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Abstract

Automatic radiology report generation has attracted enor-
mous research interest due to its practical value in reducing
the workload of radiologists. However, simultaneously es-
tablishing global correspondences between the image (e.g.,
Chest X-ray) and its related report and local alignments
between image patches and keywords remains challenging.
To this end, we propose an Unify, Align and then Refine
(UAR) approach to learn multi-level cross-modal alignments
and introduce three novel modules: Latent Space Unifier
(LSU), Cross-modal Representation Aligner (CRA) and Text-
to-Image Refiner (TIR). Specifically, LSU unifies multimodal
data into discrete tokens, making it flexible to learn common
knowledge among modalities with a shared network. The
modality-agnostic CRA learns discriminative features via a
set of orthonormal basis and a dual-gate mechanism first and
then globally aligns visual and textual representations under
a triplet contrastive loss. TIR boosts token-level local align-
ment via calibrating text-to-image attention with a learnable
mask. Additionally, we design a two-stage training proce-
dure to make UAR gradually grasp cross-modal alignments
at different levels, which imitates radiologists’ workflow:
writing sentence by sentence first and then checking word
by word. Extensive experiments and analyses on IU-Xray
and MIMIC-CXR benchmark datasets demonstrate the supe-
riority of our UAR against varied state-of-the-art methods.

1. Introduction

Automatic radiology report generation, as a potential
intelligent assistant to relieve radiologists from the heavy
workload, has attracted a surge of research interests in re-
cent years [18, 24, 17, 23, 7, 29, 51, 56]. Mainstream
methods adopt the de facto encoder-decoder framework,
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Figure 1. Challenges of modeling cross-modal alignments in radi-
ology report generation. At the encoding stage, it is intractable to
globally align visual and textual semantics due to (a) their different
characteristics (i.e., continuous signals vs. discrete data) and (b) the
lack of cross-modal interactions. (c) During decoding, capturing
the fine-grained alignment between keywords and image patches is
difficult because of the data deviation problem.

where a medical image (e.g., chest X-ray) is first encoded
as latent representations via convolutional neural networks
(CNNs) [42, 14], and then further decoded into a radiology
report comprised of natural language sentences by recurrent
neural networks (RNNs) [15, 9] or fully-attentive networks
like Transformer [45]. The key problems in this task are
twofold: 1) how to obtain comprehensive information asso-
ciated with the input medical image and 2) how to accurately
establish cross-modal alignments (CMA), e.g., matching
generated words with their corresponding image regions.

This paper targets at improving CMA in automatic ra-
diology report generation, which however, is hindered by
three factors shown in Figure 1. First of all, continuous
visual signals and discrete text data have the very differ-
ent characteristics, resulting in semantic inconsistency and
modality-independent encoding pipelines in common prac-
tices. Secondly, as illustrated in Figure 1 (b), the vision and
text modalities are usually encoded via different backbones
without cross-modal interactions [7, 56, 37], leading to dis-
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parities in the representation space. Thirdly, as shown in Fig-
ure 1 (c), there exists the so-called “data deviation” problem,
where important details in the report (e.g., abnormalities) are
sparse. As a result, the above three factors pose challenges
to learning global and local CMA between radiographs and
related reports. To this end, although there has emerged pro-
gresses for improving either global CMA [7, 51, 56, 37] or
local CMA [18, 50, 57, 8], how to exploit multi-level CMA
to enhance radiology report generation is underexplored.

Considering the above issues, we propose a Unify, Align
and Refine (UAR) framework to facilitate multi-level CMA
for generating faithful and believable radiology reports.
Within UAR, we design a Latent Space Unifier (LSU) to
tokenize images into discrete visual tokens with a discrete
variational autoencoder (dVAE) [38]. By doing so, LSU uni-
fies vision and text modalities into discrete tokens, making
it flexible to design a shared network that seamlessly pro-
cesses both modalities to learn common knowledge [49, 55].
Next, we introduce a modality-agnostic Cross-modal Rep-
resentation Aligner (CRA) to learn global CMA. In imple-
mentation, CRA not only learns discriminative visual and
textual features based on a set of orthonormal basis and
a dual-gate mechanism, but also globally aligns both type
of features under the supervision of a triplet contrastive
loss [41]. What’s more, we improve local CMA by inte-
grating Transformer [45] with our proposed Text-to-Image
Refiner (TIR). Different from the vanilla attention mecha-
nism in Transformer, TIR additionally contains a learnable
mask to re-calibrate text-to-image attention activations. TIR
constrains the learnable mask with an auxiliary loss to focus
word prediction on useful visual information. Last but not
least, we design a two-stage training procedure to make the
full model grasp CMA at different levels gradually.

