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Abstract. Unsupervised anomaly detection (UAD) offers a promising
direction for fracture analysis where abnormal annotations are scarce, yet
pelvic X-ray fracture detection remains exceptionally challenging due to
overlapping anatomy, projection artifacts, and the inherently asymmetric
presentation of fracture patterns. We introduce SymmDIiff, a symmetry-
aware diffusion framework that embeds contralateral anatomical con-
sistency directly into the generative correction process, mirroring the
clinical practice of bilateral comparison. By pairing anatomically cor-
responding left-right regions and enforcing symmetry-consistent recon-
struction during diffusion, SymmDiff generates a normal-corrected ra-
diograph that selectively suppresses fracture-induced asymmetries while
preserving global anatomical structure, enabling precise fracture local-
ization through residual discrepancies between the input image and its
symmetry-corrected counterpart. Extensive evaluations on pelvic radio-
graphs spanning subtle to severe fractures show that SymmDiff consis-
tently outperforms existing anomaly-detection baselines, highlighting the
effectiveness of symmetry-guided generative modeling for reliable frac-
ture localization in clinical imaging. Code is available at https://itsabd
ulrahman.github.io /symmdiff!

Keywords: Diffusion model - Unsupervised anomaly detection - Pelvic
fracture.

1 Introduction

Recent advances in deep learning have substantially improved X-ray image anal-
ysis and enabled AI systems that can provide practical decision support in
radiology work-flows [79]. In musculoskeletal imaging, pelvic X-rays are fast,
inexpensive, and widely used for fracture screening, yet detection/localization
remains challenging due to overlapping anatomy, projection/position variability,
and low-contrast fracture cues.

A key limitation of many current clinical Al tools is that they are typically
trained for predefined disease labels [12], which is often brittle for pelvic radio-
graphs, where subtle fractures appear as small deviations within highly variable
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but normal anatomy. This motivates unsupervised anomaly detection (UAD),
not merely for reducing annotation burden, but also to model normal struc-
ture and highlights deviations. Feature-based UAD methods have shown strong
results in general anomaly detection [14], but may miss fine grained, anatomy
specific cues. Generative methods can reconstruct a normal looking counterpart
of the input and localize pathology via the reconstruction discrepancy, which is
well-suited to radiographs where abnormalities appear as breaks from expected
structural continuity.

Diffusion models have become a strong foundation for reconstruction-based
anomaly detection [4UT7JI8ITO/TT]. However, pelvic radiographs pose a key chal-
lenge: normal anatomical and acquisition variability can dominate differences,
causing false positives around normal structures and weak sensitivity to mi-
crofractures when ‘“normal” is not anchored to a stable structural reference. Im-
portantly, radiologists often mitigate this ambiguity via side-to-side comparison:
contrasting the suspected side with the contralateral side. Prior work has shown
that explicitly modeling contralateral comparison can improve fracture diagnosis
[6]. Motivated by this clinical practice, we argue that pelvic X-ray UAD should
not be anatomy-agnostic; instead, it should incorporate contralateral consistency
as an inductive bias. However, post-hoc residual /feature comparisons are insuf-
ficient for diffusion-based UAD, as iterative denoising can drift anatomically
unless contralateral coupling is embedded in the reverse transition dynamics.

We therefore propose SymmDiff, a diffusion-based UAD framework for pelvic
radiographs that embeds contralateral comparison into the denoising/correction
process to generate a contralateral-consistent pseudo-healthy reconstruction.
Fractures and implant-related deviations are localized via input-reconstruction
discrepancies, reducing projection/anatomy-induced false positives while im-
proving sensitivity to subtle fracture cues. The contributions of this paper can
be summarized as follows:

1. A symmetry conditioned latent diffusion model that establishes a patient
specific representation of normal pelvic anatomy through contralateral cor-
respondence, providing a structural prior for fracture localization.

2. A symmetry conditioned reverse diffusion formulation in which contralat-
eral information guides the reverse transition at each step, stabilizing the
anatomical trajectory during iterative denoising.

