IMPACT
- Innovative (e.g., fashion apparel): a missed seasonal
jacket forecast either causes |ost high-margin sales | |
or hequ discounts at season’s end. | | T i A e
- Functional (e.g., household staples): if toothpaste is ol Mg T T
over-forecasted, the extra can usually be sold later Highinargin B1Splesceiige
without markdown. = FOCUS
* Speed
* Flexibility

* Responsiveness
Reference: Fisher, M. L. (1997). What is the right supply chain for your product? Harvard Business Review,

75(2), 105-117.



Demand Forecasting

- To prepare a proper amount of inventory for customers, companies
perform demand forecasting to estimate future customer
purchases.

- Demand forecasting supports multiple decisions:

- Inventory replenishment: when and how many units of each product to
make or order?

- Pricing and promotions: when to discount, bundle, or advertise to smooth
demand peaks and valleys?

- Resource allocation: how to schedule staff, warehouses, and transport to
match expected demand?
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Demand Forecasting

Demand forecasting aims to predict future demand

by analyzing historical time series data.
Multiple historical time series are often employed (e.g.,

weather, economic indicators, events).

Demand forecasting can be formally defined as
5C\L+h — fQ(Xl:L)J h = 1,..,H

- fg(+) is aforecasting model to map history to the future
- X = (x},x,?, ...,x,{) € R/ is the history

t=1,...,L the time index
J is the number of channels (variables, e.g., weather, sales)

x,{ is the value of channel j at time t (e.g., demand amount)
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History L timesteps

Online M.S. in Al

Reference: Zeng, A., Chen, M., Zhang, L., & Xu, Q. (2023, June). Are transformers effective for time series forecasting?. In Proceedings of the AAAI

conference on artificial intelligence (Vol. 37, No. 9, pp. 11121-11128).
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Demand Forecasting

- Multiple types of patterns exist in historical time series data.

-~

Seasonal

A

~

Time Scale: Within-year
Predictability: High
Scope: Many products
Example: Christmas spike

- /

4 )

Cyclical

Time Scale: Multi-year
Predictability: Medium
Scope: Economy-wide

Example: Recession shift

o /

/ Shock \

P i voari on]
»

2020: Pandemic Shock
L~ =
' ' \ 2023: Demand V
Correction

Time Scale: Irregular
Predictability: Low
Scope: Product/local
Example: Pandemic

-~

o /

o

~

Stable

Time Scale: Persistent
Predictability: High
Scope: Necessities
Example: Milk

/

Online M.S. in Al
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Al for Demand Forecasting

Capturing historical time series data is challenging as:

- There are often interactions between them (e.g., hot weather only trigger
surge in air conditioner sales when the economy is good).

- Their patterns are often nonlinear (e.g., seasonality) and complex.

Artificial intelligence has emerged as a potential method because it
can integrate multiple data sources and model the nonlinearity.

The Al4BI development process can be applied to guide the Al
development in demand forecasting problems.



7 Al4BI Development Process for Demand
Forecasting

Problem Signals Al-Enabled .
e . ghal i Value Delivery
Identification Collection Analytics ,
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I ) : I M : I Statistical models : I :
: I : Transactional  Operational 1 : I : !
| Business-to-Consumer (82C) | ! Data Data ; ! ! ! !
| . . P‘ :-, Visualization :
i A S Ta L L !
I ! I o RI ! I Machine learning ! I !
| ! | - ! | ! | ’“I !
| ! | ! | ! I ﬁ I
I ﬁ' I‘\ﬁ : I @ : | % : | :
I 7 I I I
: : : Market & Behavioral : : : : TQWN :

. . 1 : Dat 1 1 1
\ Business-to-Business (B2B) ) \Environemt Data e ) \ Deep learning K \  Replenishment Decision
\

———————————————

Decisions change future data (feedback loop) Online M.S. in Al
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/ Step 1: Problem Identification

- , )
- The objective of demand forecasting depends on pUREIcE
the target entity. Production &
PIanning
J
- Business-to-Consumer (B2C) targets direct 828 f LR
demand from consumers.

- Predicts individual shopping habits across large, perajel

diverse populations to manage inventory. ﬁ\

- Business-to-Business (B2B) target the order B2C f Customer Demand
from retailers.

- Focuses on high-value contracts and specific
relationship cycles with other companies.

Consumers

References:

* B2C: Hu, Y. J.,, Rombouts, J., & Wilms, I. (2025). Fast forecasting of unstable data streams for on-demand service platforms.
Information Systems Research, 36(1), 552-571.

* B2B:Ali, M. M., & Boylan, J. E. (2011). Feasibility principles for downstream demand inference in supply chains. Journal of the O "TI] ine i .S. N A

Operational Research Society, 62(3), 474-482.



