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O. Intro

About Lars, Fredrik and Oda
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Lars Mushom

e Data Scientist at Oda for 4.5 years.
e Worked previously in the Al group at SINTEF.

e Master thesis on Deep Generative Models from NTNU.
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Fredrik Jorgensen

Velkommen til www.sli.uio.no

Dette er en eksperimentell WWW-tjener for studentene pa Sprak, Logikk og Informasjon (SLI).
Mye av informasjonen pa denne tjeneren er passordbeskyttet.

Offisiell informasjon om SLI finner du p& SLIs hjemmeside. Mye som for 18 p& www.sli.uio.no er flyf
Innhold

« Dokumentasjon (Scheme, Common Lisp, Prolog m.m.)
o Hypermedieprosjekter fra SLI 150
o Diverse studentarbeider

Sist oppdater
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History of Oda

e 2013: Kolonial.no founded by 10 people in Norway with a vision to make grocery shopping
effortless

e 2014-2017: Iterating on Logistics — While competitors relied on picking groceries in existing
stores, Oda began building its own fulfillment center. They realized early that the "secret sauce"
wasn't just the shop, but the efficiency of the warehouse.

e 2018-2020: World-Class Efficiency - Oda achieved some of the highest picking productivity
rates in the world, mostly due to process optimization, data, and algorithms “everywhere”.

e 2021-2023: Going international (Finland and Germany) and rebranding to Oda, fueled by a
massive investment from SoftBank and Prosus. In 2023, shifting focus back to Norway, and
exiting Finland and Germany, due to a changing economic climate and new investors

e Late 2023 - now: Merged with Swedish Mathem, and working our way towards becoming the
first online grocery company to be profitable
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Customer Journey Fast, efficient

shopping

Q. Sek i tusenvis av varer ][}

_______ Hei Mia! Nar vil du ha varene levert?

Velg leveringstid

Vv

Reserver valget ditt i 60 minutter og f& bedre

; e o
Place order oversikt over hva som er tilgjengelig!

Hear about Oda/Mathem Visit / Sign up

a Varer vi tror du trenger

=

&

_—

s

Rede Epler Gala 2-3 stk
@kologisk, Italia, 500 g

21,20 kr 42,40 kr/kg .

4 stk

I Ferske Kanelsnurrer

69,90 kr 120,52 kr/kg .

Hatting Fullkorns Mellehjul

420
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Shopping at Oda

Shopping
Staples

Dinners

Other

...over and over
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16:43 94 ull 56 @)

Q sok 1]

Vi tror vi er hos deg ca. 16:50 - 17:20.

Leverte nettopp til kunde nr. 11. Du er nr. 12.

4

Bekreftet Pakkes P& vei Levert

Se bestillingen din

Kaker og cupcakes
fra Hancock!

Varer vi tror du trenger

H Tine Lettmelk

1% fett, 1,75 1

Til deg




2. Embeddings .

Embeddings

2. Recommendations
How products are words, and also 3. Agents
how words are words too

User problem: “l want to find alternative products”
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How products
are words

A grammar of groceries

GRONNSAKER MEIEREI

KJBTT & FISK
GRONNSAKER

boller
°

bred ,
@ “rundstykker 73
BAKERI
/
- il P>
S

oda | Mathem



Word2Vec - Learning Representations from Context

The Distributional Hypothesis

"You shall know a word by the company it keeps" (Firth, 1957)

Core Idea: Words appearing in similar contexts should have similar vector representations.
Goal: Map every word w in a vocabulary v to a dense, low-dimensional vector R? (d < |V]).

Two Main Architectures

Example: I had lasagna for dinner
CBOW: Predict the center word I had for dinner
Skip-gram: Predict surrounding words ___ lasagna

The Training Trick
We treat word embedding as a “fake task”. We don't actually care about predicting the next
word, we only care about the weights of the hidden layer.

