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Abstract—Radiology report generation aims to provide com-
prehensive clinical descriptions and ease radiologists’ workloads.
Previous research has explored using knowledge graphs and
auxiliary classification tasks to enhance the model’s ability to gen-
erate accurate reports. However, due to the lack of information in
the knowledge graphs or insufficient class label information, these
methods fail to provide models with clinical severity information
about the same disease at different stages of development,
resulting in less accurate reports. To address this issue, we
propose a Severity-Guided Radiology Report Generation method
(SR2Gen), which guides the model in identifying internal severity
variations of the disease from both explicit and implicit dimen-
sions. Specifically, SR2Gen includes two innovative modules: a
Knowledge Enhancement Module (KEM) and a Disease Severity-
Aware Module (DSAM). First, KEM explicitly guides the report
generation model by constructing a knowledge graph containing
disease severity information as prior knowledge. Secondly, DSAM
enhances the severity-aware classifier using pseudo-labels gener-
ated through momentum distillation and further incorporates an
adaptive disease severity learning method, implicitly guiding the
model to learn disease progression. Extensive experiments and
analyses on IU X-Ray and MIMIC-CXR datasets demonstrate
that SR2Gen outperforms previous state-of-the-art methods.

Index Terms—Medical Report Generation, Disease Severity,
Knowledge Graph, Momentum Distillation

I. INTRODUCTION

Medical image analysis plays a crucial role in disease
detection [1]. In clinical practice, radiologists analyze medical
images to detect lesions and assess their severity, which is
time-consuming, labor-intensive, and error-prone. To address
this challenge, research on automating the generation of med-
ical image reports has garnered increasing attention [2]. In
recent years, data-driven neural networks have been widely
applied to generate descriptive text for given images (e.g.

* is Corresponding author.

Fig. 1. An example from the MIMIC-CXR dataset and a comparison of
knowledge graph construction methods.

image captioning tasks) [3]. Compared to image captioning
tasks, medical image report generation faces the core challenge
of significant visual-to-text data discrepancies [4], [5]. Medical
images are often highly similar due to imaging techniques and
tissue characteristics, yet key features indicating abnormalities
can be subtle and difficult to detect, further complicated by a
lack of labeled data. Additionally, there is a large imbalance
in the number of samples for common versus rare diseases,
making it challenging for models to accurately describe rare
lesions.

To address these challenges, some researchers have pro-
posed more suitable radiology report generation (RRG) meth-
ods using the encoder-decoder framework [6]–[11]. Some of
these methods enhance the model’s performance by integrat-
ing medical knowledge into the report generation system.
For example, MKG [12] extracts seven organs/tissues and
twenty disease descriptions from medical reports as graph
nodes, linking disease-related keywords for the same organ
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Fig. 2. The knowledge graph we proposed. This graph includes the “Normal”
category and eight disease categories, covering seven organ categories and one
“Other” category. Each category is further subdivided into its corresponding
specific diseases. The severity of the diseases is highlighted in red font.

to the root node, strengthening associations between organs
and abnormalities through graph convolution. The knowledge
graph constructed by this method [12] has been widely adopted
in subsequent studies [13]–[16]. However, these methods still
have limitations. As shown in Fig. 1, many words describing
disease severity, such as “mild” and “small”, appear in real
reports. However, as shown in Fig. 1(a), existing knowledge
graphs have significant limitations in modeling the sever-
ity dimension of diseases, failing to capture severity-related
descriptors that frequently appear in reports. As shown in
Fig. 1(b), directly adding severity modifiers as graph nodes
to the existing knowledge graph oversimplifies the process,
resulting in redundancy and making it impossible to ensure
the most suitable knowledge scope. In contrast, as shown in
Fig. 1(c), we extract severity modifiers for each organ-disease
pair from real reports, avoiding redundancy while ensuring the
accuracy of prior knowledge. In addition to incorporating prior
knowledge, recent studies [17]–[23] have optimized feature
representations through joint training of auxiliary tasks. As
noted in [20], existing methods have failed to fully exploit di-
agnostic information in medical images, and the bias in disease
distribution has weakened the model’s ability to describe rare
conditions, diminishing the clinical value of generated reports.