We conduct experiments on two widely-adopted radiol-
ogy report generation benchmarks, i.e., IU-Xray [11] and
MIMIC-CXR [19]. The results demonstrate that our UAR
outperforms state-of-the-art methods by a large margin, e.g.,
with up to 1.9% and 15% absolute improvements in terms
of BLEU-4 [36] and CIDEr [46] on IU-Xray, respectively.
Ablation study is also carried out to understand the effect of
each module of our approach.

In brief, our contributions are three-fold:
• To facilitate multi-level cross-modal alignments, we

propose a Unify, Align and Refine framework with three
modules: Latent Space Unifier (LSU), Cross-modal Repre-
sentation Aligner (CRA), and Text-to-Image Refiner (TIR).
• LSU unifies vision and text modalities into discrete to-

kens, based on which CRA learns to align the global seman-
tics of both modalities whereas TIR encourages the token-
level text-to-image alignment.
• Extensive experiments and analyzes on IU-Xray and

MIMIC-CXR datasets validate the superiority and effective-
ness of our approach, which sets state-of-the-art performance

and generates radiology reports accurately.

2. Related Work
2.1. Visual Captioning

As a member of AI-generated content, neural-network-
based visual captioning methods [47, 48, 20, 54, 6] are
rapidly emerging. Mainstream works use CNNs to extract
global [12, 35, 12], grid [53, 33, 39] or region [21, 1, 34]
features, and utilize RNNs [48, 12] with varied attention
mechanisms [43, 1, 16, 34] to capture cross-modal interac-
tions and generate descriptions in an auto-regressive man-
ner. In recent years, a growing number of methods lever-
age the potential of the fully-attentive Transformer [45] in
capturing long-range dependencies to boost captioning per-
formance [10, 59, 27, 13]. However, these methods are de-
signed to generate a one-sentence description, which is brief
and could lack details. Although several works [22, 25] use
hierarchical models to generate long paragraphs, they may
fail to capture accurate concepts and keywords, which limits
application of such models in radiology report generation.

2.2. Chest X-ray Report Generation

To adapt the conventional visual captioning framework
to radiology report generation, various improvements has
been proposed. HRGR [24] designs a retrieval-generation
method, which decides to either generate a new sentence or
retrieve an existing template for different topics. CMAS [17]
utilizes two writers to describe the abnormal and normal
regions respectively. PPKED [29] incorporates the posterior-
and-prior knowledge for alleviating the data deviation prob-
lem. CA [30] compares the current input image with normal
images to obtain discriminative abnormal features. Further-
more, for generating more coherent and consistent reports, re-
inforcement learning [24, 31, 17, 37] is employed to directly
optimize desired metrics, graph-based methods [58, 23] are
used to construct relationships between diseases, and cur-
riculum learning [28] as a training strategy simulates the
writing pattern of “easy first, then difficult”.

Moreover, a portion of works [18] focus on improving
cross-modal alignments (CMA) in radiology report gener-
ation. CoAtt [18] utilizes semantic information produced
by an auxiliary tag prediction task to improve fine-grained
CMA. Self-boosting [51] extracts the text-correlated vi-
sual feature via coupling the image-text matching branch.
TieNet [50] employ a multi-level attention for highlight-
ing the meaningful words and regions. R2GenCMN [7],
CMM+RL [37] and JPG [56] treat trainable memory net-
works as the intermediary of vision and text modalities to
enhance global CMA. However, these methods achieve CMA
implicitly, which could result in insufficient and inaccurate
semantic matching. By contrast, our approach uses explicit
constraints to gradually grasp multi-level CMA.