3. An ROI-guided reverse diffusion scheme with contralateral latent swap ini-
tialization that softly restricts updates to regions exhibiting elevated bilat-
eral discrepancy, reducing projection-induced over-correction while preserv-
ing global anatomy.

2 Background

2.1 Generative Diffusion for Medical UAD

Diffusion models learn to invert a gradual corruption process, as popularized
by DDPMs [§], and have become a strong backbone for reconstruction-based
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UAD. Trained on normal anatomy, they produce a pseudo-normal correction at
test time and localize anomalies via input-correction discrepancies, as explored
in early diffusion-UAD [I8] and later refinement-based variants that better pre-
serve unaffected regions [4]. To improve stability and efficiency under acquisition
variability, many radiograph pipelines operate in latent space following latent
diffusion principles [13]. Concretely, an encoder E maps an image = to a latent
z = E(x), and diffusion is applied to z rather than x. With a variance schedule
{B:}, the forward process is

q(z | ze-1) = N(V1 = Brzi_1, Bed), (1)

and a denoiser is trained to predict the injected noise at arbitrary timesteps [§].
At inference, deterministic DDIM sampling is often used to obtain stable and
efficient reconstructions without stochastic variation [I5].

Despite strong performance, diffusion-based UAD in radiographs remains
vulnerable: projection, overlap, and contrast variability can suppress residual
cues and hide subtle pathology, creating a mismatch between generic denoising
and localization needs, where preserving normal anatomy is critical [I]. Moreover,
most diffusion-UAD methods encode anatomy only implicitly via global density,
which is often insufficient to stabilize “normality” in highly symmetric regions
such as the pelvis.

2.2 Anatomy of Symmetry in Radiographic Assessment

Pelvic X-rays are often read via side-to-side comparison, using the contralat-
eral side as an internal control under similar projection to disambiguate subtle
cues from overlap and normal variants. While large-scale supervised pelvic X-ray
systems demonstrate strong performance for trauma findings, they rely on pre-
defined labels [5]. Mathematically, let Qr, and Qr denote left /right domains and
T denote the approximate reflection/alignment mapping. For a healthy pelvis,
corresponding features are highly dependent: f(p) ~ f(T(p)), p € 2r, which
implies that conditioning on the opposite side can reduce uncertainty about
what is anatomically plausible at a given location. Formally, learning a normal-
ity model conditioned on a patient-specific reference gives the generative process
a structural anchor, reducing the space of plausible “normal correction”.

Cross-side comparison modules have improved fracture diagnosis by reduc-
ing ambiguity from local textures and edges [6]. However, most diffusion-based
UAD methods do not impose such cross-side consistency within the correction
dynamics, which can over-correct normal structures and increase false responses
in overlap-heavy pelvic regions. Unlike direct left-right subtraction, SymmDiff
enforces structural consistency along the reverse trajectory, enabling correction
rather than mere comparison.

2.3 Structural Inductive Biases in Latent Diffusion

A recurring challenge in reconstruction-style UAD is the “reconstruction para-
dox™: highly expressive models can also reconstruct abnormal patterns, weak-
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Fig. 1. (a) Training with input x and its flipped counterpart sym; (b) mask generation;
(c) inference pipeline; (d) left/right ROI scoring; (e) anomaly map fused differences.

ening residual-based localization. This has motivated constrained and masking-
based diffusion strategies in medical UAD [16]. In latent diffusion, selectivity can
be expressed by restricting reverse updates to a subset of latent coordinates. Let
m € {0,1}"*% be a binary mask and ®; a deterministic reverse update [I5]. A
generic masked reverse step is

zi—1 = (1 =m) ®© 2zt + m © Dy(2), (2)

where ® denotes element-wise multiplication, enforcing invariance outside the
mask while allowing correction inside it. Such constrained correction reduces the
risk of altering normal structure and makes residual maps more interpretable,
complementing feature-based anomaly scoring approaches that do not explicitly
enforce preservation constraints [14].

