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Ground Truth:

Abstract

Lungs are clear. No pleural effusions or pneumothoraces. Heart and
mediastinum of normal size and contour. 1scoliosis.

HRNN:

Automatically generating radiology reports can improve
current clinical practice in diagnostic radiology. On one
hand, it can relieve radiologists from the heavy burden of
report writing; On the other hand, it can remind radiologists of abnormalities and avoid the misdiagnosis and
missed diagnosis. Yet, this task remains a challenging
job for data-driven neural networks, due to the serious
visual and textual data biases. To this end, we propose
a Posterior-and-Prior Knowledge Exploring-and-Distilling
approach (PPKED) to imitate the working patterns of radiologists, who will first examine the abnormal regions and
assign the disease topic tags to the abnormal regions, and
then rely on the years of prior medical knowledge and prior
working experience accumulations to write reports. Thus,
the PPKED includes three modules: Posterior Knowledge
Explorer (PoKE), Prior Knowledge Explorer (PrKE) and
Multi-domain Knowledge Distiller (MKD). In detail, PoKE
explores the posterior knowledge, which provides explicit
abnormal visual regions to alleviate visual data bias; PrKE
explores the prior knowledge from the prior medical knowledge graph (medical knowledge) and prior radiology reports (working experience) to alleviate textual data bias.
The explored knowledge is distilled by the MKD to generate the final reports. Evaluated on MIMIC-CXR and IUXray datasets, our method is able to outperform previous
state-of-the-art models on these two datasets.

1. Introduction
Medical images like radiology and pathology images are
widely-used in disease diagnosis and treatment [7]. Given
a radiology image, radiologists first examine both the normal and abnormal regions and then use the learned medical
knowledge and accumulated working experience to write a
coherent report to note down the findings [32, 10]. Given
*
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Heart size is normal. There is a moderate right sided pneumothorax with tip in
the right atrium. There is a moderate right sided pneumothorax with large
pleural effusion. No pneumothorax masses. No pneumothorax masses. No
acute bony abnormalities.

Ours:
1There is a scoliosis. No acute cardiopulmonary abnormality. There is no
pleural effusion. No evidence of pneumothorax. The lungs are clear. There is
no focal airspace consolidation.

Ground Truth:
heart size is enlarged. 2The aorta is tortuous. The pulmonary
vasculature appears normal. Lungs are otherwise clear bilaterally. No pleural
effusions or pneumothorax. No bony abnormalities.
1The

HRNN:
1Cardiomegaly with pulmonary vascular congestion and interstitial edema.
There is a moderate right sided pneumothorax with large pleural effusion. No
bony abnormalities. There is no pneumothorax. There is no pneumothorax.

Ours:
1Heart

size is enlarged. 2Tortuosity of the aorta. No pleural effusion. There is
no focal airspace consolidation. There is no pneumothorax. No bony
abnormalities.

Figure 1. Two examples of ground truth reports and reports generated by HRNN [19] and our method. The Red colored text indicates the abnormalities in reports. The Blue colored text stands
for the similar sentences used to describe the normalities in ground
truth reports. There are notable data bias and the HRNN fails to depict some rare but important abnormalities and generates some error sentences (Underlined text) and repeated sentences (Italic text).

the large volume of radiology images, writing reports become a heavy burden for radiologists. Furthermore, for less
experienced radiologists, some abnormalities in radiology
images may be ignored and consequently not included in the
reports [4]. To relieve radiologists from such heavy workload and remind inexperienced radiologists of abnormalities, automatically generating radiology reports becomes a
critical task in clinical practice.
In recent years, automatic radiology report generation
has attracted extensive research interests [47, 22, 41, 14, 6].
Most existing methods, like [15, 43, 46] follow the standard image captioning approaches and employ the encoderdecoder framework, e.g., CNN-HRNN [15, 23]. In the encoding stage, the image features are extracted by CNN from
the entire image; In the decoding stage, the whole report
is generated by HRNN. However, directly applying image
captioning approaches to radiology images has the follow-
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ing problems: 1) Visual data deviation: the appearance of
normal images dominate the dataset over that of abnormal
images [36]. As a result, this unbalanced visual distribution
would distracting the model from accurately capturing the
features of rare and diverse abnormal regions. 2) Textual
data deviation: as shown in Figure 1, in a report, radiologists tend to describe all the items in an image, making
the descriptions of normal regions dominate the entire report. Besides, many similar sentences are used to describe
the same normal regions. With this unbalanced textual distribution, training with such dataset makes the generation
of normal sentences dominant [14, 43, 46], disabling the
model to describe specific crucial abnormalities. In brief, as
shown in Figure 1, the widely-used HRNN [19] generates
some repeated sentences of normalities and fails to depict
some rare but important abnormalities.
To ensure these rare but important abnormal regions captured and described, the urgent problem is to solve such serious data deviation [36, 22, 14, 20, 47]. In our work, we
propose the Posterior-and-Prior Knowledge Exploring-andDistilling (PPKED) framework, which imitates the radiologists’ working patterns to address above problems. Given
a radiology image, radiologists will examine the abnormal
regions and assign the disease topic tags to the abnormal regions; then accurately write a corresponding report based
on years of prior medical knowledge and prior working experience accumulations [10, 7]. In order to model above
working patterns, the PPKED introduces three modules,
i.e., Posterior Knowledge Explorer (PoKE), Prior Knowledge Explorer (PrKE) and Multi-domain Knowledge Distiller (MKD). The PoKE could alleviate visual data deviation by extracting the abnormal regions based on the input
image; The PrKE could alleviate textual data deviation by
encoding the prior knowledge, including the prior radiology
reports (i.e., prior working experience) pre-retrieved from
the training corpus and the prior medical knowledge graph
(i.e., prior medical knowledge), which models the domainspecific prior knowledge structure and is pre-constructed
from the training corpus1 . Finally, the MKD focuses on distilling the useful knowledge to generate proper reports. As
a result, as shown in Figure 1, our PPKED has higher rate
of accurately describing the rare and diverse abnormalities.
In summary, our main contributions are as follows:
• In this paper, to alleviate the data bias problem, we propose the Posterior-and-Prior Knowledge Exploringand-Distilling approach, which includes the Posterior
and Prior Knowledge Explorer (PoKE and PrKE), and
Multi-domain Knowledge Distiller (MKD).
• The PoKE explores posterior knowledge by employ1 For

conciseness, in this paper, the prior working experience and the
prior medical knowledge denote the retrieved radiology reports and the
constructed medical knowledge graph, respectively.