B2C (Business-to-Consumer):
STOCHASTIC & FAST

HIGH VOLUME LOwW VALUE SECONDS TO DAYS
(Impulsive)
DRIVER OF DEMAND DECISION MAKER
EMOTION, TRENDS, INDIVIDUAL
SEASONALITY (The Mass)

Problem Identification — B2C & B2B

B2B (Business-to-Business):
STRATEGIC & SLOW

TRANSACTION VOLUME

.
<57

LOW VOLUME, HIGH VALUE
(Lumpy Deals)

DRIVER OF DEMAND

-3

ROI, CONTRACTS,
DERIVED DEMAND

SALES CYCLE

=1

MONTHS TO YEARS
(Rational, Consensus)

7712!

DECISION MAKER

BUYING CENTER

(Finance, IT, Procurement)

12
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Problem ldentification — B2C

- In B2C setting, demand forecasting aims to predict individual
consumer behavior at scale.

- Look for a “yes/no” question from millions of individuals aggregated
together.

I
l A
I —
Soc;ial Media & Com.pgtitor I o E
Viral Trends Activity & 2=
Pricing | -t (>)
S I - § E: Red
%9 . | 3
X - I L L |
Weather & Promotions & | TIME (Months)
l

Environmental  Payday Cycles
Shifts

B2C DEMAND FORECAST



HIGH VOLATILITY & "SPIKINESS"
y e

Problem ldentification — B2C A

B2B (Stable) [\

Demand can jump drastically in a single day
due to viral trends or promotions.

- Characteristics of demand: high volatility, deep
seasonality, and low signhal-to-noise ratio. DEEP SEASONALITY

WEEKLY CYCLES ~ ANNUAL PEAKS EVENT-DRIVEN

7 | %:%

- Traditional methods:

- Moving Average: Simple averages of the last n (Fsaturdays  DECEMBER  BACKTO SCHOOL

periods Follows multi-layered patterns based on days,

) months, and specific events.

- Exponential smoothing: Give more weight to recent

data points while accounting for error, trend, and LOW SIGNAL-TO-NOISE RATIO

seasonality. (Fandom Tansactions) e
- ARIMA: ook at the correlation between a variable 2 &?«, ety

. . X v‘”{*‘{xﬁz: 71%...'-'; Wl 4
and its own past values to find patterns. R e TREND
' igna

Millions of random purchases make it difficult
to distinguish true trends from noise.
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Problem Identification — B2C

However, these methods have limitations:

1. THE “LAG & SMOOTH” TRAP (Reactive)

VIRAL SPIKE

LAG: Always
Behind the Trend

MA/ARIMA Forecast
(Smooth & Late)

True Demand
(Spiky B2C)

2. UNIVARIATE BLINDNESS (No Context)

—T—;wa D vira
0 Trends . Q

dp9
bl (Ignored Factors) Competitor
Weather A Fricing

) TRADITIONAL
/\/\/ MODEL
(Univariate)

PAST SALES Forecast
HISTORY ONLY (No Context)

Cannot see external drivers like
Weather, Trends, or Competitors.

They use historical averages to smooth out fluctuations = always behind the trend or spike
They only look at past demand data = ignore external factors (e.g., competitors, weather)

2 M.S. in Al
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B2C — Key Components

= -

;
@ ° ® Stakeholder
® g @ e Primary user: Merchandising planners or marketing teams in retailers
® P @ * Goal: Understand and anticipate end-consumer purchasing behavior
\\
r L]
0 Scenario
—
@) e Task: Predict sales at product/stock keeping unit (SKU) / store level per region
S [ * Process: Use past data to predict future demand
\\
(
o Current approach
‘f}f e Data source: Historical sales data, market trends, economic indicators, events
o * Traditional method: statistical methods with domain expertise
\\
4
Limitation of this approach
e Data-wise: Unable to incorporate multiple time series at a large scale
* Process-wise: Could be highly subjective and does not capture external factors well
\\




o Problem ldentification — B2B

- In B2B setting, demand forecasting aims to predict how organizations place
orders under contracts and supply agreements, across products and time.

- It looks like a series of commit/change decisions from hundreds of accounts, each updating
their order quantities.

®

Contractual and Commercial Terms
Contracts, price breaks, rebates

DEMAND

|
—— |
RETAILER m I
'@ RETAILER :
ErlNCOL 4

(Unit/Projects)

Al A

A [

vvvvv Operational and Inventory Policies £ / =
RETAILER m I Inventory targets, logistics constraints, lead times ‘\@ O
ooo H = i C>©
I ———)4

[TTTT\SC RETAILER
| Downstream Demand Signals TIME (Quarte_rs)
I OEM/retailer forecasts, end-customer pull
RETAILER ' B2B DEMAND FORECAST



INTERMITTENT / LUMPY DEMAND

" Problem Identification — B2B |
|

v

H;
&'\ | | B
I |

Many zero-demand periods with occasional

_ CharaCteriStics of dema nd: large project or spare-part orders.
- Intermittent/lumpy demand -
) hlgh VOlatlllty & Step Changes HIGH VOLATILITY & STEP CHANGES

- Batch & negotiated orders quantities
- Traditional methods: -

° ) N
- Intermittent-demand models (e.g., Croston’s method): R A
de5|gn6d for S|OW—mOV|ng, |Umpy items with many zero- or major contracts are won or lost.

demand periods -

- Regression models: Link demand to external drivers

. . BATCHED & NEGOTIATED ORDERS
such as downstream forecasts, macro indicators, and

pricing =
- Manual adjustments: planners apply manual overrides g
and adjustments during demand review meetings [—— %

Large, infrequent batch orders with long,
negotiated lead times.
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| Problem Identification — B2B

While the forecasting target is downstream
orders, orders are generated from:

- Underlying downstream demand

- Inventory and replenishment policy

- Operational and strategic deviations (manual
overrides, batching, constraints)

Traditional approaches assume orders are
sufficiently informative, making the forecasting
Inaccurate.