Input: One-hot encoded vector of the word.
Hidden Layer: A linear projection (this is your embedding lookup table).
Output: Softmax layer calculating probabilities for context words.

oda | Mathem



Word2Vec @ Oda

Sentences = Orders
Words = Products

Hypothesis: There is a “grammar” of groceries

Ry
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° . . :c" .?%Zi: g':s‘
Visualisation & T
o’ LR
e & % - _:'g. - et
i i L L e S T ng
e All Norwegian productsin a 2D s 225 e L SR a c

space (from 128D)
e Tensorboard Projector
T-SNE
e Colored by their Oda category

«Pictura Gruppen Norge Katteleke pelsmus 2 stk [1
d -.;W,m*l’s,kas Selection Vatfér med Kylling, okse, lam ¢

«Vetivo Kyllingpaté med melketopping [100g]

«Best Friend Festival kompakt hgy [1kg]

«Best Friend Crunchy undulatstenger [2stk]

o Pfima !!avprls Hundeposer [40stk]
«ana Lavpris Hundemat med storfe [300g]

«Vetivo Hundesticks med okse [88g]

«PEDIGREE Ranchos kylling [70g]
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Visualisation _
® «TINE Ekte revet ost @konomipakke [370g]

«Gilde Smarettskinke strimlet [200g]
e All Norwegian productsin a 2D

space (from 128D) e ° ‘IOLO Pizzafyll med tomat og lgk [55¢]
e Tensorboard Projector *
e T-SNE

«TINE Revet Dst Orbgﬂ aI [300¢]

«Apetina Mozzérella Revet [200g]
o cStaur Fjellbakeri Pizzabunn hvete ca 29cm 2
[ ]

e Colored by their Oda category

@
«Mutti Pizzasaus klassisk [400g]
«Mgllerens Pizzamel Tipo-O;[1 kgl
cN‘orgesmc)IIene Plzzamel TIpO 00 Napolitansk Stil [1kg]

.“‘ * oV|IIa Paradiso Pizzadeig Fersk [210g]
» Willa Paradiso Pizzakit margherita 2stk Fersk [1200g]

“Felloni Spekehus Nduja Smgrbar salami [200g]
«Caseificio Villa Fersk mozzarella [125g]
®

oVaIgram.d; Fersk mozzarella [125g]
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Sparse data, new products and “cold start”

Just as with infrequent words, the infrequent products will also have poor embedding quality

Too be fair, we often don't «Sheba Selection med fjaerkre 12 x 85g [1020g]
know if these are caused by
sparsity, or just
undesirable/taboo purchasing
patterns...

«Snadder Solsikkefrg [1kg]
WHISKAS Torrfor til katter +1 &r Med kylling [800g]

«EPOK Epok No40 Smooth Peppermint 7 [77g]

— «Monster Ultra White 4x0,5

]
iﬁg ster UItra

.Dahls Pils Lite 6 x 0,33 | [1p
_ger Lime [275ml]
Seltzer Tropiske frukter [3l
« Tuborg Lite 6 x 0,5I [3l]
Isbjgrn Lite 6 x 0,51 [3l]

«Norrlands Guld Norrlands Guld Pilsner 6 x 0,5L [3I]
«° eRingnes Pilsner 6 x 0,5l [3l]

AAAAA

“sFroosh Froosh e
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So, what it does the embeddings look like in the app?
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https://docs.google.com/file/d/1xPW-_esyXecRowH740zQITRGbfOwp911/preview

How words are
words too

Mixed embeddings

User problem: “l see weird products”

king —m

oda | Mathem



Embedding the products from text

Hjem / Alle produkter / Middager og tilbehgr / Middagsbaser / Posesupper

g
X
2

Tgrrmat Hytte mat
Tomat Middagsrett
Skummetmelk Posesuppemix

Lak Kokesuppe
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Combining the products linearly

Gensim /
behavior

LLM /
text

gives us two similarity scores

oda | Mathem
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0.009

-0.07

0.023

-0.06

0.039

0.137

0.045




Combining the products linearly

Linear mix:
a x gensim_similarity + (1 - a) x text_similarity

Interpreting a:

e Largera- more behavioral (gensim)
e Smaller a-» more text (LLM)

We constantly tune this based on user feedback
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2. Recommendations PR

2. Recommendations

Recommendations, personalisation, 3. Agents
transformers and towers
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The Exploit vs. Explore tradeoff

e What restaurant to go to? What movie do you want to watch? Or what job do jo want to have?

