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Abstract

Current self-supervised methods, such as contrastive learn-
ing, predominantly focus on global discrimination, neglect-
ing the critical fine-grained anatomical details required for
accurate radiographic analysis. To address this challenge,
we propose the Anatomy-driven self-supervised framework
for enhancing Fine-grained Representation in radiographic
image analysis (AFiRe). The core idea of AFiRe is to
align the anatomical consistency with the unique token-
processing characteristics of Vision Transformer. Specifi-
cally, AFiRe synergistically performs two self-supervised
schemes: (i) Token-wise anatomy-guided contrastive learn-
ing, which aligns image tokens based on structural and
categorical consistency to enhance fine-grained spatial-
anatomical discrimination; (ii) Pixel-level anomaly-removal
restoration, which particularly focuses on local anomalies,
thereby refining the learned discrimination with detailed geo-
metrical information. Additionally, we propose the Synthetic
Lesion Mask to enhance anatomical diversity while preserv-
ing intra-consistency, which is typically corrupted by tradi-
tional data augmentations, such as Cropping and Affine trans-
formations. Experimental results show that AFiRe: (i) pro-
vides robust anatomical discrimination, achieving more cohe-
sive feature clusters compared to state-of-the-art contrastive
learning methods; (ii) demonstrates superior generalization,
surpassing 7 radiography-specific self-supervised methods in
multi-label classification tasks with limited labeling; and (iii)
integrates fine-grained information, enabling precise anomaly
detection using only image-level annotations.

Code — https://github.com/LYH-hh/AFiRe

Introduction

Contrastive learning (CL) has emerged as a powerful method
in self-supervised learning (SSL), demonstrating its effec-
tiveness without relying on expert annotations (Caron et al.
2020, 2021). In natural image analysis, prevailing CL meth-
ods like SimCLR (Chen et al. 2020a) and MoCo (He et al.
2020) primarily focus on global discrimination. Explicitly,
they consider the entire image and its transformations as
positive pairs, while treating different images as negative
pairs (Wu et al. 2018; Misra and Maaten 2020). Although
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Figure 1: Conception of the proposed method. (a) Local
radiographic structures at the same location exhibit anatomi-
cal consistency. (b) By aligning anatomical consistency with
the token-processing characteristics of ViT, tokens at the
same position within a batch share similar structural seman-
tics, while those at different positions convey distinct ones.

these models successfully capture high-level representations
across diverse images and achieve invariance to salience
changes, their efficacy is limited when applied to radio-
graphic images (Zhou et al. 2021a; Haghighi et al. 2022).

Natural images exhibit invariance of foreground objects
across diverse backgrounds, which directs contrastive tasks
to emphasize image-level discrimination (Misra and Maaten
2020). In contrast, radiographic images present clinical
salience dispersed throughout the image (Li et al. 2024), ne-
cessitating the model’s attention to fine-grained discrimina-
tion, including the distribution of densities, the arrangement
of tissues, and the presence of specific pathologies (Agu
et al. 2021; Zhao et al. 2021b). For example, faint opacities
may indicate early signs of pneumonia, while fine reticular
patterns can suggest interstitial lung disease. Therefore, in-
corporating fine-grained details, such as detailed anatomical
structures and complex spatial relationships (Haghighi et al.
2024; Chen et al. 2023), into high-level representations is
essential for accurately identifying normal anatomy and de-
tecting various lesions in radiographic images.

Recent advances in medical contrastive learning (MCL)
have incorporated fine-grained information by focusing on
region discrimination (Chen et al. 2023; Singh, Gorade, and
Mishra 2024; Li et al. 2024). These approaches aim to em-
bed semantically consistent features while distinguishing
them from features with distinct semantics (Taher, Gotway,



and Liang 2024). However, the variability of diseases makes
it difficult to comprehensively capture pathological seman-
tics, and additional resources are required to determine the
relevant areas (such as pre-selection (Huang et al. 2021)).
Another effective method for enriching fine-grained infor-
mation is to integrate the pixel restoration with MCL (Zhou
et al. 2021a; Haghighi et al. 2024). However, these meth-
ods typically exhibit a deficiency in anatomical semantics,
as they restore pixel-level content directly from latent rep-
resentations. This plain pixel information limits the model’s
capability to focus on salient clinical patterns.