ing the disease topic tags to capture the rare, diverse
and important abnormal regions; The PrKE explores
prior knowledge from prior working experience and
prior medical knowledge; The MKD distills the extracted knowledge to generate reports.
• The experiments and analyses on the public IU-Xray
and MIMIC-CXR datasets verify the effectiveness of
our approach, which is able to outperform previous
state-of-the-art model [6] on these two datasets.
The rest of the paper is organized as follows. Section 2
and Section 3 introduce the related works and the proposed
approach, respectively, followed by the experimental results
(see Section 4) and our conclusion (see Section 5).

2. Related Works
The related works are introduced from three aspects: 1)
Image Captioning, 2) Image Paragraph Generation and 3)
Radiology Report Generation.

2.1. Image Captioning
The task of image captioning [5, 40, 30] has received extensive research interests. These approaches mainly adopt
the encoder-decoder framework which translates the image to a single descriptive sentence. Such framework have
achieved great success in advancing the state-of-the-arts
[1, 29, 31, 35, 42, 28]. However, rather than only generating one single sentence, radiology report generation aims to
generate a long paragraph, which consists of multiple structural sentences with each one focusing on a specific medical
observation for a specific region in the radiology image.

2.2. Image Paragraph Generation
Beyond the traditional image captioning task, image
paragraph generation that produces a long and semanticcoherent paragraph to describe the input image has recently
attracted increasing research interests [19, 23, 45]. To this
end, a hierarchical recurrent network (HRNN) [19, 23] is
proposed. In particular, the HRNN uses a two-level RNN
model to generate the paragraph based on the image features extracted by a CNN. The two-level RNN includes a
paragraph RNN and a sentence RNN, where the paragraph
RNN is used to generate topic vectors and each topic vector is used by the sentence RNN to produce a sentence to
describe the image. However, the correctness of generating abnormalities should be emphasized more than other
normalities in a radiology report, while in a natural image
paragraph each sentence has equal importance.

2.3. Radiology Report Generation
Writing a radiology report can be time-consuming and
tedious for experienced radiologists, and error-prone for
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un-experienced radiologists [15]. Similar to image paragraph generation, most existing works [15, 43, 46] attempt
to adopt a HRNN to automatically generate a fluent report.
However, due to the serious data deviation, these models
are poor at finding visual groundings and are biased towards
generating plausible but general reports without prominent
abnormal narratives [14, 22, 46].
Currently, some approaches [14, 22, 46, 47, 21] have
been proposed to alleviate data deviation. In detail, instead
of only adopting a single sentence-level RNN to generate
both the normal and abnormal sentences, [14] introduced
two RNNs as two different report writers, i.e., Normality
Writer and Abnormality Writer, to help the model to generate more accurate normal and abnormal sentences, respectively. At the same time, [22] proposed a hybrid model with
template retrieval and text generation module, which focus
on the generation of normal and abnormal sentences, respectively, to enhance the ability of model in describing abnormalities. Most recently, [47] designed the medical graph
based on prior knowledge from chest findings, in which
each node is denoted by disease keywords representing one
of the disease findings, so as to increase the capability of
models to understand medical domain knowledge. Concurrently to our own work, the auxiliary signals introduced in
[21] is similar to the idea of our approach. In particular, [21]
only consider the medical graph, while we further leverage
the disease topic tags and working experience to enhance
the learning of posterior and prior knowledge, respectively.
Besides, we further provides the evidence of this advantage
of our approach on two public datasets.
It is observed that the data-driven RNNs designed in
[14] and [22] could be easily misled by the rare and diverse abnormalities, disabling them from efficiently modeling the abnormal sentences. Different from them, our idea
is mainly inspired by radiologists’ working patterns, to explore and distill the posterior and prior knowledge for accurate radiology report generation, which is missing in their
approaches. For the network structure, we first explore the
posterior knowledge of input radiology image by proposing
to explicitly extract the abnormal regions; Next, inspired
by [22] and [47] which proved the effectiveness of retrieval
module and medical knowledge graph, we leverage the retrieved reports and medical knowledge graph to model the
prior working experience and prior medical knowledge. In
particular, instead of only retrieving some sentences in previous works [22, 20], we propose to retrieve a large amount
of similar reports. Besides, since the templates may change
over time, which was ignored in [22], using fixed templates
will introduce inevitable errors. As a result, we treat the retrieved reports as latent guidance. In all, we combine the
merits of retrieval module and knowledge graph in a single
model. Finally, by distilling the useful prior and posterior
knowledge, our approach could generate accurate reports.

3. Posterior-and-Prior Knowledge Exploringand-Distilling (PPKED)
We first describe the background of PPKED and then introduce its three core components.

