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Recommender Systems

2

Recommendation System
A personalized way to access information.
Goal: suggest the most relevant content to each user based on their preferences.



Explainable Recommendation
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Traditional explanation

Based on similarity between
users or items

Such explanations are often
opaque or lack detail

Aspect/Feature-based
explanation

User’s appraisal on item’s
specific aspects

Aspects are not always
available.

Text-based Explanation

Generating reviews and 
explanations with language
models

=> provide insights to explain why an item is recommended



Text-based Explainable Recommendations
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Transformer-based

PETER [Li 2021]: multi-task + 
replaces recurrence with an 
untrained Transformer

CER [Raczynski 2023]: alignment 
between explanation and rating

PEPLER [Li 2023]: fine-tunes GPT-2 
to generate explanations from 
user and item embeddings

LLM-enhanced

XRec [Ma 2024]: lightweight
collaborative adapter + injects user 
and item latent representations
into the LLM.

G-refer [Li 2025]: graph retrieval
(structural + semantic) + LM 
prompt to guide explanation
generation.

RNN-based

Att2Seq [Dong 2017]: attention + 
LSTM to generate reviews from
attributes

NRT [Li 2017]: multi-task model 
(overall rating + explanation) 
tations), GRU-based

(1) Template-based Explanation:  Predefined templates, (item features and opinion words)
(2) Free-form Explanation: 

- Review (Att2Seq, NRT, PETER, CER, PEPLER)
- Explanation (XRec, G-refer)



Evaluation of Text-based Explainable Recommenders
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Evaluation of Text-based Explainable Recommenders
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Factual Consistency?
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Definition (& link to NLI - Natural Language Inference)

Let two texts a and b. Text a is factually consistent with text b if all the information
contained in a is also contained in b and does not contradict b.

A critical question remains largely unexplored:
Are the explanations generated by state-of-the-art models factually consistent
with the available evidence?



Contributions: Statement-Level Ground-truth
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(1) Statement-Level Ground-truth.
A prompting-based pipeline to extract atomic explanatory statements from user reviews.

Hyp : Fine-grained decomposition isolates explanatory content from noise while preserving all
relevant information.



Contributions: Augmented Benchmarks Datasets
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(2) Augmented Benchmark Datasets.

=> fine-grained evaluation across domains / foundation for factual consistency.
=> Publicly available

Classical

Dataset

Factual GT



Contributions: Statement-Level Factuality Metrics
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(3) Statement-Level Factuality Metrics.

Factual consistency (precision) + relevance (recall) (& f1) at the statement level.



Metrics Correlation
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Summary
● Models achieve high scores on standard similarity

metrics (BERTScore F1 from 0.81 to 0.90).

● Statement-level metrics tell a different story.

● E.g. LLM-based precision (4.38% to 32.88%) and
recall (0.27% to 29.86%) !!



LLM-based Metrics Results
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Precision
● The highest average precision is achieved by XRec on

Sports with 32.88% (std 33.89%)
● NRT yields the lowest precision, e.g., 4.38% on Toys
● Current state-of-the-art models exhibit limited factual

consistency

Recall
● Generally even lower than precision: 0.27% (NRT on

Sports) - 29.86% (XRec on Beauty)
● Current models fail to recover most of the ground-truth

explanatory passages



NLI-based Metrics Results
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Entailment

Precision: 4.66% (NRT on Toys) to 24.80%
(NRT on Cell), showing substantial cross-
dataset variability

Recall: NRT achieves only 3.67% recall on
Cell
Max: 14.02% (PEPLER on Clothes)

Coherence (entail. minus contrad.)

Even XRec yield negative scores on several
datasets

Models can produce statements that
directly contradict the reference



Discussion

14

The Factuality Gap

Dramatic disconnect between
surface-level text quality and 
factual accuracy.

BERTScore F1 ranges from 0.81 
to 0.90 across all datasets
suggesting near-human
quality text generation

Statement-level factual
consistency metrics, exhibit
poor performance (4.38% to 
32.88%)

Precision vs Recall Trade-offs

Our results is that models
struggle with both precision
and recall

Low precision = frequent
hallucination of explanatory
content

Low recall scores = models fail 
to recover most explanatory
passages

Limitations

LLM-Based Extraction. Our 
statement extraction pipeline 
relies on LLMs, which may
introduce errors or biases.

Granularity of Ground-truth.  
Our rule-based approach may
not reflect the natural structure 
or emphasis users would prefer.

(small) Inconsistency between
our LLM-based and NLI-based
metrics



Thank you for your attention!
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Dataset CodePaper
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