3. Method
3.1. Overview

As shown in Figure 2, our proposed UAR is built upon
the encoder-decoder framework and contains three novel
modules: Latent Space Unifier (LSU), Cross-modal Repre-
sentation Aligner (CRA), and Text-to-Image Refiner (TIR).
Given a radiograph I , our UAR aims to generate a descrip-
tive report R = {r1, r2, . . . , rT } of T words automatically.
During training, we formulate our approach as follows:

E(I),E(R) = LSU(I,R); (1)

F (I),F (R) = CRA(E(I),E(R)); (2)

ht = TransformerTIR(F
(I),F

(R)
<t ); (3)

pθ(rt|R<t, I) = softmax(Head(ht)). (4)

Specifically, LSU(·) unifies I and R into discrete tokens
and produces their embeddings E(I) and E(R) respectively.
CRA(·) takes embeddings as the input and outputs discrim-
inative features F (I) and F (R), which will be used to con-
trast and align with each other to enhance global cross-modal
alignment (as introduced next). Next, TransformerTIR(·), a
standard Transformer [45] integrated with our proposed TIR
to improve fine-grained cross-modal alignment, calculates
the hidden state at the t-th time step (ht) based on the vi-
sual features F (I) and the preceding textual features F (R)

0:t−1.
Finally, the hidden state ht is mapped into the distribution
over the vocabulary by Head(·) (i.e., a fully-connected layer
and a softmax function). The basic training objective of our
UAR for language modeling is defined as:

LCE = −
T∑
t=1

log pθ(r = rt|R<t, I) (5)

In the following, we will elaborate on our proposed LSU,
CRA, and TIR, followed by the introduction of a two-stage
training procedure.

3.2. Latent Space Unifier (LSU)

As shown in Figure 2 (a), LSU unifies image and text
modalities into discrete tokens and obtain their embeddings.

For extracting visual embeddings E(I) of the input ra-
diograph I , we follow [38] and [4] to exploit a discrete
variational autoencoder (dVAE), which involves three com-
ponents, i.e., a codebook VI , an encoder that maps an image
into distributions over the codebook, and a decoder that
reconstructs the image from its discrete tokens sampled
from the distribution. Please see [38] for more details of
dVAE. Here, we only adopt the codebook and the encoder
of dVAE and discard its decoder. Concretely, the encoder of
dVAE compresses I ∈ RH×W×C intoD ∈ RL×|VI |, where
L = HW/M2 denotes the number of visual tokens, M is

the downsampling factor, and |VI | the size of the codebook.
We apply the argmax operation onD to obtain L visual to-
kens, and then use a trainable look-up matrix WI ∈ R|VI |×d

to attain E(I) ∈ RL×d.
As the radiology reportR is already discrete data, we only

need a vocabulary VR (e.g., constructed from the training
corpus) and a trainable look-up matrix WR ∈ R|VR|×d for
extracting text embeddings E(R) ∈ RT×d.

It is noteworthy that although the dVAE we use is pre-
trained on non-medical images, it produces reasonable re-
construction results for X-ray images (see Appendix).

3.3. Cross-modal Representation Aligner (CRA)

As shown in Figure 2 (b), CRA is modality-agnostic. It
processes visual and textual embeddings with the same set of
orthonormal basis and a dual-gate mechanism to model cross-
modal interactions, and enhances global semantic alignment
under a triplet contrastive loss.