How to make a decision under uncertainty?

e Exploit: choosing the best option based on the information that you have.

e Explore: trying a new option that might lead to better reward in the future.

e Assumption is that we can measure the reward.

e The goalisto maximize the long-term benefit, or the cumulative reward.

e This is a fundamental tradeoff in recommendations systems.
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The Exploit vs. Explore tradeoff
At Oda/Mathem:

e Problem: what product or recipe do we show to each user at what time?

e Objective: maximize number of products/recipes added to your cart.

e Constraint: limited space on a phone screen.
What happens if we only exploit?
e Filter bubble.

e Over time this will also corrupt the training data.

b o
gﬁ;ﬂ:ry *
pian]
1§

< Exploit Explore >
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The Exploit vs. Explore tradeoff

We can address this tradeoff in both product design and model development.

We'll look at three different models that is used in different part of the shop:

Next-order prediction: exploit-heavy model that predicts what you are most likely to shop in

1.
your next order.

2. Two towers: explore-heavy model for general preference and what separates you from other
users.

3. Online bandit models: balances explore/exploit based on real-time events while you shop.

'y &* e o |

i® 2 = 7

E) = F‘ g Nl SR

v M o 07 E
Explore >
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Next-order prediction
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Next-order prediction

14:26

Ditt Oda
% Dine varer > Historikk Q Lister

The goal is to predict all your usual items that you need now.

Tyrkisk yoghurt
Naturell 10%, 1 kg, Salakis

T @ Bonus 10%

| 82,30 kr 82,30 kr/kg
Premium Appelsinjuice
Med fruktkjatt, 11, TINE

Presented in a “infinite scroll” where you can quickly fill up most of your
41,90 kr 41,90 kr/l

Ca I’t . Melkesjokolade med havsalt
| 200 g, FREIA

& Bonus 10%

57,30 kr 286,50 kr/kg

Grove gkologiske rundstykker
Halvstekte, 10 stk, Den Gode Baker

Pure exploit, not as good at finding interesting products you have not

115,40 kr 11,54 kr/stk

bought before. R 2o oo

26,90 kr 26,90 kr/kg ‘
Store egg fra frittgdende ho!
Str L, 10 stk, Ek

x =

Oda  Kategorier  Middag  Handlekurv
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The NLP parallel: Next-word prediction

NLP concept

Recommendation equivalent

Word
Sentence
Document
Vocabulary

Next word prediction

oda | Mathem

Product ID

Single order (cart)

Order history (5 carts)

Product catalog (~10,000 items)

Next order prediction



Modeling the problem

Frame this as a classification problem

For each user (user, product) pair, will this product be in the users next order?

Sequence matters
Repeat purchases, frequencies, recency, dependencies between products etc.

We are using attention to model the sequence patterns.
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Architecture

&

Target product
representation

®

User representation

Sequence

—
processor

User

=

Shopping history

Product
Order

Pre-trained embeddings
Embedded metadata

oda | Mathem Time since last purchased

Metadata (age, averagage%@a%gg,embeddmg
number of orders, etc.)

Classification
model

0/1



Architecture

Trainable target embedding

. The embedding can adapt to the training objective

&

Target product
representation

® .

User representation

Classification
model

Sequence
processor

0/1

(User, target) embedding

=

Shopping history Cross:,-attention

“Given that the candidate is pasta sauce, which of

my past purchases are relevant?"
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Training
e We sample batches of positive and negative target products that we train the
classification model on.
e Random sampling of negatives would be too easy for the model and lead to slow
training.
e \We accelerate training by sampling hard negatives
o  During training, run the current model on a subset of the products.

o Select negatives from products the model thinks the user would buy, but

didn't.
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Two towers
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Discovery

Chili Klaus Habanero BBQ
100 g, FrostaChips

The goal is to find interesting products for the user that they have not 20801 zeacn-

Sunniva Presset sesong
Eple med ingefeer, lime og s...

bought before .

40,40 kr 40,40 k1

Presset Eple & Bringebzrju...
11, TINE
45,30 kr 4530 kil
Collaborative problem: users that are similar to you also bought this. .

