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ABSTRACT

In clinical scenarios, multiple medical images with different
views are usually generated at the same time, and they have
high semantic consistency. However, the existing medical re-
port generation methods cannot exploit the rich multi-view
mutual information of medical images. Therefore, in this
work, we propose the first multi-view medical report genera-
tion model, called MvCo-DoT. Specifically, MvCo-DoT first
propose a multi-view contrastive learning (MvCo) strategy
to help the deep reinforcement learning based model utilize
the consistency of multi-view inputs for better model learn-
ing. Then, to close the performance gaps of using multi-view
and single-view inputs, a domain transfer network is further
proposed to ensure MvCo-DoT achieve almost the same per-
formance as multi-view inputs using only single-view inputs.
Extensive experiments on the IU X-Ray public dataset show
that MvCo-DoT outperforms the SOTA medical report gener-
ation baselines in all metrics.

Index Terms— Multi-view contrastive learning, Domain
transfer, Medical report generation, Chest X-Ray

1. INTRODUCTION

Medical report generation is a multimodal cross-task in com-
puter vision and natural language processing, which aims to
reduce the workload of doctors by automatically generating
diagnostic descriptions from medical images. Motivated by
the application of deep learning in medical image analysis
[1, 2], current medical report generation approaches typi-
cally utilize encoder-decoder architecture to learn medical
images from different views but independently. And many
spatial and channel attention methods [3] have been care-
fully designed to explore multimodal interactions between
image-level and sentence-level semantic features for report
generation [4—8], however, this way of understanding images
is not ideal for complex cross-modal generation tasks. Then,
[9] mitigates textual and visual data bias by exploring prior
knowledge and posterior knowledge, [!0] models and memo-
rizes reports similar patterns between them, and thus promote
Transformer to generate more informative long text interpre-
tation reports. In order to utilize visual information more
effectively, inspired by contrastive learning in the domain of
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Fig. 1. Semantic-based multi-view contrastive learning.

natural images and natural language process [| 1-14], people
started to try this method to improve the visual representation
of medical images [15—17]. However, the existing medical
report generation methods have a common shortcoming that
their inputs are usually single view,which fails to utilize the
rich multi-view information in chest X-Ray images.

Consequently, in this work, we propose a novel Multi-
view Contrastive Domain Transfer (MvCo-DoT) network for
better medical report generation. Specifically, we first pro-
pose to integrate a Multi-view Contrastive Learning (MvCo)
strategy into our previous deep reinforcement learning based
medical report generation model [7]. Intuitively, as shown in
Fig. 1, since the paired multi-view medical images are dif-
ferent imaging results of the same patient, their descriptions
of lesions or organs in the patient should have high consis-
tency [18]. Therefore, MvCo is proposed to utilize semantic
embeddings of different views of patients’ X-Ray images for
contrastive learning. Compared to existing self-supervision
based solutions [15, 16] whose contrastive learning modules
are applied in encoders, feature representations used in MvCo
is located in decoders, which thus have more direct impact on
the quality of resulting medical reports.

In addition, our experimental studies show that although
using MvCo can greatly improve the performances of medical
report generation, it suffers from the problem of domain shift.
When we have only single view X-Ray images as inputs, the
inference results are greatly degraded because distributions of
single-view inputs are very different from that of multi-view
inputs. Consequently, we further propose to incorporate a Do-
main Transfer Network (DoT) into our medical report genera-
tion model to resolve this problem by closing the performance
gaps of multi-view and single-view inputs. Specifically, DoT
is achieved by using a sampling-based adaptive input selec-
tion module, which enables generation branch to randomly
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Fig. 2. The architecture of our proposed MvCo-DoT network.

select single or multi-view fused features as final input ac-
cording to estimated probability. Advantages of DoT are as
follows: (i) It ensures that the model learns using a more com-
prehensive input distribution , which thus close performance
gaps of using multi-view and single-view inputs in inference;
(i) different from random selection, using DoT will not de-
grade model’s feature learning capability; (iii) it also narrow
information gap between contrastive learning branch (single-
view input) and generation branch (multi-view input).

