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Abstract

Weakly Supervised Anomaly detection (WSAD) in brain MRI scans is an important
challenge useful to obtain quick and accurate detection of brain anomalies, when
precise pixel-level anomaly annotations are unavailable and only weak labels (e.g.,
slice-level) are available. In this work, we propose RASALoRE: Region Aware
Spatial Attention with Location-based Random Embeddings, a novel two-stage WSAD
framework. In the first stage, we introduce a Discriminative Dual Prompt Tuning
(DDPT) mechanism that generates high-quality pseudo weak masks based on slice-level
labels, serving as coarse localization cues. In the second stage, we propose a
segmentation network with a region-aware spatial attention mechanism that relies on
fixed location-based random embeddings. This design enables the model to effectively
focus on anomalous regions. Our approach achieves state-of-the-art anomaly detection
performance, significantly outperforming existing WSAD methods while utilizing
less than 8 million parameters. Extensive evaluations on the BraTS20, BraTS21,
BraTS23, and MSD datasets demonstrate a substantial performance improvement
coupled with a significant reduction in computational complexity. Code is available
athttps://github.com/BheeshmSharma/RASALORE-BMVC-2025.

1 Introduction

Anomaly detection in brain MRI scans is a widely recognized task, helpful in timely
identification and treatment of related illnesses, but becomes challenging due to limited
availability of labeled data with accurate pixel-wise annotations. When slice-level labels
are available, weakly supervised anomaly detection (WSAD) methods have become popular
alternatives to achieve refined localization. Techniques that make use of Class Activation Map
(CAM) [35], including AME-CAM [10] and CAE [32], have shown promise in identifying
anomalies in brain MRI scans by utilizing slice-level labels. Similarly, AnoFPDM [9]
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has advanced WSAD by leveraging diffusion models. Despite the strengths of WSAD
methods, they struggle with the intricate complexity of brain anatomy, resulting in suboptimal
performance when compared to fully supervised methods.

In this work, we propose RASALoRE, an improved weakly supervised anomaly detection
framework for brain MRI scans. Operating with only slice-level labels, RASALoRE operates
in two phases: a Discriminative Dual-Prompt Training (DDPT) phase which uses pretrained
vision-language models for the slice label classification task to generate pseudo weak masks
for potential anomalies, followed by a segmentation model training, leveraging region aware
spatial attention mechanism, guided by location-based random embeddings (LoRE). DDPT
leverages efficient fine-tuning of visual and language prompts in a vision-language model [25]
to classify slices as healthy or unhealthy (anomalous) while producing weak supervision to
guide RASALORE’s training. Furthermore, we extend RASALORE to support multimodality
inputs, enhancing its versatility. Extensive experiments on BraTS-type datasets demonstrate
that RASALORE achieves superior performance when compared to state-of-the-art WSAD
methods for brain MRI scans.

2 Proposed Methodology of RASALoRE

In this section, we provide comprehensive details on the two-stage framework adopted for
RASALORE. The first stage, Discriminative Dual Prompt Tuning (DDPT), generates pseudo
anomaly masks. In the second stage, we introduce a segmentation network guided by fixed
location-based random embeddings (LoRE), enabling precise anomaly localization. In this
work, we consider a brain MRI scan image X € R obtained as a 2D slice from a 3D brain
MRI volume V € thwx‘i, where /,w denote the height, width of a slice and d denotes the
depth of the volume V. Note that though pixel level annotations of anomalies in the slice X
are not available, we assume availability of slice-level labels, indicating if a slice contains
anomaly or not.