145 g, Mesterbakeren

4410 kr 30414 kr...

Blandet strossel
120 g, Dr. Oetker

41,40 kr 345,00k...

Cookie dough
465 ml, Ben & Jerry's N

[T | N =
DittOda  Kategorier = Middag  Handiekurv

—
griands ™) 4
Biies 5 | .
'

y \)

Explore >
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The NLP parallel: CLIP

NLP concept Recommendation equivalent
Image encoder User encoder

Text encoder Product encoder

Contrastive loss Contrastive loss

Temperature scaling Temperature scaling

Zero-shot classification Top-K recommendation retrieval
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Architecture

Two independent MLPs

ﬁ Product tower
Product

Product embedded data
(product id, category, attributes, statistics ...) M Users and products

Cosine similarity embedded in the same
@ User tower
User

A
space
User embedded data

(user id, age, location, statistics, ...)
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Training
For a batch of B (user, product) purchase pairs:
1.  Encode all B users and products
2.  Compute the similarity matrix
3. Scale by 1/temperature
4. For each row (user), run softmax cross-entropy: we want high scores on diagonal, low on the

off-diagonal

Training Data Matrix (One-Hot Pattern)

Item A Item B Item C Item D Item E
User 1 pos —neg —neg —neg —neg
User 2 —neg pos — neg — neg — neg
User 3 —neg —neg pos — neg — neg
User 4 —neg —neg — neg pos —neg
User 5 — neg — neg — neg —neg pos
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Transfer learning: Recipes

Step 1: Train product model

Train UserTower + ItemTower jointly with InNfoNCE on user—product
purchase pairs. Both towers converge to a shared 128-d space.

Step 2: Freeze the user tower

Once product training is done, lock all UserTower weights.
user_tower.trainable = False. The user encoder will never change
again.

Step 3: Train the recipe tower

Create a new RecipeTower (same architecture as IltemTower). Train it
on user-recipe interaction pairs. The UserTower produces the same
user embeddings as before. Only the RecipeTower updates.

oda | Mathem

20 middager med laks >

Sitrusbakt laks med
squashsalat

Rask kremet
kokoscurry med
laks

Laks med basilikum
og kremet
brokkolipasta

Kremet laksepanne
med spinat og
solterkede tomater

Topp 15 asiatiske oppskrifter >

20'& £ 25 min R v,,‘O\

Nudelwok med svin

Bao buns med

s W g®
Kategorier  Middag  Mandiekury




Offline vs. online serving

e We want low latency when we serve recommendations in the shop.
e Both the next-order and two-tower model run as nightly predictions jobs.
o Atserving we only do a lookup - no neural network inference needed.
o  For two towers, since the product and user tower are independent, we can pre-compute

the embeddings, and then only do the cosine similarity at serving.

e Inonline serving we run the model inference as the user is in the shop.
o Can use the current cart as a feature.
o Can use in-session data as views and clicks.
o Recommendation is live, can change as you browse and adapt to your session.

o Can balance explore/exploit in-session.

oda | Mathem



Online learning: Bandits
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Bandit problem

The environment
creates a reward that
goes back to the
agent

The agent makes a
decision and acts on

the environment.

Problem protocol: Stochastic bandits

Parameters: K arms, 7" rounds (both known); reward distribution D, for each arm a (unknown).
In each round ¢ € [T:

1. Algorithm picks some arm a;.
2. Reward r; € [0, 1] is sampled independently from distribution D,, a = a;.
3. Algorithm collects reward r;, and observes nothing else.

oda



Bandit problem

The user browses the
store. The events
generated feeds into
the algorithm.

The algorithm
chooses which
products to display to
the user

'@zendlumé

Explore >



Model

Objective: maximize your earnings at the slot machines &

Different, and unknown, chance of winning at each machine.
What's the best strategy for choosing arms?

—— Probability distribution, step 1000
25

20

XEBXXX@BXX XX BEXXXEXXXE3 b VP LVIVIVIVIVIV] S @ os a5 o
= cash payout Multi-armed bandit: sampling strategy to optimally balance exploration and
x = no prize exploitation.