Specifically, we construct a set of orthonormal basisB ∈
R2,048×d via Gram-Schmidt Orthogonalization [40]. Similar
to Layer Normalization [2], we adjustB as follows:

B̂ = γ �B + β, (6)

where � is element-wise multiplication, γ and β are gain
and bias parameters of the same dimension asB. Next, we
use B̂ and the attention mechanism to process embeddings
from different modalities:

F̃ (∗) = Attention(E(∗), B̂, B̂),

Attention(Q,K,V ) = softmax(A)(V WV ),

A = (QWQ)(KWK)>/
√
d,

(7)

where ∗ ∈ {I,R}, A denotes attention activations, and all
W are trainable parameters. In practice, we extend the above
attention mechanism into a multi-head version as in [45]. By
representing features with the same basis B̂, it could benefit
feature alignment [52, 44]. Next, inspired by LSTM [15],
we define a gate mechanism to control the information flow:

G(X,Y ) = σ(XW1 + Y W2), (8)

where σ is the sigmoid function, W1 and W2 are trainable
weights. We introduce a input gate GI(·, ·) and a forget gate
GF (·, ·) to adaptively fuse E(∗) and F̃ (∗) to produce the
final features F (∗) as follows:

F (∗) = GI(E
(∗), F̃ (∗))� tanh (E(∗) + F̃ (∗))

+ GF (E
(∗), F̃ (∗))�E(∗) + F̃ (∗).

(9)

Triplet Contrastive Loss In order to achieve global cross-
modal alignment with explicit supervision signals, we intro-
duce the following training objective:

LGlobal = ReLU
(
α− 〈F (I),F (R)〉+ 〈F (I),F

(R)
− 〉

)
+ ReLU

(
α− 〈F (I),F (R)〉+ 〈F (I)

− ,F (R)〉
) (10)
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Figure 2. Overview of our UAR framework. In addition to the widely-adopted Transformer shown in (c), it comprises three novel modules to
boost multi-level cross-modal alignments: (a) Latent Space Unifier (Section 3.2), (b) Cross-modal Representation Aligner (Section 3.3), and
(c, e) Text-to-Image Refiner (Section 3.4). In (d), we illustrate the flow chart of the dual-gate mechanism shown in (b).

where 〈·, ·〉 denotes cosine similarity, α is the margin value,
and F (R)

− and F (I)
− indicate hard negative samples that have

a high cosine similarity with the anchors F (I) and F (R).

3.4. Text-to-Image Refiner (TIR)

TIR aims to enhance the correspondence between the
radiology report R and its associated image I at the token
level. This is achieved by affects text-to-image attention
patterns with an additional learnable mask, as shown in
Figure 2 (c) and (e). Specifically, we modify the definition
of A (Eq. 7) in the vanilla text-to-image attention of the
Transformer decoder as follows:

A =
(
(QWQ)(KWK)> + k · σ(M)

)
/
√
d (11)

where k is a large scaling constant (e.g., 1,000) and σ(M) ∈
RT×L denotes the learnable mask that impacts the activa-
tions between T textual tokens and L visual tokens. To focus
each text token on proper visual information, we constrain
the mask with the following objective:

LMask =

T∑
i=1

L∑
j=1

(1− σ(Mij)). (12)

3.5. Two-Stage Training

So far, we have introduced three training objectives of our
UAR approach: LCE (Eq. 5) for language modeling, LGlobal

(Eq. 10) for enhancing global cross-modal alignment, and
LMask (Eq. 12) that re-calibrates attention activations to
boost local cross-modal alignment. The overall loss function
of our approach is formulated as:

L = λ1LCE + λ2Lglobal + λ3LMask. (13)

To learn cross-modal alignment incrementally and stably,
we split the training process into two stages. In the first
stage, {λ1, λ2, λ3} = {1, 1, 0}. The model does not include
a learnable mask in the text-to-image attention and is forced
to learn coarse-grained semantic alignment besides language
modeling. In the second stage, {λ1, λ2, λ3} = {1, 1, 1},
i.e., the model additionally emphasizes the learning of fine-
grained semantic alignment.