The contributions of this work can be summarized as fol-
lows. (i) We identify the lack of multi-view input problem
of existing medical report generation methods and propose
a MvCo-DoT network for better medical report generation.
(i1) A multi-view contrastive learning (MvCo) strategy is first
proposed to utilize the multi-view information of chest X-Ray
images for better model learning, while a domain transfer net-
work is then proposed to ensure model can achieve good per-
formances using only single-view inputs in inference stage.
(iii) Extensive experiments on a public dataset (IU X-Ray)
show that: first, our proposed MvCo-DoT model greatly out-
performs existing medical report generation baselines in all
metrics; second, MvCo and DoT are both effective and es-
sential for the model to achieve the superior performances;
third, MvCo-DoT can achieve almost the same performance
as multi-view inputs using only single-view inputs, which
greatly saves the patients’ time and money.

2. METHODOLOGY

We propose a multi-view contrastive domain transfer network
for medical report generation. As shown in Fig. 2, we will
adopt the architecture of generation branch and contrastive
learning branch. Contrastive learning branch is used for inter-
view mutual information mining, and a generation branch is
used for report generation. The two processes are alternately
performed during training.

2.1. Multi-View Contrastive Learning

In order to mine and utilize the mutual information between
medical images of different views, we propose semantic-
based multi-view contrastive learning method with [7] as
the backbone network. Specifically, we concatenate the

contextual semantic representations cy, ¢; and hidden layer
information hy, h; decoded from different views and project
them onto the same implicit space for comparison.

xzy = (Concat(cy, hy)),zi = p(Concat(c, b)), (1)
where cy and ¢; are the context vectors of the last step of the
LSTM in the twin M-Linear decoders, hy and h; are the cor-
responding hidden layer vectors. ¢ (-) is modeled as two fully
connected layers with ReLLU activations, according to [19].
Then we maximize the semantic concordance between the
frontal and lateral view of the same patient while minimiz-
ing the similarity between different patients. The multi-view
contrastive loss function is defined as

exp(sim(xy, xf)/7e)
SN Ly exp(sim(@, o) /7e)

where sim(x;, x) ) represents the cosine similarity, sim(z;, z)
=2 xx/| 21 ||| & || and 7. is temperature parameter.

(@)

LM’UCO = — 1Og

2.2. Domain Transfer Network

To overcome the domain shift problem caused by the input
distribution gap between training and testing phases, We pro-
pose a domain transfer network based on adaptive input se-
lection. First, we project the frontal and lateral visual features
ffrontar and figterqr extracted by ResNet101 [20] into two
different latent spaces, to obtain more discriminative visual
embeddings F'rontqr and Figierqr for different views.

Ffrontal - ¢f (ffrontal)y Flateral = ¢l (flateral): (3)

where ¢¢(-) and ¢;(-) are modeled as fully connected lay-
ers with ELU activations. Afterward, we add the visual em-
beddings of these different views to obtain Ff,i0n, Which
replaces the operation of direct concatenation of original fea-
tures commonly used in previous work. Then, in order to
make the model get the most useful information input and
better balance the use of frontal and lateral view information,
we adaptively decide to input a single feature or mixed fea-
tures through action sampling. The action space A € R**3 is
defined as Frrontar (When ¢ = 0), Figterqr (When i = 1), or
Fusion (When i = 2).
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Fig. 3. Example of reports generated by our MvCo-DoT model and beaslines.

Table 1. Results of MvCo-DoT and the SOTA baselines on
IU X-Ray, where B, ME and RO stand for BLEU, METEOR
and ROUGE-L, and all models are re-implemented by us.

Model B-1 B-2 B3 B-4 ME RO

Top-down [4] | 0.2822 0.1866 0.1241 0.0830 0.1455 0.3330
RTMIC [22] | 0.3448 0.2188 0.1484 0.1063 0.1509 0.2890
MRMA [5] 0.3820 0.2520 0.1730 0.1200 0.1630 0.3090
X-LAN [6] 0.3826 0.2724 0.1949 0.1405 0.1750 0.3441
R2Gen [10] 0.4349 0.2802 0.1868 0.1510 0.1773 0.3509
HRe-MR [7] | 0.4265 0.3025 0.2119 0.1502 0.1871 0.3608
MvCo-DoT 0.4533 0.3180 0.2228 0.1568 0.1958 0.3743