Section 1 — True Downstream Demand

Downstream Demand (D,)

Structural consumption signal

l Signal Flow

Section 2 — Replenishment Policy Layer

©

Inventory Policy
Order-up-to(T) | Smoothing(c) | Batching(Q)

Inventory adjustment
|
Section 3 — Decision Deviations Layer
v

A Operational Deviations

2 Manual overrides ~ _ 3,&-
< o~~~ Truckload rounding ’- "~ _-
3.€ "~ Capacity constraints -~

noise injection

% Information Loss
l Section 4 — Observed Orders

Observed Orders (O,)

JLadiiin

Distorted and aggregated signal
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| B2B — Key Components

@ ° ® Stakeholder
® g @ * Primary user: Inventory and supply chain manager at upper stream suppliers
® P @ ® Goal: Forecast downstream order partners for production and capacity planning
J
. )
0 Scenario
—
@) e Task: Forecast orders from downstream partners
S [ * Process: Use historical order data and predict future orders
J
)
Current approach
J5
‘Ef e Data source: Historical order data, inventory policies, lead times
o e Current method: Intermitent demand models, regression models, manual adjustment
J
N
Limitation of this approach
» Data-wise: Orders are distorted signals with bullwhip effect and strategic ordering behavior
* Process-wise: Manual adjustment can be subjective
J
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Step 2: Signal Collection

- Signals are the drivers for consumer & business demand that help
predict the target series.

Signals (four major sources) Target Series
" Transactional | [ Operational | Market & Behavioral ; Y
data data | environment data : :
L) ot !
2 S nta : ' |
T : - :
i @ I | I
[ 1 |
=k O d : — :
Records of Production & External Customer ' Forecast target (e.g., sales, |
buying/selling | | inventory contextual interaction ' orders, demand volume)

traces.

events. J \, processes. factors.

____________________

Online M.S. in Al
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7 Signal Collection:

Transactional data g o
- Transactional data records actual buying and £ 8]
selling events, directly reflecting realized 1
demand over time. g
20I1 1 20|1 2 20I1 3 20|1 4 20I1 5 20|1 6
- Signal provided: Sales records, Orders, Returns Date
- Common sources: =]
- Public retail datasets (e.g., M5 dataset, UCI Online g -
Retail dataset), £
- Internal ERP / POS systems (e.g., SAP, Shopify, Square) R
- Collection methods: Direct database query (SQL .
from ERP/ POS)’ CSV export Mon Tue Wed Thu Fri Sat Sun
Reference: Makridakis, S., Spiliotis, E., & Assimakopoulos, V. (2022). The M5 competition: Background, organization, and implementation. r“* "|__?fi';'if5‘? “_ ' p

International Journal of Forecasting, 38(4), 1325-1336.

22
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- O1perational data records the real-time state
of internal operations, such as inventory
availability.

- Signal provided: Inventory levels, lead times

- Common sources (internal):
- ERP systems (SAP, Oracle NetSuite),
- Warehouse management systems (WMS)

- Collection methods: Internal SQL queries,
ERP APl endpoints

Signal Collection : Operational data

Excess Stock Zone
(Holding Cost h)

Units

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Time Period (t)

Lead Time =
Preprocessing + Processing + Delivery

B =B

Preprocessing Processing Delivery

A
X

Online M.S.In A

I]
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7 Signal Collection:
Market & Environment Data

- Market and environment data represent
external contextual factors that influence
demand (usually out of a company’s control).

- Signal provided: Prices, promotions,
weather, economic indicators

-  Common source: NOAA, OpenWeather API,
Census Bureau Economic, Yahoo Finance

- Collection methods: REST API, daily batch
download

References:
* Openweather API: https://openweathermap.org/
* Census Bureau Economic Briefing Room - Index of Economic Activity: https://www.census.gov/economic-indicators/

Weather forecast ﬂa

| Today 10° @ || sun 1" & | Mon

eeeeeeeeeeeeeeeeeeeeeee
eeeeeeeeeeeeeeeeeeeeeeeeeee

Seasonally Adjusted

Next Release April 28th, 2026

Current Difference
uuuuuuuuuuuuu 4th Quarter 2024

* *
7.2% £40.3x1s

nnnnnnnnnnn ly Adjusted

Online M.S. in Al

24



Signal Collection: Behavioral Data

- Behavioral data captures customer
interaction signals that reveal attention
or comments for products

