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To Mum and Dad, my launchpad and my rocket.

Never get discouraged if you fail.

Learn from it. Keep trying.
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Abstract
Objects are central to human perception and understanding of the world. There

is an abundance of images available on the internet covering the vast number

of objects in the world, however, labelling these images exhaustively to cover all

objects is infeasible—limiting the utility of systems requiring strong supervision

through large labelled datasets. To address this issue, this thesis develops methods

to enable novel objects to be learnt with limited use of manually labelled data.

First, we consider the problem of few-shot object detection, which is the problem

of learning to expand the set of objects which can be detected with only a few

manually labelled examples. We show that the few examples available for novel

categories can be used to accurately pseudo-label existing data to yield a large

number of novel pseudo-annotations for further detector training.

Second, we address the more challenging problem of open-vocabulary object detec-

tion, which requires learning to detect novel object categories with no annotated

data. We demonstrate the utility of detailed natural language descriptions to pro-

vide additional visual information for novel object detection. Moreover, we show

that visual exemplars can be aggregated and combined with object descriptions to

yield multi-modal classifiers for superior novel object detection.

Finally, we consider the problem of object hallucinations in large vision-language

models. We propose an automatic method to evaluate the presence of object hal-

lucinations in detailed natural language descriptions of images generated by large

vision-language models. We make use of language models and labelled detection

data to automatically and robustly analyse the presence of object hallucinations

in generated descriptions.

Keywords – object detection, deep learning, open-vocabulary learning, multi-modal
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Chapter 1

Introduction and Motivation

Objects are the fundamental building blocks of our visual world. This basic unit

of perception is the first step in the process of understanding the visual world—

scene understanding. Important information about a scene flows from objects

such as object parts, object attributes and relationships between objects. Just as

humans recognise objects to navigate surroundings, make sense of the environment,

and interact with the world, object perception allows computers to do the same.

Therefore, injecting object perception into computer vision systems is an essential

part of creating useful artificial agents. Object perception is already widely used

to avoid hazards in autonomous driving [Janai et al. 2020] and tracking wildlife

migrations in satellite imagery [Duporge et al. 2021].

The deep-learning revolution ignited [Krizhevsky et al. 2012] due to the availability

of large datasets containing hundreds of object categories each with thousands

of manually labelled images [J. Deng et al. 2009] The vast quantity of images

uploaded and shared on the internet are an expansive source of data to train

computer vision systems for object perception, likely containing examples of all

object categories on Earth. Despite this apparent abundance, there is no possibility

of collecting and manually labelling all of these images with useful information.

Furthermore, the frequency of images on the internet is highly skewed towards

a relatively small number popular categories e.g. person, car, dog, cat etc. This

makes the collection of a useful dataset for all object categories in the visual world

impossible. Finally, the labelling process itself grows more expensive when the

desired annotations pass beyond simple image-level labels (e.g. a single word) to
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structured data (e.g. drawing bounding boxes and categorising multiple objects

in an image). These challenges motivate the need to develop methods for object

perception under various conditions of data availability.

1.1 Motivation

1.1.1 Learning New Categories from Limited Examples

The revolutionary advances of computer vision in the last decade have been built

upon deep learning [Simonyan and Zisserman 2015; Ren et al. 2016; Kaiming He et

al. 2016; Ronneberger et al. 2015], however the strongest models require datasets

with large numbers of labelled examples [J. Deng et al. 2009; T.-Y. Lin et al.

2014]. Additionally, these models are limited to perform on a closed, small set

of categories i.e. the categories in the training dataset. Obtaining these datasets

is costly and time consuming, requiring human workers to manually provide the

annotations of interest. The cost of data collection is compounded by the fact

that the annotation process grows more expensive when structured annotations

for each image are needed rather than simple image-level annotations e.g. object

detection data collection [Everingham et al. 2010] is more expensive than image

classification [J. Deng et al. 2009]. Moreover, in tasks which require specialist

knowledge, an expert is required to provide the annotations, greatly increasing the

cost of data collection. Finally, some specific tasks require annotations for which

vast quantities of data do not exist e.g. medical imaging [Litjens et al. 2017].

In contrast, the human visual system can learn to recognise new objects from only

a few examples [Smith and Slone 2017]—a toddler can learn to recognise a new

animal from a single cartoon image in a book.

This distinction has motivated the development of few-shot learning which aims

to solve a task with only a few labelled examples. In computer vision, few-shot

learning has mainly been applied to image classification [Koch et al. 2015; Vinyals

et al. 2016; Snell et al. 2017; Sung et al. 2018], with fewer works on other tasks

like few-shot action recognition [Ju et al. 2022; Bishay et al. 2019; Hongguang

Zhang et al. 2020]. These image-level tasks utilise the N -way K-shot protocol

for evaluation—the model is required to predict a category from N novel cate-
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gories given only K labelled examples per category. This protocol is in opposition

to how humans learn to recognise objects—humans can use a single example to

incrementally add new categories to their object vocabulary.

Few-shot object detection (FSOD) [H. Chen et al. 2018; Kang et al. 2019] is more

reflective of how humans learn to recognise objects. Object detection is learnt on

an initial set of object categories. This initial set of categories is subsequently

expanded to include a new set of categories using only a few examples.

In this thesis, we investigate learning new categories from limited examples through

few-shot object detection.

1.1.2 Learning New Categories from Natural Language

Natural language is the fundamental medium in which modern humans commu-

nicate their perceptions of the world; it serves as a common knowledge base for

humans to share their experiences. Therefore it is natural to consider the use of

language as a medium to communicate with computer vision systems. Large lan-

guage models (LLMs) [Touvron et al. 2023a; OpenAI 2023a; Brown et al. 2020;

Radford et al. 2019] trained for next word prediction on large corpora of text from

the internet have been shown to be capable of generating coherent text relevant to

a wide range of tasks such as natural language translation [Vaswani et al. 2017],

text summarisation [Raffel et al. 2020] and coding [L. Ouyang et al. 2022].

The training of LLMs instils them with a huge amount of knowledge about the

visual world, which can be leveraged to link the visual contents of images with

specific and relevant knowledge learnt from the large text corpora. This desire

has led to the development of vision-language models (VLMs) which jointly learn

common visual and language representations [Radford et al. 2021; Jia et al. 2021]

using image-text pairs data from the internet. These models have been shown to

be capable of performing a wide range of tasks in a zero-shot manner, such as

image classification, action recognition in videos and image-text retrieval.

