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Abstract— Road anomaly detection is critical to safe au-
tonomous driving, because current road scene understanding
models are usually trained in a closed-set manner and fail
to identify unknown objects. What’s worse, it is difficult, if
not impossible, to collect a large-scale dataset with anomaly
annotations. So this paper studies unsupervised anomaly de-
tection which finds out anomaly regions using scene parsing
logits solely. While former methods depend on the weights
learned from the closed training set as anchors for logit
generation, we resort to language anchors that are learned
from enormous paired vision and language data. Thanks to
rich open-set semantic information contained in these language
anchors, our method performs better than former unsuper-
vised counterparts while maintaining the advantage of training
without accessing any out-of-distribution data. We delve into
this new paradigm and identify the superiority of using pair-
wise binary logits, which we credit to a better understanding
of the negation language anchor. Last but not least, we find
that the former top-1 selection of semantic labels for uncer-
tainty measurement is problematic in many cases and a new
blended standardization strategy brings clear improvements
to our solution. We report state-of-the-art performance on
FS LostAndFound, LostAndFound and RoadAnomaly datasets
among comparable methods. The codes are publicly available
at https://github.com/TB5z035/URAD-LA.git

I. INTRODUCTION

Modern learning-based vision algorithms have tremen-
dously boosted the environment sensing capabilities of au-
tonomous robots in diverse applications [1]–[6]. However,
semantic understanding [7]–[10], which is a fundamental
robotic vision module, has long been addressed in a closed-
set manner that assumes a fixed number of known semantic
categories. Models trained this way usually fail to identify
samples that do not fall into any of the pre-defined classes
and produce false predictions silently [11]. Therefore, re-
cently the robotics community has proposed many methods
to equip vision models with anomaly detection ability, es-
pecially for safety-critical scenarios including autonomous
driving [12], drone delivery [13], minimally-invasive surgery
[14], and many others [15]–[19], where flexibility and robust-
ness to unexpected input is indispensable.

Some existing works strive to identify anomalous objects
with labelled out-of-distribution (OoD) samples, which are
collected from real-world application scenarios [20] or by in-
jecting artificial anomalies into regular scenes [21]. However,
unexpected inputs are typically rare and sparsely distributed
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in the application scenarios, making it difficult to collect
and annotate OoD data with sufficient quantity and diversity.
Such limited OoD samples may only help the models detect
known anomalies but cannot guarantee the anomaly detection
ability to generalize to real-world unexpected situations.

Unsupervised anomaly detection [13], [14], [22], [23], on
the other hand, aims to assess model uncertainty directly
from a pre-trained vision model. This paradigm does not re-
quire OoD data or extra training and is expected to reflect the
perception uncertainty intrinsic to the model. However, there
still exists a large performance gap between unsupervised
and supervised anomaly detection methods. We hypothesize
that a critical factor in their limited performance is that all
the information they use to identify anomalies still comes
from a closed training set. And introducing external open-
set knowledge is a potential solution.

To this end, we introduce vision-language pretraining
(VLP) into unsupervised anomaly detection and find that it
works surprisingly well. We focus on the well-benchmarked
semantic segmentation task for urban driving scenes, which
is a challenging case with complex visual inputs. As shown
in Fig. 1, our approach significantly suppresses difficult false
positives caused by tiles (row 1) and graffiti (row 2), and
successfully identifies large (row 3) and faraway (row 4)
anomaly regions. By contrast, the performances of former
state-of-the-art (SOTA) is unsatisfactory in these scenarios.

As conclusively shown in the later Table. III, the efficacy
of our approach is mainly attributed to the transferred open-
set knowledge from vision-language pretraing. To leverage
the strong embedding space from VLP, we substitute logit
anchors obtained from closed-set supervision, with logit
anchors generated by vision-language pretraining. This pro-
vides a more robust and transferable feature space that better
separates the representation of inliers (i.e., in-distribution
samples) from that of the outliers (i.e., out-of-distribution
samples). Within this new framework, we identify several
key technical practices: (1) we adopt binary logits to help
the image encoder learn better representations from the nega-
tion language anchor. (2) we present a novel blended logit
standardization strategy that addresses critical issues of top-
1 semantic category assignment in uncertainty measurement.
(3) we show the widely used practice of multi-scale inference
also works for anomaly detection.

