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Abstract. Weakly-supervised thoracic disease detection in chest X-rays
(CXR) is challenging due to subtle appearances and complex anatomical
overlap, motivating anatomy-aware modeling for improved localization.
However, prior anatomy-aware methods typically rely on coarse region
proxies or static spatial priors, which may restrict dynamic instance dis-
covery and limit precise localization of small abnormalities. We propose
Anatomy-Structured Hierarchical Multiple Instance Learning (ASH-MIL),
a framework that introduces parallel anatomy-structured observation
branches (cardiac, pulmonary, and agnostic) combined with hierarchical
MIL aggregation. Anatomical priors are injected as soft spatial biases into
decoder cross-attention, enabling anatomically grounded evidence maps
without disease bounding-box supervision. Instance localization is de-
rived directly from MIL-weighted cross-attention maps without bounding
box supervision. Experiments on CXR8 and cross-domain MIMIC-CXR
held-out sets demonstrate consistent improvements over prior weakly-
supervised and anatomy-aware approaches, particularly under stricter
localization criteria. Our code is available at €) jn-kim/ash-mill

Keywords: Weakly-Supervised Object Detection, Multiple Instance
Learning, Anatomical Priors, Chest X-ray

1 Introduction

Chest radiography is the most frequently performed diagnostic imaging exam
worldwide, accounting for a large fraction of clinical imaging volume [2]. Despite
its ubiquity, accurate interpretation remains challenging: radiologist error rates
are estimated at 3-5% in routine practice and can be substantially higher in
abnormal-only settings [6]. A major contributor is perceptual misses, which are
particularly common for subtle findings in radiographic blind spots [6III12].
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However, obtaining instance-level bounding boxes in chest X-rays (CXR) is
labor-intensive, motivating weakly-supervised object detection (WSOD) using
only image-level labels. Many weakly-supervised CXR localization methods rely
on class activation maps (CAM) [26120/1823], while recent approaches employ
ROI-attention-based proposal mechanisms [I5] or abnormality-focused localiza-
tion strategies [22]. While effective for post-hoc visualization, these unconstrained
global search mechanisms often yield anatomically implausible evidence and can-
not explicitly restrict the model’s focus to clinically relevant organs, complicating
integration into clinical workflows.

In contrast, radiologists follow an anatomically structured search strategy,
scanning predefined landmarks and evaluating region-specific patterns before
forming a diagnosis [T2/T3I7/11]. Existing anatomy-aware approaches incorporate
anatomy via static coordinate priors that ignore patient-specific morphology [8]
or via auxiliary feature-level guidance from proxy tasks [25], but they do not
restructure the underlying instance discovery process.

We propose Anatomy-Structured Hierarchical Multiple Instance
Learning (ASH-MIL), which explicitly organizes weakly-supervised thoracic
disease detection under anatomical priors. ASH-MIL introduces three parallel
anatomy-structured observation branches (cardiac, pulmonary, agnostic) that
act as complementary anatomical observers. Each branch predicts the full label
space while being softly guided by patient-specific organ priors injected as addi-
tive cross-attention biases in a query-based decoder. To learn from image-level
supervision, we formulate detection as hierarchical multiple instance learning: we
first aggregate query-level hypotheses within each branch, then fuse branch-level
evidence with class-dependent attention. Instance localization is derived directly
from MIL-weighted cross-attention maps, avoiding bounding box supervision.

Our contributions can be summarized as follows:

— We introduce an anatomy-structured WSOD framework built on a CXR-
pretrained RAD-DINO backbone [I7], injecting organ-level priors as soft
attention biases into learnable object queries.

— We propose a hierarchical MIL scheme for query- and branch-level evidence
aggregation, enabling anatomically grounded evidence attribution and local-
ization from cross-attention under image-level labels.

— We conduct comprehensive experiments and ablations on CXRS8 [23] and
MIMIC-CXR, [21], demonstrating consistent gains, particularly for small and
subtle abnormalities.