The combination of LLMs and VLMs provides the opportunity for vision systems

to learn new categories (and other visual concepts) without the need for man-

ually collected annotations for the task of interest. As outlined previously, the

traditional approach of collecting a large dataset of manual annotations has many
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drawbacks and leveraging the vast text corpora and image-text pairs available on

the internet is a promising and cheaper alternative. The task of zero-shot object

detection [Bansal et al. 2018] and its general form open-vocabulary object detec-

tion [Zareian et al. 2021; X. Zhou et al. 2022] investigate the injection of natural

language into object detection for the purpose of learning new categories.

In this thesis, we explore the use of LLMs and VLMs to learn new categories

through open-vocabulary object detection.

1.1.3 Beyond Object Detection and Towards Scene Under-

standing

As mentioned previously, an overall goal of computer vision is scene understand-

ing and the most basic units of a scene are objects. Therefore object detection,

which localises and classifies multiple objects in an image, is a fundamental task

in computer vision and has rightly received a lot of attention. However, there

are other tasks to scene understanding which have also received attention in the

computer vision community. Instance segmentation [Kaiming He et al. 2017] ex-

tends objects detection by computing an object mask for each object instance in

an image, rather than just bounding boxes as in object detection. Semantic seg-

mentation [Long et al. 2015] requires applying a category label to every pixel in an

image, not just the pixels belonging to an object—e.g. person, car, dog etc. and

sky, road, grass etc. Panoptic segmentation [Kirillov et al. 2019] is a dense com-

puter vision task (each pixel in an image is assigned a class label) which combines

semantic segmentation (assigning a label to every pixel in an image) and instance

segmentation (segmenting each object instance in an image). Thus giving a com-

plete understanding of objects in an image—countable objects (often referred to

as “things”) like person, car, dog, cat etc. are each assigned a unique object ID,

object mask and category label (instance segmentation) and non-countable objects

(often referred to as “stuff”) like sky, road, grass etc. are each assigned a mask and

category label (semantic segmentation).

Scene graph generation [Krishna et al. 2017] is another computer vision task which

uses a graph to formalise scene understanding. The nodes of the graph represent

objects and the edges represent relationships between the objects with a label
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assigned to each edge indicating the type of relationship. This basic graph can

be extended to include object attributes, bounding boxes, object parts and other

information.

Finally, detailed image captioning [Vinyals et al. 2015] is a task which aims to

describe the objects in an image with free-form natural language and is more

similar to how a human might express scene understanding.

This thesis explores the detailed image captioning task with respect to object

perception as another step towards scene understanding.

1.2 Literature Review

The goal of this thesis is to improve the ability of vision systems to learn new cat-

egories without the need for large amounts of manually collected object detection

annotations for each new category.

This section covers literature relevant to object detection, without covering details

of object detection tasks in the low data regime. Literature for specific tasks in

the low data regime is covered in the relevant chapters: few-shot object detection

is covered in Chapter 2; open-vocabulary object detection and natural language

for image classification are covered in Chapter 3; and large vision-language models

are covered in Chapter 4.

In this section, we review object detection—the task of localising and classifying

objects in an image. We split this review into five parts: (1) Sliding Window and

Region-based Methods; (2) Two-stage Object Detection; (3) One-stage Object

Detection—further sub-divided into anchor-based and anchor-free methods; and

(4) Object Detection Datasets.

Finally, we review some key milestones in tasks related to object detection such

as semantic segmentation and instance segmentation.

1.2.1 Sliding Window and Region-based Methods

Prior to the re-emergence of deep learning, the most popular models for object de-

tection were either based on sliding window methods which exhaustively search an

image for objects—the foremost example being deformable part models (DPMs) [P.
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Felzenszwalb et al. 2008; P. F. Felzenszwalb et al. 2010; Lim et al. 2013], or region-

based methods which used (a combination of) image primitives to propose regions

likely to contain objects [Alexe et al. 2010; Uijlings et al. 2013; Zitnick and Dollar

2014; Krähenbühl and Koltun 2014].

DPMs subscribe to the notion that objects can be modelled by parts with a de-

formable configuration. A representative DPM [P. Felzenszwalb et al. 2008] uses

a histogram of orientated gradient (HOG) features [Dalal and Triggs 2005] ex-

tracted from an image pyramid. They used a “root filter” to exhaustively search

a coarse resolution feature map for matching object HOG features and “part fil-

ters” operating at finer resolutions. Dynamic programming is used to compute the

best part placements given a root placement and scores are computed between the

HOG features and the modelled filters. The root and part filters are solved using

a latent support vector machine (SVM). A fundamental drawback of this method

was that it used a sliding window exhaustive search for object placement, most

of which involves computations on background regions which are not useful for

object detection.

To improve computational efficiency, methods which proposed regions likely to

contain objects were developed. Before objects were learnt automatically from

large human labelled datasets, the “objectness” of a region was first computed

using handcrafted rules such as uniqueness/saliency, colour contrast, edge density

and straddling superpixels [Alexe et al. 2010].

Selective search [Uijlings et al. 2013] uses a hierarchical approach to perform

bottom-up grouping of regions. Given a set of initial regions [P. F. Felzenszwalb

and Huttenlocher 2004], pairs of neighbouring regions with the highest similarity

(defined by image primitives e.g. colour histograms) are sequentially merged until

the whole image is one region. After introducing some randomness (to yield di-

verse proposals) and combining multiple similarity metrics, a set of bounding box

proposals based on the segmented regions are computed. Given these proposals,

colour-SIFT descriptors [van de Sande et al. 2010] are used to train SVMs for

classifying each proposal, enabling object detection.

Other methods for generating object proposals for detection include EdgeBoxes [Zit-

nick and Dollar 2014], geodesic object proposals [Krähenbühl and Koltun 2014] and
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LPO [Krahenbuhl and Koltun 2015]. EdgeBoxes [Zitnick and Dollar 2014] found

object proposals by computing the number of edges wholly contained in a bound-

ing box and subtracting the number of edge contours intersecting the bounding

box. This was computed efficiently using integral images [Viola and Jones 2001]

and non-maximum suppression removed highly correlated proposals. Geodesic

object proposals [Krähenbühl and Koltun 2014] used a graph-based approach to

compute object segmentation proposals. Foreground and background masks were

computed for a set of superpixels placed throughout an image. Computing the

level sets of a signed geodesic distance transform over the image yields multiple

image regions. Regions corresponding to certain critical level sets were selected

as object segmentation proposals. LPO [Krahenbuhl and Koltun 2015] used low-

level image features to train a global segmentation model jointly with multiple

local ones—joint training enabled individual models to specialise on particular ob-

ject appearances. Various contemporaneous methods including the ones above are

compared and analysed in [Hosang et al. 2015], which also introduces the Average

Recall (AR) metric for evaluating a given method at a particular number of ob-

ject proposals at various intersection-over-union (IoU) thresholds—averaging over

IoU thresholds additionally rewards localisation performance. Averaging over IoU

thresholds is now standard practice in object detection evaluation—mean average

precision (mAP) and average recall (AR) [T.-Y. Lin et al. 2014].