The effectiveness of our approach is demonstrated by
the state-of-the-art performance on RoadAnomaly, LostAnd-
Found and Fishyscapes LostAndFound, outperforming previ-
ous comparable SOTA [22] by 7.51%-22.90% improvement
in AP and 2.61%-5.17% reduction in FPR95. Our contribu-
tions can be summarized as follows:
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Fig. 1. Qualitative results compared with previous comparable SOTA SML [22]. Anomalous objects in the Input Scene are highlighted in yellow
rectangles, and the Semantic Segmentation shows closed-set results where each pixel is classified into one of the pre-defined classes. Our method can
better address complex scenarios, such as multiple anomalies, road with graffiti and forest lanes. Our method produces accurate anomaly segmentation
with significantly fewer false positives (rows 1-3) and detects faraway anomalies (row 4). Color closer to red denotes a higher estimated probability to be
anomalous. Zoom in for a better view.

• We propose the first unsupervised road anomaly detec-
tion framework that exploits vision-language pretraining
for logit anchoring.

• We identify the importance of using pairwise binary
logits to better exploit the negation language anchor.

• We show the drawback of top-1 category assignment
and propose a blended logit standardization strategy.

• We achieve SOTA performance on RoadAnomaly, Lo-
stAndFound, and Fishyscapes LostAndFound among
comperable methods and release our code.

II. RELATED WORKS

Anomaly detection in urban driving scenes. Anomaly
detection aims to identify outliers from inliers, and is typi-
cally performed through a scoring function that assigns an
anomaly score to each pixel of the input image. Many road
anomaly detection methods depend on OoD data such as
the void class in Cityscapes training set [24], or images
from COCO [21] or ImageNet [25], which are pasted into
normal driving scenes as anomalous objects. Another stream
of works [24], [26]–[28] detect anomalous regions through
image re-synthesis, segmenting the anomaly by discrepancies
between the input and the generated image.

Most unsupervised approaches assume that anomalous
samples yield higher uncertainty than inliers. For uncertainty
measurement, some delve into Bayesian estimations [29],
[30], like MC Dropout [31] and Contrete Dropout [32],
while others resort to the logits from the final layer, like
Max Softmax Probability (MSP) [23], Entropy [23] and Max
Logits [33]. The logit-based method is further improved by
Standardized Max Logit (SML) [22], which normalizes the
max logit with statistics according to the class prediction.

Vision-Language Pretraining. Aiming at associating vi-
sion and language concepts, vision-language pretraining has
made impressive progress in recent years [34]–[36]. As a
milestone, Contrastive Language-Image Pretraining (CLIP)

[36] achieves remarkable performance in zero-shot image
classification by learning multi-modal representations from
enormous text-image pairs on the Internet. Though trained
on image level, CLIP also shows the potential to boost dense
prediction tasks, including object-detection [37], referring
image segmentation [38] and semantic segmentation [39].

III. METHOD

In this section, we introduce our unsupervised approach
to help autonomous robots better detect anomalies, which
is applicable to various robotic scenarios. Specifically, we
consider its application on urban autonomous driving, in
which we detect anomalous objects in the input road scene.
We first describe our procedures to obtain language-based
binary logits for each class along with the negation anchor
(See Sec. III-A). Then, we put forward a novel strategy for
uncertainty measurement using the blended logits (See Sec.
III-B). An overview of our method is shown in Fig. 2.

A. Language-based Logits

Overview. While supervised anomaly detection methods
typically have access to different extents of outlier exposure,
previous unsupervised methods learn from a closed training
set only, resulting in the significantly lower benchmark
results. The lack of the open-set prior is the key problem
of these arts, which we believe can be alleviated by VLP
(e.g. CLIP [36]). Therefore, we exploit the feature space
of VLP models, in which we embed the input image and
adopt language anchors to produce logits for classification.
We further adopt binary logits with the negation language
anchor, which builds a better-preserved representation space
from the pairwise anchor embeddings.

Encoding of Language Anchors. Suppose we have K
classes in the training set for semantic segmentation and
a C-dimensional feature space from the vision-language
pretraining. We feed the class labels (i.e. the names of K
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Fig. 2. Overview of our method. Suppose there are K pre-defined classes in the training set. We produce (K + 1) text embeddings, corresponding to
K class anchors and 1 negation anchor (i.e. the embedding of token others). The text embeddings and pixel-wise image encoding are correlated with a
dot product, producing pixel-wise logits for each class anchor (Rij,k) and the negation language anchor (Rij,K+1). Then, for each class k, we conduct
a log-softmax between its class anchor logit and the negation anchor logit which yields the binary logit Bij,k . Blended Standardized Logits are produced
from Bij,k and used as the anomaly score for final prediction.

classes) into the text encoder, producing K language anchors
T1, · · · , TK ∈ RC . We also feed the token others into
the text encoder to produce the negation language anchor
TK+1 ∈ RC . The (K + 1) anchors are pre-computed and
fixed in the subsequent training process. This process is
demonstrated in the green dotted box in Fig. 2.

