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Medical Imaging and Report

q Medical imaging is widely used in clinical practice 
q Specialized physicians read medical images and write text reports

q Knowledge demanding:
q 1) normal anatomy of, e.g., thorax, basic physiology of chest diseases;           

2) analyzing radio graph; 3) evaluating evolution; 4) correlation with other 
diagnostic results; …

q Time consuming:
q 5-10 mins per image 
q 100s of images per day
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General Image-to-Text Problems at a Glance

q Traditionally: 
q Labeling (classification to known labels)
q Tagging (ROI, bounding-boxes, etc)
q Simple description (one sentence …)
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General Image-to-Text Problems at a Glance

q Traditionally: 
q Labeling (classification to known labels)
q Tagging (ROI, bounding-boxes, etc)
q Simple description (one sentence …)

q In need:
q Full textual summary
q Report

q different image genre
q a full image collection, not just a single image
q videos

11



Outline

q Medical image report generation
q Co-attention, hierarchical generation, multi-task
q Further improvement: retrieval+generation, structured knowledge

q Paragraph description of natural images

q Text generation under control
q Various text properties, granularities, amount of supervision

q All in one toolkit: Texar
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Chest X-ray Report
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Chest X-ray Report

q A paragraph consists of
q Findings: radiology observations regarding the body area examined
q Impression: most prominent observation or conclusion
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Solution Overview

q Identify abnormal regions (lesions) 
q Reports are usually lengthy paragraphs
q Each sentence has visual evidence

Multi-task tag classification to inform lesions
Hierarchical text generation: sentence/word
Visual-semantic co-attention

<---

<---

<---
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(I) Lesion Tag Classification

2579

Figure 2: Illustration of the proposed model. MLC denotes a multi-label classification network. Seman-
tic features are the word embeddings of the predicted tags. The boldfaced tags “calcified granuloma” and
“granuloma” are attended by the co-attention network.

for images, Krause et al. (2017) and Liang et al.
(2017) generate paragraph captions using a hier-
archical LSTM. Our method also adopts a hierar-
chical LSTM for paragraph generation, but unlike
Krause et al. (2017), we use a co-attention network
to generate topics.

3 Methods

3.1 Overview

A complete diagnostic report for a medical image
is comprised of both text descriptions (long para-
graphs) and lists of tags, as shown in Figure 1. We
propose a multi-task hierarchical model with co-

attention for automatically predicting keywords
and generating long paragraphs. Given an image
which is divided into regions, we use a CNN to
learn visual features for these patches. Then these
visual features are fed into a multi-label classifi-

cation (MLC) network to predict the relevant tags.
In the tag vocabulary, each tag is represented by a
word-embedding vector. Given the predicted tags
for a specific image, their word-embedding vec-
tors serve as the semantic features of this image.
Then the visual features and semantic features are
fed into a co-attention model to generate a context
vector that simultaneously captures the visual and
semantic information of this image. As of now, the
encoding process is completed.

Next, starting from the context vector, the de-
coding process generates the text descriptions.
The description of a medical image usually con-
tains multiple sentences, and each sentence fo-
cuses on one specific topic. Our model leverages
this compositional structure to generate reports in
a hierarchical way: it first generates a sequence
of high-level topic vectors representing sentences,
then generates a sentence from each topic vector.
Specifically, the context vector is inputted into a

sentence LSTM, which unrolls for a few steps and
produces a topic vector at each step. A topic vector
represents the semantics of a sentence to be gen-
erated. Given a topic vector, the word LSTM takes
it as input and generates a sequence of words to
form a sentence. The termination of the unrolling
process is controlled by the sentence LSTM.

3.2 Tag Prediction

The first task of our model is predicting the tags
of the given image. We treat the tag prediction
task as a multi-label classification task. Specifi-
cally, given an image I , we first extract its features
{vn}Nn=1 2 RD from an intermediate layer of a
CNN, and then feed {vn}Nn=1 into a multi-label

classification (MLC) network to generate a distri-
bution over all of the L tags:

pl,pred(li = 1|{vn}Nn=1) / exp(MLCi({vn}Nn=1)) (1)

where l 2 RL is a tag vector, li = 1/0 denote the
presence and absence of the i-th tag respectively,
and MLCi means the i-th output of the MLC net-
work.

For simplicity, we extract visual features from
the last convolutional layer of the VGG-19 model
(Simonyan and Zisserman, 2014) and use the last
two fully connected layers of VGG-19 for MLC.

Finally, the embeddings of the M most likely
tags {am}M

m=1 2 RE are used as semantic features
for topic generation.

3.3 Co-Attention

Previous works have shown that visual attention
alone can perform fairly well for localizing ob-
jects (Ba et al., 2015) and aiding caption gener-
ation (Xu et al., 2015). However, visual attention

Lesion tags

Large amount of (image, tags) data available for training
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(III) Visual-Semantic Co-Attention

… There is chronic pleural-parenchymal scarring 
within the lung bases. No lobar consolidation is 
seen. …

Predicted Tags
• Hyperdistention
• Emphysema
• Cicatrix
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(III) Visual-Semantic Co-Attention

… There is chronic pleural-parenchymal scarring 
within the lung bases. No lobar consolidation is 
seen. …

Visual attention Semantic attention

Predicted Tags
• Hyperdistention
• Emphysema
• Cicatrix
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Experiments

q Image-report data
q Indiana University Chest X-ray Collection (IU X-Ray)
q 7,470 image-report pairs
q 5.7 sentences/image
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Experiments

q Image-report data
q Indiana University Chest X-ray Collection (IU X-Ray)
q 7,470 image-report pairs
q 5.7 sentences/image

q Image-tag data
q NIH Chest X-ray images
q 108,948 image-tags pairs
q 14 lesion tags
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Evaluation of Report Quality

Comparison with the state-of-the-art image captioning methods

Methods BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE CIDER

Baselines

CNN-RNN [1] 0.316 0.211 0.140 0.095 0.159 0.267 0.111

LRCN [2] 0.369 0.229 0.149 0.099 0.155 0.278 0.190

Soft ATT [3] 0.399 0.251 0.168 0.118 0.167 0.323 0.302

ATT-RK [4] 0.369 0.226 0.151 0.108 0.171 0.323 0.155

Our methods

No-Attention 0.505 0.383 0.290 0.224 0.200 0.420 0.259

Semantic-Only 0.504 0.371 0.291 0.230 0.207 0.418 0.286

Visual-Only 0.507 0.373 0.297 0.238 0.211 0.426 0.300

Co-Attention 0.517 0.386 0.306 0.247 0.217 0.447 0.327
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Evaluation of Clinical Correctness

q Presence/absence of lesions in the report
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Evaluation of Clinical Correctness

q Presence/absence of lesions in the report

q Human evaluators 
q manually read the report
q check whether a lesion exists
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Evaluation of Clinical Correctness

q Presence/absence of lesions in the report

q Human evaluators 
q manually read the report
q check whether a lesion exists

Normal cardiomediastinal silhouette. Interval 
improvement in lung volumes bilaterally. Improved 
aeration of the right and left lung bases. Bilateral 
small pleural effusions and left base atelectatic
change, with interval improvement. Visualized 
XXXX of the chest XXXX are within normal limits.
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Evaluation of Clinical Correctness

q Presence/absence of lesions in the report

q Human evaluators 
q manually read the report
q check whether a lesion exists

Normal cardiomediastinal silhouette. Interval 
improvement in lung volumes bilaterally. Improved 
aeration of the right and left lung bases. Bilateral 
small pleural effusions and left base atelectatic
change, with interval improvement. Visualized 
XXXX of the chest XXXX are within normal limits.

• Has effusion and atelectasis
• No other lesions
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Evaluation of Clinical Correctness (cont’d)

No-Attention Visual-Only Semantic-Only Co-Attention

Macro-F1 0.49 0.51 0.75 0.79
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Visualization of Co-attention

2584

Figure 4: Visualization of co-attention for three examples. Each example is comprised of four things: (1)
image and visual attentions; (2) ground truth tags and semantic attention on predicted tags; (3) generated
descriptions; (4) ground truth descriptions. For the semantic attention, three tags with highest attention
scores are highlighted. The underlined tags are those appearing in the ground truth.

The image at the bottom is a failure case of
Ours-CoAttention. However, even though the
model makes the wrong judgment about the ma-
jor abnormalities in the image, it does find some
unusual regions: “lateral lucency” and “left lower
lobe”.

To further understand models’ ability of detect-
ing abnormalities, we present the portion of sen-
tences which describe the normalities and abnor-
malities in Table 2. We consider sentences which
contain “no”, “normal”, “clear”, “stable” as sen-
tences describing normalities. It is clear that Ours-
CoAttention best approximates the ground truth
distribution over normality and abnormality.

Method Normality Abnormality Total
Soft Attention 0.510 0.490 1.0

Ours-no-Attention 0.753 0.247 1.0
Ours-CoAttention 0.471 0.529 1.0

Ground Truth 0.385 0.615 1.0

Table 2: Portion of sentences which describe the
normalities and abnormalities in the image.

4.5.2 Co-Attention Learning

Figure 4 presents visualizations of co-attention.
The first property shown by Figure 4 is that the
sentence LSTM can generate different topics at
different time steps since the model focuses on
different image regions and tags for different sen-
tences. The next finding is that visual attention
can guide our model to concentrate on relevant re-
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The image at the bottom is a failure case of
Ours-CoAttention. However, even though the
model makes the wrong judgment about the ma-
jor abnormalities in the image, it does find some
unusual regions: “lateral lucency” and “left lower
lobe”.

To further understand models’ ability of detect-
ing abnormalities, we present the portion of sen-
tences which describe the normalities and abnor-
malities in Table 2. We consider sentences which
contain “no”, “normal”, “clear”, “stable” as sen-
tences describing normalities. It is clear that Ours-
CoAttention best approximates the ground truth
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Table 2: Portion of sentences which describe the
normalities and abnormalities in the image.

4.5.2 Co-Attention Learning

Figure 4 presents visualizations of co-attention.
The first property shown by Figure 4 is that the
sentence LSTM can generate different topics at
different time steps since the model focuses on
different image regions and tags for different sen-
tences. The next finding is that visual attention
can guide our model to concentrate on relevant re-

46



Generated Examples

(The underlined 
sentences describe 
detected abnormalities)

2583

Figure 3: Illustration of paragraph generated by Ours-CoAttention, Ours-no-Attention, and Soft Atten-
tion models. The underlined sentences are the descriptions of detected abnormalities. The second image
is a lateral x-ray image. Top two images are positive results, the third one is a partial failure case and the
bottom one is failure case. These images are from test dataset.

tention can only capture the visual information of
sub-regions of the image and is unable to correctly
capture the semantics of the entire image. Se-
mantic attention is inadequate of localizing small
abnormal image-regions. Finally, our full model
(Ours-CoAttention) achieves the best results on all
of the evaluation metrics, which demonstrates the
effectiveness of the proposed co-attention mecha-
nism.

For the single-sentence generation results
(shown in the lower part of Table 1), the ab-
lated versions of our model (Ours-Semantic-only
and Ours-Visual-only) achieve competitive scores
compared with the state-of-the-art methods. Our
full model (Ours-CoAttention) outperforms all of
the baseline, which indicates the effectiveness of
the proposed co-attention mechanism.

4.5 Qualitative Results

4.5.1 Paragraph Generation

An illustration of paragraph generation by three
models (Ours-CoAttention, Ours-no-Attention
and Soft Attention models) is shown in Figure 3.

We can find that different sentences have different
topics. The first sentence is usually a high level de-
scription of the image, while each of the following
sentences is associated with one area of the image
(e.g. “lung”, “heart”). Soft Attention and Ours-
no-Attention models detect only a few abnormal-
ities of the images and the detected abnormali-
ties are incorrect. In contrast, Ours-CoAttention
model is able to correctly describe many true ab-
normalities (as shown in top three images). This
comparison demonstrates that co-attention is bet-
ter at capturing abnormalities.

For the third image, Ours-CoAttention model
successfully detects the area (“right lower lobe”)
which is abnormal (“eventration”), however, it
fails to precisely describe this abnormality. In ad-
dition, the model also finds abnormalities about
“interstitial opacities” and “atheroscalerotic calci-
fication”, which are not considered as true abnor-
mality by human experts. The potential reason for
this mis-description might be that this x-ray image
is darker (compared with the above images), and
our model might be very sensitive to this change.
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Failure Cases
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Figure 3: Illustration of paragraph generated by Ours-CoAttention, Ours-no-Attention, and Soft Atten-
tion models. The underlined sentences are the descriptions of detected abnormalities. The second image
is a lateral x-ray image. Top two images are positive results, the third one is a partial failure case and the
bottom one is failure case. These images are from test dataset.

tention can only capture the visual information of
sub-regions of the image and is unable to correctly
capture the semantics of the entire image. Se-
mantic attention is inadequate of localizing small
abnormal image-regions. Finally, our full model
(Ours-CoAttention) achieves the best results on all
of the evaluation metrics, which demonstrates the
effectiveness of the proposed co-attention mecha-
nism.

For the single-sentence generation results
(shown in the lower part of Table 1), the ab-
lated versions of our model (Ours-Semantic-only
and Ours-Visual-only) achieve competitive scores
compared with the state-of-the-art methods. Our
full model (Ours-CoAttention) outperforms all of
the baseline, which indicates the effectiveness of
the proposed co-attention mechanism.

4.5 Qualitative Results

4.5.1 Paragraph Generation

An illustration of paragraph generation by three
models (Ours-CoAttention, Ours-no-Attention
and Soft Attention models) is shown in Figure 3.

We can find that different sentences have different
topics. The first sentence is usually a high level de-
scription of the image, while each of the following
sentences is associated with one area of the image
(e.g. “lung”, “heart”). Soft Attention and Ours-
no-Attention models detect only a few abnormal-
ities of the images and the detected abnormali-
ties are incorrect. In contrast, Ours-CoAttention
model is able to correctly describe many true ab-
normalities (as shown in top three images). This
comparison demonstrates that co-attention is bet-
ter at capturing abnormalities.

For the third image, Ours-CoAttention model
successfully detects the area (“right lower lobe”)
which is abnormal (“eventration”), however, it
fails to precisely describe this abnormality. In ad-
dition, the model also finds abnormalities about
“interstitial opacities” and “atheroscalerotic calci-
fication”, which are not considered as true abnor-
mality by human experts. The potential reason for
this mis-description might be that this x-ray image
is darker (compared with the above images), and
our model might be very sensitive to this change.

Ground Truth Generated



Recap: Model Architecture

(I) Lesion tag 
classification (III) Visual-semantic 

co-attention

(II) Hierarchical 
text generation
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Outline

q Medical image report generation
q Co-attention, hierarchical generation, multi-task
q Further improvement: retrieval+generation, structured knowledge

q Paragraph description of natural images

q Text generation under control
q Various text properties, granularities, amount of supervision

q All in one toolkit: Texar
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Improving Abnormality Description

q Normal v.s. abnormal findings
q Normal findings: dominate the reports; general, templated descriptions
q Abnormal findings: relatively rare, but critical; more specifically stated
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Ground Truth: The heart size and mediastinal 
contours appear within normal limits. There is 
blunting of the right lateral costophrenic sulcus
which could be secondary to a small effusion
versus scarring. No focal airspace 
consolidation or pneumothorax. No acute 
bony abnormalities.
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Improving Abnormality Description

q Normal v.s. abnormal findings
q Normal findings: dominate the reports; general, templated descriptions
q Abnormal findings: relatively rare, but critical; more specifically stated

q A pure generation-based model tends to overfit to normal findings
q Make it easier to generate fluent, natural-looking sentences

q Solution: alleviate the burden of generating natural sentences
q Method: retrieval + generation
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Improving Abnormality Description - I: 
Retrieval + Generation

Consolidation

Retrieve
GTRg2s 

Paraphrase
GTRgs2s 

Templates Report

Degenerative changes in the spine.
No pleural effusion.
There is hyperexpansion of the lungs 
suggesting underlying emphysema.
No focal airspace consolidation.
Heart size is normal.