Inspired by these challenges, we propose Severity-Guided
Radiology Report Generation (SR2Gen), a novel framework
based on knowledge graph expansion and auxiliary classifi-
cation task optimization. Our framework is composed of two
modules: a Knowledge Enhancement Module (KEM) and a
Disease Severity-Aware Module (DSAM). These modules are
designed to inject disease severity information into the model
from both explicit and implicit dimensions. KEM accurately
integrates disease severity information into the knowledge
graph and uses a graph convolution mechanism to guide
the model’s focus on disease severity information. Building
on the knowledge enriched by KEM, DSAM enhances the
Disease Severity-Aware Classifier (DSAC) through momentum
distillation, and it also incorporates Adaptive Disease Severity

Learning (ADSL), which uses entropy as a dynamic adjust-
ment factor to optimize classification loss, enabling the model
to focus more on learning disease severity.

Our main contributions are as follows:
• We propose a more comprehensive knowledge graph that

not only contains organ-disease pair information but also
covers disease severity, revealing the disease progression.

• We introduce DSAM, which optimizes traditional auxil-
iary classification tasks through momentum distillation,
and addresses the problem of poor learning of minority
disease severity information by combining ADSL.

• Extensive experiments on the benchmark datasets IU X-
Ray [24] and MIMIC-CXR [25] demonstrate the superi-
ority of the proposed method.

II. RELATED WORK

The goal of RRG is to produce clinical descriptive text
for radiological images. Inspired by natural image captioning,
most RRG models employ an encoder-decoder architecture to
generate reports [14], [21]. However, due to the high visual
similarity of radiology images, detecting subtle abnormalities
is much more challenging than with natural images. Many
methods have been proposed to address this issue, mainly
falling into two categories: incorporating knowledge graphs
and setting auxiliary tasks.

A. Knowledge Graph

Medical knowledge is crucial for report generation. To in-
corporate medical knowledge, researchers have experimented
with knowledge graphs. For example, KERP [26] employed an
encode module that transforms visual features into a structured
abnormality graph by incorporating prior medical knowledge.
However, the abnormality graph fails to distinguish between
organs and diseases. Zhang et al. [12] used a universal graph
of seven organs/tissues and twenty finding entities, where
entities associated with the same organ were connected. DCL
[15] retrieves organ-disease entities during the generation
process as a supplement to the pre-built organ-disease graph.
Additionally, DCG [16] separately constructed disease-free
and disease-specific nodes within the knowledge graphs to
enable model to consciously focus on abnormal information
and mitigate the impact of excessively common diseases on
RRG. None of the above methods consider the importance
of disease severity in report generation. Compared with the
above methods, as shown in Fig. 2, We propose integrating this
crucial information about disease severity into the knowledge
graph to help the model generate higher-quality reports.

B. Auxiliary Task Learning

The goal of auxiliary task learning is to enhance the model’s
ability to extract discriminative features through collaborative
learning of multiple related tasks, thereby improving overall
performance in the main task. In radiology report generation,
common auxiliary tasks include contrastive learning, lesion
segmentation, matching medical images with reports, and
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Fig. 3. The overall architecture of the SR2Gen model we proposed. The architecture consists of a visual feature extractor, a knowledge enhancement module,
and a disease severity-aware module. We also maintain a momentum version of the disease severity-aware module.

disease classification. Yan et al. [27] introduced weakly su-
pervised contrastive learning as an auxiliary task. This method
learns a semantically rich representation to improve the quality
of report generation. Meanwhile, lesion segmentation serves
as another auxiliary task, providing more detailed disease
location information and guiding the model’s attention to these
critical areas of the body [28], [29].

Furthermore, researchers have explored image-text match-
ing to obtain fine-grained, aligned image-text representations
[15], [30]. Notably, disease classification is a commonly used
auxiliary task that allows models to distinguish between the
presence or absence of abnormalities and acquire discrimina-
tive features [20], [21], [31]. All these studies aim to generate
more accurate reports by integrating different auxiliary tasks.

Existing methods primarily focus on coarse-grained disease
presence identification, whereas our framework innovatively
extends auxiliary classification to fine-grained disease severity
assessment. We use DSAM and ADSL to guide the model
in capturing the underlying patterns of disease progression,
generating clinically graded descriptive reports that accurately
reflect the different stages of disease development.

