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News Encoder

News 

News EncoderNews 
Encoder User Encoder

User 
Encoder

Clicked News 

Which article information does the model take into consideration?

How to model users’ preferences based on their histories?
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Ablation studies analyse model components in isolation
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Emerging evidence of similar performance despite varying model complexities!
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Progress in model design measured wr.t. recommendation performance
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One-sided (performance-based) understanding of encoders’ behavior can lead to suboptimal model selection!

Progress in model design measured wr.t. recommendation performance

Model 1 Model 2> when

AUC MRR nDCG@10
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Model 1
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Pretrained word embeddings 
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Contextualization layers

(1) Word embeddings-based
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Pretrained word embeddings 

AddAtt

News

CNN

Contextualization layers

(1) Word embeddings-based

CNN: convolutional neural network

MHSA: multi-head self-attention

AddAtt: additive attention

CNN+AddAtt
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Pretrained word embeddings 

AddAtt
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CNN

AddAtt
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Contextualization layers

(1) Word embeddings-based

CNN: convolutional neural network

MHSA: multi-head self-attention

AddAtt: additive attention

CNN+AddAtt MHSA+AddAtt
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Pretrained word embeddings 

AddAtt

News

CNN

AddAtt

MHSA

MHSA

CNN

AddAtt

Contextualization layers

(1) Word embeddings-based

CNN: convolutional neural network

MHSA: multi-head self-attention

AddAtt: additive attention

CNN+AddAtt MHSA+AddAtt

CNN+MHSA
+AddAtt
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News

PLM

(2) Language model-based

[CLS]

PLM[CLS]

PLM: pretrained language model

SE: sentence encoder

tokenemb: token embedding

[CLS]: PLM’s output [CLS] token
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News

PLM

AddAtt

PLM

(2) Language model-based

[CLS]

PLM[CLS] PLMtokenemb+Att

PLM: pretrained language model

SE: sentence encoder

tokenemb: token embedding

[CLS]: PLM’s output [CLS] token



  

Text Encoder Architectures 

18/10/2024 6INRA 2024 / Methodology 

News

PLM

AddAtt

PLM

(2) Language model-based

PLM: pretrained language model

SE: sentence encoder

tokenemb: token embedding

[CLS]: PLM’s output [CLS] token

SE

[CLS]

PLM[CLS] PLMtokenemb+Att SE
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AddAtt

AddAtt

CategoryText

AddAtt: additive attention

Con / Concat: concatenation
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AddAtt

CategoryText

Linear Layer

Linear

AddAtt: additive attention

Con / Concat: concatenation
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AddAtt

AddAtt

CategoryText

Linear Layer

Linear

Concat

Con

AddAtt: additive attention

Con / Concat: concatenation
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LF: late fusion

GRU: gated recurrent unit
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GRU: gated recurrent unit
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Parameterized
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(2) Candidate-aware

Parameterized
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CNN+AddAtt MHSA+AddAtt CNN+MHSA+AddAtt PLMtokenemb+Att PLM[CLS] SE
20

25

30

35

40

Monofeat (title) Multifeat-AddAtt (title+category) Multifeat-Linear (title+category) Multifeat-Con (title+category)

Recommendation Performance

➔ Similar ranking performance for models using the same family of news encoders

➔ Categorical information is beneficial only for less contextualized / semantically informed text encoders

11

Setup: fixed user encoder = LF
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CNN+AddAttMonofeat