Figure 3: Architecture of KERP. Image features are first extracted from a CNN, and further encoded as an abnormality graph
via Encode GTRi2g . Retrieve GTRg2s decodes the abnormality graph as a template sequence, the words of which are then
retrieved and paraphrased by Paraphrase GTRgs2s as the generated report. Simultaneously, a GTRg2g decodes the abnormality
graph as a disease graph, and predicts disease categories via extra classification layers. In the abnormality graph, values inside
parentheses are probabilities of the corresponding nodes predicted by extra classification layers taking latent semantic features
of nodes as input. Values along the directed arrows indicate attention scores of source nodes on target nodes.

input and output are sequences, GTR is close to a Trans-
former (Vaswani et al. 2017) with prior edge weights.

GTR for image input. We denote visual features of an
image as I 2 R

D,W,H where D is the dimension of latent
features, W and H is width and height. To apply GTR for
image input, we first reshape visual features by flattening the
2-dimension into 1-dimension R

W⇥H,D. Then each pixel
is treated as graph node whose features are used as source
graph features.

GTR for multiple input graphs. For the cases where
a target graph wants to learn from more than one source
graphs, we extend GTR to take into account multiple in-
put source by replacing the single intre-graph message pass-
ing in each stacked layer of GTR into multiple concatenated
intre-graph message passing.

Knowledge-driven Encode, Retrieve,

Paraphrase (KERP)

It is observed that, to write a medical image report, radiol-
ogists first check a patient’s images for abnormal findings,
then write reports by following certain patterns and tem-
plates, and adjusting statements in the templates for each
individual case when necessary (Hong and Kahn 2013). To
mimic this procedure, we propose to formulate medical re-
port writing as a process of encoding, retrieval and para-
phrasing. In particular, we first compile an off-the-shelf ab-
normality graph that contains large range of abnormal find-
ings. We consider frequent abnormalities stem from thoracic
organs as nodes in the abnormality graph. For example, ”dis-
appearance of costophrenic angle”, ”low lung volumes”, and
”blunted costophrenic angle”. These abnormalities compose
a major part of medical reports, and their detection quality
would greatly impact the accuracy of the generated reports.
Please see Appendix for detailed definition and examples.
We also compile a template database that consists of a set
of frequent sentences that cover descriptions of different ab-
normalities in the abnormality graph. For example, ”there
is hyperexpansion of lungs and flattening of the diaphragm
consistent with copd” is a template for describing ”hyperex-
pansion of lungs”, ”flattening of diaphragm” and ”copd”.

Then we design separate modules for the purpose of en-
coding visual features as an abnormality graph, retrieving
templates based on the detected abnormalities, and rewriting
templates according to case-specific scenario. As described
in Figure 3, a set of images are first fed into a CNN for ex-
tracting visual features which are then transformed into an
abnormality graph via Encode GTRi2g . Retrieve GTRg2s

decodes the abnormality graph as a template sequence, the
words of which are then retrieved and paraphrased by Para-
phrase GTRgs2s as the generated report.

In addition, we design a disease graph containing com-
mon thorax diseases (e.g., nodule, pneumonia and emphy-
sema) which are commonly concluded from single or com-
bined condition of abnormalities. For example, atelecta-
sis may be concluded if ”interval development of bandlike
opacity in the left lung base” is present; consolidation and
atelectasis may exist if there is ”streaky and patchy bibasilar
opacities”, and ”triangular density projected over the heart”
without ”typical findings of pleural effusion or pulmonary
edema”. In parallel to generating reports in the proposed
model architecture, a GTRg2g is employed to transform the
abnormality graph to a disease graph in order to predict com-
mon thorax diseases (right lower column of Figure 3) which
can be useful as concluding information for medical reports.

Encode: visual feature to knowledge graph

The Encode module aims at encoding visual features as an
abnormality graph. Assume an input image is encoded with
a deep neural network into feature X 2 R

WH,dX where W ,
H and dX are width, height, and feature dimension, respec-
tively. An abnormality graph is represented as a set of nodes
of size N with initialized features. The latent features of
each node can be used to predict occurrence of the abnor-
mality via an additional classification layer. By applying the
variant of GTR for image input and graph output, denoted
as GTRi2g , the updated node features can be written as:

hu = GTRi2g(X) (8)
u = sigmoid(Wuhu) (9)

where GTRi2g is the formulation of the variant of GTR
for image input and graph output described on page 3, and
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Figure 3: Architecture of KERP. Image features are first extracted from a CNN, and further encoded as an abnormality graph
via Encode GTRi2g . Retrieve GTRg2s decodes the abnormality graph as a template sequence, the words of which are then
retrieved and paraphrased by Paraphrase GTRgs2s as the generated report. Simultaneously, a GTRg2g decodes the abnormality
graph as a disease graph, and predicts disease categories via extra classification layers. In the abnormality graph, values inside
parentheses are probabilities of the corresponding nodes predicted by extra classification layers taking latent semantic features
of nodes as input. Values along the directed arrows indicate attention scores of source nodes on target nodes.

input and output are sequences, GTR is close to a Trans-
former (Vaswani et al. 2017) with prior edge weights.

GTR for image input. We denote visual features of an
image as I 2 R

D,W,H where D is the dimension of latent
features, W and H is width and height. To apply GTR for
image input, we first reshape visual features by flattening the
2-dimension into 1-dimension R

W⇥H,D. Then each pixel
is treated as graph node whose features are used as source
graph features.

GTR for multiple input graphs. For the cases where
a target graph wants to learn from more than one source
graphs, we extend GTR to take into account multiple in-
put source by replacing the single intre-graph message pass-
ing in each stacked layer of GTR into multiple concatenated
intre-graph message passing.

Knowledge-driven Encode, Retrieve,

Paraphrase (KERP)

It is observed that, to write a medical image report, radiol-
ogists first check a patient’s images for abnormal findings,
then write reports by following certain patterns and tem-
plates, and adjusting statements in the templates for each
individual case when necessary (Hong and Kahn 2013). To
mimic this procedure, we propose to formulate medical re-
port writing as a process of encoding, retrieval and para-
phrasing. In particular, we first compile an off-the-shelf ab-
normality graph that contains large range of abnormal find-
ings. We consider frequent abnormalities stem from thoracic
organs as nodes in the abnormality graph. For example, ”dis-
appearance of costophrenic angle”, ”low lung volumes”, and
”blunted costophrenic angle”. These abnormalities compose
a major part of medical reports, and their detection quality
would greatly impact the accuracy of the generated reports.
Please see Appendix for detailed definition and examples.
We also compile a template database that consists of a set
of frequent sentences that cover descriptions of different ab-
normalities in the abnormality graph. For example, ”there
is hyperexpansion of lungs and flattening of the diaphragm
consistent with copd” is a template for describing ”hyperex-
pansion of lungs”, ”flattening of diaphragm” and ”copd”.

Then we design separate modules for the purpose of en-
coding visual features as an abnormality graph, retrieving
templates based on the detected abnormalities, and rewriting
templates according to case-specific scenario. As described
in Figure 3, a set of images are first fed into a CNN for ex-
tracting visual features which are then transformed into an
abnormality graph via Encode GTRi2g . Retrieve GTRg2s

decodes the abnormality graph as a template sequence, the
words of which are then retrieved and paraphrased by Para-
phrase GTRgs2s as the generated report.

In addition, we design a disease graph containing com-
mon thorax diseases (e.g., nodule, pneumonia and emphy-
sema) which are commonly concluded from single or com-
bined condition of abnormalities. For example, atelecta-
sis may be concluded if ”interval development of bandlike
opacity in the left lung base” is present; consolidation and
atelectasis may exist if there is ”streaky and patchy bibasilar
opacities”, and ”triangular density projected over the heart”
without ”typical findings of pleural effusion or pulmonary
edema”. In parallel to generating reports in the proposed
model architecture, a GTRg2g is employed to transform the
abnormality graph to a disease graph in order to predict com-
mon thorax diseases (right lower column of Figure 3) which
can be useful as concluding information for medical reports.

Encode: visual feature to knowledge graph

The Encode module aims at encoding visual features as an
abnormality graph. Assume an input image is encoded with
a deep neural network into feature X 2 R

WH,dX where W ,
H and dX are width, height, and feature dimension, respec-
tively. An abnormality graph is represented as a set of nodes
of size N with initialized features. The latent features of
each node can be used to predict occurrence of the abnor-
mality via an additional classification layer. By applying the
variant of GTR for image input and graph output, denoted
as GTRi2g , the updated node features can be written as:

hu = GTRi2g(X) (8)
u = sigmoid(Wuhu) (9)

where GTRi2g is the formulation of the variant of GTR
for image input and graph output described on page 3, and
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Ground Truth: The heart size and mediastinal 
contours appear within normal limits. There is 
blunting of the right lateral costophrenic sulcus
which could be secondary to a small effusion
versus scarring. No focal airspace 
consolidation or pneumothorax. No acute 
bony abnormalities.
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Figure 3: Architecture of KERP. Image features are first extracted from a CNN, and further encoded as an abnormality graph
via Encode GTRi2g . Retrieve GTRg2s decodes the abnormality graph as a template sequence, the words of which are then
retrieved and paraphrased by Paraphrase GTRgs2s as the generated report. Simultaneously, a GTRg2g decodes the abnormality
graph as a disease graph, and predicts disease categories via extra classification layers. In the abnormality graph, values inside
parentheses are probabilities of the corresponding nodes predicted by extra classification layers taking latent semantic features
of nodes as input. Values along the directed arrows indicate attention scores of source nodes on target nodes.

input and output are sequences, GTR is close to a Trans-
former (Vaswani et al. 2017) with prior edge weights.

GTR for image input. We denote visual features of an
image as I 2 R

D,W,H where D is the dimension of latent
features, W and H is width and height. To apply GTR for
image input, we first reshape visual features by flattening the
2-dimension into 1-dimension R

W⇥H,D. Then each pixel
is treated as graph node whose features are used as source
graph features.

GTR for multiple input graphs. For the cases where
a target graph wants to learn from more than one source
graphs, we extend GTR to take into account multiple in-
put source by replacing the single intre-graph message pass-
ing in each stacked layer of GTR into multiple concatenated
intre-graph message passing.

Knowledge-driven Encode, Retrieve,

Paraphrase (KERP)

It is observed that, to write a medical image report, radiol-
ogists first check a patient’s images for abnormal findings,
then write reports by following certain patterns and tem-
plates, and adjusting statements in the templates for each
individual case when necessary (Hong and Kahn 2013). To
mimic this procedure, we propose to formulate medical re-
port writing as a process of encoding, retrieval and para-
phrasing. In particular, we first compile an off-the-shelf ab-
normality graph that contains large range of abnormal find-
ings. We consider frequent abnormalities stem from thoracic
organs as nodes in the abnormality graph. For example, ”dis-
appearance of costophrenic angle”, ”low lung volumes”, and
”blunted costophrenic angle”. These abnormalities compose
a major part of medical reports, and their detection quality
would greatly impact the accuracy of the generated reports.
Please see Appendix for detailed definition and examples.
We also compile a template database that consists of a set
of frequent sentences that cover descriptions of different ab-
normalities in the abnormality graph. For example, ”there
is hyperexpansion of lungs and flattening of the diaphragm
consistent with copd” is a template for describing ”hyperex-
pansion of lungs”, ”flattening of diaphragm” and ”copd”.

Then we design separate modules for the purpose of en-
coding visual features as an abnormality graph, retrieving
templates based on the detected abnormalities, and rewriting
templates according to case-specific scenario. As described
in Figure 3, a set of images are first fed into a CNN for ex-
tracting visual features which are then transformed into an
abnormality graph via Encode GTRi2g . Retrieve GTRg2s

decodes the abnormality graph as a template sequence, the
words of which are then retrieved and paraphrased by Para-
phrase GTRgs2s as the generated report.

In addition, we design a disease graph containing com-
mon thorax diseases (e.g., nodule, pneumonia and emphy-
sema) which are commonly concluded from single or com-
bined condition of abnormalities. For example, atelecta-
sis may be concluded if ”interval development of bandlike
opacity in the left lung base” is present; consolidation and
atelectasis may exist if there is ”streaky and patchy bibasilar
opacities”, and ”triangular density projected over the heart”
without ”typical findings of pleural effusion or pulmonary
edema”. In parallel to generating reports in the proposed
model architecture, a GTRg2g is employed to transform the
abnormality graph to a disease graph in order to predict com-
mon thorax diseases (right lower column of Figure 3) which
can be useful as concluding information for medical reports.

Encode: visual feature to knowledge graph

The Encode module aims at encoding visual features as an
abnormality graph. Assume an input image is encoded with
a deep neural network into feature X 2 R

WH,dX where W ,
H and dX are width, height, and feature dimension, respec-
tively. An abnormality graph is represented as a set of nodes
of size N with initialized features. The latent features of
each node can be used to predict occurrence of the abnor-
mality via an additional classification layer. By applying the
variant of GTR for image input and graph output, denoted
as GTRi2g , the updated node features can be written as:

hu = GTRi2g(X) (8)
u = sigmoid(Wuhu) (9)

where GTRi2g is the formulation of the variant of GTR
for image input and graph output described on page 3, and
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• Rewrite the templates for 
more accurate description

G: The heart size is normal. No pleural 
effusion or pneumothorax. No acute bony 
abnormalities.

59

Ground Truth: The heart size and mediastinal 
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blunting of the right lateral costophrenic sulcus
which could be secondary to a small effusion
versus scarring. No focal airspace 
consolidation or pneumothorax. No acute 
bony abnormalities.
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Figure 3: Architecture of KERP. Image features are first extracted from a CNN, and further encoded as an abnormality graph
via Encode GTRi2g . Retrieve GTRg2s decodes the abnormality graph as a template sequence, the words of which are then
retrieved and paraphrased by Paraphrase GTRgs2s as the generated report. Simultaneously, a GTRg2g decodes the abnormality
graph as a disease graph, and predicts disease categories via extra classification layers. In the abnormality graph, values inside
parentheses are probabilities of the corresponding nodes predicted by extra classification layers taking latent semantic features
of nodes as input. Values along the directed arrows indicate attention scores of source nodes on target nodes.

input and output are sequences, GTR is close to a Trans-
former (Vaswani et al. 2017) with prior edge weights.

GTR for image input. We denote visual features of an
image as I 2 R

D,W,H where D is the dimension of latent
features, W and H is width and height. To apply GTR for
image input, we first reshape visual features by flattening the
2-dimension into 1-dimension R

W⇥H,D. Then each pixel
is treated as graph node whose features are used as source
graph features.

GTR for multiple input graphs. For the cases where
a target graph wants to learn from more than one source
graphs, we extend GTR to take into account multiple in-
put source by replacing the single intre-graph message pass-
ing in each stacked layer of GTR into multiple concatenated
intre-graph message passing.

Knowledge-driven Encode, Retrieve,

Paraphrase (KERP)

It is observed that, to write a medical image report, radiol-
ogists first check a patient’s images for abnormal findings,
then write reports by following certain patterns and tem-
plates, and adjusting statements in the templates for each
individual case when necessary (Hong and Kahn 2013). To
mimic this procedure, we propose to formulate medical re-
port writing as a process of encoding, retrieval and para-
phrasing. In particular, we first compile an off-the-shelf ab-
normality graph that contains large range of abnormal find-
ings. We consider frequent abnormalities stem from thoracic
organs as nodes in the abnormality graph. For example, ”dis-
appearance of costophrenic angle”, ”low lung volumes”, and
”blunted costophrenic angle”. These abnormalities compose
a major part of medical reports, and their detection quality
would greatly impact the accuracy of the generated reports.
Please see Appendix for detailed definition and examples.
We also compile a template database that consists of a set
of frequent sentences that cover descriptions of different ab-
normalities in the abnormality graph. For example, ”there
is hyperexpansion of lungs and flattening of the diaphragm
consistent with copd” is a template for describing ”hyperex-
pansion of lungs”, ”flattening of diaphragm” and ”copd”.

Then we design separate modules for the purpose of en-
coding visual features as an abnormality graph, retrieving
templates based on the detected abnormalities, and rewriting
templates according to case-specific scenario. As described
in Figure 3, a set of images are first fed into a CNN for ex-
tracting visual features which are then transformed into an
abnormality graph via Encode GTRi2g . Retrieve GTRg2s

decodes the abnormality graph as a template sequence, the
words of which are then retrieved and paraphrased by Para-
phrase GTRgs2s as the generated report.