III. METHODOLOGY

In this section, we introduce the detailed implementation of
the proposed SR2Gen. An overview of SR2Gen architecture is
presented in Fig. 3, which consists of two main modules: KEM
and DSAM. The latter is further divided into two submodules:
DSAC and ADSL. We will first briefly describe the RRG task,
followed by an introduction to the two main modules we have
proposed. Finally, we will present the components related to
the decoder and the overall loss function.

A. Task Definition

The RRG task aims to produce a tokenized sequence
Y = {y1, ..., yt, ..., yT }, which describes the input radiology
image I . Here, yi represents a subword token from predefined
vocabulary H , T is the sequence length in tokens. The process
of generating the tokenized sequence can be expressed as:

P (Y |I) =
T∏
t=1

P (yt|y1, ..., yt−1, I). (1)

Typically, the model is trained by maximizing the condi-
tional probability p(Y |I) through minimizing the negative log-
likelihood of Y given I , as expressed in the equation:

θ∗ = argθmax

T∑
t=1

log p(yi|y1, ..., yt−1, I; θ), (2)

where θ are the parameters of the model. In this paper, we
adopt the standard image captioning structure, including an
image encoder and an auto-regressive text decoder, while
also introducing a severity-aware mechanism to enhance the
clinical relevance of generated reports.

Fig. 3 illustrates the overall architecture of SR2Gen. After
extracting visual features, we enhance the model with disease
severity knowledge through a knowledge graph and auxiliary
classification tasks. Specifically, we propose two modules:
KEM and DSAM, which inject disease severity information
into the model from both explicit knowledge injection and
implicit feature learning perspectives. This multi-faceted ap-
proach facilitates effective knowledge transfer and utilization,
significantly improving the model’s ability to discern disease
severity. Finally, we use a text decoder to generate the reports.
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B. Knowledge Enhancement Module

Introducing knowledge graph as structured prior knowledge
has been shown to significantly improve model’s clinical se-
mantic understanding in RRG. By embedding disease severity
information in the graph, the model better captures disease
progression. As shown in Fig. 1(c), we propose a small, task-
focused knowledge graph incorporating severity information
while minimizing redundant data.

1) Severity Knowledge Graph Construction: As shown in
Fig. 2, we construct a knowledge graph incorporating dis-
ease severity, reflecting the relationships between organs and
diseases and how severity levels manifest in different organ-
disease pairs. It should be noted that the knowledge graph we
proposed has been expanded according to [12] and [16]. Our
knowledge graph contains two types of nodes: organ nodes
and disease nodes. Organ nodes represent different organs
(e.g. “Lung”, “Heart”, “Bone”) and disease nodes formed
by combining severity modifiers with disease names (e.g.
“Severe atelectasis”, “Moderate effusion”). Furthermore, the
knowledge graph also includes a “Normal” node, representing
the absence of disease. The disease nodes are linked to their
corresponding organ nodes, with severity modifiers providing
more accurate clinical information. This approach reduces
confusion caused by similar severity levels in different pairs of
organ-diseases. During graph construction, we filter severity
modifiers based on their frequency in the training set for
each disease, generating organ-disease pairs with severity
information, which are then encoded as nodes in the graph.

2) Knowledge Enhancement: To accurately extract the
knowledge relevant to the input image Iinput from the knowl-
edge graph, we adopt a retrieval-augmented approach that
retrieves a similar image Isim, and uses its corresponding
report to activate nodes in the graph. Specifically, for Iinput,
we retrieve top-k similar images from a pre-built index set
D = {Avg(Ii)}Mi=1, where Avg(·) denotes global average
pooling over features extracted by DenseNet-121 [32], and M
represents the total number of training images. We compute
cosine similarities between Avg(Iinput) and D to identify the
top-k similar images. The reports of the top-k images are
combined to form a candidate report set R = [Y1, Y2, ..., Yk],
from which organ-disease entities are extracted.

