ided
led

This MICC/
by the M

version, except for the format and this wate

M ICCAI final published version is available on SpringerLink

Mask-Guided Attention Regulation for
Anatomically Consistent Counterfactual CXR
Synthesis

1ark
K,

Zichun Zhang, Weizhi Nie*, Honglin Guo, and Yuting Su

School of Electrical Automation and Information Engineering, Tianjin University,
Tianjin 300072, China
weizhinie@tju.edu.cn

Abstract. Counterfactual generation for chest X-rays (CXR) aims to
simulate plausible pathological changes while preserving patient-specific
anatomy. However, diffusion-based editing methods often suffer from
structural drift, where stable anatomical semantics propagate globally
through attention and distort non-target regions, and unstable pathol-
ogy expression, since subtle and localized lesions induce weak and noisy
conditioning signals. We present an inference-time attention regulation
framework for reliable counterfactual CXR synthesis. An anatomy-aware
attention regularization module gates self-attention with organ masks,
confining structural interactions to anatomical ROIs and reducing un-
intended distortions. A pathology-guided module enhances pathology-
token cross-attention within target anatomical regions during early de-
noising and performs lightweight latent corrections driven by an attention-
concentration energy, enabling controllable lesion localization and extent.
Extensive evaluations on CXR datasets show improved anatomical con-
sistency and more precise, controllable pathological edits compared with
standard diffusion editing, supporting localized counterfactual analysis
and data augmentation for downstream tasks.

Keywords: Counterfactual generation - Diffusion model - Attention
regulation.

1 Introduction

Counterfactual medical image generation aims to simulate plausible imaging
outcomes under hypothetical changes in pathological conditions while preserv-
ing the underlying anatomical structure of the patient, thereby constructing
anatomy-preserving "what-if" image pairs for controlled pathological analysis [8,
22]. In chest X-ray (CXR) imaging, counterfactual generation allows localized
pulmonary abnormalities to be introduced, removed, or progressively altered
without disrupting stable anatomical components, including lung shape, rib
structures, and cardiac contours [3]. By explicitly disentangling pathological
variations from anatomical consistency, counterfactual medical image genera-
tion provides a useful framework for auditing diagnostic models, supporting
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controlled data augmentation, and analyzing localized pathology-related visual
changes [7].

With the rapid development of diffusion-based generative models [13], a grow-
ing body of work has explored counterfactual medical image generation by lever-
aging image inpainting [16], instruction-driven editing [2] [10], or conditional
synthesis [27] [25] frameworks. However, achieving stable and controllable edit-
ing often requires domain-specific retraining or learnable control branches [25],
adding recurring tuning and data-governance costs under cross-institution vari-
ability and continuously evolving data [23], which hinders deployment at scale.

Therefore, we impose constraints on the diffusion sampling process at infer-
ence time to improve controllability without additional training overhead. Under
this setting, we still need to address the following key challenges:

— Structural instability. In diffusion models, global anatomical structures
tend to stabilize early and dominate subsequent generation through self-
attention [11]. When pathology-related prompts are introduced, this global
propagation can cause localized changes to spread to non-target regions [18§],
leading to unintended structural distortions and reduced anatomical consis-
tency [24].

— Pathological expression instability. Pathological features in medical im-
ages are often subtle, spatially confined, and heterogeneous, resulting in weak
attention responses during generation [8]. Consequently, such features may
be suppressed or unintentionally diffused, leading to inaccurate localization
or uncontrolled lesion extent [6].

Motivated by these challenges, we propose an inference-time attention reg-
ulation framework for counterfactual medical image generation. Specifically, we
first introduce an anatomy-aware attention regularization strategy that con-
strains self-attention responses [21| within valid anatomical regions, preventing
structural semantics from excessively propagating into pathology-sensitive ar-
eas. Furthermore, to enable precise control over localized pathological changes,
we design a pathology-guided attention regulation mechanism that enhances
pathology-related cross-attention responses within target anatomical ROIs via a
mask-derived spatial prior [5] and applies lightweight corrections to intermediate
noise representations during denoising, allowing accurate lesion localization and
extent control.

