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Abstract
Radiology report generation (RRG) is a demanding yet challenging
task that involves producing multi-sentence diagnostic narratives,
requiring long-form text with high diversity while addressing in-
herent data bias. Sentence-level diversity is therefore crucial for
capturing varying diagnostic details across multiple regions of inter-
est (ROIs) within a single report, yet it remains underexplored in the
field. In this paper, we propose DADNET, a novel diffusion-based
framework that leverages the inherent ability of diffusion models to
generate diverse text. We make the first attempt to integrate large
language models (LLMs) to bridge the inherent training-inference
gap in diffusionmodels. Specifically, LLMs are used to draft a prelim-
inary report, which is subsequently incorporated into the diffusion
process to enhance report diversity. Additionally, we introduce a
bias equalization technique using domain-specific priors to mitigate
data distribution biases, improving the quality and reliability of
generated reports under various scenarios. Experimental results
demonstrate that DADNET outperforms existing approaches under
the same non-autoregressive (NAR) mechanism and sets a new
benchmark for diversity in RRG. This work underscores the impor-
tance of diversity in RRG and establishes DADNET as a pioneering
framework for addressing this challenge with NAR methods.
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1 Introduction
The growing disparity between the volume of radiological imaging
data and the availability of professional readers has resulted in an
unsustainable escalation in radiologists’ workloads. This mounting
pressure to manage an increasing number of complex cases within
tight time constraints often compromises the quality of diagnostic
reports. These concerns underscore the necessity for automated ra-
diology report generation (RRG) solutions, which promise to allevi-
ate radiologists’ workload, reduce diagnostic errors, and streamline
clinical workflows.

Recent deep learning-based RRG works [3, 10, 17, 43] are typi-
cally built on the advancements in natural image captioning meth-
ods, adopting an encoder-decoder autoregressive (AR) framework,
integrating modifications specifically tailored to the distinct chal-
lenges posed by RRG tasks. Specifically, these improvements are
designed to address two primary challenges that set RRG apart
from conventional image captioning.
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Figure 1: An illustration describing the workings of the con-
ventional diffusion-based RRG framework and our proposed
approach, highlighting their unified structures and the key
difference in-between. The orange elements represent the
traditional approach, while the green components showcase
our main contribution with LLM. The reverse process, as
shown, is conceptually similar across both frameworks. Best
viewed in colour for clarity.

The first challenge lies in producing long-text descriptions with
high diversity, a key feature that distinguishes RRG apart from
natural image captioning tasks. While image captions are typically
concise and focus on summarizing a single object or scene, radiol-
ogy reports are significantly longer, comprising multiple sentences
that describe various organs or regions of interest, as demonstrated
in Figure 2. Each sentence in a report may describe distinct find-
ings, with diagnoses for each region being either interrelated or
entirely independent. The inherent diversity and complexity re-
quire models to capture long-range dependencies across sentences
while maintaining contextual accuracy and variability in their out-
puts. To tackle these challenges, several approaches have been
developed. Notably, the successful introduction of memory mecha-
nisms in models like R2Gen [4], R2GenCMN [3] and their invariants
[10, 28, 37] has demonstrated the importance of enabling models
to effectively handle long-form content for RRG tasks. However,
despite these advancements, limited attention has been given to
discussing the degree of diversity in generated reports, exposing a
critical gap in current research.

The second challenge stems from imbalanced information within
both visual and textual modalities. The data bias occurs as inter-
sample imbalance, where normal samples dominate datasets despite
abnormal ones being diagnostically crucial, and also intra-sample
imbalance, where abnormal findings are confined to small portions
of the data for both modalities (e.g., negative descriptions usually
consisting of brief and specific phrases featuring medical termi-
nology), leaving irrelevant information to take up the majority of
the space. The issue becomes particularly intricate for textual data.
Radiology reports often adhere to standardized templates to en-
sure clarity and practicality for clinical use. While template words

