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Abstract
We propose CXR-RePaiR: a retrieval-based

radiology report generation approach using a
pre-trained contrastive language-image model.
Our method generates clinically accurate re-
ports on both in-distribution and out-of-
distribution data. CXR-RePaiR outperforms
or matches prior report generation methods on
clinical metrics, achieving an average F1 score
of 0.352 (∆ + 7.98%) on an external radiology
dataset (CheXpert). Further, we implement a
compression approach used to reduce the size of
the reference corpus and speed up the runtime
of our retrieval method. With compression, our
model maintains similar performance while pro-
ducing reports 70% faster than the best gen-
erative model. Our approach can be broadly
useful in improving the diagnostic performance
and generalizability of report generation models
and enabling their use in clinical workflows.

Keywords: free-text report generation, re-
trieval, contrastive language-image pre-training

1. Introduction

The automated generation of free-text radiology re-
ports can provide highly interpretable information for
doctors, and it has the potential to improve patient
care and reduce radiologist workload (Johnson et al.,
2019; Chen et al., 2020). Previous methods have
shown promising performance in metrics that mea-
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sure descriptive accuracy (Jing et al., 2018b; Chen
et al., 2020), but these systems can fail to produce
complete, consistent, and clinically accurate reports
(Miura et al., 2021). Developing methods that in-
clude relevant, correct, and clear information in re-
ports is critical in order for automated report gener-
ation deployment to advance patient care (Hartung
et al., 2020; Boag et al., 2020).

In this work, we examine whether we can use self-
supervised learning to improve over the best previous
methods for report generation. Self-supervised con-
trastive learning can take advantage of unstructured
text data to learn state-of-the-art (SOTA) image rep-
resentations through the pre-training task of predict-
ing image-text pairs (Radford et al., 2021). This pro-
cess can be applied to the setting of free-text radi-
ology report generation, where there is an analogous
setup of unstructured text and corresponding images.

We develop Contrastive X-ray-Report Pair Re-
trieval (CXR-RePaiR), a retrieval-based radiology re-
port generation method that uses contrastive lan-
guage image pre-training (CLIP). The novelty of our
approach is the use of learned X-ray report pair rep-
resentations to facilitate the retrieval of unstructured
free-text radiology reports. We frame the problem
of report generation as a retrieval task instead of
an image captioning, language generation task in or-
der to take advantage of highly generalizable zero-
shot learning as well as the limited space of possi-
ble findings and diagnoses in reports. Specifically,
our method uses a CLIP model trained on chest X-
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Figure 1: CXR-RePaiR approach. Reports or
report sentences from a large corpus are
passed through a pre-trained text encoder,
and the input chest X-ray is similarly
passed through a pre-trained image en-
coder. We generate a prediction by se-
lecting the report that maximizes the sim-
ilarity between the text and image embed-
dings. The predicted and ground truth re-
ports are then passed through a labeler and
performance scores are computed.

ray-report pairs to rank the similarity between a test
dataset of X-rays and a large corpus of reports.

Our method either outperforms or matches the
previous SOTA in clinical efficacy (CE) metrics on
both the internal dataset (MIMIC-CXR) and an ex-
ternal dataset (CheXpert). In particular, our model
has better diagnostic performance over the previous
SOTA on the CheXpert dataset with an average F1

score of 0.352 (∆+ 7.98%). The benefits of our work
over the previous SOTA methods are twofold; (1) we
use learned chest X-ray representations that are gen-
eral and robust to match against a large corpus of
reports; (2) our use of retrieval takes advantage of
the bounded possibility of described diagnoses. We
expect that our method can be broadly useful in im-

proving the diagnostic performance and generability
of report generation models and enabling the use of
these systems in clinical workflows.

2. Related Work

Previous approaches have structured automated ra-
diology report generation as an image-captioning
task (Wang et al., 2018; Yuan et al., 2019). Neu-
ral image-to-text radiology report generation mod-
els have made use of an image-encoder, text-decoder
structure (Wang et al., 2018). Yuan et al. (2019)
use a stacked CNN-LSTM structure to produce re-
ports. More recent approaches utilize Transformer
decoders (Chen et al., 2020) and attention-based en-
coders (Cornia et al., 2020).

