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Abstract

Neonatal respiratory diseases are a major cause of neonatal
morbidity and mortality, posing substantial challenges in clin-
ical practice. Despite recent advances, existing Multimodal
Large Language Models (MLLMs) face two key limitations
in neonatal diagnosis: (1) domain gap arising from predomi-
nantly adult training data; (2) insufficient integration of multi-
dimensional clinical context for accurate diagnosis. To address
these challenges, we collect two real-world clinical datasets
(NeoCXR and NeoCXR-EV) and propose NeoRed, to the best
of our knowledge, the first MLLM tailored for neonatal res-
piratory disease, filling the gap in neonatal diagnostic reports
generation. To enhance joint diagnosis from heterogeneous
clinical context and chest X-rays, we design a novel Knowl-
edge-Logic—Alignment (KLA) framework which constrains
model behavior from three perspectives: 1) Knowledge Prior
Injection (KPI) incorporates neonatologist-inspired diagnos-
tic priors into multimodal representations, guiding disease-
specific attention across modalities; 2) Diagnostic Logic Con-
straint (DLC) aligns the semantics of generated reports with
multimodal diagnostic logic; and 3) Visual Semantic Align-
ment (VSA) establishes semantic correspondence between vi-
sual features and imaging conclusions. Extensive experiments
demonstrate that NeoRed enables accurate neonatal diagnostic
reports generation, achieving ROUGE-L of 53.29% and Clin-
ical Efficacy F1 score of 65.19% on NeoCXR, outperforming
existing MLLMs. NeoRed also preserves competitive report
generation performance on adult benchmarks (MIMIC-CXR
and IU-Xray). Datasets will be available upon application.

Introduction

Neonatal respiratory diseases, including Neonatal Respira-
tory Distress Syndrome (NRDS), Transient Tachypnea of the
Newborn (TTN), and neonatal pneumonia, represent one of
the leading causes of morbidity and mortality among new-
borns globally (Cho et al. 2025; Chen, Li, and Shi 2023).
Early and accurate diagnosis is pivotal for timely intervention
and improving clinical outcomes (Yu et al. 2025a; Ismaiel,
Farouk, and Mohammed 2025).

In recent years, Multimodal Large Language Models
(MLLMs) have shown strong capabilities in joint vi-
sion—language understanding and reasoning, achieving no-
table progress in tasks such as image captioning (Radford
et al. 2021; Li et al. 2023b) and multimodal dialogue (Sun
and Zhou 2025; Chen et al. 2023). Inspired by these ad-
vancements, recent studies have explored adapting MLLMs
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Figure 1: Motivations of the proposed NeoRed model. (a)
Domain gaps in Chest X-ray and disease spectrum between
neonatal and adult. (b) Necessity of integrating CXRs with
clinical context for accurate neonatal diagnosis.

to medical domain, particularly for tasks such as radiology
report generation (Hyland et al. 2023; Wang et al. 2022) and
medical visual question answering (He et al. 2024; Gu et al.
2024). However, despite these promising advances, their ap-
plication to neonatal clinical scenarios remains challenging
due to two main reasons. First, as shown in Fig. 1(a), neona-
tal and adult populations exhibit substantial domain gaps
in both radiographic appearance and disease spectrum.
Neonatal CXRs show immature anatomy and smaller, lower-
contrast lesions, while neonatal diseases such as NRDS,
TTN, and BPD differ markedly from common adult con-
ditions. Existing MLLMs are primarily trained on adult data.
Given the severe domain shift in both visual features and dis-
ease spectrum, directly transferring such models to neonatal
CXRs yields limited effectiveness. Second, neonatal res-
piratory diseases often exhibit substantial radiographic
overlap, making them difficult to distinguish on CXRs.
As shown in Fig. 1(b), neonatal pneumonia, NRDS, and
TTN can present with highly similar radiographic patterns in
the same lung regions, limiting diagnosis based on imaging
alone. However, incorporating clinical information enables
more accurate differentiation. For example, the first case can
be identified as pneumonia when combined with premature
rupture of membranes; the second as NRDS when consid-
ered alongside prematurity and extremely low birth weight;
and the third as TTN when cesarean delivery is taken into ac-
count. In clinical practice, neonatologists therefore integrate
multiple sources of clinical information to support compre-
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hensive diagnosis and reduce misdiagnosis. while existing
MLLMs primarily focus on vision-language alignment and
natural language generation. Due to lack of explicit training
constraints, such models fail to prioritize key clinical indica-
tors, limiting joint diagnosis from CXR and clinical context.