Figure 2: Sentence-Level Diversity Characteristics in RRG
Tasks. The highlighted phrases correspond to specific regions
of interest (ROIs) in the radiograph, marked in matching
colors for clarity. Best viewed in color.

may appear redundant and less informative for learning abnormal
descriptions, they are essential for generating standardized and
clinically usable reports. On the other hand, specialized medical ter-
minologies critical for diagnostic accuracy may be inadequately rep-
resented during training, resulting in limited model learning. This
underscores the demand for a model capable of capturing a greater
degree of diversity. To tackle these challenges, there has been some
pioneering efforts, such as aligning features across modalities to
emphasize diagnostically relevant regions [44] or refining features
using external knowledge, including report templates or medical
knowledge graphs, to guide the learning process [22]. Despite these
advancements demonstrate their effectiveness within transformer-
based framework, they lack sufficient investigation and exploration
of alternatvie decoding paradigms, highlighting the need for further
research and innovation.

In this paper, recognizing the significance of diversity in RRG and
the insufficient attention it has received, we prioritize a more funda-
mental aspect to enhancing diversity by rethinking the underlying
learning paradigm, rather than pursuing incremental advancements
through auxiliary module additions. Specifically, we move away
from widely explored transformer-based encoder-decoder archi-
tectures to a diffusion-based framework. This transition is driven
by two primary motivations. First, diffusion-based methods inher-
ently promote diversity in text generation by enabling bidirectional
message passing and parallel token generation [9]. In contrast, AR
models generate tokens sequentially in a unidirectional manner,
which often results in error accumulation and reduced diversity
[31]. Second, diffusion-based methods offer greater efficiency, as
their parallel processing allows for faster generation and more ef-
fective handling of longer texts compared to the sequential nature
of autoregressive approaches.

A major hurdle in applying diffusion-based techniques lies in
the noise inconsistency between training and inference. During
training, noise is added to ground-truth reports, retaining some
underlying information and causing potential leakage [45], whereas
inference starts with pure Gaussian noise, leading to performance
gaps. To address this, we propose DADNET, a non-autoregressive
framework leveraging large language models (LLMs). A lightly fine-
tuned LLM acts as a "radiologist intern", producing a rough report
draft used as a more informative starting point during inference and
randomly as input during training. As illustrated in Figure 1, our
proposed approach incorporates the LLM-assisted module, shown
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in green, to effectively mitigate the noise gap, improve consistency,
and boost overall performance. In addition, to tackle data bias,
we integrate prior knowledge prompts into the report generation
process, ensuring the outputs are both coherent and diagnostically
accurate.

In sum, our contributions can be summarized as follows:

• We are the first to propose an RRG framework that incorpo-
rates a large language model (LLM) into a diffusion-based
non-autoregressive paradigm;

• We leverage LLMs to generate a preliminary report draft,
which helps bridge the gap between training and inference
while enhancing the diversity of the generated reports;

• We are the first to highlight and prioritize the importance of
diversity evaluation in the context of RRG tasks;

• DADNET outperforms multiple baselines under the non-
autoregressive (NAR) mechanism in standard natural lan-
guage generation (NLG) metrics, and it delivers exceptional
results on diversity metrics when compared to both autore-
gressive and non-autoregressive methods.

2 Related Work
Radiology Report Generation. In terms of the model architec-

ture, most radiology report generation methods utilize either CNN-
or Transformer-based visual extractors combined with autoregres-
sive text generators (i.e., RNN- or Transformer-based models). For
instance, Zhou et al. [48] proposed a multi-modality semantic at-
tention module along with additional topic-level losses within a
CNN-RNN architecture to improve the precision of the generated
reports. While R2Gen [4] introduced the concept of memory into a
Transformer-based encoder-decoder structure, becoming the first
method to employ Transformer architectures in this domain (for
both visual and textual modalities). It has since served as a foun-
dational starting point for further advancements in radiology re-
port generation. Recently, D2-Net makes the first attempt to apply
diffusion-based models to radiology report generation, marking an
initial step in exploring this approach for the task.