Table 2. Results of ablation experiments on IU X-Ray.
Model B-1 B-2 B-3 B-4 ME RO

Base-Cat 0.4175 0.2813 0.1951 0.1400 0.1820 0.3604
MvCo-Cat 0.4373 0.3062 0.2139 0.1482 0.1933 0.3609
MvCo-Fusion | 0.4440 0.3130 0.2196 0.1571 0.1953 0.3698
Ours 0.4533 0.3180 0.2228 0.1568 0.1958 0.3743

This non-deterministic approach enables the model to
adaptively select optimal input to obtain the maximum
amount of visual information for each image. To circumvent
the technical problem that binary sampling actions cann’t
participate in backpropagation, we utilize random sampling
based on Gumbel-Softmax distribution. This reparameteriza-
tion trick has been used in reinforcement learning to enable
discrete decision [21]. Non-differentiable action values are
replaced by differentiable samples from Gumbel-Softmax
distribution. Specifically, we concatenate the global visual
features Fyrontqr and Figierqr, which are multi-scale fusions
of frontal and lateral views in the latent space and taken as a
comprehensive information basis for the current action selec-
tion. It is sent to a linear layer through the fully connected
layer to obtain the action confidence warehouse P € R1*3,

P = SOftmal’(Wc(Concat(FfTontal7 Flaterul)))7 (4)

where W, represents the fully connected layer parameter ma-
trix. Subsequently, the sampling module will generate action
values V € R1*3_ which defined as

exp((log(Pi(a) + gi(a)/Ts)
35— exp((log(P;(a) + g;(a)/7s)

where g represents the noise sampled from standard Gumbel-
Softmax distribution, and 7, is temperature parameter. The
final input strategy is gained after V' through argmax layer.
During inference, V' is generated according to input directly.
Sample action whose sample value in A is calculated to be 1,
and reconstruct only the features corresponding to the action
into final input feature Fy,.

Fy = A(a;),V(a:) = 1, (6)

Via) = S fori=1,2,3, (5)

3. EXPERIMENTS

3.1. Experimetal Settings

To evaluate the performance of our proposed MvCo-DoT,
extensive experiments are conducted on public chest X-Ray
image dataset IU X-Ray [23]. We screen 3,111 groups of
cases from the dataset, each containing two X-Ray images
of frontal and lateral views and a paired report. The dataset
is randomly divided by 7:1:2. In addition, words with fre-
quency of less than 5 are discarded and replaced with "UNK”,
and reported maximum generated length is set to 114. We
reimplement six state-of-the-art image captioning and med-
ical report generation models as baselines, including Top-
down [4], RTMIC [22], MRMA [5],X-LAN [6], R2Gen [10]
and HRe-MR [7].We evaluated the models using six common
automatic language generation metrics, including BLEU [24],
METEOR [25], and ROUGE-L [26], where BLEU includes
four n-gram-based metrics (BLEU-1 to BLEU-4 ).

We utilize ResNet-101 pre-trained on ImageNet [27] to
extract 2048 dimensional region-level image features from
the last convolutional layer. After being converted to vi-
sual embeddings of size 1024, the encoder exploration with
four stacks of M-linear attention blocks yields high-order
synthetic features. During decoding process, we set size of
hidden layer, word embedding dimension, and latent dimen-
sion of the projection layer to 1024. During training, we first
pre-train model with a batch size of 6 for 60 epochs using
NVIDIA RTX 2080Ti GPUs, the model is optimized alter-
nately by generation branch and contrastive learning branch.
We set the base learning rate to 0.0001, paired with a Norm
decay strategy with 10,000 warm-up steps, and used the
ADAM [28] optimizer. We set 7. to 0.1 and 7, to 0.3. Fi-
nally, we train model with batch size of 2 for 60 epochs of
reinforcement learning using beam search [29] with a beam
size of 2 to further improve model performance. We set the
indicator-weighted mixed reward as our training reward [7],
where weights of BLEU-1, BLEU-2, BLEU-3, BLEU-4, ME-
TERO, and ROUGE-L, are 2, 2, 1, 1, 2, and 2, respectively;
and base learning rate is reduced to 0.00001 and decayed by
cosine annealing with a period of 15 epochs.

