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Abstract

Most of the current state-of-the-art visual unsupervised
anomaly detection (UAD) methods leverage complex neural
architecture modules: Transformer-based methods provide
high-quality anomaly detection performance due to their
global feature extraction capability, similar to the recent
Mamba based methods that combine the strengths of CNNs
and Transformers. Some of the simpler reconstruction-
based UAD methods are purely CNN-based, which offers
linear complexity, but is performance-restricted by feature
extraction locality. Hence, the architecture variants have
inherent design trade-offs: CNNs lacks long-range feature
interaction, Transformers struggle with quadratic complex-
ity, and Mamba based solutions suffer in high parame-
ter count and scalability. In this work we propose to re-
visit CNN-based approaches by introducing novel strip-
modulation and gated-mixer mechanisms, and propose No-
MambAAD, a novel visual UAD method absent of Mamba
and Attention blocks. The proposed method offers simi-
lar or better anomaly detection performance than the cur-
rent state-of-the-art approaches and outperforms the cur-
rent state-of-the-art across multiple benchmarks with 38%
smaller parameter count.

1. Introduction

Unsupervised Anomaly Detection (UAD) comprises of
techniques used to identify unusual or unexpected patterns
in test images, which differ from the typical characteristics
of normal training images — all achieved without relying
on labeled training data. Besides evident and popular ap-
plications in industrial visual quality inspection, UAD has
been used in the design of many supporting systems for
medical and military purposes [5], where paired data ac-
quisition is expensive.

UAD approaches can be organized into three categories,
as outlined in prior works [6]: Embedding-based [2–4, 12],

Figure 1. Parameter count vs. UAD performance between the
proposed No-MambAAD and the current SotA study MambaAD
[6] with identical encoders as and the MVTecAD [1] dataset for
a fair comparison. No-MambAAD shows steady improvement in
accuracy with larger encoders, whereas MambaAD [6] saturates.
Additionally, No-MambAAD provides significantly lower decoder
parameter count than MambaAD [6].

Synthesis-based [8, 9, 20, 22], and Reconstruction-based
[5, 6, 15, 18]works. Reconstruction-based approaches typi-
cally maximize the feature similarity within multiple scales.
For instance, the conv-only method RD4AD [15] or the
Mamba variant MambaAD [6] use a pre-trained teacher-
student model to detect anomalies by comparing features
across multiple scales, or UniAD [6] that employs a pre-
trained encoder paired with a transformer decoder, match-
ing features within a single scale.

In this study, we aim to revitalize the convolution based
approach for UAD without resorting to recent popular archi-
tectural modules such as Mamba or Attention variants, and
propose, No-MambAAD. The latter offer global feature in-
teraction but at the cost of quadratic complexity. One the
other hand, Mamba merges global and local feature inter-
action with linear complexity, but requires complicated de-
ployment and customized scanning for implementing global



feature interaction. In contrast, regular convolution based
solutions provide only local feature interaction, however
with linear complexity.

Hybrid Mamba-convolution or attention-convolution ar-
chitectures provide local-global feature extraction, but bring
along the inherent challenges of Mamba/Attention blocks:
issues with scalability and parameter count. An example
of such a hybrid method is MambaAD, a Conv-Mamba hy-
brid that shows state-of-the-art (SotA) performance in UAD
tasks by relying on the Mamba scanning scheme.

In contrast, MambaOut [19] is a recent pure convolu-
tional network, which shows that Mamba blocks can be
avoided in visual recognition and similar tasks by introduc-
ing gated convolutional layers, still achieving comparable
or better performance than Mamba variants.

These two studies have inspired the proposed
reconstruction-based UAD work that revolves around
a novel and efficient global feature extraction mechanism;
the conv-only module No-MambA acts as a mixed feature
aggregator within the decoder at each scale and as a
feature refiner before feeding into the loss layer. To
ensure global feature extraction, No-MambA utilizes a
novel strip modulation operation that includes convolution,
normalization, addition, and multiplication, maintaining
linear complexity scaling. In principle, our deployed strip
modulation weighs the local strips from the given feature
tensors through a learnable set of weights, which stem
from the global information of the feature tensor. Indeed,
like the self-attention mechanism, this process does not
consider the complete query-key-value setup. However, the
proposed strip modulation can be applied for horizontal and
vertical directions and weigh the full feature map through
carefully designed weighted aggregation. We place this
modulation operation in between the iterative convolution
operations within the decoder, resulting in efficient global
feature propagation throughout the reconstruction phase.
This conv-only design choice shows surprising improve-
ment over alternative global receptive field propagators
like Attention or Mamba by achieving SotA performance
across multiple datasets. In summary, we propose No-
MambAAD, a reconstruction-based conv-only approach
for UAD tasks with the following key contributions:

• We propose No-MambAAD, a convolution-only unsu-
pervised anomaly detection method that achieves SotA
performance in UAD for multiple datasets.

• No-MambAAD uses strip modulation, an effective
global feature extractor, and integrates it with standard
local feature extractors to overcome the typical limita-
tions of convolutional approaches.

• Considering recent SotA Mamba-based [6] and
Transformer-based [21] studies in UAD, No-

MambAAD requires 38% and 59% fewer parameters,
respectively, to outperform them in anomaly detection

2. Related Work
As mentioned before, AD works can be divided

to three major categories: Embedding-based [2–4, 12],
Synthesizing-based [8, 9, 20, 22], and Reconstruction-based
[5, 6, 10, 15, 18]. Relying on a pre-trained backbone model,
embedding-based approaches project RGB images into a
multi-channel feature space. For example, [14] takes the la-
tent multi-channel features and maps them into a multivari-
ate Gaussian distribution for the UAD task, or [13] utilizes
a memory bank to extract nominal patch features, which
helps to compute the Mahalanobis distance for evaluation.
Synthesizing UAD works synthesize the pseudo-anomaly
images by applying various kinds of perturbations upon re-
lated images. For instance, [20] uses Perlin noise and tex-
tured images for anomaly synthesis, or [16] adopts Poisson
image blending for anomalous sample production.

Finally, reconstruction-based UAD approaches rely upon
matching feature similarities within different scales, and
the proposed study falls into this category. Prior to our
work, RD4AD [15] deployed a conv-only encoder-decoder
setup for the UAD task in a multi-scale fashion, where
the encoder remains frozen all over the training. Fol-
lowing [15], MambaAD [6] state space modeling within
the RD4AD [15] framework achieved SotA performance.
However, MambaAD [6] requires customized deployment
like all other Mamba based works, and high classification
performance necessitates extensive model size. Similarly,
VitAD [21] uses a plain vision transformer, DinoMaly [5]
adopts DINOv2-Register ViT [11] with unfocused linear at-
tention, UniAD uses a masked attention module, and DiAD
explores the diffusion model for consistent reconstruction
guidance during the UAD task.

Table 1 presents a brief comparison between the current
SotA UAD studies.

3. No-MambAAD
This study introduces the proposed No-MambAAD ap-

proach for UAD. Our framework includes a pre-trained
image encoder, a bottleneck, and a decoder that utilizes
the superior feature extraction capabilities of our novel
No-MambA module. As No-MambA falls within the
reconstruction-based anomaly detection category, feature
matching is adopted between the encoder and decoder at
multiple scales. During training, normal images are fed into
the encoder, and from here, features go into the bottleneck,
and the output of the bottleneck enters the decoder. Both the
bottleneck and decoder are trainable entities, and we update
them by maximizing the cosine similarity between feature
tensors from the encoder and the decoder. In Figure 2, we
present a flowchart of No-MambAAD.



Method Pyramidal
Encoder

Heavy
Fuser

Pyramidal
Decoder

Multi-Resolution
Features

Image/Feature
Augmentation

Category
Syn. Emb. Rec.

DRAEM [20] Ë é ○␣ Ë Ë Ë + +
RD4AD [15] Ë Ë Ë Ë é é é Ë
UniAD [18] Ë é é Ë Ë Ë é Ë
DeSTSeg [22] Ë é ○␣ Ë Ë Ë Ë é
SimpleNet [9] Ë é ○␣ Ë Ë Ë Ë é
ViTAD [21] é é é é é é é Ë
MambaAD Ë Ë Ë Ë é é é Ë

No-MambAAD Ë Ë Ë Ë é é é Ë

Table 1. A methodical comparison between SotA UAD studies. Ë: Satisfied; é: Unsatisfied; +: Partially satisfied; ○␣: Inapplicable.

