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Abstract. Anomaly detection in medical images is useful for early di-
agnosis and treatment planning. Unsupervised methods are attractive
because they avoid manual annotations and generalize well to unseen
anomalies. However, existing unsupervised methods face fundamental
limitations: reconstruction-based methods often suffer from pixel-level
mismatch of generated pseudo-normal images, and embedding-based meth-
ods often fail to separate normal and abnormal images sufficiently in
embedding spaces. In this paper, we propose an unsupervised method
named InvDetect to address both limitations. InvDetect performs anomaly
detection in a noise latent space induced by Denoising Diffusion Implicit
Model (DDIM) inversion, which avoids generating pseudo-normal images
thus prevents pixel-level mismatch. By training DDIM exclusively on nor-
mal image patches, InvDetect constructs a structured noise latent space
in which normal patches form a compact cluster and abnormal patches
deviate significantly. This yields better separation between normal and
abnormal patches to produce a more reliable pixel-wise anomaly map.
At last, we refine the anomaly map by enforcing spatial contiguity of
abnormal regions, which reduces isolated false positives and false nega-
tives in the final detection result. Experiments on four real-world medical
imaging datasets demonstrate that InvDetect consistently outperforms
eighteen prior unsupervised anomaly detection methods.
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1 Introduction

Anomaly detection in medical imaging plays an important role in many real-
world clinical workflows, such as early disease diagnosis, surgical planning, and
treatment monitoring [5,9]. Existing works can be broadly categorized into su-
pervised, self-supervised, and unsupervised methods. Supervised methods [3]
rely on pixel-level annotations of abnormal regions, which are costly and time-
consuming to obtain. Self-supervised methods [9] attempt to reduce annotation
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costs by generating synthetic anomalies for model training, but their reliabil-
ity is often compromised by the domain discrepancy between synthetic and real
pathological patterns [9]. In contrast, unsupervised methods [28, 5, 15,2, 26] re-
quire only normal images for training. This avoids costly image annotation and
the domain discrepancy introduced by synthetic anomalies, while enabling better
generalization to unseen abnormal patterns [28, 24].

Our work falls in the category of unsupervised methods, which consists of
the following two major lines of existing methods.

Reconstruction-based methods [2,7,6,5,32,17,31, 15, 29, 21, 28] use nor-
mal images to train a generative model [2,5,7,28]. When detecting anomalies
in an input image, they first use the trained model to generate a pseudo-normal
image that is similar to the input but without abnormal area. Then, they detect
anomalies by thresholding the pixel-wise difference map between the pseudo-
normal image and the input. However, generative models often fail to preserve
fine pixel-level details, which leads to pixel-level mismatch in normal regions [21].
This produces unreliable difference maps and degrades detection performance.
To mitigate this issue, MatchGen [21] performs test-time optimization to re-
fine the pseudo-normal image, while pPDDPM [6] adopts patch-wise generation
to improve local fidelity. However, the detection performance of these methods
remains constrained by pixel-level mismatch, because generative models are de-
signed to capture the distribution of normal images rather than to accurately
reproduce the exact pixel values of a specific input image.

Embedding-based methods [11, 30, 10, 24, 20, 13, 26] characterize the dis-
tribution of normal embeddings extracted from normal samples (i.e., images or
image patches) by using memory banks [10, 20, 24| or probability density mod-
els [13]. Given an input sample, an anomaly is detected by measuring how far
its embedding deviates from the normal embeddings. However, since the em-
bedding space is not constructed to explicitly separate normal samples from
abnormal ones, the embeddings of abnormal samples can become indistinguish-
able from the normal embeddings, which limits the detection performance of the
embedding-based methods.

Is it possible to construct a latent space in which normal and abnormal image
patches are well separated, such that anomalies can be effectively detected in the
latent space?

In this paper, we propose InvDetect, a novel unsupervised anomaly detec-
tion method built on a simple yet principled insight: a diffusion model trained
exclusively on normal image patches learns denoising dynamics that map Gaus-
sian noise to the manifold of normal patches. When this model is inverted, normal
patches map back close to the Gaussian prior in the noise latent space, whereas
abnormal patches deviate due to accumulated inversion errors. This asymmetric
behavior induces a structured noise latent space in which normal and abnormal
patches become better separated. An overview of InvDetect is shown in Fig. 1.
The main contributions are summarized as follows.