Given the similarities to natural image captioning, which has
been extensively studied, many existing RRG approaches build upon
these methods with domain-specific adaptations. These approaches
can generally be categorized based on their strategies: enhanc-
ing learning patterns or incorporating external domain-specific
knowledge. For example, R2Gen [4] improves the textual genera-
tion process by leveraging relational memory to capture pattern
information. It learns relational memory from previous generation
steps and integrates this information into normalization layers in
the decoder, thereby enhancing the quality of the generated con-
tent. Similarly, R2GenCMN [3] expands on this concept by utilizing
memory to improve cross-modal alignment, ensuring the generated
reports are both semantically coherent and highly aligned with the
input images. On the other hand, COMG [10] incorporates prior
knowledge, such as diagnostic priors and organ masks, at both
the pixel and textual levels to aid feature learning directly from
radiographs, simplifying the report generation process.

The review of existingworks reveals notable limitations inmethod-
ological flexibility and untapped opportunities. From the perspec-
tive of the decoding paradigm, since the introduction of R2Gen [4],

Transformer-based architectures have dominated radiology report
generation. While effective, the ARmechanism faces challenges like
unidirectional message passing, which causes error accumulation
degrading the content quality. The recent success of diffusion-based
non-autoregressive frameworks [19] underscores the potential of
exploring diffusion models as a promising alternative. From another
perspective, the success of existing methods in improving feature
learning — whether through refining learning patterns [3, 4, 43, 48]
or integrating external domain-specific knowledge [10, 33] — high-
lights the importance of tackling task-specific challenges in RRG.
These advancements point to untapped opportunities for further
investigation of challenges specific to the RRG task.

Large Language Models in Report Generation. Large lan-
guage models (LLMs) have demonstrated significant advantages in
performing logical reasoning and generating coherent and contex-
tually relevant texts, thanks to their extensive knowledge base and
sophisticated linguistic understanding [6, 24, 38, 39]. These capa-
bilities position LLMs as promising solutions for tasks requiring
advanced linguistic proficiency, such as radiology report generation
(RRG). Consequently, several studies have explored the use of LLMs
for RRG [11, 22, 36, 39, 40, 43]. More specifically, R2GenGPT [43],
KARGEN [22] and RaDialog [36] all adopt Llama2-based LLM as
the report generator, and RGRG [40] adopts GPT2-Medium. De-
spite their contributions, these approaches share notable limitations.
Most rely on LLMs strictly as report generators within transformer-
based frameworks, which inherently depend on autoregressive
mechanisms for language modeling. This reliance not only per-
petuates issues such as error accumulation in sequential text gen-
eration but also requires substantial computational resources for
loading LLMs and fine-tuning them to enhance domain-specific
performance. Moreover, these methods fail to explore alternative
architectures or innovative applications of LLMs beyond direct text
generation. This gap highlights an exciting opportunity to reimag-
ine the integration of LLMs into RRG workflows. For example,
LLMs have been effectively utilized to generate domain-specific
knowledge to support model learning in related tasks, such as
medical visual question answering [21, 23, 27], task-oriented dia-
logue modeling [29] and medical report summarization [32]. In our
proposed method, we extend the role of LLMs beyond traditional
report generation by employing them as external agents to assist a
diffusion-based non-autoregressive (NAR) framework.

3 Methods
In this section, we introduce our framework for radiology report
generation, named Diversity-Augmented Diffusion Network (DAD-
NET), which is established upon D2Net [19] in a diffusion-based
image-to-text generation paradigm [31]. Ourmethod reflects diversity-
augmentation by integrating a large language model (LLM) to
bridge the noise gap between training and inference within the
diffusion-based framework. In addition, it employs prior-knowledge
prompts to tackle typical data bias issues in RRG, leveragingmedical
domain knowledge to enhance the model’s focus on diagnostically
relevant information. The overall structure of DADNET is illus-
trated in Figure 3.
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Figure 3: An overview of our proposed DADNET: (1) A diffusion model utilizing LLM-generated reports as input to address the
noise gap in-between, and (2) Prior Knowledge prompts to incorporate domain-specific expertise into the diffusion process.
Detailed explanations of each component are provided in Section 3.