As illustrated in Fig. 2, Throughout the training set, the
organ-disease entities are designated as M ′ nodes V =
{v1, v2, ..., vM ′} in the disease severity graph G = {E, V },
where E and V represent the edges and nodes, respectively.
Node relationships include “exists” and “does not exist”. Each
node v ∈ V is encoded by ClinicalBERT [33]. The [CLS]
embedding from the final layer of ClinicalBERT is used as the
node embedding Fv = {fvi ∈ Rd}M ′

i=1. If a predefined organ-
disease pair appears in the report set R, the corresponding
edge ej ∈ E in G is activated. For example, if “Heart-Mild
cardiomegaly” appears, the edge between “Heart” and “Mild
cardiomegaly” is activated. After constructing the graph G,
we use a Graph Convolutional Network (GCN) to aggregate
disease-related features and update node embeddings F′v ∈

RM ′×d. Multi-Head Cross Attention (MHCA) is then applied
to enhance the fine-grained image patch embeddings Fi:

F′i =MHCA (F′v,Fi) , (3)

and the final output is obtained by summing Fi and F′i:

Fk = F′i + Fi, (4)

where Fk ∈ RN×d combines visual features and disease sever-
ity information, aiding the text decoder in report generation.

C. Disease Severity-Aware Module
Incorporating auxiliary classification tasks into report gen-

eration improves the model’s ability to discriminate diseases.
However, traditional classification tasks typically use hard la-
bels that only indicate disease presence, neglecting severity. To
address this, inspired by the work of [21] and leveraging prior
knowledge from the knowledge graph, we further introduce
momentum distillation to generate pseudo-labels, enabling
the model to implicitly learn disease severity information.
Meanwhile, we propose ADSL to address the issue that class
imbalance among diseases leads to insufficient learning of
severity information for minority diseases.

1) Enhancement of Classification Task: To enhance the
classification task’s ability to identify disease severity, we
define a set of good classification labels and avoid using the
graph nodes as labels, as they contain severity information that
may bias the model’s learning. After defining the labels, we
use a topic embedding mechanism to represent various labels
in a continuous vector space, denoted as VG. Then, we apply
MHCA to allow VG to learn severity information from Fk:

V′G, αcls = ADSL (DSAC (MHCA (Fk,VG))) , (5)

where ADSL denotes adaptive disease severity learning,
which will be introduced later, V′G represents the features
that contain the classification results and will be utilized in
subsequent processes to further assist the decoder in generating
precise descriptions of disease severity, while αcls serves as
the attention scores, functioning as the probability distribution
used for classification loss calculation. Then, we use momen-
tum distillation to generate pseudo-labels and calculate the
classification loss. During the training process, we maintain a
momentum version of the DSAM with the same structure as
the original model, essentially a continuously evolving teacher
model. The update process of the momentum model at time
step t combines its historical parameters θt−1m (influenced by
the momentum factor α ∈ [0, 1)) with the current parameters
θt−1original of the original model:

θtm = αθt−1m + (1− α)θt−1original. (6)

In DSAC, we denoted Pcls and Pclsm as the parameters of
classifier C(·) and momentum-based classifier Cm(·), respec-
tively. After updating Pclsm , we pass visual representations
through Cm(·) to construct pseudo-labels using the categorical
truth label Lg and obtained α′cls, we define the following
distillation-base classifier loss function:

P targetθ = αdisLgt + (1− αdis)softmax(α′cls), (7)
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TABLE I
THE STATISTICS OF IU X-RAY AND MIMIC-CXR.

Dataset Split #Images #Reports #Patients Avg. Len.

Train 5,212 2,780 2,780 38.29
IU X-Ray [24] Val 720 402 402 36.58

Test 1,534 800 800 37.63

Train 368,960 222,758 64,586 53.00
MIMIC-CXR [25] Val 2,991 1,808 500 53.05

Test 5,159 3,269 293 66.40

Lcls = KL(P targetθ ‖αcls), (8)

where αdis ∈ [0, 1) is the distillation coefficient, and we
use Kullback-Leibler divergence to minimize the difference
between the targeted probability distribution P targetθ and αcls.