4. Experiments

4.1. Configurations

Datasets Our evaluation is performed on two publicly avail-
able radiology report generation benchmark datasets, namely
IU-Xray [11] and MIMIC-CXR [19].
• IU-Xray1, established by Indiana University, is a

commonly-used dataset that comprises 7, 470 X-ray images
along with 3, 955 corresponding reports. We use the same
70%-10%-20% training-validation-testing splits as previous

1https://openi.nlm.nih.gov/faq/

https://openi.nlm.nih.gov/faq/


DATASET METHOD BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDER

IU-XRAY [11]

COATT [18] 0.455 0.288 0.205 0.154 - 0.369 0.277
HRGR [24] 0.438 0.298 0.208 0.151 - 0.322 0.343
CMAS-RL [17] 0.464 0.301 0.210 0.154 - 0.362 0.275
SENTSAT+KG [58] 0.441 0.291 0.203 0.417 - 0.304 0.304
R2GEN [8] 0.470 0.304 0.219 0.165 - 0.371 -
CMCL [28] 0.473 0.305 0.217 0.162 0.186 0.378 -
PPKED [29] 0.483 0.315 0.224 0.168 0.190 0.376 0.351
R2GENCMN* [7] 0.470 0.304 0.222 0.170 0.191 0.358 0.344
JPG [56] 0.479 0.319 0.222 0.174 0.193 0.377 -
CMM+RL [37] 0.494 0.321 0.235 0.181 0.201 0.384 -

UAR (Ours) 0.530 0.365 0.263 0.200 0.218 0.405 0.501

MIMIC-CXR [19]

ST [48] 0.299 0.184 0.121 0.084 0.124 0.263 -
ATT2IN [39] 0.325 0.203 0.136 0.096 0.134 0.276 -
ADAATT [33] 0.299 0.185 0.124 0.088 0.118 0.266 -
TOPDOWN [1] 0.317 0.195 0.130 0.092 0.128 0.267 -
R2GEN [8] 0.353 0.218 0.145 0.103 0.142 0.270 -
CMCL [28] 0.344 0.217 0.140 0.097 0.133 0.281 -
PPKED [29] 0.360 0.224 0.149 0.106 0.149 0.284 0.237
R2GENCMN* [7] 0.348 0.206 0.135 0.094 0.136 0.266 0.158

CMM+RL [37] 0.381 0.232 0.155 0.109 0.151 0.287 -

UAR (Ours) 0.363 0.229 0.158 0.107 0.157 0.289 0.246

Table 1. Comparison with state-of-the-art methods on IU-Xray and MIMIC-CXR datasets. Optimal and suboptimal performance is
highlighted. *: Our re-implementations with the official code. Our UAR achieves competitive if not the best performance on all metrics.

works [7, 29, 56]. We keep words that appear more than 3
times, resulting a vocabulary of size around 1K.
• MIMIC-CXR2, provided by Beth Israel Deaconess

Medical Center, is a recently released large chest X-ray
dataset that contains 473, 057 radiographs and 206, 563 cor-
responding reports. We adopt the official splits and retain
words that appear more than 10 times, resulting in a vocabu-
lary of roughly 4K words.

Metrics We report four widespread automatic metrics:
BLEU [36], METEOR [3], ROUGE-L [26] and CIDEr [46],
and compute them with Microsoft COCO Evaluation
Server [5]. Higher is better for all metrics.

Settings Our baseline model comprises a pre-trained
ResNet101 [14] and a randomly initialized Transformer-
Base [45] with 3 layers. For our UAR model, we replace
ResNet101 with a pre-trained dVAE, whose details are left
to Appendix. Following previous works [24, 29, 56], we use
frontal and lateral X-ray images as input on IU-Xray, and
only frontal X-ray images on MIMIC-CXR. To save compu-
tation cost, we resize images to 128×128 and randomly crop
a region of size 112× 112 at the training phase; we directly
resize the image to 112× 112 at the inference phase. We use
the AdamW optimizer [32] to train the model. We employ
distinct training stage arrangements and learning rate sched-
ules, along with varying batch sizes, for different datasets.
More implementation details are given in Appendix.