In this paper, to circumvent the challenge posed by hetero-
geneous anomalies, which potentially leads to insufficient
learning of semantic information, we highlight that compre-
hensive learning of normal anatomical patterns is compar-
atively easier. This advantage stems from the significant se-
mantic similarity observed in normal radiographic images
(Xiang et al. 2023), which are characterized by anatomical
consistency and stable focal regions across different indi-
viduals (Fig. 1(a)). Such similarity facilitates the effective
decoupling of underlying anomalies from normal structures,
thereby enhancing pathological diagnosis performance. Ad-
ditionally, to avoid region pre-selection, we hypothesize that
each distinct token in Vision Transformers (ViTs) (Dosovit-
skiy et al. 2021) explicitly represents the predominant in-
formation of specific local anatomical structures. This hy-
pothesis is inspired by SelfPatch (Yun et al. 2022), which
asserts that ViTs have inherent architectural advantages for
enhancing visual representations through the processing of
discrete image tokens. Summarily, our core idea is to align
anatomical consistency with the unique token-processing
characteristics of ViT to enhance fine-grained radiographic
representation (Fig. 1(b)). These alignments are also piv-
otal in anomaly-specific restoration for preserving pixel-
level anatomy-associated (i.e., geometrical) information.

Based on the analysis above, we propose a novel
Anatomy-driven self-supervised framework to enhance
Fine-grained Representation in radiographic images
(AFiRe). Equipped with the designed Synthetic Lesion
Masks (SLMs), an anatomy augmentation inspired by
AnatPaste (Sato et al. 2023), AFiRe aligns ViT tokens with
local anatomical structures via synergistically performing
two SSL tasks: Token-wise anatomy-guided contrastive
learning and Pixel-level anomaly-removal restoration.

For the contrastive learning task, instead of analyzing en-
tire images, AFiRe processes each disjoint token in ViT as
an independent sample. By maximizing mutual information
among these tokens within a batch, this task learns fine-
grained structural invariance and discriminative semantics
based on structural and categorical consistency. To guide the
model in comprehensively learning the normal anatomical
patterns, we introduce a group of spatial-aware prototypes
in this task. These prototypes represent the distribution of
different anatomical structures, serving as pseudo-cluster as-
signments for the predicted token probabilities. For the pixel
restoration task, we strategically focus on restoring specific
abnormal tokens augmented by SLMs. Concretely, we re-
move these abnormal tokens by substituting them with train-
able masked tokens to restore their corresponding normal
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pixels. Hence, the latent representations retain both normal
and abnormal information while preserving geometrical de-
tails closely associated with various anatomical structures.

Our extensive experiments demonstrate that AFiRe en-
hances the model’s capacity to capture fine-grained dis-
criminative information from normal radiographic images,
facilitating a more robust representation across different
anatomic structures. Compared to different supervised and
self-supervised benchmarks, AFiRe achieves superior per-
formance in multi-label classification tasks, indicating its
generalization in analyzing real disease images. Further-
more, AFiRe has observable advantages in three anomaly
detection tasks, outperforming the state-of-the-art counter-
parts. Overall, our contributions are as follows:

We design a Token-wise anatomy-guided contrastive
learning SSL task, equipped with spatial-aware proto-
types to integrate fine-grained anatomical discrimination
based on structural and categorical consistency.

We design a Pixel-level anomaly-removal restoration
SSL task to preserve detailed geometrical information
closely associated with various anatomical structures.

We introduce Synthetic Lesion Mask, an efficient
anatomical data augmentation technique, to enhance
anatomical diversity while preserving intra-consistency.

We propose an Anatomy-driven self-supervised frame-
work that synergistically optimizes the aforementioned
tasks to achieve robust radiographic representation with
fine-grained anatomical information.

Related Work

SSL has become a prominent topic in medical image anal-
ysis, enabling the extraction of meaningful representations
directly from data without the need for explicit disease-
specific labels. In this section, we review recent advance-
ments that are most relevant to our proposed AFiRe method.
Medical Contrastive Learning. This approach typically
uses encoders to cluster instances within the pseudo-classes
(Sowrirajan et al. 2021; Azizi et al. 2021; Vu et al.
2021). Recent research, including C2L (Zhou et al. 2020)
adapts general contrastive methods to learn distinctive pat-
terns across various medical images. Adamvl (Hossein-
zadeh Taher, Gotway, and Liang 2023) applies hierarchical
contrastive learning, capturing anatomy in a coarse-to-fine
manner. Adamv?2 (Taher, Gotway, and Liang 2024) expands
it by enhancing radiographic representation with localizabil-
ity, composability, and decomposability. While these meth-
ods show effective applications in medical tasks, they re-
main focused on image-level discrimination based on the in-
put, neglecting the fine-grained anatomical information that
could be aligned with token-level representations.