Encoding of Image Features. The image encoder gener-
ates pixel-wise feature encodings for the down-sampled im-
age. Suppose the input RGB image has the shape (H,W, 3),
then the image encoder yields a feature map E ∈ RH′×W ′×C

(illustrated by green volumes in Fig. 2) with the height
H ′ = H

4 and the width W ′ = W
4 .In training, the image

encoder learns to produce feature encodings in the same
representation space as the language anchors.

Anchor Logits. We exploit the common feature space by
correlating visual and text features with dot product. In this
process, we denote the encoded feature at pixel (i, j) by Eij

and define the anchor logit of pixel (i, j) w.r.t. class k as:

Rij,k = Eij · Tk (1)

Combining the logits from all K classes, we define the
similarity between pixel (i, j) and the pre-defined classes
as Rij = (Rij,1, · · · , Rij,K). Similarly, we correlate the
negation anchor with the pixel-wise feature encodings to
produce Rij,K+1. In this way, we obtain the pixel-wise class
anchor logits for the image with the shape of (H ′,W ′,K)
along with the negation anchor for the image with the shape
of (H ′,W ′, 1) (illustrated by yellow volumes in Fig. 2).

Binary Logits. We leverage the negation language anchor
to perform binary classification, the results of which are
taken as the final logits. More specifically, we define the
binary logit of pixel (i, j) w.r.t. class k as the logarithm of
the softmax probability to binarily classify this pixel into
class k against class others, namely:

Bij,k = log

(
exp(Rij,k/τ1)

exp(Rij,k/τ1) + exp(Rij,K+1/τ1)

)
(2)

where τ1 is a hyper-parameter of temperature. The binary
logits are crucial to the representation transfer and the ability

of generalizing to anomalous samples, as is manifested in
later Table. II. Combining the results of all pixels on the K
classes, we obtain the binary logits for the whole image B ∈
RH′×W ′×K (orange volumes in Fig. 2), which is then up-
sampled to the original resolution of the input as (H,W,K).

B. Blended Standardized Logits

With the language-based binary logits Bij,k, we propose
a novel measurement in this stage to calculate the pixel-
wise uncertainty (or the anomaly score) by standardization of
logits. Logit standardization is a technique first proposed by
a SOTA method Standardized Max Logits (SML) [22], which
collects and standardizes the logits in a class-wise manner
for all pixels to obtain the anomaly scores so that no OoD
data or retraining is needed. Before we formally introduce
our proposed Blended Standardized Logits (BSL), we first
describe the formal procedures for logit standardization.

Standardized Logits. To perform logit standardization,
we first obtain the predicted category Ŷij and the max-logit
Mij for each pixel by:

Ŷij = argmax
k

Bij,k (3)

Mij = max
k

Bij,k (4)

Next, the mean and variance of max-logits for each class k
are estimated from samples in the training set:

µk =

∑
i

∑
h,w 1

(
Ŷ

(i)
hw = k

)
·M (i)

hw∑
i

∑
h,w 1

(
Ŷ

(i)
hw = k

) (5)

σ2
k =

∑
i

∑
h,w 1

(
Ŷ

(i)
hw = k

)
·
(
M

(i)
hw − µk

)2

∑
i

∑
h,w 1

(
Ŷ

(i)
hw = k

) (6)

where 1(·) is the indicator function and (i) represents the
i-th sample in the training set. Then in a class-wise manner,
the logits are standardized with these statistics:

Sij,k =
Bij,k − µk

σk
(7)
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Fig. 3. Motivation of BSL. Suppose we have Class A and B with inlier
distribution µA = −2, µB = 2, σ2

A = σ2
B = 1 before standardization in

(a). Now consider the classification of two pixels with ground truth (b) of
class A. The produced binary logits (c) are similar for the two classes but
standardized logits (d) are quite different. As a result, Standardized Max
Logits (e) yield anomaly scores with a drastic difference, which can lead to
serious false positives. Blended Standardized Logits (f), on the other hand,
smooth the anomaly score on pixels with higher uncertainty and alleviate
false positives due to misclassification.