Thompson sampling: At every step, sample from the distribution for every arm
and pick the best one.

oda pi ~ B(ay, B;)



Model

Objective: maximize number of products added

Different, and unknown, chance of adding a product.
What's the best strategy for deciding which product to show?

ICE CREAM

XEXXX@BXXXX BEUXXXGXXXT b VR {VIVIVILVIVIV]

Multi-armed bandit: sampling strategy to optimally balance exploration and

= add to cart, given a view
exploitation.

X = view, but no add to cart

Thompson sampling: At every step, sample from the distribution for every
product and pick the best one.

oda



Model

Objective: maximize number of products added

Different, and unknown, chance of adding from a product block.
What's the best strategy for deciding which block to show?

Hjemmelaget pizza - lag din |
favorittpizza!

Fersk Mozzarella
e RSN
5 r 224,80 kil

Matpakke eller lunsj? > 17.mai >
Lagen ke, sc N

XBXXX@BXXXX BEUXXXGXXXT XUxXuuuxuug

_J = add to cart, given a view Multi-armed bandit: sampling strategy to optimally balance exploration and
X = view, but no add to cart exploitation.

Thompson sampling: At every step, sample from the distribution for every
product and pick the best one.
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Applications

Raske middager

%10
12:524 W T
Q sek
Q sok @
Julekos
Noe godt t julsstrompen, tf
. %10 -
Patilbud dors, oller ki
Marsipanpatser| 3 Sk ® ™
Grovbakt Matpakkebrod 109 Aootina Herbs & Spces peppersaus og rokkol oo, a
Oppskaret, 1 stk 18,80k 70714/ Julestemningi glasset o M “p e “wn a
Stk
2990 kr 35404 + After Eight . 810 g
ppskdret, 1 stk 6e03
Oppsicdret, 1 st nidar Favoriter. B8 o0 o [ Rmelk
. 300 M Tradisjonell julegrot o
29,90 kr 37904 + b e = =
3490 ks 102,65 4 GEEEID Solo Super Julebry = _\\
Spinat Vasket g - - 2
Jutemiks Pose
Italia/ Spania, 125 g g 2050 ke Risgrot \/
14,90 kr 37304 + 190k zvon| gy Sumiva Pressetf R = L\\__'ﬁ
Non stop B . e Metersmer > Naor
High Waist-truser 09 Linguine med squash, sttonog  Suppe med satpotet & bacon Spaghettimed
Huit, str. M, 3 stk 2890kr 16056 K Solo Super Julebry - chit o gremsaksbolognese =
= PR oo 42,90k 8580 k1o + S " som -
159,20 kr 399.06-4¢ B
ARORAr 24 Risengrynsgrot
a Fun Light Julebrus .
‘Ba‘byleal Salatblanding g fnud 40k 1267 kg + seate @)
talia/Spania, 100 g
14,90 kr 22504 o 800 Bamevennlig
® 1200k 1500k +
Ruccula
Vasket, Italia/Spania, 70 g Kanel Mait
14,90 kr 39364 ar 17,40 ke 25970 kv +

Havrescones - for barehager  Tomatsuppe - for bamehagor

S i 0 - <a

Ranking of produts Ranking of blocks Ranking of recipes and
sections



Real-time feedback loop

he algorith The user browses the
The a gorlth_mh store. The events
chooses whic :
. generated feeds into
E:OdUCts to display to the algorithm.
e user

We update the posterior model in real time based on what users see and interact
with.

oda



Contextual bandits

We want to use the bandit framework, but let the predictions

adapt to a specific context.

Context could be: 23

e Popularity of the product

e Scores from offline personalization model

e Time ofday LB W, ) o —
) ) ) \‘ 3 > o\i\‘\t 5 5\7‘ vﬁ
e |n-session data like views e v

e The current cart

Collect of all of the context into a feature vector x.

