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Abstract

Transfer learning enables the sharing of common knowledge among
models for a variety of downstream tasks, but traditional methods
suffer in limited training data settings and produce narrow models
incapable of effectively generalizing under distribution shifts. Founda-
tion models have recently demonstrated impressive zero-shot inference
capabilities and robustness under distribution shifts. However, zero-
shot evaluation for these models has been predominantly confined to
benchmarks with simple distribution shifts, limiting our understanding
of their effectiveness under the more realistic shifts

1 Introduction

This paper examines: Robust Fine-Tuning of Vision-Language Models for
Domain Generalization. Research question: How does CLIP-TD’s zero-shot
transfer accuracy on domain-shifted vision-language tasks compare to stan-
dard CLIP fine-tuning methods?.

2 Methodology

Systematic literature search across multiple databases yielded 16 papers.
Claims were extracted from source material and verified against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 8.7/10.

3 Results

16 papers retrieved. 8 claims extracted; 8 independently verified. Quality
review score: 8.7/10.



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

Ensembling of weights from zero-shot and fine- v 0.29
tuned CLIP models improved both accuracy un-

der distribution shifts and acc

Weight ensembling strategies improved robust- v 0.23
ness and inference accuracy by averaging the

weights of CLIP models fine-tun

Domain Prompt Learning automatically gener- v 0.27
ated tailored text prompts for CLIP by estimat-

ing domain-specific features fro

Zero-shot  CLIP  outperforms a trained v 0.24
ResNetb0-based logistic regression classifier

on 16 lower-complexity datasets.

CLIP uses an InfoNCE loss function with tem- v 0.32
perature scaling ($\tau$), popularized by van

den Oord et al. and adapted for imag

Zero-shot classification performance of CLIP v 0.28
does not match that of a fine-tuned SoTA vision-

only model under challengin

Few-shot CLIP demonstrates superior perfor- v 0.24
mance over a few-shot vision-only model in lim-

ited data environments containin

A fine-tuning strategy for CLIP that combines v 0.23
cross-entropy training and stochastic weight av-

eraging improves out-of-dis
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