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Abstract

This report synthesises findings from 12 peer-reviewed papers ad-
dressing the following research question: How do manifold-aware dis-
tance metrics (e.g., MA-DPR) improve the robustness of multilingual
models like LaBSE against adversarial cross-lingual retrieval attacks
on MLQA, as evaluated by accuracy. While summarization has been
extensively researched in natural language processing (NLP), cross-
lingual cross-temporal summarization (CLCTS) is a largely unexplored
area that has the potential to improve cross-cultural accessibility and
understanding. This paper comprehensively. 10 claims were extracted
from source literature; 0 were independently verified against retrieved
documents. An automated multi-reviewer quality assessment produced
a score of 3.8/10. This report is a machine-generated literature syn-
thesis and does not constitute original research.

1 Introduction

This paper examines: Cross-lingual Cross-temporal Summarization: Dataset,
Models, Evaluation. Research question: How do manifold-aware distance
metrics (e.g., MA-DPR) improve the robustness of multilingual models like
LaBSE against adversarial cross-lingual retrieval attacks on MLQA, as eval-
uated by accuracy degradation under noisy or perturbed inputs compared
to cosine similarity?.

2 Methodology

Systematic literature search across multiple databases yielded 12 papers.
Claims were extracted from source material and verified against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 3.8/10.



3 Results

12 papers retrieved. 10 claims extracted; 0 independently verified. Quality

review score: 3.8/10.

4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and verification may introduce
errors or omissions. Review scores reflect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative

information.

5 Extracted Claims

Claim

Verified Confidence

The experiment results are shown in Table 9 for
hDe-En (upper) and hEn-De (lower).

Slightly diminishing results from historical text
normalization: We observe a decrease in all met-
rics scores on MemSum p

Norma, performs well at token-level normaliza-
tion, it fails to consider the context of the words,
where in our use case s

For hDe-En, intermediate task finetuning with
external sources does not improve scores, and
sometimes finetuning with mo

For hEn-De, the results show the opposite. We
observe higher scores for models trained with
more intermediate summarizat

During 5-fold cross-validation, we accumulate
the test sets from each fold and in this way, we
obtain a final test set ¢

For example, for direction hDe-En with 328 sam-
ples, we accumulate output summaries from each
test set consisting of 65-6

In contrast, for zero-shot ChatGPT, we query di-
rectly from ChatGPT and collect 328 summaries
at once.

We use 5-fold cross-validation to train and test
MemSum with our monolingual dataset.

We limit the maximal extracted sentences to 25
per source document.
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