First, we formalize the construction of a noise latent space for unsupervised
anomaly detection via Denoising Diffusion Implicit Model (DDIM) inversion.
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Fig. 1: The training stage and detection stage of InvDetect.

By training the DDIM exclusively on normal image patches, the noise latents
of normal patches form a compact cluster in the noise latent space, while those
of abnormal patches are more dispersed. This separation property improves the
distinguishability between noise latents of normal and abnormal image patches,
which enables effective anomaly detection in the noise latent space.

Second, we learn a normality model directly in the noise latent space by train-
ing a lightweight one-class SVM on normal noise latents and use it to score unseen
image patches. The resulting patch-wise anomaly scores are aggregated into a
continuous-valued pixel-wise anomaly map. By performing detection directly in
the noise latent space, InvDetect avoids generating pseudo-normal images, which
prevents the issue of pixel-level mismatch.

Third, we introduce spatial contiguity refinement (SCR), a post-processing
module that converts the anomaly map into a binary abnormality mask by incor-
porating a clinically motivated prior that abnormal regions tend to be spatially
contiguous. By jointly considering the anomaly map and spatial consistency,
SCR suppresses isolated false positives and false negatives, which produces a
coherent and high-quality abnormality mask as the final detection result.

Last, we validate InvDetect on four real-world medical imaging datasets,
where it achieves strong detection accuracy while maintaining practical detection
efficiency compared to eighteen prior unsupervised anomaly detection methods.

2 Our Method: InvDetect

As shown in Fig. 1, InvDetect consists of two stages: a training stage that
constructs the noise latent space and learns a normality model in this space from
normal image patches, and a detection stage that produces pixel-wise anomaly
scores for unseen images and refines them via spatial contiguity refinement (SCR)
to obtain the final binary abnormality mask. We describe the two stages below.
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2.1 Training Stage: Noise Latent Space and Normality Modeling

In the training stage (see Fig. 1), InvDetect constructs the noise latent space
and learns a normality model from the noise latents of normal image patches.
This stage consists of four steps, which are introduced below.

Patch extraction. We extract image patches from each normal training
image by a sliding window with size b x b and a stride of b/2 horizontally and
vertically. This produces a set of overlapped normal image patches, denoted by
X, = {z}}M,. The subscript n means “normal”. The same patch extraction
strategy is applied in the detection stage.

DDIM training. A DDIM defines a diffusion process in which an image
is progressively corrupted by Gaussian noise, and a noise predictor €y learns to
denoise the corruption. In InvDetect, € is trained exclusively on the normal
image patches in X,,, so the learned denoising dynamics capture normal image
patterns but do not account for abnormal ones. This property causes normal and
abnormal patches to behave differently under DDIM inversion, which is essential
for inducing a structured noise latent space.

DDIM inversion. Given an image patch x, we apply DDIM inversion to
map x into the noise latent space Z. The inversion follows the deterministic
reverse trajectory induced by €y to recover the noise latent that would generate
x. We denote this mapping as z = Zy(x), where z € Z represents the recovered
noise latent. Since Zy can be applied to both normal and abnormal image patches,
it maps all patches into the noise latent space Z, whose property is analyzed next.

Why does the noise latent space Z better separate normal and abnormal
patches? This separation stems from how ey is trained. During DDIM train-
ing, noise latents are sampled from a Gaussian prior z ~ A(0,I) and mapped
to normal image patches. Therefore, when a normal patch x, is inverted, its
recovered noise latent z, = Zy(x,) remains close to the Gaussian prior, which
yields a compact cluster in Z. In contrast, abnormal patches contain patterns
that are not captured during training, for which ¢y produces inaccurate noise
predictions [28, 12]. When such patches are inverted, mismatch errors accumulate
along the deterministic reverse trajectory of €y [22], which causes their recovered
noise latents z, to deviate more from the Gaussian prior. Consequently, noise
latents inverted from normal and abnormal patches become better separated in
7, which supports effective anomaly detection in this space.

