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Abstract. Longitudinal comparison is a routine yet clinically conse-
quential component of chest X-ray (CXR) interpretation, informing dis-
ease progression assessment and treatment decisions. Prior temporal
CXR models are typically trained as general-purpose pair encoders and
adapted with standard progression classifiers, but they do not explicitly
capture two key properties of clinical progression assessment: tempo-
ral symmetry (for reversible findings, the progression assessment should
invert when the temporal order is reversed) and anatomical grounding
(decisions rely on localized evidence within specific structures). We pro-
pose Bidirectional Anatomy-Aware Progression Perception (BAAP), a
lightweight post-training strategy built on top of a pretrained CXR en-
coder. BAAP encodes temporal symmetry via bidirectional pair aug-
mentation, jointly optimizing each CXR pair in both chronological or-
ders with label inversion to enforce directional consistency and mitigate
directional bias. To ground predictions anatomically, we introduce an
Anatomy-aware Perception Layer (APL) that aggregates patch-level fea-
tures within predefined anatomical regions and fuses prior and current
region features with their differences for per-region progression classifi-
cation. Adding only 0.63M parameters (≈0.7% of a ViT-B/16 backbone)
and requiring no additional annotations, BAAP achieves 65.90% mean
accuracy on MS-CXR-T (+4.78% over the strongest baseline) and 66.4%
mean anatomy-level accuracy on Chest ImaGenome Gold (+11.0% over
the strongest baseline), demonstrating that a clinically motivated sym-
metry prior and anatomy-aware design can yield substantial gains for
longitudinal CXR progression prediction with minimal overhead. The
code is available at https://github.com/chenyuming052/BAAP.

Keywords: Longitudinal Chest X-ray · Progression Prediction · Post-
training.

1 Introduction

When prior examinations are available, longitudinal comparison is a routine and
clinically consequential part of CXR interpretation [16]. Radiologists evaluate

https://github.com/chenyuming052/BAAP
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how findings evolve over time, for example, whether a pleural effusion is resolving,
consolidation is progressing, or edema remains stable. These temporal judgments
directly guide treatment adjustment and discharge planning, making progression
assessment an essential component of the thoracic radiology workflow [10]. Two
properties of this assessment are worth highlighting. First, progression judgment
is temporally symmetric: for the reversible findings that dominate acute thoracic
pathology, a finding that improves between two time points must correspond-
ingly worsen when the temporal order is reversed. Second, it is anatomically
grounded : radiologists inspect specific structures (e.g., costophrenic angles, hila,
and cardiac silhouette) and reason about localized changes rather than forming
a single global impression of the image [3].

Recent self-supervised learning and vision–language pretraining have sub-
stantially improved CXR representation learning [25,8,19,2,4]. Temporal exten-
sions [1,23,5,24,12,13] further incorporate longitudinal information by learn-
ing from image pairs acquired at different time points. However, such mod-
els are typically adapted with standard progression-classification formulations,
leaving the two properties above only partially addressed: even recent order-
inversion methods [11,6] operate at the whole-image level and lack explicit per-
anatomy localized progression classification. Specifically, two key gaps remain:
(1) Temporal symmetry. Common training setups assume a fixed chronological
(prior→current) ordering without enforcing consistency under temporal rever-
sal, leaving symmetry cues underutilized and potentially introducing directional
bias. (2) Anatomical grounding. Progression is commonly inferred from holistic
image-pair representations, while explicitly localizing and aggregating evidence
within anatomical structures remains less explored, which may dilute subtle yet
clinically important region-specific changes.

To address these limitations, we propose Bidirectional Anatomy-Aware Pro-
gression Perception (BAAP), a lightweight post-training strategy built on top
of a pretrained image encoder. BAAP consists of two complementary compo-
nents. First, a Bidirectional Progression Training paradigm that augments each
training pair with its temporally reversed counterpart and the correspondingly
inverted label. Joint optimization on both orderings explicitly encodes temporal
symmetry as a structural prior, reducing directional bias and improving robust-
ness without requiring additional annotations. Second, an Anatomy-aware Per-
ception Layer (APL) that shifts progression prediction from global image-level
embeddings to anatomically localized evidence. APL pools patch-level features
within predefined anatomical regions, computes region-level temporal difference
features, and fuses these signals for per-anatomy progression classification. This
design better reflects radiologists’ longitudinal reading behavior and improves
sensitivity to localized changes.

