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Abstract

Radiologists play a crucial role in translating medical images into
actionable reports. However, the �eld faces sta�ng shortages and in-
creasing workloads. While automated approaches using vision-language
models (VLMs) show promise as assistants, they require exceptionally
high accuracy. Most current VLMs in radiology rely solely on su-
pervised �ne-tuning. Meanwhile, additional preference �ne-tuning in
the post-training pipeline has become standard practice in the gen-
eral domain. The challenge in radiology lies in the prohibitive cost of
obtaining radiologist feedback at scale. To address t

1 Introduction

This paper examines: CheXalign: Preference �ne-tuning in chest X-ray inter-
pretation models without human feedback. Research question: What is the
e�ect of �ne-tuning CXR foundation models with human feedback on their
robustness to adversarial perturbations, measured by comparing model con-
�dence and accuracy on perturbed and original MIMIC-CXR/NIH-CXR14
test sets?.

2 Methodology

Systematic literature search across multiple databases yielded 15 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 7.2/10.

3 Results

15 papers retrieved. 27 claims extracted; 19 independently veri�ed. Quality
review score: 7.2/10.
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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

Expert human feedback from radiologists is the
gold standard for preference data generation in
Radiology Report Generati

✓ 0.20

Large-scale annotation tasks by radiologists are
impractical or unfeasible due to limited availabil-
ity.

× 0.13

In the general domain, Large Language Mod-
els (LLMs) are commonly leveraged for cost-
e�ective preference data generation

× 0.14

Zheng et al. (2023) categorized 'LLM-as-a-
Judge' evaluation methods into pairwise, single
answer, and reference-guided g

✓ 0.29

Pairwise grading is the most common method
in the general domain for both preference data
generation and evaluation.

✓ 0.23

Existing LLM-as-a-Judge methods are tailored
for uni-modal, general-domain LLMs and do not
directly apply to multi-modal

✓ 0.24

Factual grounding is essential in Radiology Re-
port Generation (RRG) to ensure clinical relia-
bility.

× 0.11

Publicly available datasets exist that con-
tain paired prompts (including images) and
radiologist-written reference repor

✓ 0.25

Reference-based grading allows for factually
grounded annotations without the need for a
multi-modal 'Judge' metric.

✓ 0.22

Preference pairs for a given Judge can be ob-
tained by repeat sampling from the Supervised
Fine-Tuning (SFT) baseline.

× 0.14

Canonical alignment algorithms such as Direct
Preference Optimization (DPO) can be used to
preference �ne-tune models.

× 0.14

Human (radiologist) feedback is multi-modal in
nature.

✓ 0.20

Obtaining human radiologist feedback at scale is
prohibitively expensive.

× 0.11

Using LLM or metrics-based Judges is highly
scalable.

✓ 0.20

Obtaining a high-quality multi-modal Judge is
di�cult.

✓ 0.21

Standard NLG metrics such as BLEU, ROUGE,
and BERTScore may not di�erentiate between
subtle nuances that are clinically

✓ 0.20

GREEN is a state-of-the-art metric for radiol-
ogy report evaluation based on a single-answer
reference-guided LLM-as-a-Ju

✓ 0.26

CheXbert scores are clinical e�cacy met-
rics based on extracting 14 labels using the
CheXbert labeler.

✓ 0.22

Direct Preference Optimization (DPO) yields
alignment algorithms that bypass both the re-
ward modeling and Reinforcement

✓ 0.19

DPO alignment algorithms are computationally
more lightweight and easier to implement com-
pared to RLHF.

× 0.15

DPO (Rafailov et al., 2023) was the �rst Direct
Alignment Algorithm (DAA) in its category.

✓ 0.15

CheXagent-2 uses a �ne-tuned SigLIP model as
the vision encoder.

✓ 0.19

CheXagent-2 uses a �ne-tuned Phi-2 model
(2.7B) as the language decoder.

✓ 0.18

CheXagent-2 uses an LLaVA-style MLP connec-
tor for the image-text connector instead of an
attention layer.

✓ 0.20

CheXagent-2 uses indications to provide clinical
context to the patient being imaged.

✓ 0.20

The MIMIC-CXR dataset is used for training,
validation, and testing.

× 0.13

In the MIMIC-CXR dataset, image-report pairs
consist of one or two CXRs and the correspond-
ing free-text �ndings section

✓ 0.22
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