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ABSTRACT

Detecting when an object detector predicts wrongly, for example, misrecognizing
an out-of-distribution (ODD) unseen object as a seen one, is crucial to ensure the
model’s trustworthiness. Modern object detectors are known to be overly confident,
making it hard to rely solely on their responses to detect error cases. We therefore
investigate the use of an auxiliary model for the rescue. Specifically, we leverage an
off-the-shelf text-to-image generative model (e.g., Stable Diffusion), whose training
objective is different from discriminative models. We surmise such a discrepancy
would allow us to use their inconsistency as an error indicator. Concretely, given
a detected object box and the predicted class label, we perform class-conditioned
inpainting on the box-removed image. When the predicted object label is incorrect,
the inpainted image is doomed to deviate from the original one, making the recon-
struction error an effective recognition error indicator, especially on misclassified
OOD samples. Extensive experiments demonstrate that our approach consistently
outperforms prior zero-shot and non-zero-shot OOD detection approaches.

1 INTRODUCTION
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Figure 1: Intuition behind RONIN for zero-shot OOD object detection. An object detection
model predicts bounding boxes and class labels on the input image, making correct classifications on
ID objects and misclassifications on OOD objects. RONIN leverages that outcome for inpainting the
predicted objects through a strong text-to-image diffusion model. The ID objects are then inpainted
similarly, while the OOD objects are inpainted differently. A feature-based alignment assessment can
reflect this difference, therefore detecting OOD.

Object detection systems have made significant advancements in recent years, and are widely applied
in our lives both in online and offline settings, including environmental science (Beery et al.l[2019),
manufacturing (Ahmad & Rahimil, 2022)), or even healthcare (Ragab et al [2024)). It is thus crucial
to ensure the reliability and robustness of these systems. However, one typical error is that the
detector sometimes misidentifies something as an object from its predefined classes. While detector
confidence is commonly used for filtering out erroneous detections, overconfidence has been observed
across many architectures and domains (Pathiraja et al. [2023)). This highlights the challenge of
relying solely on the internal responses of an object detector’s to identify these errors.

Various existing works address this challenge during training. [Munir et al.|(2022)); Pathiraja et al.
(2023) introduce auxiliary losses to regularize confidence calibration. Du et al. (2022bja) approach
the problem as an out-of-distribution (OOD) detection task and learn better detector features that are
more compatible with classic OOD detection methods. Although these methods are effective, many
practitioners use pre-trained, publicly available models for their applications and are unable to retrain
the detectors to incorporate these techniques.
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In this paper, we explore the use of additional pre-trained models as auxiliary tools to address these
challenges. In particular, recent text-conditioned generative models (Rombach et al., 2021} Saharia
et al|, 2022) demonstrate strong language understanding and image synthesis capabilities and show
potential for augmenting various discriminative tasks (Li et al., 2023a). We build upon such insights
and leverage these models as an additional source of information to help identify erroneous detections.

To this end, we propose R®-shot OOD ©NtextuallN painting RONIN), as illustrated if Figure|1.
RONIN operates upon detected bounding boxes and predicted class labels from a detector. For each
class in the detector's vocabulaRONIN masks out all detected instances in an image and performs
inpainting conditioned on the class name. It then compares the similarities between the original
detected objects and their inpainted counterparts, as well as both objects' similarities to the class
labels. Typically, erroneous detections which by de nition are incompatible with class labels, will
look dissimilar from the inpainted objects. Correct detections, however, will share similar semantics
with their inpainted ones. This makes OOD objects easy to distinguish. We evRlIO&éN on
real-world benchmark datasets and show that it consistently outperforms existing methods. We also
provide in-depth analysis and visualizations to further validate the effectiveness of RONIN.

Remark. In this paper, we mainly focus on the error cases of object detection when wrongly
recognizing unseen OOD objects as seen ID ones, i.e., object-level OOD detection. However, with the
large-scale off-the-shelf generative mod@)NIN is general enough to also perform the correction
when encountering a wrong prediction on a seen ID object, suchaasristead of dog While

in our experiment we mainly explore the OOD detection task because it is considered the harder
case, we conducted two preliminary studies oniOimisclassi cation (Sectior{ 6.]1), where the
inpainting process helglRONIN to correct the false prediction encountered on ID samples; and
(i) near-OOD detection(Sectior] 6.R), where pre-anticipate closest ID labels as speci c inpainting
condition supporRONIN to tackle near-OOD problems. We hope that this study opens the potential
for future studies on both OOD detection and misclassi cation from different perspectives.