To address these limitations, we propose the Knowledge-
Logic Alignment Multimodal Large Language Model for
Neonatal Respiratory Disease Diagnosis (NeoRed). To the
best of our knowledge, NeoRed is the first MLLM tailored
for neonatal respiratory disease diagnosis, filling the gap
in neonatal radiology report generation. NeoRed jointly in-
corporates neonatal CXRs and clinical context as model in-
puts to generate reports containing imaging conclusions and
disease diagnosis, enabling multimodal diagnosis for neona-
tal respiratory disease. Specifically, to address the domain
gap between adult and neonatal populations and the scarcity
of neonatal data, we collaborate with two partner hospi-
tals to curate two real-world multimodal datasets: NeoCXR
and NeoCXR External Validation (NeoCXR-EV). Together,
NeoCXR and NeoCXR-EV form a dual-center benchmark
for training and evaluating MLLMs for neonatal respiratory
disease diagnosis. To address the limited capability of ex-
isting models in jointly diagnosis over heterogeneous clini-
cal information, we design a Knowledge—Logic— Alignment
(KLA) framework that inspired by the multimodal diagnos-
tic workflow of neonatologists. Specifically, KLA constrains
model behavior from three perspectives: 1) Knowledge Prior
Injection (KPI), which injects neonatologist-inspired diag-
nostic priors into multimodal representations for disease-
specific attention; 2) Diagnostic Logic Constraint (DLC),
which enforces semantic—diagnostic consistency by aligning
global diagnostic-semantic anchor of report generation with
the diagnostic logic of neonatologist; 3) Visual Semantic
Alignment (VSA), which establishes bidirectional semantic
correspondence between image features and conclusions via
cross-modal contrastive learning, aligning visual evidence
with its clinical interpretation. By coordinating multimodal
clinical information in accordance with neonatologists’ di-
agnostic workflow, the proposed KLLA enables accurate diag-
nosis of neonatal respiratory diseases. In summary, the key
contributions of this paper are fourfold:

¢ We construct NeoCXR and NeoCXR-EV, two real-world
multimodal neonatal report generation datasets that fill
a critical domain gap and will be released through
application-based access to support future research.

* We propose NeoRed, to the best of our knowledge, the
first MLLM for neonatal respiratory disease diagnosis,
which jointly interprets chest X-rays and clinical context
to generate accurate neonatal diagnostic reports.

* We propose a novel KLA framework to enhance multi-
modal joint diagnosis, where KPI injects expert priors
into multimodal representations, DLC enforces seman-
tic—diagnostic consistency, and VSA aligns imaging con-
clusions with visual evidence.

» Extensive experiments demonstrate that NeoRed outper-
forms 8 mainstream MLLMs on neonatal benchmarks
(NeoCXR, NeoCXR-EV) while remaining competitive
on adult benchmarks (MIMIC-CXR, [U-Xray).

Related Work
Multimodal Large Language Models

General MLLMs have advanced cross-modal representation
learning and vision-language alignment (Bai et al. 2025b;
Glm et al. 2024; Chen et al. 2024b; Bai et al. 2023; Liu
et al. 2024b). Early models, including Flamingo (Alayrac
et al. 2022) and the BLIP series (Li et al. 2022; Dai et al.
2023; Li et al. 2023b), established strong multimodal repre-
sentations through large-scale image—text pretraining. Sub-
sequent models such as LLaVA (Liu et al. 2024a), Qwen-
VL (Bai et al. 2025b,a), and InternVL (Chen et al. 2024b)
project visual features into the language space and adopt in-
struction tuning for multimodal interaction. LLaVA-NeXT
(Liu et al. 2024b) and LLaVA-OneVision (Li et al. 2024)
further improve visual alignment and reasoning through en-
hanced visual encoding and multi-stage training. However,
their limited domain-specific medical knowledge constrains
their reliability in medical diagnosis.

Medical Multimodal Large Language Models

Recent studies have extended MLLMs to radiology report
generation and medical visual question answering (Chen
et al. 2024a; Li et al. 2023a; Chaves et al. 2024; Guo et al.
2024; Xu et al. 2025; Huang et al. 2025). General medical
models, including BiomedGPT (Zhang et al. 2024), LLaVA-
Med (Li et al. 2023a), UMIT (Yu et al. 2025b), HuatuoGPT-
Vision (Chen et al. 2024a), and Lingshu (Xu et al. 2025), use
large-scale multi-stage training to enhance multimodal align-
ment and diagnostic reasoning. Task-specific models such as
LLaVA-Ultra (Guo et al. 2024), LLaVA-Rad (Chaves et al.
2024), and RadFM (Wu et al. 2025) further improve radiolog-
ical understanding across targeted 2D and 3D settings. How-
ever, most existing medical MLLMs are trained primarily on
adult data and remain limited in modeling neonatal-specific
disease patterns and diagnostic processes.

