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What is Home Page?
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Our Goal: A “Living” App
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Personalization Dynamic Layout Relevant Content




The initial strategy

e Just use some carousel embeddings of previously viewed
items and then serve more carousels that are the closest in
terms of cosine distance

e What embeddings?
e Trained under what objective?

e Do we even have this kind of embeddings?




It's not as easy as it looks

e Which user actions are actually worth tracking?
e Which contextual types should be prioritized initially?

e How totransform raw context into ML-ready features?




User inspiration using real-time user

Redeﬁ N itio N actions and 30-day transaction

history.




The Step-by-Step Plan

User Profile

Long-term preferences
and historical behavior.

Offer Space

Structuring and grouping
offers for home page
carousels.

Real-Time
Interactions

Immediate signals (live
clicks).

Modelling

Filtering down a set of
options to the best
candidates.

Final Ranking

Scoring and ordering the top
items based on retrieval
stage and business KPIs.




Personalization Engine Concept
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User Interaction Data

User Interaction Data
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Carousel Interactions
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Single carousel compositi

optional) image

title

offers

Praktyczne i wytrzymate walizki na kazdg podréz

SUPERGENA "@

107,00 zt
SMARTQ

WALIZKA PODRGZNA
GRAVITT 950 SREDNIAXL
BAGAZ NA KOLKACH
zaplat poinie 2 G

dostawa pojutrze (

- EEEy Q
B n;:
»

249007

cena 230 dni ©
234,18 zt 104,49 zt 93,49 zt 79,99 zt 239,00 zt

@ Gwarandanajnizszej  SMARTQ SMARTQ SMARTQ SMARTQ

ceny MAEA WALIZKA Walizka podrézna Mata walizka kabinowa  ZESTAW WALIZEK
SMARTQ WA Kabinowa Bagia bagaz podreczny do PODROZNYCH DUZA
Walizka Wittchen Comfort MATERIALOWABAGIA  Amsterdam 30I twarda  samolotu Ryanair Wizzair ~$REDNIA MAEA CZARNE
Line 36°35:503:91 2aplat poni zaplac poinie; z (50 zaplac poinie; z [0 zaplac poinie; z (5

materizfowa morska

dostawa pojutrze (1)

dostawa pojutrze dostawa pojutrze

poinie) 2 (5

dostawa pojutrze (D

WIECE)

129,90 zt

@ Gwaranga najitsze)
ceny

SMARTQ

WITTCHEN $rednia
walizka z ABS-u czarna

zapiat psnici2

dostawa jutre

119,00 zt
SMARTQ

ZESTAW WALIZEK 2w1
WALIZKA NA KGEKACH +
KUFEREK GRAVITT 931

zapiat poinie) 2 G

dostawa pojutrze ()

149,90 zt

@ Guaranda najnizsze)
ceny

SMARTQ

Walizka $REDNIA XL bagaz KOEKA
REJESTROWANY podrézny .
2ABS-una 4 kolkach :

zapiac péinic; z [N

dostawa pojutrze (D

plac

dostav




Capturing the Live Session

Granular Engagement Metrics

o Tracking immediate user actions like clicks, scrolls etc.
Sequence-Based Aggregation

o Grouping individual interactions into n-element
sequences to capture immediate browser momentum.

Strict Time-Window Constraints

o Filtering data through a short-term time window to
focus only on active, current intent




User Interaction Data

User Interaction Data
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Carousel Interactions User




User Embeddings

Dedicated Model
A specialized encoder that turns raw buying patterns into dense
vectors.

Daily Scoring Lifecycle
Continuous updates to reflect the latest user state in our feature
store.

30-Day Transactional Window
Focusing on active shoppers with confirmed purchase history.




Personalization Engine Concept
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What is the actual ML task type?

- Binary Classification?
- Multilabel Classification?
- Contrastive Learning!




Contrastive Learning

What s it and how does it work?

e Objective: make samples from same class have similar
embeddings

e ...andsamples from different class - different embeddings




Contrastive Learning

Measuring embedding similarity

e Anydistance metric (e.g. Euclidean) (lower = better)
e Cosine of angle between vectors (higher = better)

o Linear transform to Cosine distance (lower = better)
e Dot product - vector magnitude times cosine

o  With L2-normed vectors, Dot product = Cosine




Contrastive Learning - Triplet Loss
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Source: Schroff et al. 2015



Contrastive Learning - InfoNCE
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Contrastive Learning - InfoNCE
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Model Evaluation

How to construct a fair eval?

- Constantly changing carousel inventory
- New carousels popin
- Within carousel item ordering can change
- Can we have users from different days in the same batch?




Model Evaluation

How to construct a fair eval?

- Constantly changing carousel inventory
- New carousels popin
- Within carousel item ordering can change
- Can we have users from different days in the same batch?
- Yes, but not too many
- We cantrytolearn high-level patterns in user
interactions




Model Evaluation

How to construct a fair eval?

- The order of carousels was already optimized using some
algorithm
- How do we make sure that the model can learn unbiased
patterns?
- Does appearing at the top = more clicks?




Model Evaluation

How to construct a fair eval?

- The order of carousels was already optimized using some
algorithm
- How do we make sure that the model can learn unbiased
patterns?
- Randomization test
- Does appearing at the top = more clicks?
- Yes, but lower Click-Through Rate




Model Evaluation

How to construct a fair eval?

- The upstream embedding models have to be retrained
-  How do we ensure that our input data doesn’t drift?




Model Evaluation

How to construct a fair eval?

- The upstream embedding models have to be retrained
-  How do we ensure that our input data doesn’t drift?
- Let’s construct an adapting layer
- Zielnicki, Hsiao 2025. Orthogonal Low Rank
Embedding Stabilization




Inference

Choosing what to display

- To compute similarity between user and a single carousel, we
need to process each of these vectors through a dedicated
encoder

- Recompute needed whenever input changes (e.g. a new
click)

- How to make this feasible, given limited time for inference and
potentially 1000+ carousels?




Inference

Inventory Assumptions

- Carousel Embeddings change less frequently
- WEeé'll just assume that the Carousel Inventory is fixed at a given
point in time, and compare User Embedding to the Carousels




Inference

- Computing the distances for all carousels is too slow
- Maybe we actually don’'t need the exact NN, given large
enough inventory?




Contrastive Learning - ANN

Source: Daily Dose of Data Science



Contrastive Learning - ANN
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Contrastive Learning - ANN
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Contrastive Learning - ANN
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Contrastive Learning - ANN

Source: Daily Dose of Data Science



Retrieval

Choosing what to display

- ANN result
- Knearest neighbors (approx.) and the distance metrics
- Do wejust display these carousels to the user?




Retrieval

Choosing what to display

- Do wejust display these carousels to the user?
- No, these were rough estimates of user interests
-  How do we optimize the display order?




Retrieval + Ranking

Choosing what to display

-  How do we optimize for display order?
- Dedicated Ranking step
- We'll also take into account business-relevant metrics




Retrieval + Ranking

- Complexity vs control trade-off
- Black box model that could rank very well
- Simpler, controllable model, to adjust, depending on
needs
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Deep Learning at Scale: Tailoring the Home Page for Millions.

Jakub Zmujdzin, Marcin Szpunar

https://ml.dssconf.pl/user.ntml#!/lecture/DSSML26-8638/rate



you could code Visit:
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