2) Adaptive Disease Severity Learning: The imbalanced
distribution of diseases leads to uneven learning of disease
severity. To address this, we propose ADSL, an algorithm that
automatically adjusts learning objectives for different diseases
based on the entropy values. To balance the learning across
diseases, we introduce the logit-adjusted loss [34], which
encourages a large relative margin between logits of rare
versus dominant labels. Specifically, given a specific disease,
the logit-adjusted loss with respect to the positive label can be
expressed as follows:

L′D′(y = P, f(x)) = − log
efy(x)+log πD′∑

y′ 6=P e
fy′ (x) + (efy(x)+log πD′ )

,

(9)
where fy(x) is the logit of class y, and πD′ is the prior
probability of disease D′. However, Jin et al. [20] mentions
that the fixed class distribution which is used for logit adjust-
ment is unable to reflect the learning dynamics of diseases.
This is because these diseases have both diverse distributions
and different learning difficulties. To solve this problem, we
propose to use entropy, which can represent uncertainty, as an
adjustment factor to dynamically adjust the logit:

HD′ = −πD′ log πD′ , (10)

LD′(y = P, f(x)) = − log
efy(x)+log(πD′−HD′ )∑

y′ 6=P efy′ (x) + (efy(x)+log(πD′−HD′ ))
,

(11)
where HD′ is the entropy of D′. The loss against non-
positive labels remains the same as standard cross-entropy
loss LCE . Through this entropy value, ASDL dynamically
adjusts the weight of each class. During the training process,
by dynamically adjusting the logit based on entropy, the model
can more accurately focus on the categories that need learning,
improving severity recognition. Meanwhile, we regularize the
decoder using momentum distillation to reduce its focus
on frequently occurring words and enhance its attention to
important, less frequent words that represent disease severity.
This process can be expressed by the following formula:
LMD = KL(Od ‖ Odm), where Od is the output of decoder,
Odm is the output of momentum-based decoder. The loss
function of DSAM is composed of DSAC and MD, with

ADSL serving as enhancement to DSAC for better handling
class imbalance, and is formulated as follows:

LDSAM = LDSAC + LMD. (12)

D. Decoder and Loss Function

After obtaining the V′G which encodes the knowledge about
disease severity in Eqn. 5, we use an n-layer transformer as
the decoder to generate the final radiology reports. Formally,
let R′ = {r0, r1, . . . , rt} represent a report which consists
of t words that has been generated. The decoder takes the
report R′ as input and predicts the next word auto-regressively,
conditional on the Fk in Eqn. 4 and V′G in Eqn. 5:

hvt =MHCA (h′t,Fk,Fk) ,

hclst =MHCA (hvt ,V
′
G,V

′
G) ,

(13)

where h′t is obtained by applying a masked multi-head atten-
tion mechanism to the previously generated word ht. Finally,
the hclst is passed to a Feed-Forward Network [35] and linear
layer to predict the next word:

ht+1 = softmax
(
FFN

(
hclst

)
Wp + bp

)
, (14)

where Wp and bp are the learnable parameters. Given the
ground truth report Y ∗ = {y∗1 , . . . , y∗2 , . . . , y∗T }, we use cross
entropy loss to optimize the report generation task:

LCE(θ) = −
T∑
i=1

log
(
pθ
(
y∗i | y∗1:i−1

))
, (15)

the total training loss of our model is

L = λ1 · LDSAM + λ2 · LCE , (16)

where λ1 and λ2 are loss weighting hyper-parameters.

IV. EXPERIMENTS

A. Datasets, Metrics and Settings

We evaluate the effectiveness of our SR2Gen on two estab-
lished benchmarks for report generation: IU X-Ray [24] and
MIMIC-CXR [25].

Datasets. Consistent with the data splits used in previous
works [4], [11], [22], we partition the IU X-Ray dataset
into training (70%), validation (10%), and test (20%) sets,
excluding samples that lack both image views. For MIMIC-
CXR, we use its official split [25]. The patient distribution
across the training, validation, and test sets is non-overlapping.
Table I presents the statistics of these two datasets.

Metrics. For radiology report generation, we use three
widely adopted evaluation metrics: BLEU [36], ROUGE-L
[37], and METROR [38]. BLEU assesses the precision of
n-grams (typically up to 4-grams) in machine-generated text
compared to reference texts. ROUGE-L focuses on recall
by identifying the longest common subsequences between
generated and reference texts. METEOR combines unigram
precision and recall, considering alignment, stemming, and
synonym matching to enhance its evaluation.
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TABLE II
THE PERFORMANCES OF OUR PROPOSED SR2GEN COMPARED WITH OTHER STATE-OF-THE-ART METHODS ON IU X-RAY AND MIMIC-CXR DATASET.