3.1. Backgrounds
The backgrounds are introduced from 1) Problem Formulation; 2) Information Sources and 3) Basic Module.
Problem Formulation Given a radiology image encoded
as I, we aim to generate a descriptive radiology report
R = {y1 , y2 , . . . , yNR }. As shown in Figure 2, our PPKED
introduces a Posterior Knowledge Explorer (PoKE), a Prior
Knowledge Explorer (PrKE) and a Multi-domain Knowledge Distiller (MKD). Specifically, we introduce the fixed
topic bag T that covers the NT most common abnormalities
or findings to help the PoKE to explore the abnormal regions. The reason is that when radiologists examine the abnormal regions, they usually assign the disease topic tags to
the abnormal regions. We also introduce the Prior Working
Experience WPr and the Prior Medical Knowledge GPr extracted from the training corpus into our PrKE. Finally, the
MKD devotes on distilling the useful information to generate reports, which can be formulated as:
PoKE : {I, T } → I ′ ;

PrKE : {I ′ , WPr } → WPr′ ; {I ′ , GPr } → G′Pr
MKD : {I ′ , WPr′ , G′Pr } → R.

(1)

In brief, the proposed PPKED takes I, T, WPr , GPr as input
to generate the robust report R.
Information Sources We now describe how to obtain and
encode the I, T, WPr , GPr from training corpus in detail2 .
I: Following [43, 46, 12, 14, 41], we adopt the ResNet152 [11] to extract 2,048 7 × 7 image feature maps which
are further projected into 512 7 × 7 feature maps, resulting
I = {i1 , i2 , . . . , iNI } ∈ RNI ×d (NI = 49, d = 512).
T : In implementation, we choose NT = 20 most common (abnormality) topics or findings, i.e., cardiomegaly,
scoliosis, fractures, effusion, thickening, pneumothorax,
hernia, calcinosis, emphysema, pneumonia, edema, atelectasis, cicatrix, opacity, lesion, airspace disease, hypoinflation, medical device, normal, and other. We represent the
topic bag with a set of vectors: T = {t1 , t2 , . . . , tNT } ∈
RNT ×d , where ti ∈ Rd refers to the word embedding of the
ith topic.
WPr : To obtain the Prior Working Experience, we first
extract the image embeddings of all training images from
the last average pooling layer of ResNet-152. Then, given
an input image, we again use the ResNet-152 to obtain
the image embedding. At last, we retrieve NK = 100
2 Note that all encoded features have been projected by a linear transformation layer into the dimension of d = 512 in this paper.
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Figure 2. Illustration of our proposed Posterior-and-Prior Knowledge Exploring-and-Distilling (PPKED) approach, which includes Posterior Knowledge Explorer (PoKE), Prior Knowledge Explorer (PrKE) and Multi-domain Knowledge Distiller (MKD). Specifically, PoKE
explores the posterior knowledge by extracting the explicit abnormal regions and PrKE explores the relevant prior knowledge for the input
image. At last, MKD distills accurate posterior and prior knowledge and adaptively merging them to generate accurate reports.

images from the training corpus with the highest cosine
similarity to the input image. The reports of the top-NK
retrieved images are returned and encoded as the WPr =
{R1 , R2 , . . . , RNK } ∈ RNK ×d . In implementations, we use
a BERT encoder [9, 34] followed by a max-pooling layer
over all output vectors as the report embedding module to
get the embedding Ri ∈ Rd of the ith retrieved report.
GPr : In implementations, we follow [47] to construct and
initialize the medical knowledge graph. Specifically, based
on the training corpus, for all images, we first build a universal graph GUni = (V, E), which models the domain-specific
prior knowledge structure. In detail, we compose a graph
that covers the most common abnormalities or findings. In
particular, we use the common topics in the topic bag T .
These NT common topics in T are defined as nodes V and
are grouped by the organ or body part that they relate to. For
topics grouped together, we connect their nodes with bidirectional edges, resulting in closely connected related topics. After that, guided by the input image I, we can acquire
′
} ∈ RNT ×d encoded
a set of nodes V ′ = {v1′ , v2′ , . . . , vN
T
by a graph embedding module, which is based on the graph
convolution operation [18]. We regard the encoded V ′ as
the prior knowledge GPr ∈ RNT ×d . Due to space limit,
please refer to [47] for the detailed description of medical
knowledge graph.
Basic Module We implement the proposed method upon
the Multi-Head Attention (MHA) and Feed-Forward Net-

work (FFN) [38]. The MHA consists of n parallel heads
and each head is defined as a scaled dot-product attention:
!
K T
XWQ
i (Y Wi )
√
Atti (X, Y ) = softmax
Y WV
i
dn
MHA(X, Y ) = [Att1 (X, Y ); . . . ; Attn (X, Y )]WO

(2)

where X ∈ Rlx ×d and Y ∈ Rly ×d denote the Query maK
V
trix and the Key/Value matrix, respectively; WQ
i , Wi , Wi ∈
O
d×d
d×dn
and W ∈ R
are learnable parameters, where
R
dn = d/n. [·; ·] stands for concatenation operation.
Following the MHA is the FFN, defined as follows:
FFN(x) = max(0, xWf + bf )Wff + bff

(3)

where max(0, ∗) represents the ReLU activation function;
Wf ∈ Rd×4d and Wff ∈ R4d×d denote learnable matrices for linear transformation; bf and bff represent the bias
terms. It is worth noticing that both the MHA and FFN are
followed by an operation sequence of dropout [37], residual
connection [11], and layer normalization [2].
Motivation: The MHA computes the association weights
between different features. The attention mechanism allows
probabilistic many-to-many relations instead of monotonic
relations, as in [42, 38, 27]. Therefore, we apply MHA to
correlate the posterior and prior knowledge for the input
radiology image, as well as distilling useful knowledge to
generate accurate reports.
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3.2. Posterior Knowledge Explorer (PoKE)

3.4. Multi-domain Knowledge Distiller (MKD)

The PoKE is responsible for extracting the posterior
knowledge from the input image, i.e., abnormal regions. To
this end, the PoKE is conducted as (see Figure 2):

After receiving the posterior and prior knowledge, the
MKD performs as a decoder to generate the final radiology
reports. For each decoding step t, the MKD takes the embedding of current input word xt = wt + et as input (wt :
word embedding and et : fixed position embedding):