Recent works by Jing et al. (2018a), Miura et al.
(2021), Gale et al. (2018), and Liu et al. (2019) have
found that the task of report generation has unique
challenges that are not effectively addressed by naive
encoder-decoder structures. Radiology reports are
longer than typical few sentence summaries produced
by image captioning models. Further, the evaluation
of generated reports must determine whether disease
findings are correctly captured, which may contra-
dict whether the generation uses the same sequence
of words as a radiologist (Gale et al., 2018).

New models are being developed to address these
unique attributes of radiology report generation (Liu
et al., 2019). One technique is to generate reports in
a staged text generation procedure (Liu et al., 2019;
Nooralahzadeh et al., 2021). In this setup, an image
encoder CNN is used to create a hidden representa-
tion of the image. Then, a decoder model is used
to determine the high-level entities that the report
should contain. Finally, a decoder produces the in-
dividual sentences from these entities. Yuan et al.
(2019) uses a CNN encoder and a hierarchy of LSTM
models to extract sentence states and subsequently
words from these sentence states. Some works con-
sider more complex methodologies, including a hybrid
approach that has a reinforcement-learning trained
model that decides when to use a templated report
or a generated report (Li et al., 2018), and a graph-
neural-network architecture that includes a knowl-
edge graph of disease relationships (Zhang et al.,
2020b). While the top-performing prior methods still
rely on text generation, we propose a method that ad-
dresses the unique properties of report generation by
framing the problem as a retrieval task.
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Previous works have found that conventional nat-
ural language generation (NLG) metrics may be in-
sufficient for the domain of radiology reports. In
image captioning and translation, models are eval-
uated by NLG metrics such as BLEU and METEOR
which measure the models’ ability to match words
and phrases. However, these metrics may not be
as useful in the task of report generation. Boag
et al. (2020) found that a random retrieval model
achieved NLG scores better than an n-gram model,
yet performed worse on clinical accuracy. While NLG
metrics indicate similarity of vocabulary and phrase
structure, the clinical accuracy metric measures the
model’s ability to produce a report with the correct
diagnosis (Boag et al., 2020; Chen et al., 2020; Miura
et al., 2021). However, reports contain more valu-
able information than just the binary labels across
pathologies, so Zhang et al. (2020a) introduced the
BERTScore metric in which the semantic similar-
ity of sentence pairs is measured. In our work, for
completeness, we consider a popular clinical accuracy
metric using a state-of-the-art report labeler, a pro-
posed metric to evaluate the semantic similarity, and
a traditional NLG metric. We also analyze the rel-
ative utility of CE and NLG metrics using example
generations.

3. Methods

3.1. Report Generation Using Contrastive
Language-Image Pre-training

We define the problem of image-to-text radiology re-
port generation as a retrieval task using a corpus of
reports R = {r1, ..., rn}. For an input chest X-ray
x, we generate a predicted report p̂ from the cor-
pus R. The predicted report p̂ consists of either a
report r ∈ R or a combination of report sentences
s1, ..., sk ∈ S(R), where S(R) is the set of all sen-
tences in R. Our method CXR-RePaiR-R returns p̂
as the report in R that maximizes f(r, x), where f
is the CLIP model scoring function. Separately, our
method CXR-RePaiR-k returns p̂ as the top k sen-
tences in S(R) that maximize f(s, x).

The CLIP model passes r (or s) through a text
encoder g to produce a text embedding T . Sim-
ilarly, it passes x through an image encoder h to
produce an image embedding I. We then compute
the similarity score f(r, x) = g(r) · h(x) = T · I (or
f(s, x) = g(s) · h(x) for sentences). We use a CLIP
model first pre-trained on natural image-text pairs

and subsequently trained on radiology report-image
pairs. In these training phases, the model is trained
to produce higher dot-product similarity values for
image-text pairs of the same instance, and low dot-
product values for pairs of separate instances.