Normality modeling. We apply Zy to all normal image patches in X,,,
which yields a set of normal noise latents that forms a compact cluster in Z.
Because the latent space is well structured by DDIM training and inversion,
normality in Z can be captured by a simple boundary model. We therefore train
a light-weight one-class SVM [25] to learn a decision boundary [ that encloses the
cluster. The one-class SVM is a classical non-parametric estimator of normality
and imposes no parametric assumption on the latent distribution. Nonetheless,
as detection is performed in the well-structured space Z, InvDetect is not tied
to this choice and remains compatible with other one-class estimators, such as
parametric Gaussian density modeling [10]. In the detection stage, the anomaly
score of an image patch is computed directly in Z based on the distance of its
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noise latent to 3, where the patches whose noise latents lie on S are scored zero,
and those farther inside/outside § receive smaller/larger anomaly scores.

2.2 Detection Stage: Obtaining Anomaly Map and Performing SCR

In the detection stage (see Fig. 1), InvDetect first produces a pixel-wise anomaly
map by aggregating patch-wise anomaly scores computed in the noise latent
space Z, and then refines this map via spatial contiguity refinement (SCR) to
obtain the final binary abnormality mask.

Obtaining anomaly map. Given an unseen image U, we extract overlapped
patches X, = {x!}¥, usmg the same strategy as in the training stage, where
the subscrlpt u means “unseen”. Each patch x?, is mapped to its noise latent
2!, = Tp(x!)), which is assigned a patch-wise anomaly score s, by the one-class
SVM in Z. These patch-wise anomaly scores {s! }V | are aggregated into a pizel-
wise anomaly map A. Specifically, denote by p a pixel in U and by D, C X, the
set of patches containing p. The anomaly score at p is given by

Alp)= ) wpsu/ Y w, (1)

xi, €Dy xi €Dy

which is a weighted average of the anomaly scores of all the image patches in
Dy. The weight w, = exp( — [lp — ¢}, 3/w?) measures the proximity between p
and the center c, of patch x¢, and w = b/4. This projects the anomaly scores
obtained in Z back to the anomaly map in image domain.

Performing spatial contiguity refinement (SCR). Although the anomaly
map A provides pixel-wise anomaly scores collected from Z, it does not explic-
itly model the spatial contiguity of abnormal regions. Direct thresholding may
therefore produce fragmented abnormality masks. To incorporate the spatial
contiguity prior, we formulate SCR as a global energy minimization problem:

argmmz Yp; A(p)) + A Z (Yp» Yq), (2)

peU (p,q)EN

where y = {y, € {0,1} | p € U} denotes the abnormality mask, and the abnor-
mality labels y, = 1 and y, = 0 indicate abnormal and normal pixels, respec-
tively. The first term enforces consistency between the binary label y, and the
anomaly score A(p) through a cross-entropy formulation:

P (yp; A(p)) = —yplogo(A(p)) — (1 — yp) log(1 — o(A(p))), (3)

where o(-) is the sigmoid function. This term translates the continuous anomaly
scores in A into a probabilistic labeling cost, which ensures that the final abnor-
mality mask remains consistent with these anomaly scores. The second term
introduces a spatial contiguity prior by penalizing label discontinuities between
neighboring pixels. Specifically,

Y (Yp: Yq) = Ap,q L(Yp # Yq): (4)
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Table 1: The detailed information of the datasets.

Datasets |Modality | Dirain | Dtest | Image Type | Resolution
BraTS2021 [4,1] |Brain MRI 4,500 500 grayscale 128x128x1
BTCV [19,1] Liver CT 3,200 500 grayscale 512x512x1
RESC [14] Retinal OCT 6,200 500 grayscale 256 x256 % 1
IDRID [23,1] Fundus Images 7,000 500 color 128x128x3

where (p,q) € N denotes 4-neighborhood adjacency and A > 0 balances the
two terms. A larger )\ suppresses more isolated false positives but may also
cause small abnormal regions to be missed. The penalization weight is de-
fined as ayq = exp(—|r, —r4[3/7%), where r, = 3. cp Wz /> cp, W)
is the weighted aggregation of the noise latents whose patches contain pixel p.
By defining the penalization weight based on the noise latents in Z, SCR en-
forces spatial contiguity according to the latent similarity. Neighboring pixels
with similar latent representations are therefore encouraged to share the same
abnormality label, while structural label transitions are preserved when their
latent representations differ.

