Supplementary Material for Normal and Abnormal Pathology
Knowledge-Augmented Vision-Language Model for Anomaly Detection in
Pathology Images

1. Detailed Experimental Setup
1.1. Pathology term pools

We present the pathology terms that we collected and used
for lymph node metastasis detection in Tab. S1. The cu-
rated term pools consist of 92 normal terms and 48 abnor-
mal terms.

1.2. Implementation details of competing models

Seven competing models are involved in this study. For
GANomaly, STFPM, Fastflow, CFA, and EfficientAD, we
followed the implementation of anomalib [2]. Based on the
benchmark results, we selected the specific backbone archi-
tectures and implementation strategies. These models were
trained for 1 epoch and evaluated on an NVIDIA RTX 3090
GPU. Detailed implementations settings are as follows:
GANomaly. We set the batch size to 100 for training. Fol-
lowing the original work [1], we adopted Adam optimizer
with an initial learning rate of 0.0002 and momentum pa-
rameters 31 = 0.5, By = 0.999. The size of the autoencoder
latent vector was set to 100. The weights for the loss func-
tions were set to Wyee = 1, Wyee = 50, and wey, = 1.
STFPM. The batch size was set to 100 for training. For
the remaining settings, we followed the optimized config-
urations from the original work [9], utilizing the first three
blocks of ResNet18 [4] as the feature extractor and Stochas-
tic Gradient Descent optimizer with a learning rate of 0.4.
Fastflow. We set the batch size to 50 for training due to
computational limitations. Following the optimized con-
figurations provided in the original work [11], we set all
other settings based on WideResNet50 [12]: Adam opti-
mizer with a learning rate of 0.001 and weight decay of
0.00001, and 8-step flows.

CFA. We set the batch size to 50 for training because of
computational limitations. For other settings, we followed
the optimized configurations provided in the CFA [5] paper,
based on the WideResNet50 [12] feature extractor: AdamW
optimizer applied with amsgrad, a learning rate of 0.001 and
weight decay of 0.0005, the number of nearest neighbors for
each patch feature to 3, and ~, and 4 to 1.

EfficientAD. Following the original work [3], we adopted

EfficientAD-S and utilized Adam optimizer with a learning
rate of 0.0001 and a weight decay of 0.00001, a batch size
of 1, and 384 convolution output channels.

The remaining two models (AnoDDPM and Anomaly-
CLIP) are implemented as follows:

AnoDDPM. [10] We used the official implementation
of AnoDDPM and adopted the training settings of
AnoDDPM-PNDM [6]. Specifically, we employed 100
timesteps ¢ € [10, 20, 30, ...,990, 1000], each representing
a specific noise level in the denoising process, using the
PNDM sampler [7]. The model was trained using Adam
optimizer with a batch size of 28 for 1 million iterations
(approximately 20 epochs). The optimal model was se-
lected based on a signal-to-noise ratio (SNR) of 0.1, which
showed the best performance on Camelyonl16 as reported
in [6]. Evaluation was conducted on an NVIDIA RTX
A6000 GPU.

AnomalyCLIP. [ 13] We employed the official implementa-
tion of AnomalyCLIP with CLIP(ViT-L/14) [8] as the back-
bone. The model was trained for one epoch with a batch size
of 64. To tailor the approach to lymph node detection, the
prompt learner was initialized with the class name “lymph
node tissue”. For the remaining settings, we followed the
optimized configurations outlined in [13]. Specifically, we
adopted Adam optimizer with a learning rate of 0.001. The
number of learnable text prompts was set to 12. Trainable
text tokens were attached to the first 9 layers of the text en-
coder. Each text token had a length of 4.

1.3. Computational efficiency evaluation

Latency and peak GPU memory usage were measured
with a batch size of 28, and dummy iterations were per-
formed beforehand to stabilize execution. GPU synchro-
nization using torch.cuda.synchronize was ap-
plied before and after the inference to ensure accurate
timing. Peak GPU memory usage was tracked with
torch.cuda.max_memory_reserved, which records
the highest reserved memory during inference.
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Table S1. Pathology terms in the curated term pools.