1.2.2 Two-(Multi-)Stage Object Detectors

Canonical works in two-stage object detectors are the R-CNN series, namely, R-

CNN [Girshick et al. 2014], Fast R-CNN [Girshick 2015], Faster R-CNN [Ren et al.

2016]. R-CNN used Selective Search [Uijlings et al. 2013] to propose class-agnostic

bounding boxes (first stage), these proposals were then warped to a fixed size, re-

lated features computed by a CNN and class-specific linear SVMs used to perform

classification (second stage). Fast R-CNN contains a more efficient second stage.

Deep features are computed for the whole image (first stage). For each Selective

Search proposal, the deep features are pooled in a unique way (called ROIPool) to

a fixed size before classification and final bounding box placement (second stage)

is performed by convolutional layers. Online hard example mining (OHEM) [Shri-
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vastava et al. 2016] improved the training of Fast R-CNN. All regions-of-interest

(RoIs) are ranked by their training loss; a computationally inexpensive step. The

highest loss RoIs are selected (removing highly correlated ROIs with non-maximum

suppression) for updating the Fast R-CNN model. Faster R-CNN [Ren et al. 2016]

improved the first stage of R-CNN/Fast R-CNN, in which a Region Proposal Net-

work (RPN) yields object bounding boxes using a set of heuristics regarding box

size and aspect ratio (called anchors). Furthermore, to improve efficiency a com-

mon set of deep features were used for both the first and second stages. The issue

of detecting objects at multiple scales was addressed with Feature Pyramid Net-

works (FPNs) [T.-Y. Lin et al. 2017a] in which proposals and predictions are made

at multiple feature resolutions. The use of a FPN (and variants) is common in

many current object detectors. Probabilistic two-stage detection [X. Zhou et al.

2021] views two-stage detection as inferring a joint distribution over objectness

(foreground vs. background) and class labels.

Two-stage detectors are extended to multi-stage detectors in which the additional

stages are used to refine the predictions of the previous stage. Cascade R-CNN [Z.

Cai and Vasconcelos 2018] introduced this idea by cascading multiple Fast R-CNN

stages.

1.2.3 One-Stage Object Detectors

Anchor-based Methods

One-stage detectors have a general advantage in terms of inference time over two-

stage detectors as they only require a single forward pass and decoding stage. The

initial series of YOLO works [Redmon et al. 2016; Redmon and Farhadi 2017;

Redmon and Farhadi 2018] provide sequential improvements to the detector. In

YOLOv1 [Redmon et al. 2016] an image is divided into a regular grid in which

anchor bounding boxes (determined by heuristics) are given scores in parallel to

predicting class labels for each grid cell. SSD [W. Liu et al. 2016] removes the need

for a grid and places anchor boxes at every location in a feature map. These anchor

boxes are matched to ground-truth bounding boxes using an IoU threshold. This

allowed each ground truth bounding box to have more than one positive anchor

box, resulting in easier training. Furthermore, SSD combined predictions from

multiple feature resolutions, however these feature maps were less rich than the
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more popular FPN structure [T.-Y. Lin et al. 2017a]. The limitations of YOLOv1

are partially addressed in YOLOv2/YOLO9000 [Redmon and Farhadi 2017], which

makes use of an RPN structure as in Faster R-CNN [Ren et al. 2016] but gives ob-

jectness and classification scores for anchor boxes at each location in feature space,

rather than selecting a limited number as required in two-stage networks. Further-

more, the anchor box dimensions are determined by clustering on the training data

rather than using heuristics. Previous YOLO versions are improved [Redmon and

Farhadi 2018] through the addition of a FPN [T.-Y. Lin et al. 2017a] to address

object scale issues. YOLO models have now reached an eighth iteration [Ultra-

lytics 2023]. RetinaNet [T.-Y. Lin et al. 2017b] introduces “focal loss”, a novel

loss function designed to address the heavy imbalance between foreground and

background in object detection. This enabled their model to densely classify all

anchor boxes in an image during training, rather than processing a small balanced

(between foreground and background) subset of object proposals as required in

Faster R-CNN [Ren et al. 2016].

Anchor-free Methods

CornerNet [Law and Jia Deng 2018] gives a rather different formulation of the

problem which does not rely on predefined anchor boxes. Instead, bounding box

corners for each class (top left and bottom right) are regressed separately and

matched together based on the euclidean distance between their features. By

treating “objects as points”, CenterNet [X. Zhou et al. 2019] revolutionised ob-

ject detection by simply predicting object centres for each class and regressing a

symmetric bounding box around each proposed centre. FCOS [Tian et al. 2019]

generalises CenterNet—treating all foreground locations as positive locations and

predicting the ideal bounding box from these locations (potentially at the ex-

tremity of an object). This drastically reduced the size of model outputs when

compared to RetinaNet [T.-Y. Lin et al. 2017b], which used anchor boxes.

A new class of object detectors begin with DETR [Carion et al. 2020] which uses

the Transformer architecture [Vaswani et al. 2017] to perform object detection by

casting it as a set prediction problem. This method does not use anchors or predict

geometric entities like centre points or corners, instead a fixed number of “object

queries” are learnt and used to predict the bounding boxes and class labels of
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objects in an image. DETR is trained using a bipartite matching loss between the

predicted and ground truth bounding boxes, with each ground truth box matched

to exactly one predicted box. This removes the need for handcrafted rules for

matching predictions to ground truth boxes during training. Furthermore, this

removes the need for non-maximum suppression—a common post-processing step

in object detection to remove multiple overlapping predictions for the same ob-

ject, which arises from the use of many anchors or geometric entities to predict

object bounding boxes. The drawbacks of DETR are the extremely long train-

ing time required for convergence and poor performance on small objects due to

limited feature resolution. This is addressed in Deformable-DETR [X. Zhu et al.