2https://physionet.org/content/mimic-cxr/

4.2. Comparison with State-of-the-Art Methods

We compare our UAR model with state-of-the-art (SOTA)
methods of different backbones, including CNN-RNN [48,
33, 1, 18] and CNN-Transformer [8, 7, 29, 56]. Besides, we
also consider SOTA methods using different technologies,
including reinforcement learning [39, 24, 17, 37], knowl-
edge graph [58], and curriculum learning [28]. As shown
in Table 1, our approach achieves SOTA performance on
the IU-Xray dataset, with up to 1.9% and 15% absolute
gains in terms of BLEU-4 and CIDEr metrics. As for the
MIMIC-CXR dataset, our UAR obtains competitive results
compared to the strongest competitor, i.e., CMM+RL [37],
which utilizes reinforcement learning to directly optimize
metric scores. Notably, as our approach mainly involves net-
work designing, incorporating existing technologies like re-
inforcement learning and curriculum learning may bring fur-
ther improvements. Besides, the superiority of our approach
against CoATT [18], R2GenCMN [7], and JPG [56] show the
necessity of capturing multi-level cross-modal alignments.

5. Ablation Study and Analysis
In this section, we delve deeper into each module of our

UAR with both quantitative and qualitative results.

5.1. Effect of Latent Space Unifier

Quantitative Analysis As shown in Table 2 show, model
(a) surpasses the base model on all metrics, e.g., 2.3% im-

https://physionet.org/content/mimic-cxr/


SECTION MODEL LSU
CRA

TIR TWO-STAGE
TRAINING

DATASET: IU-XRAY [11]

Integration Lglobal BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDER

3.2 BASE 0.424 0.268 0.189 0.144 0.171 0.339 0.271
(a)

√
0.475 0.319 0.233 0.177 0.218 0.399 0.295

3.3
(b)

√
0.446 0.283 0.196 0.141 0.174 0.360 0.330

(c)
√

0.426 0.274 0.192 0.143 0.184 0.356 0.409
(d)

√ √
0.471 0.302 0.213 0.158 0.187 0.390 0.393

3.4 (e)
√ √ √

0.538 0.365 0.262 0.193 0.218 0.365 0.410

(f)
√ √ √ √

0.505 0.332 0.244 0.182 0.206 0.401 0.460

3.5 UAR (Ours)
√ √ √ √ √

0.530 0.365 0.263 0.200 0.218 0.405 0.501

Table 2. Ablation studies on the proposed Latent Space Unifier (LSU), Cross-modal Representation Aligner (CRA), Text-to-Image Refiner
(TIR), and the two-stage training procedure. In CRA, “Integration” means using the orthogonal subspace and the dual-gate mechanism
simultaneously. As we can observe, our UAR model significantly outperforms the base model on all metrics.

BL-1 BL-2 BL-3 BL-4 MTOR RG-L CIDER

Ours 0.530 0.365 0.263 0.200 0.218 0.405 0.501

Uniform 0.441 0.284 0.207 0.158 0.179 0.378 0.428

Normal 0.467 0.303 0.210 0.155 0.197 0.371 0.427

Table 3. Effect of using subspaces subject to orthogonal (default),
uniform, and normal distributions in the proposed CRA.

provements on BLEU-4. Meanwhile, model (a) is also a
strong competitor even compared with the SOTA methods
listed in Table 1 on IU-Xray. The performance boost is pos-
sibly because LSU reconciles the distributions of visual and
textual data and thus prompts the implicit learning of cross-
modal alignments. To verify our hypothesis, we calculate
the alignment score3 of different models. As shown in Fig-
ure 4 (a), we can observe that “Base + LSU” achieves higher
alignment score than the base model, i.e., 49% vs. 36%.
which proves the potential of LSU in implicitly aligning
features of different modalities.

Qualitative Analysis We visualize the heatmaps of pairwise
cosine similarity among all data samples in Figure 4 (b-d).
As we can see in (b), samples similar to the query sample are
relatively rare in the base model. Considering that radiology
reports contain inherent patterns, high correlations shall be
observed frequently. In (c), integrating the base model with
LSU improves this situation to some extent via unifying
multimodal characteristics. Furthermore, Figure 3 shows
retrieval results of different models given the same image as
the query. We can see that compared with the base model,
“Base + LSU” gives higher cosine similarity between the
query image and the ground-truth report, i.e., 0.4440 →
0.6060. These results further confirm that LSU can benefit

3Alignment score is defined as the portion of radiograph-report pairs
whose cosine similarity of features is larger than 0.5 after min-max normal-
ization.

