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Abstract. Reliable chest X-ray report generation requires models to
remain robust when deployed outside the source dataset. This study ex-
amines a challenging IU X-Ray-to-CheXpert Plus transfer setting for an
IU X-Ray-pretrained BiomedGPT model. Under constrained computa-
tion, we evaluate three lightweight adaptation families: supervised Low-
Rank Adaptation (LoRA) variants, including vision-only, vision—decoder,
knowledge-distillation /asymmetric-loss, and SWAD-inspired checkpoint
averaging; router-only test-time adaptation with Mixture-of-Modality-
Experts (MoME-TTA) using unlabeled target images; and Meta Varia-
tional Information Bottleneck (MetaVIB) latent regularization. A Ma-
halanobis analysis of BiomedGPT visual features showed pronounced
source-target separation, with a source mean distance of 22.94, target
mean distance of 165.86, and AUROC of 1.00, confirming a severe visual
domain gap. However, report-level improvements were small: the best
point estimates improved the source-only baseline by 0.0035 in ROUGE-
1 and 0.0009 in BLEU-4, and BERTScore F1 varied by less than 0.002
across adapted models. Exploratory LLM-assisted error review further
suggested that higher lexical overlap did not reliably correspond to better
clinical specificity, fewer omissions, or fewer unsupported findings. These
results indicate that feature-level or classification-oriented adaptation
alone is insufficient for autoregressive radiology report generation, where
target-domain report style, clinical terminology, and decoder behavior
jointly affect output quality. Our study provides a practical diagnos-
tic benchmark for developing domain-robust medical report generation
methods in resource-constrained settings.

Keywords: Domain Shift Adaptation - Medical Vision-Language Model
- Chest X-ray Report Generation - Parameter-Efficient Fine-Tuning -
Test-Time Adaptation - Meta-learning
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1 Introduction

Automated radiology report generation has progressed rapidly with large-scale
medical vision-language models. Models such as BiomedGPT [16] can generate
free-text reports from chest X-rays by combining visual encoders with autore-
gressive language generation. However, reliable clinical deployment requires these
models to remain robust when applied outside the source dataset, since hospi-
tals differ in imaging devices, acquisition protocols, patient populations, and
report-writing conventions.

This work focuses on transfer from IU X-Ray (Indiana University Chest X-ray
Collection) [4] to CheXpert Plus [3], a realistic and severe cross-dataset setting.
Compared with IU X-Ray, CheXpert Plus reflects different visual characteristics
and institutional reporting styles, introducing both visual and linguistic distribu-
tion shifts. Such shifts are particularly challenging for autoregressive report gen-
eration because even small representation changes may propagate through the
decoder and affect the generated clinical narrative. Prior adaptation methods,
including parameter-efficient fine-tuning, domain generalization, meta-learning,
and test-time adaptation (TTA), were largely developed for classification or re-
trieval tasks, where adaptation can rely on class probabilities, feature invariance,
or prediction entropy. Whether these objectives directly improve open-ended re-
port generation remains unclear, particularly under resource constraints where
full model retraining is impractical.

We investigate lightweight adaptation strategies for an IU X-Ray-pretrained
BiomedGPT model transferred to CheXpert Plus. Rather than proposing a large
new architecture, our goal is to provide a controlled diagnostic study of what
currently fails and why. We compare supervised LoRA-based adaptation, un-
labeled MoME-TTA, and MetaVIB-based latent regularization under limited
computation. We evaluate the resulting reports using standard natural language
generation metrics and complement them with an exploratory LLM-assisted er-
ror review focused on clinically relevant failure patterns.

The main contributions of this paper are as follows:

1. We benchmark lightweight adaptation strategies for cross-dataset chest X-
ray report generation, including four LoRA-based variants, router-only MoME-
TTA, and MetaVIB.

2. We quantify the IU X-Ray-to-CheXpert Plus visual domain gap using feature-
space Mahalanobis distance and show strong separation in the BiomedGPT
visual representation.

3. We adapt a classification-oriented TTA approach to an autoregressive report
generation backbone and analyze the limitations of router-only inference-
time adaptation.