2 Related Work

Weakly-supervised CXR detection. Most WSOD methods for chest X-rays
rely on CAM-style localization under image-level labels [I823]. Proposal- or
pooling-based variants such as WSRPN [15] improve localization quality, but
they remain largely anatomy-agnostic and do not structure instance discovery by
anatomical context.
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Anatomy-aware CXR interpretation. Anatomical cues have been incorpo-
rated via region-level supervision or attention transfer, e.g., ADPD [I4] and
AGXNet [25], or via coordinate priors such as ThoraX-PriorNet [8]. These
approaches typically rely on coarse/static priors that can be sensitive to patient-
specific morphology. In contrast, ASH-MIL injects organ-based priors as soft
cross-attention biases in specialized branches and combines them via hierarchical
MIL, enabling flexible anatomy-conditioned reasoning.

3 Method

The proposed ASH-MIL framework addresses weakly-supervised thoracic dis-
ease detection under anatomical priors by introducing three parallel anatomy-
structured observation branches — cardiac, pulmonary, and agnostic. Each branch
predicts the full label space, while anatomical specialization emerges via soft
spatial priors injected into the transformer decoder. To learn from image-level
supervision only, we formulate detection as a hierarchical MIL problem: (i) query-
level aggregation (QLA) within each branch and (ii) branch-level aggregation
(BLA) across branches.

3.1 Problem Setting

We formulate the task as WSOD, where multiple disease instances may exist
for each class within a single image. Given an input CXR image I, the model
is trained using only image-level labels y € {0,1}¢, indicating the presence or
absence of each of the C' disease categories. The objective is to predict class-wise
confidence scores and derive corresponding bounding boxes b = [z, y, w, h| for
multiple disease instances without instance-level annotations. Importantly, the
anatomical priors used by ASH-MIL are disease-agnostic structural priors rather
than disease localization annotations, providing only patient-specific anatomical
region masks obtained from an external anatomy segmentation model.

3.2 Model

Fig. [1] provides an overview of ASH-MIL. We design three parallel observation
branches as complementary anatomical observers: cardiac, pulmonary, and agnos-
tic. We leverage RAD-DINO [I7], a self-supervised ViT [5] pre-trained on chest
X-rays via DINOv2 [I6], as our shared backbone £. RAD-DINO captures dense,
high-fidelity radiographic representations that preserve fine-grained visual details
often underrepresented in textual supervision from radiology reports. Given an in-
put image I, we extract spatially contextualized patch tokens F = £(I) € RT*P,
where T and D denote the number of spatial tokens and the embedding dimension,
respectively.

Anatomical priors. We construct branch-specific spatial priors M, € R'*T
using CXAS [19], an off-the-shelf anatomy segmentation model that provides
fine-grained pixel-level masks for 157 chest anatomical structures. Here, p €
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Preprocess Query-Level Aggregation (QLA)
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Fig. 1. Overall architecture of ASH-MIL. A shared RAD-DINO backbone extracts
patch tokens that are processed by three parallel anatomy-structured decoder branches:
cardiac (car), pulmonary (pul), and agnostic (agn). For brevity, only the pulmonary
branch is illustrated in detail. The right panel presents the hierarchical MIL framework
that aggregates query-level and branch-level evidence to produce the final class-wise
predictions.

P = {car, pul, agn} denote the cardiac, pulmonary, and agnostic branches,
respectively. We define clinically relevant subsets .A;, by selecting a subset of CXAS
structures for each branch, with A, = {heart, cardiomediastinum, aorta, etc.}
and Ap, = {lung}, while A,g, = 0. For each branch p, we first aggregate
anatomical masks via pixel-wise union, S, =, A, Sn- To align the anatomical
prior with the spatial token grid of the backbone we transform S, via Gaussian
smoothing, bilinear downsampling, and flattening to obtain My:

M, = Flatten(Bilinear(G, * S,)) € RIXT (1)

where T = H'W’ denotes the total number of spatial tokens.