BL-1 BL-2 BL-3 BL-4 MTOR RG-L CIDER

Ours 0.530 0.365 0.263 0.200 0.218 0.405 0.501

No Gate 0.439 0.296 0.208 0.155 0.193 0.373 0.405

Addition 0.487 0.318 0.225 0.167 0.214 0.386 0.376

Table 4. Effect of different fusing mechanisms in the proposed
CRA, including dual-gate (default), “no gate”: F (∗) = F̃ (∗), and
“addition”: F (∗) = E(∗) + F̃ (∗).

global semantic alignments.

5.2. Effect of Cross-modal Representation Aligner

Quantitative Analysis By comparing models (b,c,d) with
the base model in Table 2, we can observe that both the
feature integration and the triplet contrastive loss of CRA
can bring performance boosts. Specifically, the feature in-
tegration encourages the model to generate fluent and faith-
ful reports and thus model (b) achieves higher BLEU and
ROUGE-L scores than the base model. Meanwhile, the
triplet contrastive loss promotes the generation of diverse
sentences that are semantically consistent with ground truth
report, resulting in higher CIDEr score of model (c) than the
base model. By combining complementary merits of models
(b) and (c), model (d) performs better. Moreover, compared
with model (d), incorporating LSU and CRA (i.e., model
(e)) brings furhter improvements, which can be attributed to
the better cross-modal alignment ability shown in Figure 4
(a), where model (e) (i.e., “Base + LSU + CRA”) gets the
highest alignment score (68%).

As the feature integration of CRA is composed of two
parts: the orthogonal subspace 4 and the two-gate mecha-
nism, we investigate different variants that can be substituted
with our proposals in Table 3 and Table 4. We can see that

4Since we use the scaled mechanism like Layer Normalization [2] to
adjust the basis, the orthonormal subspace evolved into orthogonal.



Base + LSU + CRA

Rank 1
0.8020

Cardiomegaly is present. There is 

interstitial pulmonary edema with 

the <unk> of xxxx <unk>. There is 

no pneumothorax. There is an 

<unk> 17 mm nodular opacity 

projecting between the posterior left 

5th and 6th ribs. There is a 10 mm 

nodular density projecting over the 

right posterior <unk> rib. There is a 

xxxx posterior. 

Rank 2
0.7758

<unk> noncalcified lung nodules 

are present in the left lower lobe. 

The <unk> measures <unk> mm in 

diameter. <unk> nodule is present 

near the right hilum. It is 

approximately 2 cm in diameter. 

The xxxx and mediastinum appear 

normal. Heart size normal.

Rank 565
0.4440

Ground Truth

Rank 1
0.7342 

Ground Truth

Rank 2
0.7333

Lungs are clear. Heart size normal. No pneumothorax.                 

Rank 3
0.7299

The cardiac contours are normal. The lungs are 

clear. Thoracic spondylosis. 

Rank 1
0.6683

Stable cardiomegaly and mediastinal contour. Increased 

interstitial lung markings are seen possibly due to 

volume <unk>. There is improved aeration of the lung 

bases with small residual left basilar effusion. No xxxx 

focal consolidation or pneumothorax. Stable tunneled 

<unk> catheter. Visualized osseous structures appear 

intact.

Rank 2
0.6678 

Lung volumes remain low. No infiltrates. Heart and 

pulmonary xxxx remain normal.

Rank 22
0.6060

Ground Truth

Ground Truth: heart size is 

normal and the lungs are clear. 

Image Query

Image Retrieval

Base

Base + LSU

Report Retrieval

Base + LSU + CRA

Base

Base + LSU

Figure 3. Image retrieval and report retrieval results of different models. “Base”, “Base + LSU”, and “Base + LSU + CRA” correspond to the
base model, model (a) and model (e) in Table 2, respectively. In report retrieval, we highlight accurate, reasonable, and wrong phrases. We
also foreground rankings and cosine similarities. As we can observe, the model is more likely to retrieve the ground-truth report by gradually
integrating the base model with our proposed LSU and CRA, i.e., our approach effectively enhances global semantic alignments.
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Figure 4. (a): Alignment scores of different models. (b-d):
Heatmaps of pairwise cosine similarity among all data samples.

our proposed orthogonal subspace outperforms the uniform
and normal ones, and the dual-gate mechanism is superior
in feature fusion than all other variants.