3 Methodology

We propose SymmDiff, a symmetry-guided latent diffusion framework for pelvic
X-ray fracture localization that uses the patient-specific contralateral side as a
structural prior to generate a pseudo-healthy reconstruction and localize anoma-
lies via input-reconstruction discrepancies. Figure 1 shows: SymmDiff consists of
(i) symmetry-aware latent encoding of the input and flipped reference, (ii) sym-
metry-constrained reverse diffusion with ROI-targeted, cross-side coupled cor-
rection, and (iii) multi-scale discrepancy fusion, enforcing coupling during the
correction trajectory rather than post-hoc.
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3.1 Latent Space and Symmetry Mapping

Let € RE*W denote an input pelvic radiograph and sy, = T(x) its hor-
izontally flipped reference, where 7 denotes reflection. Both are encoded by a
pretrained VAE adapted from [I3] and fine-tuned on pelvic radiographs into
latent codes z = £(2), Zsym = €(Tsym)s 2, Zsym € RAxwxe YWhile T provides
a coarse structural alignment, latent encoding e abstracts local textures into
higher-level features, improving robustness to minor projection mismatch and
tilt.

Pelvic anatomy exhibits strong bilateral correspondence, so reference con-
ditioning can be more specific than an unconditional model. Let Z and R de-
note latent random variables of z and zgy,, under normal data, where I(-;-) de-
notes mutual information and H (-) denotes entropy. Since contralateral anatomy
is not independent, I(Z;R) > 0, thus conditioning reduces uncertainty, i.e.,
H(Z | R) < H(Z). This reduction holds under slight positional variability as
diffusion reconciles correspondence on the latent manifold, narrowing plausible
normal reconstructions and stabilizing the reverse trajectory, motivating condi-
tioning on 2y, to reduce ambiguity from projection and overlap.

3.2 Training: Symmetry-Constrained Diffusion

We define a latent diffusion process over T steps with a variance schedule {;}_,
ar=1—0, ap = szl as. Given a clean latent zy = z, we sample:

2zt = Vazo + V1 —age, €~ N(0,1). (3)

A conditional denoiser eg(U-Net) is trained to predict € given z;, t, and the
reference latent zgym,. To encourage the network to use global structure rather
than memorizing local textures, we apply random patch masking to the noisy
latent, following the masking strategy used in [2], while z,,,, provides a patient-
specific anatomical prior that restores globally consistent anatomy. Let m.qnq €
{0,1}"*% be a binary mask generated by selecting random patches of size P x P
and setting their entries to 0; we broadcast m,.qnq across channels. We form a
masked latent

gt = Myand © 2¢ + (1 - mrand) ® 57 (4)
where ¢ denotes a replacement value (0 or Gaussian noise). The training objective
is:

£5D(8) = ey [lle = eo(Zu, s Zogm) 3] (5)

The denoiser parameterizes the conditional reverse transition
z—1 = Dot (2t, Zsym) © Po(2t—1 | 2t, Zsym) (6)

Therefore, the contralateral reference explicitly shapes the reverse trajectory
zt — -+ — 29. In practice, the conditioning is implemented by concatenating
Zsym With Z; channel-wise, enabling € to inpaint masked regions using patient-
specific bilateral context.
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3.3 Inference: ROI-Targeted Reconstruction

Unlike the random masking used during training, the inference ROI mask is
anatomically driven and constrains reverse updates to suspicious regions. Given
a test image ', we compute its reference x7,,, = T (2') and latents 2’ = (z'),

!