4. We show that small improvements in lexical metrics do not necessarily corre-
spond to clinically better reports, highlighting the need for evaluation proto-
cols that capture omissions, unsupported findings, and target-domain report
style.
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Overall, our findings suggest that adaptation strategies developed for clas-
sification tasks cannot be assumed to improve autoregressive medical report
generation under severe clinical domain shift. Effective adaptation requires joint
consideration of visual robustness, target-domain language, and decoder-level
clinical semantics.

2 Materials and Methods

2.1 Dataset Description

We evaluate cross-dataset adaptation from IU X-Ray (Indiana University Chest
X-ray Collection) [4] to CheXpert Plus [3]. IU X-Ray contains 7,470 chest X-
ray images paired with 3,955 reports. CheXpert Plus contains 223,462 image—
report pairs across 187,711 studies from 64,725 patients. These datasets differ
in scale, institution, imaging distribution, patient characteristics, and reporting
conventions, making the transfer setting clinically realistic and challenging.

All experiments were conducted in a limited-resource Google Colab environ-
ment. For supervised training-time adaptation, 2,377 CheXpert Plus samples
were used. For MOME-TTA, 897 unlabeled CheXpert Plus images were used for
router optimization. For MetaVIB, 1,044 IU X-Ray images were used to con-
struct internal pseudo-domains, and 1,000 samples were used for meta-learning
experiments. Evaluation was performed on a randomly sampled CheXpert Plus
subset of 201 images. Because the available evaluation set is small, the results
should be interpreted as a resource-constrained diagnostic study rather than a
definitive benchmark.

2.2 Base Model: BiomedGPT

We use BiomedGPT [16] as the backbone model for image-conditioned report
generation. BiomedGPT is a multimodal generative model that combines a vi-
sual encoder with a language generation module. In this study, the source model
is a BiomedGPT checkpoint pretrained on IU X-Ray. The source-only baseline
applies this checkpoint directly to CheXpert Plus without target-domain adap-
tation. All evaluated adaptation methods retain the same backbone and update
only lightweight components or adapter parameters.

2.3 Domain Shift Adaptation Methods

LoRA-based adaptation. For supervised target-domain adaptation, we ap-
ply Low-Rank Adaptation (LoRA) [7]. LoRA freezes the pretrained backbone
and injects trainable low-rank adapter weights into selected modules, enabling
parameter-efficient fine-tuning.

We evaluate four LoRA variants. First, vision-only LoRA updates selected vi-
sual encoder layers to adapt image features while leaving the language-generation
path unchanged. Second, wvision—decoder LoRA applies the same visual adapters
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and additionally updates decoder cross-attention modules, allowing adaptation
of the image-conditioned generation pathway. Third, KD-ASL LoRA combines
cross-entropy training with token-level knowledge distillation from the frozen
source model [6] and an auxiliary asymmetric loss [1] for pathology-label pre-
diction using CheXbert-derived weak labels [12]. Fourth, SWAD-inspired LoRA
averages selected low-validation-loss LoRA checkpoints following the robustness
motivation of SWAD [2], while keeping the BiomedGPT backbone fixed.

MoME-TTA. We evaluate Mixture-of-Modality-Experts Test-Time Adapta-
tion (MoME-TTA) [14] as an unlabeled target-domain adaptation method. MoME-
TTA is attractive for clinical deployment because it adapts during inference using
only target-domain images and updates a small routing component rather than
the full model.

To apply MoME-TTA to BiomedGPT, we freeze the pretrained backbone,
language generation modules, and parallel expert adapters. Only the entropy-
based router is optimized using CheXpert Plus images. Because the original
MoME design used MLP-style adapters, we replace them with convolutional
bottleneck blocks that better preserve spatial representations in the ResNet-
based BiomedGPT visual encoder. The modified adapters are inserted after the
conv2 outputs and within the final four blocks of the conv3 stage. During adap-
tation, the trainable router accounts for approximately 0.009% of the total model
parameters.

