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Figure 2: The model for our proposed Clinically Coherent Reward . Images are first en-
coded into image embedding maps, and a sentence decoder takes the pooled embedding to
recurrently generate topics for sentences. The word decoder then generates the sequence
from the topic with attention on the original images. NLG reward, clinically coherent
reward, or combined, can then be applied as the reward for reinforcement policy learning.

(2017) used boosting methods, Lu et al. (2017) employed adaptive attention, and Rennie
et al. (2017) introduced reinforcement learning as a method for fine-tuning generated text.
Devlin et al. (2015) performed surprisingly well using a K-nearest neighbor method. They
observed that since most of the true captions were simple, one-sentence scene descriptions,
there was significant redundancy in the dataset.

2.3. Radiology Report Generation

Multiple recent works have explored the task of radiology report generation. Zhang et al.
(2018) used a combination of extractive and abstractive techniques to summarize a radiology
report’s findings to generate an impression section. Due to limited text training data, Han
et al. (2018) relied on weak supervision for a Recurrent-GAN and template-based framework
for MRI report generation. Gale et al. (2018) uses an RNN to generate template-generated
text descriptions of pelvic X-rays.

More comparable to this work, Wang et al. (2018) used a CNN-RNN architecture with
attention to generate reports that describe chest X-rays based on sequence decoder losses
on the generated report. Li et al. (2018) generated chest X-ray reports using reinforcement
learning to tune a hierarchical decoder that chooses (for each sentence) whether to use an
existing template or to generate a new sentence, optimizing the language fluency metrics.

3. Methods

In this work we opt to focus on generating the findings section as it is the most direct anno-
tation from the radiological images. First, we introduce the hierarchical generation strategy
with a CNN-RNN-RNN architecture, and later we propose novel improvements that render
the generated reports more clinically aligned with the true reports. Full implementation
details, including layer sizes, training details, etc., are presented in the Appendix, Section A.

3.1. Hierarchical Generation via CNN-RNN-RNN

As illustrated in Figure 2, we aim to generate a report as a sequence of sentences Z =
(z1, . . . , zM ), where M is the number of sentences in a report. Each sentence consists of a
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• A radiology report requires language fluency and 
clinical accuracy to be clinically helpful


• Previous works only focused on optimizing language 
metrics such as log-likelihood and CIDEr


• We propose a novel reward CCR to be used in 
reinforcement learning scenario to achieve both goals 
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Major class

Noise-RNN: Simple RNN language model with random initial state
1-NN: The report of the most similar CXR in the training set 

TieNet: Trained with text decoder and classification loss

Ours (NLG): Ours, but leaves only the NLG reward for language fluency

Ours (CCR): Ours, but leaves only the CCR reward for clinical accuracy
Ours (full): Ours with all the bells and whistles

† This chart corresponds to Table 2 in our paper
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Ground Truth TieNet Ours (full)

cardiomegaly is moderate. bibasilar atelectasis is
mild. there is no pneumothorax. a lower cervical
spinal fusion is partially visualized. healed right
rib fractures are incidentally noted.

ap portable upright view of the chest.
there is no focal consolidation, e↵usion, or
pneumothorax. the cardiomediastinal
silhouette is normal. imaged osseous
structures are intact.

pa and lateral views of the chest.
there is mild enlargement of the
cardiac silhouette. there is no pleural
e↵usion or pneumothorax. there is no
acute osseous abnormalities.

as compared to the previous radiograph, the
monitoring and support devices are unchanged.
unchanged bilateral pleural e↵usions, with a
tendency to increase, and resultant areas of
atelectasis. the air collection in the bilateral soft
tissues is slightly decreased. unchanged right picc
line. no definite evidence of pneumothorax.

as compared to the previous radiograph,
the patient has received a nasogastric
tube. the course of the tube is
unremarkable, the tip of the tube projects
over the middle parts of the stomach.
there is no evidence of complication,
notably no pneumothorax. the other
monitoring and support devices are
constant. constant appearance of the
cardiac silhouette and of the lung
parenchyma.

as compared to the previous
radiograph, there is no relevant
change. tracheostomy tube is in place.
there is a layering pleural e↵usions.
NAME bilateral pleural e↵usion and
compressive atelectasis at the right
base. there is no pneumothorax.

the course of the dobbho↵ feeding catheter is
unremarkable, and its tip is seen projecting over
the stomach. there is no evidence of
complications, specifically no pneumothorax. as
compared to the prior radiograph dated DATE,
there has been no other significant interval
change.