3.1 Preliminary: Diffusion-based RRG
Input Preprocessing. Given the image modality input, a radio-

graph 𝐼 , we leverage ResNet101, a CNN-based model, to extract
visual features represented as 𝑉𝐼 = 𝑓𝑣 (𝐼 ). Here, 𝑓𝑣 refers to the
ResNet [12] model, and 𝑉𝐼 = 𝑣1, 𝑣2, . . . , 𝑣𝑆 represents the set of vi-
sual features extracted from the radiograph, where each feature
𝑣𝑠 ∈ R𝑑 has a dimensionality of 𝑑 . While for text modality, an input
report 𝑅, we leverage the Bit Encoding Layer [2] to encode it into
𝑥0 ∈ R𝑛×𝐿 . Here, 𝑛 = ⌈log2W⌉ corresponds to the number of
binary bits (i.e., {0, 1}𝑛) required for the one-hot encoding of each
token, where W denotes the vocabulary size of the corpus. The
hyperparameter 𝐿 represents the pre-defined maximum sequence
length, which is set to ensure parallel computation by padding or
truncating all report samples to a uniform length.

Diffusion Process. The encoded text input 𝑥0 undergoes a dif-
fusion process with forward and reverse steps. In the forward step,
Gaussian noise is progressively added to 𝑥0 for 𝑡 ∈ (0,𝑇 ], resulting
in the noisy input 𝑥𝑡 , computed as:

𝑥𝑡 =
√︁
sigmoid(−𝛾 (𝑡 ′))𝑥0 +

√︁
sigmoid(𝛾 (𝑡 ′))𝜖, (1)

where 𝜖 ∼ N(0, 1) represents Gaussian noise, and 𝑡 ∼ U(0,𝑇 ) is a
continuous time variable normalized to 𝑡 ′ = 𝑡/𝑇 . In the reverse step,
the noisy input 𝑥𝑡 is denoised back to 𝑥0, conditioned on visual
features 𝑉𝐼 , by training a diffusion transformer 𝑓𝜃 to minimize the
following ℓ2 loss:

L𝑏𝑖𝑡 = E𝑡∼U(0,𝑇 ),𝜖∼N(0,1) | |𝑓𝜃 (𝑥𝑡 , 𝛾 (𝑡 ′),𝑉𝐼 ) − 𝑥0 | |2 . (2)

During inference, the reverse process begins with 𝑥𝑡 initialized
as pure Gaussian noise at 𝑡 = 𝑇 and iteratively applies 𝑓𝜃 to generate
latent states as 𝑡 transitions to 𝑡 = 0. The final 𝑥0 is then obtained
using the sampling strategy proposed in DDPM [13].

The diffusion transformer utilizes both the visual features𝑉𝐼 and
the noise-injected text input 𝑥𝑡 in an encoder-decoder structure.
The decoder generates textual hidden states 𝐻𝑡 conditioned on

visual hidden states 𝐻𝑣 produced by the encoder, to reconstruct a
clean report 𝑥0. The process is operated as follows:

𝐻𝑣 = 𝑓𝑒 (𝑉𝐼 ) = FFd(LNorm(MultiAttn(VI,VI,VI)) + VI),
𝐻𝑥 = 𝑓𝑑 (𝐻𝑣, 𝑥𝑡 ) = FFd(LNorm(MultiAttn(ℎ𝑥𝑡 , 𝐻𝑣, 𝐻𝑣)) + ℎ𝑥𝑡 ),
ℎ𝑥𝑡 = LNorm(MultiAttn(𝑥𝑡 , 𝑥𝑡 , 𝑥𝑡 ) + 𝑥𝑡 ),
MultiAttn(𝑄,𝐾,𝑉 ) = CAT(head0, head1, . . . , head𝐻 )𝑊𝑂 ,