Finally, in SML [22], the anomaly score for pixel (i, j) is
defined as:

A
(SML)
ij =

∑
k

1(Ŷij = k)Sij,k (8)

Since the logit distributions vary significantly among classes,
the standardization makes them more comparable so that
the outliers are better separated. The anomaly score A

(SML)
ij

calculated in SML [22] is assumed to subject to a standard
Gaussian for inliers and deviate from zero for outliers.

Blended Standardized Logits. Despite the simplicity of
this paradigm, we argue that critical flaws exist in the defi-
nition of anomaly scores proposed by SML [22]. As shown
in the example of Fig. 3, when an inlier is misclassified
(illustrated as the yellow box), its Standardized Max Logit
may differ drastically from those of pixels that have similar
binary logits. We observe that the discontinuous way of
choosing the logits (i.e. always taking the maximum logits
only) leads to more false positives in the misclassified region.
We also notice that many of the misclassified pixels have
softmax probabilities of the same magnitude, which may be
exploited to mitigate such inaccuracy.

To address the aforementioned issue, we propose a novel
Blended Standardized Logit, which aims to measure the
uncertainty of a pixel by the weighted average of all possible
standardized logits instead of that of the predicted class
only. The BSL of pixel (i, j), i.e. A(BSL)

ij , is defined as the
weighted sum that blends all standardized logits with softmax
probability as weights:

A(BSL)
ij =

∑
k

exp(Bij,k/τ2)∑
m exp(Bij,m/τ2)

Sij,k (9)

where τ2 is a hyper-parameter for temperature, and we take
A(BSL)

ij as the anomaly score for pixel (i, j). Surprisingly,
as is shown in Fig. 7, BSL not only reduces false positives
for inliers but also decreases false negatives on anomalies,
resulting in significant improvement in the performance of
anomaly detection (reported in Table. I).

C. Multi-scale Inference

Most anomaly detection approaches simply take this
anomaly score map as the final prediction. However, as
convolution layers are not scale-invariant, objects that are
too large or too small in the image may be misidentified.
For instance, an inlier posed too close to the camera tends

to be recognized as anomaly whereas an outlier placed too far
away mixes up with the background and tends to be predicted
as the same class with high confidence.

To address this issue that occurs on particular scales,
we adopt multi-scale inference, which is a post-processing
technique widely-used in semantic segmentation [37] and
object detection [40] but barely visited in anomaly detection.
At inference time, the input scene is resized to different
scales to produce respective anomaly score maps. These
score maps are then interpolated to the original resolution
then averaged to generate the final anomaly score map.

IV. EXPERIMENT

A. Datasets and Implementation Details

Datasets. (1) LostAndFound [41] is one of the first
public datasets for anomaly detection, with diverse real-
world anomalous objects in urban driving scenes. The
LostAndFound test set provides 1203 images captured in
13 street scenes featuring 37 anomaly types, and contains
challenging scenarios including distant anomalous objects,
various road surfaces, and illumination shifts. Note that only
pixels of road regions and anomalous objects are annotated
in the LostAndFound. (2) Fishyscapes benchmark [42]
provides high-resolution images for anomaly detection in
urban driving scenes. Within this benchmark, Fishyscapes
LostAndFound is a subset of the LostAndFound dataset with
additional semantic annotations for all pixels. The validation
set of Fishyscapes LostAndFound is publicly accessible and
contains 100 images in total. (3) RoadAnomaly [26] is
another dataset for anomaly detection and contains 60 online-
crawled images with various unexpected objects annotated in
a pixel-wise manner. RoadAnomaly is especially challenging
since the anomaly objects are of various scales.

Implementation Details. In our method, the image en-
coder is implemented by DeepLabv3 [43] with ResNet101
[44] backbone. For language anchors, CLIP [36] (ViT-B32
[45] variant) is employed as the text encoder.

To train the network, we first feed the class labels into
the text encoder to obtain the language anchors which are
fixed during training. The network is then trained on the
task of semantic segmentation on Cityscapes training set with
AdamW [46] optimizer. Before feeding the image samples
to the image encoder, we apply stochastic transformations
including random cropping, scaling, Gaussian blur, and color
jitters. We select separate checkpoints for each dataset and
report the best result.

Upon inference time, we adopt dilated kernel smoothing
technique following [22] without boundary suppression. The
inference scales are a combination of smaller (0.5, 0.65,
0.85), original (1.0), and larger (1.25, 1.75). Their effects
are further discussed in the ablation study.