Medical Restorative Learning. This approach reconstructs
original images from corrupted versions, enhancing pixel-
level details to identify normal anatomy and various abnor-
malities (Haghighi et al. 2024). Key advancements include
Model Genesis (MG) (Zhou et al. 2021b), which uses image
restoration tasks on unlabeled medical images; TransVW
(Haghighi et al. 2021), which defines a “visual word” as a
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Figure 2: Overview of the proposed AFiRe. It synergistically performs two self-supervised proxy tasks: Token-wise anatomy-
guided contrastive learning (Task I) and Pixel-level anomaly-removal restoration (Task II). For each normal input x;, we
perturb it using the designed Synthetic Lesion Mask (M) to produce abnormal input «. In Task I, a group of spatial-aware
prototypes, updated by the teacher network’s output, serve as pseudo-cluster labels to maximize alignment among tokens from
student networks belonging to the same class or structure. In Task II, the restoration target particularly focuses on the abnormal
tokens from augmented pairs of normal radiographic images by substituting them with mask tokens in the latent space.

recurring anatomical segment across images. SQUID (Xi-
ang et al. 2023) leverages space-aware memory queues to
capture spatial correlations and consistent anatomical struc-
tures in chest images, thereby demonstrating effectiveness
in anomaly detection through unsupervised learning. Anat-
Paste (Sato et al. 2023) introduces anatomy-aware pasting
augmentation, generating synthetic images to distinguish
real normal images with a one-class classifier under SSL.
These methods have shown promise in radiographic repre-
sentation learning by preserving detailed patterns; however,
they are often suboptimal for radiography classification due
to limited high-level discrimination.
Medical Synergistic Learning. To harness complementary
advantages, synergistic SSL approaches have been proposed
for radiographic representation learning. DiRA (Haghighi
et al. 2022) combines discriminative, restorative, and ad-
versarial learning to capture complementary visual informa-
tion, enhancing fine-grained semantic representation learn-
ing. PCRL (Zhou et al. 2021a) incorporates preservation
mechanisms to reconstruct diverse image contexts, refining
the representations derived from contrastive methods.
While these models offer progress, the proposed AFiRe
advances the comprehensive integration of anatomical in-
formation by introducing Token-Wise Anatomy-Guided
Contrastive Learning and Pixel-Level Anomaly-Removal
Restoration, achieving both fine-grained high-level discrim-
ination and preservation of pixel-level anatomical geometry.

Method

To enhance fine-grained anatomical representation in radio-
graphic image analysis, we propose an anatomy-driven self-
supervised framework as depicted in Fig. 2. Our frame-
work employs a siamese ViT architecture to extract fea-
tures from real normal and generated abnormal images
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by introducing the Synthetic Lesion Mask. Based on the
alignment of anatomical consistency with the unique token-
processing characteristics of ViT, this framework syner-
gistically performs two SSL tasks: (i) Task I, the Token-
wise anatomy-guided contrastive learning, aims to enhance
fine-grained discriminative information by maximizing mu-
tual information among individual image tokens within the
same class or anatomical structure; and (ii) Task II, the
Pixel-level anomaly-removal restoration, aims to incorpo-
rate geometric-based anatomical details by optimizing the
alignment of abnormal tokens between the normal image
and its reconstructed counterpart at the pixel level.

In the following, we introduce each component individu-
ally and then discuss the synergistic training scheme.

Feature Extraction with Siamese Network

As shown in Fig. 2, the overall structure of the AFiRe com-
prises a student branch and a teacher branch. In our train-
ing scheme, the student network ES, parameterized by 6%,
is trained to match the spatial-aware prototypes updated by
the output of the teacher network ET, parameterized by 67.
Both networks share identical ViT architectures. During the
pre-training phase, only 6 is updated via back-propagation,
while 4T is updated using an exponential moving average
(EMA) (He et al. 2020; Caron et al. 2021) of 85 as follows:

0" = AT+ (1 - \)6°, (1)
where )\ follows a cosine schedule from 0.99 to 1.

To leverage the anatomical consistency observed in nor-
mal radiographic images (Xiang et al. 2023), we incorporate
two types of input data during the pre-training stage: (i) Real
normal images {z;}2 |, which provide a baseline to estab-
lish the distribution of typical anatomical structures, and (ii)
Synthetic abnormal images {x}}2 |, which integrate cate-
gory discriminative information by simulating pathologies



using Synthetic Lesion Masks. Here, B represents the batch
size, and the images x; and x/ are encoded by the teacher
network ET and the student network ES, respectively.

Alignment Anatomical Consistency with ViT Tokens.
ViTs process input images as sequences of non- overlapping
patches, with the extracted features {2} ;}7_, and {z Ey
(white blocks in Fig. 2) corresponding’ to token wise repre—
sentations, where L is the length of image token sequences.
Each z; ; represents the j-th positional token, correspond-
ing to the j-th local anatomical structure in the ¢-th image.
In the subsequent Task I and Task II, we explicitly align the
anatomical consistency exhibited in {z , and {2} b
with the unique token-processing characterlstlcs of V1Ts to
enhance fine-grained radiographic representation.