NeoCXR and NeoCXR-EV Datasets
Data Collection and Process

To support precise diagnosis of neonatal respiratory diseases,
we construct NeoCXR and NeoCXR-EV datasets, which are
collected from two independent hospitals. We designed a het-
erogeneous data pipeline to handle the distinct data from each
hospital, as shown in Fig. 2. Hospital A provided ready-to-use
Anteroposterior (AP) CXRs and metadata, from which we di-
rectly extract the relevant data. While hospital B provided raw
data, including multi-view CXRs and PDF-formatted clinical
records. We first employed Zhipu GLM-4-Flash (Glm et al.
2024) to automatically identify AP views from multi-view
images. Text was first extracted from the PDF documents
using PaddleOCR (Cui et al. 2025), followed by extraction
of structured metadata. Then data from both hospitals were
structured and translated into English by Tencent Cloud API.
To ensure data quality, we performed iterative quality control.
In each round, a new random 20% subset of each dataset was
independently reviewed by two neonatologists for AP-view
identification, OCR, translation, and disease annotation. Er-
rors were corrected based on expert feedback, and the process
was repeated until no further errors were identified.
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Figure 2: Data collection and process pipeline of NeoCXR
and NeoCXR-EV. AP denotes anteroposterior projection.
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Dataset Patients Samples Train Val Test
NeoCXR 2,466 6,278 4,219 625 1,434
NeoCXR-EV 590 1,089 - - 1,089

Table 1: Summary of the NeoCXR dataset series.

We finally obtain two datasets. NeoCXR, collected from
Hospital A, contains 6,278 samples from 2,466 patients and
is split at the patient level into training, validation, and in-
ternal test sets with a ratio of 7:1:2. NeoCXR-EV, collected
from Hospital B, includes 1,089 samples from 590 patients
and serves as an external validation set. Details are summa-
rized in Tab. 1. Both datasets were approved by the relevant
institutional ethics committees, and all patient data were de-
identified before analysis. Each sample in the datasets is a
multimodal tuple: the inputs consist of a chest X-ray paired
with 21 clinical factors, while the outputs are structured re-
ports comprising both imaging conclusion and disease diag-
nosis. These datasets cover 7 neonatal respiratory diseases
(NRDS, neonatal pneumonia, TTN, pneumothorax, BPD,
pleural effusion, atelectasis) and a normal category. Disease
distribution is provided in supplementary material.

Structured Clinical Context

To better model the clinical diagnostic logic, we structure
complex clinical factors into three categories, according to
the causal progression of neonatal diseases and the diagnostic
logic of neonatologists. The factors are organized as follows:

1) Developmental factors, which capture neonatal matu-
rity and growth, including gestational age, birth weight, body
length, head circumference, multiple pregnancy, fetal growth
restriction (FGR) or small for gestational age (SGA).

2) Perinatal risks, which capture maternal and obstetric
conditions that may adversely affect the neonate, including
delivery mode, premature rupture of membranes (PROM),
preeclampsia, gestational hypertension, gestational diabetes,
antenatal dexamethasone and magnesium sulfate.

3) Physiological status, which represents the newborn’s
immediate postnatal condition, encompassing Apgar scores,
body temperature, respiration rate, pulse, blood gas, and
blood glucose. The distribution of clinical context on both
datasets is shown in Fig. 3. Clinical factors are prevalent
in both datasets, while notable distributional differences be-
tween NeoCXR and NeoCXR-EV.

To provide the model with explicit boundaries across
clinical categories, each category is enclosed within rel-
evant tokens: "<dev>...</dev>", "<peri>...</peri>", and
"<phys>...</phys>". Missing categories are replaced with
"not provided" for input consistency.
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Figure 3: Distribution of clinical context. Percentages indi-
cate the completeness rate of each clinical factor.

Methodology
Overview of NeoRed

As illustrated in Fig. 4, NeoRed takes a neonatal CXR and
clinical context as input, and generates a structured report
comprising an imaging conclusion and a disease diagnosis.
Formally, the input CXR is denoted as x*" € RC*XHxW
and the structured clinical context is denoted as x*'. Vision
encoder &, and a projector P extract and map visual features
into a sequence of visual tokens V = {v1,vg,...,vn, }:

V = P(E,(x)). (1)

The x™' is tokenized into a sequence of textual tokens T =
{t1,ta,...,tn, }. The two token sequences are concatenated
into a joint multimodal input U = [V, T}, which is fed into
the LLM backbone to autoregressively generate target report
R = {ri,re,...,rx}. K denotes the length of generated
report in tokens. The model is optimized by minimizing
the autoregressive cross-entropy loss over the ground-truth

txt

report R* = {rf,r5,...,ri}:
K
Po(R|U) = [[ Po(ri|U, 7<), )
i=1
K
Livm=—) log Po(r}[U,r%,), 3)
i=1
where ro; = {ry,...,r;_1} represents all previously gener-

ated tokens before step ¢, © denotes the learnable parameters.

KLA: Knowledge-Logic-Alignment

To emulate the diagnostic logic of experienced neonatolo-
gists and improve joint multimodal diagnosis, we design a
novel KLLA framework comprising KPI, DLC and VSA.