2 RELATED WORK

Out-of-distribution Detection. The goal of the out-of-distribution (OOD) detection task is to
determine whether a given sample belongs to a certain distribution. It has been widely studied at the
image levelwhere a whole image is treated as a sample. Common approaches include leveraging
classi er-speci ¢ information such as con dence scorgs (Hendrycks & Giixjpel, 2016; Le€ et al.,
2017; Liang et al/, 2018; DeVries & Taylar, 2018; Hsu et jal., 2020; Liu ¢t al., 2020; Wel et al.,
2022) or learned features (Lee et al., 2018; Denouden et al., 2018; Tack et al., 2020; Sehwag et al.,
2021; Xiao et al., 2021; Sun et al., 2022), or directly modeling an image distribution using generative
models (Ren et al., 2019; Serra et al., 2019; Xiao et al., 2020; Schlegl et al., 2017; Zong et al., 2018;
Graham et al., 2023; Liu et al., 2023; Li et al., 2023b). Recent works (Ming et al., 2022; Esmaeilpour
etal., 2022; Wang et al., 2023) have also explored using CLIP (Radford et al., 2021) to identify OOD
examples in a zero-shot manner, bypassing the need to learn from in-domain data explicitly.

OOD detection can also be extended todbgct-level where objects within an image are treated

as individual samples. Most existing research in this setting focuses on training-time interventions.
For instance, Du et al. (2022b;a) improve detector features to make them more separable between
in-distribution (ID) and OOD data; Wilson et al. (2023) uses adversarial examples to train an MLP
for classifying ID and OOD instances. In contrast, our apprd@0ONIN explores the object-level

setting through post-hoc interventions instead.

Text-to-Image Generative Models. Recent advances in generative modeling have made large-scale
text-to-image models widely available (Rombach et al., 2021; Ramesh et al., 2022; Saharia et al.,
2022). These models exhibit a deep understanding of language and are highly effective at generating
or editing high-quality images from diverse prompts, offering a promising approach to data synthesis
across various tasks. Furthermore, recent works have shown that these models can also enhance
discriminative tasks. For instance, Li et al. (2023a); Jaini et al. (2024) demonstrate that Stable
Diffusion (Rombach et al., 2021) can function as an effective zero-shot classi er, achieving accuracy
comparable to or surpassing CLIP and various trained discriminative classi ers. There has also been
recent progress in applying text-conditioned diffusion models for image-level OOD detection (Du
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etal., 2023; Gao et al., 2023; Fang et al., 2024). Unlike these wBIB$#/IN focuses on exploring
the use of such models for object-level tasks.

3 PROBLEM FORMULATION

We address the task of object-level out-of-distribution (OOD) detection. Speci cally, given an object
detector trained to detect a pre-de ned set of categories (e.g., different kinds of vehicles), we aim to
identify the error cases when it wrongly recognizes a novel object (e.g., a wild animal) as one of the
pre-de ned categories and detects it. We refer to the pre-de ned set of categories as the in-distribution
(ID) classes, following Du et al. (2022b); the novel categories as the OOD classes.

Formally, given an imagg and an object detectér(:; ) trained for the ID classeg™ , f (x; )

¥,000, 9}, wherey; 2 Y™ . Object-level OOD detection is then formulated as a binary classi cation
problem, classifying whether the object withintruly belongs to ID classes. Typically, one would
develop a scoring functiog such that given a bounding box and its predicted I&bgt)), g gives a
higher scorgy(b; ¥) if boutlines an ID object and a lower score if it outlines an OOD object.

Existing works (Du et al., 2022b;a) proposed a speci ¢ training process for the object detector so
that its responses (e.g., feature vector of each bounding box) would better distinguish between ID
and OOD classes. However, doing so requires re-training the object detector, assuming access to the
original training data and making it infeasible to off-the-shelf object detectors.

Aim. To address this limitation, we aim to design an OOD detection mechanism pati$iog

without the need to modify (e.g., ne-tune) the pre-trained object detectorzarashot(Ming

et al., 2022), without the need to access the original training data or any ID-class data. This sharply
contrasts several prior post-hoc methods that need ID-class data (Ren et al., 2019; Xiao et al., 2020).

Approach. The emergence of vision-language foundation models (Radford et al., 2021; Li et al.,
2022; Liu et al., 2024a) trained on abundant image and free-form text pairs has gradually removed
the boundary between the closed-set and open-set settings Li et al. (2023a). For example, while not
perfect, CLIP (Radford et al., 2021) can match an image with unbounded concepts. Such a zero-shot
capability has been leveraged in prior work to detect OOD samples given a set of ID concepts (Ming
et al., 2022; Esmaeilpour et al., 2022; Wang et al., 2023). In this work, we leverage another kind of
foundation model, text-to-image generative models (Rombach et al., 2021), capable of generating
images given free-form texts. While not designed for object detection and optimized for the ID data,
we surmise their built-in, generic capability would facilitate object-level OOD detection.

4 RONIN: ZERO-SHOT OOD CONTEXT INPAINTING

Figure 2:Overall framework of RONIN with three main components: pre-trained object detection,
context-aware inpainting, and vision-language similarity assessment. Given an input image, the
ID-trained object detector makes correct predictiaa)(on ID and incorrect predictionsiieep

on OOD objects. With diffusion model® ONIN synthesize realistic objects with the predicted
labels as conditions. Finally, the similarities between the original detected objects and their inpainted
counterparts in multiple ways are then utilized for OOD detection.

We provide a high-level overview of our meth&DNIN in Figure 2 for object-level OOD detection.

With bounding boxes and label predictions from the object detection mBd@NIN leverages
inpainting to generate context-aware in-distribution (ID) objects. The similarities between inpainted
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