Evaluation Details. For quantitative results, adopted met-
rics include area under receiver operating characteristics
(AUROC), average precision (AP), and the false positive
rate at a true positive rate of 95% (FPR95). For qualitative
results, since the ranges of anomaly score vary between
models and images, we generate the visualization heatmap
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TABLE I
COMPARISONS ON ANOMALY DETECTION BENCHMARKS

Anchor Method
FS LostAndFound RoadAnomaly LostAndFound

AUROC ↑ AP ↑ FPR95 ↓ AUROC ↑ AP ↑ FPR95 ↓ AUROC ↑ AP ↑ FPR95 ↓

Closed-set

MSP 88.17 4.25 44.60 74.36 21.48 65.46 93.71 29.83 27.42
Entropy 89.57 10.72 43.50 76.43 23.96 64.24 94.99 50.29 25.52

Max Logit 92.13 17.99 39.76 79.73 26.56 59.04 97.21 65.71 15.22
SML [22] 97.24 38.09 14.71 82.86 28.06 48.55 95.19 56.30 24.97

Language-based (Ours)

MSP 90.39 3.91 35.08 73.75 20.17 64.16 95.20 32.76 19.18
Entropy 92.18 7.61 34.52 75.24 22.15 63.28 96.74 53.03 16.65

Max Logit 96.24 41.94 23.62 81.23 29.41 58.43 97.65 66.75 13.70
SML [22] 97.83 54.93 11.70 87.35 48.37 48.96 97.20 65.88 16.67

BSL (Ours) 98.08 60.99 10.62 88.26 48.73 45.94 98.26 73.22 10.05

(e.g. Fig. 4(a)(b)) with anomaly score thresholds from TPR20

to FPR80 in respective datasets, so that the visualizations are
comparable between methods. Color closer to red denotes a
higher estimated probability to be anomalous.

B. Benchmark Results

We evaluate our method and former unsupervised base-
lines with the closed-set and language-based anchors, and
report the performances in Table I. Since our method re-
quires neither OoD data nor extra network and reuses the
segmentation network without re-training, the unsupervised
baselines for comparison are chosen by the same criteria.

Compared with former SOTA (closed-set SML [22]), the
proposed language-based BSL significantly improves AP by
22.9% and reduces FPR95 by 4.09% on the FS LostAnd-
Found validation set. On the RoadAnomaly dataset, our
method also improves AP by 20.67% and decreases FPR95

by 2.61%. Given the fact that most anomalies in the FS Lo-
stAndFound validation set are tiny objects in various shapes
and distances, and the fact that anomalies have various
scales and styles in the Road Anomaly dataset, our superior
performances on both datasets manifest the robustness of our
method to the shapes and scales of anomalies.

Another intriguing observation is that SML [22] is out-
performed by the simpler Max Logit baseline on the Lo-
stAndFound dataset. We attribute this phenomenon to the
fact that logits of the misclassified regions are standardized
by statistics of the wrong categories. Considering that road
is the only inlier category in the LostAndFound dataset, the
misclassified category is entirely unreliable and using the
statistics of the wrong category for standardization leads to
drastic performance drop. By contrast, our BSL method natu-
rally combines the logits with probability-based weights and
produces higher performance than SML and other baselines.

C. Ablation Study

Binary Logits with Negation Anchor. We conduct ex-
periments on the Fishyscapes LostAndFound validation set
using the class anchor logits Rij,k and the binary logits Bij,k

(see Fig. 2) respectively, while the other settings are identical.
Results reported in Table II demonstrate that using binary
logits brings significant improvement in all three metrics over

TABLE II
COMPARISON ON DIFFERENCE LOGIT TYPES

Method AUROC ↑ AP ↑ FPR95 ↓

Anchor Logits 93.17 13.57 29.44
Binary Logits 98.08 60.99 10.62

Fig. 4. Qualitative comparisons on different logit types. Compared with
binary logits, anchor logits typically fail on (1) boundaries between known
classes, (2) hard samples, like buildings in the distance (row 1) and road
region with graffiti (row 2). Zoom in for a better view.

the class anchor logits. Visualization in Fig. 4 also shows that
using binary logits results in significantly less false positives.

