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We provide additional implementation details in Sec-
tion 1, additional experiments on LiverCT and RSNA in
Section 2 and Section 3.

1. Implementation Details

This section provides an overview of the implementation
details for our proposed framework, ensuring full repro-
ducibility of our results. All experiments were conducted
in PyTorch.

1.1. Hyperparameters

The main hyperparameters used for training and evaluation
are detailed in Table 1 and Table 2, respectively.

Table 1. Training hyperparameters for the experiments.

Component Parameter Value

General Seed 42, 7, 13, 65, 91 (mean of 5 runs are reported)
Image Resolution (Resize) 224x224
Batch Size 64
Epochs 300
Device CUDA

Encoder Pre-trained Model ViT-Large (ViT-L/14) with register tokens
Pre-training Method DINOv2
Frozen During Training True
Hidden States Used Features from the 2nd and 4th to last blocks
Final Projection In-Features 1024
Final Projection Out-Features 768

Q-Former (Junction) Number of Transformer Blocks 1
Internal Dimension 768
Output Dimension 768
Number of Learnable Queries 784 (for 28x28 output patches)
Attention Heads 8
MLP Expansion Ratio 4.0

Decoder Internal Dimension 768
Depth (Number of Layers) 6
Attention Heads 12
Output Patch Size 8x8
Number of Output Patches 28x28
MLP Expansion Ratio 4.0

Optimization Optimizer Adam
Learning Rate (Maximum) 8× 10−5

Learning Rate Scheduler OneCycleLR

Perceptual Loss

Pre-trained Perceptual Model Masked Autoencoder (MAE) with ViT-Large Encoder
Distance Metric Cosine Distance
Layers Used for Feature Extraction From the 16th and 20th transformer blocks
Multi-Scale Input Patch Sizes 32x32, 56x56

*Equal contribution

Table 2. Evaluation configuration for the experiments.

Component Parameter Value

General Batch Size 64
Test Data Augmentation None (only resize and normalize)

Perceptual Metric

Pre-trained Perceptual Model MAE with ViT-Large Encoder
Distance Metric Cosine Distance
Layers Used for Feature Extraction From the 12th, 16th, and 20th transformer blocks
Multi-Scale Input Patch Sizes 16x16, 32x32, 56x56

Image-Level Score Aggregation Spatial Aggregation per Feature Map Max
Cross-Feature Map Aggregation Mean

Pixel-Level Map Aggregation Cross-Feature Map Aggregation Mean

1.2. Perceptual Loss Formulation
The training objective is to minimize a multi-scale percep-
tual loss. This loss is calculated in a three-step process:

Step 1: Feature Extraction. For an input image x and
its reconstruction x̃, we extract feature maps from a set of
pretrained perceptual models. We use multiple Masked Au-
toencoder (Masked AE) models, each distinguished by its
input patch size p ∈ P . For each model, we select features
from a set of transformer blocks i ∈ I . Let Φi,p(x) be the
feature map of shape Ci ×Hi ×Wi extracted from the i-th
layer of the perceptual model with patch size p.

Step 2: Anomaly Map Calculation. For each selected
feature map, we compute an intermediate anomaly map,
Ai,p, by calculating the cosine distance between the fea-
tures of the original image and its reconstruction at every
spatial location (j, k).

Ai,p(j, k) = 1− Φi,p(x)j,k · Φi,p(x̃)j,k
∥Φi,p(x)j,k∥2 · ∥Φi,p(x̃)j,k∥2

This produces a set of single-channel anomaly maps, one
for each combination of layer i and patch size p.

Step 3: Hierarchical Aggregation and Final Loss. The
final loss is computed using a two-stage hierarchical aggre-
gation. First, for each feature layer i ∈ I , we create a robust,
layer-specific anomaly map, Acombined,i, by performing an
element-wise multiplication of its corresponding anomaly
maps from all different patch-size models p ∈ P . This step
enforces a strict consensus across multiple scales for each
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feature level.

Acombined,i =
∏
p∈P

Resize(H,W )(Ai,p)

Second, the total loss L is calculated by averaging the mean
value of each of these robust, layer-specific maps. This
treats the error signal from each feature layer as an inde-
pendent contribution to the total loss.

L(x, x̃) = 1

|I|
∑
i∈I

mean (Acombined,i)

For training, we use patch sizes P = {32, 56} and features
from the 16th and 20th transformer blocks of the Masked
AE ViT-Large encoder.

1.3. Anomaly Score and Map Generation
During evaluation, we generate both an image-level scalar
score for AUROC computation and a pixel-level anomaly
map. Both start from the same set of intermediate anomaly
maps, Ai,p, though computed using the evaluation configu-
ration (Table 2). Let this evaluation set of maps be denoted
by A = {A1, A2, ..., AN}.

Image-Level Anomaly Score Aggregation. To derive a
single scalar score for each image, we perform a two-step
aggregation:
Step 1: Spatial Aggregation. For each anomaly map
An ∈ A, we find the maximum pixel value. This value,
sn, represents the most severe reconstruction error detected
by that specific feature map.

sn = max
j,k

(An(j, k))

Step 2: Cross-Feature Aggregation. The final image-level
score, Ascore, is the mean of these maximum values, aver-
aged over all N feature maps.