Anatomy Augmentation via Synthetic Lesion Mask. Tra-
ditional image data augmentations, such as geometric trans-
formations including Rotation, Cropping, Affine, and Flip-
ping, tend to corrupt anatomical consistency due to altered
spatial relationships. Popular pasting-based augmentations
like CutPaste (Li et al. 2021) are designed to introduce
variations in images without causing geometric distortions.
However, these techniques often produce abnormalities with
clear boundaries, which fail to capture the effective char-
acteristics of real anomalies. Recently, the anatomy-aware
pasting (AnatPaste) augmentation technique (Sato et al.
2023) has been developed to create anomalies with anatom-
ical fidelity by introducing abnormal shadows within the ex-
tracted lung regions. In this section, we improve AnatPaste
in an efficient way to generate more random anomalies by
introducing the Synthetic Lesion Mask (SLM).

Unlike AnatPaste, which uses fixed anomalous sizes and
textures, SLM implements a dynamic anatomical augmen-
tation to efficiently synthesize various pathological anoma-
lies within a single normal image. Specifically, SLM ran-
domly selects a highlighted region 7, binarized by (Otsu
et al. 1975), from x; to serve as universal texture noise. For
the size of z; € R?24X224 we simulate lesion sizes ranging
from small nodules to large consolidations by randomly re-
sizing n to RW*H where W, H € [16,64]. We then define
the lesion shapes as irregular ovals:

5w, h) = exp(—”(“;’h) ) @
plw, h) = \/ w-2peon-Te o

In the shape 6(w,h) € RW*H  the value at each pixel
(w, h) gradually decreases from the center to the edge with
the radius y. We integrate n with §(w, i) and randomly put
them onto a zero-valued map of the same size as x;. The
process of creating a group of SLMs { M} N_, for each z;
is formulated as follows:

R
(M =D 06" (w, b)Y, (4)
r=1

where N is the number of SLMs, and R represents the num-
ber of abnormal regions in a single M. Empirically, we set
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R € [1,4]. The abnormal images can be obtained by:

{ai™" W = {z; @ MM}, (5)

where @ is the element-wise additional operation to aug-
ment the anatomy.

Token-wise Anatomy-guided Contrastive Learning

Instead of contrasting the image-level representation, in
this task, we consider each token as an individual sam-
ple. Specifically, we propose Token-wise anatomy-guided
contrastive learning (Task I), which maximizes the mu-
tual information between the probability distribution of nor-
mal image tokens and their respective structural prototypes
(Fig. 3) by integrating structure-consistency and category-
consistency contrastive losses (Fig. 4).

Token Probabilities Prediction. To mitigate the impact of
individual anatomical differences, our contrastive learning
task focuses on cluster assignments rather than direct feature
comparisons. Specifically, we employ a projection head (hy)
to map each token from the dim-dimensional feature ({zlS j

and {z];}) to K-dimensional vectors as shown in Task I of

Fig. 2. The student token probability distributions ql € RK
are obtained by normalizing these K -dimensional Vectors
with a Soft M ax function, while the teacher token probabil-
ity distributions qT € ]RK are computed via the Sinkhorn-
Knopp (Sin.Kno. ) algorithm (Cuturi 2013) to avoid trivial
solutions where all samples collapse into a single representa-
tion. Here, the ¢; ; 1, where k € [1, K|, denotes the predicted
probability that the j-th token of the ¢-th image belongs to
class k within its structural cluster assignment.

Discriminative Token Selection. To achieve consistency
among normal anatomic structures, it is important to identify
probability distributions in normal and abnormal categories.
Synthetic Lesion Mask M; is regarded as the token label to
distinguish normal and abnormal image tokens within the
set {¢} g , corresponding to the ‘D’ operation in Fig. 2.
Spemﬁcaﬁy, M; is patchified with the same patch size as x;,
resulting in a sequence {1; ; }JLzl. We define the threshold
as the average pixel value of M;. Therefore, for each patch,
M; ; = 1 indicates that the patch’s average pixel value ex-
ceeds the threshold; otherwise, M; ; = 0. Thus, the image
tokens can be collected in two categories:

{07 =1{d5;IMi; =0}, {a}} = {a},;|M;; = 1},
(6)
where q +and q . indicate the normal and abnormal token
probabllity, respectively

Spatial-aware Prototypes Construction and Update. To
learn comprehensive semantics of various normal anatomi-
cal structures, we adopt the concept of clustering prototypes
from SwAV (Caron et al. 2020). Our approach diverges sig-
nificantly from SwAV by introducing a group of distinct
prototype vectors (the gray blocks in Fig. 2), allowing the
model to more effectively represent the probabilistic distri-
bution across different anatomies. In our pre-training stage,
these prototypes act as the pseudo cluster assignments for
qf’ ;- thereby guiding the update of gradient for 6S.
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Figure 3: Updating process of the spatial-aware proto-
types. The cluster assignment of ET is used for updating
the spatial-aware prototypes.