2020] which combines local attention [Parmar et al. 2018] and deformable con-

volutions [J. Dai et al. 2017] to reduce computation requirements to yield faster

training convergence and improved feature resolution. Conditional DETR [Meng

et al. 2021] also addresses the convergence issue by replacing the fixed learnt ob-

ject queries in decoder cross-attention with dynamically generated queries based

on learnable 2D coordinates and previous decoder layer outputs, thus guiding de-

coder attention to more relevant image regions. DAB-DETR [S. Liu et al. 2022]

reintroduces the concept of anchors to DETR by using a set of learnable anchors to

replace the learnt object queries. DN-DETR [F. Li et al. 2022] addresses the slow

convergence by introducing an auxiliary loss function throughout the Transformer

decoder to reconstruct groundtruth bounding boxes from noised versions. DINO-

DETR [Hao Zhang et al. 2022] combines elements of DAB-DETR and DN-DETR

to improve the performance and efficiency of DETR by introducing a contrastive

denoising method to ignore heavily noised bounding boxes and using mixed dy-

namic and static object queries. Co-DETR (the current state-of-the-art) [Zong et

al. 2023] abandons the strict one-to-one matching between predicted and ground

truth bounding boxes in DETR and uses a hybrid loss based on separate one-to-

many label assignments (like in Faster R-CNN) and one-to-one matching heads

to improve encoder training. Finally, a recent work [Ouyang-Zhang et al. 2022]

uses one-to-many label assignments exclusively and reintroduces non-maximum

suppression, showing improved performance over a one-to-one baseline.

The trend in object detection is towards models based on DETR derivatives but

with the addition of methods (such as anchors and NMS) from earlier anchor-based
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methods.

1.2.4 Object Detection Datasets

Early works in object detection focus on the detection of a single object class, there-

fore the “classification” part of the object detection is a simple foreground/back-

ground binary classification. The common single object classes used were pedes-

trians [Dalal and Triggs 2005; Papageorgiou and Poggio 2000] and faces [Rowley

et al. 1998].

The PASCAL Visual Object Classes (VOC) [Everingham et al. 2010] dataset was

the first large scale dataset for object detection with multiple object classes. When

published, to distinguish it from single object class datasets (e.g. for pedestrians

or faces) the task was termed “object category detection”. In current literature

(and this thesis) the term “object detection” is used for multiple object class de-

tection as established in the PASCAL VOC dataset. Initially starting with 4

classes and bounding boxes only, the dataset grew to 20 classes in the final version

and included instance masks for objects. Moreover, PASCAL VOC set the stan-

dard for evaluation metrics in object detection, using intersection-over-union (IoU)

thresholds to define positive detections and average precision from retrieval meth-

ods to evaluate object detection performance. The Microsoft Common Objects in

Context (COCO) [T.-Y. Lin et al. 2014] built on the PASCAL VOC dataset by

increasing the number of object classes to 80 and using images with more object

instances and more varied object scale. The COCO dataset contained bounding

box annotations and instance masks for objects and additional masks for various

“stuff” classes (e.g. sky, grass, road) which were simply grouped as background

previously. Objects365 [Shao et al. 2019] is a more recent dataset which contains

365 object classes and 2M images.

The three aforementioned datasets are the primary datasets which provide exhaus-

tive object detection annotations. In each case, the three datasets were collected in

a manner to ensure all object instances belonging to the relevant classes were an-

notated. Given this methodology, the datasets implicitly defined negative classes

as all classes not labelled in an image.

Due to issues of cost and scale, this exhaustive annotation methodology is not
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feasible for larger datasets with larger object vocabularies. Federated datasets such

as OpenImages [Krasin et al. 2017] and LVIS [A. Gupta et al. 2019] are created

by combining smaller exhaustively annotated datasets (e.g. exhaustive for a single

category on a subset of images). These datasets guarantee that all instances of

a set of classes are annotated, but not all instances of all classes. Moreover, a

subset of classes are guaranteed to be negative classes i.e. not present in an image.

This methodology sacrifices the exhaustiveness of annotations for a larger object

vocabulary and larger dataset scale and require evaluation metrics which account

for the guaranteed negative classes when determining false positives.

Finally, annotations which only provide weak supervision in terms of object de-

tection have been used to improve object detection performance [X. Zhou et al.

2022; Liangyu Chen et al. 2021]. For example, OpenImages [Krasin et al. 2017]

provides additional point-level annotations for 5.8k+ classes and image-level labels

for 20k+ classes.

1.2.5 Extensions beyond Object Detection

Image classification is arguably the simplest computer vision task—given an im-

age, predict a single class label. The other extreme of this is semantic segmenta-

tion [Long et al. 2015], in which each pixel in an image is assigned a class label.

The task of object detection is in between these two extremes and has a closely

related cousin—instance segmentation [Kaiming He et al. 2017], in which an object

mask is predicted for each object in an image instead of bounding box coordinates

(as in object detection).

Canonical works in semantic segmentation are FCN [Long et al. 2015] and U-

Net [Ronneberger et al. 2015]. FCN uses a CNN to compute a downsampled feature

map, which is then upsampled to the original image size using transposed convo-

lutions/deconvolutions to give a class label for each pixel. U-Net [Ronneberger et

al. 2015] is a fully convolutional network which uses skip connections to combine

features from downsampling and upsampling paths to improve the quality of seg-

mentation masks. This balances the need for high resolution features (for accurate

segmentation) and low resolution features (for global context and efficiency).

Mask R-CNN [Kaiming He et al. 2017] is an extension of Faster R-CNN [Ren et al.
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2016] to instance segmentation in which an additional fully convolutional head is

used to predict a class-agnostic binary mask for each RoI, alongside the bounding

box and class label. This separates the mask prediction task from the classification

task. HTC [Kai Chen et al. 2019] combines Cascade R-CNN and Mask R-CNN

by interleaving the mask and box prediction heads in a cascade fashion.

In semantic segmentation, each pixel is assigned a class label, but there is no notion

of object instances. Whereas in instance segmentation, only pixels belonging to an

object instance are assigned a class label. These two tasks are unified in panoptic

segmentation [Kirillov et al. 2019].

The recent work Mask2Former [Cheng et al. 2022] creates a unified architecture

based on the Transformer for instance segmentation, semantic segmentation and

panoptic segmentation.

1.3 Thesis Outline and Publications List

Chapters 2 to 4 each contain a research paper. Chapters 2 and 3 have been peer

reviewed and published at a conference. Chapter 4 is currently under review.

Chapter 2 addresses the problem of few-shot object detection (FSOD)—learning

to detect novel object categories with only a few annotated examples. Chapter 3

addresses the problem of open-vocabulary object detection (OVOD)—learning to

detect novel object categories with no annotated examples. Chapter 4 assesses

the prevalence of object hallucinations in text generated by large vision-language

models. We make no modifications to the published papers except for formatting

changes to make them consistent with the rest of the thesis. For each paper, we

provide a statement of authorship at the end of the relevant chapter. The research

papers included in this thesis are as follows:

Chapter 2: “Label, Verify, Correct: A Simple Few Shot Object Detec-

tion Method” Prannay Kaul, Weidi Xie, Andrew Zisserman. In Proceedings of

the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2022.

