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Abstract

The automatic generation of radiology reports is of great sig-
nificance, which can reduce the workload of doctors and im-
prove the accuracy and reliability of medical diagnosis and
treatment, and has attracted wide attention in recent years.
Cross-modal mapping between images and text, a key com-
ponent of generating high-quality reports, is challenging due
to the lack of corresponding annotations. Despite its impor-
tance, previous studies have often overlooked it or lacked ad-
equate designs for this crucial component. In this paper, we
propose a method with memory alignment embedding to as-
sist the model in aligning visual and textual features to gen-
erate a coherent and informative report. Specifically, we first
get the memory alignment embedding by querying the mem-
ory matrix, where the query is derived from a combination of
the visual features and their corresponding positional embed-
dings. Then the alignment between the visual and textual fea-
tures can be guided by the memory alignment embedding dur-
ing the generation process. The comparison experiments with
other alignment methods show that the proposed alignment
method is less costly and more effective. The proposed ap-
proach achieves better performance than state-of-the-art ap-
proaches on two public datasets IU X-Ray and MIMIC-CXR,
which further demonstrates the effectiveness of the proposed
alignment method.

Introduction
In medical practice, analyzing radiographic images and writ-
ing corresponding radiology reports is important. Automat-
ically generating radiology report based on medical images
can not only alleviate the burden on doctors, but also help
those who do not have much experience, even playing a role
in future home medical care. Up to now, there have been
many methods for generating reports in this field (Jing, Xie,
and Xing 2018; Chen et al. 2020, 2021; Yan and Pei 2022;
Yang et al. 2023). Cross-modal mapping between images
and texts plays an important role in generating high-quality
reports, but due to lack of annotations correspondence be-
tween images and texts, it is hard to directly align them.
As an alternative, some methods choose to align the image
features with the predicted disease labels1 (Jing, Xie, and
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1These disease labels were predicted by the CheXpert (Irvin
et al. 2019), which is designed for the MIMIC-CXR.

Xing 2018; You et al. 2021). Although these direct align-
ment methods are intuitive, effectiveness is limited not only
by the classification accuracy, but also by the limited infor-
mation that disease labels can provide. Later, Chen et al. pro-
pose to use the a Cross-modal Memory Matrix (CMM) as an
alignment medium to align the image and text features. As
shown in Figure 1 (a), they first extract visual features from
images and map words to word embeddings, then align tex-
tual and visual features by re-mapping them to a same vector
space constructed by the Memory Matrix (M ). TheM is de-
signed to store cross-modal information to assist the align-
ment. However they couple the representation and alignment
process together, which inevitably brings extra work to M .
As a result, the alignment module is unable to take advan-
tage of the knowledge learned by the generator and it is also
more difficult to adapt to the generator, which may reduce
the alignment effect.

To address the above-mentioned problems, we propose
the Memory Alignment (MA) module, a simpler alignment
method. As shown in Figure 1 (b), first we embed the visual
features into the same vector space of the word embedding
to get the visual embeddings, then we bring the visual and
word embedding closer by the memory alignment embed-
ding got from the MA module. In our approach, M only
needs to focus on how to align the visual features with the
textual features, without to learn how to represent them. An-
other advantage is that the memory alignment embedding
only needs to be calculated once during the whole inference
process, while the CMN needs to remap each newly gener-
ated word. Notably, we include the positional embeddings
of the visual features as part of the MA module input to pro-
vide some cross-modal information. These inputs may act
like some common sense for the alignment module, such as
what the visual feature here usually to represent. We argue
this may improve the robustness of the alignment model, and
can make our alignment more effective and work better with
the report generator.