Zym = €(2y,,). We estimate a region of interest mask mgor € {0, 1}"** from

a side-to-side discrepancy score: mgror = M(S(2',2,,,)), where S is a left-
right scoring function and M binarizes it. Although S is based on intensity
residuals, it is used only as a soft spatial gate (not a hard pre-filter), reducing
the correction search space and limiting projection-induced over-correction. We

initialize correction via latent swap:

Zétart = (1 - mROI) © Z; + MROI © Zgym (7>

| 28are — 28112 < 2t — 2n]l2 (8)

where zy denotes the normal latent. Critically, this swap biases the trajectory
toward a symmetry-consistent manifold by anchoring the ROI to the patient’s
own contralateral anatomy, making the pipeline robust to minor mask errors.
Although the ROI is derived from a simple side-to-side intensity discrepancy, it
is used only as a soft spatial prior rather than strict segmentation. The reverse
update remains fully data-driven, and the ROI merely narrows the correction
search space without dictating the reconstruction. We then denoise 2., using
deterministic DDIM (n = 0) to obtain z(, conditioned on 2{,,,. Let ®g ¢("; 25,,)
denote one DDIM update induced by ey. We explicitly constrain the reverse
trajectory to update only within the ROI:

zi_1 = (1 = mgor) © z; +mror © Pg.+(24; Zeym) (9)

where ®g; represents the symmetry-conditioned reverse update approximating
p(zi—1 | #t, Zsym). For any spatial index p with mgor(p) = 0, Eq. (9) implies
zi_1(p) = z,(p)Vt, i.e., the reverse process is identity outside the ROI. This
identity constraint outside the ROI ensures that imperfect mask estimation can-
not induce global structural drift. Finally, the pseudo-healthy reconstruction is
obtained by decoding o = D(z(), where D is the frozen VAE decoder.

3.4 Multi-scale Anomaly Fusion

A single residual is unreliable in pelvic radiographs since abnormalities appear
at different scales and different cues (edges, texture, global shape). We there-
fore use multi-view discrepancy z’ and z,e.: pixel residual (intensity deviation),
gradient residual (cortical edge breaks), perceptual distance (context/texture
change robust to photometric shifts), and latent discrepancy (global mismatch
in the generative space). These cues are complementary, thin fractures are of-
ten stronger in gradient perceptual maps, while broader deformities dominate
pixel/latent. We fuse them via a convex combination:

A= > wi - Norm(Dy), wg >0, wp =1. (10)
k

ke{pix,grad,perc,lat}
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Table 1. Quantitative comparison on Chosun University Hospital pelvic X-ray dataset,
best results are highlighted in bold.

Image-level Pixel-level

AUROC AUPRC Flmax|AUROC AUPRC Flpax
DDPM [g]| 84.5 83.0 80.1 76.5 23.3  24.6
AnoDDPM [I8]| 87.5 854 83.0 | 79.5 26.1 27.8
AutoDDPM [3]| 89.0 85.9 84.2 | 80.6 27.6  27.0
THOR [4]| 89.3 89.1 88.3 | 84.5 36.2 37.2
SymmDiff (ours)| 94.2 91.6 91.1| 884 43.9 42.7
Values in %

Method

where A denotes the fused pixel-wise anomaly map, Dy, each discrepancy map,
and wy, are fixed on validation for stability and interpretability.

4 Experimental Results

4.1 Experimental Setting

Dataset. We evaluate on a retrospective pelvic X-ray dataset collected at
Chosun University Hospital, South Korea, from 2015-2025, with 1,268 normal
radiographs (80/10/10 train/val/test) and 534 abnormal cases used only for
evaluation, with pixel-level masks available for localization. Images are resized
to 256 x 256, diffusion is performed in the VAE latent space with spatial size
32 x 32.

Evaluation Metrics. We report AUROC, AUPRC, and Fl,.x at both the
image level and pixel level. F1,,.x is obtained by sweeping thresholds, with op-
erating points selected on the validation split.