2.1 Discriminative Dual Prompt Tuning (DDPT)

DDPT employs a classification-driven approach to generate coarse anomaly segmentation
maps using only weak (slice-level) supervision. By training a discriminative network (e.g.
Vision Transformer (ViT) [11] in our case) to classify whether a brain MRI scan image is
anomalous or not, we aim to obtain attention maps from the discriminative network, which
might contain potential region localization information, guiding the classification task. Then
by extracting the relevant attention maps from a suitable layer of the discriminative network,
we perform pixel-level anomaly identification. DDPT architecture is illustrated in Figure 1.
By formulating the anomaly detection task as a binary classification problem,
distinguishing between healthy and unhealthy MRI slices, our proposed DDPT builds
upon existing works such as CoOP [36], VPT [15], and DPT [33] to leverage learnable
vision and text prompts enabling cross-modal interaction. We first train learnable text
prompts using a frozen text encoder, following CoOP. The prompt is structured as: ¢ =
[V]1-.-[V]us2 [CLASS] [V]y/241 - - - [V]u Where [V]; are learnable tokens, [CLASS] is the class
label (healthy or unhealthy in our case), and M is the prompt length. The corresponding
embeddings guide the ViT-based image encoder, which receives patches of input image X
along with learnable visual prompts (inspired by VPT). All ViT weights remain frozen; only
prompts are trained. We further used Contextualized Attentional Vision Prompt Tuning
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Figure 1: Overview of Discriminative Dual Prompt Tuning (DDPT)

(CAVPT) [33], where visual prompts and text embeddings interact via multi-head attention
across ViT layers. This enables context-aware, class-specific attention refinement. A classifier
embedded within CAVPT predicts image classes, further guiding embedding refinement.
The final layer’s refined embeddings are used for classification and segmentation. Class
probabilities are computed using cosine similarity between image and text embeddings as:
pi= CeXP(COS(‘Z(Zi)JVT)

X exp(cos(q(tj).f)/7)
image embedding, C = 2, and 7 is a temperature parameter.

DDPT minimizes the overall loss given by: Lol = N LG + Lee, Where L is standard
cross-entropy between predicted and true labels, £ is an auxiliary cross-entropy loss applied
to the output of the class-aware visual prompt generator in CAVPT, using only the query
corresponding to the ground-truth class [33]. The coefficient i balances both terms.

During the inference stage, images are input into the image encoder, while the
corresponding textual prompts indicating the presence/absence of anomaly are processed
through the text encoder. As the input image propagates through the vision encoder, as shown
in the inference part of Figure 1, attention maps are extracted from the final layer embeddings
of DDPT model using thresholding.

, where ¢(t;) is the text embedding of prompt #; for class i, f is the

2.2 Region Aware Spatial Attention with Location-based Random
Embeddings (RASALORE)

We now describe the training process of our segmentation network RASALORE, which is
guided by fixed location-based random embeddings. This network is trained using the pseudo
weak masks generated by the DDPT.

LoRE: Our approach centers on using location-based random embeddings (LoRE), where
specific spatial positions on the input image X are designated as candidates. For X, we first
generate a vk x /k grid of k evenly spaced point coordinates across both rows and columns
(see Figure 3 (a)). Each grid point forms a candidate prompt point (CPP) in our approach. Our
central idea is to enrich these grid points with representational information from the brain MRI
images so that a select few of these grid points will serve as potential prompts for a particular
image, eliciting the corresponding anomaly-related information. Once the CPP’s (x,y)
coordinates are fixed, they are normalized to the range [—1, 1], and d-dimensional location
embeddings are derived for each point’s coordinates based on sinusoidal transformations.
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Figure 2: Overview of RASALORE Architecture

Unlike existing prompt encoders (e.g. MedSAM [20]) where the location embeddings
are learnable, our LoRE provide fixed, non-learnable encodings that are independent of
dataset-specific biases. The CPPs and their LoRE denoted by Ecp, € R¥*“, remain fixed
throughout the training as well as testing process, and are shared by all train/test set images.
Since our methodology heavily relies on accurate and fixed CPP locations, ensuring effective
regional information sharing is crucial. Corresponding to the CPPs, image representations are
obtained from a refiner (denoted by R, see figure 2). The refiner processes the input X using

a series of convolutions and outputs R, (X) € R‘/EX‘/EX‘], containing k pixels corresponding
to the number of CPP locations. Each pixel in the output R, (X) of the refiner corresponds
to a particular region in the image representation, enabling each CPP to effectively share
information with, and learn from the characteristics of its corresponding neighborhood region
in the image, enhancing the model’s ability to capture spatial dependencies. The refiner
module is illustrated in Figure 3 (b).

el hefween Candidate prompts |
and Region Representations (In RASA)| "«

Refiner
Input

. Refiner f’ooled -
.+ Candidate Prompt Output Refiner Intermediate
“.. Point Locations Representations

Figure 3: (a) Left: Candidate prompt point locations (in blue) overlaid as grid on input image,
center: point activation mask (red denoting active and blue denoting inactive points) overlaid
on input image, right: weak anomaly mask corresponding to input image. (b) Refiner Module.