The energy minimization problem is solved by the Boykov—Kolmogorov max-
flow /min-cut algorithm [8, 18], which yields a globally optimal abnormality mask
under this formulation.

3 Experiments

In this section, we first introduce the experiment settings and then discuss the
experimental results in Sections 3.1 and 3.2. All experiments are conducted on
a desktop with RTX 4090 GPU, Intel Core-i9 CPU and 32 GB RAM.

Datasets. We use the public datasets listed in Table 1. The training dataset
Dirain contains only normal images used for training. The testing dataset Dyeqy
contains pixel-wisely annotated abnormal images, which are only used for per-
formance evaluation. We thank the original authors for the excellent datasets.

Evaluation Metrics. Following the literature [5,21, 9], we use Dice to mea-
sure overlap between detected and ground-truth abnormal regions, and use Pre-
cision to measure the fraction of detected abnormal pixels that are correct. For
both the metrics, a larger value means a better performance. We also evaluate
detection efficiency by the average runtime for detection per image.

Baseline Methods. As listed in Table 2, we focus on comparing with
the two major category of unsupervised anomaly detection methods, includ-
ing reconstruction-based methods and embedding-based methods. For all the
baselines, we use the official code in default and parameters released by the
authors.

Implementation Details of InvDetect. Following [27], the noise predictor
€9 adopts a time-conditioned U-Net with four encoder—decoder stages and is
trained using the Adam optimizer [16] with a learning rate of 10~3. The diffusion
process uses T = 1000 timesteps, and each image patch is mapped to its noise
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Table 2: Dice and Precision (Prec.) results. 1st-place in bold and 2nd underlined.
BraTS2021 BTCV RESC IDRiD

Method Dice  Prec.| Dice Prec.| Dice Prec.| Dice Prec.
= AnoDDPM [28] 51.63 47.67| 26.39 19.53| 24.07 15.58| 19.76 12.43
9 |THOR [7] 52.71 49.83| 21.27 17.75| 26.40 16.78| 14.64 8.04
8 |AE-6 [5] 34.08 24.67| 20.99 16.29| 26.04 16.28| 21.22 13.69
L |CeAE (32] 32.71 23.70| 20.18 14.78| 26.98 16.93| 23.86 19.02
.g VAE [17] 38.12 28.27| 21.45 16.67| 25.57 15.98| 26.43 20.27
S VAE-Grad [31] 36.62 29.03| 21.11 16.80| 26.41 16.62| 25.72 19.41
& |DAE [15] 59.22 52.83| 25.99 19.28| 26.14 16.17| 15.22  8.69
2 |GANomaly [2] 35.61 26.57| 24.71 18.15| 23.68 15.25| 15.23 8.93
S IDDGAN [29] 25.06 17.73| 20.23 15.16| 25.84 16.01| 22.06 18.13
ch; MatchGen-GANomaly [21]| 40.71 34.43| 27.47 21.71| 27.21 17.14| 17.34  9.52

MatchGen-DAE [21] 67.16 70.47| 28.14 22.85| 29.74 18.70| 16.68 11.10
2 |RD4AD [11] 27.24 18.71| 10.53  6.82| 28.47 19.78| 28.95 24.92
% |[STFPM [30] 30.16 23.47| 11.29  7.54| 34.51 27.20| 26.54 20.77
< |PaDiM [10] 26.41 18.80 5.96  3.88| 33.21 22.88| 29.39 25.71
%D PatchCore [24] 32.56 23.75| 14.05  8.67| 40.25 29.97| 28.63 24.75
g |CFA [20] 29.69 20.46| 15.26  9.52| 32.49 22.03| 26.12 20.82
2 |CFLOW [13] 16.12 11.05| 4.59 3.42| 37.58 30.13| 20.49 14.25
5 ADINO-DPMM |[26] 31.12 22.64| 10.13 6.05| 36.67 29.78| 25.12 20.28
£ |InvDetect w/o SCR 64.74 65.26| 31.55 22.91| 40.87 31.14| 28.84 24.55
5 InvDetect 68.35 70.66| 32.83 24.86| 42.88 34.62| 33.35 31.03