Specially, we first extract visual features by a pretrained
CNN, then embed them into the visual embeddings. After-
ward, we combine the visual embeddings with their respec-
tive positional embeddings as a query, and utilize a mem-
ory matrix storing cross-modal knowledge as key and value,
to get the memory alignment embeddings through the MA
module. In the end, we combine these input embeddings
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Figure 1: Comparison of two alignment methods. (a) Cross-
Modal Memory. (b) Our Memory Alignment method, where
the green arrow ”Align” represents the memory alignment
embedding.

and feed them into the report generator, which consist of
a Bert-based encoder and a generation head, to generate
the entire article through a chain loop. We adopt both nat-
ural language generation metrics and clinical efficacy met-
rics to evaluate our model on two public datasets, IU X-Ray
(Demner-Fushman et al. 2015) and MIMIC-CXR (Johnson
et al. 2019), and achieve better performance than state-of-
the-art methods, which shows the effectiveness of the pro-
posed memory alignment embedding. We also conducted
comparison experiments with other alignment methods, and
the results demonstrate that our method is less costly and
more effective. The contributions of this paper can be sum-
marized as follows:
• We propose a memory-based alignment method, which

can use the cross-modal knowledge learned by itself to
assist in generating a coherent and informative reports.

• Comparison experiments with other alignment methods
demonstrate that our alignment method achieves superior
effectiveness at a lower cost.

• Our model achieve better performance than state-of-the-
art radiology reports generation methods, which further
proves the effectiveness of the proposed Memory Align-
ment module.

Related Work
Image Captioning
Image captioning is to automatically generate descriptive
text based on the content of the image (Vinyals et al. 2015;
Xu et al. 2015; Aneja, Deshpande, and Schwing 2018; Tran,

Mathews, and Xie 2020; Chen, Deng, and Wu 2022), which
is similar to the Radiology Report Generation. However, one
major difference between them is that medical reports usu-
ally require many sentences to analyze the radiology image
and therefore the length of the medical report is often much
longer than the image caption.

Radiology Report Generation
There have been many works on Radiology report gener-
ation in recent years, and they can be broadly classified
into two main categories: generation-based methods and
retrieval-based methods.

Retrieval-based Methods. Retrieval-based methods learn
to obtain candidate templates from radiographs and refine
the final reports with enriched details. (Li et al. 2018) estab-
lish a template database based on language as a prior, and
train policy agents to determine whether to retrieve from the
template database. (Li et al. 2019) employ a Graph Trans-
former that dynamically transforms high-level semantics be-
tween graph-structured data of multiple domains, which rec-
onciles traditional knowledge- and retrieval-based methods
with modern learning-based methods for accurate and ro-
bust medical report generation. (Liu et al. 2021b) propose
a new knowledge driven encoding, retrieval, and interpreta-
tion (KERP) method, convert the visual features of the im-
age into anomaly maps, then retrieve the template and fur-
ther expand and rewrite it. These methods explore the fo-
cus more on how to add additional prior knowledge into the
model to better generate, while our article focuses more on
how to align the image and text features to improve the qual-
ity of the generated radiological reports.

Generation-based Methods. Generation-based methods
generally adopt a sequence to sequence generation model.
(Jing, Xie, and Xing 2018) propose a multi-task learning
framework with a co-attention mechanism. (Xue et al. 2018)
employ a multimodal model combines images and encod-
ing of the previous generated sentence to construct atten-
tional inputs to guide the generation of the next sentence and
henceforth maintain coherence between the generated sen-
tences (Xue et al. 2018). (Chen et al. 2020) use the Trans-
former architecture to generate better reports by adding a
memory module that allows the model to focus on the sim-
ilarities of each report . (You et al. 2021) propose to reduce
the data bias by aligning visual features and disease labels
at multi granularity level, and to generate reports using a
Multi-grained Transformer. (Liu et al. 2021a) explore prior
knowledge in reports and posterior knowledge in radiogra-
phy, improving the performance of report generation. (Yang
et al. 2023) propose a knowledge base updating mechanism
to learn and store medical knowledge automatically, and uti-
lize textual embedding to guide the learning of the visual
feature space.