CNN+AddAttMultifeat−AddAtt

CNN+AddAttMultifeat−Linear

CNN+MHSA+AddAttMonofeat

CNN+MHSA+AddAttMultifeat−AddAtt

CNN+MHSA+AddAttMultifeat−Linear

MHSA+AddAttMonofeat

MHSA+AddAttMultifeat−AddAtt

MHSA+AddAttMultifeat−Linear

PLM[CLS]Monofeat

PLM[CLS]Multifeat−AddAtt

PLM[CLS]Multifeat−Linear

SEMonofeat

SEMultifeat−AddAtt

SEMultifeat−Linear

1 0.58 0.56 0.58 0.54 0.53 0.52 0.51 0.5 0.45 0.46 0.48 0.48 0.49 0.46

0.58 1 0.66 0.57 0.68 0.65 0.51 0.6 0.59 0.47 0.53 0.54 0.53 0.56 0.55

0.56 0.66 1 0.6 0.7 0.67 0.54 0.62 0.63 0.49 0.56 0.56 0.55 0.58 0.56

0.58 0.57 0.6 1 0.62 0.58 0.58 0.55 0.55 0.47 0.5 0.5 0.51 0.53 0.51

0.54 0.68 0.7 0.62 1 0.71 0.55 0.65 0.65 0.49 0.55 0.57 0.56 0.6 0.59

0.53 0.65 0.67 0.58 0.71 1 0.53 0.65 0.64 0.5 0.54 0.55 0.55 0.57 0.57

0.52 0.51 0.54 0.58 0.55 0.53 1 0.58 0.6 0.47 0.48 0.49 0.5 0.51 0.5

0.51 0.6 0.62 0.55 0.65 0.65 0.58 1 0.69 0.49 0.54 0.55 0.56 0.58 0.58

0.5 0.59 0.63 0.55 0.65 0.64 0.6 0.69 1 0.49 0.54 0.54 0.54 0.57 0.56

0.45 0.47 0.49 0.47 0.49 0.5 0.47 0.49 0.49 1 0.55 0.54 0.54 0.52 0.51

0.46 0.53 0.56 0.5 0.55 0.54 0.48 0.54 0.54 0.55 1 0.67 0.62 0.61 0.61

0.48 0.54 0.56 0.5 0.57 0.55 0.49 0.55 0.54 0.54 0.67 1 0.6 0.62 0.59

0.48 0.53 0.55 0.51 0.56 0.55 0.5 0.56 0.54 0.54 0.62 0.6 1 0.7 0.69

0.49 0.56 0.58 0.53 0.6 0.57 0.51 0.58 0.57 0.52 0.61 0.62 0.7 1 0.73

0.46 0.55 0.56 0.51 0.59 0.57 0.5 0.58 0.56 0.51 0.61 0.59 0.69 0.73 1

0.5

0.6

0.7

0.8

0.9

1.0Similarity of Recommendations

➔ Intra-family news encoders clusters

➔ Same recommended news in over 70% of the time, 

regardless of architectural design & complexity
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CNN+MHSA+AddAttMultifeat−AddAtt

CNN+MHSA+AddAttMultifeat−Linear

MHSA+AddAttMonofeat
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SEMonofeat
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SEMultifeat−Linear

1 0.41 0.38 0.59 0.36 0.31 0.44 0.29 0.29 0.16 0.21 0.21 0.24 0.24 0.23

0.41 1 0.87 0.41 0.88 0.91 0.34 0.79 0.79 0.31 0.49 0.51 0.48 0.55 0.59

0.38 0.87 1 0.5 0.91 0.88 0.41 0.79 0.82 0.31 0.5 0.52 0.49 0.56 0.6

0.59 0.41 0.5 1 0.53 0.39 0.57 0.4 0.42 0.21 0.32 0.31 0.36 0.34 0.34

0.36 0.88 0.91 0.53 1 0.9 0.39 0.79 0.81 0.31 0.51 0.53 0.5 0.57 0.61

0.31 0.91 0.88 0.39 0.9 1 0.31 0.79 0.81 0.3 0.49 0.52 0.48 0.55 0.6

0.44 0.34 0.41 0.57 0.39 0.31 1 0.47 0.47 0.2 0.28 0.28 0.32 0.31 0.31

0.29 0.79 0.79 0.4 0.79 0.79 0.47 1 0.81 0.3 0.48 0.5 0.47 0.53 0.57

0.29 0.79 0.82 0.42 0.81 0.81 0.47 0.81 1 0.3 0.49 0.51 0.49 0.55 0.59

0.16 0.31 0.31 0.21 0.31 0.3 0.2 0.3 0.3 1 0.51 0.51 0.45 0.44 0.43

0.21 0.49 0.5 0.32 0.51 0.49 0.28 0.48 0.49 0.51 1 0.86 0.7 0.71 0.71

0.21 0.51 0.52 0.31 0.53 0.52 0.28 0.5 0.51 0.51 0.86 1 0.69 0.71 0.71

0.24 0.48 0.49 0.36 0.5 0.48 0.32 0.47 0.49 0.45 0.7 0.69 1 0.92 0.89

0.24 0.55 0.56 0.34 0.57 0.55 0.31 0.53 0.55 0.44 0.71 0.71 0.92 1 0.92

0.23 0.59 0.6 0.34 0.61 0.6 0.31 0.57 0.59 0.43 0.71 0.71 0.89 0.92 1 0.2
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1.0Representational Similarity
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➔ Similar embeddings of intra-family news encoders