In addition, we design a disease graph containing com-
mon thorax diseases (e.g., nodule, pneumonia and emphy-
sema) which are commonly concluded from single or com-
bined condition of abnormalities. For example, atelecta-
sis may be concluded if ”interval development of bandlike
opacity in the left lung base” is present; consolidation and
atelectasis may exist if there is ”streaky and patchy bibasilar
opacities”, and ”triangular density projected over the heart”
without ”typical findings of pleural effusion or pulmonary
edema”. In parallel to generating reports in the proposed
model architecture, a GTRg2g is employed to transform the
abnormality graph to a disease graph in order to predict com-
mon thorax diseases (right lower column of Figure 3) which
can be useful as concluding information for medical reports.

Encode: visual feature to knowledge graph

The Encode module aims at encoding visual features as an
abnormality graph. Assume an input image is encoded with
a deep neural network into feature X 2 R

WH,dX where W ,
H and dX are width, height, and feature dimension, respec-
tively. An abnormality graph is represented as a set of nodes
of size N with initialized features. The latent features of
each node can be used to predict occurrence of the abnor-
mality via an additional classification layer. By applying the
variant of GTR for image input and graph output, denoted
as GTRi2g , the updated node features can be written as:

hu = GTRi2g(X) (8)
u = sigmoid(Wuhu) (9)

where GTRi2g is the formulation of the variant of GTR
for image input and graph output described on page 3, and

• Retrieve template sentences 
from a database according to 
input features

• Rewrite the templates for 
more accurate description

G: The heart size is normal. No pleural 
effusion or pneumothorax. No acute bony 
abnormalities.

R: The heart size is normal. There is mild 
effusion. No acute bony abnormalities. 
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Ground Truth: The heart size and mediastinal 
contours appear within normal limits. There is 
blunting of the right lateral costophrenic sulcus
which could be secondary to a small effusion
versus scarring. No focal airspace 
consolidation or pneumothorax. No acute 
bony abnormalities.
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Figure 3: Architecture of KERP. Image features are first extracted from a CNN, and further encoded as an abnormality graph
via Encode GTRi2g . Retrieve GTRg2s decodes the abnormality graph as a template sequence, the words of which are then
retrieved and paraphrased by Paraphrase GTRgs2s as the generated report. Simultaneously, a GTRg2g decodes the abnormality
graph as a disease graph, and predicts disease categories via extra classification layers. In the abnormality graph, values inside
parentheses are probabilities of the corresponding nodes predicted by extra classification layers taking latent semantic features
of nodes as input. Values along the directed arrows indicate attention scores of source nodes on target nodes.

input and output are sequences, GTR is close to a Trans-
former (Vaswani et al. 2017) with prior edge weights.

GTR for image input. We denote visual features of an
image as I 2 R

D,W,H where D is the dimension of latent
features, W and H is width and height. To apply GTR for
image input, we first reshape visual features by flattening the
2-dimension into 1-dimension R

W⇥H,D. Then each pixel
is treated as graph node whose features are used as source
graph features.

GTR for multiple input graphs. For the cases where
a target graph wants to learn from more than one source
graphs, we extend GTR to take into account multiple in-
put source by replacing the single intre-graph message pass-
ing in each stacked layer of GTR into multiple concatenated
intre-graph message passing.

Knowledge-driven Encode, Retrieve,

Paraphrase (KERP)

It is observed that, to write a medical image report, radiol-
ogists first check a patient’s images for abnormal findings,
then write reports by following certain patterns and tem-
plates, and adjusting statements in the templates for each
individual case when necessary (Hong and Kahn 2013). To
mimic this procedure, we propose to formulate medical re-
port writing as a process of encoding, retrieval and para-
phrasing. In particular, we first compile an off-the-shelf ab-
normality graph that contains large range of abnormal find-
ings. We consider frequent abnormalities stem from thoracic
organs as nodes in the abnormality graph. For example, ”dis-
appearance of costophrenic angle”, ”low lung volumes”, and
”blunted costophrenic angle”. These abnormalities compose
a major part of medical reports, and their detection quality
would greatly impact the accuracy of the generated reports.
Please see Appendix for detailed definition and examples.
We also compile a template database that consists of a set
of frequent sentences that cover descriptions of different ab-
normalities in the abnormality graph. For example, ”there
is hyperexpansion of lungs and flattening of the diaphragm
consistent with copd” is a template for describing ”hyperex-
pansion of lungs”, ”flattening of diaphragm” and ”copd”.

Then we design separate modules for the purpose of en-
coding visual features as an abnormality graph, retrieving
templates based on the detected abnormalities, and rewriting
templates according to case-specific scenario. As described
in Figure 3, a set of images are first fed into a CNN for ex-
tracting visual features which are then transformed into an
abnormality graph via Encode GTRi2g . Retrieve GTRg2s

decodes the abnormality graph as a template sequence, the
words of which are then retrieved and paraphrased by Para-
phrase GTRgs2s as the generated report.

In addition, we design a disease graph containing com-
mon thorax diseases (e.g., nodule, pneumonia and emphy-
sema) which are commonly concluded from single or com-
bined condition of abnormalities. For example, atelecta-
sis may be concluded if ”interval development of bandlike
opacity in the left lung base” is present; consolidation and
atelectasis may exist if there is ”streaky and patchy bibasilar
opacities”, and ”triangular density projected over the heart”
without ”typical findings of pleural effusion or pulmonary
edema”. In parallel to generating reports in the proposed
model architecture, a GTRg2g is employed to transform the
abnormality graph to a disease graph in order to predict com-
mon thorax diseases (right lower column of Figure 3) which
can be useful as concluding information for medical reports.

Encode: visual feature to knowledge graph

The Encode module aims at encoding visual features as an
abnormality graph. Assume an input image is encoded with
a deep neural network into feature X 2 R

WH,dX where W ,
H and dX are width, height, and feature dimension, respec-
tively. An abnormality graph is represented as a set of nodes
of size N with initialized features. The latent features of
each node can be used to predict occurrence of the abnor-
mality via an additional classification layer. By applying the
variant of GTR for image input and graph output, denoted
as GTRi2g , the updated node features can be written as:

hu = GTRi2g(X) (8)
u = sigmoid(Wuhu) (9)

where GTRi2g is the formulation of the variant of GTR
for image input and graph output described on page 3, and

• Retrieve template sentences 
from a database according to 
input features

• Rewrite the templates for 
more accurate description

G: The heart size is normal. No pleural 
effusion or pneumothorax. No acute bony 
abnormalities.

R: The heart size is normal. There is mild 
effusion. No acute bony abnormalities. 

R+G: The heart size is normal. There is 
blunting of costophrenic sulcus 
suggesting a small effusion. No acute 
bony abnormalities. 61

Ground Truth: The heart size and mediastinal 
contours appear within normal limits. There is 
blunting of the right lateral costophrenic sulcus
which could be secondary to a small effusion
versus scarring. No focal airspace 
consolidation or pneumothorax. No acute 
bony abnormalities.
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Images Attention Maps Abnormality graph Ground truth report Retrieved templates Generated report

The cardiac silhouette is mildly 
enlarged. Mediastinal contours are 
within normal limits. The pulmonary 
vascularity 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. 

There is a small left 
pleural effusion. No 
pneumothorax.
Heart size normal
the lungs are clear. 

There are bilateral pleural 
effusions with bibasilar 
airspace disease , right 
greater than left. No 
pneumothorax. Cardiac 
silhouette is at the upper 
limits of normal. Clear 
lungs.

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. 

Heart size is upper limits 
of normal. There are 
small bilateral pleural 
effusions. xxxx 
sternotomy xxxx are again 
noted. No pneumothorax. 
Heart size normal.

Cardiac silhouette is 
enlarged but unchanged. 
There are bilateral pleural 
effusions with bibasilar 
airspace disease , right 
greater than left. 
Unchanged sternotomy 
xxxx. No pneumothorax. 
Cardiac silhouette is at 
the upper limits of 
normal. 
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Figure 4: Visualization of result of KERP on IU X-Ray dataset. Bold text indicates alignment between the generated text and
ground truth reports. Underlined text indicates correspondence of the generated text (specifically location description) with the
visualized attention maps (of either the 1st/frontal or 2nd/lateral view). In the abnormality graph, values inside parentheses are
predicted probabilities of corresponding nodes. We select edges whose attention scores are greater than or equal to 0.05, or are
the highest from neighboring nodes to each node, and visualize the attention scores along the directed arrows.
Results and Analyses

Abnormality and disease classification error analysis.

The AUCs of abnormality and disease classification are
shown in Table 2. Ours-2Graphs outperforms baselines
on both dataset on abnormality and disease classification.
DenseNet performs the worst on both dataset, and is out-
performed by Ours-2Graphs by more than 6%. This demon-
strates that, by incorporating prior medical knowledge and
learning internal medical knowledge structure, our method
is able to distill useful features for correctly classifying ab-
normalities and diseases. Given the high performance of
Ours-2Graphs, we conduct following experiments using the
knowledge graph trained with both abnormality and disease
labels as initialization.

Medical report generation error analysis. The results is
shown in the upper part of Table 1. Most importantly, KERP
outperforms all baselines on BLEU-1,2,3,4 scores on IU X-
Ray dataset, and on ROUGE-L, BLEU-1,2,3 scores on CX-
CHR dataset, demonstrating its effectiveness and robustness
on combining retrieval and generation mechanism for gen-
erating medical reports. KERP achieves lower CIDEr score
than that of HRGR-Agent on both dataset. However, HRGR-
Agent is fine-tuned using reinforcement learning directly
with CIDEr as reward. Thus, it is reasonable that HRGR-
Agent achieves the higher CIDEr score. Furthermore, KERP
achieves much better performance on abnormality predic-
tion (Table 2 compared to Table 3 of (Li et al. 2018)),
demonstrating its superior capability of detecting abnormal
findings which is important in clinical diagnosis. Compared
to other baseline models that do not use reinforcement learn-
ing, KERP obtains the highest CIDEr score on both dataset.
On IU X-Ray dataset, KERP achieves lower CIDEr score but
higher ROUGE-L and BLEU-n scores than KER which does
not have Paraphrase process. This indicates that the Para-
phrase process smooths the retrieved templates into more
common sentences as BLEU-n scores, especially BLEU-
1,2, are higher, meaning that the overlap of 1,2-grams be-
tween the generated reports and ground truth reports are
higher. However, as CIDEr incorporates inverse document

frequency (idf) of words evaluated in the entire evaluation
corpus, it inherently gives higher importance to informative
and significant phrases, such as abnormal findings and dis-
eases, as oppose to common and popular phrases such as
”the lungs are clear” and ”heart size is normal”. Thus this
shows that KER correctly detects more significant phrases,
and KERP generates smoother and more common expres-
sions while maintaining the overall performance of abnor-
mal findings detection. On CX-CHR dataset, it is observed
that KER performs worse than baseline models in most met-
rics. This may due to the fact that the templates for CX-CHR
are designed to be concise and to cover large range of dif-
ferent abnormal findings, instead of being natural and com-
mon. Thus only using retrieved templates does not lead to
high performance. However, the overall high performance
of KERP verifies that Paraphrase module is able to distill
accurate information from the retrieved templates, and para-
phrase them into more common and natural descriptions. It
also shows that learning conventional and general writing
style of radiologists is as important as accurately detecting
abnormalities in medical report generation.

Human evaluation. We conduct human evaluation as a
supplement to automatic evaluation, the result of which is
shown in the last column of Table 1. KERP outperforms the
compared baseline on both dataset, demonstrating its capa-
bility of generating fluent and accurate reports.

Qualitative analysis. The visualization result of KERP on
IU X-Ray dataset is shown in Figure 4. The generated re-
ports demonstrate significant alignment with ground truth
reports as well as correspondence with the visualized at-
tention maps. For example, the generated report of the first
sample correctly describes ”right greater than left” airspace
disease, and the attention map of frontal view shows red re-
gion over right upper lung greater than left lower lung (the
redness indicates degree of attention). The result demon-
strates that KERP is capable of generating accurate reports
as well as explainable attentive regions. More visualization
and analysis on both dataset is in Appendix.
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Figure 3: Architecture of KERP. Image features are first extracted from a CNN, and further encoded as an abnormality graph
via Encode GTRi2g . Retrieve GTRg2s decodes the abnormality graph as a template sequence, the words of which are then
retrieved and paraphrased by Paraphrase GTRgs2s as the generated report. Simultaneously, a GTRg2g decodes the abnormality
graph as a disease graph, and predicts disease categories via extra classification layers. In the abnormality graph, values inside
parentheses are probabilities of the corresponding nodes predicted by extra classification layers taking latent semantic features
of nodes as input. Values along the directed arrows indicate attention scores of source nodes on target nodes.

input and output are sequences, GTR is close to a Trans-
former (Vaswani et al. 2017) with prior edge weights.

GTR for image input. We denote visual features of an
image as I 2 R

D,W,H where D is the dimension of latent
features, W and H is width and height. To apply GTR for
image input, we first reshape visual features by flattening the
2-dimension into 1-dimension R

W⇥H,D. Then each pixel
is treated as graph node whose features are used as source
graph features.

GTR for multiple input graphs. For the cases where
a target graph wants to learn from more than one source
graphs, we extend GTR to take into account multiple in-
put source by replacing the single intre-graph message pass-
ing in each stacked layer of GTR into multiple concatenated
intre-graph message passing.

Knowledge-driven Encode, Retrieve,

Paraphrase (KERP)

It is observed that, to write a medical image report, radiol-
ogists first check a patient’s images for abnormal findings,
then write reports by following certain patterns and tem-
plates, and adjusting statements in the templates for each
individual case when necessary (Hong and Kahn 2013). To
mimic this procedure, we propose to formulate medical re-
port writing as a process of encoding, retrieval and para-
phrasing. In particular, we first compile an off-the-shelf ab-
normality graph that contains large range of abnormal find-
ings. We consider frequent abnormalities stem from thoracic
organs as nodes in the abnormality graph. For example, ”dis-
appearance of costophrenic angle”, ”low lung volumes”, and
”blunted costophrenic angle”. These abnormalities compose
a major part of medical reports, and their detection quality
would greatly impact the accuracy of the generated reports.
Please see Appendix for detailed definition and examples.
We also compile a template database that consists of a set
of frequent sentences that cover descriptions of different ab-
normalities in the abnormality graph. For example, ”there
is hyperexpansion of lungs and flattening of the diaphragm
consistent with copd” is a template for describing ”hyperex-
pansion of lungs”, ”flattening of diaphragm” and ”copd”.

Then we design separate modules for the purpose of en-
coding visual features as an abnormality graph, retrieving
templates based on the detected abnormalities, and rewriting
templates according to case-specific scenario. As described
in Figure 3, a set of images are first fed into a CNN for ex-
tracting visual features which are then transformed into an
abnormality graph via Encode GTRi2g . Retrieve GTRg2s

decodes the abnormality graph as a template sequence, the
words of which are then retrieved and paraphrased by Para-
phrase GTRgs2s as the generated report.

In addition, we design a disease graph containing com-
mon thorax diseases (e.g., nodule, pneumonia and emphy-
sema) which are commonly concluded from single or com-
bined condition of abnormalities. For example, atelecta-
sis may be concluded if ”interval development of bandlike
opacity in the left lung base” is present; consolidation and
atelectasis may exist if there is ”streaky and patchy bibasilar
opacities”, and ”triangular density projected over the heart”
without ”typical findings of pleural effusion or pulmonary
edema”. In parallel to generating reports in the proposed
model architecture, a GTRg2g is employed to transform the
abnormality graph to a disease graph in order to predict com-
mon thorax diseases (right lower column of Figure 3) which
can be useful as concluding information for medical reports.

Encode: visual feature to knowledge graph

The Encode module aims at encoding visual features as an
abnormality graph. Assume an input image is encoded with
a deep neural network into feature X 2 R

WH,dX where W ,
H and dX are width, height, and feature dimension, respec-
tively. An abnormality graph is represented as a set of nodes
of size N with initialized features. The latent features of
each node can be used to predict occurrence of the abnor-
mality via an additional classification layer. By applying the
variant of GTR for image input and graph output, denoted
as GTRi2g , the updated node features can be written as:

hu = GTRi2g(X) (8)
u = sigmoid(Wuhu) (9)

where GTRi2g is the formulation of the variant of GTR
for image input and graph output described on page 3, and
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Figure 3: Architecture of KERP. Image features are first extracted from a CNN, and further encoded as an abnormality graph
via Encode GTRi2g . Retrieve GTRg2s decodes the abnormality graph as a template sequence, the words of which are then
retrieved and paraphrased by Paraphrase GTRgs2s as the generated report. Simultaneously, a GTRg2g decodes the abnormality
graph as a disease graph, and predicts disease categories via extra classification layers. In the abnormality graph, values inside
parentheses are probabilities of the corresponding nodes predicted by extra classification layers taking latent semantic features
of nodes as input. Values along the directed arrows indicate attention scores of source nodes on target nodes.

input and output are sequences, GTR is close to a Trans-
former (Vaswani et al. 2017) with prior edge weights.