Many of the above mentioned methods contain algorithms
or modules for cross-modal alignment. The CoATT (Jing,
Xie, and Xing 2018) and the AlignTrans (You et al. 2021)
choose to align the visual features with the predicted dis-
ease labels. The M2KT (Yang et al. 2023) designs a muti-
modal alignment module to align the pooled visual feature
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with the pooled textual feature from a Bert and the predicted
disease labels. However, such methods rely on label annota-
tions, and the cross-modal information content in labels or
pooled textual features is relatively low. Differ from them,
we use a memory matrix as an alignment medium, which
does not require additional annotations and can provide rich
cross-modal knowledge. The CMN (Chen et al. 2021) also
employed a memory matrix to store cross-modal knowledge.
But they align the visual and textual features by re-mapping
features of two modals to a same vector space constructed by
the memory matrix. Differ from it, our method is more effi-
cient, and allows the alignment module to utilize the cross-
modal knowledge learnt from the generator.

Method
Overview
In this paper, we propose to generate reports based on the
Memory Alignment (MA) module. The architecture of our
model is shown in Figure 2, which consists of three parts:
visual extractor, memory alignment module and report gen-
erator. First, we extract patch features from the radiology
image by a pretrained CNN, then embed the patch features
to the visual embeddings I . Next step, we add the visual
embeddings with its positional embedding P as the memory
query, to get the memory alignment embeddings R through
the MA. Afterward, we get the input embeddings by com-
bining these embeddings as depicted in the figure, then feed
them into the Bert encoder to obtain the encoded features
E. In the end, the generation head will generate the entire
article according to the E through a chain loop.

Visual Extractor
Our model enhire a pretrained CNN, such as Densenet, to
extract the visual features of radiology images. Similar to
other approaches, images are reshaped to the same size, and
the visual features are extracted from the last convolutional
layer of CNN.

F = f(Img) (1)

where f(·) refers to the CNN visual extractor, F for the vi-
sual features. Then the visual features will be embedded into
the visual embeddings I.

I{v1, v2, v3, ..., vS} = Embed(F) (2)

Where S refers to the number of the visual embeddings.

Memory Alignment Module
Aligning the image and text features can facilitate the re-
port generation process, but due to the lack of correspond-
ing annotations, it is hard to align image and text features
directly. Compromised with this, some choose to align the
image features with the disease tags, but the effectiveness
is limited by the accuracy of the disease classification and
the limited information contained in the tags. Different from
these methods, Cross-Modal Memory Networks (CMN) en-
hire a learnable memory matrix (M ) to provide cross-modal
knowledge (Chen et al. 2021). We strongly agree with this
approach, but we also believe that its performance is limited

by the implementation method. They combined representa-
tion and alignment, so M in CMN not only needs to learn
cross-modal knowledge, but also needs to learn the distri-
bution of features, which brings additional parameters and
calculations.

While our proposed Memory Alignment (MA) module
utilizes M in a more efficient way. As shown in Figure
3, it takes visual embeddings and corresponding positional
embeddings as input and a memory alignment embeddings
to align the visual and text features. Positional embeddings
in the input can provide additional cross-modal knowledge
from the generator, and the alignment method dictates that
the M does not need to store additional information.

Specifically, we denote the memory matrix as M =
{m1,m2, ...,mη}, η for the number of memory vectors,
mi ∈ Rd, d for the hidden dimension of our model. During
the query process, we adopt a muti-head querying, where
each head operates in the same way as shown below. For
each head, the query q is formed by summing the visual
embeddings I and the corresponding positional embeddings
P = {p1, p2, p3, ..., pS}, while the matrix M serves as both
the key k and value v.

qi = (vi + pi) ·Wq (3)

kj = mj ·Wk (4)

vk = mk ·Wv (5)

Wq , Wk, Wv in the above formulas are trainable weights.
Then we calculate the distance Di = {Di1, Di2, ..., Diη}
between qi and k by

Dij =
qi · kᵀ

j√
d

(6)

Through the distance D we can get the correlation weight w
between qi and k by a softmax

wi = softmax(Di) (7)

Then we can get the response ri of the query qi by a
weighted sum as follows:

ri =

η∑
j=1

wij · vj (8)

Finally we concatenate the responses r from all heads and
get the memory alignment embeddings R by a linear layer.