ap portable upright view of the chest.
overlying ekg leads are present. there is no
focal consolidation, e↵usion, or
pneumothorax. the cardiomediastinal
silhouette is normal. imaged osseous
structures are intact.

as compared to the previous
radiograph, there is no relevant
change. the endotracheal tube
terminates approximately 3 cm above
the NAME. the endotracheal tube
extends into the stomach. there is no
evidence of complications, notably no
pneumothorax. there is no pleural
e↵usion or pneumothorax.

interval placement of a left basilar pigtail chest
tube with improving aeration in the left mid to
lower lung and near complete resolution of the
pleural e↵usion. there are residual patchy
opacities within the left mid and lower lung as well
as at the right base favoring resolving atelectasis.
no pneumothorax is appreciated on this semi
upright study. heart remains stably enlarged.
mediastinal contours are stably widened, although
this NAME be related to portable technique and
positioning. this can be better evaluated on
followup imaging. no pulmonary edema.

as compared to the previous radiograph,
the patient has been extubated. the
nasogastric tube is in unchanged position.
the lung volumes remain low. moderate
cardiomegaly with minimal fluid overload
but no overt pulmonary edema. no larger
pleural e↵usions. no pneumonia.

ap upright and lateral views of the
chest. there is moderate cardiomegaly.
there is no pleural e↵usion or
pneumothorax. there is no acute
osseous abnormalities.

Table 4: Sample images along with ground truth and generated reports. Note that upper
case tokens are results of anonymization.

di�culty identifying some specific lines such as chest tube or PICC line. Similarly, both
systems do not generate the sentence with positive lung parenchymal findings correctly.

From this (small) sample, we are unable to draw a conclusion whether our model or
TieNet truly outperforms the other since both present with significant issues and each has
strengths the other lacks. Critically, neither of them can describe the majority of the findings
in the chest radiograph well, especially for positive cases, even if the quantitative metrics
demonstrate the reasonable performance of the models. This illustrates that significant

progress is still needed in this domain, perhaps building on the directions we explore here
before these techniques could be deployed in a clinical environment.

Learning Meaningful Attention Maps Attention maps have been a useful tool in
visualizing what a neural network is attending to, as demonstrated by Rajpurkar et al.
(2017). Figure 3 shows the intermediate attention maps for each word when it is being
generated. As we can observe, the model is able to roughly capture the location of the
indicated disease or parts, but we also find, interestingly, that the attention map tends
to be the complement of the actual region of interest when the disease keywords follow
a negation cue word. This might indicate that the model is actively looking at the rest
of the image to ensure it does not miss any possible symptoms exhibited before asserting
disease-free states. This behavior has not been widely discussed before, partially because
attention maps for negations are not the primary focus of typical image captioning tasks,
and most attention mechanisms employed in a clinical context were on classification tasks
where they also do not speficically focus on negations.
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Sample CXR Images and Reports

• Image Encoder CNN (DenseNet-121) first encodes the image as 
image embedding map


• Sentence Decoder RNN then generates the sentence topics and 
stop signals


• Word Decoder RNN generates words dependent on the topic, 
image embedding map, and averaged image embedding by 
the visual sentinel model which uses attention

References [TieNet] Wang et al. TieNet: Text-image embedding network for common 
thorax disease classification and reporting in chest X-rays. In CVPR, 2018.

[Visual Sentinel] Lu et al. Knowing when to look: Adaptive attention via a 
visual sentinel for image captioning. In CVPR 2017. 

Overview

Reinforcement Learning

• Clinically Coherent Reward evaluates the concordance of 
disease labels between the generated and true reports
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3.3. Novel Reward for Clinically Accurate Reinforcement Learning

One major downside with the approach outlined so far, unfortunately, is that in the clinical
context, aiming for a good automatic metric such as CIDEr is not enough to correctly char-
acterize the disease states. Negative judgments on diseases are critical components of the
reports, by which radiologist indicates that the patient might not have those diseases that
were of concern and among the reasons for the examination. Li et al. (2018) indicated that
a good portion of chest X-ray reports are heavily templated in patterns such as no pneu-

mothorax or pleural e↵usion; the lungs are clear ; or no focal consolidation, pneumothorax

or large pleural e↵usion. These patterns also suggest that most patients are disease-free,
hence the signal of positive mentions of disease will be sparse.