1) Knowledge Prior Injection

Neonatal respiratory disease diagnosis relies on both clin-
ical context and CXRs, yet existing methods overlook the ex-
ploration of disease-specific modality dependencies and fail
to effectively leverage this multidimensional information. To
address this issue, we propose KPI to inject neonatologist-
inspired priors into multimodal representations, implicitly
guiding disease-specific attention of MLLM.

Formally, for each modality m € M =
{dev, peri, phys, cxr}, we first extract the input em-
beddings A" € RBXLXD from the corresponding
developmental, perinatal, physiological, and image tokens.
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Figure 4: The overview of NeoRed based on the proposed KLA framework. KLA consists of three modules: KPI, which injects
neonatologist diagnostic knowledge into multimodal representations; DLC, which constrains the diagnostic reasoning during
report generation; VSA, which establishes the correspondence between image features and imaging conclusions.

Modality Pneu. NRDS TTN PTx BPD Ate. PE Normal
Dev. 0.2 1.0 05 03 1.0 03 04 1.0
Peri. 1.0 0.9 1.0 03 04 03 08 1.0
Phys. 1.0 1.0 09 10 08 10 10 1.0
Img. 1.2 1.5 13 16 14 15 13 1.0

Table 2: Diagnostic priors between diseases and modalities.
Disease abbreviations: Pneu. (Pneumonia), PTx (Pneumoth-
orax), Ate. (Atelectasis), and PE (Pleural Effusion).

Here, L represents sequence length (i.e., number of
tokens for each modality), and D is embedding dimension.
After applying average pooling along token dimension,
we obtain modality-specific features A" € RP*D. These
features are then stacked to form a unified multimodal
representation H € RE*IMIXDP To model dependencies
between diseases and modalities, we introduce a learnable
disease-specific prior matrix W ;. € RV XM initialized
using neonatologist-inspired priors (see Tab. 2). The prior
matrix Wi, is normalized via softmax and then used
to weight modality-specific features H, yielding disease-
specific multimodal representations F%%9 ¢ RBXNxD,
where NV denotes the number of disease categories.

FY9 — softmax(W ppior) - H, 4)

Fcli _ [Bdeu; lflperi; lflph,ys]. (5)

Then, F%99 hee™ and F are passed through a dedicated
classifier and supervised with binary cross-entropy (BCE)
loss against disease labels, independently. This process yields
prior classification loss Lprior, CXR classification loss Ly,
and clinical classification loss L;. The total optimization
objective of KPI is formulated as:

Ekpi = Eprior + M Loxe + /\Q‘Ccli;

where \; = Ay = 0.1 are weighting coeficients.
2) Diagnostic Logic Constraint

6)

Existing MLLMs generate reports in an autoregressive
manner without explicit constraints ensuring that the gener-
ated text remains consistent with the underlying diagnostic
decision. This may result in linguistically fluent yet diagnos-
tically inconsistent reports. To address this issue, we propose
DLC to ensure semantic consistency between generated text
and clinical diagnostic logic.

To address this issue, we seek a global representation to
regulate autoregressive generation. The BOS hidden state
naturally serves this role in causal LLMs, as all subsequent to-
kens can access it through self-attention. Our attention anal-
ysis further shows strong token-level dependency on BOS,
motivating us to inject diagnostic supervision into BOS and
transform it into a global diagnostic anchor for guiding re-
port generation. Specifically, we impose diagnostic super-
vision on BOS token and align its diagnostic distribution
with multimodal diagnostic representations. We adopt mul-
timodally fused features as local diagnostic representations,
following the same formulation as F%% in KPI (as defined
in Eq. 4), while features are derived from the last-layer hidden
states of LLM. The hidden state of <BOS> token and F4*9
are passed through dedicated classifiers and supervised with
BCE loss, yielding global semantic loss £, and local clas-
sification loss £;.. To enforce semantic consistency between
report generation and diagnostic logic, we compute Jensen-
Shannon divergence between the two predictive distributions
of global and local views as diagnostic consistency loss Lgc.

1 1
Lo = 5KL(pIm) + 5KL(glm), @

where p and q denote the predicted probabilities from global
and local views, and m denotes their mean.
The optimization objective of DLC is defined as:

Lac = aﬁgl + B Lic + v Lyc,
where weighting coefficients « = 1.0, 8 = 0.5, v = 0.1.