Figure 1 details the report generation and evalua-
tion process.

3.2. CXR-RePaiR Sentence Selection

As we later discuss in Section 6.3, the number of sen-
tences in S(R) that we want to return as p̂ may vary
depending on the contents of the predicted sentences.
For example, if argmaxs∈S(R) f(s, x) is a sentence
that describes no finding, then it may be disadvan-
tageous to return a final report with lots of other
sentences. To counteract this potential issue, we de-
velop a method CXR-RePaiR-Select that selects for a
varying number of sentences to include in the final re-
port. Specifically, we feed argmaxs∈S(R) f(s, x) into
the CheXbert labeler (Smit et al., 2020), which out-
puts diagnostic predictions for the sentence. If the
prediction includes no finding, then p̂ is chosen to
be argmaxs∈S(R) f(s, x). Otherwise, p̂ is the top k
sentences that maximize f(s, x).

3.3. Corpus Generation

We consider corpus generation from both reports (R)
as well as individual sentences from reports (S(R)).
We hypothesize that generating the predicted report
p̂ by combining sentences in S(R) rather than using
a single full report in R will result in more effective
retrieval as it increases the prediction space.

3.4. Baselines

We compare our method to two report generation
studies: R2Gen (Chen et al., 2020) and M2 Trans1

(Miura et al., 2021). These methods were selected as
the two top performing models, and M2 Trans is the
prior SOTA in average F1 score.

Retrieval Baseline In order to understand the
relative impact of general contrastive self-supervised
pre-training, we develop a retrieval baseline that uses
image classification model embeddings to score report
similarities. Specifically, the baseline model selects a
report r in R based on its corresponding image i.
For an input image x, the model returns p̂ as the

1. Using M2 Trans w/ NLL+BS+fcE configuration.
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Table 1: Evaluation of CXR-RePaiR method and baselines on internal (MIMIC-CXR) and external (CheX-
pert) datasets. Performance is evaluated using our semb metric, BLEU2 score, and F1 (macro-avg)
score. We find that our approach either outperforms or matches previous SOTA in clinical scores
on both datasets.

Dataset Model
Evaluation Metrics

semb BL2 F1

Internal (MIMIC-CXR)

R2Gen (Chen et al., 2020) 0.202 ± 0.002 0.212 ± 0.001 0.148 ± 0.003
M2 Trans (Miura et al., 2021) 0.247 ± 0.002 0.217 ± 0.001 0.270 ± 0.004
Retrieval Baseline (Ours) 0.360 ± 0.002 0.092 ± 0.001 0.208 ± 0.003
CXR-RePaiR-2 (Ours) 0.385 ± 0.003 0.069 ± 0.001 0.256 ± 0.004
CXR-RePaiR-Select (Ours) 0.343 ± 0.004 0.050 ± 0.001 0.274 ± 0.003

External (CheXpert)

R2Gen (Chen et al., 2020) 0.269 ± 0.005 0.168 ± 0.004 0.191 ± 0.008
M2 Trans (Miura et al., 2021) 0.307 ± 0.006 0.179 ± 0.003 0.326 ± 0.015
Retrieval Baseline (Ours) 0.283 ± 0.005 0.069 ± 0.002 0.246 ± 0.007
CXR-RePaiR-2 (Ours) 0.317 ± 0.008 0.088 ± 0.002 0.310 ± 0.009
CXR-RePaiR-Select (Ours) 0.292 ± 0.008 0.073 ± 0.001 0.352 ± 0.005

report that corresponds the the image which maxi-

mizes C(x)C(i)
∥C(x)∥∥C(i)∥ . Here, C is a ResNet18 encoder

(He et al., 2016) trained on CheXpert images (Irvin
et al., 2019). This model directly assumes that chest
X-rays with similar visual features have similar radi-
ology reports.