3.2. Main Results

Table 1 shows experimental results of our proposed MvCo-
DoT and five baselines on six natural language generation
metrics, where all baselines are re-implemented. Further-
more, Fig. 3 presents some examples of generated reports .
In general, MvCo-DoT outperforms all state-of-the-art
baselines among all metrics in Table 1, because (i) our multi-
view contrastive learning adequately performs multi-view
mutual information learning to obtain superior performance,
(ii) the same input for multi-view training and single-view
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testing is maintained, and task gap between contrastive learn-
ing branch and generation branch is narrowed, avoiding do-
main shift problem. Moreover, visualization results shown
in Fig. 3 also support our findings, where MvCo-DoT gen-
eration obtains a more comprehensive and accurate report
description than baselines. Thus, our proposed multi-view
contrastive learning and domain transfer network are highly
effective in enhancing the quality of report generation.

3.3. Ablation Study

We further conduct a series of ablation experiments to demon-
strate the effectiveness of each module of our proposed
MvCo-DoT. We take generation branch as the base model,
which utilizes raw feature concatenation of different views
as input, called Base-Cat. Then we further implement two
other versions of our MvCo-DoT: (i) Introduce a multi-view
contrastive learning branch on base model, called MvCo-Cat,
and (ii) using visual embedding fusion instead of original fea-
ture direct concatenation, called MvCo-Fusion. In Table 2,
we observe that all metrics of MvCo-Cat are superior higher
than Base-Cat, as mutual information mined by multi-view
contrastive learning helps to focus on salient lesions, explore
deep semantic features and enable multimodal inference. The
MvCo-Fusion score is further improved, indicating that fea-
ture fusion strategy is more suitable for our task. Next, we use
Gumbel-Softmax-based random sampling to adaptively select
input strategy to obtain final model MvCo-DoT. Overcoming
input distribution gap enables model to improve cross-domain
transferability while reducing the task distance between the
contrastive learning branch and generation branch, which
makes it the highest score among all versions of the model.
In conclusion, our proposed MvCo learning strategy and
DoT network are very effective and essential to improve the
accuracy of automatic generation of medical image reports.

3.4. Additional Results

In this section, we investigate the impact of semantic-based
multi-view contrastive learning on model performance and
advantages of domain transfer networks based on adaptive in-
puts. Fig. 4 shows the distance variation of frontal and lateral
view semantic embeddings in the implicit space. Compared
with generation branch Base in (a), multi-view contrastive
learning MvCo in (b) can make the semantic embeddings of
different views closer. This is because the model learns mu-
tual information between different views, thereby decoding
feature vectors with more semantic consistency. In addition,
in Fig. 5, compared with the pure multi-view comparison
MvCo in (a), domain transfer network MvCo-DoT with adap-
tive input selection in (b) can generate high-scoring reports
under any single view, which well solves domain shift caused
by different input distributions during multi-view training
and single-view testing. Moreover, the model performance is
further improved compared to (a), which means that the same
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input distribution also reduces the gap. The model obtains the
optimal representation of the two, promoting each other.

3.5. Effect of Varying Hyper-Parameters 7. and 7

T. and 75 are the temperature parameter of the contrastive
loss and Gumbel-softmax distribution, respectively. In Fig. 6,
according to (a), in the range of 0.01 to 1, the performance
of the model fluctuates with the size of 7., and according to
(b), smaller 75 in the range of 0.3 to 0.8 is better. Therefore,
we need certain tuning parameters to achieve the best perfor-
mance. In this model, we set 7, to 0.1 and 75 to 0.3.

4. CONCLUSIONS

In this paper, we proposed a multi-view contrastive domain
transfer network (MvCo-DoT) for medical report generation.
We mined mutual information between different views of
chest X-Ray using multi-view contrastive learning based on
semantic information to aid model learning. We also closed
the input distribution gap between training and inference
stages and contrastive learning branch and generation branch
through domain transfer network based on adaptive input
selection to address the domain shift problem. We performed
extensive experiments on the publicly available dataset IU
X-Ray, demonstrating the superiority and effectiveness of our
proposed method. Future researches may include the usage of
the proposed method in imbalanced learning task [30], and in-
corporate more deep reinforcement learning techniques [31]
to enhance the deep generation model’s learning capabilities.
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