In summary, our contributions are threefold:

— We propose an inference-time attention regulation framework for counterfac-
tual medical image generation, which improves controllability across target
pathologies without additional control-branch training.

— We jointly regularize anatomy-aware self-attention and pathology-guided
cross-attention to preserve structure while enabling reliable, localized patho-
logical edits.

— Extensive experiments on chest X-ray datasets demonstrate the effective-
ness of the proposed framework in producing anatomically consistent and
pathology-controllable counterfactual images.
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(a) Conditional Diffusion Sampling for Counterfactual Generation
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Fig. 1. Overview of our inference-time attention regulation framework for counterfac-
tual CXR generation. (a) The input image is encoded by VAE [15], noised, and denoised
by a conditional diffusion model to generate a counterfactual image. (b) Anatomy-aware
self-attention gating with Manat preserves structural consistency, while (c) pathology-
guided cross-attention reweighting with a mask-derived prior {2 localizes pathological
edits.

2 Method

2.1 Problem Definition

Given an input medical image x, an organ mask M,,,t, and a counterfactual
condition y describing the target pathological state, our goal is to generate a
counterfactual image z’ that preserves anatomical consistency while realizing
the desired pathological variation. We denote the counterfactual generator as

x = g(x’Manat’c(y)§§)7 (1>

where ¢ denotes the stochasticity.
As shown in Fig.1 (a), in diffusion sampling, we first encode the input image x
into a latent zoi; = Enc(z) and obtain a noisy initialization by forward diffusion:

zT:\/@Tzorig—i—\/l—éTe, ENN(O,I). (2)
We then perform conditional iterative denoising:
21 = Fp(ze; ®, Manat, c(y),t), t=T,...,1, 2’ = Dec(zp), (3)

where Fj is the conditional denoising update implemented by a UNet [20] with
parameters 6, and Dec(-) is the decoder. In this work, we introduce lightweight
inference-time regulation on the denoising updates in Eq. (3); the following sec-
tions describe our anatomy and pathology regulation strategies.
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2.2 Anatomy-aware Attention Regularization

We consider a diffusion UNet where, at each denoising step ¢, intermediate la-

tents are updated via attention blocks. Let S; denote the self-attention map

capturing spatial interactions, and let A; denote the cross-attention map align-

ing conditioning tokens to spatial locations:

QselfK;1f>
Vd

Sy = Softmax<

-
, Ay = Softmax(chossK> ,

Vd

where Qgelf, Kself are projected from current features, and K is projected from the
condition embedding ¢(y). Given an organ mask Mpat, we denote by (Mapat 4 q)
its downsampled version to match the spatial resolution ¢ of the attention map
at a specific UNet layer.

Stable anatomical structures tend to become dominant early in denoising and
can be propagated through self-attention across the image [11]. When patholog-
ical conditions are introduced, such global propagation may induce unintended
structural drifts in non-target regions, degrading anatomical consistency. We
therefore constrain anatomy-related attention responses to the corresponding
anatomical regions using the available organ masks.

As shown in Fig. 1 (b), we apply inference-time region gating to restrict
attention-driven information flow by M,p,.¢. For self-attention, we gate the at-
tention response at each layer:

(4)

S?nat = St @ (Manat J/ q)u (5)

which suppresses anatomy-driven interactions outside the anatomical ROI and
reduces non-target structural perturbations during denoising.

2.3 Pathology-guided Attention Regulation

To realize counterfactual edits, we regulate token-wise cross-attention maps and
apply a lightweight trajectory correction during inference as shown in Fig. 1
(c). We interpret the token-wise cross-attention weight map A, ; as the spatial
attribution of token k over latent locations at denoising step . We construct a
sample-specific spatial prior map {2 at the same resolution as A; j.

Given the organ masks (e.g., left/right lung and heart), we deterministically
select or combine an ROI mask Mgor using simple anatomy cues from the text y
(e.g., laterality and coarse lung regions), and obtain {2 by downsampling Mgor
to the attention resolution followed by optional smoothing and normalization,
i.e., 2 = Normalize(Blur(Mgror | ¢)).