T̂ = FFN(MHA(I, T )); Iˆ = FFN(MHA(T̂ , I))

(4)

In Eq. (4), the image features I ∈ RNI ×d are first used
to find the most relevant topics and filter out the irrelevant
topics, resulting in T̂ ∈ RNI ×d . Then the attended topics T̂ are further used to mine topic related image features
Iˆ ∈ RNI ×d . Since T contains the abnormality topics, the
topic related image features can be referred as the abnormal
regions. In this way, we can not only obtain the abnormal
regions, but also align the attended abnormal regions with
the relevant topics, which imitates the working patterns of
radiologists to assign the disease topic tags to the abnormal
regions when examining the abnormal regions. It is worth
noticing that if we change the order from I → T̂ → Iˆ to
T → Iˆ → T̂ , the performance will drop. The reason is
presumably due to the noisy topics, which contains a large
amount of irrelevant topics in T , thus we should first filter
out the irrelevant topics as the presented in Eq. (4).
Finally, since Iˆ and T̂ are aligned, we directly add them
up to acquire the posterior knowledge of the input image:
I ′ = LayerNorm(Iˆ + T̂ )

(5)

where the LayerNorm denotes the Layer Normalization [2].
Analogical to the process of how radiologists examine radiology images, we refer the acquired I ′ to the first impression of radiologists after check the abnormal regions.

3.3. Prior Knowledge Explorer (PrKE)
The PrKE consists of a Prior Working Experience component and a Prior Medical Knowledge component. Both
components obtain prior knowledge from existing radiology
report corpus and represent them as WPr and GPr respectively. By processing I ′ through these two components, we
can acquire WPr′ and G′Pr which represent the prior knowledge relating to the abnormal regions of the input image. In
implementation, we regard the abnormal features I ′ as the
lookup matrix. According to the attention theorem, the I ′ ∈
RNI ×d is the Query, and the WPr ∈ RNK ×d /GPr ∈ RNT ×d is
the Key and Value, which is defined as follows:
WPr′ = FFN(MHA(I ′ , WPr ))

(6)

G′Pr = FFN(MHA(I ′ , GPr ))

(7)

Consequently, the results WPr′ ∈ RNI ×d and G′Pr ∈ RNI ×d
turn out to be a set of attended (i.e., explored) prior knowledge related to the abnormalities of the input image, which
could have potential to alleviate the textual data bias.

ht = MHA(xt , x1:t )

(8)

Then, we employ the proposed Adaptive Distilling Attention (ADA) to distill the useful and correlated knowledge:
h′t = ADA(ht , I ′ , G′Pr , WPr′ )

(9)

Finally, the h′t is passed to a FFN and a linear layer to predict the next word:
yt ∼ pt = softmax(FFN(h′t )Wp + bp )

(10)

where the Wp and bp are the learnable parameters. Given
∗
the ground truth report R∗ = {y1∗ , y2∗ , . . . , yN
}, we can
R
train the PPKED by minimizing the cross-entropy loss:
LCE (θ) = −

NR
X
i=1

∗
log pθ yi∗ | y1:i−1



(11)

Adaptive Distilling Attention (ADA) Intuitively, radiology report generation task aims to produce a report based
on the source radiology image I ′ , supported with the prior
working experience WPr′ and the prior medical knowledge
G′Pr . Thus, the WPr′ and G′Pr play an auxiliary role during
the report generation. To this end, we propose the ADA to
make the model adaptively learn to distill correlate knowledge:
ADA(ht , I ′ , G′Pr , WPr′ ) = MHA(ht , I ′ + λ1 G′Pr + λ2 WPr′ )
λ1 , λ2 = σ (ht Wh ⊕ (I ′ WI + G′Pr WG + WPr′ WW )) (12)
where Wh , WI , WG , WW ∈ Rd×2 are learnable parameters. σ and ⊕ denote the sigmoid function and the matrixvector addition, respectively. The computed λ1 , λ2 ∈ [0, 1]
weight the expected importance of WPr′ and G′Pr for each
target word, respectively.

4. Experiments
In this section, we firstly describe two public datasets as
well as some widely-used metrics and experimental settings
in detail. Then we present the evaluation and analysis of the
proposed approach.

4.1. Datasets, Metrics and Settings
We conduct the experiments on two public datasets, i.e.,
IU-Xray [8] and MIMIC-CXR [16].
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Dataset

MIMIC-CXR [16]

Dataset

IU-Xray [8]

Methods

Year

BLEU-1

BLEU-2

BLEU-3

BLEU-4

METEOR

ROUGE-L

CNN-RNN [40]
AdaAtt [31]
Att2in [35]
Up-Down [1]
Transformer [6]
MT [6]

2015
2017
2017
2018
2020
2020

0.299
0.299
0.325
0.317
0.314
0.353

0.184
0.185
0.203
0.195
0.192
0.218

0.121
0.124
0.136
0.130
0.127
0.145

0.084
0.088
0.096
0.092
0.090
0.103

0.124
0.118
0.134
0.128
0.125
0.142

0.263
0.266
0.276
0.267
0.265
0.277

PPKED

Ours

0.360

0.224

0.149

0.106

0.149

0.284

Methods

Year

BLEU-1

BLEU-2

BLEU-3

BLEU-4

ROUGE-L

CIDEr

HRNN [19]
CoAtt [15]
HRGR-Agent [22]
CMAS-RL [14]
Transformer [6]
MT [6]

2017
2018
2018
2019
2020
2020

0.439
0.455
0.438
0.464
0.396
0.470

0.281
0.288
0.298
0.301
0.254
0.304

0.190
0.205
0.208
0.210
0.179
0.219

0.133
0.154
0.151
0.154
0.135
0.165

0.342
0.369
0.322
0.362
0.342
0.371

0.261
0.277
0.343
0.275
-

PPKED

Ours

0.483

0.315

0.224

0.168

0.376

0.351

Table 1. Performance of the proposed PPKED and other state-of-the-art methods on the MIMIC-CXR and IU-Xray datasets. Higher value
denotes better performance in all columns. As we can see, the proposed PPKED outperforms previous models under all metrics, which
demonstrates the effectiveness of our approach.