We then need to estimate a posterior function p; = f(z;;0) where p(0) = N(Na Y)
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Contextual bandit

Algorithm 1 Generic contextual bandit algorithm

fort=1,...do

Observe context z¢, compute p; := explore(z;);

Choose action a; ~ p;, observe loss £;(a;);
learn(xh ahll(al)vpt);
end for

oda | Mathem

Real-time loop

Online training
in hourly

increments



Model

The model needs

e Fastinference
e Online training updates

e Uncertainty estimates in the weights

We use a bayesian logistic regression.

Algorithm 3 Regularized logistic regression with batch updates

Require: Regularization parameter A > 0.
m; =0, ¢; = \. {Each weight w; has an independent prior N'(m;, ¢; ')}
fort=1,...,Tdo
Get a new batch of training data (x;,y;), j=1,...,n.

d n
Find w as the minimizer of: % Z gi(w; —my)? + Z log(1 + exp(—ijij)).
i=1 j=1
mi=w;
g =¢q+ szjpj(l —p;), pj = (1L +exp(—w'x;))"* {Laplace approximation}
end for =
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Model - Extention

The logistic model has limited expression - no interaction between features.

It is harder to use a neural network directly, as we would need uncertainty estimates on the

weights.

We are currently testing using a neural network as a feature extractor followed by a bayesian

logistic regression as the final layer.
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The counterfactual problem

Standard ML: we assume train and test data come from the same distribution.

Here the training data is generated by the current production model. Products ranked high by the

model will get more views and be overrepresented in the training data for the next model update.

Product A: 10 000 views, 800 added to cart (8% CTR)

Product B: 500 views, 60 added to cart (12% CTR)

Inverse Propensity Scoring (IPS): if an item was shown with low probability but converted, that
conversion is more informative than a conversion for an item shown constantly. Weight each

training example by the inverse of the probability it was shown.
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Summary

Next-order prediction:
exploit-heavy model
that predicts what you
are most likely to shop
in your next order.

Online bandit models:
balances explore/exploit
based on real-time
events while you shop.

T
1 S 5
¥ & b

Two towers:
explore-heavy model for
general preference and
what separates you
from other users.

Explore >

: 4
< Exploit
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3. Agents

1. Embeddings

2. Recommendations
3. Agents

Failures and ongoing experimentation
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Part 1; Failure

Personal Shopping Assistant

- % —_—

User problem: “l need help while shopping”

| FAILURE | FAILURE | FAILURE FAILURE ;

o — —
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User problem

Who can | ask for help?

A ReAct agent

oda | Mathem




How to set up a ReAct agent

ReAct = Reasoning + Acting
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ReAct
agent
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Shopping agent

User

{ prompt
Q Agent E—
%

&— Response ——

i

User

||

Functions

Gemini




Shopping agent

ReAct

User T AT Initial
R B
ag ent [ prompt promp prompt A
O Pl
&— Response ——— —1 an or Gemini
response
User |
Plan

I

P t
| Execute functions |————— fomp
w/results
o
i
l ‘
Search Results | \
Output | |
| Input | : !
|
\
> > | ===
Salsa Internal Anything...
functions
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Shopping agent

R eACt - Initial
agent ==

O

O Plan or
&— Response ——— —1 — Gemini
response
User |
Plan
P t
| Execute functions fomp
w/results
A
=
|
oy
Search Results | )
Output | |
| Input | : !
|
{
> > | ===
Salsa Internal Anything...
functions
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P ro m pt Hva kan jeg hjelpe deg med? b4

Eksotisk frukt

e User prompt (“exotic fruit”)

Sper meg om noe
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Shopping agent

e Create prompt \ inital
agent F _ o
O Pl
&— Response ———— —1— an or Gemini
User |
Plan
,——— | Execute functions Prompt
w/results

I
=
|
oy

Search !

earch Results output | \I

| Input | : !
|
{
> . >
Salsa Internal Anything...
functions
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Prompt

e User prompt (“exotic fruit”)
e GCeneral part of prompt: (*You are a shop assistant, bla bla...")