head𝑖 = Attn(𝑊𝑞𝑖VI,𝑊𝑘𝑖VI,𝑊𝑣𝑖VI),

Attn(𝑞, 𝑘, 𝑣) = softmax
(
𝑞𝑘𝑇

√
𝑑

)
𝑣,

(3)
where𝑊𝑞,𝑊𝑘 ,𝑊𝑣 are learnable parameters, MultiAttn denotes the
multi-head attention module with a predefined number of heads,
LNorm represents layer normalization, FFd is the feedforward layer.
𝑓𝑒 and 𝑓𝑑 refer to the encoder and decoder, while 𝐻𝑣 and 𝐻𝑡 are the
visual and textual hidden states, respectively.

In addition to L𝑏𝑖𝑡 in Eq. 2, the diffusion process objective also
incorporates two cross-entropy loss terms within each diffusion
transformer block: L𝑥𝑒 , which evaluates the accuracy of each out-
put word, and L𝑒𝑜𝑠 , which assesses whether each output word
represents the end-of-sentence (i.e., its semantic meaningfulness).

3.2 LLM-Assisted Noise Initialization
The reverse step of diffusion models operates differently during
training and inference, resulting in an implicit gap between the two
stages. During training, the process begins with corrupted inputs
generated from the original data through the forward diffusion
process. However, in the inference stage, it typically starts with pure
Gaussian noise. This mismatch in the initial noise introduces a gap,
potentially leading to information leakage during training [7, 26, 45].
Recent studies [7, 8, 30, 45] further demonstrate that incorporating
correlated initial noise during inference significantly enhances the
quality of generated content in diffusion-based image and video
generation tasks. Building on these insights, we propose leveraging
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Table 1: NLG Analysis: Comparison with NAR method on IU-Xray

Models BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr

1-NN 0.232 0.116 0.051 0.018 - 0.201 -
HRGR 0.438 0298 0.208 0.151 - 0.322 -
D2-Net† 0.434 0.283 0.197 0.129 0.177 0.326 0.389
DADNET 0.450 0.302 0.224 0.175 0.203 0.345 0.708

pretained LLMs to generate informed initial noisy reports tailored
specifically for our diffusion-based report generation framework.

While RRG inherently involves a multi-modal approach, we opt
to employ LLMs integrated with a visual aligner rather than lever-
aging pretrained visual-language models (VLMs) due to several
key considerations. First, VLMs are typically trained on general-
purpose datasets, which often lack the specialized anatomical and
pathological nuances essential for understanding medical imaging.
Second, while VLMs excel in visual-textual alignment [16], they
generally underperform in text-based inferential reasoning [47].
In contrast, pretrained LLMs, particularly when fine-tuned with
domain-specific instruction prompts, not only retain their strong
inferential reasoning capabilities in the domain but also effectively
accommodate multi-modal inputs tailored to the medical domain.
In addition, the visual information processed by ’the official radiol-
ogist’ (i.e., the diffusion-based generator) and ’the intern’ (i.e., the
LLM) should remain consistent to minimize discrepancies in image
understanding between the two.

To generate such report, the extracted visual features𝑉𝐼 are also
mapped into a higher-dimensional feature space compatible with
the LLM to integrate visual information into the LLM. This mapping
is achieved through a multi-layer perception, producing a sequence
of visual tokens 𝑍𝑣 , referred to as the visual aligner:

𝑍𝑣 = 𝑔𝑣𝑚 (𝑉𝐼 ), (4)

where 𝑔𝑣𝑚 (·) is the visual aligner.
For the LLM component, we adopt LLaMA2-7B [41] selected

for its robust capabilities and effectiveness in handling complex
language tasks. Drawing inspiration from [43], we design our in-
struction prompts 𝑋𝑝𝑟𝑜𝑚𝑝𝑡 based on theirs as follows:

"Patient: <Img>𝑍𝑣</Img>, Generate a comprehensive
and detailed diagnosis report for this chest x-ray
image. \n Radiologist: 𝑋𝑟 < /𝑠 > ."

