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Seznam?

• „The homepage of czech internet“

• Search engine, e-mail service, news 

and entertainment content publisher, 

video streaming platform, maps, 

internet browser, TV, radio…

• Private company

• Online advertisement platform

• Czech market



www.mapy.cz

Bari



Seznam Newsfeed

• Personalized, infinite feed of content

• News, entertainment articles, videos, 

podcasts, photos, user comments…

• In-house produced content

• External partner content



1.8 M 2 000 450 3 000
daily active users daily published items publishers peak requests per second

Seznam Newsfeed in numbers



4-stage recommender system

Source: Karl Higley, Even Oldridge, Ronay Ak, Sara Rabhi, and Gabriel de Souza Pereira Moreira. 2022. Building and Deploying a Multi-Stage Recommender System 

with Merlin. In Proceedings of the 16th ACM Conference on Recommender Systems (RecSys '22). Association for Computing Machinery, New York, NY, USA, 632–635. 

https://doi.org/10.1145/3523227.3551468

ScoringRetrieval Filtering Ordering



Problem:

Popularity bias

and long-tail content exposure



              

 

   

   

   

   

 

                          

 
 
 
 
  
  
  

  
  

 
  

  
  
 
 
  

Publisher and item exposure

• Item exposure – # of visible impressions

• Popularity bias ~ long-tail items

• Publisher diversity is important



              

 

   

   

   

   

 

                          

 
 
 
 
  
  
  

  
  

 
  

  
  
 
 
  

Publisher and item exposure

• Item exposure – # of visible impressions

• Popularity bias ~ long-tail items

• Publisher diversity is important

Goal:

Deliver relevant exposure to

unfairly underexposed items



Randomization after ranking

Source: Karl Higley, Even Oldridge, Ronay Ak, Sara Rabhi, and Gabriel de Souza Pereira Moreira. 2022. Building and Deploying a Multi-Stage Recommender System 

with Merlin. In Proceedings of the 16th ACM Conference on Recommender Systems (RecSys '22). Association for Computing Machinery, New York, NY, USA, 632–635. 

https://doi.org/10.1145/3523227.3551468
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Proposed solution:

Inverse recommendation



Top items for a user

Traditional recommendation



Inverse recommendation
a.k.a. reverse k-MIPS [0]

Top items for a user Top users for an item

Traditional recommendation

[0] Daichi Amagata and Takahiro Hara. 2021. Reverse Maximum Inner Product Search: How to efficiently find users who would like to buy my item? In Proceedings of 

the 15th ACM Conference on Recommender Systems (RecSys '21). Association for Computing Machinery, New York, NY, USA, 273–281. 

https://doi.org/10.1145/3460231.3474229



Retrieval model

Source: Karl Higley, Even Oldridge, Ronay Ak, Sara Rabhi, and Gabriel de Souza Pereira Moreira. 2022. Building and Deploying a Multi-Stage Recommender System 

with Merlin. In Proceedings of the 16th ACM Conference on Recommender Systems (RecSys '22). Association for Computing Machinery, New York, NY, USA, 632–635. 

https://doi.org/10.1145/3523227.3551468
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Two-tower retrieval model

Dot product

Item features

(ID)

User features

(ID, hist. item IDs)

Item embedding

User embedding
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Two-tower inverse retrieval model (InvR)

Dot product

Item features

(ID)

User features

(ID, hist. item IDs)

Item embedding

Query

User embedding

User ANN index



Results ordering

• Multiple items per user

• Score sort

• Use the similarity (dot product) value

• Biased
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Results ordering

• Multiple items per user

• Score sort

• Use the similarity (dot product) value

• Biased

• Random sort

• Most fair?

• User rank sort

• Use the rank of user w.r.t. item

score user rank

0.51 1 924

0.85 5 124

0.46 265

0.64 945

0.28 1 324



Incorporating in recommendations

• Offline InvR pipeline

• Inserted into slate after business logic

Source: Karl Higley, Even Oldridge, Ronay Ak, Sara Rabhi, and Gabriel de Souza Pereira Moreira. 2022. Building and Deploying a Multi-Stage Recommender System 

with Merlin. In Proceedings of the 16th ACM Conference on Recommender Systems (RecSys '22). Association for Computing Machinery, New York, NY, USA, 632–635. 

https://doi.org/10.1145/3523227.3551468
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Business-level hyperparameters

• Set of treated publishers

• Minimum exposure

• Slate positions

• Capping



Evaluation



A/B testing

• Randomized A/B tests on live traffic

• A/A variants included

• Empirically sufficient variant sizes and duration

• Randomization unit = user



Metrics

• Bottom 50 % share (B50PS)

• Whole item set

• Percentage of sufficiently exposed items (PSEI)

• Treated items only

• Top 1 % share (T1PS)

• Whole item set

Fairness-oriented

              

 

   

   

   

   

 

                          

 
 
 
 
  
  
  

  
  

 
  

  
  
 
 
  



Metrics

• CTR

• per user

• Clicks

• per user

• Bottom 50 % share (B50PS)

• Whole item set

• Percentage of sufficiently exposed items (PSEI)

• Treated items only

• Top 1 % share (T1PS)

• Whole item set

Fairness-oriented KPIs (InvR-only)

              

 

   

   

   

   

 

                          

 
 
 
 
  
  
  

  
  

 
  

  
  
 
 
  



Variants

• Baseline

• No InvR

• Random

• Ablation study

• Pick users for the item randomly

• Score sort

• Random sort

• User rank sort



Results



Variant B50PS PSEI T1PS CTR (InvR) Clicks (InvR)

Baseline 0 % 0 % 0 % - -

Random +9.2 % +181 % -1.0 % 0 % 0 %

InvR Random +9 % +43 % -0.5 % +271 % +106 %

InvR Score +9.9 % +41 % -0.9 % +261 % +103 %

InvR User rank +33.3 % +45 % -1.6 % +300 % +120 %

All reported changes are relative.

B50PS – Bottom 50 % share

PSEI – Percentage of sufficiently exposed items

T1PS – Top 1 % share

CTR (InvR) – click-through rate per user, InvR recommendations only

Clicks (InvR) – clicks per user, InvR recommendations only

Main results



clicks per user

-1.67 %
CTR per user

-1.04 %

Cost of deployment
InvR User rank variant

All reported changes are relative.



unique items recommended 

by main recommender

+18 %

Side-effects

All reported changes are relative.



Long-term experience

• Only 40 % of min. exposure generated by InvR



Considerations, limitations, future work

• Cold-start item embeddings

• Employ content-based solution instead of IDs

• Popularity bias in user set

• Truncated user representation

• Model hyper-opt

• Treatment of all items

• User-centered analysis
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Thank you! Paper at:

Questions?
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