Chapter 3: “Multi-Modal Classifiers for Open-Vocabulary Object De-

tection” Prannay Kaul, Weidi Xie, Andrew Zisserman. In Proceedings of the

40th International Conference on Machine Learning, 2023.
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Chapter 4: “THRONE: A Hallucination Benchmark for the Free-form

Generations of Large Vision-Language Models” Prannay Kaul, Zhizhong

Li, Hao Yang, Yonathan Dukler, Ashwin Swaminathan, CJ Taylor, Stefano Soatto.

Under submission to Proceedings of the IEEE/CVF Conference on Computer Vi-

sion and Pattern Recognition, 2024.

Publications Not Included in this Thesis

“RSS-Net: Weakly-supervised Multi-Class Semantic Segmentation with

FMCW Radar” Prannay Kaul, Daniele Di Martini, Matthew Gadd, Paul

Newman. In 2020 IEEE Intelligent Vehicles Symposium (IV), 2020.
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Chapter 2

Label, Verify, Correct: A Simple

Few Shot Object Detection

Method

We start the techical contributions of this thesis with work on few-shot object

detection. This considers the problem of learning to detect novel object categories

with only a few annotated examples. This task is the simplest form of object

detection in the low data regime.

The paper has been published at the IEEE Conference on Computer Vision and

Pattern Recognition (CVPR), 2022.
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Label, Verify, Correct: A Simple Few Shot Object

Detection Method
Prannay Kaul1 Weidi Xie1,2 Andrew Zisserman1

1Visual Geometry Group, University of Oxford
2CMIC, Shanghai Jiao Tong University

http://www.robots.ox.ac.uk/~vgg/research/lvc/

Abstract

The objective of this paper is few-shot object detection (FSOD) – the

task of expanding an object detector for a new category given only a few

instances for training. We introduce a simple pseudo-labelling method to

source high-quality pseudo-annotations from the training set, for each new

category, vastly increasing the number of training instances and reducing

class imbalance; our method finds previously unlabelled instances.

Naïvely training with model predictions yields sub-optimal performance;

we present two novel methods to improve the precision of the pseudo-

labelling process: first, we introduce a verification technique to remove can-

didate detections with incorrect class labels; second, we train a specialised

model to correct poor quality bounding boxes. After these two novel steps,

we obtain a large set of high-quality pseudo-annotations that allow our final

detector to be trained end-to-end. Additionally, we demonstrate our method

maintains base class performance, and the utility of simple augmentations in

FSOD. While benchmarking on PASCAL VOC and MS-COCO, our method

achieves state-of-the-art or second-best performance compared to existing

approaches across all number of shots.
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Figure 2.1: Label, Verify, Correct: Object detectors naïvely trained with K-
shot annotations perform poorly on novel classes (bottom left). We propose to
expand the novel class annotation set and re-train end-to-end. 1. Given a baseline
few-shot object detector, noisy candidate detections are sourced from unlabelled
images (left). 2. Labels for each candidate detection are verified by a kNN classi-
fier, constructed from a self-supervised model using the same few-shot annotations,
removing large numbers of false positives (centre). 3. A specialised box corrector,
drastically improves the remaining bounding boxes, yielding high-quality pseudo-
annotations (right). Re-training end-to-end with our pseudo-labelling method
yields a large performance boost on novel class detection, improving precision
and recall (bottom right).

2.1 Introduction

Object detection refers to the task of determining if an image contains objects of a

particular category, and if so, then localising them. In recent years, the community

has seen tremendous successes in object detection by training computational mod-

els for a set of pre-defined object classes [Ren et al. 2016; T.-Y. Lin et al. 2017b;

Tan et al. 2020; M. Xu et al. 2021; X. Dai et al. 2021; Qiao et al. 2021; Han et al.

2021], with large numbers of human annotated labels, e.g. MS-COCO [T.-Y. Lin

et al. 2014], and PASCAL VOC [Everingham et al. 2010]. However, such training

paradigms have limited the model to only perform well on a closed, small set of

categories for which large training data is available.

In contrast, humans can continuously expand their vocabularies, learning to detect

a much larger set of categories, even with access to only a few examples [Smith and

Slone 2017]. This is also a desirable ability for modern computer vision systems

and is studied in the task of few-shot object detection (FSOD) [Kang et al. 2019;

X. Yan et al. 2019; Z. Fan et al. 2021; Jiaxi Wu et al. 2020; B. Sun et al. 2021]. The

goal of our work is FSOD: given an existing object detector that has been trained
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on abundant data for some categories, termed base categories, we wish to learn to

detect novel categories using only a few annotations, e.g. 1–30 per category, whilst

maintaining performance on the original base categories.

In this paper, we carefully examine the training procedure of the Faster R-CNN

two-stage detector, and identify two critical factors that limit its performance

on FSOD. First, training on base categories leads to a form of “supervision col-

lapse” [Doersch et al. 2020]; this model is naturally trained against detecting in-

stances from novel classes, as they were unlabelled and treated as background;

second, the FSOD problem involves learning from extremely unbalanced data –

only K instances (K ≤ 30) are available per novel class for training, so the num-

ber of training samples for base categories is far larger than that for novel ones.

A model that overfits to a small number (K) of novel instances naturally lacks

generalisation ability.

We adopt a simple pseudo-labelling technique (see Figure 2.1) and address both

the factors that limit performance: we show that the Region Proposal Network

(RPN) can be modified to successfully propose regions for the novel categories

and use a detector trained with the few-shot novel data to label these regions over

the images of the large training dataset, producing a set of candidate detections

for each novel category. The novelty of our approach is in the two steps used to

improve the precision of this candidate set: first, we build a classifier for novel

categories to verify the candidate detections using features from a network trained

with self-supervision (see Figure 2.1, centre); second, we train a specialised box

regressor that improves the quality of the bounding box of the verified candidates

(see Figure 2.1, right). The two steps together yield a large set of high preci-

sion pseudo-annotations for the novel categories, removing the class imbalance in

the training data. This enables the detector to be trained end-to-end using the

pseudo-annotations for the novel categories together with the original groundtruth

annotations for base categories, and simultaneously avoids the impact of “super-

vision collapse” for all detector features.