IU-Xray The IU-Xray [8] is a widely-used benchmark
dataset to evaluate the performance of radiology report generation methods. It contains 7,470 chest Xray images associated with 3,955 radiology reports. For data preparation, we first exclude the entries without the findings section
and are left with 6,471 images and 3,336 reports. Then,
following previous works [14, 20, 22], we randomly split
the dataset into 70%-10%-20% training-validation-testing
splits. There is no overlap of patients across train, validation and test sets. At last, we preprocess the reports by tokenizing, converting to lower-cases and removing non-alpha
tokens. The top 1,200 words, which cover over 99.0% word
occurrences in the dataset, are included in our vocabulary.

ther projected into 512 feature maps, i.e. NI is 49 and d
is 512. According the performance on the validation set,
the number of retrieved reports NK and heads in MHA n
are set to 100 and 8, respectively. During training, following [47, 15], we first pre-train our approach with a multilabel classification network and employ a weighted binary
cross entropy loss for tag classification. Then we apply the
Eq. (11) to train our full model. We use the Adam optimizer [17] with a batch size of 16 and a learning rate of
1e-4 for parameter optimization. We also use momentum
of 0.8 and weight decay of 0.999.

MIMIC-CXR We further adopt a recently released largest
dataset to date, i.e., MIMIC-CXR [16], to verify the effectiveness of our approach. The dataset includes 473,057
chest X-ray images and 206,563 reports from 63,478 patients. Following [6], we use the official splits to report our
results. As a result, the dataset is split into 368,960 training, 2,991 validation and 5,159 testing instances. There is
no overlap of patients between train, validation and test sets.

We compare our approach with a wide range of stateof-the-art radiology report generation models, i.e., HRNN
[19], CoAtt [15], HGRG-Agent [22], CMAS-RL [14],
Transformer [6] and MT [6], as well as four image captioning models, namely CNN-RNN [40], AdaAtt [31], Att2in
[35] and Up-Down [1]. Except that the results of HRNN are
implemented by ourselves, for systems designed for radiology report generation, we directly report the results from
the original papers; For the MIMIC-CXR dataset, we cite
the results from [6]. As shown in Table 1, our PPKED outperforms state-of-the-art methods across all metrics on both
MIMIC-CXR and IU-Xray datasets. The improved performance of PPKED demonstrate the validity of our practice
in exploring and distilling posterior and prior knowledge for
radiology report generation.

Metrics We adopt the widely-used BLEU [33], METEOR
[3], ROUGE-L [25] and CIDEr [39], which are calculated
by the standard evaluation toolkit [5]. In particular, BLEU
[33] and METEOR [3] are originally proposed for machine
translation evaluation. ROUGE-L [24] is designed for measuring the quality of summaries. CIDEr [39] is designed to
evaluate image captioning systems.
Settings We extract image features from both datasets with
a ResNet-152 [11], which is pretrained on ImageNet and
fine-tuned on CheXpert dataset [13]. The extracted features
are 2,048 feature maps in the shape of 7 × 7 which are fur-

4.2. Main Results

4.3. Quantitative Analysis
We conduct the quantitative analysis to investigate the
contribution of each component in our PPKED.
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PrKE
Sections

Settings

4.3.1

Base
(a)

4.3.2

(b)
(c)
(d)

4.3.3

(e)
(f)
PPKED

PoKE

PrMK

PrWE

TD

ADA

√
√

√
√
√

Dataset: IU-Xray [8]

MKD

√

√
√

√
√
√

√
√
√

√
√

√

BLEU-1

BLEU-2

BLEU-3

BLEU-4

ROUGE-L

CIDEr

0.439
0.449

0.281
0.294

0.190
0.199

0.133
0.144

0.342
0.353

0.261
0.285

0.441
0.449
0.446

0.284
0.288
0.287

0.195
0.195
0.197

0.136
0.146
0.149

0.345
0.346
0.349

0.288
0.296
0.304

0.458
0.476
0.483

0.293
0.309
0.315

0.203
0.222
0.224

0.150
0.165
0.168

0.355
0.372
0.376

0.311
0.337
0.351

Table 2. Quantitative analysis of our method. The Base model is the implementations of HRNN [19] models.

Categories

TieNet [41] DenseNet [13] DenseNet+KG [47] PPKED

Emphysema
Pneumonia
Cardiomegaly
Pneumothorax
Lesion

0.79
0.73
0.85
0.71
0.66

0.89
0.84
0.87
0.82
0.60

0.89
0.86
0.91
0.84
0.64

0.91
0.87
0.92
0.85
0.69

Normal
Average

0.75
0.78

0.80
0.78

0.81
0.79

0.83
0.80

Table 3. Evaluation of abnormality classification results (AUCs).