MetaVIB. MetaVIB [5] models classifier parameters probabilistically and uses
a variational information bottleneck to encourage domain-robust latent repre-
sentations. Although MetaVIB was developed for classification-oriented domain
generalization, we use its latent regularization framework to test whether more
domain-invariant visual features can improve autoregressive report generation.

Because only one labeled source domain is available, true multi-domain meta-
learning is not possible in our setting. We therefore construct pseudo-domains
within IU X-Ray: frontal-view images are treated as in-domain samples and
lateral-view images as pseudo-OOD samples. BiomedGPT visual features are
clustered into eight groups using k-means, and cluster assignments are used as
pseudo-labels for meta-learning. This design provides a practical stress test, but
the resulting pseudo-OOD split should not be interpreted as equivalent to a true
external hospital-domain shift.

2.4 Implementation Details

To quantify the visual domain gap, we extract image features from the BiomedGPT
visual encoder and compute Mahalanobis distances [9]. IU X-Ray features are
used to estimate the source distribution, and distances are computed for both ITU
X-Ray and CheXpert Plus samples. AUROC is reported by treating CheXpert
Plus as the out-of-domain target distribution.
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Table 1. Mahalanobis distance evaluation between IU X-Ray and CheXpert Plus.

Metric Value
Source mean (IU X-Ray) 22.9422
Target mean (CheXpert Plus) 165.8608
AUROC 1.0000

Table 2. OOD detection performance of MetaVIB.

Metric Value
AUROC 0.5867
AUPR 0.5783
FPR95 0.9283

ID mean distance  2.5468
OOD mean distance 3.2550

Table 1 shows a large increase in mean Mahalanobis distance from IU X-
Ray to CheXpert Plus and perfect separability under this feature-space OOD
criterion. These results confirm that the target dataset lies far from the source
distribution in the BiomedGPT visual representation. We therefore use this set-
ting to test whether lightweight adaptation can translate feature-level alignment
into improved report generation.

For LoRA adaptation, 2,377 CheXpert Plus samples are split into training
and validation sets at a 9:1 ratio. In the vision-only setting, LoRA is applied to
convolutional modules in the third stage of the visual encoder. In the vision—
decoder setting, the same visual targets are retained and LoRA is additionally
applied to cross-attention modules in the last four decoder layers. For KD-ASL
LoRA, the loss weights are set to Acg = 1.0, Akp = 0.2, and Aagp, = 0.05, while
uncertain and missing CheXbert labels are ignored. For SWAD-inspired LoRA,
training is initialized from the best vision—decoder checkpoint, and adapters
within 0.20 validation loss of the best checkpoint are averaged.

For MoOME-TTA, an IU X-Ray feature bank is constructed using 594 source
images, and 897 CheXpert Plus images are used for router optimization. For
MetaVIB, 1,044 IU X-Ray images are used to construct pseudo-domains from
frontal and lateral views. The clustering details are provided in Supplementary
Table S1.

As shown in Table 2, MetaVIB increases the distance between pseudo-ID and
pseudo-OOD groups, but AUROC and AUPR remain near random performance.
This indicates substantial overlap between the pseudo-domains and suggests
that view-based pseudo-OOD construction provides only weak supervision for
learning domain-robust representations.
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Table 3. Quantitative comparison of BiomedGPT models with different adaptation
strategies on the CheXpert Plus dataset. Bold values denote the best point estimate
for each metric.

Model ROUGE-1 ROUGE-L BLEU-1 BLEU-4 BERTScore F1
Source-only BiomedGPT 0.2213 0.1560  0.0993 0.0158 0.7972
Vision-only LoRA 0.2233 0.1578 0.0999 0.0149 0.7971
Vision—decoder LoRA 0.2022 0.1450  0.0859 0.0127 0.7984
KD-ASL LoRA 0.2094 0.1510  0.0917 0.0146 0.7973
SWAD-inspired LoRA 0.1995 0.1447  0.0832 0.0127 0.7986
MoME-TTA 0.2221 0.1567  0.1001 0.0166 0.7973
MetaVIB 0.2248 0.1567 0.1029 0.0167 0.7977
3 Results

3.1 Quantitative Evaluation

Generated reports are evaluated using ROUGE-1, ROUGE-L [§], BLEU-1, BLEU-
4 [11], and BERTScore F1 [17]. These metrics are widely used for text generation,
but they are imperfect proxies for clinical report quality because they do not di-
rectly measure missed findings, unsupported findings, abnormality localization,
or normal-template bias [15, 10].