3.5. Evaluation

We focus on two metrics to evaluate the clinical ef-
ficacy (CE) of the generated reports. The first CE
metric is the F1 (macro-avg) score which evaluates
the accuracy of the generated reports’ diagnostic pre-
dictions. Generated reports are passed through the
automated CheXbert labeler which has near radiolo-
gist performance in labeling medical conditions (Smit
et al., 2020). The F1 score is then computed for these
predictions against the ground truth labels. The av-
erage F1 score is computed from all 14 radiological
label categories. For the second CE metric, we in-
troduce a new score to measure the semantic similar-
ity of the generated report compared to the original
report. The generated report and true report are
passed through the CheXbert labeler, and the cosine
similarity between the last hidden representations is
calculated to produce semb. We also include BLEU2
scores as a natural language generation (NLG) met-
ric, even though NLG metrics have been shown to be
flawed and inadequate for evaluating free-text radiol-
ogy reports (Boag et al., 2020; Miura et al., 2021).

For our evaluations, we construct bootstrap confi-
dence intervals by creating 10 resamples with replace-
ment from each test dataset, where each resample is
the size of the original test set.

4. Data and Implementation

We use the MIMIC-CXR dataset for generating the
corpus of radiology reports used during retrieval, pre-
training the CLIP model, and training baseline mod-
els. MIMIC-CXR v2.0.0 is a large dataset of chest
X-rays and associated free-text reports with 180,000
imaging studies and more than 300,000 images taken
from 64,588 patients (Johnson et al., 2019). The la-
bels are structured in a multi-label multi-class man-
ner with each of the 14 classes having labels indicat-
ing presence, absence, or uncertainty.

We evaluate on both the in-distribution MIMIC-
CXR test set and the out-of-distribution CheXpert
test set. CheXpert is a dataset of 224,316 chest x-
rays from 65,240 patients, with associated labels for
14 observations from radiology reports (Irvin et al.,
2019). In particular, the CheXpert test set consists
of 500 studies with 688 images and has corresponding
radiology reports.

Radiology reports have many sections including ex-
amination, indication, technique, findings, and im-
pression. For this research, we choose to predict the
impression section as it includes the radiologist’s di-
agnosis for the X-ray. In addition, the findings section
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Table 2: Examples of different methods’ generated reports compared to the reference report. Correct pos-
itive predictions are color coded by finding type to improve readability. On these examples, our
method does particularly well in providing clinically useful information that is accurate, clear, and
actionable.

Reference R2Gen M2 Trans CXR-RePaiR-3 (Ours)

Findings : Frontal and lateral chest radiographs
demonstrate minimal blunting of the bilateral

costophrenic angles . There is no focal consol-

idation or pneumothorax. The heart size is
moderately enlarged and there are post-
surgical changes of median sternotomy and
CABG. There is an indistinct appearance
of the pulmonary vasculature consistent
with mild-to-moderate pulmonary edema.

Impression : Mild-to-moderate pulmonary

edema without focal consolidation to suggest
pneumonia. There may be small bilateral
pleural effusions with a small degree of

bilateral atelectasis . The heart is moderately

enlarged .

Frontal and lateral
views of the chest were
obtained. The patient
is status post median
sternotomy and CABG.
There are relatively low
lung volumes. There
is diffuse increase in
interstitial markings bi-
laterally which may be
due to mild interstitial
edema versus atypical
infection. No pleural ef-
fusion or pneumothorax
is seen. The cardiac and
mediastinal silhouettes
are stable.

Heart size is normal.
The mediastinal and hi-
lar contours are nor-
mal. The lungs are clear
without focal consolida-
tion. No pleural ef-
fusion or pneumothorax
is seen. Median ster-
notomy wires are intact.

Cardiomegaly with left

pleural effusion and

mild edema. Large
left pleural effusion

with mild pulmonary

vascular congestion .

The severe enlargement

of cardiac silhouette
may have progressed
the volume of presumed
right pleural effusion is
impossible to assess on
a single frontal view.