Here, 𝑋𝑟 denotes the corresponding report, with all prompt text
tokenized using LLaMA’s tokenizer for optimal processing.

Given the visual features 𝑉𝐼 and instruction prompts 𝑋𝑝𝑟𝑜𝑚𝑝𝑡 ,
LLaMA2-7B, acting as a "radiologist intern", generates a preliminary
report draft 𝑥 ′0. This draft is produced through instruction tuning
by optimizing the cross-entropy loss:

L𝑑𝑟𝑎𝑓 𝑡 = L(𝜃𝑑𝑟𝑎𝑓 𝑡 ;𝑋 ′
𝑑𝑟𝑎𝑓 𝑡

, 𝑋𝑝𝑟𝑜𝑚𝑝𝑡 ,𝑉𝐼 )

= −
𝐿∑︁
𝑖=1

log𝑝𝜃𝑑𝑟𝑎𝑓 𝑡 (𝑥
′
𝑖 |𝑉𝐼 , 𝑋𝑝𝑟𝑜𝑚𝑝𝑡 , 𝑋𝑑𝑟𝑎𝑓 𝑡,<𝑖 ),

(5)

where 𝜃𝑑𝑟𝑎𝑓 𝑡 are the trainable parameters, 𝑋𝑑𝑟𝑎𝑓 𝑡,<𝑖 denotes the
preceding predicted tokens, and 𝐿 is the sequence length.

Figure 4: The normality distribution of each diagnosis across
the whole dataset.

The generated draft serves dual purposes. During inference, it is
used as the initial noise for the reverse diffusion process, replacing
pure Gaussian noise to better align initial noise the training and
inference stages. During the training stage, the draft is randomly
substituted for the ground-truth report as the input vector before
noise injection, ensuring diversity and robustness in the training
process for the denoiser. This dual use of the draft enhances both the
consistency and the performance of the diffusion-based framework.

3.3 Prior-Guided Conditioning
The effectiveness of conditioning techniques in enhancing content
quality in diffusion models has been widely demonstrated across
various domains, including image generation [14, 15, 34] and cap-
tioning tasks [2, 31]. In the context of radiology report generation,
distinguishing between normal and abnormal cases is especially
critical, as the focus and requirements of these two scenarios differ
significantly. However, RRG datasets often exhibit a highly imbal-
anced normality distribution, as shown in Figure 4. This imbalance
underscores the importance of incorporating techniques that ex-
plicitly account for and differentiate between normal and abnormal
cases during the report generation process.

To achieve this, we introduce a binary domain-specific prior
prompt that indicates the normality of each sample, derived from a
predefined knowledge graph [10, 17]. This prior prompt acts as an
additional conditioning signal for the diffusion process. Specifically,
we utilize a prompt embedding layer, implemented as a multi-layer
perceptron (MLP), to encode the prior prompt into the same di-
mensional space as the textual input embedding 𝑥0. This allows for
seamless addition-based information fusion. The encoded prompt
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vector is then incorporated into the model by adding it to the textual
input embedding immediately after the report embedding layer,
effectively integrating domain-specific knowledge into the training
process. The final textual input is defined as:

𝑥0 = 𝑥0 + 𝑔𝑝𝑟𝑖 (𝑥𝑝𝑟𝑖𝑜𝑟 ), (6)
where𝑔𝑝𝑟𝑖 (·) represents the learnable embedding layer for the prior
prompt, and 𝑥𝑝𝑟𝑖𝑜𝑟 denotes the binary prior information related to
the sample’s normality.

Though concatenation-based fusion could also be a viable al-
ternative for DADNET, we opt for element-wise addition-based
information fusion due to its alignment with the strength of dif-
fusion models, particularly their efficiency. Addition operations
are computationally faster and require fewer learnable parame-
ters compared to concatenation layers [18, 46]. Furthermore, while
concatenation-based approaches are often beneficial when preserv-
ing spatial information is essential, this consideration is not relevant
for our text generation tasks, making addition a more efficient and
suitable choice.