SYSTEM_PROMPT = """You are AIDA, an AI shopping assistant for the Norwegian online grocery store Oda.
Your goal is to help users find products, give recommendations, make informed shopping decisions

and make the shopping experience inspiring and efficient.
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Shopping agent

ReAct

User Create prombt Initial
N
agen t e o e |
: &— Response ——— A
response

User |

P t
| Execute functions fomp
w/results
I
=
il
b
Search Results | )
Output | |
| Input | : !
|
{
> > | ===
Salsa Internal Anything...
functions
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Prompt

e User prompt (“exotic fruit”)
e GCeneral part of prompt: (*You are a shop assistant, bla bla...")
e Agentic part of prompt: ("Make a plan, Stan”)

Your function output must either be generate_plan or generate_response — never both.

In a plan, You have access to these functions for gathering information:
1. search_products: Find products with a text query
semantic_recipe_search: Find recipes using natural language queries
. get_recommendations: Fetch recommended products from recommender models (likely_to_buy, bonus
. get_recipe_details: Return a recipe's basic info and its products (requires recipe_id)
. get_discounts: Fetch products on discounts
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ReAct
agent
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Shopping agent

User
prompt
&— Response
User

Search Results

Salsa

Create prompt

Initial

Plan

I

Execute functions

|

|

Output |

Input | :
|

{

Lg

Internal
functions

Anything...

prompt A

Plan or
response

Gemini

Prompt
w/results




Prompt

User prompt (“exotic fruit”)

General part of prompt: (*You are a shop assistant, bla bla...")
Agentic part of prompt: ("Make a plan, Stan”)

Function definitions (“How to search?)
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Prompt

User prompt (“exotic fruit”)

General part of prompt: (*You are a shop assistant, bla bla...")
Agentic part of the prompt: (*“Make a plan, Stan”)

Function definitions (“How to search?)

class AgentTools:

f search_products(self, query: str, top_k: int = 2@0) —> List[Tuplelstr, Optional[Dict]]]:

"

Search for specific products in the store using Norwegian text queries.
Works best with precise, single-product searches.
Break down complex user queries into smaller, more specific product-specific queries.

This is useful when you need to:

-~ Find a specific product by its exact name (e.g. "Tine Lettmelk")
- Search for a single, well-defined product type (e.g. "havremelk")
- Look up products by specific brand names (e.g. "First Price")

Args:
query (str): The search query in Norwegian. Most effective with specific product names or types.
Examples: "Tine Lettmelk", "havremelk", "First Price brgd"
top_k (int, optional): Maximum number of products to return. Defaults to 20. For broad queries,
prefer 20540 and let the agent select the most relevant for the response.




Prompt

User prompt (“exotic fruit”)

General system prompt: (“You are a shop assistant, bla bla...”)
Agentic part of the prompt: (Plan, call, respond)

Function definitions (“How to search?)

+ other small components
Tone of voice
Behavioral tips
Clarifications on goals
Desired response

etc.

oda | Mathem



LLM response 1.

A plan
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A plan

Gemini returns a list of functions with arguments to call.

"message_type": "assistant_thinking",
"plan_steps": 1,
"json_data": {

"steps": [
{
"function_name": "search_products",
targs®:{
"query": "sgt eksotisk frukt",
"top_k": 2@
H
"depends_on": [],
"description”: "Search for sweet exotic fruits, as the user indicated a dislike for sour fruits, refining their previous request for exotic fru
Itsti
}
Ii
"plan_rationale": "The user previously asked for 'eksotisk frukt' (exotic fruit) and now has refined their preference by stating 'Jeg liker ikke su

re frukter' (I don't like sour fruits). Therefore, the plan is to search for 'sgt eksotisk frukt' (sweet exotic fruit) to align with the user's updated
preference. A top_k of 20 is chosen to provide a good selection of sweet exotic fruits."

}



A plan

Sometimes, the plan consists of several steps

{ "plan_steps": 4,
"steps": [

"function_name": "search_products",
"query": "sunn frukt og grennsaker snacks",
"description": "Search for healthy fruit and vegetable snacks to cover a major category of healthy snacking."

"function_name": "search_products",
"query": "sunne ngtter og frg snacks",
"description": "Search for healthy nut and seed snacks, another common healthy snack option."

"function_name": "search_products",
"query": "sunn yoghurt og meieriprodukter snacks",
"description": "Search for healthy yogurt and dairy product snacks, often chosen for their nutritional value."