- Signal provided: customer behavior
logs, search trends, social media signals

- Common source: Google Trends,
Amazon search rank, Reddit API

- Collection methods: API calls,
Keyword-based scraping

Reference: Google Trends: https://trends.google.com/home

= Google Trends

@

UUUUU d States ~

Ho

me

Explore

ast 24 hours

Trending now

@& wWebSearch ~

sato7

25



Signal Collection: Beyond Numeric Data

- Modern signals often span multiple modalities:
- Text (news, reviews)
- Images (shelf photos, product images)
- Graphs (product relationships)
- Video/audio data (usage recordings, operational videos)

- Multimodal signals help capture cross-channel and cross-entity effects
- E.g., social media discussions create trends that increase future demand.

| i

[ |
| e O ] o
]\ — — r—— > Unified > »| Output e
m + 1= & @' Encoder ,8: | Layers '.b'g
> m— ’ s 1 —J I ~+

Reference: Jiang, Y., Ning, K., Pan, Z, Shen, X., Ni, J., Yu, W.,, ... & Song, D. (2025, August). Multi-modal time series analysis: A tutorial and survey. In
Proceedings of the 31st ACM SIGKDD Conference on Knowledge Discovery and Data Mining V. 2 (pp. 6043-6053).
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Signal Collection: Beyond Numeric Data

_ Si gn a I p r ovid e d : D a i Iy n e WS, S O Ci a I @ NEWSDATA [0 Prodicts v SONNGRA’V PG DSCURWRIENGH “RESOUISSS™V:  Logih
media discussion, product images,
product relations

B india-Malaysia CEOS
Forum calls for review of 07 Feb 2026

CECA to align with 2lst 1:38:25 PM Malaysia English Top, Business Sarawaktribune Neutral
century priorities
e A:\AD'S iflvestr:ent ‘i’n .
) photonics and modular
7 Fo % . 3 n i
= '? architecture signals ﬂ 4 6?72;;25 China English Eznnulo Digitimes Positive
shiftin Alinfrastructure - 9y
developmen...
[}
- Common sources: NewsData.io, X AR
* Systémes deepen 07 Feb 2026 . . Top, . .
L] (] hi P
V4 V4 e , partnership to bring Al 11:30:37 PM Chind Englishy Technology Digitimies Seane
~ into the physical world
L
S O I .
Sindh Assembly
successfully hosts 07 Feb 2026 %
Iahdmaik 1:29:23 PM Pakistan English Top, Politics Dailytimes_pk Positive

parliamentary moot

- Collection methods: API calls, web
scraping

Reference: NewsData.io: https://newsdata.io/ On”ne M.S. in Al
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| Challenges

- Demand forecasting often requires analyzing multiple signals together.
- However, real-world signals are imperfect and misaligned

- Leveraging multiple sources of signals often introduces issues such as
missing data and asynchronous signals.

. Asynchronous
Missing Data yn
Signals
|~ OO
.: J @ -M-%
Incomplete records Different frequencies
Sparse observations Lagged responses

Data gaps Misaligned timestamps

28
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Challenges: Missing Data

-  Stockouts vs true zero demand

- sensor failures
- APl downtime

Unlike standard ML tasks, we cannot simply drop
missing observations in time series
Removing timestamps breaks temporal continuity

-  Common handling strategies
- Forward / backward fill (short gaps only)

- Interpolation (linear, spline)

Missing data can happen when there are issues like:

STRATEGY 1: FORWARD / BACKWARD FILL

Forward Fill
Oo—p
,’ Forward Fill:

' Yt = Y1 ’
’ )
i
Backward Fill:
Yt = Yt ’

A

Value

Backward Fill

v

Time

Propagates last known value forward or
next known value backward.

STRATEGY 2: INTERPOLATION

Value

Interpolated
Values

: o 4

Linear Interpolation: y; =y, + (Ytz'yh) * W )

Ll

Time

Estimates missing values between known data
points using a mathematical function (e.g., linear).

29
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Challenges: Asynchronous Signals

- Asynchronous signals happen when demand
signals operate at different frequencies, e.g., ==
- Daily sales _'Iy
- Hourly weather | 5 B S
- Monthly macroeconomic indicators sz A~ kel Il

hourly —> daily —> weekly

eeeeeee

Resampled signal: mﬁw ) = Aggregate(z{**"))

Aligns signals by converting them to a common temporal frequency.

- Common synchronization strategies
- Resampling (hourly = daily - weekly)

Online M.S. in Al
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Step 3: Al-Enabled Analytics

Recent demand forecasting primarily advances along three methodological directions.

STATISTICAL
METHODS

Structure-driven

M Z Ye = f@e-1)

Representative Models
ARIMA / SARIMA
Diffusion Models (Bass, GDMR)

Advantages
Interpretability
Speed

MACHINE LEARNING
METHODS

Feature-driven

F, Fo Y
Split? F, ollie,
Fole|e]| e

Representative Models

Gradient Boosting Trees
(XGBoost / LightGBM)

Random Forests

Advantages
Flexibility
Strong tabular performance

DEEP LEARNING
METHODS

Representation-driven

Representative Models
RNN /LSTM / GRU
Graph Neural Networks (GNNs)
Time Series Foundation Models
Advantages
Multimodality
Complex dependency modeling

Online M.S. in Al
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Statistical Methods

- ldea: Use explicit mathematical formulas to capture regular
patterns in historical data

- However, out-of-the-box traditional models (e.g., ARIMA,
Exponential smoothing) are often univariate.