In practice, these vectors are learned through momen-
tum updating rather than back-propagation (the ‘U’ opera-
tion in the Fig 2). We define a 2D prototype matrix C =
{{ejn}is o) € RE*K as shown in Fig. 3. This matrix in-
dicates that each distinct token in the image is described by
a K-dimensional vector. At time ¢, the average probability

score for the specific j-th token {q k} > | in the k-th class
is calculated as ¢f, = % PN 1(‘11 . T.) (the pmk block in

Fig. 3). The updating of previous prototypes c (the green
block in Fig. 3) can be formulated as:
cg,k:qj,k, ift=1
7 Ti—1 R i )
i =mcy +(1—m)g;,, ift>1

This process ensures that the prototype matrix C is gradu-
ally updated with the predicted probabilities over time, bal-
ancing between the historical values and the new incoming
data through the momentum parameter m.

Structure-consistency Contrastive Loss Formulation. To
encode more fine-grained structural discriminative informa-
tion, this contrastive loss is to maintain invariance within
the same anatomical structure and increase differentiation
among various anatomical structures Speciﬁcally, given the
normal token probabilities Q +}L 1 in the ¢-th
image (such as the blue block in Fig. 4 (h)) and the spatial-
aware prototypes C' = {cj} we maximize the mutual
information as follows:

Jj=0

P(cila;;)
QYT 0) = ZZP cj7q” log#. 8
ST ¢ P(Cj)

Directly optimizing I (Q e ) is a challenging task. Alter-
natively, we define the J01nt probability by considering the
likelihood that a token ¢; ’]Jr belongs to a cluster represented
by ¢;. The conditional probability is approximated by the
normalized similarity between them. This process can be
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ing. £33 and L correspond to the structure-consistency
and category-consistency contrastive losses, respectively.

formulated as follows:

S, S, S,
P(cj’qi,j-i_) = P(cj|qi’;')P(qij), )
.S
sim(g; ’f, )
Zl 1Slm qu acl)

where sim(., .) is the similarity function. Next, we plug Eq.
9 and Eq. 10 into Eq. 8 and simplify it to obtain:

( ]iqz,] ) ’ (10)

. S,
s1m(qi7j+, ¢;)
L .
P s1m(qf’j, c)
1D
Therefore, T (qis”j’“;cj) x sim(qisy’]ﬂcj). By considering

all the i € [1, Bt],and j € [1, L], we maximize I(Q>"; C)
by proposing the structure-consistency contrastive loss:

I(Q§’+; C) = EP(Q?’*,C) log

L Bt (¢ S,+ ¢;)
£ = D) DA R LGP
LB+; 1i=1 Zl 1 ( ii ,Cl)

where f(q,c) = exp(H(q,c)/7) and BT is the number of
qlsf Here, 7 is the temperature parameter and H(q,c) =

- Zﬁil q(k)log c(k), which is the cross-entropy function
to measure the similarity between two probabilities. The
positive and negative pairs in L34 are defined as depicted

cst
in Fig. 4 (c). We pull a specific normal image token q + and
its corresponding structural prototype c; closer while push-

ing other prototypes {¢;}£_ |, where | # j, away.

Category-consistency Contrastive Loss Formulation. To
effectively decouple pathological information from the nor-
mal distribution, we further investigate the consistency
among normal image tokens within a batch size B at the
same position j. Particularly, given the speciﬁc c; € C (the
yellow block in Fig. 4 (a)) and qz i ,qb J € QS "+, we maxi-
mize the joint mutual information as follows:

I(C, Q% Q5T) = I(C;Q5F) + 1(Q5T: Q%T10),

13)



where i,b € [1, BT] and b # i. Since I(C; Q?ﬁ) has been
optimized through £, maximizing Eq. 13 only needs to
optimize the second term, which represents the unique mu-
tual information between qu,’ and ¢;; >¥. Thereby, we intro-
duce a negative term, i.e., reducing the similarity between
ql ", and ¢, to constrain J (QS Q5,7 |C). Mathematically,
similar to Eq. 12, we propose the category consistency con-
trastive loss £ and introduce positive and negative terms
as depicted in Fig. 4 (d):

Bt

Alpos) =Y~ @ a7 ), (14)
!
Aneg) =Y~ f@; a5 )+ @) ) (5

where B~ is the number of ql and BT + B~ = B. There-
fore, the £ can be formulated as follows:

cst
Z Z o8 A(pos)

]111

A(pos)
+ A(neg)’

cate. __
’Ccst -

(16)

Notably, given the inherent diversity and irregularity of
pathologies in radiographic images, enforcing consistency
among abnormal tokens could limit the model’s ability to
generalize and recognize pathological semantic information.