RASA: The location-based random embeddings E.p,, interact with spatial information of
X obtained as R, (X) from the Refiner, in a module called Region Aware Spatial Attention
(RASA) module, to result in enriched spatial point embeddings Egspg € Rkxd corresponding
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to the kK CPPs. RASA primarily comprises a multi-head attention (MHA) [29] computation
denoted by MHARgasA (Q, K, V). The CPPs’ positional embeddings Ep, form the query Q
for MHARasA . Intermediate representations Ry (X) from Refiner act as key K in RASA. The
value V of MHARAsA is based on the perturbed representation R, (X) + €, where € ~ N(0,1)
represents Gaussian noise. This noise addition is being performed to improve the robustness
of the attention module. Further a residual path adds information of Ecp, to the output of
MHARASA-

Mask Decoder: The enriched spatial point embeddings gspg are then fed into a mask
decoder, a feed forward network, and a structural loss computation module. The mask
decoder performs MHA (denoted by MHApe:(Q, K, V)), allowing interactions between query
0 = &gspg denoting the region aware enriched spatial point embeddings from RASA and key
K = U, (X) obtained as the image representations from an image encoder. In our model, the
image encoder U, provides an intermediate feature representation of the input image X, and
it contains four encoder blocks, whose design is based on that of the encoder of UNet [27].
The output from MHAp,, after a suitable upsampling step then provide the anomaly mask
predictions Mayo € R,

The weak segmentation mask Mpppr produced by DDPT provides an approximate
delineation of the anomalous regions. We observed that the weak mask Mpppr has a
smooth boundary; nevertheless, it provides a better localization of the interior of the
potential anomalous regions. We further use the weak mask from DDPT to prompt a
pre-trained MedSAM [20] model and use the resultant weak mask Msays as another weak
supervision signal. Although the masks obtained from MedSAM are also weak, they capture
boundary-level information of the potential anomalous regions to some extent. We design
a custom loss function to compare the output mask from the mask decoder with the pseudo
weak masks obtained from DDPT and DDPT-prompted MedSAM. Our loss function is of the
form:

Lpee = ELDice (Mano,Go(Mpprr)) + 7+ ELDice (Mano, Go' (Msan))
o
+ P (Mano © (1 —Mpppr))
+ B -ELDice ((1 — Mano) ® (1 —Mpppr),Gs(1 —Mpppr)), (H

where the ELDice (Exponential-Logarithmic-Dice) loss [30] between a predicted mask P
and a binary ground truth mask GT is: ELDice(P,GT) = (—In((21+¢)/(U+¢€)))?, where
I =|PNGT| denotes the number of pixels common to P and GT and U = |P|+ |GT| is the
total number of pixels in P and GT, € > 0 is a small smoothing constant and ¢ = 0.3.

In eq. (1), the first two loss terms indicate comparison of predicted mask Myyo from
mask decoder with the weak supervision masks Mpppr and Msay, using ELDice loss. For
the weak mask Mpppr, a Gaussian filter G provides larger weights towards the center of the
predicted anomalous region in mask and the weights gradually decrease towards the boundary.
Conversely for weak mask Mgy, an inverse Gaussian filter G5! assigns lower weights to the
center, and progressively increasing weights toward the boundaries. These filters are used
to encourage the model to focus on the boundary regions, where structural details are more
prominent, helping it learn fine-grained shape and edge information that may be overlooked
when only center-weighted supervision (as in DDPT) is used.

The second loss term is weighed using a particular factor y = Dice(Msap, Mpppr), which
allows M4, information to contribute to the loss only when Msays and Mpppr masks overlap
well. To control False Positives (FPs) in M40, we introduce the last two terms in Lpec. The
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third loss term in eq. (1) denotes mean confidence of false positive pixels in My, where p
denotes number of pixels in Myno. The fourth loss term in eq. (1) calculates the ELDice score
between the true negatives of prediction Msyo and the DDPT-based mask Mpppr, aiming to
reduce false positives by improving the true negative performance. The notation ® in eq. (1)
denotes elementwise multiplication.