To summarise, our contributions are as follows: (i) we carefully examine the

problem of few-shot object detection with the modern two-stage object detec-

tor, e.g. Faster R-CNN, and identify the issue of “supervision collapse”; (ii) we

introduce a novel verification and correction procedure to pseudo-labelling, which
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significantly improves the precision of pseudo-annotations, both class labels and

bounding box coordinates; (iii) we analyse several critical components of data

augmentation and conduct thorough ablation studies to validate their necessity;

(iv) with the combination of pseudo-labelling and aggressive data augmentations,

we set state-of-the-art (SotA) or comparable performance using a standard Faster

R-CNN, for both the challenging MS-COCO benchmark and the PASCAL VOC

benchmark.

We discuss limitations of our work and potential ethical concerns in Appendix 2.E

and 2.F, respectively. Code and pre-trained models are available from the project

webpage.

2.2 Related Work

Object Detection is one of the classical problems in computer vision, which

makes it impossible to present a full overview here. We therefore only outline

some key milestones here. In general, recent object detection methods can be cast

into two sets: one-stage and two-stage detectors. One-stage detectors attempt to

directly classify and regress bounding boxes by, either densely classifying a set of

predefined anchor boxes [Redmon et al. 2016; Redmon and Farhadi 2017; Redmon

and Farhadi 2018; W. Liu et al. 2016; T.-Y. Lin et al. 2017b; Tan et al. 2020]

or densely searching for geometric entities of objects e.g. corners, centres or re-

gions [Law and Jia Deng 2018; X. Zhou et al. 2019; Tian et al. 2019]. Conversely,

most two-stage detectors propose class-agnostic bounding boxes using a Region

Proposal Network (RPN), with predefined sizes and aspect ratios, filtering out

many negative (background) locations. These bounding box proposals are pooled

to region-of-interest (RoI) features and are classified by a multilayer perceptron

(MLP) in the second stage of the detector [Girshick et al. 2014; Girshick 2015;

Ren et al. 2016; Yanghao Li et al. 2019].

Few-Shot Object Detection aims to expand the vocabulary of an object de-

tector by only annotating a handful of samples. Several works [H. Chen et al.

2018; Kang et al. 2019; Y.-X. Wang et al. 2019; X. Yan et al. 2019; Y. Xiao and

Marlet 2020; Xin Wang et al. 2020; Hanzhe Hu et al. 2021; Bohao Li et al. 2021;
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Yiting Li et al. 2021; A. Li and Zhenguo Li 2021; B. Sun et al. 2021; Z. Fan et al.

2021; Chenchen Zhu et al. 2021; Han et al. 2021; Qiao et al. 2021; A. Wu et al.

2021; Z. Yang et al. 2020; Karlinsky et al. 2019; Q. Fan et al. 2020] have been

proposed in the recent literature. The meta-learning method, FSRW [Kang et al.

2019] conditions dense query image features from a YOLOv2 network [Redmon

and Farhadi 2017] with a separate network operating on a support set. Recently, a

simple two-phase fine-tuning approach (TFA) is proposed [Xin Wang et al. 2020],

in which a Faster R-CNN model is initially trained on the base data. In the second

training phase, only the final classification layer is finetuned on a few samples of

novel classes, with the rest of the model fixed. This work initiates a shift away

from meta-learning based methods for few-shot object detection. FSCE [B. Sun

et al. 2021], alleviates class confusion between novel classes by training a separate

supervised contrastive learning [Khosla et al. 2020] head on RoI features. A recent

work, DeFRCN [Qiao et al. 2021], decouples the training of RPN features and RoI

classification. Another recent work, SRR-FSD [Chenchen Zhu et al. 2021] com-

bines vision and natural language, projecting image features into semantic class

embeddings learnt from a large text corpus.

Semi-supervised Object Detection belongs to another related research area.

Such a problem setup can be traced back to the pre-deep learning era [Rosenberg

et al. 2005], where the goal is to train detectors with a combination of labelled,

weakly-labelled and unlabelled data. In the recent literature, the idea of exploit-

ing consistency and self-training has been widely adopted, for example, [Jeong

et al. 2019] proposed to enforce the predictions of an input image and its flipped

version to be consistent; [Sohn et al. 2020; Y.-C. Liu et al. 2021] pre-trained a

detector using a small amount of labelled data and generated pseudo-labels on

unlabelled data for further fine-tuning. Generally speaking, these methods aim to

train a detector on two separate subsets; one contains images with all objects of

all classes being exhaustively annotated, and the other subset is fully unlabelled.

Therefore, the model trained on the labelled set does not suffer the same issue as

in FSOD, where a large number of novel object instances are wrongly treated as

background during base training. Hence the scarce data issue of FSOD does exist

in semi-supervised object detection, but “supervision collapse” does not.
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Self-Training is a method for gaining noisy pseudo-labels which has gained re-

newed interest since it was initially proposed [Scudder 1965]. In recent years,

self-training has been used to improve image classification by using a teacher-

student training regime [Hinton et al. 2015; Chollet 2017; Xie et al. 2020]. This

idea is extended to general object detection in [Zoph et al. 2020], however, their

considered scenario is semi-supervised object detection.

2.3 Background and Supervision Collapse

In this section, we first outline the few-shot object detection task in Section 2.3.1.

Next, in Section 2.3.2, we carefully examine the various components of the popular

two-stage detector (Faster R-CNN), identify the critical issues that limit its use in

the few-shot scenario and draw conclusions to ameliorate such critical issues.

2.3.1 Problem Definition

In this paper, we consider the same problem setup as in TFA [Kang et al. 2019].

Specifically, assuming we are given an image dataset, D, and two annotation sets.

First, Ybase, with exhaustive annotations on a set of base categories, Cbase. Sec-

ond, YKnovel, with only K annotations on a set of novel categories, Cnovel. Note,

the annotations on base categories are exhaustive, but for novel categories most

instances are unlabelled as only K annotations are provided for the image dataset,

D, under the few-shot setting.

2.3.2 Training Strategy

In this section, we start by describing a baseline two-stage detector for the problem

of few-shot object detection, following that of TFA [Xin Wang et al. 2020]. In

general, a Faster R-CNN detector, Φdet(·), can be formulated as:

Φdet(·) = Φcls ◦ Φroi ◦ Φrpn ◦ Φenc(·)

where, each input image is sequentially processed by a set of operations: an image

encoder, (Φenc); a Region Proposal Network, (Φrpn); a region of interest feature

module, (Φroi); and a classification layer on the RoI features, (Φcls), mapping to a
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set of bounding boxes and classes. Note that, each module here contains the same

number of convolutional or MLP layers as the standard Faster R-CNN [Ren et al.

2016].

Training few-shot object detectors involves a two-phase training procedure, as de-

tailed below:

Base Training: refers to the standard training for a Faster R-CNN model [Ren

et al. 2016; Y. Wu et al. 2019] using base class annotations only, Ybase. In this

work, we do not modify this training regime.