Report Generator
The report generator consists of a Bert-based encoder and
a generation head. The generation process consists of two
steps: first we process the input and feed it into the encoder,
and then input the encoded features into the generation head
to generate the next word. After this we will append the
newly generated word to the input of encoder and repeat this
process until the entire report is generated. Details are as
follows.
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Figure 2: The architecture of our model. In the Bert Encoder, Max L represents the max input length, the Tok.E , Pos.E , Seg.E
and MA.E refer to the token, positional, segment and memory alignment embeddings, respectively. Vectors I and P in two
dashed boxes are the same.

Figure 3: The architecture of Memory Alignment Module

Bert-based Encoder. We enhire a Bert-based encoder to
encode the features of different modalities. The input of the
encoder consists of the visual embeddings, the generated
words and the memory alignment embeddings. First, we em-
bed the input words into the word embeddings, then concate-
nate the visual embeddings and the word embeddings to ob-
tain the token embeddings. Then, we sum the token embed-
dings with positional embeddings, segment embeddings and
the memory alignment embeddings to get the input embed-
dings. Specially, the position sequence for the positional em-
beddings is an increasing sequence from 0 to the max length
of the input sequence Max L, and the segment embeddings
consists of vision (Img) and language (Text) tags. Finally we
feed the input embeddings into the BERT encoders to obtain
the encoded features E.

Generation Head. We enhire a generation head to predict
the words probabilities from E, which consists of linear lay-
ers and a softmax. The newly generated word is fed back
into the input of encoder, looping until the entire report is
generated.

Experiment Settings
Datasets. We evaluate our method on two public reports
generation datasets, MIMIC-CXR and IU X-Ray. All pro-
tected health information are de-identified. The MIMIC-
CXR is currently the largest dataset for the radiograph re-
ports generation task, which contains 337,110 chest X-ray
images and 227,835 reports. For a fair comparison with pre-
vious methods, we use the official splitting for training, val-
idation and testing. The IU X-Ray consists of 7,470 frontal
and lateral-view chest X-ray images and 3,955 correspond-
ing reports. The findings and impression sections are con-
catenated as the ground-truth reports. Following the com-
mon approach, we randomly split it into training, validation,
and testing sets with the ratio of 7:1:2.

Metrics. We choose the Natural Language Generation
(NLG) metrics that include BLEU (Papineni et al. 2002),
METEOR (Denkowski and Lavie 2011) and ROUGE-L (Lin
2004) scores to evaluate the performance. And the CheXpert
(Irvin et al. 2019) labeler is employed to annotate the reports
with 14 categories. According to these annotations, the Pre-
cision, Recall and F1 scores can be calculated over the gen-
erated reports and the ground truth reports as the Clinical Ef-
ficacy (CE) metrics. For all metrics, a higher number means
better performance.

Settings. We adopt the DenseNet121 (Huang et al. 2017)
pre-trained on the ImageNet (Russakovsky et al. 2015) as
the visual features extractor. All radiographs are resized
and cropped into 224 × 224, the visual features extracted
from one radiograph is 2048 × 49. The frequency thresh-
old of the tokenizer is set to 3, obtain 7,861 and 764 to-
kens 2 from MIMIC-CXR and IU X-Ray, respectively. For
MIMIC-CXR, the maximum length of the report is set as
100 and for IU X-Ray it is 60. We employ the pre-trained

2Includes four special tokens [CLS], [PAD], [SEP] and [UNK].
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uncased BERT-base model (Devlin et al. 2019) as the BERT
encoders, which has 12 encoder layers, and the hidden di-
mension is 768. The dimension of memory vectors is the
same as the hidden dimension. For MIMIC-CXR, number
of vectors in the memory matrix η is set to 100, HeadsNum
is set to 4, and for IU X-Ray they are 64 and 2, respectively.
During the inference stage, we adopt a beam search strategy
with a beam size of 5 for sampling reports.