Let Kpath denote the index set of pathology-related tokens, and let A;j be
the cross-attention map for token k& € Kputh at step t. During early denoising
steps, we reweight token-wise cross-attention with a soft multiplier map (1+7£2):

A?f;:h =A kO (1 +7 Q), k€ Kpan, t < pT, (6)
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where 7 controls the enhancement strength and p specifies the early-step window.
To mitigate attention diffusion and leakage to non-target areas during edit-
ing, we introduce a differentiable concentration metric that quantifies how well
pathology-token attribution aligns with the target ROI, which further enables a
lightweight inference-time correction. We define a region concentration score:

ath
_unte) i
SCOret’k = m, ( )

tk o

and the pathology energy
1

Lpatn(t) =1 — —— score; k.- 8
pat ( ) |Kpath| t, ( )

kerath

We then apply a single inference-time correction to the intermediate latent within
the same early-step window:

ét — 2t — atVZt Lpath(t>7 (9)

where oy is a step-size schedule. This lightweight update steers the denoising
trajectory toward better ROI concentration, improving lesion localization and
controlling the affected extent.

2.4 Inference Procedure

Given (z, Manat,y), we run conditional diffusion sampling for ¢t = T,...,1. At
each denoising step, we first apply anatomy-aware self-attention regularization
by gating self-attention with the downsampled organ mask in Eq. (5), thereby
restricting attention-driven propagation to anatomically valid regions. We then
perform pathology-guided cross-attention regulation for pathology tokens by
reweighting token-wise cross-attention with the spatial prior {2 in Eq. (6). Dur-
ing early steps (t < uT"), we additionally apply a single latent correction update
in Eq. (9) using the pathology energy in Eq. (8) before the denoising update.
Finally, we decode the resulting zo to obtain the counterfactual image z’.

3 Experiments

Datasets. We use frontal-view (PA) studies from MIMIC-CXR-JPG [14] and
ChexpertPlus [4], resizing images to 512 x 512 as a practical trade-off between
computational cost and visual fidelity. Multi-organ anatomical masks are ob-
tained by HybridGNet [9]. We refine the paired report text using a GPT-based [1]
cleaning step that removes boilerplate and non-imaging content and compresses
the remaining findings into concise prompts. Text conditions are truncated to
fit the SD tokenizer limit (77 tokens).
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Target Condition Original

Ours SD-inpainting PIE BiomedJourney
(Prompt) Image

ProgEmu

Chest X-ray showing
mild pleural effusion at
the right lung base.

Chest X-ray showing
mild cardiomegaly.

(a)

Self-attention Map Cross-attention Map Full-model Output

(w/oreg) Mask Mganae  (full model) (w/o reg) prior £} (full model) nghtpleura/effusron

Imm

cardiomegaly

Fig. 2. Qualitative comparison and attention visualization for counterfactual CXR gen-
eration. (a) Comparison with state-of-the-art counterfactual CXR generation methods
under two target prompts. (b) Attention-map visualization of the proposed regulation

strategy. Manat and 2 are used to guide self-attention regularization and pathology-
token cross-attention regulation, respectively.

(b)

Implementation Details. Our generator is built on Stable Diffusion v1.5 [19]
and is fine-tuned on chest X-ray data for domain adaptation. The backbone is
fine-tuned for 50 epochs using AdamW with a learning rate of 1x10~* and an
effective batch size of 16; we use mixed precision (bf16) and gradient accumula-
tion under GPU memory constraints. We perform DDIM sampling with T'=>50
steps and classifier-free guidance s=7.5. For attention regulation, we align the
masks/prior to the attention resolution and use ¢ € {64, 32,16} for 512x512 in-
puts. Pathology-guided attention regulation is applied in an early window ¢ < uT’
with ©=0.4 and enhancement strength n=1.5. Within the same window, latent
correction uses one gradient step per denoising step with a linearly decayed step
size ay, where ama,=0.05 at the start of the window.