Novel Training: requires extending the base detector, such that it can addition-

ally detect instances from novel categories, i.e. Cbase ∪ Cnovel. In recent works,

this is usually done by only training (relatively few) layers on novel and base class

data, YKbase∪Ynovel; the detector is not trained end-to-end on novel class data. For

example, in TFA [Xin Wang et al. 2020], the fewest possible number of parameters

are trained on novel class data, namely, Φcls only.

Such a two-phase training strategy naturally leads to two questions: (i) Does an

RPN trained on base categories actually generalise, i.e. are regions proposed for

instances of the novel categories? (ii) How well do features trained only on base

categories actually generalise, in other words, will the RoI features be discrimina-

tive for classifying novel categories? We aim to answer these two questions on the

MS-COCO 30-shot object detection benchmark (these benchmarks are detailed in

Section 2.5.1). Specifically, we follow the same data split as in TFA [Xin Wang

et al. 2020], with 60 categories being treated as base categories, and 20 as novel

categories.

On Generalisability of RPNs

In standard two-stage object detectors, an RPN is considered as a necessary con-

dition for high-performance detections, as classification and box coordinate regres-

sion will only act on the proposed regions. Here, we aim to evaluate the quality of

an RPN for FSOD, based on recall with respect to the novel categories.

Specifically, we consider the following three settings: first, to understand whether
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Novel Training? # Proposals nARIoU=0.5 min(R50IoU=0.5)

7 100 49.7 16.2
X 100 71.0 40.0

Ideal RPN [Ren et al. 2016] 100 84.0 64.5

7 1000 82.1 55.9
X 1000 88.5 77.0

Ideal RPN [Ren et al. 2016] 1000 95.0 79.2

Table 2.1: RPN recall evaluation on 20 novel categories from the MS-COCO few-
shot object detection benchmark, using an IoU=0.5 criterion. nAR50 – novel class
average recall, min(nR50) – minimum novel class recall. Please refer to the text
for detailed discussion.

an RPN trained on 60 base categories can directly propose novel object instances,

we evaluate the recall of the RPN from the base detector; second, we finetune the

RPN (composed of 2 convolutional layers) on both base and given novel categories,

i.e. Ybase ∪ Y30
novel; third, the Ideal RPN which is inherited from an off-the-shelf

Faster R-CNN trained on exhaustive data for all categories.

Discussion: Table 2.1 presents the large performance gap between an RPN from

the base detector, and the Ideal RPN with respect to recalling instances from

novel categories. However, finetuning the RPN specific parameters, Φrpn, on a

handful of instances (K = 30), yields a substantial increase in average recall (49.7

vs. 71.0, 82.1 vs. 88.5, for 100 and 1000 proposals respectively), largely bridging

the performance gap to the Ideal RPN. The minimum class recall also increases

substantially (16.2 vs. 40.0, 55.9 vs. 77.0, for 100 and 1000 proposals respectively).

On Transferability of Base Features

In this section, we aim to measure the transferability of the visual features trained

on base categories. Specifically, we keep the encoder (Φenc) fixed, and finetune,

individual or combinations of, subsequent modules (Φcls,Φroi,Φrpn) during Novel

Training.

Discussion: As shown in Table 2.2, we compare TFA [Xin Wang et al. 2020]

(Setting A1) with finetuning more layers (A3), which tends to be beneficial (13.0

vs. 14.3 nAP), however, it remains substantially lower than the Ideal Faster R-
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Novel Training Metrics
Setting Φcls Φroi Φrpn nAP nAP50 nAP75

A1 X 7 7 13.0 24.7 12.3
A2 X X 7 13.3 25.6 12.6
A3 X X X 14.3 27.5 12.9

A4 (ALL) X 7 7 18.3 33.3 17.7

Ideal Faster R-CNN [Ren et al. 2016] 43.5 67.4 46.6

Table 2.2: Evaluation on the transferability of base features to 20 novel categories
from the MS-COCO few-shot object detection benchmark. During Novel Train-
ing, we jointly finetune the different modules with the base and novel category
data (only the given few-shot annotations, YKnovel). As an Oracle test, we also
consider to finetune the classifier with all MS-COCO annotations, e.g. A4 (ALL).
nAP – novel class average precision. Please refer to the text for discussion.

CNN (14.3 vs. 43.5 nAP). To remove the factor caused by insufficient data annota-

tion, we compare TFA (A1) with an Oracle test (A4-ALL) that finetunes the final

classifier with exhaustive data on all categories. However, the result still largely

underperforms the Ideal Faster R-CNN reference (18.3 vs. 43.5nAP), indicating

that the feature encoder is heavily biased towards base classes, and hardly con-

tains discriminative information for classifying instances from novel classes. This

may be expected, as these categories were treated as background during Base

Training.

These experiments demonstrate the “supervision collapse” issue present in FSOD

detectors. We note that “supervision collapse” manifests in two ways: first, many

false positives occur due to class confusion and poor bounding box regression (poor

detection precision), second, there are many false negatives or missing detections,

despite an improved RPN (poor detection recall). We further analyse these man-

ifestations in Appendix 2.A.

Summary

After careful evaluations, we draw the following two conclusions: first, updating

all parameters specific to the RPN (Φrpn) is essential to improve recall on novel

categories; second, features trained on base category data are not discriminative

enough to classify novel instances, leading to severe performance degradation, and

so we update all parameters in the RoI feature module (Φroi), in addition to
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the classification layer (Φcls). These two choices constitute our Novel Training

process, yielding a stronger baseline detector. This allows enough alleviation of

“supervision collapse”, such that our baseline detector can be used as a starting

point in our pseudo-labelling method, as will be detailed in the next section.

2.4 Method

To address the “supervision collapse” issue, we adopt a simple pseudo-labelling

method for mining instances of novel categories, effectively expanding their an-

notation set. However, pseudo-annotations that are naïvely sourced from the de-

tector (after Novel Training), are unreliable, containing a large number of false

positives. Here, we establish a method for improving the precision of these candi-

date pseudo-annotations by automatically filtering out candidates with incorrect

class labels, and refining the bounding box coordinates for those remaining. Our

method yields a large set of high precision pseudo-annotations for novel categories,

allowing the final detector to be trained end-to-end on both base and novel cate-

gory data. We detail the proposed method in the following sections.

2.4.1 Candidate Sourcing

The goal here is to generate a set of candidate detections that are potentially valid

pseudo-annotations for novel categories. Specifically, the detector from Novel

Training (as described in Section 2.3.2), is used to perform inference on the

training images (D) to generate a set of candidate detections, each containing a

class label and predicted bounding box coordinates (see Figure 2.1, left). We limit

the size of this set to be 1000s by taking novel class detections with high confidence

scores, here we use q > 0.8, producing Ŷnovel.