®)



Type Model NLG CE Avg. p-value
ROUGE-L ROUGE-1 BLEU-1 BLEU-2 METEOR RaTE F1 P R
NeoCXR

LLaVA-NeXT-7B (Liu et al. 2024b) 16.17 16.80 7.89 4.45 22.89 3425 496 19.14 2.85 14.38 1.7E-502
~ InternVL-2.5-8B (Chen et al. 2024b) 16.44 17.27 9.84 5.56 23.21 3445 8.60 17.62 5.69 15.41 4.7E-468
Generalist Qwen2.5-VL-7B (Bai et al. 2025b) 9.59 10.04 5.00 2.79 17.35  35.01 15.03 20.67 11.81 14.14 2.0E-486
Qwen3-VL-8B (Bai et al. 2025a) 15.14 15.60 8.71 522 22.14  37.51 24.25 22.07 26.90 19.73 1.3E-387
Qwen3-VL-8B T (Bai et al. 2025a) 52.28 5291 48.27 42.38 5239  58.39 62.32 61.81 62.83 54.85 6.1E-07
LLaVA-Med-7B (Li et al. 2023a) 19.97 22.01 10.88 5.67 1555 28.83 3.13 18.75 1.71 14.06 9.3E-513
Medical LLaVA-Rad-7B (Chaves et al. 2024) 16.80 17.65 17.47 6.79 1652 35.10 3.81 8.00 2.50 13.85 1.2E-481
HuatuoGPT-V-7B (Chen et al. 2024a) 20.51 21.76 14.09 7.84 27.21 3336 9.73 21.84 6.26 18.07 1.0E-451
Lingshu-7B (Xu et al. 2025) 16.80 17.92 9.22 5.06 2347 3333 629 16.13 391 14.68 2.9E-476
LLaVA-Rad-7B T (Chaves et al. 2024) 50.06 50.33 44.70 38.76 48.72  57.49 63.21 62.53 63.91 53.30 2.1E-09

NeoRed 53.29 53.56 48.83  42.54 5242  60.25 65.19 64.62 65.77 56.27 —

NeoCXR-EV

LLaVA-NeXT-7B (Liu et al. 2024b) 14.85 15.63 8.37 4.71 22.05 2991 6.79 45.05 3.67 16.78 4.3E-225
~ InternVL-2.5-8B (Chen et al. 2024b) 16.58 17.53 11.98 7.06 25.08  31.08 14.43 38.54 8.88 19.02 5.3E-172
Generalist Qwen2.5-VL-7B (Bai et al. 2025b) 9.36 9.97 6.03 3.43 19.74  31.55 17.07 47.03 10.43 17.18 1.6E-205
Qwen3-VL-8B (Bai et al. 2025a) 15.51 16.35 10.50 6.24 2377  34.63 34.32 42.18 28.93 23.60 1.5E-84
Qwen3-VL-8B T (Bai et al. 2025a) 26.79 27.12 20.14 14.41 25.78  42.10 37.49 43.79 32.77 30.05 3.7E-11
LLaVA-Med-7B (Li et al. 2023a) 12.57 17.08 5.56 3.49 12.57 24.69 4.14 87.88 2.12 18.90 3.8E-266
Medical LLaVA-Rad-7B (Chaves et al. 2024) 13.25 12.83 15.51 3.88 1325  30.38 4.07 11.00 2.50 11.85 3.9E-238
HuatuoGPT-V-7B (Chen et al. 2024a) 20.97 22.22 16.84 9.78 28.94  31.24 10.68 36.43 6.26 20.37 7.2E-161
Lingshu-7B (Xu et al. 2025) 16.64 17.61 10.76 6.20 2396  30.52 8.57 4194 477 17.89 1.1E-199
LLaVA-Rad-7B T (Chaves et al. 2024)  31.21 32.52 26.82 20.49 3140 4436 36.15 42.08 31.69 32.97 5.2E-1

NeoRed 32.90 33.13 2712 20.92 32.34 4585 39.28 44.36 35.24 34.57 —

Table 3: Performance comparison between NeoRed and existing MLLMs on the NeoCXR and NeoCXR-EV datasets. § is
fine-tuned under the same settings of NeoRed. The best and second-best results are highlighted in bold and underline.

Model ROUGE-L METEOR RaTE FI P R Avg Model ROUGE-L METEOR RaTE FI P R Avg.
Baseline  50.06 4872 57.49 6321 62.53 6391 57.65 Baseline 50.06 4872 57.49 63.21 62.53 63.91 57.65
wioKPI 5233 5073 5874 64.18 63.53 64.84 59.06 wio Lo 5206 5211 35947 64.14 6351 6478 5934
wloDLC 5267 5179  59.09 63.54 62.90 6420 59.03 wio Lie 5225 5234 59.56 64.11 63.40 64.84 59.42
wioVSA 5160 5132 5929 65.14 64.53 65.77 59.61 wio Lqe 5231 5241 60.09 6451 64.56 64.47 59.74
NeoRed 5329 5242  60.25 65.19 64.62 65.77 60.26 NeoRed 5329 5242  60.25 65.19 64.62 65.77 60.26
Table 4: Ablation study of KLA on the NeoCXR dataset. Table 6: Internal ablation of DLC on the NeoCXR dataset.
Model ROUGE-L METEOR RaTE FI P R Avg LhaVvA-Rad oy MR, 5
Baseline  50.06 4872 57.49 6321 62.53 6391 57.65 B o\ -
W0 Lorior 5245 5153 59.00 6445 63.90 65.01 59.39 E Pz - o
wio Lai 5284 51.89  50.05 64.24 63.65 64.84 59.42 E o WY
Wio Low 5304 5222 59.16 6475 64.53 64.98 59.78 = b r
NeoRed 5329 5242 60.25 65.19 64.62 65.77 60.26 i S | |

Table 5: Internal ablation of KPI on the NeoCXR dataset.
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Figure 5: Attention Analysis of generated tokens.