4.3.1 Effect of Posterior Knowledge Explorer
Comparing the results of Base and (a) in Table 2, we can
find that the incorporating Posterior Knowledge Explorer
(PoKE) substantially boosts the performance of base model,
e.g., 0.261 → 0.285 in CIDEr score. More encouragingly,
the “Base w/ PoKE” even achieves competitive results with
the state-of-the-art models on IU-Xray dataset (see Table 1),
which demonstrates the effectiveness of our PoKE. We hypothesize that this performance gain may due to that PoKE
can provide more accurate abnormal visual regions, which
alleviate the visual data deviation problem. To verify this
hypothesis, following [47, 41], we randomly select five
abnormality categories, i.e., ‘Emphysema’, ‘Pneumonia’,
‘Cardiomegaly’, ‘Pneumothorax’ and ‘Lesion’ from the IUXray dataset, to test the models’ ability of detecting abnormalities. As we can see, Table 3 proves our argument and
verifies that PoKE can better recognize abnormalities which
is important in clinical diagnosis.
4.3.2 Effect of Prior Knowledge Explorer
In this section, we evaluate the proposed two components,
i.e., Prior Medical Knowledge (PrMK) and Prior Working
Experience (PrWE), of Prior Knowledge Explorer (PrKE).
Table 2 (b,c) shows that both the PrMK and PrWE can
boost the performance, which prove the effectiveness of our
approach. In detail, the PrMK can help the model learn enriched medical knowledge of the most common abnormalities or findings. For the PrWE, it significantly outperforms
the Base model, which verifies the effectiveness of intro-

Normality

λ1 (G′Pr )

′ )
λ2 (WPr

0.27

0.44

Abnormality

′ )
λ1 (G′Pr ) λ2 (WPr

0.81

0.63

Table 4. The analysis of our proposed Adaptive Distilling Attention. We report the average distilling values λ1 and λ2 in Eq. (12)
according to the sentences which describe the normalities and abnormalities in the radiology images.

ducing existing similar reports.
By comparing the results of (b) and (c), we can find
that the PrWE brings more improvements than the PrMK.
We speculate the reason is that there are many similar sentences used to describe the normal regions in ground truth
reports. Therefore, the description of normal regions can
benefit from PrWE, especially when the appearance of normal reports dominate the whole dataset. It also shows that
learning conventional and general writing style of radiologists is as important as accurately detecting abnormalities
in radiology report generation.
Overall, since the PrMK and PrWE can improve the performance from different perspectives, combining PrMK and
PrWE can lead to an overall improvement (see setting (d)).
At the same time, PoKE and PrKE are able to alleviate the
visual and textual data biases, respectively. The advantages
of PoKE and PrKE can be united (see setting (e)).
4.3.3 Effect of Multi-domain Knowledge Distiller
In implementation, our MKD is based on the Transformer
Decoder (TD) [38] equipped with the proposed Adaptive
Distilling Attention (ADA).
The lower part of Table 2 illustrates that the model with a
LSTM-based Decoder (e) performs worse than model with
a Transformer-based Decoder (f), which directly demonstrates the effectiveness of the Transformer Decoder can effectively model long sequences.
Moreover, as shown in the last line of Table 2, it is clear
that our Adaptive Distilling Attention (ADA) successfully
boosts the performance, verifying the effectiveness of our
approach. To further understand ADA’s ability of adaptively distilling useful prior and posterior knowledge, we
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Input Image

(Abnormal Regions)

(Abnormal Topics)
normal, cardiomegaly,
scoliosis, fractures, effusion,
thickening, pneumothorax,
hernia, calcinosis,
emphysema, pneumonia,
edema, atelectasis, cicatrix,
opacity, lesion, airspace
disease, hypoinflation,
medical device, other

(λ1=0.91, 0.85, 0.14)
cardiomegaly

effusion

opacity

(λ2=0.76, 0.44, 0.57)
The cardiac silhouette is mildly
enlarged. Mediastinal contours are
within normal limits. The pulmonary
vasculaturity is increased. There is
large right-sided pleural effusion and probable underlying associated
compressive atelectasis. Mild perihilar XXXX opacities, XXXX edema.
No pneumothorax is seen.

Ground Truth

PPKED

There is mild cardiomegaly.
Mediastinal contours appear within normal limits. There are small bilateral pleural effusions, left greater than right with left basilar opacities. No pneumothorax.
Mild degenerative changes
of the thoracic spine.

There is mild cardiomegaly.
There is a small right pleural effusion.Tortuosity of the
thoracic aorta. There is left
basilar air space opacity.
No pneumothorax is seen.
There is a small left pleural
effusion. No acute bony
abnormalities.

Figure 3. We give the visualization of the PPKED. Please view in color. The Red bounding box and Red colored text denote the knowledge
explored (i.e., attended) by our approach; For WPr′ , we show the retrieved report with highest attention weight; For G′Pr , we show the nodes
whose attention weights exceeds 0.2. The Blue, Purple and Green colored numbers in brackets denote the distilling weight values in our
Adaptive Distilling Attention of the Multi-domain Knowledge Distiller when generating corresponding sentences. Underlined text denotes
alignment between the ground truth text and generated/retrieved text.

summarize the average distilling weight values λ1 and λ2
according to the sentence type (normality and abnormality)
in Table 4. Specifically, following [15], we consider sentences which contain “no”, “normal”, “clear”, “stable” as
sentences describing normalities. As expected, the values of
λ1 and λ2 generating the abnormalities are larger than the
values generating the normalities. The reason is that both
G′Pr and WPr′ contains much knowledge about the abnormalities, which indicates our ADA are capable of learning to efficiently distill the explored prior and posterior knowledge.
It is also worth noticing that since the retrieved reports
in WPr′ contains the knowledge about the normalities, λ2
is larger than λ1 when generating the normalities. Therefore, in addition to distilling the knowledge about the abnormalities, our ADA can also capture the most related useful knowledge about the normalities for generating accurate
normality sentences. The ability of distilling the accurate
knowledge about the normalities can be verified by the best
AUC score in terms of the ‘Normal’ category in Table 3,
which proves our argument.