FFN Details: The gspg output from RASA module is also fed to a simple feed-forward

network, which projects EgspE to a grid structured anomaly mask Mppy € RVK*Vk The mask
MFFy contains activations corresponding to the CPPs’ locations, indicating whether these
candidate prompt points potentially correspond to an anomaly or not. To compare Mrry,
we extract mask information from the weak DDPT mask, corresponding to the grid-point
structure of CPPs, resulting in a point activation mask Mpy (see Figure 3 (a)), and construct the
following loss function: L£ps = ELDice (MpgN, Mps ), where ELDice loss is used to compare
Mpry and corresponding point activations based weak mask Mp4 derived from Mpppr.

Structural loss for embeddings: The Egspg from the RASA module is also fed into a
structural loss computation module, which aims to attain similarity among the embeddings
corresponding to CPPs representing anomalies. This structural loss is given as: Lgyyet =
MSE (&fspg, 1) +MSE (&f4pg,-1) Here &figpp denoting enriched spatial point embeddings
corresponding to active points in the point activation mask Mps (Where Mpa = 1) are forced
towards value 1, and ééﬁPE denoting embeddings corresponding to inactive points (where
Mpa = 0) are forced towards -1. Lgyyee aims to obtain a distinction between the components
of embeddings corresponding to active and inactive points in Mp4, helping the model learn
better enriched spatial point embeddings.

The overall network of RASALORE (shown in Figure 2) is trained by minimizing £ =
Lpec + Lpa + Lsiruct- During inference on an arbitrary test image X, image embeddings U, p( )
obtained from the image encoder and enriched LoRE obtained from the RASA module, when
passed to mask decoder, provide the desired anomaly segmentation mask prediction.

2.3 Multimodality RASALoRE

Further we extended RASALORE to support multiple MRI modalities. Assuming that
RASALORE was pretrained on modality m € M (M being the set of available MRI
modalities), we designate m as a bridge modality. Using the pretrained model, we extract
enriched embeddings, denoted as éé’ggﬁe, from all train data slices via the RASA module.
These embeddings serve as reference targets to align embeddings from other modalities into a
shared feature space, ensuring consistent and robust representation across modalities.

To facilitate multimodal integration, we augment our architecture with | M| distinct sets
of CPPs and their corresponding LoRE, and associate each with its own dedicated RASA
module. Importantly, the encoder, refiner, and mask decoder components remain shared
across modalities, enabling parameter-efficient multimodal learning. Moreover, at inference
time, predictions can be obtained using any individual modality or combinations thereof
without requiring all modalities simultaneously. Crucially, the total number of parameters
engaged during inference remains similar across different modalities, as only the relevant
RASA module is activated based on the available modality.

To ensure cross-modality alignment, we introduce an additional loss that encourages
enriched embeddings from all modalities to align closely with the reference bridge embedding

DUoge . Let %’S)PE represent the enriched embedding for modality j € M. We define the

bridge

4 2
bridge alignment loss as Lajign = ¥ je a1 Hééjs)PE ~ SESPE ||, which promotes a unified feature
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space across modalities. The overall network of Multi-modality RASALORE is trained by
minimizing £ = Lpec + Lpa + Lsiruct + Aalign - Lalign- Where Aqjign controls the contribution
of the alignment objective.

3 Related Works

Weakly Supervised Approaches: Existing weakly supervised approaches, such as
CAM-based methods [35], have been extensively studied and extended to improve localization
under limited supervision. CAE [32] employs topological data analysis to extracted
class-related features, thereby enhancing focus on anomalous regions. AME-CAM [10]
introduces a multi-exit classifier architecture that captures internal activation maps at multiple
depths and uses attentive feature aggregation to produce refined attention maps. LA-GAN [28]
utilizes a three-stage approach, comprising classifier training, pseudo map generation, and
GAN-based generative training. A similar GAN-based approach is used in volumetric sense
in Yoo et al [34]. Kim et al. [19] propose aligning image-level features with class-specific
weights to recover less discriminative regions, in non-medical imaging data. Similarly,
transformer-based methods such as TS-CAM [12] and SCM [2] enable patch tokens to
become object-category aware, which improves localization performance. Our DDPT method
is similar in spirit to existing CAM-based methods; however, by using vision-language prompt
tuning, DDPT achieves improved weak annotations.