"function_name": "search_products",
"query”: "sunne fullkorn snacks",
"description": "Search for healthy whole grain snacks, such as whole-grain crackers or rice cakes, to offer more variety."




A plan

plan_rationale:

The user is asking for 'Sunne snacks' (Healthy snacks).This is a broad
query, so the plan decomposes it into multiple targeted searches
across different common categories of healthy snacks: fruits and
vegetables, nuts and seeds, yogurt and dairy products, and whole
grain snacks. This approach ensures a comprehensive retrieval of
relevant healthy snack options, and for each search, a top_k of 20
products is requested to provide a good variety to the user
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A response

"timestamp": "2025-09-17T07:22:01.8826902",
"event": "Generated final response",
"json_data": |
{ "type": "message", "content": "Her er noen forslag til sunne snacks fra ulike kategorier:" },
{ "type": "message", "content": "Frukt og grennsaker er alltid et godt valg:" },
"type": "product_list", "content": ["..."] },
{ "type": "message", "content": "Du kan ogsa prgve sunne yoghurt- og meieriprodukter:" },
"type": "product_list", "content": ["..."] },

{ "type": "message", "content": "Ngtter og terket frukt kan ogsa vare gode snacksalternativer:" },
{ "type": "product_list", "content": ["..."] },

{ "type": "suggested_prompts",
"content": [
"Vis meg sunne lunsjalternativer",
"Hvilke vegetariske snacks finnes det?",
"Gi meg oppskrifter pa sunne snacks"




Final product, launched with interal video &

(Skip if time constraint)
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https://docs.google.com/file/d/131iPT439HM0Sef7U9Vwde4WU4ulm_GIz/preview
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Unsuccessful experiment

A/B test

Split all users randomly in two groups
Compare the performance of two different versions (A and B) of something

Determine which version is more effective based on data

Experiment Stopped

Products added: Shop 0 0.007

Low adoption rate. Assistant 0/107.2K 747/ 107K

oda | Mathem

No data



Experimentation is a method to learn

..and we learned something
we already knew...
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Fill my cart

No chat, just one click
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17:38 & ol
Hjem

Let us fill your cart

We'll use your order history to suggest a
week's worth of groceries.

Fill my cart

Velg leveringstid

9)

® B



Fill my cart 17:39 at

9)

® B

High latency, let iut work Hjem
in the beackground

ﬂ. Shopping assistant
We're filling your cart. You'll get a
notification when we're done.

Velg leveringstid
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Fill my cart
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https://docs.google.com/file/d/14rqLBcQQ4Qel_mZsygH46KeQKdKoFRau/preview

Embeddings

Appendix
Recommendations

Answering the real question ;
° ? . Agents

Appendix

oda | Mathem




Summary
1. Embeddings

Word2vec applied on products
LLMs and text embeddings

2. Recommendations

Neural networks
Transformer architecture

3. Agents

Applying Al on real world problems
Understanding the limitations and possibilities of LLMs
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The real question

User problem: “Will | get a job?”
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Thank you!
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Disposisjon

1. Intro (Fredrik) - 5 min 5. Two towers (explore) (Lars)
a. Om Fredrik e Algorithm
b. Om Lars e Visualisation
c. Om Oda e Use cases
d.  Om produktet - tegne et kart e Transfer learning to recipes
Interlude: Embeddings (Fredrik) Interlude - Online training (vs batch) (Lars)
2. Home-grown Embeddings: Related products ¢ Bandits (Lars)

(Fredrik)
a. Word2Vec
b. Dildo gate and text embeddings
c. Utforsk-knappen
3. Pre-trained embeddings: Search (Fredrik)
a. Embeddingsin search Interlude - Agentic setup (Lars)
b. What text to embed 7 Agents
c. Also used in related products (now)

e Global multi-armed bandits
e Contextual (two towers)
e LogregvsMLP
(for interaction between features)

_ e Failed shopping assistant (Fredrik)

4. Transformer (exploit): Likely to buy (Lars) 8 Future of groceries
e More ppl use Oda?

Is Oda an MCP or an app?
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