GTR for image input. We denote visual features of an
image as I 2 R

D,W,H where D is the dimension of latent
features, W and H is width and height. To apply GTR for
image input, we first reshape visual features by flattening the
2-dimension into 1-dimension R

W⇥H,D. Then each pixel
is treated as graph node whose features are used as source
graph features.

GTR for multiple input graphs. For the cases where
a target graph wants to learn from more than one source
graphs, we extend GTR to take into account multiple in-
put source by replacing the single intre-graph message pass-
ing in each stacked layer of GTR into multiple concatenated
intre-graph message passing.

Knowledge-driven Encode, Retrieve,

Paraphrase (KERP)

It is observed that, to write a medical image report, radiol-
ogists first check a patient’s images for abnormal findings,
then write reports by following certain patterns and tem-
plates, and adjusting statements in the templates for each
individual case when necessary (Hong and Kahn 2013). To
mimic this procedure, we propose to formulate medical re-
port writing as a process of encoding, retrieval and para-
phrasing. In particular, we first compile an off-the-shelf ab-
normality graph that contains large range of abnormal find-
ings. We consider frequent abnormalities stem from thoracic
organs as nodes in the abnormality graph. For example, ”dis-
appearance of costophrenic angle”, ”low lung volumes”, and
”blunted costophrenic angle”. These abnormalities compose
a major part of medical reports, and their detection quality
would greatly impact the accuracy of the generated reports.
Please see Appendix for detailed definition and examples.
We also compile a template database that consists of a set
of frequent sentences that cover descriptions of different ab-
normalities in the abnormality graph. For example, ”there
is hyperexpansion of lungs and flattening of the diaphragm
consistent with copd” is a template for describing ”hyperex-
pansion of lungs”, ”flattening of diaphragm” and ”copd”.

Then we design separate modules for the purpose of en-
coding visual features as an abnormality graph, retrieving
templates based on the detected abnormalities, and rewriting
templates according to case-specific scenario. As described
in Figure 3, a set of images are first fed into a CNN for ex-
tracting visual features which are then transformed into an
abnormality graph via Encode GTRi2g . Retrieve GTRg2s

decodes the abnormality graph as a template sequence, the
words of which are then retrieved and paraphrased by Para-
phrase GTRgs2s as the generated report.

In addition, we design a disease graph containing com-
mon thorax diseases (e.g., nodule, pneumonia and emphy-
sema) which are commonly concluded from single or com-
bined condition of abnormalities. For example, atelecta-
sis may be concluded if ”interval development of bandlike
opacity in the left lung base” is present; consolidation and
atelectasis may exist if there is ”streaky and patchy bibasilar
opacities”, and ”triangular density projected over the heart”
without ”typical findings of pleural effusion or pulmonary
edema”. In parallel to generating reports in the proposed
model architecture, a GTRg2g is employed to transform the
abnormality graph to a disease graph in order to predict com-
mon thorax diseases (right lower column of Figure 3) which
can be useful as concluding information for medical reports.

Encode: visual feature to knowledge graph

The Encode module aims at encoding visual features as an
abnormality graph. Assume an input image is encoded with
a deep neural network into feature X 2 R

WH,dX where W ,
H and dX are width, height, and feature dimension, respec-
tively. An abnormality graph is represented as a set of nodes
of size N with initialized features. The latent features of
each node can be used to predict occurrence of the abnor-
mality via an additional classification layer. By applying the
variant of GTR for image input and graph output, denoted
as GTRi2g , the updated node features can be written as:

hu = GTRi2g(X) (8)
u = sigmoid(Wuhu) (9)

where GTRi2g is the formulation of the variant of GTR
for image input and graph output described on page 3, and
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Figure 3: Architecture of KERP. Image features are first extracted from a CNN, and further encoded as an abnormality graph
via Encode GTRi2g . Retrieve GTRg2s decodes the abnormality graph as a template sequence, the words of which are then
retrieved and paraphrased by Paraphrase GTRgs2s as the generated report. Simultaneously, a GTRg2g decodes the abnormality
graph as a disease graph, and predicts disease categories via extra classification layers. In the abnormality graph, values inside
parentheses are probabilities of the corresponding nodes predicted by extra classification layers taking latent semantic features
of nodes as input. Values along the directed arrows indicate attention scores of source nodes on target nodes.

input and output are sequences, GTR is close to a Trans-
former (Vaswani et al. 2017) with prior edge weights.

GTR for image input. We denote visual features of an
image as I 2 R

D,W,H where D is the dimension of latent
features, W and H is width and height. To apply GTR for
image input, we first reshape visual features by flattening the
2-dimension into 1-dimension R

W⇥H,D. Then each pixel
is treated as graph node whose features are used as source
graph features.

GTR for multiple input graphs. For the cases where
a target graph wants to learn from more than one source
graphs, we extend GTR to take into account multiple in-
put source by replacing the single intre-graph message pass-
ing in each stacked layer of GTR into multiple concatenated
intre-graph message passing.

Knowledge-driven Encode, Retrieve,

Paraphrase (KERP)

It is observed that, to write a medical image report, radiol-
ogists first check a patient’s images for abnormal findings,
then write reports by following certain patterns and tem-
plates, and adjusting statements in the templates for each
individual case when necessary (Hong and Kahn 2013). To
mimic this procedure, we propose to formulate medical re-
port writing as a process of encoding, retrieval and para-
phrasing. In particular, we first compile an off-the-shelf ab-
normality graph that contains large range of abnormal find-
ings. We consider frequent abnormalities stem from thoracic
organs as nodes in the abnormality graph. For example, ”dis-
appearance of costophrenic angle”, ”low lung volumes”, and
”blunted costophrenic angle”. These abnormalities compose
a major part of medical reports, and their detection quality
would greatly impact the accuracy of the generated reports.
Please see Appendix for detailed definition and examples.
We also compile a template database that consists of a set
of frequent sentences that cover descriptions of different ab-
normalities in the abnormality graph. For example, ”there
is hyperexpansion of lungs and flattening of the diaphragm
consistent with copd” is a template for describing ”hyperex-
pansion of lungs”, ”flattening of diaphragm” and ”copd”.

Then we design separate modules for the purpose of en-
coding visual features as an abnormality graph, retrieving
templates based on the detected abnormalities, and rewriting
templates according to case-specific scenario. As described
in Figure 3, a set of images are first fed into a CNN for ex-
tracting visual features which are then transformed into an
abnormality graph via Encode GTRi2g . Retrieve GTRg2s

decodes the abnormality graph as a template sequence, the
words of which are then retrieved and paraphrased by Para-
phrase GTRgs2s as the generated report.

In addition, we design a disease graph containing com-
mon thorax diseases (e.g., nodule, pneumonia and emphy-
sema) which are commonly concluded from single or com-
bined condition of abnormalities. For example, atelecta-
sis may be concluded if ”interval development of bandlike
opacity in the left lung base” is present; consolidation and
atelectasis may exist if there is ”streaky and patchy bibasilar
opacities”, and ”triangular density projected over the heart”
without ”typical findings of pleural effusion or pulmonary
edema”. In parallel to generating reports in the proposed
model architecture, a GTRg2g is employed to transform the
abnormality graph to a disease graph in order to predict com-
mon thorax diseases (right lower column of Figure 3) which
can be useful as concluding information for medical reports.

Encode: visual feature to knowledge graph

The Encode module aims at encoding visual features as an
abnormality graph. Assume an input image is encoded with
a deep neural network into feature X 2 R

WH,dX where W ,
H and dX are width, height, and feature dimension, respec-
tively. An abnormality graph is represented as a set of nodes
of size N with initialized features. The latent features of
each node can be used to predict occurrence of the abnor-
mality via an additional classification layer. By applying the
variant of GTR for image input and graph output, denoted
as GTRi2g , the updated node features can be written as:

hu = GTRi2g(X) (8)
u = sigmoid(Wuhu) (9)

where GTRi2g is the formulation of the variant of GTR
for image input and graph output described on page 3, and
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Figure 3: Architecture of KERP. Image features are first extracted from a CNN, and further encoded as an abnormality graph
via Encode GTRi2g . Retrieve GTRg2s decodes the abnormality graph as a template sequence, the words of which are then
retrieved and paraphrased by Paraphrase GTRgs2s as the generated report. Simultaneously, a GTRg2g decodes the abnormality
graph as a disease graph, and predicts disease categories via extra classification layers. In the abnormality graph, values inside
parentheses are probabilities of the corresponding nodes predicted by extra classification layers taking latent semantic features
of nodes as input. Values along the directed arrows indicate attention scores of source nodes on target nodes.

input and output are sequences, GTR is close to a Trans-
former (Vaswani et al. 2017) with prior edge weights.

GTR for image input. We denote visual features of an
image as I 2 R

D,W,H where D is the dimension of latent
features, W and H is width and height. To apply GTR for
image input, we first reshape visual features by flattening the
2-dimension into 1-dimension R

W⇥H,D. Then each pixel
is treated as graph node whose features are used as source
graph features.

GTR for multiple input graphs. For the cases where
a target graph wants to learn from more than one source
graphs, we extend GTR to take into account multiple in-
put source by replacing the single intre-graph message pass-
ing in each stacked layer of GTR into multiple concatenated
intre-graph message passing.

Knowledge-driven Encode, Retrieve,

Paraphrase (KERP)

It is observed that, to write a medical image report, radiol-
ogists first check a patient’s images for abnormal findings,
then write reports by following certain patterns and tem-
plates, and adjusting statements in the templates for each
individual case when necessary (Hong and Kahn 2013). To
mimic this procedure, we propose to formulate medical re-
port writing as a process of encoding, retrieval and para-
phrasing. In particular, we first compile an off-the-shelf ab-
normality graph that contains large range of abnormal find-
ings. We consider frequent abnormalities stem from thoracic
organs as nodes in the abnormality graph. For example, ”dis-
appearance of costophrenic angle”, ”low lung volumes”, and
”blunted costophrenic angle”. These abnormalities compose
a major part of medical reports, and their detection quality
would greatly impact the accuracy of the generated reports.
Please see Appendix for detailed definition and examples.
We also compile a template database that consists of a set
of frequent sentences that cover descriptions of different ab-
normalities in the abnormality graph. For example, ”there
is hyperexpansion of lungs and flattening of the diaphragm
consistent with copd” is a template for describing ”hyperex-
pansion of lungs”, ”flattening of diaphragm” and ”copd”.

Then we design separate modules for the purpose of en-
coding visual features as an abnormality graph, retrieving
templates based on the detected abnormalities, and rewriting
templates according to case-specific scenario. As described
in Figure 3, a set of images are first fed into a CNN for ex-
tracting visual features which are then transformed into an
abnormality graph via Encode GTRi2g . Retrieve GTRg2s

decodes the abnormality graph as a template sequence, the
words of which are then retrieved and paraphrased by Para-
phrase GTRgs2s as the generated report.

In addition, we design a disease graph containing com-
mon thorax diseases (e.g., nodule, pneumonia and emphy-
sema) which are commonly concluded from single or com-
bined condition of abnormalities. For example, atelecta-
sis may be concluded if ”interval development of bandlike
opacity in the left lung base” is present; consolidation and
atelectasis may exist if there is ”streaky and patchy bibasilar
opacities”, and ”triangular density projected over the heart”
without ”typical findings of pleural effusion or pulmonary
edema”. In parallel to generating reports in the proposed
model architecture, a GTRg2g is employed to transform the
abnormality graph to a disease graph in order to predict com-
mon thorax diseases (right lower column of Figure 3) which
can be useful as concluding information for medical reports.

Encode: visual feature to knowledge graph

The Encode module aims at encoding visual features as an
abnormality graph. Assume an input image is encoded with
a deep neural network into feature X 2 R

WH,dX where W ,
H and dX are width, height, and feature dimension, respec-
tively. An abnormality graph is represented as a set of nodes
of size N with initialized features. The latent features of
each node can be used to predict occurrence of the abnor-
mality via an additional classification layer. By applying the
variant of GTR for image input and graph output, denoted
as GTRi2g , the updated node features can be written as:

hu = GTRi2g(X) (8)
u = sigmoid(Wuhu) (9)

where GTRi2g is the formulation of the variant of GTR
for image input and graph output described on page 3, and
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Figure 3: Architecture of KERP. Image features are first extracted from a CNN, and further encoded as an abnormality graph
via Encode GTRi2g . Retrieve GTRg2s decodes the abnormality graph as a template sequence, the words of which are then
retrieved and paraphrased by Paraphrase GTRgs2s as the generated report. Simultaneously, a GTRg2g decodes the abnormality
graph as a disease graph, and predicts disease categories via extra classification layers. In the abnormality graph, values inside
parentheses are probabilities of the corresponding nodes predicted by extra classification layers taking latent semantic features
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input and output are sequences, GTR is close to a Trans-
former (Vaswani et al. 2017) with prior edge weights.

GTR for image input. We denote visual features of an
image as I 2 R

D,W,H where D is the dimension of latent
features, W and H is width and height. To apply GTR for
image input, we first reshape visual features by flattening the
2-dimension into 1-dimension R

W⇥H,D. Then each pixel
is treated as graph node whose features are used as source
graph features.

GTR for multiple input graphs. For the cases where
a target graph wants to learn from more than one source
graphs, we extend GTR to take into account multiple in-
put source by replacing the single intre-graph message pass-
ing in each stacked layer of GTR into multiple concatenated
intre-graph message passing.

Knowledge-driven Encode, Retrieve,

Paraphrase (KERP)

It is observed that, to write a medical image report, radiol-
ogists first check a patient’s images for abnormal findings,
then write reports by following certain patterns and tem-
plates, and adjusting statements in the templates for each
individual case when necessary (Hong and Kahn 2013). To
mimic this procedure, we propose to formulate medical re-
port writing as a process of encoding, retrieval and para-
phrasing. In particular, we first compile an off-the-shelf ab-
normality graph that contains large range of abnormal find-
ings. We consider frequent abnormalities stem from thoracic
organs as nodes in the abnormality graph. For example, ”dis-
appearance of costophrenic angle”, ”low lung volumes”, and
”blunted costophrenic angle”. These abnormalities compose
a major part of medical reports, and their detection quality
would greatly impact the accuracy of the generated reports.
Please see Appendix for detailed definition and examples.
We also compile a template database that consists of a set
of frequent sentences that cover descriptions of different ab-
normalities in the abnormality graph. For example, ”there
is hyperexpansion of lungs and flattening of the diaphragm
consistent with copd” is a template for describing ”hyperex-
pansion of lungs”, ”flattening of diaphragm” and ”copd”.

Then we design separate modules for the purpose of en-
coding visual features as an abnormality graph, retrieving
templates based on the detected abnormalities, and rewriting
templates according to case-specific scenario. As described
in Figure 3, a set of images are first fed into a CNN for ex-
tracting visual features which are then transformed into an
abnormality graph via Encode GTRi2g . Retrieve GTRg2s

decodes the abnormality graph as a template sequence, the
words of which are then retrieved and paraphrased by Para-
phrase GTRgs2s as the generated report.

In addition, we design a disease graph containing com-
mon thorax diseases (e.g., nodule, pneumonia and emphy-
sema) which are commonly concluded from single or com-
bined condition of abnormalities. For example, atelecta-
sis may be concluded if ”interval development of bandlike
opacity in the left lung base” is present; consolidation and
atelectasis may exist if there is ”streaky and patchy bibasilar
opacities”, and ”triangular density projected over the heart”
without ”typical findings of pleural effusion or pulmonary
edema”. In parallel to generating reports in the proposed
model architecture, a GTRg2g is employed to transform the
abnormality graph to a disease graph in order to predict com-
mon thorax diseases (right lower column of Figure 3) which
can be useful as concluding information for medical reports.