Findings : The lungs appear hyperexpanded.
There is mild increased pulmonary vascular

congestion from . A small right pleural

effusion is likely present with mild right basilar

atelectasis . Right base consolidation is not
entirely excluded. No significant left pleural
effusion or pneumothorax is detected. Su-
ture chain material and scarring in the left
upper-to-mid lung zone is not significantly
changed. Multiple mediastinal surgical clips
are compatible with history of CABG surgery.
The cardiac silhouette is top normal in size
but unchanged. The mediastinal and hilar
contours are within normal limits with mod-
erate tortuosity of the descending thoracic
aorta. Lobulation at the apex of the left
hemi thorax along the mediastinal border is
stable, residual of slowly resolving hematoma.
Impression : 1. Increased mild pulmonary

vascular congestion from with small right

pleural effusion and right basilar atelectasis .

Right basilar opacity may be combina-
tion of above but underlying consolida-
tion due to infection is not excluded.
2. Staple suture material and scar in the left
upper-to-mid lung.

AP portable upright
view of the chest.
Lung volumes are low
limiting assessment.
Overlying EKG leads
are present. Allowing
for this there is no
focal consolidation effu-
sion or pneumothorax.
The cardiomediastinal
silhouette is normal.
Imaged osseous struc-
tures are intact.

Heart size remains
mildly enlarged. The
mediastinal and hi-
lar contours are
unchanged. There
is mild pulmonary

edema. There is no
focal consolidation.
There is no large pleural
effusion or pneumotho-
rax.

Pulmonary edema with

right base opacity
compatible with
atelectasis but early
infection cannot be ex-
cluded. More confluent
right basilar opacity
may relate to
pulmonary edema

and small right pleural

effusion however un-
derlying consolidation
is not excluded. Coarse
interstitial markings
more prominent in the
right lower lung field
associated with small bi-
lateral pleural effusions
with concurrent bibasi-
lar atelectasis right
worse than left findings
suggest mild vascular
congestion .

atelectasis edema cardiomegaly pleural effusion lung opacity

is often missing from the report (which is particularly
important for the relatively small CheXpert test set).
Since the generative baseline models predict the find-
ings section, it is used when available as the ground
truth report to evaluate the BLEU2 score for these
methods, and the impression section is used other-
wise.2

2. 2834 out of the 3678 evaluated MIMIC-CXR test studies
have a findings section in the report.

5. Experiments

5.1. CXR-RePaiR Report Generation

We investigate the performance of a contrastive lan-
guage image model trained on radiology report-image
pairs as a retrieval-based report generation method.
We compare our CXR-RePaiR method and our re-
trieval baseline against previous approaches in Ta-
ble 1.
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We find that our CXR-RePaiR approach produces
clinically accurate reports on both the in-distribution
MIMIC-CXR test set and the out of distribution
CheXpert test set. On CheXpert, CXR-RePaiR-
Select with k = 6 sentences achieves an F1 score
of 0.352 (∆ + 7.98%) and CXR-RePaiR-2 achieves
an semb score of 0.317. The next highest-performing
highest-performing model is M2 Trans (Miura et al.,
2021) with an F1 score of 0.326 and semb score of
0.307. On MIMIC-CXR, CXR-RePaiR-Select has an
F1 score of 0.274, slightly beating M2 Trans with a
score of 0.270. CXR-RePaiR-2 has an semb score of
0.385, which is 55.9% greater than the SOTA gener-
ative method.
We also qualitatively compare some of the gener-

ated reports across methods. Table 2 includes reports
generated for different models for two test images.
We find that our method generally produces clinically
accurate descriptions, but it does not always use the
same language as the original report. For instance,
in the first example, the reference writes that “the
heart size is moderately enlarged” while our method
generates “enlargement of [the] cardiac silhouette”
and “cardiomegaly.” These statements are clinically
equivalent, but their verbiage differs. In contrast, the
M2 Trans model generates “heart size is normal,”
which is an incorrect diagnosis despite matching n-
grams to the reference. These observed findings are
in agreement with Boag et al. (2020) which note the
lack of concordance of NLG metrics with generated
report accuracy.
Finally, we observe that our baseline retrieval

method performs surprisingly well. This may be ex-
plained by similar chest x-ray images having similar
reports, as well as the success of a retrieval method
with access to a large reference corpus.