To further align visual evidence with its clinical textual in-
terpretation, we design VSA, which establishes bidirectional
semantic correspondence between image features and imag-
ing conclusions, encouraging the generated imaging conclu-
sions to be supported by visual evidence.

We extract the last-layer hidden states of image tokens
by the LLM, denoted as h*" € RE*XLXD and apply
average pooling along the token dimension to obtain im-
age representatlon h*". We extract the textual represen-
tation of imaging conclusion from the ground-truth report
R* = {ri,r5,..., 7%} by applying a binary mask over
token-level hidden states, where tokens in the imaging con-
clusion field are set to 1 and others to 0. Textual represen-
tation h°”" is obtained via average pooling over masked
tokens. We employ a bidirectional contrastive objective to
align image and text representations:

B
1 exp(sii/T)
Loy = —— log , &)
B i=1 Zf=1 exp(si;/7)
exp (843/7)
Lo = —— (10)
Z 7 exp(s;i/T)
1
Lysa = = (Liog + Li2i) (11)

2
where s;; denotes the cosine similarity, 7 is set to 0.07.
Training Objective

The total training objective L is formulated as a weighted
sum of language modeling loss and three auxiliary losses:

Liotal = Wim LM + Wipi Lipi + Waie Laie + Wysa Lysa, (12)

where wiy, = 1.0 and wyp; = Waie = Wysa = 0.5.



Type Model ROUGE-L ROUGE-1 BLEU-1 BLEU-2 METEOR RaTE Avg. p-value
MIMIC-CXR
LLaVA-NeXT-7B (Liu et al. 2024b) 17.14 18.15 10.51 3.72 14.99 4149 17.67 4.5E-406
. InternVL-2.5-8B (Chen et al. 2024b) 23.15 24.53 21.53 8.70 20.30 45.89 24.02  9.7E-59
Generalist  Qwen2.5-VL-7B (Bai et al. 2025b) 24.33 25.90 22.30 9.26 19.28 45.74 2447 4.0E-44
Qwen3-VL-8B (Bai et al. 2025a) 23.31 24.80 20.96 8.70 21.16 48.33 2454  8.0E-40
LLaVA-Med-7B (Li et al. 2023a) 14.39 1491 3.70 0.68 6.07 32,67 12.07 6.2E-889
Medical LLaVA-Rad-7B (Chaves et al. 2024) 28.94 30.45 24.06 12.88 21.05 53.63 28.50 1.3E-20
HuatuoGPT-V-7B (Chen et al. 2024a) 23.11 24.56 21.35 8.85 19.13 47.96  24.16 1.9E-53
Lingshu-7B (Xu et al. 2025) 29.71 30.89 20.58 9.75 18.53 50.76  26.70 8.3E-1
NeoRed 29.01 29.80 22.49 11.37 20.30 47.43  26.73 —
1U-Xray
LLaVA-1.5-7B (Liu et al. 2024a) 13.95 15.26 13.94 4.37 16.23 40.07 17.30  2.7E-860
. LLaVA-NeXT-7B (Liu et al. 2024b) 16.17 16.80 7.89 4.45 22.89 3425 17.08 3.7E-224
Generalist  InternVL-2.5-8B (Chen et al. 2024b) 24.78 26.51 21.83 9.18 24.25 51.63 26.36 6.5E-209
Qwen2.5-VL-7B (Bai et al. 2025b) 32.62 34.46 27.64 14.31 27.59 54.62  31.87 3.8E-92
Qwen3-VL-8B (Bai et al. 2025a) 27.62 29.38 24.53 11.73 28.07 51.78  28.85 2.7E-27
LLaVA-Med-7B (Li et al. 2023a) 18.21 18.51 7.66 2.18 8.05 35.12 1496 3.7E-1104
Medical LLaVA-Rad-7B (Chaves et al. 2024) 33.11 35.81 27.46 15.18 23.33 61.14 3267 3.1E-29
HuatuoGPT-V-7B (Chen et al. 2024a) 27.05 28.34 22.10 10.52 25.84 5330 27.86 4.7E-32
Lingshu-7B (Xu et al. 2025) 41.33 43.51 30.42 20.15 27.64 57.32 36.73 7.1E-861
NeoRed 36.27 37.75 28.27 15.43 24.03 56.33  33.01 —

Table 7: Performance comparison between NeoRed and existing MLLMs on the MIMIC-CXR and IU-Xray datasets.