We train our model under cross entropy loss, the learning
rates of the visual extractor and other parameters are set to
5e − 5 and 1e − 4, respectively. The AdamW (Loshchilov
and Hutter 2019) optimizer is adopted with a weight decay
of 0.01. All parameters are randomly initialized except the
pre-training parameters, and all random seeds are fixed. All
experiments are run on the Nvidia Geforce 3090 GPUs. For
MIMIC-CXR, the batch size is set as 48, the average train-
ing time is 1.38 hours per epoch, with a total of 30 epochs
trained. The average inference time is 0.19 seconds per ra-
diograph. And for IU X-Ray, the batch size is set as 24, the
training time is 2.1 hours for 30 epochs and the average in-
ference time is 0.14 seconds per radiograph.

Results and Analyses
In this section, we compared the performance of some repre-
sentative models with our model on MIMIC-CXR and IU X-
Ray. The comparison results are shown in Table 1, the model
testing indicators included in it are all from their published
literature. Models in the first group are mainly generation-
based, including R2Gen (Chen et al. 2020), CMN (Chen
et al. 2021), PPKED (Liu et al. 2021a), Ali-Trans (You et al.
2021) and M2KT (Yang et al. 2023). Models in the second
group are retrieval-based, including HRGR (Li et al. 2018),
KERP (Li et al. 2019) and KGAE (Liu et al. 2021b).

Overall, on MIMIC-CXR, our model achieves the best re-
sults on BLEU-1, BLEU-2, BLEU-3 and the second best re-
sults on BLEU-4. And for IU X-Ray, our model achieves
the best results on BLEU-2, Meteor and the second best re-
sults on BLEU-1, BLEU-3 and ROUGE-L. In detail, our
model outperforms the generation-based models in almost
all metrics on both datasets, which shows that our alignment
method is effective. Additionally, our model achieves better
performance on MIMIC-CXR than IU X-Ray. This is ow-
ing to that MIMIC-CXR is much lager than IU X-Ray and
provides richer cross-modal information. But if the retrieval-
based models are also taken into account, the limitation of
our model on some metrics (e.g. BLEU-4) are revealed. This
may come from the fact that our model are not so good at
generating long phrases as retrieval-based models.

For the Clinical Efficacy metrics, as shown in Table 2,
our model achieves the best results on Precision, Recall and
F1 scores, which demonstrates that reports generated by our
model are not only coherent but also accurate in clinical di-
agnosis.

Effect of Memory Alignment Module
We explore the effect of our Memory Alignment (MA) mod-
ule through ablation studys, and compare it with the Cross-
Modal Memory on the same backbone. The result is shown

in Table 3, all listed models are trained on MIMIC-CXR un-
der the same settings.

Ablation Study. In this part, we tested three models on
MIMIC-CXR for ablation study. Model (a) serves as the
baseline, comprising a visual feature extractor, BERT en-
coders, and a generation head. Model (b) adds a MA based
on model (a), which using only visual embeddings as input
of MA. Model (d) is our full model. Compared to the base-
line which generates reports according to the visual features
only, (b) and (d) gain additional cross-modal knowledge
from the memory alignment embeddings to assist in gen-
eration. As a result, they both outperform the baseline, with
an average improvement on all NLG metrics by 7.91% and
10.29%. Model (d) performs better than (b) after adding the
positional embedding to the input, with an average improve-
ment of 2.17% across all metrics, indicating better align-
ment performance. This is because the positional embedding
contains some cross-modal knowledge learnt by the gener-
ator, which may be able to add some ”common sense” to
the alignment. We believe that this can further improve the
robustness of the model as well as the alignment.

Comparison with the Cross-Modal Memory. In this
part, we compare our model with the Cross-Modal Memory
(CMM) from three aspects: parameter quantity, alignment
costs and NLG metrics. Model (c) is the combination of our
baseline and the CMM, whose structure and hyperparame-
ters are consistent with those described in (Chen et al. 2021).