THE HIGHEST SCORES ARE HIGHLIGHTED IN BOLD, THE SECOND-HIGHEST SCORES ARE INDICATED WITH AN UNDERLINE.

Datasets Methods BL-1 BL-2 BL-3 BL-4 METEOR RG-L

IU X-Ray

R2Gen [11] 0.47 0.304 0.219 0.165 0.187 0.371
PPKED [14] 0.483 0.315 0.224 0.168 0.19 0.376

XPRONET [22] 0.525 0.357 0.262 0.199 0.22 0.411
DCL [15] - - - 0.163 0.193 0.383

EKAGen [23] 0.526 0.361 0.267 0.203 0.214 0.404
DCG [16] 0.514 0.33 0.241 0.186 0.211 0.401

GMoD [21] 0.53 0.363 0.267 0.203 0.217 0.418

Ours 0.528 0.38 0.282 0.214 0.212 0.42

MIMIC-CXR

R2Gen [11] 0.353 0.218 0.145 0.103 0.142 0.27
PPKED [14] 0.36 0.224 0.149 0.106 0.149 0.284

XPRONET [22] 0.344 0.215 0.146 0.105 0.138 0.279
DCL [15] - - - 0.109 0.15 0.284

EKAGen [23] 0.419 0.258 0.17 0.119 0.157 0.287
DCG [16] 0.397 0.258 0.166 0.126 0.162 0.295

GMoD [21] 0.398 0.251 0.172 0.124 0.166 0.286

Ours 0.395 0.26 0.175 0.128 0.158 0.299

Settings. In this work, we use the pre-trained DenseNet-121
to extract image features. For the encoder-decoder backbone,
it is complemented by an 6-layer image encoder, a 6-layer text
encoder and a 15-layer report decoder for report generation.
For the definition of classification labels, we extract the top
100 most frequently occurring symptom phrases, combined
with the 14 types of lung diseases extracted from CheXpert
[39], to form the labels for the classification task. We used
an Adam [40] optimizer with a weight decay of 5e-5, and
set the learning rate to 1e-4. For knowledge graph generation,
we followed the processing method in DCG [16] to extract
predefined lists of organs and diseases. Subsequently, pre-
trained ClinicalBERT is used to extract finding entities as node
embedding. We used 3-layer GCN to aggregate the disease-
related features through the knowledge graph. The momentum
coefficient was set to 0.995, and the distillation coefficient was
set to 0.995 for both datasets. The model was trained on the
RTX 4090 GPU with a batch size of 64 and 30 epochs.

B. Quantitative Results

In Table II, we compare our SR2Gen with several state-
of-the-art radiology report generation systems across two
benchmark datasets. R2Gen [11] has been widely used as
a baseline RRG model in recent years. PPKED [14], DCL
[15], and GMoD [21] aim to integrate medical knowledge into
typical RRG baseline models. XPRONET [22] and EKAGen
[23] use auxiliary task learning to enhance feature extraction
and improve performance. Since we used the same setup, we
directly refer to the results from the original papers. As shown
in Table II, our SR2Gen achieves state-of-the-art performance
on most evaluation metrics, with a 1.7% improvement in the
BLEU-2 score and a 1.1% improvement in the BLEU-4 score
on the IU X-Ray dataset. SR2Gen scores slightly lower than
GMoD and EKAGen on a few metrics, which may be due
to GMoD’s graph-driven classification being more favorable
for generating short texts, and EKAGen’s aggregated discrim-

inative attention maps leveraging weak supervision signals
to generate discriminative regions while reducing background
influence. Furthermore, our results indicate that incorporating
prior medical knowledge and severity guidance can better
integrate diagnostic information, improving report generation.

C. Ablation Study

In order to comprehensively investigate the contributions
made by our proposed DSAC, KEM, ADSL, and MD, major
results are shown in Table III.

Effect of DSAC. Our DSAC learns disease severity in-
formation from pseudo-labels generated through momentum
learning. Compared to the baseline model with setting (a),
DSAC significantly improves performance, with a 9.4% in-
crease in BLEU-1 and a 5.9% increase in BLEU-4. This
highlights the effectiveness of introducing the momentum-
based auxiliary classification task, which helps the model
acquire more discriminative features and integrate disease
severity knowledge.