4.4. Qualitative Analysis
In Figure 3, we give an intuitive example to better understand our approach. As we can see, in PoKE, the original
image features find the most relevant topics including the
cardiomegaly, effusion, atelectasis and opacity, which then
attend to the relevant abnormal regions, verifying the capability of PoKE to extract explicit abnormal visual regions
(Red bounding box).
In particular, the PPKED generates structured and robust reports, which show significant alignment with ground
truth reports and are supported by accurate abnormal descriptions as well as correspondence with the visualized abnormal regions. For example, the generated report correctly
describes “There is mild cardiomegaly”, “There is left basilar air space opacity” and “There is a small right/left pleural effusion”. In detail, 1) due to higher rate of involving
explicit abnormal visual information provided by the PoKE,
the generated report contains accurate abnormalities and locations and also share a well balance of normal sentences

and abnormal sentences. This phenomenon shows that our
approach can efficiently alleviate the visual data deviation
problem. 2) The generated report and the explored prior
knowledge show correspondence with the ground truth reports, e.g., cardiomegaly, opacity and effusion, which verifies that PrKE is capable of exploring the accurate prior
textual knowledge to efficiently alleviate the textual data
bias; 3) The reasonable distilling weight values prove that
the MKD is able to distill accurate information from the explored posterior and prior knowledge, and adaptively merging them for generating each accurate sentence.
In brief, the qualitative analysis proves our arguments
and verify the effectiveness of our proposed approach in alleviating the data bias problem by exploring and distilling
posterior and prior knowledge.

5. Conclusion
In this paper, we present an effective approach of exploring and distilling posterior and prior knowledge for radiology report generation. Our approach imitates the working patterns of radiologists to alleviate the data bias problem. The experiments and analyses on the MIMIC-CXR
and IU-Xray datasets verify our arguments and demonstrate
the effectiveness of our method. In particular, our approach
not only generates meaningful and robust radiology reports
supported with accurate abnormal descriptions and regions,
but also outperforms previous state-of-the-art models on the
two public datasets.
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[4] A. Brady, R. Ó. Laoide, Peter Mccarthy, and R. Mcdermott.
Discrepancy and error in radiology: Concepts, causes and
consequences. The Ulster Medical Journal, 81:3 – 9, 2012.
1
[5] Xinlei Chen, Hao Fang, Tsung-Yi Lin, Ramakrishna Vedantam, Saurabh Gupta, Piotr Dollár, and C. Lawrence Zitnick.
Microsoft COCO captions: Data collection and evaluation
server. arXiv preprint arXiv:1504.00325, 2015. 2, 6
[6] Zhihong Chen, Yan Song, Tsung-Hui Chang, and Xiang
Wan. Generating radiology reports via memory-driven transformer. In EMNLP, 2020. 1, 2, 6
[7] Louke Delrue, Robert Gosselin, Bart Ilsen, An Van Landeghem, Johan de Mey, and Philippe Duyck. Difficulties
in the interpretation of chest radiography. Comparative Interpretation of CT and Standard Radiography of the Chest,
pages 27–49, 2011. 1, 2
[8] Dina Demner-Fushman, Marc D. Kohli, Marc B. Rosenman,
Sonya E. Shooshan, Laritza Rodriguez, Sameer K. Antani,
George R. Thoma, and Clement J. McDonald. Preparing a
collection of radiology examinations for distribution and retrieval. J. Am. Medical Informatics Assoc., 23(2):304–310,
2016. 5, 6, 7
[9] Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina
Toutanova. BERT: pre-training of deep bidirectional transformers for language understanding. In NAACL-HLT, 2019.
4
[10] Stacy K Goergen, Felicity J Pool, Tari J Turner, Jane E
Grimm, Mark N Appleyard, Carmel Crock, Michael C Fahey, Michael F Fay, Nicholas J Ferris, Susan M Liew,
et al. Evidence-based guideline for the written radiology report: Methods, recommendations and implementation challenges. Journal of medical imaging and radiation oncology,
57(1):1–7, 2013. 1, 2
[11] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun.
Deep residual learning for image recognition. In CVPR,
2016. 3, 4, 6
[12] Xin Huang, Fengqi Yan, Wei Xu, and Maozhen Li. Multiattention and incorporating background information model
for chest x-ray image report generation. IEEE Access, 2019.
3
[13] Jeremy Irvin, Pranav Rajpurkar, Michael Ko, Yifan Yu,
Silviana Ciurea-Ilcus, Chris Chute, Henrik Marklund, Behzad Haghgoo, Robyn L. Ball, Katie S. Shpanskaya, Jayne
Seekins, David A. Mong, Safwan S. Halabi, Jesse K. Sandberg, Ricky Jones, David B. Larson, Curtis P. Langlotz,
Bhavik N. Patel, Matthew P. Lungren, and Andrew Y. Ng.

[14]

[15]

[16]

[17]
[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]
[26]

[27]

[28]

[29]

[30]