6. Ablation Studies

We analyze the increase in performance of CXR-
RePaiR with (i) contrastive language-image pre-
training, (ii) using sentences instead of reports to in-
crease the expression space, and (iii) the increase in
the number of sentences k used to create the report.

6.1. Lanugage-Image Model Pre-training
Techniques

We study the effect of three contrastive language-
image pre-training procedures on the performance of
the CXR-RePaiR approach. We expect that con-

Corpus F1 semb

CXR-RePaiR-Imp R 0.200 0.236
CXR-RePaiR-Full R 0.168 0.222
CXR-RePaiR-Pretrain R 0.294 0.268

S(R) 0.310 0.317

Table 3: Comparison of three CLIP training meth-
ods. CXR-RePaiR-Imp is trained on the im-
pressions section alone, CXR-RePaiR-Full
is trained on the full reports, and CXR-
RePaiR-Pretrain is first pre-trained on nat-
ural images and subsequently trained on the
impressions section.

trastive pre-training on natural language-image pairs
and subsequently finetuning on radiology report-
image pairs will outperform a model solely trained
on radiology report-image pairs.

We construct three CXR-RePaiR models: CXR-
RePaiR-Imp (trained contrastively on radiology re-
port impression section and image pairs), CXR-
RePaiR-Full (trained contrastively on the full radiol-
ogy report and image pairs with an extended context
length), and CXR-RePaiR-Pretrain (first pre-trained
contrastively on natural language-image pairs and
then trained contrastively on radiology report impres-
sion section and image pairs). We find that CXR-
RePaiR-Pretrain significantly outperforms the other
approaches, as expected. CXR-RePaiR-Pretrain has
an average F1 score of 0.294 while CXR-RePaiR-Imp
and CXR-RePaiR-Full have average scores of 0.200
and 0.168 respectively. Detailed results can be found
in Table 3.

6.2. Sentence vs. Report Retrieval

Since report impressions are comprised of individ-
ual sentences, the task of report generation using re-
trieval can be framed as either (1) the selection of
an entire impression that best matches the inputted
X-ray or (2) the selection of sentences that individ-
ually best match the inputted X-ray. It is possible
that the first methodology may perform better be-
cause the model was explicitly pre-trained to match
entire impressions, rather than individual sentences,
with images. However, this procedure is restricted
by the limited amount of available reports in the re-
trieval corpus. In order for this setup to succeed, the
findings and diagnosis of a patient in the test set must
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Figure 2: Evaluation of models that produce reports of k sentences across radiological findings on MIMIC-
CXR test set. The average F1 score improves as k increases, but the ”no finding” score reduces
as k increases.

exactly match that of a previously seen patient in the
training set. Therefore, we experiment with selecting
individual sentences which may come from different
reports. We predict this is a superior method because
it has the potential to improve the model expressiv-
ity by greatly increasing the space of possible outputs
the model can produce. We seek to answer this ques-
tion of whether our CXR-RePaiR method performs
better constructing reports from individual sentences
or matching the entire report section directly.

Indeed, we see that using a corpus of report sen-
tences (S(R)) results in improved performance over
using a corpus of reports (R). As hypothesized, this
is likely attributed to the model’s ability to match
multiple independent sentences across various reports
for a single test example. The report-level model is
significantly limited in that if the findings or diagno-
sis of a patient is not seen identically in the training
set, the model will be guaranteed to have an incor-
rect prediction. On the other hand, the sentence-level
model has some ability to make predictions outside

of the explicit space of the reference set. Results are
shown in Table 3.