Reconstruction-based Approaches: Several reconstruction-based methods, also referred
to as Unsupervised Anomaly Detection (UAD) techniques, utilize autoencoders [6, 17],
variational autoencoders [21], and diffusion models (e.g. Denoising Diffusion Probabilistic
Models (DDPMs) [13], Patch-based DDPMs (pDDPMs) [8], Masked DDPMs (mDDPMs)
[14], Conditional DDPMs (cDDPMs) [7]). For a comprehensive survey on autoencoder
and variational autoencoder based methods, see [16, 24]. In addition to these methods,
several transformer-based models have been explored. [23] employs VQVAE combined with
transformers, while [26] adopts a Swin Transformer-based masked encoder. These methods
typically rely on volume-level labels and are trained exclusively on healthy brain MRI scans,
with inference performed on unhealthy cases. In contrast, our approach employs frame-level
labels, placing it under the weakly supervised learning paradigm. We note that AnoFPDM [9]
also proposes a reconstruction-based approach using a diffusion model with classifier-free
guidance; however, it uses frame-level labels, making it a weakly supervised approach. Unlike
traditional approaches that rely on iterative reconstruction, AnoFPDM utilizes the forward
diffusion process to identify anomalies.

Prompt-driven Approaches: Human-driven, prompt-based methods have also gained
popularity in anomaly detection, for querying large foundational models like MedSAM
[20] and MedSAM?2 [37]. These models rely on prompts, which offer stronger supervision
compared to frame-level supervision in WSAD. We propose a prompt guidance for MedSAM
and MedSAM?2 using DDPT-generated pseudo weak masks and performed experiments.

4 Experiments and Results

Experimental Setup: In this section, we present the experimental setup and results related to
DDPT and RASALoRE. We conducted all experiments using PyTorch 2.0.1 framework on a
Linux system, with a NVIDIA GeForce A6000 graphics card, having 48GB of memory. For
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DDPT training, we employed the SGD optimizer with a learning rate of 0.01, weight decay
set at 5 x 10™*, and momentum at 0.9 for model training as used in [33]. We set temperature
coefficient T = 0.07 from [31] and set 7 = 0.3 based on ablation. For RASALORE training,
we utilized the SGD optimizer with a learning rate Ir = 0.01, a momentum of 0.9 and a batch
size of 16. Additionally, we employed a linear learning rate scheduler that halves the Ir after
every 20 epochs. Since the objective is weakly supervised and lacks pixel-level annotations,
we use a standard threshold of 0.5 to obtain the segmentation mask. Notably, our model
training needs only around 12GB of memory on a single GPU. For our training, we choose
the number of CPP locations k = 1024, overlaid as 32 x 32 grid over every MRI image of
size 256 x 256. The embedding dimension d is set to 256. The values of ¢ and 3 are both set
to 0.6, determined based on ablation study. In both RASA and the Mask Decoder, we use 4
heads in the multi-head attention (MHA).

Dataset and Preprocessing: We conducted our experiments on four datasets: BraTS20
[4, 5, 22], BraTS21 [3, 4, 22], BraTS23 [18], and MSD [1] (which is based on BraTS16
and 17 challenges). These datasets are provided in volumetric NIFTI [5] format, and we
extracted 2D slices from the T2 modality volumes. BraTS20, BraTS21, BraTS23 and MSD
datasets contain 369, 1251, 1251, and 484 samples in total, respectively. All datasets are split
patient-wise into training and testing sets, with 80% of the data allocated for training and the
remaining 20% for testing.