13761

Chexpert: A large chest radiograph dataset with uncertainty
labels and expert comparison. In AAAI, 2019. 6, 7
Baoyu Jing, Zeya Wang, and Eric P. Xing. Show, describe
and conclude: On exploiting the structure information of
chest x-ray reports. In ACL, 2019. 1, 2, 3, 6
Baoyu Jing, Pengtao Xie, and Eric P. Xing. On the automatic
generation of medical imaging reports. In ACL, 2018. 1, 3,
6, 8
Alistair E. W. Johnson, Tom J. Pollard, Seth J. Berkowitz,
Nathaniel R. Greenbaum, Matthew P. Lungren, Chih-ying
Deng, Roger G. Mark, and Steven Horng. MIMIC-CXR:
A large publicly available database of labeled chest radiographs. arXiv preprint arXiv:1901.07042, 2019. 5, 6
Diederik P. Kingma and Jimmy Ba. Adam: A method for
stochastic optimization. In ICLR, 2014. 6
Thomas N. Kipf and Max Welling. Semi-supervised classification with graph convolutional networks. In ICLR, 2017.
4
Jonathan Krause, Justin Johnson, Ranjay Krishna, and Li
Fei-Fei. A hierarchical approach for generating descriptive
image paragraphs. In CVPR, 2017. 1, 2, 6, 7
Christy Y. Li, Xiaodan Liang, Zhiting Hu, and Eric P. Xing.
Knowledge-driven encode, retrieve, paraphrase for medical
image report generation. In AAAI, 2019. 2, 3, 6
Mingjie Li, Fuyu Wang, Xiaojun Chang, and Xiaodan Liang.
Auxiliary signal-guided knowledge encoder-decoder for
medical report generation. arXiv preprint arXiv:2006.03744,
2020. 3
Yuan Li, Xiaodan Liang, Zhiting Hu, and Eric P. Xing. Hybrid retrieval-generation reinforced agent for medical image
report generation. In NeurIPS, 2018. 1, 2, 3, 6
Xiaodan Liang, Zhiting Hu, Hao Zhang, Chuang Gan, and
Eric P. Xing. Recurrent topic-transition GAN for visual paragraph generation. In ICCV, 2017. 1, 2
Chin-Yew Lin and Eduard H. Hovy. Automatic Evaluation
of Summaries Using N-gram Co-occurrence Statistics. In
HLT-NAACL, 2003. 6
Chin-Yew Lin. ROUGE: A package for automatic evaluation
of summaries. In ACL, 2004. 6
Fenglin Liu, Meng Gao, Tianhao Zhang, and Yuexian Zou.
Exploring semantic relationships for image captioning without parallel data. In ICDM, 2019.
Fenglin Liu, Yuanxin Liu, Xuancheng Ren, Xiaodong He,
and Xu Sun. Aligning visual regions and textual concepts
for semantic-grounded image representations. In NeurIPS,
2019. 4
Fenglin Liu, Xuancheng Ren, Yuanxin Liu, Kai Lei, and Xu
Sun. Exploring and distilling cross-modal information for
image captioning. In IJCAI, 2019. 2
Fenglin Liu, Xuancheng Ren, Yuanxin Liu, Houfeng Wang,
and Xu Sun. simnet: Stepwise image-topic merging network
for generating detailed and comprehensive image captions.
In EMNLP, 2018. 2
Fenglin Liu, Xuancheng Ren, Xian Wu, Shen Ge, Wei Fan,
Yuexian Zou, and Xu Sun. Prophet attention: Predicting attention with future attention. In NeurIPS, 2020. 2

[31] Jiasen Lu, Caiming Xiong, Devi Parikh, and Richard Socher.
Knowing when to look: Adaptive attention via a visual sentinel for image captioning. In CVPR, 2017. 2, 6
[32] World Health Organization. Neurology atlas 2004, 2004. 1
[33] Kishore Papineni, Salim Roukos, Todd Ward, and Wei-Jing
Zhu. BLEU: a Method for automatic evaluation of machine
translation. In ACL, 2002. 6
[34] Nils Reimers and Iryna Gurevych. Sentence-bert: Sentence embeddings using siamese bert-networks.
In
EMNLP/IJCNLP, 2019. 4
[35] Steven J. Rennie, Etienne Marcheret, Youssef Mroueh, Jarret
Ross, and Vaibhava Goel. Self-critical sequence training for
image captioning. In CVPR, 2017. 2, 6
[36] Hoo-Chang Shin, Kirk Roberts, Le Lu, Dina DemnerFushman, Jianhua Yao, and Ronald M. Summers. Learning
to read chest x-rays: Recurrent neural cascade model for automated image annotation. In CVPR, 2016. 2
[37] Nitish Srivastava, Geoffrey E. Hinton, Alex Krizhevsky, Ilya
Sutskever, and Ruslan Salakhutdinov. Dropout: a simple way
to prevent neural networks from overfitting. Journal of Machine Learning Research, 2014. 4
[38] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia
Polosukhin. Attention is all you need. In NIPS, 2017. 4, 7
[39] Ramakrishna Vedantam, C. Lawrence Zitnick, and Devi
Parikh. Cider: Consensus-based image description evaluation. In CVPR, 2015. 6
[40] Oriol Vinyals, Alexander Toshev, Samy Bengio, and Dumitru Erhan. Show and tell: A neural image caption generator. In CVPR, 2015. 2, 6
[41] Xiaosong Wang, Yifan Peng, Le Lu, Zhiyong Lu, and
Ronald M. Summers. Tienet: Text-image embedding network for common thorax disease classification and reporting
in chest x-rays. In CVPR, 2018. 1, 3, 7
[42] Kelvin Xu, Jimmy Ba, Ryan Kiros, Kyunghyun Cho,
Aaron C. Courville, Ruslan Salakhutdinov, Richard S.
Zemel, and Yoshua Bengio. Show, attend and tell: Neural
image caption generation with visual attention. In ICML,
2015. 2, 4
[43] Yuan Xue, Tao Xu, L. Rodney Long, Zhiyun Xue, Sameer K.
Antani, George R. Thoma, and Xiaolei Huang. Multimodal
recurrent model with attention for automated radiology report generation. In MICCAI, 2018. 1, 2, 3
[44] Bang Yang, Fenglin Liu, and Yuexian Zou.
Nonautoregressive video captioning with iterative refinement.
AAAI, 2021.
[45] Haonan Yu, Jiang Wang, Zhiheng Huang, Yi Yang, and Wei
Xu. Video paragraph captioning using hierarchical recurrent
neural networks. In CVPR, 2016. 2
[46] Jianbo Yuan, Haofu Liao, Rui Luo, and Jiebo Luo. Automatic radiology report generation based on multi-view image
fusion and medical concept enrichment. In MICCAI, 2019.
1, 2, 3
[47] Yixiao Zhang, Xiaosong Wang, Ziyue Xu, Qihang Yu,
Alan L. Yuille, and Daguang Xu. When radiology report
generation meets knowledge graph. In AAAI, 2020. 1, 2, 3,
4, 6, 7

13762