6.3. Top-k Sentences

Because we find that generating reports from sen-
tences results in improved performance, we also ex-
periment with different values for the hyperparameter
k where k is the number of top candidate sentences
selected. When framing report generation as the se-
lection of the top-k best matching sentences, we ob-
serve that increasing report length increases the av-
erage F1 score. However, we find that increasing re-
port length does not strictly improve F1 scores across
findings. In particular, the “no finding” F1 score re-
duces when increasing the number of sentences. This
can be attributed to the property that radiologists
generally write brief and short reports to indicate no
finding. By requiring more than one sentence to be
included, the model is more likely to incorporate an
incorrect finding/diagnosis and have a diminished F1

score. Overall, this suggests that in most cases the
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Figure 3: Runtime vs F1 analysis for various corpus compression levels. The label denotes the
compression level and the area of the bubble illustrates the compressed corpus size at the corre-
sponding compression level. We observe that small compression levels significantly reduce corpus
size and consequently runtime while maintaining clinical accuracy. The model is evaluated on the
CheXpert dataset.

prediction quality improves when generating numer-
ous descriptions of possible findings and diagnoses,
though a case without the presence of any patholo-
gies benefits from a short description. Figure 2 dis-
plays results across 8 chosen radiological categories
and average scores.

7. Runtime Considerations

We compress the report corpus to enable faster re-
trieval. The report corpus is compressed as follows.
First, CheXbert embeddings are extracted for ev-
ery element of the corpus. Second, cosine similar-
ity is used to cluster similar elements using a defined
threshold value. Finally, representative elements are
extracted from each cluster to form the compressed
corpus. We experiment with threshold values of 40%,
25%, 15%, 5%, 1% and 0% (no compression). For
testing, we use a single NVIDIA Titan X.

Runtime, F1 scores, and corpus size for various
compression levels are illustrated in Figure 3. We
find that compression can significantly reduce run-
time and corpus size while maintaining clinical ac-
curacy. Small compression levels reduce corpus size
significantly; a 15% compression level reduces corpus
size by 40× and reduces runtime by 65% compared
to the model without compression while maintain-
ing comparable accuracy. We observe that a 15%
compression level provides the best tradeoff between
accuracy (F1 = 0.329) and runtime (t = 42s).

A comparison of runtime and F1 scores for CXR-
RePaiR-C (15% compression level), CXR-RePaiR-
6, and previous approaches can be found in Figure
4. We find that CXR-RePaiR-6 outperforms current
models in clinical accuracy while maintaining compa-
rable runtime. CXR-RePaiR-C maintains high clini-
cal accuracy while introducing a 65% runtime speed-
up.
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Figure 4: Runtime vs F1 comparison between CXR-RePaiR and prior methods. We compare our
CXR-RePaiR models without compression and with a 15% compression level against baselines.
Our CXR-RePaiR-6 model (without compression) achieves a high F1 while maintaining similar
runtime to the current state-of-the-art. Our CXR-RePaiR-C model with 15% compression main-
tains comparable clinical accuracy to our best CXR-RePaiR-6 model while reducing runtime by
65%. Models are evaluated on the CheXpert dataset.

8. Limitations and Future Work

The success of this methodology is a direct conse-
quence of the size and variability of the reference cor-
pus. In particular, the model cannot be expected to
make predictions for rare pathologies if they do not
appear in the reference corpus. Future work may con-
sider more precise ways to construct an exhaustive
reference corpus.

Though our method produces clinically accurate
descriptions, we find that the CXR-RePaiR-k setup
can be prone to repeating information as the sen-
tence selection process solely depends on maximizing
the CLIP scoring function. Future work can incorpo-
rate choosing sentences based on the additive value of
their diagnostic information. Our method can also be
easily applied to report templating, where a crafted
set of templates can be used instead of the large cor-
pus of reports.

9. Conclusion

We find that CXR-RePaiR—a retrieval-based chest
X-ray report generation method utilizing a pre-
trained contrastive language-image model—produces
state-of-the-art results on clinical efficacy metrics.
In the ablation studies, we describe how choices in
pre-training technique, retrieval corpus type, and the
number of selected sentences improve model perfor-
mance. Our best model is pre-trained on natural data
and subsequently trained on medical data, and re-
ports are generated as a set of sentences. Lastly, we
consider how to effectively reduce the runtime of our
model without considerably sacrificing performance.
Our approach demonstrates the power of using trans-
ferable representation learning along with a large cor-
pus of existing reports to generate clinically accurate,
clear, and actionable text that can advance patient
care.
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