Simply optimizing the automatic LG metrics may misguide the model to mention only
the disease names as opposed to correctly positively/negatively describe the disease states.
For example, if the ground truth report reads no pleural e↵usion, the models would prefer
the text mild pleural e↵usion over unrelated text or even an empty string, which means
intelligent optimization systems could game these metrics at the expense of clinical accuracy.

We hence propose using a Clinically Coherent Reward (CCR), which utilizes a rule-
based disease mention annotator , CheXpert (Irvin et al., 2019), to optimize our generated
report for clinical e�cacy directly. CheXpert performs classification on 12 types of thoracic
diseases or X-ray related diagnoses. The mentions for support devices are also labeled.
For each label type t, there are four possible outcomes for the labeling: (1) positive, (2)
negative, (3) uncertain, or (4) absent mention; or, lt(Z) 2 {p, n, u, a}. This outcome can be
used to model the positive/negative disease state st 2 {+,�} as st ⇠ ps|l(·|lt(Z)), the value
of which will be discussed further later. CCR is then defined, dropping the subscripts for
distribution for convenience, as

rCCR(Z,Z
⇤) =

X

t

rCCR,t(Z,Z
⇤) ⌘

X

t

X

s2{+,�}

p(s|lt(Z)) · p(s|lt(Z⇤)), (1)

aiming to maximize the correlation of distribution over disease states between the generated
text Z and the ground truth text Z⇤. Unfortunately, as the true diagnostic state s of novel
reports is unknown, we need to make several assumptions regarding the performance of the
rule based labeler, allowing us to infer the necessary conditional probabilities p(s|l).

To motivate these assumptions, first note that these diseases are universally rare, or,
p(+) ⌧ p(�). Presuming the rule based labeler has any discriminative power, we can
thus conclude that if the labeler assigns a negative or an absent label (l� is one of {n, a}),
p(+|l�) < p(+)⌧ p(�) < p(�|l�). For su�ciently rare conditions, a reasonable assumption
and simplification is to therefore take p(+|l�) ⇡ 0 and p(�|l�) ⇡ 1. We further assume
that the rule based labeler has a very high precision, and thus p(+|p) ⇡ 1. However, given
an uncertain mention u, the desired output probabilities are di�cult to assess. As such, we
define a reward-specific hyperparameter �u ⌘ p(+|u), which in this work we take to be 0.5.
All of these assumptions could be easily adjusted, but they perform well for us here.

We also wish to use a baseline for the reward rCCR. Instead of using a single exponential
moving average (EMA) over the total reward, we apply EMA separately to each term as

LCCR(✓) = �E(u,Z)⇠p✓(u,Z)

"
X

t

rCCR,t(Z,Z
⇤)� r̄CCR,t

#
, (2)

where r̄CCR,t is an EMA over rCCR,t updated as r̄CCR,t  �r̄CCR,t + (1� �)rCCR,t(Z,Z⇤).
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inner product of 
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• The model is (A) first trained with conventional decoder log-
likelihood (teacher forcing), (B) then fine-tuned with REINFORCE

• REINFORCE approximates the gradient based on how much 
more reward the current model has over the baseline
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sequence of words zi = (zi1, . . . , ziNi) with words from a vocabulary zij 2 V, where Ni is
the number of words in sentence i.

The image is fed through the image encoder CNN to obtain a visual feature map. The
feature is then taken by the sentence decoder RNN to recurrently generate vectors that
represent the topic for each sentence. With the visual feature map and the topic vector, a
word decoder RNN tries to generate a sequence of words and attention maps of the visual
features. This hierarchical approach is in line with Krause et al. (2017) where they generate
descriptive paragraphs for an image.

Image encoder CNN The input image I is passed through a CNN head to obtain
the last layer before global pooling, and the feature is then projected to an embedding
of dimensionality d, which is identical to the word embedding dimension. The resulting
map V = {vk}Kk=1

of spatial image features will be descriptive features for di↵erent spatial
locations of an image. A mean visual feature is obtained by averaging all local visual
features v̄ = 1

K

P
k vk.

Sentence decoder RNN Given the mean visual feature v̄, we adopt Long-Short Term
Memory (LSTM) and model the hidden state as hi,mi = LSTM(v̄;hi�1,mi�1), where
hi�1 and mi�1 are the hidden state vector and the memory vector for the previous sentence
(i� 1) respectively. From the hidden state hi, we further generate two components, namely
the topic vector ⌧ i and the stop signal ui for the sentence, as ⌧ i = ReLU

�
W>

⌧ hi + b⌧
�

and ui = �
�
w>

u hi + bu
�
, where W’s and b’s are trainable parameters, and � is the sigmoid

function. The stop signal acts as as the end-of-sentence token. When u > 0.5, it indicates
the sentence decoder RNN should stop generating the next sentence.