- Therefore, we inject domain knowledge into the regression model

by explicitly defining mathematical structures that mirror real-world
behavior.

32



Statistical Methods

- Common structures to inject:

- Lag structure: captures how the immediate past influences the present
Yo =9, Y1+ PV o+ + Y,

- Seasonality: captures recurring patterns using dummy variables
Yi = X5V Dyt

- Interaction: captures how seasonality changes depending on other conditions
Y = §(Yweather X Yeconomic)

-  These methods provides great explanability on the forecasting result and are
suitable when the forecasting horizon is short.

- However, model specification is not generalizable (has to be design per case).

33



Statistical Methods (Example)

- @oal: Forecast high-frequency demand for on-demand
service platforms (e.g., DoorDash, Uber) under unstable,
changing environments

- Siﬁnals: Hourly demand time series from a large on-demand
delivery platform

- Key data characteristics: High-frequency streaming updates
with strong seasonality (hour-of-day, day-of-week)

- Design: A parametric regression model (trend + seasonality +
autoregressive lags)

- Provides a fast closed-form estimation for real-time updates
with low computing cost compared to LSTM

Reference: Hu, Y. J.,, Rombouts, J., & Wilms, I. (2025). Fast forecasting of unstable data streams for on-demand service platforms. Information Systems ' 1

Research, 36(1), 552-571.

Figure 1. (Color online) Performance of the New Method

Computing Time (seconds) on log-scale

16000 -

350 -

30 -

0.1-

2%°

LSTN\ i \—S“N\
[ ) [ )
XS
~pre?
MR
X
(ea\‘s 9(09“3
g“%% ¢
* &
_ga\@
;?\)D% .
° doma\n
¢FuO°
[ ]
o“a\
100 110 120

Forecast Errors in % Relative to FFUDS
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Machine Learning

ML methods can often generalize to many cases by
capturing the non-linear relationship automatically.

Representative models:
- Tree-based models (Random Forest, XGBoost)
- Support Vector Regression (SVR)

These models are good at capturing:

- Multivariate, multiple explanatory variables
- Nonlinear effects and interactions

Limitation: they do not handle sequential context
directly, which cannot capture long temporal
dependencies (e.g., sales drop due to bullship effect can
span months).

RAW TIME-SERIES STREAM

=

(t-2,Y2) (1Y) (LV)

SLIDING WINDOW
FEATURE CREATION

1. DATA INPUT & SLIDING WINDOW TRANSFORMATION

ENGINEERED FEATURE MATRIX (Input Row for Model)
Target to Lag1 Lag 2 Seasonal Seasonal
Predict Feature Feature Feature Feature
(v (Y1) (Ye-2) (Hour) (Day)
120 1o 100 ;
(Value att) | (Value from t-1) | (Value from t-2) 09:00 Mon

CURRENT INPUT VECTOR (X,)

2. MODEL PROCESSING (BATCH LEARNING)

OPTION A: RANDOM FOREST
(Ensemble of Trees)

OPTION B: SVR
(Kernel & Hyperplane)

Xe | ‘
! KERNEL MAPPING
1 (Project to High-Dim Space)
Is Lag @ > 105? 0 : &
D D ‘
é( é 2 )b ‘ Q OPTIMAL
®O® HYPERPLANE
TUBE
(e-insensitive)

TREE1 TREE 2 TREE 3
AGGREGATION i PREDICTION
(Average Predictions) i (Map back to Output)

L[ PREDICTED VALUE (7,) ]J

3. FORECAST OUTPUT & RETRAINING

¥

ke

DEMAND FORECAST GRAPH

Online M.S. in Al



Machine Learning (Example)

- Goal: Predict individual product demand more
accurately by leveraging aggregate category sales
information

- Signals: Weekly retail sales data with hierarchical #
product categories from Walmart.

- Key data characteristics:
- Individual product sales are volatile (high variance, noisy) o-
- category sales are smoother (variance reduced via pooling),
- But they share similar temporal patterns

Normalized sales

—— Category

(<74 NE]
IO

SKU2

- Design: A transfer learning framework implemented
with gradient boosting trees (Pooling and Boosting, PAB)

- Trains XGBoost on pooled category sales and then refines it
with individual product-level data

Reference: Lej, D., Qi, Y., Liu, S., Geng, D., Zhang, J., Hu, H., & Shen, Z. J. M. (2025). Pooling and boosting for demand prediction in retail: A transfer
learning approach. Manufacturing & Service Operations Management, 27(6), 1779-1794.