By combining bidirectional training with anatomy-aware perception, BAAP
enables temporally symmetric and anatomically grounded progression modeling.
Notably, BAAP is lightweight, adding only 0.63M parameters (≈0.7% of the
ViT-B backbone), demonstrating that substantial gains can be achieved through
task-aligned design rather than increased model capacity. Extensive experiments
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Fig. 1. Overview of the BAAP post-training strategy. Given a pretrained CXR image
encoder, the lightweight APL pools patch features within anatomy bounding boxes,
projects them to a compact embedding, computes temporal difference features, and
classifies per-region progression. Bidirectional training reverses temporal order with
label inversion ϕ, augmenting each pair with its reversed ordering and promoting di-
rectional consistency.

on the MS-CXR-T benchmark [1] and the Chest ImaGenome Gold dataset [22]
demonstrate the effectiveness of BAAP. On MS-CXR-T, BAAP achieves 65.90%
average accuracy (+4.78% over the baseline) and on Chest ImaGenome Gold,
66.4% mean anatomy-level accuracy (+11.0% over the strongest baseline). Our
contributions are summarized as follows:

– We propose a Bidirectional Progression Training paradigm that en-
codes temporal symmetry as a structural prior, reducing directional bias in
longitudinal CXR modeling.

– We introduce an Anatomy-aware Perception Layer (APL) that cap-
tures fine-grained, region-level progression cues through anatomy-guided patch
aggregation and temporal difference modeling.

– We develop a lightweight post-training strategy that adds around 0.7%
more parameters to the backbone while establishing a new state of the art
on MS-CXR-T and Chest ImaGenome Gold benchmarks.

2 Method

Given a pretrained CXR image encoder (we adopt the competitive self-supervised
MedST [23]), BAAP comprises two complementary components: Bidirectional
Progression Training (section 2.2) and an Anatomy-Aware Perception Layer
(APL, section 2.3), capturing fine-grained progression cues while preserving
anatomical structure. An overview of BAAP is shown in Fig. 1.
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2.1 Problem Formulation

Given a temporal CXR pair with a prior image Ip and a current image Ic,
together with per-anatomy boxes {(bpk, bck)}Kk=1 (from a predefined set of up to
38 anatomical structures [22]), the goal is to predict an X-way progression label
yk ∈ {improved, stable, worsened} for each annotated region k, where X = 3.
We learn a classifier f that outputs logits over X classes, and predict ŷk =

argmax f(Ip, Ic, bpk, b
c
k). Let D = {(Ipi , Ici , {(b

p
i,k, b

c
i,k, yi,k)}

Ki

k=1)}
|D|
i=1 denote the

training set.

2.2 Bidirectional Progression Training

Clinical progression assessment is often approximately temporally symmetric for
reversible findings: if a finding improves from time t1 to t2, it typically corre-
sponds to worsening when the order is reversed. We encode this invariance as
a structural prior via bidirectional pair augmentation, swapping temporal order
and flipping the progression labels. For each original sample (Ip, Ic, yk), we con-
struct a temporally reversed sample (Ic, Ip, ϕ(yk)) by swapping the prior and
current images and applying the label inversion function:

ϕ(y) =


worsened, if y = improved,
improved, if y = worsened,
stable, if y = stable.

(1)

Jointly training on both temporal orderings is achieved by optimizing the
bidirectional cross-entropy loss:

Lbidir = CE(f(Ip, Ic, bpk, b
c
k), yk) + CE(f(Ic, Ip, bck, b

p
k), ϕ(yk)) (2)

where CE(·) denotes cross-entropy.
Since each improved instance yields a paired worsened instance (and vice

versa), the augmentation also alleviates imbalance between the two directional
classes. In practice, this reduces directional bias and improves robustness without
additional annotations.