In terms of parameter quantity, the memory matrix in
CMM consists of 2,048 memory vectors, while ours con-
sists of only 100 memory vectors, accounting for about 4.9%
of the former. Furthermore, there is a huge alignment cost
gap between the two methods, since our method needs to be
computed only once during the generation process, while the
memory matrix of CMM needs to be queried every time for
a newly generated word. Under the same conditions, the av-
erage inference time of Model (a), Model (c) and Model (d)
is 0.19s, 0.48s and 0.19s per radiograph, respectively. Our
model has almost no impact on the inference time, while the
Model (c) takes about 2.5 times longer to do it. At the same
time, our model outperform the Model (c) with an average
improvement on all NLG metrics by 6.8%. In summary, on
the same backbone, our method achieves better results with
fewer parameters and alignment costs. This is because in our
approach, the memory matrix only needs to store the cross-
modal knowledge and some additional knowledge from the
generator can be utilized.

Impact of the Memory Matrix Size
We trained our model in different memory vector numbers η
from 16 to 256 on the MIMIC-CXR to study its impact on
the results. As shown in Table 4, when η is relatively small
(e.g. 16 and 32), the model performs poorly, means that the
alignment module even has some negative effects. This may
due to the fact that the alignment module can only give some
similar outputs due to insufficient parameters, which in turn
affects the utilization of visual features. On the other hand,
when η is too large (e.g. 256), the results also decreased due
to overfitting or other reasons. The model achieves the best
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Models Years
MIMIC-CXR IU X-Ray

B@1 B@2 B@3 B@4 M R B@1 B@2 B@3 B@4 M R

R2Gen 2020 0.353 0.218 0.145 0.103 0.128 0.267 0.470 0.304 0.219 0.165 0.187 0.371
CMN 2021 0.353 0.218 0.148 0.108 0.142 0.277 0.475 0.309 0.222 0.170 0.191 0.375
PPKED 2021 0.360 0.224 0.149 0.106 0.149 0.284 0.483 0.315 0.224 0.168 - 0.376
Ali-Trans 2021 0.378 0.235 0.156 0.112 0.158 0.283 0.484 0.313 0.225 0.173 0.204 0.379
M2KT 2023 0.386 0.237 0.157 0.111 - 0.274 0.497 0.319 0.230 0.174 - 0.399

HRGR 2018 - - - - - - 0.438 0.298 0.208 0.151 - 0.322
KERP 2019 - - - - - - 0.482 0.325 0.226 0.162 - 0.339
KGAE 2021 0.369 0.231 0.156 0.118 0.153 0.295 0.512 0.327 0.240 0.179 0.195 0.383

Ours 0.396 0.244 0.162 0.115 0.151 0.274 0.501 0.328 0.230 0.170 0.213 0.386

Table 1: Result on the test set of MIMIC-CXR and IU X-Ray. B@n for BLEU-n, R for ROUGE-L, and M for METEOR.
Models in the first group are mainly generation-based, and in the second group are retrieval-based. Bolded numbers are the best
results, and underlined ones are the second best.

Models P R F1

TOPDOWN (Anderson et al. 2018) 0.322 0.239 0.249
R2Gen (Chen et al. 2020) 0.333 0.273 0.276
CMN (Chen et al. 2021) 0.334 0.275 0.278
RL-CMN (Qin and Song 2022) 0.342 0.294 0.292
KGAE (Liu et al. 2021b) 0.389 0.362 0.355
Ours 0.411 0.398 0.389

Table 2: Results of the CE metrics on the MIMIC-CXR.P
for Precision, R for Recall

Model
MA

CMM
MIMIC-CXR

v p B@1 B@4 M R

(a) 0.357 0.101 0.136 0.270
(b) X 0.389 0.110 0.149 0.275
(c) X 0.369 0.106 0.141 0.267
(d) X X 0.396 0.115 0.151 0.274

Table 3: Result of the ablation studys and comparison exper-
iment on MIMIC-CXR. v and p refer to visual embeddings
and positional embeddings respectively, and the CMM refers
to the Cross-Modal Memory.

performance when η is 100, and the performance around it
is not much different. Therefore, in order to achieve good re-
sults, a suitable size of the memory matrix is required. How-
ever, this does not mean that the module is sensitive to its
size, the performance can be significantly improved within
a reasonable range of η.