Table 3 shows that all adapted models remain close to the source-only base-
line. MetaVIB obtains the best point estimates for ROUGE-1, BLEU-1, and
BLEU-4, but its absolute improvements over the source-only model are only
0.0035, 0.0036, and 0.0009, respectively. Vision-only LoRA obtains the best
ROUGE-L score, improving the baseline by 0.0018, while MoME-TTA slightly
improves BLEU-4 by 0.0008. In contrast, decoder-side LoRA variants reduce
lexical overlap scores despite maintaining similar or slightly higher BERT Score
F1.

The BERTScore F1 values range only from 0.7971 to 0.7986 across all models,
suggesting that sentence-level semantic similarity is largely unchanged by the
evaluated adaptations. Taken together, these results indicate that the tested
lightweight strategies provide at most marginal gains under the IU X-Ray-to-
CheXpert Plus shift. The main empirical finding is therefore not that one method
clearly solves the shift, but that feature-level, adapter-level, and classification-
oriented regularization objectives are insufficient by themselves for robust cross-
dataset report generation.

3.2 Exploratory Qualitative Evaluation

To complement lexical metrics, we conducted an exploratory LLM-assisted qual-
itative review. A fixed set of 50 CheXpert Plus cases was sampled from the
evaluation subset, and outputs from all models were compared against the same
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reference reports in randomized order. The LLM was instructed to identify re-
curring semantic error patterns, including clinically important omissions, un-
supported findings, abnormality mismatch, normal-template bias, and lack of
finding specificity. This review was used only as a supplementary analysis and
was not intended to replace expert radiologist assessment.

The qualitative review was not fully aligned with the automatic metrics.
Vision-only LoRA achieved favorable ROUGE scores but often produced in-
complete or generic reports. Vision—decoder LoRA and SWAD-inspired LoRA
produced lower lexical overlap scores, yet their outputs were sometimes more
clinically specific. KD-ASL LoRA reduced some unsupported statements but
did not consistently improve semantic alignment. MoME-TTA and MetaVIB
showed limited qualitative differences from the source-only baseline.

These observations reinforce the limitations of standard NLG metrics in this
setting. A report that shares common words with the reference may still omit
clinically important findings, while a more specific report may receive a lower
lexical score if it uses target-domain phrasing different from the reference. Eval-
uation of domain-shift adaptation for radiology report generation should there-
fore include clinically grounded metrics or expert review in addition to BLEU,
ROUGE, and BERT Score.

The LLM-based evaluation details and prompt are provided in Supplemen-
tary Tables S2 and S3.

4 Discussion

4.1 Why Training-Time Adaptation Was Limited

The limited gains from LoRA-based adaptation suggest that updating a small
subset of visual or cross-attention parameters does not guarantee clinically mean-
ingful target-domain adaptation. Vision-only LoRA slightly improves lexical
overlap but leaves the decoder biased toward source-domain reporting style.
Vision—decoder LoRA and SWAD-inspired LoRA modify the image-conditioned
generation pathway, but the small target-domain training set may be insuffi-
cient to stabilize autoregressive decoding, explaining why these variants preserve
BERTScore while reducing ROUGE and BLEU.

KD—-ASL LoRA introduces additional supervision through pathology-label
prediction, but such labels provide only coarse image-level guidance and do not
directly supervise report structure, uncertainty, severity, or localization. Conse-
quently, they may be too weak to correct the linguistic and decoder-level mis-
match between IU X-Ray and CheXpert Plus.

4.2 Why Test-Time Adaptation Was Limited

MoME-TTA offers practical advantages because it uses unlabeled target-domain
images and updates only the router. However, most TTA objectives were de-
veloped for classification tasks with finite label spaces [13]. In radiology report
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generation, router updates can refine visual representations but do not explicitly
optimize clinical content selection or target-domain language.