Encode: visual feature to knowledge graph

The Encode module aims at encoding visual features as an
abnormality graph. Assume an input image is encoded with
a deep neural network into feature X 2 R

WH,dX where W ,
H and dX are width, height, and feature dimension, respec-
tively. An abnormality graph is represented as a set of nodes
of size N with initialized features. The latent features of
each node can be used to predict occurrence of the abnor-
mality via an additional classification layer. By applying the
variant of GTR for image input and graph output, denoted
as GTRi2g , the updated node features can be written as:

hu = GTRi2g(X) (8)
u = sigmoid(Wuhu) (9)

where GTRi2g is the formulation of the variant of GTR
for image input and graph output described on page 3, and
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Figure 3: Architecture of KERP. Image features are first extracted from a CNN, and further encoded as an abnormality graph
via Encode GTRi2g . Retrieve GTRg2s decodes the abnormality graph as a template sequence, the words of which are then
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parentheses are probabilities of the corresponding nodes predicted by extra classification layers taking latent semantic features
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input and output are sequences, GTR is close to a Trans-
former (Vaswani et al. 2017) with prior edge weights.

GTR for image input. We denote visual features of an
image as I 2 R

D,W,H where D is the dimension of latent
features, W and H is width and height. To apply GTR for
image input, we first reshape visual features by flattening the
2-dimension into 1-dimension R

W⇥H,D. Then each pixel
is treated as graph node whose features are used as source
graph features.

GTR for multiple input graphs. For the cases where
a target graph wants to learn from more than one source
graphs, we extend GTR to take into account multiple in-
put source by replacing the single intre-graph message pass-
ing in each stacked layer of GTR into multiple concatenated
intre-graph message passing.

Knowledge-driven Encode, Retrieve,

Paraphrase (KERP)

It is observed that, to write a medical image report, radiol-
ogists first check a patient’s images for abnormal findings,
then write reports by following certain patterns and tem-
plates, and adjusting statements in the templates for each
individual case when necessary (Hong and Kahn 2013). To
mimic this procedure, we propose to formulate medical re-
port writing as a process of encoding, retrieval and para-
phrasing. In particular, we first compile an off-the-shelf ab-
normality graph that contains large range of abnormal find-
ings. We consider frequent abnormalities stem from thoracic
organs as nodes in the abnormality graph. For example, ”dis-
appearance of costophrenic angle”, ”low lung volumes”, and
”blunted costophrenic angle”. These abnormalities compose
a major part of medical reports, and their detection quality
would greatly impact the accuracy of the generated reports.
Please see Appendix for detailed definition and examples.
We also compile a template database that consists of a set
of frequent sentences that cover descriptions of different ab-
normalities in the abnormality graph. For example, ”there
is hyperexpansion of lungs and flattening of the diaphragm
consistent with copd” is a template for describing ”hyperex-
pansion of lungs”, ”flattening of diaphragm” and ”copd”.

Then we design separate modules for the purpose of en-
coding visual features as an abnormality graph, retrieving
templates based on the detected abnormalities, and rewriting
templates according to case-specific scenario. As described
in Figure 3, a set of images are first fed into a CNN for ex-
tracting visual features which are then transformed into an
abnormality graph via Encode GTRi2g . Retrieve GTRg2s

decodes the abnormality graph as a template sequence, the
words of which are then retrieved and paraphrased by Para-
phrase GTRgs2s as the generated report.

In addition, we design a disease graph containing com-
mon thorax diseases (e.g., nodule, pneumonia and emphy-
sema) which are commonly concluded from single or com-
bined condition of abnormalities. For example, atelecta-
sis may be concluded if ”interval development of bandlike
opacity in the left lung base” is present; consolidation and
atelectasis may exist if there is ”streaky and patchy bibasilar
opacities”, and ”triangular density projected over the heart”
without ”typical findings of pleural effusion or pulmonary
edema”. In parallel to generating reports in the proposed
model architecture, a GTRg2g is employed to transform the
abnormality graph to a disease graph in order to predict com-
mon thorax diseases (right lower column of Figure 3) which
can be useful as concluding information for medical reports.

Encode: visual feature to knowledge graph

The Encode module aims at encoding visual features as an
abnormality graph. Assume an input image is encoded with
a deep neural network into feature X 2 R

WH,dX where W ,
H and dX are width, height, and feature dimension, respec-
tively. An abnormality graph is represented as a set of nodes
of size N with initialized features. The latent features of
each node can be used to predict occurrence of the abnor-
mality via an additional classification layer. By applying the
variant of GTR for image input and graph output, denoted
as GTRi2g , the updated node features can be written as:

hu = GTRi2g(X) (8)
u = sigmoid(Wuhu) (9)

where GTRi2g is the formulation of the variant of GTR
for image input and graph output described on page 3, and
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former (Vaswani et al. 2017) with prior edge weights.
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D,W,H where D is the dimension of latent
features, W and H is width and height. To apply GTR for
image input, we first reshape visual features by flattening the
2-dimension into 1-dimension R

W⇥H,D. Then each pixel
is treated as graph node whose features are used as source
graph features.

GTR for multiple input graphs. For the cases where
a target graph wants to learn from more than one source
graphs, we extend GTR to take into account multiple in-
put source by replacing the single intre-graph message pass-
ing in each stacked layer of GTR into multiple concatenated
intre-graph message passing.
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individual case when necessary (Hong and Kahn 2013). To
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normality graph that contains large range of abnormal find-
ings. We consider frequent abnormalities stem from thoracic
organs as nodes in the abnormality graph. For example, ”dis-
appearance of costophrenic angle”, ”low lung volumes”, and
”blunted costophrenic angle”. These abnormalities compose
a major part of medical reports, and their detection quality
would greatly impact the accuracy of the generated reports.
Please see Appendix for detailed definition and examples.
We also compile a template database that consists of a set
of frequent sentences that cover descriptions of different ab-
normalities in the abnormality graph. For example, ”there
is hyperexpansion of lungs and flattening of the diaphragm
consistent with copd” is a template for describing ”hyperex-
pansion of lungs”, ”flattening of diaphragm” and ”copd”.

Then we design separate modules for the purpose of en-
coding visual features as an abnormality graph, retrieving
templates based on the detected abnormalities, and rewriting
templates according to case-specific scenario. As described
in Figure 3, a set of images are first fed into a CNN for ex-
tracting visual features which are then transformed into an
abnormality graph via Encode GTRi2g . Retrieve GTRg2s

decodes the abnormality graph as a template sequence, the
words of which are then retrieved and paraphrased by Para-
phrase GTRgs2s as the generated report.

In addition, we design a disease graph containing com-
mon thorax diseases (e.g., nodule, pneumonia and emphy-
sema) which are commonly concluded from single or com-
bined condition of abnormalities. For example, atelecta-
sis may be concluded if ”interval development of bandlike
opacity in the left lung base” is present; consolidation and
atelectasis may exist if there is ”streaky and patchy bibasilar
opacities”, and ”triangular density projected over the heart”
without ”typical findings of pleural effusion or pulmonary
edema”. In parallel to generating reports in the proposed
model architecture, a GTRg2g is employed to transform the
abnormality graph to a disease graph in order to predict com-
mon thorax diseases (right lower column of Figure 3) which
can be useful as concluding information for medical reports.

Encode: visual feature to knowledge graph

The Encode module aims at encoding visual features as an
abnormality graph. Assume an input image is encoded with
a deep neural network into feature X 2 R

WH,dX where W ,
H and dX are width, height, and feature dimension, respec-
tively. An abnormality graph is represented as a set of nodes
of size N with initialized features. The latent features of
each node can be used to predict occurrence of the abnor-
mality via an additional classification layer. By applying the
variant of GTR for image input and graph output, denoted
as GTRi2g , the updated node features can be written as:

hu = GTRi2g(X) (8)
u = sigmoid(Wuhu) (9)

where GTRi2g is the formulation of the variant of GTR
for image input and graph output described on page 3, and
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Empirical Examples
Images Attention Maps Abnormality graph Ground truth report Retrieved templates Generated report

The cardiac silhouette is mildly 
enlarged. Mediastinal contours are 
within normal limits. The pulmonary 
vascularity 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. 

There is a small left 
pleural effusion. No 
pneumothorax.
Heart size normal
the lungs are clear. 

There are bilateral pleural 
effusions with bibasilar 
airspace disease , right 
greater than left. No 
pneumothorax. Cardiac 
silhouette is at the upper 
limits of normal. Clear 
lungs.

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. 

Heart size is upper limits 
of normal. There are 
small bilateral pleural 
effusions. xxxx 
sternotomy xxxx are again 
noted. No pneumothorax. 
Heart size normal.

Cardiac silhouette is 
enlarged but unchanged. 
There are bilateral pleural 
effusions with bibasilar 
airspace disease , right 
greater than left. 
Unchanged sternotomy 
xxxx. No pneumothorax. 
Cardiac silhouette is at 
the upper limits of 
normal. 
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Figure 4: Visualization of result of KERP on IU X-Ray dataset. Bold text indicates alignment between the generated text and
ground truth reports. Underlined text indicates correspondence of the generated text (specifically location description) with the
visualized attention maps (of either the 1st/frontal or 2nd/lateral view). In the abnormality graph, values inside parentheses are
predicted probabilities of corresponding nodes. We select edges whose attention scores are greater than or equal to 0.05, or are
the highest from neighboring nodes to each node, and visualize the attention scores along the directed arrows.
Results and Analyses

Abnormality and disease classification error analysis.

The AUCs of abnormality and disease classification are
shown in Table 2. Ours-2Graphs outperforms baselines
on both dataset on abnormality and disease classification.
DenseNet performs the worst on both dataset, and is out-
performed by Ours-2Graphs by more than 6%. This demon-
strates that, by incorporating prior medical knowledge and
learning internal medical knowledge structure, our method
is able to distill useful features for correctly classifying ab-
normalities and diseases. Given the high performance of
Ours-2Graphs, we conduct following experiments using the
knowledge graph trained with both abnormality and disease
labels as initialization.

Medical report generation error analysis. The results is
shown in the upper part of Table 1. Most importantly, KERP
outperforms all baselines on BLEU-1,2,3,4 scores on IU X-
Ray dataset, and on ROUGE-L, BLEU-1,2,3 scores on CX-
CHR dataset, demonstrating its effectiveness and robustness
on combining retrieval and generation mechanism for gen-
erating medical reports. KERP achieves lower CIDEr score
than that of HRGR-Agent on both dataset. However, HRGR-
Agent is fine-tuned using reinforcement learning directly
with CIDEr as reward. Thus, it is reasonable that HRGR-
Agent achieves the higher CIDEr score. Furthermore, KERP
achieves much better performance on abnormality predic-
tion (Table 2 compared to Table 3 of (Li et al. 2018)),
demonstrating its superior capability of detecting abnormal
findings which is important in clinical diagnosis. Compared
to other baseline models that do not use reinforcement learn-
ing, KERP obtains the highest CIDEr score on both dataset.
On IU X-Ray dataset, KERP achieves lower CIDEr score but
higher ROUGE-L and BLEU-n scores than KER which does
not have Paraphrase process. This indicates that the Para-
phrase process smooths the retrieved templates into more
common sentences as BLEU-n scores, especially BLEU-
1,2, are higher, meaning that the overlap of 1,2-grams be-
tween the generated reports and ground truth reports are
higher. However, as CIDEr incorporates inverse document

frequency (idf) of words evaluated in the entire evaluation
corpus, it inherently gives higher importance to informative
and significant phrases, such as abnormal findings and dis-
eases, as oppose to common and popular phrases such as
”the lungs are clear” and ”heart size is normal”. Thus this
shows that KER correctly detects more significant phrases,
and KERP generates smoother and more common expres-
sions while maintaining the overall performance of abnor-
mal findings detection. On CX-CHR dataset, it is observed
that KER performs worse than baseline models in most met-
rics. This may due to the fact that the templates for CX-CHR
are designed to be concise and to cover large range of dif-
ferent abnormal findings, instead of being natural and com-
mon. Thus only using retrieved templates does not lead to
high performance. However, the overall high performance
of KERP verifies that Paraphrase module is able to distill
accurate information from the retrieved templates, and para-
phrase them into more common and natural descriptions. It
also shows that learning conventional and general writing
style of radiologists is as important as accurately detecting
abnormalities in medical report generation.

Human evaluation. We conduct human evaluation as a
supplement to automatic evaluation, the result of which is
shown in the last column of Table 1. KERP outperforms the
compared baseline on both dataset, demonstrating its capa-
bility of generating fluent and accurate reports.

Qualitative analysis. The visualization result of KERP on
IU X-Ray dataset is shown in Figure 4. The generated re-
ports demonstrate significant alignment with ground truth
reports as well as correspondence with the visualized at-
tention maps. For example, the generated report of the first
sample correctly describes ”right greater than left” airspace
disease, and the attention map of frontal view shows red re-
gion over right upper lung greater than left lower lung (the
redness indicates degree of attention). The result demon-
strates that KERP is capable of generating accurate reports
as well as explainable attentive regions. More visualization
and analysis on both dataset is in Appendix.
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Figure 4: Visualization of result of KERP on IU X-Ray dataset. Bold text indicates alignment between the generated text and
ground truth reports. Underlined text indicates correspondence of the generated text (specifically location description) with the
visualized attention maps (of either the 1st/frontal or 2nd/lateral view). In the abnormality graph, values inside parentheses are
predicted probabilities of corresponding nodes. We select edges whose attention scores are greater than or equal to 0.05, or are
the highest from neighboring nodes to each node, and visualize the attention scores along the directed arrows.
Results and Analyses

Abnormality and disease classification error analysis.

The AUCs of abnormality and disease classification are
shown in Table 2. Ours-2Graphs outperforms baselines
on both dataset on abnormality and disease classification.
DenseNet performs the worst on both dataset, and is out-
performed by Ours-2Graphs by more than 6%. This demon-
strates that, by incorporating prior medical knowledge and
learning internal medical knowledge structure, our method
is able to distill useful features for correctly classifying ab-
normalities and diseases. Given the high performance of
Ours-2Graphs, we conduct following experiments using the
knowledge graph trained with both abnormality and disease
labels as initialization.

Medical report generation error analysis. The results is
shown in the upper part of Table 1. Most importantly, KERP
outperforms all baselines on BLEU-1,2,3,4 scores on IU X-
Ray dataset, and on ROUGE-L, BLEU-1,2,3 scores on CX-
CHR dataset, demonstrating its effectiveness and robustness
on combining retrieval and generation mechanism for gen-
erating medical reports. KERP achieves lower CIDEr score
than that of HRGR-Agent on both dataset. However, HRGR-
Agent is fine-tuned using reinforcement learning directly
with CIDEr as reward. Thus, it is reasonable that HRGR-
Agent achieves the higher CIDEr score. Furthermore, KERP
achieves much better performance on abnormality predic-
tion (Table 2 compared to Table 3 of (Li et al. 2018)),
demonstrating its superior capability of detecting abnormal
findings which is important in clinical diagnosis. Compared
to other baseline models that do not use reinforcement learn-
ing, KERP obtains the highest CIDEr score on both dataset.
On IU X-Ray dataset, KERP achieves lower CIDEr score but
higher ROUGE-L and BLEU-n scores than KER which does
not have Paraphrase process. This indicates that the Para-
phrase process smooths the retrieved templates into more
common sentences as BLEU-n scores, especially BLEU-
1,2, are higher, meaning that the overlap of 1,2-grams be-
tween the generated reports and ground truth reports are
higher. However, as CIDEr incorporates inverse document

frequency (idf) of words evaluated in the entire evaluation
corpus, it inherently gives higher importance to informative
and significant phrases, such as abnormal findings and dis-
eases, as oppose to common and popular phrases such as
”the lungs are clear” and ”heart size is normal”. Thus this
shows that KER correctly detects more significant phrases,
and KERP generates smoother and more common expres-
sions while maintaining the overall performance of abnor-
mal findings detection. On CX-CHR dataset, it is observed
that KER performs worse than baseline models in most met-
rics. This may due to the fact that the templates for CX-CHR
are designed to be concise and to cover large range of dif-
ferent abnormal findings, instead of being natural and com-
mon. Thus only using retrieved templates does not lead to
high performance. However, the overall high performance
of KERP verifies that Paraphrase module is able to distill
accurate information from the retrieved templates, and para-
phrase them into more common and natural descriptions. It
also shows that learning conventional and general writing
style of radiologists is as important as accurately detecting
abnormalities in medical report generation.

Human evaluation. We conduct human evaluation as a
supplement to automatic evaluation, the result of which is
shown in the last column of Table 1. KERP outperforms the
compared baseline on both dataset, demonstrating its capa-
bility of generating fluent and accurate reports.