While extracting frames from volumetric data, several preprocessing steps were applied.
The first and last 15 frames were excluded as they typically contain minimal information
and do not feature the brain region prominently. Subsequently, the frames were cropped to
remove unnecessary black regions. During training, several data augmentations were applied
to improve the model’s generalization. First, gamma correction was applied by squaring each
pixel’s value and normalizing it between 0 and 255 on the input image slices. Then, random
rotations within a range of —90° to 90°, and additional random horizontal and vertical flips
were applied to both the image and the masks. The brightness and contrast of the image were
also randomly adjusted within a range of 0.8 to 1.2. To enhance robustness against noise,
Gaussian noise € ~ A(0,10/) was incorporated into the images.

Empirical Results: Table 1 provides a comparative evaluation of our proposed
RASALORE against other CAM-based WSAD methods, including CAE [32], AME-CAM
[10], TS-CAM [12], LA-GAN [28], and approaches in Yoo et al. [34] (using both the T2
modality and the combined modalities). Further we compared with reconstruction based
models such as Autoencoders (AE) [6], Denoising Autoencoders (Denoising-AE) [17], Vector
Quantized Variational Autoencoders (VQVAE) [21] and AnoFPDM [9]. All competing
methods were reproduced with same baseline settings to ensure a fair comparison.

‘We observe that classical reconstruction-based models such as AE, DAE, and VQVAE
achieve relatively low Dice and AUPRC values across all benchmarks, reflecting their limited
ability to capture complex tumor appearances. Recent CAM-based methods such as CAE,
LA-GAN, AME-CAM, and AnoFPDM show improvements, yet their performance fluctuates
considerably between datasets, with notable drops in either Dice or AUPRC. Yoo et al.
Approaches in [34], which operate directly on 3D volumetric data using a three-stage
training pipeline and pseudo maps to guide the final segmentation network, demonstrates
decent performance on BraTS20, BraTS21, and MSD. However, its generalizability remains
limited, as evident from the notable performance drop on BraTS23. In contrast, RASALoRE
demonstrates strong and stable performance across all datasets (BraTS20, BraTS21, BraTS23,
and MSD), achieving significant improvements in critical metrics like Dice Score and AUPRC,
particularly important for segmentation tasks.
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Approach Method BraTS20 BraTS21 BraTS23 MSD
Dice T AUPRC{ Dicet AUPRCT Dicet AUPRC{ Dicet AUPRC1

AE [6, 17] 1426% 10.23% 11.83%  8.01% 17.09%  7.41% 14.96%  1.07%

UAD DAE [17] 21.33% 18.89%  14.38%  14.59%  34.16% 21.18%  32.13%  20.77%
VQVAE [23] 17.27%  12.04%  25.69% 17.67%  20.67% 38.48% 19.44%  33.78%
TS-CAM [12] 6.13% 7.92% 6.74% 8.35% 9.13% 9.36% 7.81% 8.47%
CAE [32] 2636% 17.48%  23.82% 14.20% 4698%  60.11% 27.96%  18.64%
LA-GAN [28] 34.14%  28.48%  42.75%  38.82% 40.57%  43.65% 33.63%  27.7%
AME-CAM [10] 5222%  37.39%  50.43%  37.85%  39.19% 2647% 5191%  40.34%

WSAD AnoFPDM [9] 37.18%  38.778%  41.83% 47.89% 49.28%  57.04% 43.42%  50.08%

Yoo et al. (T2)[34] 2276%  13.12%  11.94% 8.64% 12.2% 8.9% 12.09% 8.79%
Yoo etal. (AI)[34] 4991% 38.64% 63.33% 5028% 23.41% 12.99% 47.81%  35.93%

DDPT 61.53% 46.89% 51.72% 35.79%  48.59%  31.66% 48.71%  33.87%
M2+DDPT(p) [37] 3257%  24.10%  3473%  25.55% 48.52% 39.93% 43.43%  34.75%
M2+DDPT(b) [37] 3558%  2544%  37.24%  26.54%  53.54% 43.15% 4590%  35.78%
M+DDPT(p) [20] 37.66%  2629%  43.44%  29.49%  39.22%  2539%  38.08%  25.46%
M+DDPT(b) [20] 43.44%  3336% 51.19% 36.54%  50.40%  33.66%  46.46%  33.02%
RASALORE 70.57% 74.74% 70.85% 75.05% 70.719% 71.18% 61.37% 63.711%
R.Without MedSAM  69.8%  73.06%  68.87%  74.26% 7422% 80.70% 61.34% 67.08%

Table 1: Comparison of quantitative results. Abbreviations: M+DDPT(b) = MedSAM+DDPT
(box), M+DDPT(p) = MedSAM+DDPT (point), M2+DDPT(b) = MedSAM2+DDPT (box),
M2+DDPT(p) = MedSAM2+DDPT (point), and R.Without MedSAM = RASALoRE Without
MedSAM. The best values of each metric are in bold, and second best values are underlined.