10 12 14 16 18 20
Week

36



RAW TIME-SERIES STREAM

Deep Learning e = =

' (1. DATA INPUT & SEQUENTIAL STREAM TRANSFORMATION

[ v
weuT sEauENGE [Hlar, o HIJ,Z}...{HZLH]

- Deep learning methods can capture long temporal e BLEE oy 2 gl

dependencies by modeling the signals sequentially. @SEQUENT'AL'NPUW”J

2. MODEL PROCESSING (SEQUENTIAL LEARNING)

- Representative models  Clhcomenineon) | TUNaFORMER P

= Recurrent Neural Networks (RNN, LSTM, GRU) hy

- Transformer-based Models (BERT, GPT, Time-Series Transformers) e o bt b

FOUNDATION

- Time Series Foundation Models (TSFMs)

MULTI-HEAD

SELF-ATTENTION MODEL ENCODER
(Pre-trained Weights)

T
: Ry "oy, oy |
- They are well-suited to capture: Yt : |
= Complex dependencies: Long-term temporal patterns or non-linear lHYSLi‘HHYo‘;LHHZGH} {HZSH]
Interactions (A& 4t ol ) x.l-z :
- Large-scale datasets: Situations where data volume exceeds the LT
capacity of traditional ML
- Multimodal signals: Integrating diverse data types ' 3. FORECAST OUTPUT & RETRAINING
(t.Y)
- Limitation: Requires massive amounts of data to generalize g
well, computationally expensive to train (t-1.Yen)
(t-2,Yy0)

Online M.S. in Al
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 Deep Learni RNN (E le)
- Goal: Predict order quantity to minimize total inventory ¢ m C m &
cost (holding + stockout) ]
SEEEEEEEE S EEEEEESEE D EEEEEEEEE
SN NSNS S EEEENEEEE EEEEEEEEEE
ENEREEEEEE I FEEEEEEEE S DN EEEEEEEE
SEENEEEDEE DDEDEDNEEE EDDEEEEEE
- Signals: Daily sales, vendor lead times, inventory levels, SENEEENEEE JUNNNEENEE SDNEEsaEs
Historical demand (time series) Vendor lead time (VLT) SKU & inventory features
and product features (category, warehouse, brand)
from JD.Com End-to-End Deep Learning Model
Demand Submodule TVLTSub-module (Feature Integration Layer
AN o
- Key data characteristics: Complex nonlinear interaction R =
between signals in large-scale data (thousands of = U
p ro d u Ct S ) Nonlinear feature fusion Integrated learning . RS ] )
Replenishment Decision
- Design: End-to-End deep learning framework @ e
A L]
- Combining RNN module for demand sequence modeling. - A— .
Reference: Qj, M., Shi, Y., Qij, Y., Ma, C., Yuan, R., Wu, D., & Shen, Z.J. (2023). A practical end-to-end inventory management model with deep @ "ﬂ"[ ne h'iﬂ‘q,ﬂ'j S 5i"i xﬂxﬂ

learning. Management Science, 69(2), 759-773.
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7 Deep Learning — TSFM
(Example)

- @oal: Leverage a pretrained TSFM to achieve cross-domain
and zero-shot demand forecasting in supply chains

- Signals: M5 dataset (hierarchical sales time series including
store, category, and product, with pricing, promotion, and
calendar covariates)

- Key data characteristics: Hierarchical and heterogeneous
demand patterns across products and stores

- Design: A pretrained TSFM applied to retail forecasting, with
forecasts fused across hierarchy levels and multiple model
backbones

Reference: J Yang, W., Cao, D., & Liu, Y. (2025). Foundation Models for Demand Forecasting via Dual-Strategy Ensembling. KDD

2025 Workshop on Al for Supply Chain: Today and Future. Retrieved from https://openreview.net/forum?id=hcwHRIwcFA

DATA INPUT & HIERARCHICAL STRUCTURE

State
M5 Hierarchical v
Sales Dataset ‘ Stire
8 Daily sales time series = Cateigory
Pricing & prom?tlon signals Prodtt
Gelencariooggliates “Hierarchical & heterogeneous demand

patterns across stores and products”

U

FOUNDATION MODEL CORE + DUAL ENSEMBLE

Hierarchical h @ h Architectural

Ensemble (HE) Pretrained Ensemble (AE)
TSFM
Backbone

Transformer-based
Foundation Model
(e.g., Chronos, TEMPO)

Store-level
model

Store+Category
model

Store+Department
model

Transformer
backbone
RNN
backbone
Tree-based
model

"""" Architectural Fusion
Cross-domain generalization | § G eloticeelBoniLE)

Zero-shot capability
“Semantic specialization “Reducing bias via diverse
across hierarchy levels” inductive perspectives”

Level-wise Fusion
(weighted aggregation))

|

Final Ensemble Forecast

tinal = Y Uk Y widlu)
E

¢

ZERO-SHOT & CROSS-DOMAIN FORECAST OUTPUT




Deep Learning — Multi-modal

- Deep learning methods are well-suited to handle
multiple modalities.