Qualitative analysis. The visualization result of KERP on
IU X-Ray dataset is shown in Figure 4. The generated re-
ports demonstrate significant alignment with ground truth
reports as well as correspondence with the visualized at-
tention maps. For example, the generated report of the first
sample correctly describes ”right greater than left” airspace
disease, and the attention map of frontal view shows red re-
gion over right upper lung greater than left lower lung (the
redness indicates degree of attention). The result demon-
strates that KERP is capable of generating accurate reports
as well as explainable attentive regions. More visualization
and analysis on both dataset is in Appendix.
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Summary: Medical Image Report Generation

q Challenges: (1) abnormality detection and description; (2) Long 
paragraph generation; (3) Accurate, visually-grounded description

q A set of techniques for solution
q Cross modalities: images, text, graphs 

q Graph Transformer

q Long text generation in a more structured way 
q Hierarchical generation
q Combination of retrieval + generation

q Integrating structured knowledge, visual grounding
q Structured medical knowledge
q Visual-semantic co-attention
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Outline

q Medical image report generation
q Co-attention, hierarchical generation, multi-task
q Further improvement: retrieval+generation, structured knowledge

q Paragraph description of natural images

q Text generation under control
q Various text properties, granularities, amount of supervision

q All in one toolkit: Texar
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Paragraph description of natural images
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Figure 2. Our RTT-GAN alternatively optimizes a structured paragraph generator and two discriminators following an adversarial training

scheme. The generator recurrently produces each sentence by reasoning about local semantic regions and preceding paragraph state.

Each synthesized sentence is then fed into a sentence discriminator and a recurrent topic-transition discriminator for assessing sentence

plausibility and topic coherence, respectively. A paragraph description corpus is adopted to provide linguistic knowledge about paragraph

generation, which depicts the true data distribution of the discriminators .

work of our RTT-GAN, then describe detailed model design
of the paragraph generator and the multi-level discrimina-
tors, respectively.

3.1. Adversarial Objective

We construct an adversarial game between the genera-
tor and discriminators to drive the model learning. Specifi-
cally, the sentence and topic-transition discriminators learn
a critic between real and generated samples, while the gen-
erator attempts to confuse the discriminators by generat-
ing realistic paragraphs that satisfy linguistic characteristics
(i.e., sentence plausibility and topic-transition coherence).
The generative neural architecture ensures the paragraph
captures adequate semantic content of the image, which we
describe in detail in the next sections. Formally, let G de-
note the paragraph generator, and let Ds and Dr denote the
sentence and topic-transition discriminators, respectively.

At each time step t, conditioned on preceding sentences
s1:t−1 and local semantic regions V of the image, the gen-
erator G recurrently produces a single sentence st, where
each sentence st = {wt,i} consists of a sequence of Nt

words wt,i (i = 1, . . . ,Nt):

PG(st|s1:t−1,V) =
Nt!

i=1

PG(wt,i|wt,1:i−1, s1:t−1,V). (1)

The discriminators learn to differentiate real sentences ŝ
within a true paragraph P̂ from the synthesized ones st. The
generator G tries to generate realistic visual paragraph by
minimizing against the discriminators’ chance of correctly
telling apart the sample source. As the original GAN [7]
that optimizes over binary probability distance suffers from
mode collapse and instable convergence, we follow the new
Wasserstein GAN [1] method that theoretically remedies
this by minimizing an approximated Wasserstein distance.
The objective of the adversarial framework is written as:

min
G

max
Ds,Dr

L(G,Ds, Dr) =

Eŝ∼pdata(ŝ)

!

Ds(ŝ)
"

− Es1:t∼pG(s1:t|V)

!

Ds(st)
"

+

E
P̂∼pdata(P̂)

!

Dr(P̂)
"

− Es1:t∼pG(s1:t|V)

!

Dr(s1:t)
"

,

(2)

where pdata(ŝ) and pdata(P̂) denote the true data distributions
of sentences and paragraphs, respectively, which are empir-
ically constructed from a paragraph description corpus. The
second line of the equation is the objective of the sentence
discriminator Ds that optimizes a critic between real/fake
sentences, while the third line is the objective of the topic-
transition discriminator Dr. Here pG(s1:t|V) indicates the
distribution of generated sentences by the generator G.

To leverage existing image-paragraph pair dataset in the
supervised setting, or image captioning dataset in the semi-
supervised setting, we also incorporate the traditional word
reconstruction loss for generator optimization, which is de-
fined as:

Lc(G) = −
T"

t=1

Nt"

i=1

logPG(wt,i|wt,1:i−1, s1:t−1,V). (3)

Note that the reconstruction loss is only used for supervised
examples with paragraph annotations, and semi-supervised
examples with single-sentence caption (where we set T =
1). Combining Eqs.(2)-(3), the joint objective for the gen-
erator G is thus:

G∗ = argmin
G

max
Ds,Dr

λL(G,Ds, Dr) + Lc(G), (4)

where λ is the balancing parameter fixed to 0.001 in our
implementation. The optimization of the generator and dis-
criminators (i.e., Eq.(4) and Eq.(2), respectively) is per-
formed in an alternating min-max manner. We describe the
training details in section 3.4.

The discrete nature of text samples hinders gradient
back-propagation from the discriminators to the genera-
tor [9]. We address this issue following SeqGAN [35]. The
state is the current produced words and sentences, and the
action is the next word to select. we apply Monte Carlo
search with a roll-out policy to sample the remaining words
until it sees an END token for each sentence and maximal
number of sentences. The roll-out policy is the same with
the generator, elaborated in Section 3.2. The discriminator
is trained by providing true paragraphs from the text corpus
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plausibility and topic coherence, respectively. A paragraph description corpus is adopted to provide linguistic knowledge about paragraph

generation, which depicts the true data distribution of the discriminators .

work of our RTT-GAN, then describe detailed model design
of the paragraph generator and the multi-level discrimina-
tors, respectively.

3.1. Adversarial Objective

We construct an adversarial game between the genera-
tor and discriminators to drive the model learning. Specifi-
cally, the sentence and topic-transition discriminators learn
a critic between real and generated samples, while the gen-
erator attempts to confuse the discriminators by generat-
ing realistic paragraphs that satisfy linguistic characteristics
(i.e., sentence plausibility and topic-transition coherence).
The generative neural architecture ensures the paragraph
captures adequate semantic content of the image, which we
describe in detail in the next sections. Formally, let G de-
note the paragraph generator, and let Ds and Dr denote the
sentence and topic-transition discriminators, respectively.

At each time step t, conditioned on preceding sentences
s1:t−1 and local semantic regions V of the image, the gen-
erator G recurrently produces a single sentence st, where
each sentence st = {wt,i} consists of a sequence of Nt

words wt,i (i = 1, . . . ,Nt):

PG(st|s1:t−1,V) =
Nt!

i=1

PG(wt,i|wt,1:i−1, s1:t−1,V). (1)

The discriminators learn to differentiate real sentences ŝ
within a true paragraph P̂ from the synthesized ones st. The
generator G tries to generate realistic visual paragraph by
minimizing against the discriminators’ chance of correctly
telling apart the sample source. As the original GAN [7]
that optimizes over binary probability distance suffers from
mode collapse and instable convergence, we follow the new
Wasserstein GAN [1] method that theoretically remedies
this by minimizing an approximated Wasserstein distance.
The objective of the adversarial framework is written as:

min
G

max
Ds,Dr

L(G,Ds, Dr) =

Eŝ∼pdata(ŝ)

!

Ds(ŝ)
"

− Es1:t∼pG(s1:t|V)

!

Ds(st)
"

+

E
P̂∼pdata(P̂)

!

Dr(P̂)
"

− Es1:t∼pG(s1:t|V)

!

Dr(s1:t)
"

,

(2)

where pdata(ŝ) and pdata(P̂) denote the true data distributions
of sentences and paragraphs, respectively, which are empir-
ically constructed from a paragraph description corpus. The
second line of the equation is the objective of the sentence
discriminator Ds that optimizes a critic between real/fake
sentences, while the third line is the objective of the topic-
transition discriminator Dr. Here pG(s1:t|V) indicates the
distribution of generated sentences by the generator G.

To leverage existing image-paragraph pair dataset in the
supervised setting, or image captioning dataset in the semi-
supervised setting, we also incorporate the traditional word
reconstruction loss for generator optimization, which is de-
fined as:

Lc(G) = −
T"

t=1

Nt"

i=1

logPG(wt,i|wt,1:i−1, s1:t−1,V). (3)

Note that the reconstruction loss is only used for supervised
examples with paragraph annotations, and semi-supervised
examples with single-sentence caption (where we set T =
1). Combining Eqs.(2)-(3), the joint objective for the gen-
erator G is thus:

G∗ = argmin
G

max
Ds,Dr

λL(G,Ds, Dr) + Lc(G), (4)

where λ is the balancing parameter fixed to 0.001 in our
implementation. The optimization of the generator and dis-
criminators (i.e., Eq.(4) and Eq.(2), respectively) is per-
formed in an alternating min-max manner. We describe the
training details in section 3.4.

The discrete nature of text samples hinders gradient
back-propagation from the discriminators to the genera-
tor [9]. We address this issue following SeqGAN [35]. The
state is the current produced words and sentences, and the
action is the next word to select. we apply Monte Carlo
search with a roll-out policy to sample the remaining words
until it sees an END token for each sentence and maximal
number of sentences. The roll-out policy is the same with
the generator, elaborated in Section 3.2. The discriminator
is trained by providing true paragraphs from the text corpus
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Figure 3. Illustration of our paragraph generator. Given visual features and local phrases of semantic regions, the paragraph generator is

performed for most T steps to sequentially generate each sentence. At t-th step, the paragraph states hP
t is first updated with the embedding

of preceding sentences by paragraph RNN. Then, the visual attention takes features of semantic regions, current paragraph states hP
t and

previous hidden states hS
t−1 as input to manifest a visual context vector fvt . fvt is then fed into sentence RNN to obtain the encoded topic

vector hS
t and determine whether to generate next sentence. The word RNN with language attention then generates each word.

and synthetic ones from the generator. The generator is up-
dated by employing a policy gradient based on the expected
reward received from the discriminator and the reconstruc-
tion loss for fully-supervised and semi-supervised settings,
defined in Eq. 4. To reduce the variance of the action values,
we run the roll-out policy starting from current state till the
end of the paragraph for five times to get a batch of output
samples. The signals that come from the word prediction
for labeled sentences (defined in Eq. 3)) can be regarded as
the intermediate reward. The gradients are passed back to
the intermediate action value via Monte Carlo search [35].

3.2. Paragraph Generator

Figure 3 shows the architecture of the generator G,
which recurrently retains different levels of context states
with a hierarchy constructed by a paragraph RNN, a sen-
tence RNN, and a word RNN, and two attention modules.
First, the paragraph RNN encodes the current paragraph
state based on all preceding sentences. Second, the spa-
tial visual attention module selectively focuses on semantic
regions with the guidance of current paragraph state to pro-
duce the visual representation of the sentence. The sentence
RNN is thus able to encode a topic vector for the new sen-
tence. Third, the language attention module learns to incor-
porate linguistic knowledge embedded in local phrases of
focused semantic regions to facilitate word generation by
the word RNN.

Region Representation. Given an input image, we
adopt the dense captioning model [13, 16] to detect seman-
tic regions of the image and generate their local phrases.
Each region Rj (j ∈ 1, . . . ,M) has a visual feature vec-
tor vj and a local text phrase (i.e., region captioning) srj =
{wr

j,i} consisting of Nj words. In practice, we use the top

M = 50 regions.
Paragraph RNN. The paragraph RNN keeps track of

the paragraph state by summarizing preceding sentences.
At each t-th step (t = 1, . . . , T ), the paragraph RNN takes
the embedding of generated sentence in previous step as in-
put, and in turn produces the paragraph hidden state hP

t .
The sentence embedding is obtained by simply averaging
over the embedding vectors of the words in the sentence.
This strategy enables our model to support the manipula-
tion of the first sentence to initialize the paragraph RNN
and generate personalized follow-up descriptions.

Sentence RNN with Spatial Visual Attention. The
visual attentive sentence RNN controls the topic of the next
sentence st by selectively focusing on relevant regions of
the image. Specifically, given the paragraph states hP

t from
the paragraph RNN and previous hidden states hS

t−1 of the
sentence RNN, we apply an attention mechanism on the vi-
sual features V = {v1, . . . ,vM} of all semantic regions,
and construct a visual context vector fvt that represents the
next sentence at t-th step:

f
v
t = attv(V,hP

t ,h
S
t−1)

=
M
!

j=1

α(vj ,β(hP
t ,h

S
t−1))

"M
j′=1 α(vj′ ,β(hP

t ,h
S
t−1))

vj

:=
M
!

j=1

ajvj ,

(5)

where β(hP
t ,h

S
t−1) is a linear layer that transforms the con-

catenation of hP
t and hS

t−1 into a compact vector with the
same dimension as vj ; the function α(·) is to compute the
weight of each region and is implemented with a single lin-
ear layer. For notational simplicity, we use aj to denote the
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Figure 2. Our RTT-GAN alternatively optimizes a structured paragraph generator and two discriminators following an adversarial training

scheme. The generator recurrently produces each sentence by reasoning about local semantic regions and preceding paragraph state.

Each synthesized sentence is then fed into a sentence discriminator and a recurrent topic-transition discriminator for assessing sentence

plausibility and topic coherence, respectively. A paragraph description corpus is adopted to provide linguistic knowledge about paragraph

generation, which depicts the true data distribution of the discriminators .

work of our RTT-GAN, then describe detailed model design
of the paragraph generator and the multi-level discrimina-
tors, respectively.

3.1. Adversarial Objective

We construct an adversarial game between the genera-
tor and discriminators to drive the model learning. Specifi-
cally, the sentence and topic-transition discriminators learn
a critic between real and generated samples, while the gen-
erator attempts to confuse the discriminators by generat-
ing realistic paragraphs that satisfy linguistic characteristics
(i.e., sentence plausibility and topic-transition coherence).
The generative neural architecture ensures the paragraph
captures adequate semantic content of the image, which we
describe in detail in the next sections. Formally, let G de-
note the paragraph generator, and let Ds and Dr denote the
sentence and topic-transition discriminators, respectively.

At each time step t, conditioned on preceding sentences
s1:t−1 and local semantic regions V of the image, the gen-
erator G recurrently produces a single sentence st, where
each sentence st = {wt,i} consists of a sequence of Nt

words wt,i (i = 1, . . . ,Nt):

PG(st|s1:t−1,V) =
Nt!

i=1

PG(wt,i|wt,1:i−1, s1:t−1,V). (1)

The discriminators learn to differentiate real sentences ŝ
within a true paragraph P̂ from the synthesized ones st. The
generator G tries to generate realistic visual paragraph by
minimizing against the discriminators’ chance of correctly
telling apart the sample source. As the original GAN [7]
that optimizes over binary probability distance suffers from
mode collapse and instable convergence, we follow the new
Wasserstein GAN [1] method that theoretically remedies
this by minimizing an approximated Wasserstein distance.
The objective of the adversarial framework is written as:

min
G

max
Ds,Dr

L(G,Ds, Dr) =

Eŝ∼pdata(ŝ)

!

Ds(ŝ)
"

− Es1:t∼pG(s1:t|V)

!

Ds(st)
"

+

E
P̂∼pdata(P̂)

!

Dr(P̂)
"

− Es1:t∼pG(s1:t|V)

!

Dr(s1:t)
"

,

(2)

where pdata(ŝ) and pdata(P̂) denote the true data distributions
of sentences and paragraphs, respectively, which are empir-
ically constructed from a paragraph description corpus. The
second line of the equation is the objective of the sentence
discriminator Ds that optimizes a critic between real/fake
sentences, while the third line is the objective of the topic-
transition discriminator Dr. Here pG(s1:t|V) indicates the
distribution of generated sentences by the generator G.