Type ROUGE-L METEOR RaTE Fl P R Avg
Random  50.81 48.67  58.15 61.18 60.53 61.84 56.86
All-one 51.94 49.94  58.67 61.28 59.80 62.84 57.41
All-zero  50.26 48.10 57.14 60.49 58.95 62.12 56.18
Priors 53.29 5242 60.25 65.19 64.62 65.77 60.26
Table 8: Ablation of prior matrix on NeoCXR.
Weight ROUGE-L METEOR RaTE Fl P R Aw
0.25 52.15 50.47 58.79 63.54 63.88 63.20 58.67
0.50 53.29 52.42 60.25 65.19 64.62 65.77 60.26
0.75 50.04 4777 5798 6340 63.18 63.63 57.67

Table 9: Sensitivity analysis of loss weights.

Experiments
Datasets and Evaluation Metrics

We evaluate our model on two benchmarks. 1) The neona-
tal benchmark comprises internal test set of NeoCXR (1434
samples) and the full NeoCXR-EV (1089 samples), as we
mentioned in Tab. 1. 2) The adult benchmarksinclude the of-
ficial test sets of MIMIC-CXR (Johnson et al. 2019) and IU-
Xray (Demner-Fushman et al. 2015). After removing sam-
ples with empty findings or impression sections, 2,737 and
3,193 samples remain for MIMIC-CXR and IU-Xray. We
evaluate generated reports using natural language generation
(NLG) metrics, including ROUGE-L (Lin 2004), BLEU-
1 (Papineni et al. 2002), METEOR (Banerjee and Lavie
2005), RaTE (Zhao et al. 2024), to assess linguistic quality
and medical factuality. For neonatal benchmarks, we evalu-
ate diagnostic consistency using an unified label extraction
protocol, reporting micro precision, recall, and F1 scores.
Details and validation are provided in supplementary mate-
rial. For adult benchmarks, we follow previous report gen-
eration studies (Xu et al. 2025; Wang et al. 2026) and report
standard NLG together with RaTE for factuality evaluation.
Implementation details provided in supplementary material.
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Figure 6: Ablation of clinical context.

Results
Compare with SOTA MLLMs

We compare NeoRed against 8 state-of-the-art (SOTA)
MLLMs across two domains. 1) Generalist models: LLaVA-
NeXT-7B (Liu et al. 2024b), Qwen2.5-VL-7B (Bai et al.
2025b), InternVL-2.5-8B (Chen et al. 2024b), and Qwen3-
VL-8B (Bai et al. 2025a). 2) Medical models: LLaVA-Med-
7B (Li et al. 2023a), LLaVA-Rad-7B (Chaves et al. 2024),
HuatuoGPT-V-7B (Chen et al. 2024a), Lingshu-7B (Xu et al.
2025). Following the common practice in prior works (Xu
et al. 2025; Deria et al. 2026; Li et al. 2025), we evaluate
existing models in a zero-shot setting by directly using their
publicly released weights under a unified prompt, without
any additional fine-tuning. Detailed prompt templates are
provided in supplementary material.

1) Performance on neonatal benchmark. Tab. 3 reports
results on the in-domain NeoCXR test set and the exter-
nal NeoCXR-EV set. On NeoCXR, NeoRed substantially
outperforms both the best generalist model, Qwen3-VL-8B
(24.25% F1), and the strongest medical model, HuatuoGPT-
V-7B (9.73% F1). NeoRed also remains the best-performing
model on NeoCXR-EV, demonstrating generalization under
substantial disease distribution shift (see supplementary ma-
terial). All pair-wise comparisons of the average performance
achieve statistical significance (p < 0.05).

To demonstrate the contribution of neonatal-domain adap-
tation, we fine-tune Qwen3-VL and LLaVA-Rad under the
same training settings as NeoRed. Fine-tuning on NeoCXR
substantially enhances their performance, achieving av-



. A\
Prompt:
You are a senior neonatologist. Please generate a report based on the
Chest X-ray and the Clinical context, including both Imaging conclusion
and Disease diagnosis.
Chest X-ray:

Clinical context:
<dev>
gestational_age_weeks: 33
birth weight: 1435
body length: 47.0
head circumference: 32.0
</dev>
<phys>
apgar 1min: 9
apgar Smin: 10
body temperature: 36.5
pulse bpm: 142
respiration rate bpm: 48
</phys>
<peri>
delivery mode: " cesarean delivery"

Return the report in following format:
Imaging conclusion: {}

Disease diagnosis: . e -
\ </peri>

J

Imaging conclusion: Texture on both lungs becomes thicker. There were no “1
obvious abnormalities on abdominal X-ray. e

1
Disease diagnosis: Neonatal Respiratory Distress Syndrome (NRDS) (*’{\

a=
-

Imaging conclusion: Texture on both lungs becomes thicker. There were no 4
obvious abnormalities on abdominal X-ray. >
W7,
e

Disease diagnosis: Neonatal Pneumonia.