Ascore =
1

N

N∑
n=1

sn

This method gives a robust score that is sensitive to strong
local anomalies while benefiting from the diversity of fea-
tures from different layers.

Pixel-Level Anomaly Map Generation. To generate a fi-
nal 2D anomaly map, we use a different aggregation strat-
egy that preserves spatial information. At each spatial lo-
cation (j, k), we take the mean value across all N resized
anomaly maps.

Apixel-max(j, k) = max
n∈{1..N}

(An(j, k))

1.4. Training and Data Augmentation
The model is trained using the Adam optimizer with a
OneCycleLR learning rate scheduler. To encourage the
model to learn robust and generalizable representations of
normal data, the following data augmentations are applied
to the training set:
• Random Resized Crop: Images are cropped to a random

size (90% to 100% of the original) and aspect ratio (80%
to 120% of the original) before being resized to the final
input dimension.

• Random Rotation: Images are rotated by a random an-
gle between -10 and +10 degrees.

• Random Vertical Flip: Images are flipped vertically
with a 50% probability.

• Color Jitter: The brightness and contrast of the images
are randomly adjusted by a factor of up to 0.1.

• Normalization: Image pixel values are normalized to
have a mean of 0.449 and a standard deviation of 0.226.

1.5. Datasets
We evaluate our method on four medical imaging datasets
from the BMAD [4] benchmark, each presenting distinct
anomaly detection challenges. Following standard proto-
col [4], we train separate models for each dataset rather than
combining them, as the anomaly types differ fundamentally
across domains (brain tumors, liver lesions, retinal fluids,
and chest pathologies).
BraTS2021. The BraTS2021 [2, 3, 18] dataset contains
brain MRI images from glioma patients. The dataset com-
prises 11,298 FLAIR modality images (7,500 training, 83
validation, 3,715 test) at 240×240 resolution, usually ex-
tracted from depth 60-100 of 3D volumes. The test set con-
tains 3,075 anomalous and 640 normal slices. Anomalies
consist of three tumor sub-regions: enhancing tumor (ET),
tumor core (TC), and whole tumor (WT).
LiverCT. The LiverCT dataset combines BTCV [13] and
LiTS [5] for liver anomaly detection. The training set com-
prises 1,542 normal liver slices from BTCV (anomaly-free
abdominal CT scans), while test (1,493 slices with 660
anomalous and 833 normal) and validation (166 slices) sets
are derived from LiTS containing both normal tissue and
liver tumors. Images are 512×512 resolution with histogram
equalization applied for enhancement.
RESC. The RESC dataset [11] contains 6,217 retinal
OCT images (4,297 training, 115 validation, 1,805 test) at
512×1024 resolution for macular edema segmentation. The
test set comprises 764 anomalous and 1,041 normal images.
Anomalies include two lesion types: subretinal fluid (SRF)
and pigment epithelium detachment (PED).
RSNA. The RSNA Pneumonia Detection dataset [27] con-
tains 26,684 chest X-ray images at 1024×1024 resolution
(8,000 training, 1,490 validation, 17,194 test). The test
set comprises 16,413 anomalous and 781 normal images,



where pneumonia cases constitute the anomaly class.

2. Experiments on LiverCT
We performed a few pre-processing steps on the LiverCT
[5, 13] benchmark. In this section, we introduce these tech-
niques one by one and complete the Table 3

2.1. Data Preprocessing

Figure 1. Original and processed images from LiverCT [5, 13]
along with their pixel histograms.

First of all, the dimensions of images in the dataset are
512x512 pixels, and only small portion of the images have
the Liver segments. Resizing these images to 224x224 pix-
els, which is the input size of our model, results in dimin-
ished liver sections. To resize without losing details of the
region of interest (i.e. liver section) we used the following
algorithm to get images resized to 224x224. Note that this
process is fully automated and can be applied to any seg-
mented liver images.
1. ROI Identification: For each 512 × 512 input image,

we first identify the region containing the liver. This is
achieved by computing a union bounding box that tightly
encloses all non-zero pixels.

2. ROI Cropping: The image is cropped using the coordi-
nates of the calculated bounding box, isolating the liver
segment from the empty background.

3. Canvas Preparation: A new, black canvas of the target
dimensions (224 × 224) is created to serve as the back-
ground for the final model input.

4. Conditional Resizing and Placement: The cropped
liver ROI is placed onto the canvas using a size-
dependent strategy:
• If the ROI is smaller than or equal to 224 × 224:

The cropped segment is pasted directly onto the center

Table 3. Ablations on LiverCT Dataset.

Version AUROC

1 Main Config 1 54.1
2 + Train & Eval with New Preprocessing 59.5± 1.27
3 + Eval Perceptual Patch Sizes [16, 32, 56] − > [8, 16] 65.5± 1.96

of the canvas without any resizing. This preserves the
native resolution of the liver tissue.

• If the ROI is larger than 224× 224: The segment is
resized to fit within the 224 × 224 frame while main-
taining its original aspect ratio to prevent distortion.
The resized ROI is then centered on the canvas.