Therefore, in the proposed ng{e~, we disregard intra-class

similarity for the I(ij ,Qﬂ ), where qis,f,qli’; € Q?’f,

to accommodate the heterogeneity of anomalies.
Summarily, in the proposed Token-wise anatomy-guided

contrastive task, the loss function is formulated as follows:

Log = L 4 L33 (17)

cst

Pixel-level Anomaly-removal Restoration

To enhance the learned discrimination with detailed geo-
metrical information, we propose the pixel-level anomaly-
removal restoration, as illustrated in the Task II of Fig. 2.
Unlike conventional methods that apply image restoration
across the entire latent feature space, this task concentrates
on localized anomalies by restoring image features that ex-
clude abnormal tokens. Specifically, {M; ;}£_, is utilized to

identify anomalies within the latent token features zs (i.e.,
‘M’ operation in the Fig. 2). We introduce tramable mask
tokens, 2,45k, t0 replace these abnormal tokens in the la-
tent feature space. Consequently, given the decoder R, the
restored image can be obtained as follows:

{{ym} 1}1 1= ({{~S x 1} 1) (18)
s _ @ My =0
& {ijaska ifMi,j =1 (19

To improve the quality of generated abnormal re-
gions while preserving anatomical details, we introduce a
weighted mean squared error (MSE) loss function:

%,

L
1
Lrecon = E Zl Wi ||yi7j — Tij (20)
j=

where w; is the weighted value to emphasize anomalies.
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#  Aug Proto. L& L8 Lrn | AUC  ACC  FI

1 SLM v v v v | 894 838 845
2 AnatPaste ¢ v v v | 889 832 836
3 SLM X v v v | 831 758 797
4 SLM v X X v | 769 672 759
5 SLM v X v v | 877 798 784
6 SLM v v X vV | 845 749 769
7 SLM v v v X | 82 808 815

Table 1: Impact of different components. AUC scores 1
(%), ACC scores T (%), F1 scores T (%) on ChildCXR.

DINO PCL

MoCo
ko

(a) Anomaly-Based Anatomical Discrimination
C2L PCRL Adamv2 AFiRe (ours)

(b) Structure-Based Anatomical Discrimination

Figure 5: T-SNE visualizations of the learned representa-
tion. Different colors represent various anomalies (disease
classes) in (a) and different image locations in (b).

Overall Training Objective

Our training methodology synergistically optimizes the
aforementioned losses to enhance fine-grained anatomical
discrimination in radiographic representation. The overall
training objective is delineated as follows:

L5, ;)

- ﬁcst(xi,j,x;j) +£rec0n(mi,j7x/i7j)- (21)

Experiment
Implementation Details

Pre-training Dataset. In this paper, we assemble a dataset
of 811,170 Chest X-ray (CXR) images for pre-training,
which includes 81,117 normal CXR images sourced from
MIMIC-CXR-JPG (Johnson et al. 2019) and 81,117 x 9
synthetic abnormal images. Each normal CXR image is em-
ployed to generate nine synthetic abnormal images.

Fine-tuning Datasets. We evaluate our model on three
CXR datasets: (i) ChildCXRs (Kermany et al. 2018), (ii)
NIH (Wang et al. 2017), (iii) CXP (Irvin et al. 2019), and
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Figure 6: Comparison of AUC scores 1 (%) for each dis-
ease on the NIH dataset and CXP dataset using five-fold
cross-validation.

(iv) SIIM-ARC ', using the official data partitions.

Training Settings. We follow the DINO (Caron et al.
2021) training paradigm (e.g., optimizer, learning rate, and
weight decay schedule), utilizing an input image size of
224 x 224. For model evaluation, we use the pre-training
(on source data) — fine-tuning (on target data) protocol and
employ two settings: transfer learning and anomaly detec-
tion. We implement our pre-training model using PyTorch
and distribute the training across 8§ NVIDIA A6000 GPUs,
running for 800 epochs with a batch size of 64 for 6 days.

Ablation Study

Table 1 elucidates the impact of various components in the
proposed AFiRe. We evaluate the linear probing perfor-
mance on the ChildCXR dataset by reporting AUC, ACC,
and F1 scores. The components analyzed include different
augmentation techniques (SLM vs. AnatPaste), the integra-
tion of the spacial-aware prototypes (Proto.), and different
pre-training proxy tasks such as category-consistency con-
trastive learning (L£S4%), structure-consistency contrastive
learning (L"), and anomaly-removal pixel restoration
(Lrecon)- The results reveal that our proposed model achieves
peak performance with an AUC of 89.4%, ACC of 83.8%,
and F1 of 84.5% when all components are active (row 1).

Substituting SLM with AnatPaste (row 2) leads to a slight
performance drop across all metrics, indicating SLM’s supe-
rior benefits and simplicity in generating pseudo lesions due
to random 7 and §(w, h) selection. The suboptimal results
in row 3 underline the necessity of spatial-aware prototypes
for fine-grained anatomical discrimination. Rows 4, 5, and
6 highlight the importance of the proposed contrastive loss,
as the removal of any one of them results in a significant
performance decrease. Row 7 shows a notable performance
decrease when the restoration task is omitted, underscoring
the importance of pixel-level information for radiographic
image analysis.