To leverage existing image-paragraph pair dataset in the
supervised setting, or image captioning dataset in the semi-
supervised setting, we also incorporate the traditional word
reconstruction loss for generator optimization, which is de-
fined as:

Lc(G) = −
T"

t=1

Nt"

i=1

logPG(wt,i|wt,1:i−1, s1:t−1,V). (3)

Note that the reconstruction loss is only used for supervised
examples with paragraph annotations, and semi-supervised
examples with single-sentence caption (where we set T =
1). Combining Eqs.(2)-(3), the joint objective for the gen-
erator G is thus:

G∗ = argmin
G

max
Ds,Dr

λL(G,Ds, Dr) + Lc(G), (4)

where λ is the balancing parameter fixed to 0.001 in our
implementation. The optimization of the generator and dis-
criminators (i.e., Eq.(4) and Eq.(2), respectively) is per-
formed in an alternating min-max manner. We describe the
training details in section 3.4.

The discrete nature of text samples hinders gradient
back-propagation from the discriminators to the genera-
tor [9]. We address this issue following SeqGAN [35]. The
state is the current produced words and sentences, and the
action is the next word to select. we apply Monte Carlo
search with a roll-out policy to sample the remaining words
until it sees an END token for each sentence and maximal
number of sentences. The roll-out policy is the same with
the generator, elaborated in Section 3.2. The discriminator
is trained by providing true paragraphs from the text corpus
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Figure 2. Our RTT-GAN alternatively optimizes a structured paragraph generator and two discriminators following an adversarial training

scheme. The generator recurrently produces each sentence by reasoning about local semantic regions and preceding paragraph state.

Each synthesized sentence is then fed into a sentence discriminator and a recurrent topic-transition discriminator for assessing sentence

plausibility and topic coherence, respectively. A paragraph description corpus is adopted to provide linguistic knowledge about paragraph

generation, which depicts the true data distribution of the discriminators .

work of our RTT-GAN, then describe detailed model design
of the paragraph generator and the multi-level discrimina-
tors, respectively.

3.1. Adversarial Objective

We construct an adversarial game between the genera-
tor and discriminators to drive the model learning. Specifi-
cally, the sentence and topic-transition discriminators learn
a critic between real and generated samples, while the gen-
erator attempts to confuse the discriminators by generat-
ing realistic paragraphs that satisfy linguistic characteristics
(i.e., sentence plausibility and topic-transition coherence).
The generative neural architecture ensures the paragraph
captures adequate semantic content of the image, which we
describe in detail in the next sections. Formally, let G de-
note the paragraph generator, and let Ds and Dr denote the
sentence and topic-transition discriminators, respectively.

At each time step t, conditioned on preceding sentences
s1:t−1 and local semantic regions V of the image, the gen-
erator G recurrently produces a single sentence st, where
each sentence st = {wt,i} consists of a sequence of Nt

words wt,i (i = 1, . . . ,Nt):

PG(st|s1:t−1,V) =
Nt!

i=1

PG(wt,i|wt,1:i−1, s1:t−1,V). (1)

The discriminators learn to differentiate real sentences ŝ
within a true paragraph P̂ from the synthesized ones st. The
generator G tries to generate realistic visual paragraph by
minimizing against the discriminators’ chance of correctly
telling apart the sample source. As the original GAN [7]
that optimizes over binary probability distance suffers from
mode collapse and instable convergence, we follow the new
Wasserstein GAN [1] method that theoretically remedies
this by minimizing an approximated Wasserstein distance.
The objective of the adversarial framework is written as:

min
G

max
Ds,Dr

L(G,Ds, Dr) =

Eŝ∼pdata(ŝ)

!

Ds(ŝ)
"

− Es1:t∼pG(s1:t|V)

!

Ds(st)
"

+

E
P̂∼pdata(P̂)

!

Dr(P̂)
"

− Es1:t∼pG(s1:t|V)

!

Dr(s1:t)
"

,

(2)

where pdata(ŝ) and pdata(P̂) denote the true data distributions
of sentences and paragraphs, respectively, which are empir-
ically constructed from a paragraph description corpus. The
second line of the equation is the objective of the sentence
discriminator Ds that optimizes a critic between real/fake
sentences, while the third line is the objective of the topic-
transition discriminator Dr. Here pG(s1:t|V) indicates the
distribution of generated sentences by the generator G.

To leverage existing image-paragraph pair dataset in the
supervised setting, or image captioning dataset in the semi-
supervised setting, we also incorporate the traditional word
reconstruction loss for generator optimization, which is de-
fined as:

Lc(G) = −
T"

t=1

Nt"

i=1

logPG(wt,i|wt,1:i−1, s1:t−1,V). (3)

Note that the reconstruction loss is only used for supervised
examples with paragraph annotations, and semi-supervised
examples with single-sentence caption (where we set T =
1). Combining Eqs.(2)-(3), the joint objective for the gen-
erator G is thus:

G∗ = argmin
G

max
Ds,Dr

λL(G,Ds, Dr) + Lc(G), (4)

where λ is the balancing parameter fixed to 0.001 in our
implementation. The optimization of the generator and dis-
criminators (i.e., Eq.(4) and Eq.(2), respectively) is per-
formed in an alternating min-max manner. We describe the
training details in section 3.4.

The discrete nature of text samples hinders gradient
back-propagation from the discriminators to the genera-
tor [9]. We address this issue following SeqGAN [35]. The
state is the current produced words and sentences, and the
action is the next word to select. we apply Monte Carlo
search with a roll-out policy to sample the remaining words
until it sees an END token for each sentence and maximal
number of sentences. The roll-out policy is the same with
the generator, elaborated in Section 3.2. The discriminator
is trained by providing true paragraphs from the text corpus
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Figure 2. Our RTT-GAN alternatively optimizes a structured paragraph generator and two discriminators following an adversarial training

scheme. The generator recurrently produces each sentence by reasoning about local semantic regions and preceding paragraph state.

Each synthesized sentence is then fed into a sentence discriminator and a recurrent topic-transition discriminator for assessing sentence

plausibility and topic coherence, respectively. A paragraph description corpus is adopted to provide linguistic knowledge about paragraph

generation, which depicts the true data distribution of the discriminators .

work of our RTT-GAN, then describe detailed model design
of the paragraph generator and the multi-level discrimina-
tors, respectively.

3.1. Adversarial Objective

We construct an adversarial game between the genera-
tor and discriminators to drive the model learning. Specifi-
cally, the sentence and topic-transition discriminators learn
a critic between real and generated samples, while the gen-
erator attempts to confuse the discriminators by generat-
ing realistic paragraphs that satisfy linguistic characteristics
(i.e., sentence plausibility and topic-transition coherence).
The generative neural architecture ensures the paragraph
captures adequate semantic content of the image, which we
describe in detail in the next sections. Formally, let G de-
note the paragraph generator, and let Ds and Dr denote the
sentence and topic-transition discriminators, respectively.

At each time step t, conditioned on preceding sentences
s1:t−1 and local semantic regions V of the image, the gen-
erator G recurrently produces a single sentence st, where
each sentence st = {wt,i} consists of a sequence of Nt

words wt,i (i = 1, . . . ,Nt):

PG(st|s1:t−1,V) =
Nt!

i=1

PG(wt,i|wt,1:i−1, s1:t−1,V). (1)

The discriminators learn to differentiate real sentences ŝ
within a true paragraph P̂ from the synthesized ones st. The
generator G tries to generate realistic visual paragraph by
minimizing against the discriminators’ chance of correctly
telling apart the sample source. As the original GAN [7]
that optimizes over binary probability distance suffers from
mode collapse and instable convergence, we follow the new
Wasserstein GAN [1] method that theoretically remedies
this by minimizing an approximated Wasserstein distance.
The objective of the adversarial framework is written as:

min
G

max
Ds,Dr

L(G,Ds, Dr) =

Eŝ∼pdata(ŝ)

!

Ds(ŝ)
"

− Es1:t∼pG(s1:t|V)

!

Ds(st)
"

+

E
P̂∼pdata(P̂)

!

Dr(P̂)
"

− Es1:t∼pG(s1:t|V)

!

Dr(s1:t)
"

,

(2)

where pdata(ŝ) and pdata(P̂) denote the true data distributions
of sentences and paragraphs, respectively, which are empir-
ically constructed from a paragraph description corpus. The
second line of the equation is the objective of the sentence
discriminator Ds that optimizes a critic between real/fake
sentences, while the third line is the objective of the topic-
transition discriminator Dr. Here pG(s1:t|V) indicates the
distribution of generated sentences by the generator G.

To leverage existing image-paragraph pair dataset in the
supervised setting, or image captioning dataset in the semi-
supervised setting, we also incorporate the traditional word
reconstruction loss for generator optimization, which is de-
fined as:

Lc(G) = −
T"

t=1

Nt"

i=1

logPG(wt,i|wt,1:i−1, s1:t−1,V). (3)

Note that the reconstruction loss is only used for supervised
examples with paragraph annotations, and semi-supervised
examples with single-sentence caption (where we set T =
1). Combining Eqs.(2)-(3), the joint objective for the gen-
erator G is thus:

G∗ = argmin
G

max
Ds,Dr

λL(G,Ds, Dr) + Lc(G), (4)

where λ is the balancing parameter fixed to 0.001 in our
implementation. The optimization of the generator and dis-
criminators (i.e., Eq.(4) and Eq.(2), respectively) is per-
formed in an alternating min-max manner. We describe the
training details in section 3.4.

The discrete nature of text samples hinders gradient
back-propagation from the discriminators to the genera-
tor [9]. We address this issue following SeqGAN [35]. The
state is the current produced words and sentences, and the
action is the next word to select. we apply Monte Carlo
search with a roll-out policy to sample the remaining words
until it sees an END token for each sentence and maximal
number of sentences. The roll-out policy is the same with
the generator, elaborated in Section 3.2. The discriminator
is trained by providing true paragraphs from the text corpus
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Table 2. Ablation studies on the effectiveness of key components

in the region-based attention mechanism of our RTT-GAN.

Method METEOR CIDEr

RTT-GAN (Fully- w/o phrase att) 16.08 15.13

RTT-GAN (Fully- w/o att) 15.63 14.47

RTT-GAN (Fully- 10 regions) 14.13 13.26

RTT-GAN (Fully- 20 regions) 16.92 16.15

RTT-GAN (Fully-) 17.12 16.87

The adversarial framework is trained following the
Wasserstein GAN (WGAN) [1] in which we alternate be-
tween the optimization of {Ds, Dr} with Eq.(2) and the op-
timization of G with Eq.(4). In particular, we perform one
gradient descent step on G every time after 5 gradient steps
on {Ds, Dr}. We use minibatch SGD and apply the RM-
Sprop solver [28] with the initial learning rate set to 0.0001.
For stable training, we apply batch normalization [12] and
set the batch size to 1 (i.e., “instance normalization”). In or-
der to make the parameters of Ds and Dr lie in a compact
space, we clamp the weights to a fixed box [−0.01, 0.01]
after each gradient update. In the semi-supervised setting
where only single-sentence captioning for images and stan-
dalone paragraph corpus are available, we set the maximal
number of sentences in the generated paragraph to 6 for all
images. In the fully-supervised setting, the groundtruth sen-
tence number in each visual paragraph is used to train the
sentence-RNN for learning how many sentences are needed.
We train the models to converge for 40 epochs. The imple-
mentations are based on the public Torch7 platform on a
single NVIDIA GeForce GTX 1080.

4. Experiments

4.1. Experimental Settings

To generate a paragraph for an image, we run the para-
graph generator forward until the STOP sentence state is
predicted or after Smax = 6 sentences, whichever comes
first. The word RNN is recurrently forwarded to sam-
ple the most likely word at each time step, and stops af-
ter choosing the STOP token or after Nmax = 30 words.
We use beam search with beam size 2 for generating para-
graph descriptions. Training details are presented in Sec-
tion 3.4, and all models are implemented in Torch plat-
form. In terms of the fully-supervised setting, to make a fair
comparison with the state-of-the-art methods [14, 16], the
experiments are conducted on the public image paragraph
dataset [16], where 14,575 image-paragraph pairs are used
for training, 2,487 for validation and 2,489 for testing. In
terms of semi-supervised setting, our RTT-GAN is trained
with the single sentence annotations provided in MSCOCO
image captioning dataset [2] which contains 123,000 im-
ages. The image-paragraph validation set is used for vali-
dating the semi-supervised paragraph generation. The para-

2) a bicycle parked on the sidewalk

3) man wearing a black shirt

4) a woman wearing a yellow shirt

5) a red and black bike

1) people riding a bike

6) a woman wearing a shirt

Paragraph: A group of people are riding bikes. There are two people
riding bikes parked on the sidewalk. He is wearing a black shirt and
jeans. A woman is wearing a short sleeve yellow shirt and shorts.
There are many other people on the red and black bikes. A woman
wearing a shirt is riding a bicycle.

Figure 4. Visualization of our region-based attention mechanism.

For each sentence generation, RTT-GAN selectively focuses on se-

mantic regions of interest in the spatial visual attention, and atten-

tively leverage the word embeddings of their local phrases to en-

hance the word prediction. In the top row, we illustrate the regions

with highest attention confidences during the spatial visual atten-

tion and its corresponding words (highlighted in red) with highest

attention confidences during the language attention in each step.

graph generation performance is also evaluated on 2,489
paragraph testing samples. For both fully-supervised and
semi-supervised settings, we use the word vocabulary of
image-paragraph dataset as [16] does and the 14,575 para-
graph descriptions on public image paragraph dataset [16]
are adopted as the standalone paragraph corpus for train-
ing discriminators. We report six widely used automatic
evaluation metrics, BLEU-1, BLEU-2, BLEU-3, BLEU-4,
METEOR, and CIDEr. The model checkpoint selection is
based on the best combined METEOR and CIDEr score on
the validation set. Table 1 reports the performance of all
baselines and our models.

4.2. Comparison with the State-of-the-arts

We obtain the results of all four baselines from [16].
Specifically, Sentence-Concat samples and concatenates
five sentence captions from the model trained on MS COCO
captions, in which the first sentence uses beam search and
the rest are samples. Image-Flat [14] directly decodes an
image into a paragraph token by token. Template pre-
dicts the text via a handful of manually specified tem-
plates. And Region-Hierarchical [16] uses a hierarchical
recurrent neural network to decompose the paragraphs into
the corresponding sentences. Same with all baselines, we
adopt VGG-16 net [27] to encode the visual representa-
tion of an image. Note that our RTT-GAN and Region-

Hierarchical [16] use the same dense captioning model [13]
to extract semantic regions. Human shows the results by
collecting an additional paragraph for 500 randomly chosen
images as [16]. As expected, humans produce superior de-
scriptions over any automatic method and the large gaps on
CIDEr and METEOR verify that CIDEr and METEOR met-
rics align better with human judgment than BLEU scores.

Fully-supervised Setting. We can see that our RTT-

GAN (Fully-) model significantly outperforms all base-
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Table 1. The performance comparisons with four state-of-the-arts and the variants of our RTT-GAN on paragraph generation in terms of

six language metrics. The human performance is included for providing a better understanding of all metrics.

Method METEOR CIDEr BLEU-1 BLEU-2 BLEU-3 BLEU-4

Sentence-Concat 12.05 6.82 31.11 15.10 7.56 3.98

Template 14.31 12.15 37.47 21.02 12.03 7.38

Image-Flat [14] 12.82 11.06 34.04 19.95 12.20 7.71

Regions-Hierarchical [16] 15.95 13.52 41.90 24.11 14.23 8.69

RTT-GAN (Semi- w/o discriminator) 12.35 8.96 33.82 17.40 9.01 5.88

RTT-GAN (Semi- w/o sentence D) 11.22 10.04 35.29 19.13 11.55 6.02

RTT-GAN (Semi- w/o topic-transition D) 12.68 12.77 37.20 20.51 12.08 6.91

RTT-GAN (Semi-) 14.08 13.07 39.22 22.50 13.34 7.75

RTT-GAN (Fully- w/o discriminator) 16.57 15.07 41.86 24.33 14.56 8.99

RTT-GAN (Fully-) 17.12 16.87 41.99 24.86 14.89 9.03

RTT-GAN (Semi + Fully) 18.39 20.36 42.06 25.35 14.92 9.21

Human 19.22 28.55 42.88 25.68 15.55 9.66

normalized attentive weight of each region Rj .

Given the visual representation fvt , the sentence RNN is
responsible for determining the number of sentences that
should be in the paragraph and producing a topic vector
of each sentence. Specifically, each hidden state hS

t is
first passed into a linear layer to produce a probability over
the two states {CONTINUE=0, STOP=1} which determine
whether t-th sentence is the last sentence. The updated hS

t

is treated as the topic vector of the sentence.

