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Abstract

This report synthesises �ndings from 12 peer-reviewed papers ad-
dressing the following research question: What is the impact of stochas-
tic layer fusion strategies on out-of-distribution robustness scores for
federated models evaluated on DomainBed wilds benchmarks. We
propose HeroCrystal, a novel privacy-preserving framework for multi-
camera domain-adaptive object detection, addressing challenges such
as data privacy, class imbalance, and heterogeneous architectures. Our
framework consists of three key stages. 14 claims were extracted from
source literature; 1 was independently veri�ed against retrieved doc-
uments. An automated multi-reviewer quality assessment produced a
score of 4.5/10. This report is a machine-generated literature synthesis
and does not constitute original research.

1 Introduction

This paper examines: Heterogeneous Model Fusion for Privacy-Aware Multi-
Camera Surveillance via Synthetic Domain Adaptation. Research question:
What is the impact of stochastic layer fusion strategies on out-of-distribution
robustness scores for federated models evaluated on DomainBed wilds bench-
marks?.

2 Methodology

Systematic literature search across multiple databases yielded 12 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 4.5/10.
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3 Results

12 papers retrieved. 14 claims extracted; 1 independently veri�ed. Quality
review score: 4.5/10.

4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and veri�cation may introduce
errors or omissions. Review scores re�ect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.
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5 Extracted Claims

Claim Veri�ed Con�dence

Faster R-CNN is one of the most commonly used
two-stage architectures in domain adaptive ob-
ject detection.

✓ 0.17

Faster R-CNN jointly performs classi�cation
(cls) and bounding box regression (bbox) tasks.

× 0.03

The regression loss is computed as the negative
log-likelihood of the ground truth box BGT un-
der the predicted distribut

× 0.03

The overall loss becomes Lp = Lcls + Lbbox. × 0.03
Moon performs model-level contrastive learning
by comparing representations produced by dif-
ferent models.

× 0.05

The contrastive loss in Moon is de�ned as Lmoon
= -log(exp(sim(z, zglob)/$\tau$) / (exp(sim(z,
zglob)/$\tau$) + exp(sim(z, zprev)

× 0.02

In the early training rounds, the global model
often underperforms the local models in repre-
senting target data.

× 0.05

Federated Learning (FL) enables multiple clients
to collaboratively train a shared model without
sharing their local pri

× 0.06

Data across clients is typically highly non-IID
due to di�erences in data sources and user be-
haviors.

× 0.03

Non-IID characteristics can severely a�ect the
convergence speed and �nal performance of the
global model.

× 0.03

FedProx introduces a proximal term to limit di-
vergence from the global model.

× 0.02

FuseFL is a causal-based fusion method. × 0.05
Federated transfer learning enables knowledge
transfer across domains.

× 0.05

FedVision is a method for federated transfer
learning in visual object detection.

× 0.11
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