Strip Modulation (SM). Self-attention weighs the value
representation of the input via attention weights from the
query and key, but introduces quadratic computation cost.
In contrast, the compute demand of convolution is linear
but lacks the global feature interaction of self-attention.
In the proposed No-MambAAD method, Strip modulation
introduces global feature interaction without incurring the
quadratic computational cost. We are not claiming that Strip
modulation is equivalent to self-attention, however, it fol-
lows global weighing similar to self-attention to some ex-
tent, returning significant performance improvement over
transformer variants in UAD tasks.

Strip modulation starts with an adaptive-average pooling
operation to extract condensed global information from the
input feature, followed by convolution, normalization, and
activation operations. These operations are applied to the
pooling layer’s output to formulate it as a set of adaptive
modulation weights to be applied to the raw input feature of
the strip modulation block. The modulation weights update
the channels through pointwise modulation, leaving a single
weight for each channel. In strip modulation, the weights
and feature channels are first grouped based on a predefined
parameterization; then, based on the group count, strip, and
kernel size, we reshape the adaptive weights from pooling
layers and the grouped features.

At this stage, strips from reshaped features undergo
a modulation that is based on grouped weights, and are
summed accordingly. This process continues in a slid-
ing window fashion. This particular modulation provides
two benefits that are absent in regular pointwise modula-
tion. First, the adaptive kernels, derived from global average
pooling and convolution, encapsulate condensed global in-
formation from the input, enabling each group’s strips to be
modulated with weights tailored to the overall spatial and
channel context, resulting in a weighted representation of
the strip patches across grouped channels, enhancing adapt-
ability to input-specific features. Second, due to the slid-
ing window nature of strip modulation, just like the convo-
lution, each strip’s information passes on to the next strip
and efficiently captures spatial relationships within each
strip without requiring global pairwise interactions, reduc-
ing computational complexity compared to self-attention.

Given the scanning direction, our strip modulation layer
can access the strip horizontally or vertically from the ten-
sors. After modulation, we weigh it with trainable coef-
ficients and deduct global-average pooling weighted input
features, returning the modulated low-frequency compo-
nent. In parallel, we also weigh the input tensor with an-
other set of trainable weights to obtain the high-frequency
components. Finally, aggregating both results returns the
desired representation of the input features.

Internal Feature Rectifier (InFR). The No-MambAAD
InFR module includes both regular and gated convolution,
followed by strip modulation, and ends with a regular ad-
dition operation. At first, incoming features go through
standard convolution, where the projected output shares the
same number of channels as the input. Then, both the in-
put and the convolved features go through a gated convolu-
tion. The output from this stage then continues to a sepa-
rate strip modulation operation; strips are taken from differ-
ent directions. Since straightforward strip modulation does
not provide equally comprehensive global feature interac-
tion as self-attention, the patches or strips are modulated
individually and combined to achieve improved global fea-
ture interaction. To propagate the local features from the
convolutional layers along the modulated features, we add
the original input of the InFR module to the final aggrega-
tion operation before module output.

Mixed Feature Propagator (MFP). Mixed Feature
Propagator (MFP) is a crucial component of the No-
MambAAD decoder, as it iteratively updates features at dif-
ferent resolutions. The MFP module consists of several lay-
ers, including a convolutional layer, a normalization layer,
and an InFR module. Additionally, it includes an upsam-
pling layer, which is invoked only under specific conditions.
In our standard convolutional layer, we utilize a kernel size
of (3, 3) and a stride of 1. For the upsampling layer, the
kernel size is (2, 2) wit the same stride. Normalization is
applied in batches. The InFR module aims to extract global
features from the convolutional layer and combine them
with the local input features. The module name of Mixed
Feature Propagator originates from this integration of local
and global features.

To summarize, the input to the MFP module first goes
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Figure 2. No-MambAAD flow diagram. Module names corresponding to numbers explained on the top of the figure.

through a standard convolution layer followed by a normal-
ization layer. Next, it proceeds to the step within the InFR
block. The output from the InFR block connects into an-
other round of convolution and normalization before enter-
ing the final residual operation. If necessary, an upsampling
operation is performed in between these steps.