3.1 Comparison with State-of-the-Art

We conduct both quantitative and qualitative comparisons with state-of-the-art
methods for counterfactual CXR generation. As summarized in Table 1, our
method achieves the best Conf and CLIP-I when evaluated on a selected sub-
set of the MIMIC-CXR-~JPG dataset. For pathological accuracy, our approach
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Table 1. Performance comparison with state-of-the-art methods on the counterfactual
CXR generation task.

Method Conff CLIP-IT LPIPS[26], FID[12]{
SD-inpainting[19] 0.662 0.827 0.23 37.6
BiomedJourney[10]  0.693 0.868 0.19 30.8
ProgEmu[17] 0.701 0.866 0.17 28.4
PIE[16] 0.691 0.842 0.18 29.7
Ours 0.709 0.870 0.18 29.0

Table 2. Ablation study of inference-time regulation modules on the counterfactual
CXR generation task.

Variant Conft CLIP-I1 SSIM?T
Full (Ours) 071  0.87  0.80
w/o anatomy self-attn regularization (Eq. 5)  0.69 0.85 0.76
w/o pathology cross-attn regulation (Eq. 6) 0.66 0.82 0.80
w/o latent correction (Eq. 9) 0.70 0.86 0.79

provides more reliable and better-aligned target edits, indicating that the pro-
posed inference-time regulation improves the intended pathological changes while
maintaining global semantic consistency. Although ProgEmu obtains slightly
better LPIPS and FID, our results remain competitive in terms of perceptual
realism and distribution-level fidelity, suggesting that the improved controllabil-
ity does not come at the expense of visual plausibility.

Fig. 2 (a) further shows representative visual examples. Compared with
instruction-based editing methods, our generations exhibit stronger stability in
background and non-target regions. Meanwhile, relative to prior editing/inpainting
baselines, the pathological changes are more accurate and more tightly confined
to relevant regions, demonstrating better preservation of irrelevant areas and
validating the effectiveness of our framework.

3.2 Ablation Study

As shown in Table 2, we conduct an ablation study on the MIMIC-CXR-JPG
dataset to evaluate pathological accuracy and the preservation of structural char-
acteristics in counterfactual image generation. Overall, the full configuration con-
sistently yields the best results, indicating that neither anatomy stabilization nor
pathology injection alone is sufficient for robust counterfactual generation. In
particular, anatomy-aware self-attention gating primarily safeguards structural
consistency and global appearance, while pathology-guided cross-attention reg-
ulation is the key factor for reliably expressing the intended pathological change.
The latent correction step provides an additional layer of stability: although its
impact is more modest, it consistently improves the final outcome by refining the
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denoising trajectory, leading to more dependable edits without over-amplifying
the target signal.

The attention visualization in Fig. 2 (b) further provides a qualitative expla-
nation for the ablation results. In the representative cases, the full model shows
more anatomically constrained self-attention under the guidance of M,,.t, and
pathology-token cross-attention becomes more concentrated around the soft spa-
tial prior {2 compared with the unregulated setting. These observations are con-
sistent with the quantitative improvements in Table 2, suggesting that the pro-
posed regulation helps preserve anatomical structure and guide localized pathol-
ogy editing.

4 Conclusion

In this work, we propose an inference-time attention regulation framework for
counterfactual medical image generation to avoid recurring retraining and tun-
ing costs. It addresses two practical challenges in diffusion-based medical edit-
ing: maintaining structural fidelity and producing accurate, localized patho-
logical changes. By injecting organ-mask priors into attention modulation, our
method suppresses unintended alterations in irrelevant regions while strength-
ening pathology-focused attention within target areas to better realize local-
ized pathological edits. Extensive experiments demonstrate improved anatomical
consistency and semantic alignment over strong diffusion editing baselines, high-
lighting its potential for controlled counterfactual analysis and research-oriented
data augmentation.

Disclosure of Interests. The authors have no competing interests to declare
that are relevant to the content of this article.
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