Anatomy-biased decoder branch. Following the query-based decoding paradigm
of DETR [3], we adopt a decoder-only transformer architecture. In DETR, a
transformer encoder is used to globally contextualize CNN features. Here, our
RAD-DINO ViT backbone yields globally contextualized tokens via stacked
self-attention layers, allowing us to omit the additional encoder and directly use
F' in the decoder branches. For each branch p, we employ an independent decoder
with N, learnable queries @, € RNa*D The anatomical prior M, is incorporated
as an additive bias to the cross-attention logits, scaled by A:

T

F
W), = softmax; (Qp

D + /\Mp> € RVaxT (2)
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where M, is broadcast across queries and ¢ denotes the spatial patch token
index (t € {1,...,T}). The cross-attention output H, = WV, where V denotes
the linearly projected backbone tokens, is then processed through a standard
transformer decoder block to obtain the refined query embeddings. Each block
follows the conventional structure with residual connections and LayerNorm after
both the attention and feed-forward layers. The refined query representations
are denoted as

H, =FFN(H,) = [Hp1,...,Hyn,]" € RNXD, (3)

where H, € RP serves as the k-th instance for the subsequent hierarchical MIL
pooling.

3.3 Training

Hierarchical aggregation. Given the branch-specific query embeddings H, =
[Hp1,---. Hp Nq]T, we perform query-level aggregation (QLA) within each branch,
followed by branch-level aggregation (BLA) across branches (Fig. |1} right).
For branch p and class ¢, a class-specific representation is computed as
zg = Zgll a$ . Hp i € RP, where the attention weights af; , = softmaxy (w, Hp 1)
measure the relevance of each query embedding to a learnable vector w, € RP.
The resulting branch-specific prediction is g, = a(vjz;), with v, € RP denoting
the class classifier. We then aggregate branch-specific predictions via BLA by
computing class-dependent branch attention aj, = softmaxp(u;'—z;) and obtain
the final prediction as
9= asie, (4)

peEP

where u. € RP is a learnable branch-scoring vector and P is the branch set
defined above.

Training objective. We optimize the multi-label binary cross-entropy loss.
Because instance-level annotations are unavailable, we dispense with the bipar-
tite Hungarian matching standard in DETR [3]. Instead, our hierarchical MIL
formulation provides supervision by dynamically routing gradients to informative
queries and anatomical branches directly from the image-level objective.

3.4 Inference

At inference time, the final image-level prediction for class c is ¢ = Zpep apps
where a;; and g denote the branch-level attention weights and branch-specific
predictions, respectively. We derive bounding boxes from the decoder cross-
attention and hierarchical MIL weights. For class ¢, we aggregate token-level
evidence as

Nq
ES(t) =) ap Yy ag i [Wylk.. ()

pEP k=1
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The resulting token map is reshaped and upsampled to the image resolution.
High-evidence regions are identified by selecting the minimal pixel set whose
cumulative mass exceeds 7 = 0.8, and these regions are grouped into spatially
connected components to extract tight bounding boxes. Each box is assigned
a confidence score s¢ = §¢- (3, cp E¢(u)/ >, E°(u)), which reflects both the
image-level prediction and the evidence mass within the region R.

4 Experiments

4.1 Experimental Setup

Datasets. We primarily train the models on NIH ChestX-ray8 (CXRS) [23]
(107,010 images, 8 disease classes), with patient-level 80%/10%/10% train/val/test
splits. All weakly-supervised methods are trained using only image-level labels.
Since box-level annotations in CXR datasets are scarce and costly to obtain,
localization evaluation in CXR WSOD commonly relies on relatively small expert-
annotated subsets. For localization on CXR8, we use the expert-annotated subset
of 880 images with 984 boxes, split into 432/448 images for validation/test.
We further evaluate cross-domain generalization on the MIMIC-CXR . held-out
set [2IU10] (354 images, 458 boxes: 234 pneumonia, 224 pneumothorax)[% All
datasets are publicly available and de-identified, and we used them in accordance
with their respective licenses and data use agreements; no additional IRB approval
or patient consent was required for this study.