5. Final Input: The resulting 224 × 224 image, with the
liver segment prominently centered, is used as the input
for the model.

Another issue with this dataset is that, due to constraints
inherent to Computed Tomography imaging, it underwent
several windowing and histogram equalization techniques
[4, 6, 16]. As a result, these images can be out of distribu-
tion of standard datasets like ImageNet, on which our em-
ployed perceptual loss model is trained. To mitigate this,
we apply a bilateral filter [26] to each processed 224× 224
image prior to feeding it to the network.

The effect of the pre-processing is illustrated in Figure
1, where the ROI and anomalous regions are preserved, and
the histogram of the image looks more natural.

Retraining and re-evaluating the model with this new
preprocessing algorithm yieded the results in Row 2 of the
Table 3. This result is mean and standard devation of evalu-
ation of 5 different models trained with 5 different seed (42,
7, 13, 65, 91)

2.2. New Evaluation Config

As shown in Figure 2, the new data preprocessing pipeline
(column 2) has improved over the original config (column
1) regarding the quality of the anomaly map and made the
anomalous region more visible. However, the predicted
anomaly map still fails to capture the texture change in the
anomalous region. Following the studies on visual percep-
tion [19, 20] that state smaller patch sizes are biased towards
textures while larger patch sizes are biased towards shape,
we changed the patch sizes used by perceptual model for
anomaly score calculation from [16, 32, 56] to [8, 16]. As
can be seen from the third column of Table 2, with this
evaluation config anomaly maps capture texture changes
on anomalous regions better. This reflects on the AUROC
score of the 3rd row of the Table 3. The evaluation config-
uration that yields the best result on LiverCT is presented
in Table 4, with the modified parts highlighted in bold. The
training config is kept the same.
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Figure 2. Effect of the modifications such as data preprocessing
pipeline and evaluation config. We first avoid diminishing the
anomalous region during resizing. Then configured perceptual
loss to be more biased towards textual clues following insights
from literature on visual perception.

Table 4. Best Evaluation Configuration on LiverCT.

Component Parameter Value

General Batch Size 64
Test Data Augmentation None (only resize and normalize)

Perceptual Metric

Pre-trained Perceptual Model MAE with ViT-Large Encoder
Distance Metric Cosine Distance
Layers Used for Feature Extraction From the 12th, 16th, and 20th transformer blocks
Multi-Scale Input Patch Sizes 8x8x, 16x16

Image-Level Score Aggregation Spatial Aggregation per Feature Map Max
Cross-Feature Map Aggregation Mean

Pixel-Level Map Aggregation Cross-Feature Map Aggregation Mean

2.3. Results on LiverCT

We report the results obtained on the LiverCT dataset for
our method, QFAE, and other state-of-the-art methods in
Table 6. Our method, QFAE, achieves the second-highest
performance with an AUROC score of 65.5%, being out-
performed only by DRAEM [29] that scored 69.2%. The
comparatively lower performance of all methods on this
dataset can be attributed to its unique characteristics, specif-
ically its sparse pixel distribution. As shown by the experi-
ments above, the LiverCT dataset has a unique pixel distri-
bution, being more sparse than the rest of the datasets. This
pixel distribution differs from those of the natural images
on which the encoders were trained.

Figure 3. Optical characters and artifacts dominate the response
from the anomalous region.

3. Different Aggregation for Chest RSNA
It is usual to see different optical characters and artifacts
on Chest images. Their position varies. When these arti-
facts are present, they dominate the anomaly signals, and
the anomaly score cannot be calculated properly with the
aggregation method described in Main Eq. 4. Since their
positions vary and are unpredictable, we were unable to de-
vise a preprocessing algorithm.

To mitigate this problem, we decided to experiment with
different aggregation methods on the validation split of the
Chest RSNA dataset. As an alternative, we first tried tak-
ing the mean value in the anomaly map from each location,
and then taking the maximum across different layers. We
observed an increase in AUROC from 78.6% to 84.3% on
the validation split. Therefore, we decided to keep this ap-
proach and reported an AUROC of 83.8% on test set as in
main Table 5. The evaluation configuration that yields the
best result on Chest RSNA is presented in 5, with the mod-
ified parts highlighted in bold. The training config is kept
the same.

Table 5. Best Evaluation Configuration on Chest RSNA

Component Parameter Value

General Batch Size 64
Test Data Augmentation None (only resize and normalize)

Perceptual Metric

Pre-trained Perceptual Model MAE with ViT-Large Encoder
Distance Metric Cosine Distance
Layers Used for Feature Extraction From the 12th, 16th, and 20th transformer blocks
Multi-Scale Input Patch Sizes 16x16, 32x32, 56x56

Image-Level Score Aggregation Spatial Aggregation per Feature Map Mean
Cross-Feature Map Aggregation Max

Pixel-Level Map Aggregation Cross-Feature Map Aggregation Mean

4. SOTA Results on Each Dataset
As shown in Table 7, we achieve the state-of-the-art perfor-
mance in BraTS2021 [2, 3, 18], RESC [11] and RSNA [27]
and second on LiverCT [5, 13].
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