- Itis achieved by adding a multi-modality
interaction to a backbone architecture, such as:

- Transformers, large language models (for textual data)
- graph neural networks (for graph-based data)

- Interaction strategies are added to the input,
intermediate, and output stages to capture multi-
modal signals.

Reference: Jiang, Y., Ning, K., Pan, Z, Shen, X., Ni, J.,, Yu, W,, ... & Song, D. (2025, August). Multi-modal time series analysis: A tutorial and survey. In

Proceedings of the 31st ACM SIGKDD Conference on Knowledge Discovery and Data Mining V. 2 (pp. 6043-6053).

STAGE 1: INPUT (Encoding & Preprocessing)

TIME SERIES n TEXTUAL IMAGE/VIDEO | [GRAPH/STRUCTURED
[~ (s =) Data (») DATA $ DATA

e

INPUT PROCESSING UNIT

Modality-Specific Encoders .
[E (e.g.. CNN, RNN, GNN) E

[ Feature Projection & Transference ]

[ Initial Alignment / Synchronization ]

INTERACTION STRATEGIES
(Fusion, Alignment, Transferenoe)lMultl -modal Embeddings / Features

STAGE 2: INTERMEDIATE
(Unified Representation Learning)

UNIFIED BACKBONE ENCODER
(e.g., Transformer, GNN, RNN, or LLM)

[ %o Encoder Layer ]
% Encoder Layer
INTERACTION
STRATEGIES
{é} {@} (Fusion, Alignment,
Transference)
% Encoder Layer

[ %EncoderLayer ]]]

lRich, Contextualized Joint Representations

STAGE 3: OUTPUT
(TS Forecasting)

TASK-SPECIFIC OUTPUT HEAD
L (e.g., Linear, MLP, Decoder)

INTERACTION STRATEGIES
(Fusion, Alignment, Transference)

FINAL TIME SERIES FORECAST )
(Future Values)

— e - - L -
- AR ™ - 1
‘B la ma AA € T i



y
Deep Learning — Multi-modal

- Three types of interaction strategies exist.

m 2. ALIGNMENT 3. TRANSFERENCE

How It Works: How It Works: How It Works:
M A CoNCATENATE| [ MLP/ - | CROSS-ATTENTION | AW«\/\# s i l:E_I
Time series | c\IBEDDINGS / 1| FUSION M Time series | (query TS, Key/Val Tex) W\MA - N =lad
=|_~ ADDITION (%) | |LAYER =| TEMPORAL GATING 1. ml; En :)?.nTgE/XT o EUERAGE TN » axt/Miage
= s Repmgmmming) Zero-Shot Reasoning omput
Text Text
PROS (v) PROS (v) PROS (v)
@& Captures complementary patterns Synchronizes temporally misaligned @ Leverages powerful zero-shot
from diverse sources data reasoning from LLMs
@ High architectural flexibility Provides attention maps for better & Augments data by generating
explainability synthetic samples
CONS (X) CONS (%) CONS (X)
X Relies on pre-aligned data to avoid Computationally expensive due to X LLM can introduce unwanted biases
mismatch attention/gating mechanisms or hallucinations
X Interaction may be superficial if not Requires specific domain expertise to X Information loss during the
carefully designed ) model relationships [ translation (TS to text) process )

Reference: Jiang, Y., Ning, K., Pan, Z, Shen, X., Ni, J.,, Yu, W,, ... & Song, D. (2025, August). Multi-modal time series analysis: A tutorial and survey. In Onl ine M.S . 1N Al
Proceedings of the 31st ACM SIGKDD Conference on Knowledge Discovery and Data Mining V. 2 (pp. 6043-6053). 41



 Deep Learni Multi-modal (E le)
1. Customer Reviews (Text & Images)
Review A (More Text) Review B (Better Photos)
- @Goal: predict future sales using multimodal online reviews
- Signals: Monthly hotel sales (numerical), customer review _,
(image, textual) ) {
2.AMI
- Key data characteristics: Sometimes a picture is more helpful %
ext Al decides what's mpst Image
than text; other times, the text is more descriptive. ‘
3. Combineg Data Block
- Design: adaptive attention mechanism for multimodal
. . &
interaction (AMI) 2 APt
- Use attention to automatically identify which modality is more ij
important )
5. Forecasted Sales Trend
Target
Prediction Range
Reference: Chen, G., Huang, L., Xiao, S., Zhang, C., & Zhao, H. (2024). Attending to customer attention: A novel deep learning method for leveraging @ ’ﬂ[ ne ﬂ*f, E |"‘ 3‘”

multimodal online reviews to enhance sales prediction. Information Systems Research, 35(2), 829-849. 42
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Step 4: Value Delivery — Visualization

- Demand forecasting is often done per product, per region.
- A fan chart with regional and product filters can help visualize the forecasted result.
- If textual data are incorporated into the forecast, we can provide explainability with the context

words in a drill-down display (Jiang et al. 2025).