Baselines. We compare against anatomy-aware methods (ADPD [I4], ThoraX-
PriorNet [8], AGXNet [25]) and anatomy-agnostic weakly-supervised baselines
(WSRPN [15], CheXNet [18], Grad-CAM [20], ChestX-ray8 [23]). ADPD and
AGXNet rely on additional MIMIC-derived annotations (Chest ImaGenome [24]
and RadGraph [J]) unavailable in CXRS; thus, we evaluate ADPD on MIMIC
without finetuning, and pretrain AGXNet on MIMIC before finetuning on CXRS.
For CheXNet and CAM-based methods, boxes are obtained by thresholding
activation maps and extracting connected components. We also include a fully
supervised DETR [3] with an ImageNet-pretrained ResNet-101 backbone, trained
on the annotated CXR8 validation images and evaluated on the test images.

Implementation details. Images are resized to 512 x 512. We use a CXR-
pretrained RAD-DINO backboneﬂ with a DETR-style decoder and learnable
object queries. Training uses a single RTX A6000 GPU (peak memory ~18 GB),
batch size 32, and random horizontal flip (p = 0.5). We optimize with AdamW
(Ir 2 x 10~*, weight decay 10~*), apply gradient clipping (0.1), and use StepLR
for 50 epochs with early stopping (patience = 5).

Evaluation metrics. We report AP (%) and CorLoc [4] at IoU thresholds
{0.1,0.3,0.5}, and their means over IoU 0.1-0.5 (step 0.1).

5 https://github.com/leotam/MIMIC- CXR-annotations
" https://huggingface.co/microsoft/rad-dino
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Table 1. Detection performance on CXR8 and MIMIC-CXR datasets.

ToU@O0.1 ToU@O0.3 ToU@O0.5 ToU@0.1-0.5
Method AP CorLoc AP CorLoc AP CorLoc mAP CorLoc
CXRS8

ASH-MIL (Ours) 28.82 0.81 14.23 0.59 6.03 0.26 15.77 0.55
Ablations
3 branch (w/o prior) 25.02 0.68 11.48 0.44 205 0.18 13.07 0.43
1 branch (w/ prior) 22.55  0.60 8.86 0.32 331 0.13 11.35 0.34
1 branch (w/o prior) 24.66 0.68 10.81 0.40 2.23 0.14 12.12 0.40

Mean pooling 3.89 0.22 1.70 0.12 0.76  0.05 2.00 0.13
Anatomy-aware baselines

ADPD [14] 6.58 0.38 2.00 0.16 0.56 0.05 3.05 0.19

ThoraX-PriorNet [§] 10.15  0.65 4.92 0.34 0.03 0.09 5.11 0.35

AGXNet [25] 5.44 0.43 1.28 0.15 048 0.05 2.29 0.21
WSOD / CAM baselines

WSRPN [15] 10.34  0.21 6.44 0.12 321 0.06 6.67 0.16

CheXNet [I8] 24.28 0.56 12.25 0.32 3.89 0.11 12.97 0.33

Grad-CAM [20] 10.15 0.37 2.13 0.14 0.20 0.03 4.16 0.18

ChestX-ray8 [23] 10.16  0.58 8.51 0.27 3.50 0.19 4.72 0.21
Fully supervised

DETR [3] 1249 049 1067 032 530 0.25 8.81 0.33

MIMIC-CXR

ASH-MIL (Ours) 36.12 0.66 24.53 0.50 7.28 0.25 22.72 0.48
Ablations
3 branch (w/o prior) 33.76 0.56 22.01 047 7.12 022 2226 0.43
1 branch (w/ prior) 27.52 0.54 2144 045 6.37 0.23 18.89 0.42
1 branch (w/o prior) 29.24 0.59 17.35 0.44 429 0.18 16.66 0.41