Global Mixer (GM). The No-MambAAD global mixer
module is a straightforward block, which merges strip mod-
ulation blocks with some trainable coefficients. As men-
tioned before, strip modulation applies scanning from dif-
ferent directions to ensure linear compute cost in feature
extraction — in the GM module strip modulation is applied
horizontally and vertically to capture the global response.
Each channel is weighed with a trainable coefficient that
prevents direct aggregation between the channels; the chan-
nels have a specific scanning direction in the modulation
that results in refined frequency representation.

No-MambA. The proposed No-MambA module has two
parts: local feature processing and global feature process-
ing. The local feature processing part directly mimics the
modeling trait of the standard Mamba block by taking in-
spiration from the mamba-out [19] block. In the local fea-
ture processing part, the input feature is treated as follows:
a copy of the features is first normalized, then goes into a

linear layer and ends with a convolutional operation. Simi-
larly, another copy goes through dense convolution and ac-
tivation layers consecutively. Then, the outcome of the con-
volution and activation layers forms a product, followed by
a final dense convolution before aggregating the global fea-
ture processing path.

For global feature extraction, the proposed global mixer
module is used by adopting a copy of the original feature
into it. Finally, the local and global features are aggregated
before forwarding them to the loss layer. The No-MambA
module works as a feature refiner for the decoder, as the
output of each MFP module works in two ways: one to the
next MFP layer as the initial raw representation for the next-
scale features and another to this No-MambA module, and
the output of it is then compared with the features from en-
coder of the same scale. The placement of each module has
been determined empirically.

Decoder. In No-MambAAD, we train the bottleneck and
the decoder by maximizing the multi-scale feature cosine
similarity. The decoder consists of two modules: the MFP
module and the No-MambA module. The MFP module cre-
ates initial feature representations at each scale and passes
them to the next MFP module and the current No-MambA
module. This No-MambA module refines the incoming fea-



tures from the MFP module and passes them to the loss
layer without upsampling.

Loss function. The default loss function in No-
MambAAD training is cosine similarity, where the simi-
larity is between the encoder and decoder for multi-stage
feature resolutions. If Ef and Df are the stacked feature
list of the encoder E and the decoder D, then the Cosine
loss is:

Lsim = Dcos(F(Ef ),F(Df )), (1)

Here, F(·) denotes the flattening of the features, and the
equation for the cosine distance Dcos is

Dcos(a, b) = 1− aT · b
∥a∥ ∥b∥ , (2)

4. Experiments
The datasets, metrics and baselines of the experimental

evaluation of No-MambAAD are presented below.

Datasets: For evaluation, we have used three well-
known visual anomaly detection datasets, MVTec-AD [1],
VisA [23], and Real-IAD [17]. The MVTec-AD dataset [1]
contains 15 categories, including five texture and 10 ob-
ject classes. It has 3,629 normal images for training and
1,725 for testing, with 467 normal and 1,258 anomalous
images. The VisA dataset [23] includes 12 objects, with
a training set of 8,659 normal images and a test set of 2,162
images, 962 normal and 1,200 anomalous. The Real-IAD
dataset [17] features 30 unique objects and provides 36,465
normal images for training. Its test set consists of 114,585
images, of which 63,256 are normal and 51,329 are anoma-
lous.

Metrics:. For evaluating the performance of our model,
we followed [5,6], and adopted the following metrics: Area
Under the Receiver Operating Characteristic Curve (AU-
ROC), Average Precision (AP), and F1-score-max (F1-
max). Area Under the Per-Region-Overlap (AU-PRO) met-
ric is used to evaluate the segmentation performance of our
model.

Models: To benchmark No-MambAAD, we have con-
sidered several SotA studies [6, 7, 9, 15, 18, 21, 22], some
of which manifest anomaly detection through reconstruc-
tion [6,15,18,21], and the rest use the embedding approach
[9, 22].

Implementation details: For implementation, we have
taken inspiration from previous SotA studies [5, 6]. No-
MambAAD uses 256x256 resolution for all of the experi-
ments. For the encoder and decoder, we choose ResNet34
as our default model. For optimization, the Adam opti-
mizer with WarmCosineScheduler [5] with the base and fi-
nal learning rate values of 2e-3 and 9e-5, respectively, are
used. We set the epoch count as 100 during training.