Comparisons with State of the Arts

AFiRe achieves robust anatomical discrimination. We
use t-SNE (Van der Maaten and Hinton 2008) to visual-
ize the learned representations of AFiRe and other com-
parable methods, focusing on (i) anomaly-based and (ii)
structure-based anatomical discrimination. For experiment

"https://www.kaggle.com/c/siim-acr-pneumothorax-
segmentation
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(1), we leverage pre-trained parameters from MoCo (Chen
et al. 2020b), DINO (Caron et al. 2021), PCL (Li et al.
2020), and our AFiRe under varying cluster numbers (K) to
extract radiographic representations. As shown in Fig. 5 (a),
AFiRe achieves superior clustering performance for anoma-
lies across 12 disease classes compared to other methods,
attributed to its token-wise representation contrast enhanced
by spatial-aware prototypes. The distinct separation of clus-
ters becomes increasingly evident with higher values of K,
indicating the effectiveness of AFiRe in discriminating com-
plex anatomical features in real-world diseases. This obser-
vation aligns with DINO’s finding that a larger output di-
mensionality enhances performance. For experiment (ii), we
adopt the settings of Adamv2 to annotate different image
localizations (9 patches) as distinct anatomical landmarks.
AFiRe is compared with three SOTA medical SSL meth-
ods: C2L (Zhou et al. 2020), PCRL (Zhou et al. 2021a),
and Adamv?2 (Taher, Gotway, and Liang 2024). As shown
in Fig. 5(b), AFiRe achieves more cohesive feature cluster-
ing in structural anatomical discrimination. This result high-
lights AFiRe’s ability to effectively differentiate various fine-
grained anatomical structures.

AFiRe demonstrates effective generalization. We evalu-
ate the generalization ability of AFiRe by comparing it with
11 pre-training methods, reporting AUC scores for multi-
label classification and Dice scores for segmentation across
different labeling ratios (1%, 10%, and 100%) on three
downstream datasets. To ensure robustness, we further con-
duct five-fold cross-validation for these experiments.

The results of the comparison are presented in Table 2.
AFiRe was validated on NIH, CXP, and SIIM-ACR against:
(1) a supervised baseline (ViTB pre-trained on ImageNet),
demonstrating a significant improvement in radiographic
image analysis (+4.6% AUC on NIH, +3.7% AUC on
CXP and +19.2% Dice on SIIM-ACR) when using our
SSL tasks; (ii) various SSL methods pre-trained on Ima-
geNet, including MoCoV?2, DINO, and MAE, with AFiRe
achieving statistically significant improvements (p < 0.01);
and (iii) SSL methods specifically pre-trained on radio-
graphic images, e.g., C2L, TransVW, MG, DiRA, PCRL,
Adamvl, and Adamv2. AFiRe consistently outperforms
these radiography-specific methods, especially at lower la-
beling ratios, highlighting its generalization in data-scarce
scenarios. Moreover, Fig. 6 provides a detailed comparison
of the AUC scores for each disease across the NIH and CXP
datasets. In medical imaging, Cardiomegaly typically main-
tains well-defined borders despite an enlarged silhouette,
while Edema and Emphysema present with varying degrees
of increased or decreased density and often exhibit blurred
or ill-defined borders. Our model excels in detecting these
diseases, outperforming recent state-of-the-art methods with
top AUC scores of 89.4%, 93.4%, and 89.6% on NIH, re-
spectively. These results illustrate that AFiRe can be gener-
alized to real disease types by pre-training with the SLM-
augmented synthetic images.

For the models in (i) and (ii), we re-implement them on
NIH, CXP, and SIIM-ACR using publicly available ViT-B
pre-trained parameters and the same data splits. For meth-



Method NIH CXP SIIM-ACR

1% 10% 100% 5-C | 1% 10% 100% 5-C | 1% 10% 100% 5-C
ViTB (Dosovitskiy et al. 2021) 57.1 675 80.1 799|751 840 874 853|349 569 732 723
MoCov2 (Chen et al. 2020b) 592 689 80.8 80.6| 762 843 870 863|307 537 748 725
DINO (Caron et al. 2021) 60.6 696 81.0 803|769 849 876 86.1 |358 574 774 748
MAE (He et al. 2022) 60.5 70.1 809 81.7 | 7777 852 8.0 865|412 609 793 79.1
C2L (Zhou et al. 2020) 61.7 731 814 821|776 854 893 86.1|389 637 747 714
MG (Zhou et al. 2021b) - - 80.8 - - - 87.5 - - - - -
TransVW (Haghighi et al. 2021) 612 697 812 819|782 845 882 867|427 669 767 723
DiRA (Haghighi et al. 2022) 626 749 827 830|784 82 876 872|553 686 839 718
PCRL (Zhou et al. 2021a) 629 758 83.0 833|781 8.5 879 873|621 728 813 804
Adamv1 (Hosseinzadeh Taher, Gotway, and Liang 2023) | 60.5 71.6 812 82.0 | 779 849 877 862 | 487 672 728 699
Adamv?2 (Taher, Gotway, and Liang 2024) 61.6 723 821 841|782 856 8.6 875|542 719 802 763
AFiRe (ours) | 63.2 761 832 845|788 863 89.6 89.0| 684 763 924 877