2.3 Anatomy-Aware Perception Layer

Both images are encoded by a shared ViT-Base backbone [7]. Given an input of
size H×W , the backbone partitions it into a G×G grid of non-overlapping S×S
patches and produces token embeddings. We discard the [CLS] token and keep
the N = G2 patch tokens as grid-aligned features:

Pp = ViT(Ip), Pc = ViT(Ic), (3)

where Pp,Pc ∈ RN×D. In our setting, H = W = 224, P = 16, G = 14, hence
N = 196 and D = 768. APL predicts progression from anatomically localized
evidence instead of a single global descriptor, using four stages described below.
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ROI Pooling. For each region k, we use the anatomy boxes bpk and bck to select
the patch tokens inside the region for the prior and current images, respectively.
This selection is represented by binary masks Mp

k,M
c
k ∈ {0, 1}N , where M

(·)
k,n =

1 if token n falls inside b
(·)
k (and 0 otherwise). We obtain region features by

masked average pooling:

r
(·)
k =

∑N
n=1 M

(·)
k,n p

(·)
n∑N

n=1 M
(·)
k,n

∈ RD, (·) ∈ {p, c}, (4)

where p
(·)
n ∈ RD denotes the n-th patch token from P(·).

ROI Projection. The pooled region-of-interest (ROI) feature r
(·)
k ∈ RD is

mapped to a compact embedding z
(·)
k ∈ Rd using a shared two-layer MLP. Specif-

ically, we apply a linear layer (D→h), followed by BatchNorm and GELU, and
then a second linear layer (h→d) with BatchNorm. Finally, we ℓ2-normalize the
output embedding before temporal fusion. The projection head is shared across
regions and between the prior and current branches.
Temporal difference fusion. Given the projected ROI embeddings zpk, z

c
k ∈

Rd, we form a progression representation by concatenating the two states and
their directional difference:

uk =
[
zpk ∥ zck ∥ (zck − zpk)

]
∈ R3d. (5)

where [·∥·] denotes concatenation along the channel dimension. The difference
term encodes directional temporal variation, while retaining both zpk and zck
preserves absolute appearance information from each time point.
Shared MLP classifier. We use a single MLP classifier shared across all regions
to predict the progression label from the fused representation:

ŷk = argmax
X

MLP(uk)[X], MLP : 3d → h1 → h2 → X, (6)

where the MLP parameters are shared across regions.

3 Experiments

3.1 Datasets and Evaluation

MIMIC-CXR. We initialize our backbone on MIMIC-CXR [9], a large-scale
public dataset comprising 377,110 chest radiographs from 65,379 patients, each
paired with a free-text radiology report. Pre-training follows the MedST [23]
recipe.
Chest ImaGenome. For anatomy-level progression supervision, we use Chest
ImaGenome [22], a MIMIC-CXR–derived resource that augments each frontal
radiograph with anatomy-centric scene graphs, including bounding boxes for 38
predefined regions and region-wise temporal comparison labels (improved, wors-
ened, no_change) between sequential exams. We post-train on the Silver split
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Table 1. Disease-level progression accuracy (%) on the MS-CXR-T benchmark for five
findings. Results are averaged over three runs with different random seeds and reported
as mean ± standard deviation.

Model Consol. Edema Pl. Eff. Pneum. Pneumoth. Avg.

Single-image methods

ConVIRT [25] 46.6±1.0 57.0±1.0 54.5±0.2 61.1±1.5 48.5±0.2 53.6
GLoRIA-C [8] 49.1±1.5 53.7±0.6 49.6±1.8 58.1±2.2 45.6±2.5 51.2
GLoRIA-M [8] 45.0±0.5 49.1±1.5 47.9±3.1 60.2±1.1 41.5±0.9 48.7
MGCA [19] 50.8±0.4 62.7±0.2 57.2±0.7 63.7±0.9 52.2±1.0 57.3
MedCLIP [21] 50.3±0.7 54.5±2.8 56.6±0.7 58.9±2.6 45.2±1.5 53.1
MRM [20] 46.3±2.9 49.1±5.7 49.1±0.7 55.1±1.4 45.5±3.0 49.0
BioViL [2] 56.4±0.2 57.3±0.8 54.5±0.4 67.1±0.0 55.3±0.2 58.1