Word decoder RNN After we decode the sentence topics, we can start to decode the
words given the topic vector ⌧ i. For simplicity, we drop the subscript i as this process
applies to all sentences. We adopted the visual sentinel (Lu et al., 2017) that modulates the
feature map V with a sentinel vector. The hidden states and outputs are again modeled
with LSTM, generating the posterior probability pj over the vocabulary with (1) the mean
visual feature v̄, (2) the topic vector ⌧ , and (3) the embedding of the previously generated
word ej�1 = Ezj�1 , where E 2 Rd⇥|V| is the trainable word embedding matrix. At training
time, the next word is sampled from the probability zj ⇠ p(z | ·) = (pj)z, or the z-th
element of pj .

This formulation enables the model to look at di↵erent parts on the image while having
the option of “looking away” at a sentinel vector. Note that this hierarchical encoder-
decoder CNN-RNN-RNN architecture is fully di↵erentiable.

3.2. Reinforcement Learning for Readability

As Rennie et al. (2017) showed, the automatic NLG metric CIDEr (Vedantam et al., 2015) is
superior to other metrics such as BLEU (Papineni et al., 2002), and ROUGE (Lin, 2004). We
consider the case of self-critical sequence training (SCST) (Rennie et al., 2017) which utilizes
REINFORCE (Williams, 1992) algorithm, and minimize the negative expected reward as a
function of the network parameters ✓, as LNLG(✓) = �E(u,Z)⇠p✓(u,Z)[rNLG(Z,Z⇤)� rNLG(Zg,Z⇤)],
where p✓ is the distribution over output spaces, rNLG is a metric evaluation function acting
as a reward function that takes a sampled report Z and a ground truth report Z⇤. The
baseline in SCST has been replaced with the reward obtained with testing time greedily
decoded report Zg.
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CIDEr score greedily generated reportlosses to minimize

Generated Reports and Attention Maps
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ap upright and lateral views of the chest. there is 
moderate cardiomegaly. there is no pleural effusion
or pneumothorax. there is no acute osseous 
abnormalities.

as compared to the previous radiograph, there is no 
relevant change. tracheostomy tube is in place. 
there is a layering pleural effusions. NAME 
bilateral pleural effusion and compressive atelectasis
at the right base. there is no pneumothorax.

(a) (b)

Figure 3: Visualization of the generated report and image attention maps. Di↵erent
words are underlined with its corresponding attention map shown in the same color.
Best viewed in color.

6. Conclusion

6.1. Limitations & Future Work

Our work has several notable limitations and opportunities for future work. First and
foremost, the post-processing step required to remove repeated sentences is an ugly necessity,
and we endeavor to remove it in future iterations of this work. Promising techniques exist
in NLG for the inclusion of greater diversity, which warrant further investigation here.

Secondly, our model operates using images in isolation, without consideration of whether
these images are part of a series of ordered radiographs for a single patient, which might
be summarized together. Using all available information has the potential to improve the
quality of the generated reports, and should definitely be investigated further.

Lastly, we note that though our model yields very strong performance for CheXpert
precision, its recall is much worse. Recall versus precision is favored to di↵erent degrees
in di↵ering clinical contexts. For example, for screening purpose, recall (sensitivity) is an
ideal metric since the healthy cases usually won’t give positive findings. However, precision
(positive predictive value) is much more critical for validating the clinical impression, which
is common in an ICU setting where patients receive a radiological study on the basis of strong
clinical suspicion. We believe that our system’s poor recall is a direct result of the setup of
our RL models and the CCR reward, which optimizes for accuracy and inherently boosts
precision. It is the choice of optimization objectives that lead to the results. Depending on
the actual clinical applications, we may, in turn, optimize Recall at Fixed Precision (R@P)
or F� score via methods described by Eban et al. (2016).

6.2. Reflections on Trends in the Field

In the course of this work, we also encounter several other larger points which are present
not only in our study but also in many related studies in this domain and warrant further
thought by the community.

System Generalizability CheXpert used in our models is rule-based, which is harder
to generalize to other datasets and to identify the implicit features inside the language
patterns. CheXpert is also specialized in English and would require considerable work to
re-code its rules for other natural languages. A more universal approach for subsequent
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• CCR proves to increase clinical efficacy without 
sacrificing language metrics


• Attention maps are generated as a byproduct, 
showing interesting patterns for disease negations
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