Table 2: Transfer learning with different labeling ratios. AUC 71 (%) for multi-label classification on NIH and CXP, and Dice
1 (%) for segmentation on SIIM-ACR are reported. The best results are bolded. ‘5-C’ denotes the five-fold cross-validation.

ChildCXRs CXP NIH
ACC AUC FI1 |ACC AUC F1 |ACC AUC F1

MemAE (Gong et al. 2019) 56.5 77.8 82.6/55.6 54.3 53.3|53.3 54.0 50.6

Model

CutPast (Li et al. 2021) 64.0 73.6 72.3162.7 65.5 60.0| - - -
PANDA (Reiss et al. 2021) 65.4 65.7 66.3|166.4 68.6 65.3/55.6 57.4 52.9
M-KD (Salehi et al. 2021) 69.1 74.1 62.3|166.0 69.8 63.6/59.5 61.7 54.7

SALAD (Zhao et al. 2021a) 75.9 82.6 82.1| - - -] - - -
f-AnoGAN (Schlegl et al. 2019)|74.0 75.5 81.0/63.7 65.8 59.4/62.6 66.5 58.6
SQUID (Xiang et al. 2023) 80.3 87.6 84.7/71.9 78.1 75.9/63.7 66.9 59.4
AnatPaste (Sato et al. 2023) 83.0 91.4 86.8/70.4 79.2 73.5/63.8 67.4 59.6

AFiRe (ours) 83.9 90.8 87.6/72.4 79.9 73.8/66.8 68.2 60.4

Table 3: Classification results in anomaly detection. Mod-
els are evaluated on ChildCXRs and NIH using official data
split and the same settings as SQUID on CXP. ACC scores
1 (%), AUC scores T (%), F1 scores 1 (%) are reported.

ods in (iii), we report original AUC scores when available;
otherwise, we re-implement them.

AFiRe integrates fine-grained information. We evaluate
AFiRe’s effectiveness in learning fine-grained representa-
tions through anomaly detection experiments. In this experi-
ment, both the pre-trained encoder and decoder are unsuper-
visedly fine-tuned using Tasks I and II on the target train-
ing set. Table 3 presents the results across three datasets,
ChildCXRs, CXP, and NIH, against: (i) recent unsuper-
vised anomaly detection methods for natural images (e.g.,
MemAE, CutPast, PANDA, M-KD), where AFiRe shows
significant improvements (average AUC +15%, +12%, and
+10% on ChildCXRs, CXP, and NIH, respectively), and
(ii) state-of-the-art unsupervised methods for medical im-
ages (e.g., SALAD, f-AnoGAN, SQUID, AnatPaste), where
AFiRe maintains a significant improvement (p < 0.05)
across all tasks, demonstrating a robust balance between pre-
cision and recall. We also present Grad-CAM visualizations
to compare the performance of various models, including
MAE, DINO, DiRA, PCRL, and the proposed AFiRe, in
highlighting lesion regions, as shown in Fig. 7. Compared
to the other models, AFiRe demonstrates more precise and
focused lesion regions. Especially, in row (e), despite miss-
ing some parts of the lesion, AFiRe shows a clear advantage
in precision and minimizing false positives, highlighting the
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Oriiinal DINO DiRA PCRL AFiRe(ours

Figure 7: Grad-CAM visualizations on NIH dataset. The le-
sion regions are annotated by red bounding boxes.

main lesion area more effectively than the other models. This
indicates that AFiRe can better capture and pay attention to
specific local anatomical details, effectively distinguishing
lesions from surrounding tissues.

Conclusion

We propose an anatomy-driven self-supervised framework,
AFiRe, to incorporate fine-grained anatomical discrimina-
tive representations. We synergistically perform this frame-
work with Token-wise anatomy-guided contrastive learning
and Pixel-level anomaly-removal restoration. Experimental
results on downstream radiographic image diagnosis tasks
confirm the robust generalization. Our proposed model ex-
hibits outstanding performance in multi-label classification
and disease segmentation. It also provides effective anomaly
detection capabilities. However, it tends to prioritize pri-
mary abnormalities, potentially overlooking larger affected
regions. Our future research is going to improve the model’s
capability for more accurate detection of lesion regions.
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