➔ Similar retrieved items for small k, even for models with 

low representational similarity scores
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MHSA+AddAtt (monofeat)

MHSA+AddAtt (multifeat)

GRUini (monofeat)

GRUini (multifeat)

GRUcon (monofeat)

GRUcon (multifeat)

GRU+MHSA+AddAtt (monofeat)

GRU+MHSA+AddAtt (multifeat)
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CandAware (multifeat)

Recommendation Performance
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➔ Simpler encoders (e.g., LF, AddAtt) outperform more complex ones

➔ Multi-feature inputs close the gap 

➔ in between inter-family user encoders for the same base news encoder

➔ across intra-family user encoders for different underlying news encoders

Setup: fixed news encoder for different user encoders
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CNN+AddAttCandAware

CNN+AddAttGRUini

CNN+AddAttGRU+MHSA+AddAtt

CNN+AddAttLF

CNN+AddAttMHSA+AddAtt

CNN+MHSA+AddAttAddAtt

CNN+MHSA+AddAttCandAware

CNN+MHSA+AddAttGRUini

CNN+MHSA+AddAttGRU+MHSA+AddAtt

CNN+MHSA+AddAttLF

CNN+MHSA+AddAttMHSA+AddAtt
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PLM[CLS]MHSA+AddAtt

SEAddAtt

SECandAware

SEGRUini
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SELF

SEMHSA+AddAtt

1 0.56 0.51 0.51 0.68 0.53 0.57 0.56 0.59 0.54 0.58 0.55 0.51 0.48 0.52 0.51 0.51 0.51 0.45 0.47 0.48 0.46 0.44 0.46 0.47 0.46 0.48 0.48 0.46 0.48

0.56 1 0.51 0.54 0.57 0.54 0.54 0.63 0.58 0.56 0.57 0.56 0.54 0.59 0.53 0.53 0.53 0.54 0.47 0.52 0.5 0.49 0.46 0.49 0.49 0.5 0.49 0.51 0.49 0.52

0.51 0.51 1 0.59 0.49 0.6 0.46 0.51 0.52 0.55 0.5 0.6 0.5 0.47 0.49 0.56 0.5 0.6 0.45 0.46 0.45 0.44 0.43 0.44 0.45 0.45 0.46 0.45 0.45 0.46

0.51 0.54 0.59 1 0.51 0.63 0.47 0.53 0.53 0.58 0.5 0.63 0.47 0.48 0.48 0.54 0.46 0.58 0.45 0.47 0.44 0.44 0.42 0.45 0.44 0.46 0.46 0.45 0.44 0.46
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➔ Models clustered based on the underlying news encoder 

family, regardless of the user encoder

➔ Large overlap of recommended news for intra-family 

user encoders
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➔ Architecturally comparable families of user encoders 

dictate the similarity of embeddings, regardless of the 

news encoder

➔ Differences in representational similarity not directly 

correlated with more dissimilar recommendations
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➔ News encoding should focus more on using or adapting semantically informed, contextualized 

language models
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➔ Simpler architectures are more lightweight, equally effective user encoder alternatives

➔ User modeling should focus also on (i) collecting richer, more accurate user feedback & (ii) 

news consumption motivations
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     More Rigorous Evaluation is Needed for Better Model Selection3
➔ Ablations & evaluations should go beyond perfomance-based evaluation & consider the 

broader architectural context
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     Semantic Richness is Key1

     User Encoders Can be Considerably Simplified2

     More Rigorous Evaluation is Needed for Better Model Selection3

NewsRecLib

Contact
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