Temporal methods

BioViL-T [1] 56.9±1.8 61.6±1.0 53.9±0.9 67.2±0.2 55.5±0.0 59.0
Med-ST [23] 60.6±1.2 67.4±0.3 58.5±1.5 65.0±0.3 54.2±0.8 61.1
BAAP (Ours) 64.3±1.2 70.9±0.4 68.7±1.5 70.5±0.6 55.5±0.2 65.9

and prevent any overlap with MS-CXR-T [1] by removing all MS-CXR-T study
pairs from the Silver training pool. After quality filtering and constructing bidi-
rectional temporal pairs, we obtain approximately 252,000 region-level training
samples. We evaluate on the Gold split, where expert radiologists verified anno-
tations for 500 patients across 23 of the 38 regions.
MS-CXR-T. We evaluate disease-level temporal progression on MS-CXR-T [1],
which contains 1,326 radiologist-annotated longitudinal CXR pairs from 800
subjects spanning five thoracic findings (consolidation, edema, pleural effusion,
pneumonia, pneumothorax) with three-way labels (improved, stable, worsened).
MS-CXR-T is curated by selecting candidate pairs from the Chest ImaGenome
Silver split after excluding studies previously verified in Chest ImaGenome Gold,
and further discarding pairs with conflicting progression labels for the same
finding to retain unambiguous supervision.
Evaluation protocol. We evaluate disease-level progression on MS-CXR-T and
report mean±std accuracy. On Chest ImaGenome Gold, we report per-region
anatomy-level accuracy in Table 2. For concise reporting, the 23 annotated re-
gions are grouped into five clinically meaningful categories based on anatomical
proximity (e.g., Lung Sub-regions, Hilum, Mediastinal & Cardiac), with per-
group accuracy averaged over constituent regions.
Implementation details. We adopt a ViT-Base backbone initialized from
DeiT-pretrained weights [18] and pretrained using the MedST framework [23].
The model takes 224× 224 inputs on a 14× 14 patch grid. The ROI projection
maps 768-dim patch features to 128 dimensions; the fusion layer concatenates
prior, current, and difference embeddings (384-dim total) and feeds into a 3-layer
MLP classifier (384→256→128→3). We train for 15 epochs with AdamW [15]
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Table 2. Anatomy-level temporal progression classification accuracy (%) on the Chest
ImaGenome Gold dataset. Med./Card. = Mediastinal & Cardiac; Pleu./Dia. = Pleural
& Diaphragm.

Method Lung Sub-Regions Whole Lung Hilum Med./Card. Pleu./Dia. Avg.

Single-image methods

BioViL [2] 48.0 47.1 44.9 72.4 54.7 53.4
MGCA [19] 50.9 48.6 52.7 76.6 43.8 54.5

Temporal methods

MedGemma1.5 [17] 52.3 53.9 43.1 78.0 41.6 53.8
BioViL-T [1] 47.3 48.0 50.9 77.6 53.3 55.4
MedST [23] 54.5 48.0 47.3 77.1 48.9 55.1

BAAP (Ours) 56.9 61.3 68.9 86.0 59.1 66.4

(lr=10−3, weight decay 10−4), cosine annealing [14] with 10% warmup, batch size
10 per GPU, class-weighted cross-entropy loss with label smoothing (ϵ=0.1). The
backbone is frozen for the first 5 epochs, then unfrozen with a 0.01× learning rate
multiplier for staged fine-tuning. All experiments are conducted on two NVIDIA
A100 (80 GB) GPUs using PyTorch Distributed Data Parallel (DDP).