Visual Analysis
We perform a case in Figure 4 to qualitative analysis the ef-
fect of the alignment between visual and textual features.
The figure contains a radiology image with a ground-truth
report taken from MIMIC-CXR, and two reports generated
by the baseline and our model, respectively. For further anal-
ysis, we show some activation maps of the generated words
(bold and italic), which can qualitatively demonstrate the
alignment effect of the model. The darker the color in the

η BLEU-1 BLEU-4 M R ∆

16 0.346 0.092 0.125 0.253 -6.5%
32 0.355 0.098 0.135 0.264 -1.6%
64 0.370 0.102 0.139 0.264 1.2%

100 0.396 0.115 0.151 0.274 9.3%
128 0.391 0.111 0.148 0.272 7.2%
256 0.384 0.108 0.143 0.269 4.8%

Table 4: Model with different memory vector numbers η.
The ∆ in the table refers to the average implementation on
the baseline.

activation maps, the more attention the model pays to this
area.

Note that our model has different attention regions for dif-
ferent words, shows that there exist some corresponding re-
lationships between visual and textual features. For exam-
lpe, the word ”cardiomediastinal” corresponds well to the
area of the heart. However, the baseline focuses almost on a
fixed area, which means it is more likely to ignore the im-
age and randomly generate high-frequency sentences. The
report generated by the baseline model contains some rel-
evant findings, but it also includes many irrelevant high-
frequency expressions, such as ”As compared to the pre-
vious...”. Though high-frequency expressions may help in
achieving high NLG metrics, they are not always in line
with the actual situation. While the report generated by our
model contains many expressions (underlined) that are the
same or similar to the ground-truth, such as ”no focal con-
solidation pleural effusion or pneumothorax”. This Shows
that the model can generate better and accurate reports with
the aids of the alignment.

Conclusion
In this paper, we propose a Memory Alignment module,
which can align the visual and textual features through a
memory matrix, and assist the model to generate a coher-
ent and informative report. Visual analysis demonstrates that
our model can effectively align the information between im-
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Figure 4: Visualization of the case, the left is the original image and report from MIMIC-CXR, and the right are the reports
with partial activation maps generated by the baseline and our model respectively. The activation map corresponds to the word
above it, the darker the color in the activation maps, the more attention the model pays to that area.

ages and text, and generate more accurate reports. The com-
parison experiments with other alignment approaches proves
that our Memory Alignment module is simpler and more ef-
fective. In addition, our model demonstrated excellent per-
formance on both public datasets, further validating the ef-
fectiveness of the proposed Memory Alignment module.
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Alberola-López, C.; and Fichtinger, G., eds., Medical Im-
age Computing and Computer Assisted Intervention – MIC-
CAI 2018, 457–466. Cham: Springer International Publish-
ing. ISBN 978-3-030-00928-1.
Yan, B.; and Pei, M. 2022. Clinical-BERT: Vision-Language
Pre-training for Radiograph Diagnosis and Reports Genera-
tion. Proceedings of the AAAI Conference on Artificial In-
telligence, 36(3): 2982–2990.
Yang, S.; Wu, X.; Ge, S.; Zheng, Z.; Zhou, S. K.; and Xiao,
L. 2023. Radiology report generation with a learned knowl-
edge base and multi-modal alignment. Medical Image Anal-
ysis, 86: 102798.
You, D.; Liu, F.; Ge, S.; Xie, X.; Zhang, J.; and Wu, X.
2021. AlignTransformer: Hierarchical Alignment of Visual
Regions and Disease Tags for Medical Report Generation.
In de Bruijne, M.; Cattin, P. C.; Cotin, S.; Padoy, N.; Spei-
del, S.; Zheng, Y.; and Essert, C., eds., Medical Image Com-
puting and Computer Assisted Intervention – MICCAI 2021,
72–82. Cham: Springer International Publishing. ISBN 978-
3-030-87199-4.

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

4783