4.1. Quantitative comparison

As shown in Table 2, the proposed No-MambAAD
sets a new benchmark over the previous studies for all
three datasets. For instance, on the MVTec dataset, No-
MambaAAD achieves 0.2% improvement in the classifi-
cation and 0.3% improvement in the segmentation perfor-
mance over the recent SotA approach, MambaAD [6]. One
of the key contributions of our study is that our pure conv-
only architecture integrates global feature interaction via
strip modulation in the spirit of self-attention. Without re-
lying on the self-attention mechanism, our approach out-
performs the recent SotA transformer-based ViTAD [21] by
achieving 2.2% improvement in segmentation and 0.5% in
classification. Compared to the MVTec, the VisA dataset
poses significant complexity and challenges, yet our method
continues to improve performance, showing its robustness
and effectiveness. By analyzing the classification and seg-
mentation performance of MambaAD [6], our study im-
proves the benchmark by 1.3% and 0.22%, respectively.
Similarly, our model achieves 5.5% and 7.2% improvement
over ViTAD [21] for classification and segmentation tasks.
The same trend is present with the Real-IAD dataset. Over-
all, these quantitative benchmarks show that the proposed
No-MambAAD can perform reliably better than concurrent
Mamba and transformer alternatives.

4.2. Qualitative demonstration

No-MambAAD visual anomaly localization results with
ground truth for the MVTecAD and VisA datasets are
shown as heatmaps in Figure 3.

4.3. Parameter efficiency comparison

In an efficiency comparison between state-of-the-art
methods, we compared our study with six studies, high-
lighting classification performance (AU-ROC), segmenta-
tion performance (AU-PRO), and the model parameter
count. Our findings reveal that the No-MambAAD model
meets performance benchmarks set by existing literature
and stands out with its efficiency. Specifically, it employs
the least number of parameters compared to all other SotA
studies documented in Table 1. In comparison to our study,
DiAD [7] uses almost 88 times more parameters, and Mam-
baAD [6] uses 1.5 times more, yet our study ranks top when
it comes to metric performance. Hence, this table shows
that No-MambAAD can deliver high performance for the
given tasks while remaining lightweight and more compute-
friendly than the concurrent SotA studies.

5. Ablation Studies
This section presents various complementary results that

evaluate different aspects of the proposed No-MambAAD.
In this section, we present the following: a) Impact of back-



Dataset Method
Image-level Pixel-level

AUROC AP F1 -max AUROC AP F1 -max AUPRO

MVTec-AD [1]

RD4AD [15] 94.6 96.5 95.2 96.1 48.6 53.8 91.1
SimpleNet [9] 95.3 98.4 95.8 96.9 45.9 49.7 86.5
DeSTSeg [22] 89.2 95.5 91.6 93.1 54.3 50.9 64.8
UniAD [18] 96.5 98.8 96.2 96.8 43.4 49.5 90.7

DiAD [7] 97.2 99.0 96.5 96.8 52.6 55.5 90.7
ViTAD [21] 98.3 99.4 97.3 97.7 55.3 58.7 91.4

MambaAD [6] 98.6 99.6 97.8 97.7 56.3 59.2 93.1
No-MambAAD (Ours) 98.8 99.7 98.1 97.4 59.3 60.2 93.4

VisA [23]

RD4AD [15] 92.4 92.4 89.6 98.1 38.0 42.6 91.8
SimpleNet [9] 87.2 87.0 81.8 96.8 34.7 37.8 81.4
DeSTSeg [22] 88.9 89.0 85.2 96.1 39.6 43.4 67.4
UniAD [18] 88.8 90.8 85.8 98.3 33.7 39.0 85.5

DiAD [7] 86.8 88.3 85.1 96.0 26.1 33.0 75.2
ViTAD [21] 90.5 91.7 86.3 98.2 36.6 41.1 85.1

MambaAD [6] 94.3 94.5 89.4 98.5 39.4 44.0 91.0
No-MambAAD (Ours) 95.5 95.9 91.7 98.4 45.6 49.5 91.2

Real-IAD [17]