This prior-guided conditioning improves the model’s ability to
tailor its output based on the clinical characteristics of the input case,
ensuring that the generated reports are accurate and contextually
appropriate, while also maintaining computational efficiency.

The overall training objective for the proposed DADNET frame-
work integrates multiple components to optimize both generation
quality and diversity. The total loss function is defined as:

L𝑡𝑜𝑡𝑎𝑙 = L𝑑𝑟𝑎𝑓 𝑡 + L𝑥𝑒 + L𝑒𝑜𝑠 + L𝑏𝑖𝑡 . (7)

4 Experiments
4.1 Experimental Settings

Datasets. Our experiments include the most widely-recognized
IU-Xray dataset, a public RRG benchmark collected at Indiana Uni-
versity. This dataset comprises 3,955 radiology reports, each cor-
responding to a single case with associated frontal and/or lateral
chest X-ray images, totaling 7,470 radiographs. The data is divided
into training, validation, and testing sets in a 7:2:1 ratio. As part of
preprocessing, all images are resized to dimensions of 3× 224× 224
and normalized, while the reports are cleaned by removing punctu-
ation and replacing infrequent words (appearing fewer than three
times) with the placeholder token <unk>. In addition, the sequence
length for each report is capped at a maximum of 60 words. The
preprocessing aligns with the techniques outlined in COMG [10].

Evaluation Metrics. We evaluate DADNET from two comple-
mentary perspectivesto ensure a comprehensive assessment. First,
we adopt standard natural language generation (NLG) metrics (i.e.,
BLEU[1-4] [35], METEOR [1], ROUGE-L [25], and CIDEr [42]) to
measure the quality, fluency, and relevance of the generated re-
ports compared to reference texts. Second, we assess the model’s
ability to produce diverse output using CIDEr [42] (capturing intra-
sample diversity), Self-BLEU [49] (evaluating inter-sample diversity
by assessing the dissimilarity of generated reports), and Div-4 [5]
(measuring n-gram diversity). These metrics together provide a
holistic view of DADNET’s performance in balancing report qual-
ity and diversity.

Table 2: Diversity Analysis on IU-Xray

Models CIDEr ↑ Div-4 ↑ Self-BLEU ↓

AR R2Gen† 0.566 0.839 0.363
AR R2GenCMN† 0.609 0.873 0.306
NAR D2-Net† 0.389 0.939 0.195
NAR DADNET 0.712 0.958 0.135

Implementation Details. We employ the pretrained ResNet101
[12] as the visual feature extractor and LLAMA2-7B [41] as the large
language model. The diffusion transformer comprises an encoder
and a decoder, each configured with 3 layers. For each multi-head
attention block, the number of attention heads is set to 8. The re-
verse process during inference operates over 100 time steps. Model
optimization is performed using the ADAM optimizer [20] with an
initial learning rate of 5 × 10−4, which is linearly warmed up over
the first 20,000 training steps. The training procedure is conducted
with a batch size of 16.

4.2 Results and Discussion
Quantitative Results. For NLGmetrics, DADNET demonstrates

superior performance over the baseline model, D2-Net, across all
evaluation metrics, benefiting from the integration of both con-
tributions. Notably, there is a substantial improvement in CIDEr,
which not only reflects the quality of the generated content but
also captures its diversity. Given its dual significance, CIDEr is also
included in our diversity evaluation metrics.

For NLG metrics, DADNET achieves superior performance over
the baseline model, D2-Net, across all evaluation metrics, driven
by the integration of both contributions. Among these metrics,
CIDEr demonstrates a notable improvement. As a metric designed
to evaluate the quality of generated content by comparing it to
reference texts while assigning greater weight to rare and informa-
tive n-grams, CIDEr is a particularly informative metrics for the
RRG task. Its ability to highlight less frequent but diagnostically
critical phrases makes it an effective measure of diversity in RRG.
For instance, a model that generates diverse and detailed descrip-
tions encompassing multiple regions of interest (ROIs) within a
report achieves a higher CIDEr score compared to one producing
repetitive or generic phrases. This is due to CIDEr’s emphasis on
the presence of diverse and meaningful n-grams, rewarding models
that deliver rich and comprehensive outputs aligned with reference
data. This dual role of CIDEr, capturing both content quality and
diversity, underpins its inclusion in our diversity assessment.