Mean pooling 8.10 0.22 4.55 0.14 196 0.05 4.62 0.13
Anatomy-aware baselines

ADPD [14] 11.89 0.36 0.81 0.06 0.03 0.01 4.24 0.14

ThoraX-PriorNet [8] 26.23 0.63 15.69 0.40 5.52 0.19 15.47 0.41

AGXNet [25] 19.36  0.66 9.58 044 193 0.17 10.70 045
WSOD / CAM baselines

WSRPN [15] 10.23 0.35 5.36 024 214 0.13 11.44 0.28

CheXNet [18] 2290 045 12,59 0.29 388 0.14 1292 0.29

Grad-CAM [20] 8.86 0.20 2.09 0.08 0.14 0.01 3.70 0.09

ChestX-ray8 [23] 4.17 0.11 2.06 0.07 1.58 0.01 3.00 0.05
Fully supervised

DETR [3] 9.52 0.57 5.43 0.36 3.80 0.22 6.00 0.36

4.2 Experimental Results

Main results on CXR8 and cross-domain MIMIC-CXR. Table [I| reports
localization performance on CXR8 and MIMIC-CXR. held-out set. ASH-MIL con-
sistently outperforms prior weakly-supervised and anatomy-aware baselines across
all ToU thresholds on both benchmarks. The gains are more pronounced under
stricter criteria (IoU@0.3 and IoU@Q.5), indicating more precise instance local-
ization beyond coarse CAM /attention-based cues. On CXR8, ASH-MIL achieves
15.77 mAP (IoU@0.1-0.5) and improves AP/CorLoc at IoU@0.5 to 6.03,/0.26.
On MIMIC-CXR, it attains 22.72 mAP and maintains strong localization at
higher IoU thresholds, demonstrating robust cross-domain generalization.
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Fig. 2. Qualitative results on CXR8. Top: the input image and branch-specific anatom-
ical priors (cardiac, pulmonary, agnostic). Bottom: the final Nodule localization (GT:
red; Pred: green) and the corresponding branch evidence maps. The learned branch
attention weights «;, quantify each branch’s contribution to the Nodule prediction.

Component analysis. We analyze four ablations in Table [I] to quantify the
effects of anatomical priors, the multi-branch design, and hierarchical MIL.
Removing the prior from the 3-branch model (3 branch, w/o prior) reduces
performance, particularly under strict criteria (e.g., CXR8 AP/CorLoc@0.5:
6.03/0.26 — 2.05/0.18), confirming that soft spatial biasing improves precise
localization. Collapsing the architecture to a single branch (1 branch, w/ prior)
underperforms the corresponding prior-free variant (1 branch, w/o prior), sug-
gesting that merging heterogeneous anatomical contexts into a single observer
can dilute context-specific cues and hinder attention focusing. In contrast, the full
3-branch design with priors yields the best performance (CXR8 mAP: 15.77 vs.
12.12 for 1 branch, w/o prior; MIMIC mAP: 22.72 vs. 16.66). Finally, replacing
hierarchical MIL with mean pooling causes a drastic drop, demonstrating that
attention-based query/branch aggregation is critical for routing gradients to
informative hypotheses under image-level supervision.

Qualitative evidence routing. Fig. 2] illustrates how ASH-MIL selects anatom-
ically relevant observers. For a small nodule within the lung parenchyma, the
pulmonary branch receives the highest attention weight (. = 0.84), and its
evidence map is spatially aligned with the lesion. The fused evidence is therefore
dominated by the pulmonary observer, producing a compact localization that
closely matches the ground truth.

5 Conclusion

We present ASH-MIL, an anatomy-structured weakly-supervised framework for
thoracic disease detection in chest X-rays. ASH-MIL introduces parallel anatomy-
conditioned observers (cardiac, pulmonary, and agnostic) by injecting organ priors
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as soft cross-attention biases in a query-based decoder, and learns instance discov-
ery from image-level labels via hierarchical MIL that aggregates evidence across
queries and branches. Experiments on CXRS& and cross-domain MIMIC-CXR
show consistent localization gains, especially for small and subtle abnormali-
ties, while providing interpretable branch-level evidence routing. Nevertheless,
strict localization from image-level labels alone remains challenging, and clinical
translation will require further validation and calibration on larger, prospectively
collected cohorts. Our findings suggest that anatomy-structured hierarchical MIL
is a useful step toward more reliable weakly-supervised localization.
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