3.2 Results

Disease-Level Progression Classification. We first evaluate disease-level
progression prediction on MS-CXR-T [1], where each longitudinal CXR pair is
annotated with disease progression labels for the findings present in that pair.
As shown in Table 1, BAAP achieves an overall accuracy of 65.9%, outper-
forming the MedST baseline (61.1%) by +4.8%. Notably, these performance
gains are particularly pronounced for conditions that heavily rely on local spa-
tial context, such as Pleural Effusion (+10.2%) and Pneumonia (+5.5%). The
improvement is consistent across evaluated findings, indicating that anatomy-
aware post-training on localized regions yields temporal representations that
translate effectively to robust disease-level progression prediction. Furthermore,
by explicitly grounding temporal differences within specific anatomical regions,
BAAP successfully mitigates the confounding effects of patient positioning and
breathing variations across longitudinal scans, enabling the model to focus on
genuine pathological changes.

Anatomy-Level Progression Classification. Table 2 reports the anatomy-
level temporal progression classification accuracy on the Chest ImaGenome Gold
Dataset. Specifically, BAAP achieves an average accuracy of 66.4%, surpassing
the strongest baseline BioViL-T (55.4%) by 11.0 %. The improvements are par-
ticularly pronounced in the Hilum region (+16.2% over MGCA) and the Whole
Lung region (+7.4% over MedGemma1.5), where prior methods show limited
discriminative ability. For the Mediastinal & Cardiac region, where all baselines
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Table 3. Cumulative ablation study under the BAAP strategy. Uni-PT: Unidirectional
Progression Post-Training; Bidir.: Bidirectional Progression Perception Post-Training;
APL: Anatomy-aware Perception Layer. MS-CXR-T reports per-disease and average
accuracy (%).

Components MS-CXR-T

Uni-PT Bidir. APL Consol. Edema Pl.Eff. Pneum. Pneurx. Avg. ∆

Baseline – – – 60.6 67.4 58.5 65.0 54.2 61.1 –
+ Uni-PT ✓ – – 61.2 67.8 68.4 67.1 55.3 64.0 +2.9
+ Bidir. ✓ ✓ – 63.8 72.2 68.9 65.6 55.5 65.2 +1.2
BAAP (Ours) ✓ ✓ ✓ 64.3 70.9 68.7 70.5 55.5 65.9 +0.7

already achieve relatively high accuracy due to the more salient visual changes,
BAAP still improves upon the best competitor MedGemma by 8.0%. These re-
sults demonstrate that BAAP can effectively capture fine-grained temporal rep-
resentations at the anatomical level, enabling accurate progression classification
even without supervision on the target evaluation set.

3.3 Ablation Study

We conduct a cumulative ablation under the BAAP strategy (Table 3). Adding
Uni-PT to MedST improves disease-level accuracy by +2.9% on MS-CXR-T, in-
dicating that explicit temporal-ordering supervision improves direction-sensitive
prediction. Incorporating bidirectional training yields further gains of +1.2% on
MS-CXR-T, suggesting that enforcing temporal symmetry captures additional
progression cues. Adding APL achieves the best performance, reaching 65.9% on
MS-CXR-T.

4 Conclusion

We proposed BAAP, a lightweight post-training strategy that encodes temporal
symmetry via bidirectional pair augmentation and anatomical grounding via the
Anatomy-Aware Perception Layer. With approximately 0.7% additional param-
eters, BAAP improves the MedST baseline on MS-CXR-T by 4.78% to reach
65.90% average accuracy, and improves BioViL-T on Chest ImaGenome Gold
by 11.0% to reach 66.4% anatomy-level accuracy. These consistent gains across
both disease-level and anatomy-level evaluations suggest that task-aligned in-
ductive biases can be more effective than scaling model capacity for longitudinal
CXR progression prediction. A current limitation is the reliance on predefined
anatomical bounding boxes, though off-the-shelf anatomy detectors can supply
the required per-region boxes when such annotations are unavailable. Future
work will incorporate automated anatomy localization end-to-end and extend
BAAP from pairwise comparison to multi-visit longitudinal sequences.

Disclosure of Interests. The authors have no competing interests to declare.
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