We attribute the superior perforance of binary logits to
a better-transferred representation space with the effective
utilization of the negation language anchor. During training
for semantic segmentation, the negation language brings
about extra supervision so that the image encoder is enforced
to maximize the distance between the pixel-wise encoding
and the negation language anchor as well, leading to a better
preserved structure of the feature space. We provide proof by
the distributions of anomaly scores using different logit types
(depicted in Fig. 5) and show that the predicted inliers have
similar distributions whereas the outliers are better separated

Fig. 5. Probability density of different logits types. The numerical ranges
of axes are aligned. While in-distribution samples are clustered similarly,
binary logits can better separate the anomalous samples, resulting in better
anomaly detection performance.
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TABLE III
AVERAGE METRIC GAINS WITH LANGUAGE ANCHORS

Method AUROC ↑ AP ↑ FPR95 ↓

MSP 1.03 0.43 -6.35
Entropy 1.06 -0.73 -6.27

Max Logit 2.02 9.28 -6.09
SML 2.36 15.58 -3.63
BSL 3.10 18.91 -7.57

Fig. 6. Qualitative comparisons on different anchor types. Compared
with closed-set anchors (a), language anchors (b) can generalize better to
unseen scenes with drastic domain shifts (row 1) and reduce false positives
produced by hard samples and boundaries (row 2).

in the feature spaces learned with binary logits.
Language Anchors. In Table III we report the average

metric gains on the three datasets after applying language-
based anchors. Using language anchors significantly im-
proves AP for logits-based methods and reduces FPR95 for
all methods. We further provide visualization of anomaly
scores obtained using language anchors and closed-set an-
chors in Fig. 6. Language anchors precisely segment the
anomalies in scenes that largely differ from the training set
we use (row 1). Language anchors also reduce false positives
caused by hard samples and boundaries (row 2), which is a
pitfall for the previous unsupervised approaches.

Blended Standardized Logits (BSL). The last two rows
of Table I manifest the effect of BSL on the three datasets.
Compared with SML, BSL improves AP by 0.36%-7.34%
and decreases FPR95 by 1.08%-6.62% using the same anchor
and logit type. We provide qualitative comparisons between
BSL and SML in Fig. 7 and show that BSL can better
identify large anomalies (row 1), reduce false positives (row
2) and distinguish distant anomalous objects (row 3). This
shows that BSL is a better measurement for uncertainty.

Multi-scale Inference. Table IV shows the influence of
different scale combinations on the Fishyscapes LostAnd-
Found validation set. Multi-scale inference significantly re-

TABLE IV
COMPARISON ON DIFFERENT INFERENCE SCALES

Smaller Original Larger AUROC ↑ AP ↑ FPR95 ↓

✓ 97.18 61.91 17.73
✓ 97.39 51.44 15.05

✓ 95.48 29.02 24.52
✓ ✓ 97.56 63.94 14.78

✓ ✓ 96.98 43.25 16.10

✓ ✓ ✓ 98.08 60.99 10.62

Fig. 7. Qualitative comparisons on SML and BSL. (a) shows anomaly
scores from Standardized Max Logit (SML) while (b) shows anomaly scores
from Blended Standardized Logits (BSL). The logits for (a) and (b) in each
row are produced by the same model. Compared with SML, BSL can reduce
false negative (row 1), false positive (row 2), and both (row 3).

Fig. 8. Qualitative comparisons on different inference scales. (a)
indicates using only the original scale while (b) indicates using multiple
scale inference. Other configurations are aligned. Multi-scale inference can
mitigate the unexpected false positive existing in a specific inference scale
(the false positive region of the sidewalk in row 1) and can better identify
distant obstacles (row 2).

duces FPR95 while retaining acceptable AP. The anomaly
scores obtained by different inference scales are compared in
Fig. 8. Larger scales help identify the distant anomalies that
are hard to distinguish from the background (row 2), while
smaller scales have the smoothing effect which reduces false
positives of hard examples with confusing texture (e.g. tiled
sidewalk in row 1). Hence, a combination of various scales
yields a more robust performance.

V. CONCLUSION

In this work, we propose an unsupervised road anomaly
detection framework with language anchors from vision-
language pretraining. We identify the importance of the
pairwise binary logits and the negation anchor for rep-
resentation transfer and present the Blended Standardized
Logit as a novel strategy for uncertainty measurement. The
effectiveness and robustness of this framework is manifested
through the superior performance on diverse datasets for
urban driving scenes. We believe that the proposed method
demonstrates the potential competence of language-driven
anomaly detection in various real-world contexts for au-
tonomous agents.
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