Implementation Details. SymmDiff is trained in the latent space with DDPM
objective using T = 1000 diffusion steps. The VAE uses an 8x downsampling
latent representation, and the denoiser is an attention U-Net with timestep
embedding and channel-wise zgy,, conditioning. Random patch masking uses
P =4 x 4 and masking ratio p € [0.6,0.75]. Inference uses deterministic DDIM
with K = 25 steps. We compare against the diffusion-based UAD baselines: An-
oDDPM, THOR, DDPM, and AutoDDPM under the same preprocessing and
comparable sampling budgets

4.2 Results

Quantitative Results. Table 1 reports a quantitative comparison against
diffusion-based UAD baselines on the Chosun University Hospital pelvic X-ray
dataset. SymmDiff consistently achieves the best performance at both image
and pixel levels, demonstrating clear gains over recent methods. Compared to
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Sample 1 Sample 2 medium Sample 3 Sample 4 Sample 5
minor fracture fracture large fracture implant healthy

el T4

Groundtruth  Reconstructed Input

Anomaly Map

Fig. 2. Qualitative localization results on pelvic X-rays. Columns show five different
test samples. The top row is the input radiographs, second row is the reconstructed
corrected image, third and final rows show binary ground-truth masks and predicted
anomaly heatmaps, respectively.

the second-best approach (THOR), SymmDiff improves image-level AUROC/
AUPRC/F1ax by 4.9/2.5/2.8, and pixel-level AUROC/AUPRC/F1,,.x by 3.9/
7.7/5.5. The improvements are even larger relative to the vanilla DDPM base-
line, confirming that SymmDiff offers improved screening performance, greater
stability, and clearer localization cues.

Qualitative Results. Figure 2 shows representative cases. Across minor-to-
large fractures (Samples 1-3), SymmDiff yields anatomically plausible recon-
structions and localizes anomalies consistent with the masks. For the implant

Table 2. Ablation study of SymmDiff components on the Chosun University Hospital
pelvic X-ray dataset.

Method Image-level Pixel-level
AUROC AUPRC Flyax|AUROC AUPRC Flnax
SymmDiff (full) 94.2 91.6 91.1 | 884 43.9 42.7
w /o reference conditioning 89.4 88.2  86.2 79.9 324 30.6
w/o random patch masking 93.7 90.8 89.7 | 86.3 36.0 357
w/o ROI constrained de-noising 91.8 90.3 89.8 | 83.2 35.7 351
w/o latent swap 92.6 90.5 89.8 | 84.5 38.5  37.7
w /o multi-scale fusion (pixel only)| 93.9 91.2 90.7 | 86.6 36.8 359

Values in %
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case (Sample 4), responses concentrate around the implant with minimal spillover,
and for a healthy case (Sample 5), activations remain low.

Ablations. Table 2 shows that each SymmDiff component contributes to per-
formance. Removing symmetry conditioning causes the largest drop, indicating
the side-to-side prior stabilizes reconstruction and reduces contralateral false
positives. Disabling ROI-constrained denoising also degrades localization due
to global drift and spurious activations outside the suspicious side. Random
patch masking and latent swap provide additional, consistent gains, improving
both screening and pixel-level localization over their respective ablations. Fi-
nally, replacing multi-scale fusion with a single pixel residual reduces pixel-level
AUPRC/F1ax, confirming that this fusion provides complementary evidence
for thin fractures that are weak in intensity residuals alone.

5 Conclusion

We introduced SymmDiff, a symmetry-guided latent diffusion framework that
leverages a patient-specific contralateral reference to guide pseudo-healthy recon-
struction and improve anomaly localization in pelvic radiographs. By combin-
ing reference-conditioned denoising with ROI-constrained correction, SymmDiff
helps reduce anatomy- and projection-driven false responses and provides clearer
localization cues. Experiments on the Chosun University Hospital pelvic X-ray
dataset show consistent performance gains over diffusion-based UAD baselines
at both image and pixel levels, and ablations indicate that each component
contributes meaningfully to the overall framework. Future work will explore im-
proving robustness under strong pose and projection mismatch, refining ROI
estimation and alignment, and evaluating cross-site generalization. In bilateral
abnormal cases, ROI gating with identity constraints outside the mask provides
an additional stabilizing bias during reverse diffusion, reducing sensitivity to
imperfect contralateral references. Looking ahead, we also plan to extend be-
yond contralateral priors by incorporating population-level healthy atlases for
symmetry-violating scenarios.
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