In the diversity evaluation, Table 2 presents a comprehensive
comparison between DADNET and several advanced RRG models,
including two AR methods — R2Gen [4], R2GenCMN [3] — and one
NAR baseline, D2-Net [19]. As shown in the table, the diffusion-
based framework exhibits a notable improvement in generating
inter-sample diversity, as reflected in the metrics Self-BLEU and
Div-4, which measure diversity across outputs for a single input
sentence. Both DADNET and D2-Net outperform AR methods in
terms of Div-4 and Self-BLEU. However, D2-Net appears to compro-
mise intra-sample diversity, as evidenced by its lower CIDEr score.
In contrast, DADNET achieves substantial improvements across all
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Figure 5: Qualitative analysis of the generated reports. Key organs are marked in corresponding colours, and diagnostic
information is distinguished using varying text colours.

evaluation metrics, underscoring its capacity to balance intra- and
inter-sample diversity effectively in radiology report generation.
Notably, DADNET achieves a 0.103% increase in CIDEr, a 0.085%
improvement in Div-4, and a 0.171% reduction in Self-BLEU relative
to R2GenCMN, which is widely regarded as the baseline method in
recent works.

Qualitative Results. To evaluate the effectiveness of DADNET
from an alternative perspective, we conduct case studies on two
selected samples, as shown in Figure 5. The reports generated by
DADNET are compared against those produced by the baseline
model, D2-Net as well as the ground-truth. For clarity, key medical
details are highlighted using distinct visual cues: different marking
colors are used to represent specific organs or regions of interest
(ROIs), while varied text colors denote specific diagnostic terms.
From the figure, it is evident that the reports generated by DADNET
exhibit superior quality compared to those from D2-Net. Notably,
DADNET successfully identifies all relevant ROIs, and diagnostic de-
tails within each report, whereas D2-Net falls short in these aspects.
This demonstrates that DADNET not only effectively detects ROIs
in radiographs but also delivers precise diagnostic information.

Table 3: Ablation on Different Components

Base LLM Priors B@3 B@4 M Cr

✓ 0.197 0.129 0.177 0.335
✓ ✓ 0.204 0.145 0.202 0.376
✓ ✓ 0.220 0.165 0.201 0.622
✓ ✓ ✓ 0.225 0.175 0.203 0.708

Ablation Studies. Table 3 reports the results of our ablation
studies on the IU-Xray dataset, showcasing the individual con-
tributions and overall effectiveness of the proposed components:
LLM-Assisted Noise Initialization and Prior-Guided Conditioning.
The findings indicate that employing the prior-guided mechanism
alone primarily enhances NLG metrics, reflecting an improvement
in the quality of the generated reports. In contrast, integrating the
LLM-assisted module significantly amplifies the model’s perfor-
mance, particularly in terms of diversity. These results emphasize
the complementary roles of these components and their combined
impact in achieving superior outcomes of DADNET.

5 Conclusion
In this paper, we propose DADNET, an innovative diffusion-based
framework aimed at generating accurate and diverse radiology
reports. By integrating large language models (LLMs), DADNET
addresses the noise gap between the training and inference phases
in diffusion-based generationmodels, enhancing the diversity of the
generated content. Additionally, it incorporates prior knowledge
prompts to embed domain-specific information, further supporting
the report generation process. Our method achieves state-of-the-art
performance on a widely recognized benchmark, demonstrating
exceptional quality and both intra- and inter-sample diversity. In
future work, we aim to explore the diversity dimension of RRG tasks
within alternative frameworks to identify the optimal approach for
producing medical reports that achieve a balance between high
quality and diversity without compromising either.
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