Figure 7: Diagnostic case w/ and w/o clinical context.
erage gains of 35.12% and 39.45% on NeoCXR, and
6.45% and 21.12% on NeoCXR-EV for Qwen3-VL-8B and
LLaVA-Rad-7B, respectively, highlighting the importance
of neonatal-specific data adaptation. Furthermore, equipped
with the proposed KLA framework, NeoRed consistently
outperforms fine-tuned LLaVA-Rad on NeoCXR by 2.97%
and Qwen3-VL on NeoCXR-EV by 4.52%.

2) Generalization to adult benchmark. Tab. 7 evaluates
NeoRed on adult benchmarksMIMIC-CXR and IU-Xray. On
MIMIC-CXR, NeoRed achieves an average score of 26.73%,
second only to LLaVA-Rad-7B, which is specifically opti-
mized for adult chest X-rays. On IU-Xray, NeoRed achieves
an average score of 33.01%, second only to the best model,
Lingshu. These results indicate that NeoRed retains general-
ization on adult report generation.

See comparative case studies in supplementary material.

Ablation Studies

To comprehensively evaluate the effectiveness of each mod-
ule in the proposed KLA framework, we conduct extensive
ablation studies on NeoCXR dataset as follows:

1) Ablation of KLLA framework. Our baseline is LLaVA-
Rad-7B fine-tuned on NeoCXR without KLA. We adopt a
leave-one-out ablation strategy to isolate each module’s con-
tribution, while comparison with baseline demonstrates their
joint effectiveness. As shown in Tab. 4, removing KPI or DLC
module causes a larger drop in CE metrics, confirming the
importance of knowledge prior injection and diagnostic con-
sistency constraint in neonatal disease diagnosis. Removing
VSA primarily hurts NLG performance, confirming signifi-
cance of vision alignment.

2) Internal Ablation of KPI and DLC. Tab. 5 evaluates
the three KPI components. Removing Lo degrades both
NLG and CE performance, confirming the importance of
prior knowledge injection. Excluding £ * cli or £ * cxr also
degrades performance, confirming the benefit of modality-
specific supervision. Tab. 6 analyzes the three DLC compo-
nents. Removing Ly consistently harms both NLG and CE
metrics, while excluding L. or L) also causes performance
drops, with £, having the largest overall impact.

3) Ablation of priors. The prior matrix is constructed
based on disease—-modality relevance determined through
expert consensus between two neonatologists, with any dis-
agreements resolved through discussion until consensus is
reached. Comparison results of random, all-one, all-zero ini-
tializations confirm effectiveness of our priors (see Tab. 8).

4) Attention analysis of generated tokens. Follow-
ing (Lin et al. 2025), we sample 100 NeoCXR cases and
compute the attention ratios of generated tokens to image
and clinical tokens across decoder layers, averaged over heads
and tokens. During the learning (layers 5-10) and diagnostic
stages (layers 25-31), NeoRed achieves more balanced mul-
timodal fusion than the vision-dominated LLaVA-Rad (see
Fig. 5), providing visual evidence for the effectiveness of our
proposed KLA framework. Detailed token-level analysis is
provided in supplementary material.

5) Sensitivity analysis of loss weight. Following prior
work (Liu et al. 2025), we adopt commonly used auxiliary-
loss weights and validate them through sensitivity analysis.
A representative analysis for weighting coefficient in overall
objective (Wipi = Wdic = Wysa=0.5) is shown in Tab. 9.

6) Ablation of clinical context. As shown in Fig. 6, remov-
ing all clinical context produces the worst results, demon-
strating the necessity of clinical context. Removing any clin-
ical category degrades performance, confirming contribution
of each. Developmental factors have the greatest impact on
CE metrics, followed by perinatal risks. A diagnostic case
with and without clinical text is shown in Fig. 7. Image-only
input leads to a pneumonia misdiagnosis, while incorporat-
ing clinical context enables correct NRDS diagnosis.

Conclusion

We construct two real-world neonatal datasets (NeoCXR and
NeoCXR-EV) and propose NeoRed, to the best of our knowl-
edge, the first MLLM tailored for neonatal respiratory dis-
ease diagnosis, filling a critical gap in this domain. NeoRed
organizes key clinical indicators into three categories (de-
velopmental factors, perinatal risks, and physiological sta-
tus), providing structured clinical context for diagnosis. To
further enhance multimodal diagnosis, we propose a novel
KLA framework with three modules: KPI for injecting prior
knowledge into multimodal representations, DLC for enforc-
ing diagnostic consistency during report generation, and VSA
for aligning visual features with textual descriptions. KLA in-
corporates neonatologist-inspired diagnostic priors and con-
sistency constraints, forming a closed loop from knowledge
acquisition to report generation. Extensive experiments show
that NeoRed consistently outperforms mainstream MLLMs
on neonatal benchmarks while maintaining generalization on
adult benchmarks (MIMIC-CXR and IU-Xray).
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