latent by the DDIM inversion Zp with 200 steps. For the one-class SVM, we
use an RBF kernel with v = 0.1, and set «y to the inverse of the product of the
dimension of Z and the variance of the normal noise latents. We set patch size to
b = 32, thus the stride is b/2 = 16 and w = b/4 = 8. We set 7 to match the mean
of ||ty — r4l|3 on Dirain, and follow [24, 26] to select A as the smallest value that
keeps the detected abnormal area (i.e., false positives) below 1% on the normal
images in Dipqin. We uniformly set 7 = 10 and A = 25 across all datasets. To
assess the effect of SCR, we also implement an ablated version of InvDetect w /o
SCR, which obtains abnormality mask y by thresholding A at a threshold n = 0.
Our code is available at https://github.com/lele0007 /InvDetect.

3.1 Detection Performance: Dice and Precision

Table 2 compares the Dice and Precision between our methods and the baseline
methods. We can draw the following conclusions from the results.

First, for our methods, InvDetect consistently outperforms InvDetect w/o
SCR, which shows the effectiveness of SCR in improving detection performance.

Second, the reconstruction-based methods are inferior to InvDetect due to
pixel-level mismatch [28]. By performing test-time optimization to reduce pixel-
level mismatch, MatchGen-DAE achieves the 2nd-place on BraTS2021, however,
it remains inferior to our methods on the other datasets.

Third, embedding-based methods are inferior to InvDetect, because their em-
bedding spaces are not constructed to explicitly separate normal images from
abnormal ones. PaDim achieves 2nd-place on IDRID, but it is consistently out-
performed by our methods on the other datasets.
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In summary, InvDetect achieves the best performance across all datasets be-
cause: 1) it does not generate pseudo-normal images, which avoids pixel-level
mismatch; 2) the noise latent space Z provides better separation between nor-
mal and abnormal image patches, which yields high-quality patch-wise anomaly
maps; and 3) SCR incorporates spatial contiguity priors by leveraging the noise
latents in Z, which suppresses isolated false positives and false negatives, and
produces more coherent abnormality masks.

3.2 Detection Efficiency: Runtime v.s. Dice

Fig. 2 shows the performance of runtime vs. Dice of all the methods. We can
draw the following conclusions from the results.

First, the reconstruction-based methods [28,7,5,32,17,31,15, 2,29, 21| that
rely on light-weight image generation models achieve the smallest runtime of
10° ~ 10! milliseconds (ms), but their low-quality image generation introduces
significant pixel-level mismatch, which limits the Dice score. In contrast, the
reconstruction-based methods [28,7,5,32,17,31, 15,2, 29, 21| that employ com-
putationally intensive generation models often achieve higher Dice scores, but
at the cost of a much larger runtime around 10* ms.

Second, the embedding-based methods [11, 30, 10, 24, 20, 13, 26] achieve small
runtime around 102 ms, because they work on image embeddings that are effi-
cient to obtain by an encoder network (e.g., ResNet-50 or DINOv2). However,
they cannot consistently achieve good Dice scores on all datasets because their
embedding spaces are not constructed to separate normal and abnormal images.

Last, InvDetect consistently achieves the highest Dice while maintaining a
runtime around two seconds per image, which remains competitive among base-
lines with high Dice. The runtime of InvDetect w/o SCR is close to InvDetect,
because the time cost of SCR is negligible compared to the DDIM inversion Zy.
Although 7y dominates the computation, InvDetect remains efficient because
mapping many image patches by Zy can be parallelized on GPUs, and the total
time cost scales linearly with the number of patches.
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4 Conclusion

In this paper, we proposed InvDetect, an unsupervised anomaly detection method
that operates in a structured noise latent space induced by DDIM inversion. By
training the DDIM exclusively on normal image patches, InvDetect induces a
noise latent space in which normal and abnormal patches become better sep-
arated. Anomaly detection is performed directly in this latent space using a
lightweight one-class SVM, which avoids pseudo-normal image generation and
the associated pixel-level mismatch. To account for the spatial contiguity of
pathological regions, we further incorporate a spatial contiguity prior through
a global energy minimization framework, which produces coherent abnormality
masks. Extensive experiments on four medical imaging datasets demonstrate
that InvDetect achieves strong detection accuracy while maintaining practical
detection efficiency.
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