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Abstract

This report synthesises findings from 1 peer-reviewed paper ad-
dressing the following research question: How does the choice of LoRA
rank (e.g., 4, 8, 16) impact the cross-domain generalization of Wan2.1
I2V-14B when evaluated on FVD and LPIPS across diverse human
video synthesis datasets like HuVAE or. Similarity metrics have played
a significant role in computer vision to capture the underlying seman-
tics of images. In recent years, advanced similarity metrics, such as the
Learned Perceptual Image Patch Similarity (LPIPS), have emerged.
12 claims were extracted from source literature; 11 were indepen-
dently verified against retrieved documents. An automated multi-
reviewer quality assessment produced a score of 8.1/10. This report is a
machine-generated literature synthesis and does not constitute original
research.

1 Introduction

This paper examines: R-LPIPS: An Adversarially Robust Perceptual Simi-
larity Metric. Research question: How does the choice of LoRA rank (e.g.,
4, 8, 16) impact the cross-domain generalization of Wan2.1 12V-14B when
evaluated on FVD and LPIPS across diverse human video synthesis datasets
like HuVAE or HumanEva?.

2 Methodology

Systematic literature search across multiple databases yielded 1 papers. Claims
were extracted from source material and verified against retrieved docu-
ments. An independent multi-reviewer assessment produced a quality score

of 8.1/10.



3 Results

1 papers retrieved. 12 claims extracted; 11 independently verified. Quality
review score: 8.1/10.

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

Similarity metrics have played a significant role v 0.33
in computer vision to capture the underlying se-

mantics of images.

Advanced similarity metrics, such as the Learned v 0.39
Perceptual Image Patch Similarity (LPIPS),

have emerged in recent years

LPIPS leverages deep features extracted from v 0.27
trained neural networks.
LPIPS has demonstrated a remarkable ability to v 0.31

closely align with human perception when eval-

uating relative image simila

Neural networks are susceptible to adversarial v 0.35
examples, i.e., small perturbations invisible to

humans crafted to delibe

The LPIPS metric is sensitive to such adversarial v 0.25
examples.

The susceptibility of LPIPS to adversarial exam- v 0.21
ples introduces significant security concerns.

LPIPS is widely adopted in large-scale applica- X 0.11
tions.

The authors propose the Robust Learned Per- v 0.36
ceptual Image Patch Similarity (R-LPIPS) met-

ric.

R-LPIPS leverages adversarially trained deep v 0.24
features.

Through a comprehensive set of experiments, v 0.26

the authors demonstrate the superiority of R-

LPIPS compared to the classical

The code for R-LPIPS 1is available at v 0.21
https://github.com/SaraGhazanfari/R-LPIPS.
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