We further analyze the performance of MedSAM-integrated variants [20, 37](M+DDPT
and M2+DDPT), prompted using point or box, derived from DDPT’s weak masks. While
these combinations improve basic reconstruction or CAM-based methods, their performance
remains significantly below RASALoRE, suggesting that applying powerful foundation
models like MedSAM in a plug-and-play manner is insufficient. Further, the variant of
RASALORE (R.Without MedSAM)), relying solely on DDPT-generated weak masks, achieves
results that are often second only to those of full RASALoRE model. This observation
validates the reliability of DDPT’s weak supervision and indicates that RASALoRE does not
critically depend on MedSAM-based masks.

Qualitative results: Figure 4 presents the visualization of anomaly masks predicted by
our model along with those generated by comparative methods. Reconstruction-based models
(AE, DAE, VQVAE) fail to capture the irregular tumor boundaries, often producing blurred or
incomplete segmentations. CAM-based methods (CAE, LA-GAN, AME-CAM), approaches
in Yoo et al., and AnoFPDM, exhibit partial improvements but tend to miss finer structural
details or introduce false positives. DDPT-guided MedSAM and MedSAM?2 improve
localization by leveraging prompt-based supervision from DDPT. In contrast, RASALoRE
(with and without MedSAM) produces sharper and more accurate anomaly delineations,
illustrating the robustness of RASALORE in handling diverse tumor morphologies and its
ability to generalize better than prior reconstruction/CAM-based approaches.

Multimodality RASALoORE: Table 2 presents the quantitative performance of the
proposed Multimodality RASALoRE. Here, the T2 modality has been used as a bridge
modality. Results show that other modalities, which are usually not considered for anomaly
detection due to low contrast and limited ability to capture fluid-containing structures (e.g.,
T1, Tlce), can still contribute meaningfully. In fact, using T1 and T1ce, our model achieves
performance that is comparable and in some cases better than several comparative models
(Table 1) operating on the T2 modality.
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Input Brain MRI Scan (Sampled from BraTSzo0)

Input Brain MRI Scan (Sampled from BraTSz21)

Figure 4: Qualitative Comparison of Predicted Anomaly Mask from Different Methods.
Abbreviations: M+DDPT = MedSAM+DDPT(box), M2+DDPT = MedSAM2+DDPT(box)
and R.-MedSAM = RASALoRE without MedSAM.

T1 T2 Tice Flair
Dataset Dice AUPRC Dice AUPRC Dice AUPRC Dice AUPRC

BraTS20 65.13 6690 71.82  77.08 66.77 68.86 7242  75.62
BraTS21 63.24  62.87 68.57 73.55 67.65 67.67 6953 7423
BraTS23 5424 5346 61.17 61.76  57.60 5434  63.18  63.02
MSD 56.19  60.66 67.31 73.63 61.18 64.04 69.20  74.59

Table 2: Quantitative Results for Multi-Modality RASALoRE

Ablation Studies and other experiments: Additional details and ablation are provided
in Appendix A and Appendix B.

5 Conclusion

We have proposed RASALORE, a weakly supervised anomaly detection technique useful for
anomaly segmentation in brain MRI scans, when ground-truth pixel-level annotations are
unavailable. RASALORE uses fixed candidate prompt point locations whose location-based
random embeddings interact with suitable image-level intermediate feature representations, to
provide sufficiently rich region-aware embeddings that elicit localized anomaly information
from MRI scan images. We have also designed a weak mask generation technique, DDPT,
which provides a weak supervisory signal for RASALORE training. Our results showcase
promising detection capabilities of RASALORE on diverse BraTS-type datasets.
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