Effect of KEM. Next we use a knowledge graph with
disease severity information to enhance visual representations.
The performance of setting (b) shows that introducing the
knowledge graph further improves performance over setting
(a). This underscores the importance of prior medical knowl-
edge, as the complexity of medical images and the gap
between image and text modalities can severely reduce the
representational power of features.

Effect of ADSL and MD. Additionally to address the
issue of poor learning of disease severity due to data bias
in classification tasks, we adopted ADSL. As shown in setting
(c), ADSL effectively alleviates the above issue. Learning
disease severity information improved both the BLEU-2 and
BLEU-3 scores by 0.6%. Furthermore, as shown in setting (d),
momentum distillation-based decoder regularization slightly
boosts the model’s performance.
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TABLE III
THE ABLATION STUDY OF SR2GEN ON THE IU X-RAY DATASET. THE BASELINE REPRESENTS THE SIMPLEST ENCODER-DECODER STRUCTURE WE HAVE

IMPLEMENTED. KEM DENOTES THE KNOWLEDGE-ENHANCED MODULE, DSAC REPRESENTS THE DISEASE SEVERITY-AWARE CLASSIFIER, ADSL
INDICATES THE ADAPTIVE DISEASE SEVERITY LEARNING AND MD REPRESENTS THE MOMENTUM DISTILLATION CONSTRAINT ON THE TEXT DECODER.

Settings DSAC KEM ADSL MD BL-1 BL-2 BL-3 BL-4 METEOR RG-L

baseline 0.421 0.273 0.19 0.142 0.173 0.321
(a) X 0.515 0.362 0.267 0.201 0.205 0.41
(b) X X 0.52 0.373 0.275 0.21 0.211 0.411
(c) X X X 0.523 0.379 0.281 0.213 0.212 0.413
SR2Gen X X X X 0.528 0.38 0.282 0.214 0.212 0.420

Fig. 4. Illustrations of reports from ground truth, ours and baseline and retrieved disease-organ pairs from two datasets. Different colors are used to highlight
various medical entities for better visualization.

D. Qualitative Analysis

Case Study. As shown in Fig. 4, to further explore the ef-
fectiveness of our method, we conducted a qualitative analysis
on the IU X-Ray [24] and MIMIC-CXR [25] datasets. The
analysis includes the disease-organ pairs retrieved from the
datasets, as well as the real reports, the reports generated by
our model, and the reports generated by the baseline model.
In these two examples, we use different colors to highlight
keywords related to organs and diseases for clear distinction,
with keywords related to disease severity highlighted in red
boxes. From these two examples, it can be seen that the
reports generated by our model are highly consistent with the
real reports. Phrases such as “moderate cardiomegaly” and
“small pleural effusion” accurately describe the severity of the
disease. This indicates that our model can effectively focus
on lesions in radiographic images and provide appropriate
descriptions. In contrast, the reports generated by the baseline
model fail to describe the severity of the disease and may even
misrepresent the lesion.

Error Analysis. The red strikethrough parts in Fig. 4
represent errors in the generated reports. In the example from

MIMIC-CXR, although our model successfully detected car-
diomegaly, its severity was incorrectly judged as “mild”. We
observed that this occurred because the retrieved disease-organ
pair contained erroneous information: “mild cardiomegaly”.
Using more accurate retrieval methods could help alleviate
this issue. Additionally, our model identified “small pleural
effusion on the left side” as simply “small pleural effusion”,
failing to describe the disease’s location. To address this issue,
auxiliary segmentation tasks could be introduced in model to
enhance its ability to extract location-specific features.

V. CONCLUSION

In this paper, we propose a novel SR2Gen method for
generating radiology reports that focus on disease severity. Our
model explicitly learns the relationship between visual repre-
sentations and disease severity by incorporating an expanded
knowledge graph, and implicitly learns feature representations
related to disease severity through the Disease Severity-Aware
Module. Extensive experiments and analysis on the IU X-Ray
and MIMIC-CXR datasets validate the effectiveness of our
SR2Gen method, with results showing that learning disease
severity improves the accuracy of generated radiology reports.
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