RD4AD [15] 82.4 79.0 73.9 97.3 25.0 32.7 89.6
SimpleNet [9] 57.2 53.4 61.5 75.7 2.8 6.5 39.0
DeSTSeg [22] 82.3 79.2 73.2 94.6 37.9 41.7 40.6
UniAD [18] 83.0 80.9 74.3 97.3 21.1 29.2 86.7

DiAD [7] 75.6 66.4 69.9 88.0 2.9 7.1 58.1
ViTAD [21] 82.3 79.4 73.4 96.9 26.7 34.9 84.9

MambaAD [6] 86.3 84.6 77.0 98.5 33.0 38.7 90.5
No-MambAAD (Ours) 87.1 85.8 78.2 98.1 39.8 44.1 91.1

Table 2. UAD performance comparison for current SotA models. The best results are boldfaced, second best underlined. From the results
above, No-MambAAD achieves SotA classification performance for all three datasets. For the segmentation task, No-MambAAD leads
the benchmark for MVTecAD [1] and Real-IAD [17] datasets, while placing second best for the VisA [23] dataset.

ChewinggumCandleCandlePCB4ZipperMetalnutTileToothbrush

Figure 3. Anomalous sample heatmaps for No-MambAAD, demonstrating the visual anomaly localization performance against
ground-truth masks.



Backbone Decoder Depth
Image-level Pixel-level

Params(M) Method
AU-ROC AP F1 max AU-ROC AP F1 max AU-PRO

ResNet18 [3,4,6,3]
96.6 98.8 96.4 96.8 53.2 56.2 91.8 20.3 MambaAD [6]
98.2 99.3 97.4 96.8 58.8 60.3 92.3 9.3 No-MambAAD

ResNet34 [3,4,6,3]
98.6 99.6 97.8 97.7 56.3 59.2 93.1 25.7 MambaAD [6]
98.7 99.6 98.1 97.7 63.2 63.3 93.0 15.1 No-MambAAD

ResNet50 [3,4,6,3]
98.4 99.4 97.7 97.7 54.2 57.0 92.3 251.0 MambaAD [6]
98.8 99.6 98.2 97.8 63.3 63.3 94.1 34.5 No-MambAAD

WideResNet50 [3,4,6,3]
98.6 99.5 98.0 98.0 57.9 60.3 93.8 268.0 MambaAD [6]
98.9 99.6 97.8 97.8 63.5 63.7 94.4 65.3 No-MambAAD

Table 3. Comparison of backbone impact between MambaAD [6] and the proposed No-MambAAD method. For this experiment, identical
decoder depth was kept for each backbone model together with three-stage feature matching.

Dataset Inference AU-ROC (I) AU-PRO (P)

MVTecAD [1] 3 stage 98.7 93.0
4 stage 98.8 93.4

VisA [23] 3 stage 95.2 91.0
4 stage 95.5 91.2

Table 4. The impact of feature matcher stages for No-MambAAD
on MVTecAD and VisA datasets. For both datasets, four stages of
feature matching consistently improves over three-stages in both
classification and segmentation tasks.

Method #parameters (M) AU-ROC (I) AU-PRO (P)
UniAD [18] 24.5 96.5 90.7
RD4AD [15] 80.6 94.6 91.1
DeSTSeg [22] 35.2 89.2 64.8
SimpleNet [9] 72.8 95.3 86.5

DiAD [7] 1331.3 97.2 90.7
ViTAD [21] 38.6 983 91.4

MambaAD [6] 25.7 98.6 93.1
Ours 15.8 98.8 93.4

Table 5. Comparison of parameter efficiency between SotA stud-
ies. Here we have used four stages of feature matching between
the encoder and decoder. As a result, the number of parameters
for No-MambAAD is slightly higher than the reported parameter
count in the Table 3.

Dataset InFR No-MambA AU-ROC (I) AU-PRO (P)

MVTecAD [1]
Ë é 98.1 92.3
é Ë 98.3 92.8
Ë Ë 98.8 93.4

Table 6. Impact of deactivating the novel modules, InFR and No-
MambA, within our model. Turning off the InFR module results
in a more pronounced decline in performance than deactivating
the No-MambA module, thereby confirming the design choice of
including the No-MambA module as the feature refiner. Enabling
both, the SotA result in the MVTecAD dataset is achieved.

bones, b) Trade-offs between feature matching stages, and
c) Module effectiveness.