Word RNN with Language Attention. To generate
meaningful paragraphs relevant to the image, the model is
desired to recognize and describe substantial details such
as objects, attributes, and relationships. The text phrases
of semantic regions that express such local semantics are
leveraged by a language attention module to help with the
recurrent word generation. For example, the word RNN
can conveniently copy precise concepts (e.g., baseball, hel-
met) from the local phrases. Following the copy mecha-
nism [8] firstly proposed in natural language processing,
we selectively incorporate the embeddings of local phrases
based on the topic vector hS

t and preceding word state
hw
t,i−1, i ∈ {1, . . . ,Nt} by the word RNN to generate the

next word representation f lt,i. Since each local phrase srj se-
mantically relates to respective visual feature vj , we thus
reuse the visual attentive weights {aj}Mj=1 to enhance the
language attention. Representing each word with an embed-
ding vector wr

i,j , the language representation f lt,i for each
word prediction at i-th step is formulated as

f
l
t,i = attl(Sr,hS

t ,h
w
t,i−1)

=
M!

j=1

Nj!

i′=1

α(wr
i′,j ,β(h

S
t ,h

w
t,i−1))

"M
j′=1

"Nj′

i′′=1
α(wr

i′′,j′
,β(hS

t ,h
w
t,i′′−1

))
ajw

r
i′,j .

(6)

Given the language representation f lt,i as the input at i-th

step, the word RNN computes a hidden states hw
t,i which is

then used to predict a distribution over the words in the vo-
cabulary. After obtaining all words of each sentence, these
sentences are finally concatenated to form the generated
paragraph.

3.3. Paragraph Discriminators

The paragraph discriminators {Ds, Dr} aim to distin-
guish between real paragraphs and synthesized ones based
on the linguistic characteristics of a natural paragraph de-
scription. In particular, the sentence discriminator Ds eval-
uates the plausibility of individual sentences, while the
topic-transition discriminator Dr evaluates the topic coher-
ence of all sentences generated so far. With such multi-level
assessment, the model is able to generate long yet realistic
descriptions. Specifically, the sentence discriminator Ds is
an LSTM RNN that recurrently takes each word embed-
ding within a sentence as the input, and produces a real-
value plausibility score of the synthesized sentence. The
topic-transition discriminator Dr is another LSTM RNN
which recurrently takes the sentence embeddings of all pre-
ceding sentences as inputs and computes the topic smooth-
ness value of the current constructed paragraph description
at each recurrent step.

3.4. Implementation Details

The discriminators Ds and Dr are both implemented as
a single-layer LSTM with hidden dimension of 512. For the
generator, the paragraph RNN is a single-layer LSTM with
hidden size of 512 and the initial hidden and memory cells
set to zero. Similarly, the sentence RNN and word RNN
are single-layer LSTMs with hidden dimension of 1024 and
512, respectively. Each input word is encoded as a embed-
ding vector of 512 dimension. The visual feature vector vj

of each semantic region has dimension of 4096.
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Outline

q Medical image report generation
q Co-attention, hierarchical generation, multi-task
q Further improvement: retrieval+generation, structured knowledge

q Paragraph description of natural images

q Text generation under control
q Various text properties, granularities, amount of supervision

q All in one toolkit: Texar
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Beyond Image-to-Text Generation

q Controlled Generation of Text [Hu et al., 2017]
q With control over content, attributes, stylistic characteristics, … 
q At sentence / discourse level
q In supervised / unsupervised settings
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Beyond Image-to-Text Generation

q Controlled Generation of Text [Hu et al., 2017]
q With control over content, attributes, stylistic characteristics, … 
q At sentence / discourse level
q In supervised / unsupervised settings

q E.g., Text Style Transfer
[Hu et al., 2017; Yang et al., 2018]

Original: if i could give them a zero star review i would !
Output:   if i can give them a five star review i would ! 

Original: the food is fresh and the environment is good
Output:   the food is bland and the environment is bad

Original:   i thought the movie was too bland and too much 
Output-1:  i guess the movie is too bland and too much
Output-2:  i guess the film will have been too bland 
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Beyond Image-to-Text Generation

q Controlled Generation of Text [Hu et al., 2017]
q With control over content, attributes, stylistic characteristics, … 
q At sentence / discourse level
q In supervised / unsupervised settings

q E.g., Text Style Transfer
[Hu et al., 2017; Yang et al., 2018]

q E.g., Content Manipulation
[Wang, Hu, et al., 2019]
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Beyond Image-to-Text Generation

q Controlled Generation of Text [Hu et al., 2017]
q With control over content, attributes, stylistic characteristics, … 
q At sentence / discourse level
q In supervised / unsupervised settings

q E.g., Text Style Transfer
[Hu et al., 2017; Yang et al., 2018]

q E.g., Content Manipulation
[Wang, Hu, et al., 2019]

q E.g., Conversation Strategy Control
[Tang et al., 2019]

Guide conversation to a target topic: e-books

Agent :   hi how are you doing
Human : not so good . i am really tired 
Agent :   oh i'm sorry to hear
Human : i have a lot of work to do 
Agent :   what kind was it ?
Human : i am writing a chatbot program 
Agent :   interesting . i read about coding from a book
Human:  really
Agent :   i prefer e-books over paperback book
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Outline

q Medical image report generation
q Co-attention, hierarchical generation, multi-task
q Further improvement: retrieval+generation, structured knowledge

q Paragraph description of natural images

q Text generation under control
q Various text properties, granularities, amount of supervision

q All in one toolkit: Texar
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Text Generation Tasks

q Generates natural language from input data or machine representations
q Spans a broad set of natural language processing (NLP) tasks:

Input X
Utterance

English

Document

Structured data

Image/video

Speech

Output Y (Text)
Response

Chinese

Short paragraph

Description

Description

Transcript

Task
Chatbot / Dialog System

Machine Translation

Summarization

Description Generation

Captioning

Speech Recognition
Courtesy: Neubig, 201790



Various (Deep Learning) Techniques

q Various model architectures

E D

A

! " E D

Prior

! "# E D

M

! "

C

E D! "#

E D! "

C0/1

E1

E2

E3

D1

D2

D3

"1
"2
"3

!1

!2
!3

! E
D1

D2

C
"1

"2
0/1

(a) (b) (d)(c)

(e) (f) (g)

E: encoder, D: decoder, C: Classifier, A: attention, Prior: prior distribution, M: memory
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A General-Purpose Text Generation Toolkit
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A General-Purpose Text Generation Toolkit

Hundreds of thousands of lines of code
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A General-Purpose Text Generation Toolkit

With the toolkit

Hundreds of thousands of lines of code
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Texar Overview

q A unified platform aiming to cover many text generation tasks
q Provide the most comprehensive set of well-tailored and ready-to-use modules
q Enable reuse of common components and functionalities
q Standardize design, implementation, and experimentation
q Encourage technique sharing among different tasks

q Based on TensorFlow

q Open-source under Apache License 2.0
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Texar Highlights
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Texar Highlights

Assemble any complex 
model like playing 
building blocks

Modularized 

97



Texar Highlights

Assemble any complex 
model like playing 
building blocks

Modularized Versatile

Supports a large variety of 
applications/models/algor
ithms
…
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Texar Highlights

Assemble any complex 
model like playing 
building blocks

Allows to plug in any 
customized or external 
modules

Modularized Versatile Extensible

Supports a large variety of 
applications/models/algor
ithms
…
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Texar Stack

Applications

Model templates + Config files

Evaluation

Models Data

Decoder

PredictionTraining

Library APIs

Architectures Losses

Embedder Classifier

Memory

. . .

(Seq) MaxLikelihood Adversarial

Rewards Regularize

MonoText PairedText

Dialog Numerical

Trainer

Optimizer

Seq/Episodic RL Agent

lr decay / grad clip / ...

Encoder

Connector Policy QNet RL-related Multi-field/type Parallel

. . . . . .

Executor

. . .

Texar stack
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Module Catalog

Decoder

BasicRNNDecoder

AttentionRNNDecoder

TransformerDecoder

BahdananAttn

LuongAttn

MonotonicAttn

Encoder

UnidirectionalRNNEncoder

BidirectionalRNNEncoder

TransformerEncoder

HierarchicalRNNEncoder

ConvEncoder

Classifier/
Discriminator

RNNClassifier

ConvClassifier

HierarchicalClassifier

Data

MonoText

PairedText

...

MultiAligned

Dialog

Loss

MLE Loss

Adversarial Loss

(Sequence) Cross-entropy

…

Binary Adversarial Loss

…

RL Agent

Seq RL Agent

Numerical

Connector

MLPTransformer

Stochastic

...

ReparameterizedStochastic

Concat

Forward

Optimization

Optimizer

Learning Rate Decay

…

Adam/SGD/…

Piecewise/Exp/…

Model architecture

Model loss Trainer Data

. . .

Rewards

…

…

…

Embedder

WordEmbedder
(one-hot / soft)

PositionEmbedder

…

Parametrized 

Sinusoids
…

Greedy/Sample/BeamSearch/
GumbelSoftmax/… Decoding

Seq Policy Gradient Agent

…

Episodic RL Agent

Policy Gradient Agent

…

DQN Agent

Actor-critic Agent

. . .
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Example: Build a sequence-to-sequence model
  
 1 # Read data 

2 dataset = PairedTextData(data_hparams) 
3 batch = DataIterator(dataset).get_next() 
4  
5 # Encode 
6 embedder = WordEmbedder(dataset.vocab.size, hparams=embedder_hparams) 
7 encoder = TransformerEncoder(hparams=encoder_hparams) 
8 enc_outputs = encoder(embedder(batch['source_text_ids']),  
9                      batch['source_length']) 

10  
11 # Decode 
12 decoder = AttentionRNNDecoder(memory=enc_outputs, 
13                               hparams=decoder_hparams) 
14 outputs, length, _ = decoder(inputs=embedder(batch['target_text_ids']), 
15                           seq_length=batch['target_length']-1) 
16  
17 # Loss 
18 loss = sequence_sparse_softmax_cross_entropy( 
19   labels=batch['target_text_ids'][:,1:], logits=outputs.logits, seq_length=length) 
20  

1 source_embedder: WordEmbedder 
2 source_embedder_hparams: 
3   dim: 300 
4 encoder: UnidirectionalRNNEncoder 
5 encoder_hparams: 
6   rnn_cell: 
7     type: BasicLSTMCell 
8     kwargs: 
9       num_units: 300 

10     num_layers: 1 
11     dropout: 
12       output_dropout: 0.5 
13       variational_recurrent: True 
14 embedder_share: True 
15 decoder: AttentionRNNDecoder 
16 decoder_hparams: 
17   attention: 
18     type: LuongAttention 
19 beam_search_width: 5 
20 optimization: … 

 
 (1) Customize model template 
via a YAML config file

(2) Program with Texar Python Library APIs
102



Resources

q Website: https://texar.io
q GitHub: https://github.com/asyml/texar
q Examples: https://github.com/asyml/texar/blob/master/examples
q Documentation: https://texar.readthedocs.io/
q Blog: https://medium.com/@texar
q Tech report: https://arxiv.org/pdf/1809.00794.pdf
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Summary

q Medical image report generation
q Cross modalities: images, text, graphs 
q Structured long text generation: retrieval/gen; hierarchical 
q Integrating medical knowledge

q Paragraph description of natural images

q Text generation under control
q Various text properties, granularities, amount of 

supervision

q All in one toolkit: Texar

Table 2. Ablation studies on the effectiveness of key components

in the region-based attention mechanism of our RTT-GAN.

Method METEOR CIDEr

RTT-GAN (Fully- w/o phrase att) 16.08 15.13

RTT-GAN (Fully- w/o att) 15.63 14.47

RTT-GAN (Fully- 10 regions) 14.13 13.26

RTT-GAN (Fully- 20 regions) 16.92 16.15

RTT-GAN (Fully-) 17.12 16.87

The adversarial framework is trained following the
Wasserstein GAN (WGAN) [1] in which we alternate be-
tween the optimization of {Ds, Dr} with Eq.(2) and the op-
timization of G with Eq.(4). In particular, we perform one
gradient descent step on G every time after 5 gradient steps
on {Ds, Dr}. We use minibatch SGD and apply the RM-
Sprop solver [28] with the initial learning rate set to 0.0001.
For stable training, we apply batch normalization [12] and
set the batch size to 1 (i.e., “instance normalization”). In or-
der to make the parameters of Ds and Dr lie in a compact
space, we clamp the weights to a fixed box [−0.01, 0.01]
after each gradient update. In the semi-supervised setting
where only single-sentence captioning for images and stan-
dalone paragraph corpus are available, we set the maximal
number of sentences in the generated paragraph to 6 for all
images. In the fully-supervised setting, the groundtruth sen-
tence number in each visual paragraph is used to train the
sentence-RNN for learning how many sentences are needed.
We train the models to converge for 40 epochs. The imple-
mentations are based on the public Torch7 platform on a
single NVIDIA GeForce GTX 1080.

4. Experiments

4.1. Experimental Settings

To generate a paragraph for an image, we run the para-
graph generator forward until the STOP sentence state is
predicted or after Smax = 6 sentences, whichever comes
first. The word RNN is recurrently forwarded to sam-
ple the most likely word at each time step, and stops af-
ter choosing the STOP token or after Nmax = 30 words.
We use beam search with beam size 2 for generating para-
graph descriptions. Training details are presented in Sec-
tion 3.4, and all models are implemented in Torch plat-
form. In terms of the fully-supervised setting, to make a fair
comparison with the state-of-the-art methods [14, 16], the
experiments are conducted on the public image paragraph
dataset [16], where 14,575 image-paragraph pairs are used
for training, 2,487 for validation and 2,489 for testing. In
terms of semi-supervised setting, our RTT-GAN is trained
with the single sentence annotations provided in MSCOCO
image captioning dataset [2] which contains 123,000 im-
ages. The image-paragraph validation set is used for vali-
dating the semi-supervised paragraph generation. The para-

2) a bicycle parked on the sidewalk

3) man wearing a black shirt

4) a woman wearing a yellow shirt

5) a red and black bike

1) people riding a bike

6) a woman wearing a shirt

Paragraph: A group of people are riding bikes. There are two people
riding bikes parked on the sidewalk. He is wearing a black shirt and
jeans. A woman is wearing a short sleeve yellow shirt and shorts.
There are many other people on the red and black bikes. A woman
wearing a shirt is riding a bicycle.

Figure 4. Visualization of our region-based attention mechanism.

For each sentence generation, RTT-GAN selectively focuses on se-

mantic regions of interest in the spatial visual attention, and atten-

tively leverage the word embeddings of their local phrases to en-

hance the word prediction. In the top row, we illustrate the regions

with highest attention confidences during the spatial visual atten-

tion and its corresponding words (highlighted in red) with highest

attention confidences during the language attention in each step.

graph generation performance is also evaluated on 2,489
paragraph testing samples. For both fully-supervised and
semi-supervised settings, we use the word vocabulary of
image-paragraph dataset as [16] does and the 14,575 para-
graph descriptions on public image paragraph dataset [16]
are adopted as the standalone paragraph corpus for train-
ing discriminators. We report six widely used automatic
evaluation metrics, BLEU-1, BLEU-2, BLEU-3, BLEU-4,
METEOR, and CIDEr. The model checkpoint selection is
based on the best combined METEOR and CIDEr score on
the validation set. Table 1 reports the performance of all
baselines and our models.

4.2. Comparison with the State-of-the-arts

We obtain the results of all four baselines from [16].
Specifically, Sentence-Concat samples and concatenates
five sentence captions from the model trained on MS COCO
captions, in which the first sentence uses beam search and
the rest are samples. Image-Flat [14] directly decodes an
image into a paragraph token by token. Template pre-
dicts the text via a handful of manually specified tem-
plates. And Region-Hierarchical [16] uses a hierarchical
recurrent neural network to decompose the paragraphs into
the corresponding sentences. Same with all baselines, we
adopt VGG-16 net [27] to encode the visual representa-
tion of an image. Note that our RTT-GAN and Region-

Hierarchical [16] use the same dense captioning model [13]
to extract semantic regions. Human shows the results by
collecting an additional paragraph for 500 randomly chosen
images as [16]. As expected, humans produce superior de-
scriptions over any automatic method and the large gaps on
CIDEr and METEOR verify that CIDEr and METEOR met-
rics align better with human judgment than BLEU scores.

Fully-supervised Setting. We can see that our RTT-

GAN (Fully-) model significantly outperforms all base-
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