Method CONCH-class CONCH-pool CONCH(v’) Ano-NAViLa
AUROC 0.9068 0.7619 0.9902 0.9967
(A‘rsré?;c) [0.85, 0.96] [0.67, 0.85] [0.97, 1.00] [0.99, 1.00]

AUPR 0.8987 0.6902 0.9922 0.9971
z (A'SY;’;C) [0.81, 0.96] [0.57, 0.82] [0.98, 1.00] [0.99, 1.00]
2 | AUROC . 0.7166 0.9828 0.9894
S ARl [0.82,0.95] [0.61,0.81] [0.96, 1.00] [0.97, 1.00]
<
O | AUPR 0.8607 0.6107 0.9844 0.9904
(ALl [0.74,0.95] 049, 0.76] [0.96, 1.00] [0.98, 1.00]
Patch 0.8942 0.8300 0.9651 0.9681
(AUROC) [0.89, 0.90] [0.83,0.83] [0.96, 0.97] [0.97, 0.97]
AUROC 0.7459 0.5805 0.7857 0.8594
(A:li'(‘y"‘t) [0.66, 0.83] [0.48, 0.68] [0.70, 0.86] [0.79, 0.92]
= | AUPR 0.6762 0.4257 0.6844 0.8309
1) (A:li'(‘y"‘t) [0.54, 0.80] [0.32,0.57] [0.54, 0.80] [0.73, 0.91]
S ’
g AUROC 0.7681 0.5135 0.7898 0.7702
= (A:"fo]/‘e [0.67, 0.85] [0.41,0.61] [0.70, 0.87] [0.67, 0.86]
@)
AUPR 0.7338 0.3837 0.7569 0.7941
( Alffo]yé [0.61,0.84] [0.28,0.50] [0.64, 0.85] [0.69, 0.87]
AUROC 0.8358 0.6338 0.8940 0.9858
g (A?;‘(*)’;P) [0.74,0.92] [0.49,0.77] [0.82, 0.95] [0.96, 1.00]
& | AUPR 0.6255 03114 0.6931 0.9547
‘E‘ (A‘:;‘(*)’;P) [0.39,0.81] [0.18,0.51] [0.47,0.86] [0.88, 1.00]
2| AUROC 0.9000 0.5051 0.9557 0.9761
g ( ARl [0.80, 0.97] [0.37,0.64] [0.90, 0.99] [0.92,1.00]
S| AUPR 0.7821 0.2256 0.8847 0.9699
(AR [0.59,0.91] [0.13,0.36] [0.74, 0.98] [0.89, 1.00]

Table S2. AD performance compared to the VLM baseline.

2. Additional Experiments and Analyses
2.1. AD performance of baseline VLM

To compare Ano-NAVilLa and the zero-shot performance
of the VLM, we employed CONCH in its original form to
conduct AD using the text prompt "an image showing
KEYWORD" by replacing KEYWORD with 1) CONCH-class:
either normal or metastasis lymph node, and 2) CONCH-
pool: each of normal and abnormal terms in the pool.
Both variants obtained substantially lower performance
than Ano-NAViLa (Tab. S2). These results suggest that
while the performance gain can be partially attributed to
the use of CONCH, the strong performance, particularly on
Camelyon16, is largely due to the proposed text-augmented
embeddings.

2.2. AD performance without erosion operation

We repeated the experiments without the 3x3 erosion op-
eration. The result are illustrated in Tab. S3. The per-
formance of Ano-NAVilLa were less sensitive to the ero-
sion operation than other competing models. Ano-NAViLa
outperformed others for all metrics except AUROC using
AP on Camelyon16. For this metric, CFA achieved
the best performance, followed by STFPM. Ano-NAVilLa
ranked third with an AUROC of 0.8092. Nevertheless,
Ano-NAViLa obtained a higher AUROC of 0.8543 using
Aex | surpassing CFA, which achieved 0.8176 AUROC

score’ 1%
. topl%
using Ascore-

2.3. Anomaly localization

In Fig. S1, we provide additional heatmap visualizations
of WSI-level AD results from abnormal WSIs in Came-

lyon16. The visualizations include heatmaps from the
ground truth, Ano-NAVilLa, and STFPM, achieving the
second-best performance in AD and localization.

2.4. Distribution of image-text similarities

Fig. S2 and Fig. S3 show the distribution of image-text
similarities in the normal and abnormal term pool, respec-
tively. The numbers on the x-axis correspond to the in-
dices of the pathology terms in Tab. S1. For (a) and (b)
in both Fig. S2 and Fig. S3, we calculated the similarity
scores of the normal or abnormal-labeled patches of each
dataset and the pathology terms in each pool. For (c) and
(d), we analyzed the representative patches (the patches
with the highest anomaly scores in the WSIs) of normal
or abnormal WSIs in each dataset. We averaged the sim-
ilarity scores by dataset and label, and then visualized the
distributions. The results reveal clear differences in sim-
ilarity distributions between normal and abnormal images
when combined with the normal and abnormal term pools,
indicating strong discriminative alignment between image
features and pathology-specific textual descriptions.
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Figure S1. Visualization of anomaly localization in abnormal WSIs from Camelyon16.
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Table S3. AD performance without the erosion operation on GastricLN and Camelyon16 datasets.
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Figure S2. Distribution of image-text similarities in the normal term pool. For both GastricLN and Camelyon16 datasets, (a) and (b) are
patch-level analysis results, and (c) and (d) are WSI-level analysis results.
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