Input Mask 3-stage 4-stage

Figure 4. Visual effect of varying the number of feature-matching
stages in the No-MambAAD model, when evaluated on the
MVTecAD dataset. The visual analysis reveals that an increase in
the number of feature-matching stages enhances the precision of
anomaly localization, ultimately yielding segmentation outcomes
that are more consistent than those achieved with the baseline
three-stage configuration.

5.1. Effect of different backbones

Here, the No-MambAAD performance scaling as a func-
tion of pre-trained backbone model is measured using the
MVTecAD dataset. For this ablation, various ResNet
models were used as backbone alternatives, specifically
ResNet18, ResNet34, ResNet50, and WideResNet50, as
shown in Table 3. Our findings show that ResNet18 de-
livers the lowest performance among the tested backbones
while having the fewest parameters and the lowest training
time. However, when comparing our model’s performance
with the same variant of MambaAD [6], we achieve 1.76%



higher performance.
The trend is also consistent across other models. For

example, using the ResNet34 backbone, our approach has
a 44% lower parameter count than MambaAD [6] while
still outperforming it. Additionally, in the case of WideRes-
Net50, the parameter ratio between MambaAD [6] and No-
MambAAD is 4:1; however, No-MambAAD achieves a
performance that is 0.3% higher than that of MambaAD [6].

Likewise, the decoder depth configuration was altered
for the mentioned backbones, and with all of the variants,
MambaAD was outperformed with significantly fewer pa-
rameters. From ResNet18 to WideResNet50, a consis-
tent improvement in performance was observed for No-
MambAAD, indicating that our model can scale and gen-
eralize effectively with larger and better backbones. In con-
trast, MambaAD deviates from this trend, as it requires
significantly more computational resources when targeting
higher AD performance. After analyzing the results and pa-
rameter counts, ResNet34 was selected as the default back-
bone for all the results presented in this paper. However,
to ensure a fair comparison with MambaAD, we employed
three stages of feature matching during the ablation study.

5.2. Generalization and training stage tradeoffs

Figure 4 illustrates pixel-level anomaly segmentation on
the MVTec dataset for No-MambAAD with different num-
bers of feature matching stages. To make a fair compari-
son, the training setup was kept identical in all cases and
the same ResNet34 encoder was used. The results illustrate
that increasing the number of feature-matching stages can
increase the anomaly detection performance and improve
the pixel-level segmentation performance. For additional
results, a short comparison for the MVTecAD and VisA
datasets is shown in Table 4.

Accordingly, as illustrated in Figure 4, the proposed
No-MambAAD achieves a superior segmentation outcome
by employing a four-stage architecture that maximizes
cosine similarity between the encoder and decoder fea-
tures, outperforming the conventional three-stage configu-
ration. The improved performance comes with a compu-
tational cost, as the four-stage method requires more pa-
rameters and a longer training time than the three-stage
setup. However, No-MambAAD consistently shows signif-
icantly lower computational demands across all configura-
tions when compared to the current SotA methods.

5.3. Impact of different modules

In Table 6, we present the ablation on the impact of in-
ternal modules of the No-MambAAD model. Likewise,
for this ablation, we have kept the original training setup
and used the ResNet34 encoder with three stages of feature
matching. The InFR and No-MambAAD modules were dis-
abled one at a time and the performance impact on MVTEC

AD was measured. Table 6 shows that both the InFR and
No-MambA modules are required for achieving the best
UAD classification performance.

6. Conclusion
We propose No-MambAAD, a convolution-only method

for multiclass unsupervised anomaly detection that matches
or outperforms SotA alternatives that are based on Trans-
formers or Mamba. Our decoder utilizes a novel Mixed
Feature Propagator (MFP) module for aggregating global
features during standard local feature propagation, followed
by the No-MambA module, which refines the aggregated
mixed features. This simplified decoder requires fewer pa-
rameters than recent SotA studies while maintaining con-
sistent performance across diverse datasets. In our future
work, we plan to expand this research to include cross-
domain and cross-modality anomaly detection.
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