1. Multi-Modal Fan Chart & Context Filter 2. Drill-Down Result: Social Context

Filter Context: [Region: North America | Product: Electronics] ¥ (WOI’d CIOUd at T+3 Splke)
Based on Cross-Modal Analysis
" UPGRADE
£
: LEAKbattery
> Confidence . 5
T Vierenl screen releaseDate
g L NEWFEATURE
Q
o
Historical Sales Multi-Modal U P G RAD E
(Actuals) Forecast
BETTER wait
T-12 Months T-8 Months T=0 T+3 Months  T+6 Months
Past Present Future Word Size = Importance to Forecast

Online M.S. in Al

Reference: Jiang, Y., Yu, W., Lee, G., Song, D., Shin, K., Cheng, W. & Chen, H. (2025). Explainable multi-modal time series prediction with lIm-in-the-loop. arXiv preprint arXiv:2503.01013. 43



4

Value Delivery — Visualization

- A scatter plot of each product by its forecasted demand and variance can be
created based on the forecasting result at a specific time.

Forecast voume (Demand)

Low volume, stable

High volume, stable

Reliable and profitable
for the business
Laptop Pro®

4K Monitor ® Tombox

4K Monitor

Arrama @
Product S

rasie ®
Desptop @ Gras epu -

He%vy Cable Qe

Powe-rmanicr o®

Legacy Cable ®
USB Hub ®

e o
° Uthema Phone
Smart Pro

@® Smart Watch X
® /R Headset Z

® VR Headset Y
&

3fhlronner
)
Rlcxdet Yu ® Smart Watch X
® Flastn D
goftwitind
© ® VR Headell T
.. ® © @ New Earbuds
Drone Watch

Smart Watch X.
VR Headset Z

® Drone Mini

* Low-stake item
* Require minimal monitoring

Forecast Uncertainty (Variance)

High volume, high variance

* Critical risks

* require the most attention
because a forecast error
here results in massive lost

Low volume, high variance

« Often the candidates for
discontinuation

 The cost of managing their
unpredictability can
outweighs their profit.

Online M.S. in Al
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Value Delivery — Replenishment Decision

- After understanding the forecasted demand for each product and region,
this can inform inventory replenshiment decision.

- Traditional Method: Predict-then-Optimize:

1. Prediction: use demand forecasting model to forecast future demand
2. Optimization: These forecasts are plugged into a pre-defined rule

- E.g., You only place an order when the inventory level falls below a reorder point

- End-to-end model: build another deep learning model to jointly perform
demand forecasting and make replenishment decisions (Qi et al. 2023).

Reference: Qj, M., Shi, Y., Qi, Y., Ma, C., Yuan, R., Wu, D., & Shen, Z.J. (2023). A practical end-to-end inventory management model with deep ' . - ;
learning. Management Science, 69(2), 759-773. 45



y
Value Delivery — Replenishment Decision

y

- The quality of demand forecasting and replenishment strategies can be evaluated by

summing up the cost at each period t (Qi et al. 2023):
St = hllpq]T + b[—1p 4417

- Where the inventory level I, is determined by I, .1 = I, — D, + XM _. a,, I{t = t,, + L,,}

I; :inventory level at time ¢t

D; : Demand at time t (by demand forecasting)
a,,: The mPreplenishment order quantity

v L,,: The lead time for the m™replenishment order

Excess Stock Zone I
RESFISF Poliit (Holding Cost h) t

Units

Shortage Zone
Stockout Cost b

[x]* : Notation for max (x, 0).
I{ -} :1if true, O otherwise

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

tm Time Period (t)
Blue Line = Inventory Level Green Arrow = Order Arrival Blue Zone = Holding Cost incurred
Red Arrow = Demand Red Zone = Stockout Cost incurred
_ . o) — i
Reference: Qj, M., Shi, Y., Qj, Y., Ma, C., Yuan, R., Wu, D., & Shen, Z.J. (2023). A practical end-to-end inventory management model with deep Online M.S. in Al

learning. Management Science, 69(2), 759-773. 46



'The Feedback Loop

- The decision after demand forecasting
naturally forms a loop:

REPLENISHMENT "W Sets Stock
DECISION W, Levels

Guides Next
Decision

- Replenishment Decision: Changes your current
stock availability.

- Stock Availability: Informs pricing strategies (e.g., el
clearance for overstock). ErReronie

\ STOCK

5-STEP DYNAMIC | AvAILABILITY
INVENTORY \
FEEDBACK LOOP

Influences Price
& Promotions

- Customer Demand: Driven by those prices and
external market factors. Feeds Fooda

- Data Generation: The resulting sales and inventory
levels create new logs.

S

NEW DATA
GENERATION

o0

CUSTOMER
DEMAND

Generates Sales
& Inventory Logs

- Forecasting: This new data feeds the next round of
demand forecasting to start the cycle over.

Online M.S. in Al
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Review Questions

- What are the common time-series patterns typically observed in demand
forecasting?

-  How does B2C differ from B2B regarding the underlying mechanisms that
generate demand?

- What types of multi-modal data are commonly incorporated into demand
forecasting, and how do deep learning methods capture them?

- How to measure the stockout and holding cost after demand forecasting, given
a replenishment decision?
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