Qualitative Analysis Here, we first probe into the SOTA
R2GenCMN model [7] that enhance global semantic align-
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Figure 5. Visualization of Gram matrix for the memory matrix
trained in R2GenCMN [7].

ments with a memory matrix. We visualize the Gram matrix
of the pre-trained memory matrix in Figure 5. Surprisingly,
almost all values in Gram matrix equal to 0, demonstrat-
ing that it is approximately an orthogonal subspace. This
visualization result justifies our subspace design in CRA.

Likewise, we show the similarity heatmap of “Base +
LSU + CRA” in Figure 4 (d), whose pattern is quite different
to that of (b) and (c). In Figure 3, we can observe that “Base +
LSU + CRA” performs the best in retrieval. On the one hand,
retrieved reports have high similarity to the query image, and
they are semantically consistent with the ground-truth report,
e.g., lung are clear and the cardiac contours are normal.



Cardiomediastinal silhouette and pulmonary vasculature are within normal limits. Lungs are clear. No pneumothorax or pleural

effusion. No acute osseous findings.

The cardiomediastinal silhouette is normal in size and contour. No focal consolidat-ion pneumothorax or large pleural effuseon.

Normal xxxx.

The cardiomediastinal silhouette and pulmonary vasculature are within normal limits. The lungs are clear. No consolidation

pneumothorax or pleural effusion. No acute bony findings.

(w/o TIR) 

Ours

No acute bony findings Lungs clearNormal xxxx

Ours

(full)

Input Image

Ground 

Truth

Figure 6. An example of radiology reports generated by our model without or with the proposed Text-to-Image Refiner (TIR). We highlight
incomplete and detailed descriptions in the report. We also show the text-to-image attention heatmaps of specific descriptions at the top.
Our full model learns accurate correspondences between image regions and keywords.

On the other hand, the ground-truth report can be retrieved
precisely, i.e., ranking first with a similarity of 0.7342.

In brief, the above quantitative and qualitative analyses
verify that our proposed LSU and CRA can effectively en-
hances global semantic alignments.

5.3. Effect of Text-to-Image Refiner

Quantitative Analysis By comparing model (e), (f), and
our UAR model in Table 2, we have the following observa-
tions. 1) TIR can effectively improves the CIDEr metric,
e.g., 5% absolute improvement for model (f) vs. model
(e), showing that TIR is beneficial for generating accurate
keywords in the radiology report. Moreover, excluding two-
stage training leads to obvious performance degradation, i.e.,
our UAR model vs. model (f). This indicates the instability
of multi-objective optimization and proves the effectiveness
of our two-stage training procedure.

Qualitative Analysis In Figure 6, we illustrate the effect
of TIR on radiology report generation. As we can see, the
model without TIR outputs an useless description “Normal
xxxx”, where “xxxx“ is anonymized information used to pro-
tect patient privacy and results in an incomplete sentence. By
contrast, our TIR remedies this content omission and inter-
prets the visual content in detail. Additionally, text-to-image
attention heatmaps demonstrate that our TIR is capable of
focusing word prediction on proper visual information.

In all, TIR can capture accurate fine-grained correspon-
dences between image regions and keywords. Our full model
can generate more informative and meaningful radiology re-
ports by enhancing multi-level semantic alignments.

6. Conclusion
In this paper, we make the first attempt to align visual

and textual semantics at different levels with explicit con-
straints in automatic radiology report generation. To this
end, we propose the UAR approach to unify multimodal data
into discrete tokens, align visual and textual representations
globally, and refine fine-grained text-to-image correspon-
dences. Extensive experiments and analyses on two bench-
mark datasets, i.e., IU-Xray and MIMIC-CXR, demonstrate
that our approach can generate more informative and mean-
ingful radiology reports by boosting multi-level cross-modal
alignments and thus achieves state-of-the-art performance.
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