Autoregressive decoding further amplifies this mismatch. Small changes in
the visual representation may alter early tokens, which then condition all subse-
quent tokens. Under severe domain shift, such perturbations may improve lexical
overlap in some cases but introduce omissions or unsupported findings in others.
Our results therefore suggest that TTA for medical report generation should
be redesigned around sequence-level or clinically grounded adaptation signals,
rather than directly importing classification-oriented entropy minimization.

4.3 Domain Gap Beyond Visual Features

The Mahalanobis analysis demonstrates strong visual separation between IU
X-Ray and CheXpert Plus, but the adaptation results show that visual align-
ment alone is insufficient. Cross-dataset report generation also requires linguistic
adaptation because IU X-Ray reports are generally shorter and more structured,
whereas CheXpert Plus reflects different institutional phrasing and clinical de-
scription patterns.

This explains the discrepancy between quantitative and qualitative evalua-
tions. Lexical metrics reward word overlap with a single reference report, while
clinical utility depends on whether abnormalities are correctly mentioned, de-
nied, localized, and qualified. Stable BERTScore values across methods suggest
that broad semantic similarity may be preserved, but they do not ensure clini-
cally faithful reporting. Future methods should therefore combine visual feature
robustness with decoder adaptation and target-domain clinical language align-
ment.

4.4 Limitations and Future Work

This study has several limitations. First, experiments were intentionally con-
ducted under constrained computation using a small evaluation subset of 201
images, so the results should be interpreted as point estimates. In particu-
lar, the relatively small evaluation set limits the statistical power to determine
whether the observed differences between adaptation methods and the base-
line reflect consistent effects or sampling variability. Future work should include
larger patient-level test sets, confidence intervals, and statistical testing.
Second, we did not include a full-model fine-tuning baseline or train a model
from scratch on CheXpert Plus. These experiments were beyond the compu-
tational budget of the present study. Consequently, our results cannot deter-
mine whether the limited gains of parameter-efficient adaptation arise from
an inherent limitation of lightweight adaptation or instead reflect insufficient
target-domain training, or the characteristics of the report-generation task itself.
Thus, the present findings should not be interpreted as evidence that parameter-
efficient adaptation is intrinsically inferior to full-model fine-tuning. A controlled
comparison using the same target-domain subset would be necessary to establish
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the performance-resource trade-off between parameter-efficient and full-model
adaptation.

Third, the qualitative review was LLM-assisted and exploratory; expert ra-
diologist review or validated clinical metrics are required before drawing clini-
cal conclusions. Third, the evaluated methods use different supervision regimes:
LoRA uses target reports, MoME-TTA uses unlabeled target images, and MetaVIB
relies on source-domain pseudo-domains.

Finally, the MetaVIB pseudo-domain design also uses view position as a
proxy for domain shift, which is weaker than true multi-institutional meta-
learning. Future work should explore clinically grounded objectives, such as
report-label consistency, entity-level alignment, uncertainty calibration, and decoder-
side adaptation strategies that preserve factuality while adapting to target-
domain report style.

5 Conclusion

We evaluated lightweight adaptation strategies for cross-dataset chest X-ray re-
port generation by transferring an IU X-Ray-pretrained BiomedGPT model to
CheXpert Plus. Although Mahalanobis analysis revealed a severe visual domain
gap, LoRA-based adaptation, MOME-TTA, and MetaVIB produced only limited
improvements in standard NLG metrics. Qualitative review further suggested
that higher lexical overlap does not necessarily imply better clinical reporting
quality.

These findings indicate that lightweight feature-level or classification-oriented
adaptation alone did not produce substantial gains under our experimental
conditions. These results highlight the difficulty of obtaining substantial im-
provements under limited target-domain data and computational resources, and
motivate future comparisons between parameter-efficient and full-model adap-
tation. Effective cross-domain adaptation likely requires joint consideration of
visual robustness, target-domain language, and decoder-level clinical semantics.
This study therefore provides a resource-constraint diagnostic baseline for future
MedAGI research on domain-robust medical vision-language generation.
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