As demonstrated in earlier evaluations, the detector from Novel Training cannot

detect instances from novel categories well, leaving a large number of incorrect

predictions in the set of candidates, either misclassification, or imprecise bounding

box coordinates. The key question now becomes, how can we improve the precision

of this list?
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2.4.2 Label Verification

In this section we take inspiration from the work on query expansion by Chum et

al. [Chum et al. 2007], which uses spatial verification to accept or reject new

instances during retrieval. The goal here is to verify the predicted class label for

each candidate detection. Specifically, we consider to build a classifier for the novel

categories with the very limited few-shot annotations (Ynovel).

Building classifiers with only a few annotations is clearly not a trivial task, as

it often demands high-quality feature representations. Here, we benefit from the

recent development of self-supervised models, e.g. MoCo [Kaiming He et al. 2020],

SwAV [Caron et al. 2020], DINO [Caron et al. 2021], and construct kNN classifiers

with the high-quality features produced from those models. In practice, this work

uses the output CLS token from a ViT model [Dosovitskiy et al. 2021] trained with

the self-supervised DINO [Caron et al. 2021] method, where the NN performance

is shown to be particularly strong.

To perform Label Verification (see Figure 2.1, centre), we first compute features

for each of the given novel class groundtruth annotations, using the self-supervised

model. These features are used as the training data in our kNN classifier. Sim-

ilarly, we compute features for each instance in the set of candidate detections

using the same self-supervised model. In detail, to compute the feature of a given

annotation/candidate detection, we first use the bounding box to crop the relevant

image. This crop is then resized and passed as input to the self-supervised model.

We adopt a simple verification policy: a given candidate detection is accepted

(or verified) if our kNN classifier, using cosine similarity, predicts the same class

as the predicted class label from the detector. With such a verification step, we

obtain a verified set of candidate detections with high precision with respect to

classification labels.

2.4.3 Box Correction

In addition to verifying classification labels, we consider refining the bounding

boxes for all remaining candidate detections in the verified set (see Figure 2.1,

right). Taking inspiration from the Cascade R-CNN [Z. Cai and Vasconcelos 2018],

we build a separate model, containing three class-agnostic regressors that gradually
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produce a higher-quality bounding box, with each only processing boxes of similar

IOUs to the groundtruth.

Specifically, duringNovel Training, we divide the RPN proposals into three splits

using different IoU thresholds, and pass the RoI features through the corresponding

regressors. For example, all features pooled from IoU> 0.3 boxes are passed to

the first regressor, features pooled from IoU> 0.5 boxes are passed to the second

regressor and features pooled from IoU> 0.7 boxes are passed to the third regressor.

Once this is trained, the bounding boxes for the verified set can be corrected, by

feeding their RoI features through the three regressors in succession.

We now possess a large set of previously unlabelled novel instances, with high

precision class labels and high-quality bounding boxes. This verified and corrected

set is then used as pseudo-annotations to re-train our detector end-to-end on novel

and base class instances.

2.5 Experiments

In this section, we first introduce the standard experimental benchmarks used in

the literature [Kang et al. 2019; B. Sun et al. 2021]. After this, in Section 2.5.2

we describe our implementation, training details, and conduct extensive ablation

studies on the design choices of this work in Section 2.5.3. Lastly, inheriting the

best experience from the ablation studies, we compare to the existing state-of-the-

art approaches in Section 2.5.4.

2.5.1 Few-Shot Object Detection Benchmarks

We follow the same benchmarks as in [Kang et al. 2019], evaluating our model

on the MS-COCO [T.-Y. Lin et al. 2014] and PASCAL VOC [Everingham et al.

2010] datasets. To maintain a fair comparison, we use the same fixed lists of novel

samples and data splits given in [Kang et al. 2019].

MS-COCO has 80 categories in total. In FSOD, the 20 categories present

in PASCAL VOC are used as novel classes and the remaining categories are

used as base classes. In this case, the benchmarks are designed for testing with

K = 10, 30 shots, and we report standard MS-COCO metrics, namely Average
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Precision (IoU=0.5 : 0.95), Average Precision (IoU=0.5) and Average Precision

(IoU=0.75) on novel classes, abbreviated to nAP, nAP50 and nAP75, respectively.

Our ablation studies are all conducted on the MS-COCO benchmark.

PASCAL VOC contains 20 classes, in FSOD, the data is randomly split into 15

base classes and 5 novel classes. There are three such splits and for each novel class

there are K = 1, 2, 3, 5, 10 shots available. For this dataset we report the standard

PASCAL VOC metric Average Precision (IoU=0.5) for novel classes (nAP50).

2.5.2 Implementation Details

Experiments are conducted with a standard Faster R-CNN [Ren et al. 2016], with

a FPN [T.-Y. Lin et al. 2017a]. All experiments are run on 4 GPUs with batch-size

16. We use a SGD optimiser with momentum 0.9 and weight decay 10−4, except for

models with Transformer based backbones, in which we use the AdamW optimiser

with standard hyperparameters and weight decay 0.05, following [Ze Liu et al.

2021]. The number of finetuning iterations is scaled depending on the dataset and

the number of available shots.

We apply RandomCrop and ColorJitter augmentations when finetuning our FSOD

detector on novel class data, unless stated otherwise. For experiments on MS-

COCO, we include the Mosaic augmentation introduced in YOLOv4 [Bochkovskiy

et al. 2020]. This augmentation helps improve detection performance on “small”

objects by stitching 4 images into a 2 × 2 grid. Mosaic is not used on PASCAL

VOC experiments as the dataset does not contain the same scale variation as

MS-COCO.

The number of neighbours k used in Label Verification (Section 2.4.2) is de-

termined by the number of novel instances, k=min
(⌊

K
3

⌋
+ 1, 10

)
. Hence for

K = 1, 2, 3, 5, 10, 30, k = 1, 1, 2, 2, 4, 10. We choose a self-supervised DINO ViT-

S/8 [Dosovitskiy et al. 2021; Caron et al. 2021] to construct the kNN classifier for

verification, using the output CLS token as the chosen feature. For Box Correction

(Section 2.4.3), we train a series of three box regression heads, where positive boxes

are defined as those with IoU > (0.3, 0.5, 0.7), respectively. This choice enables

the correction of relatively poor initial bounding boxes.
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After Candidate Sourcing, Label Verification and Box Correction, we significantly

increase the number of available samples for novel categories, however it is in-

evitable that many novel instances will remain absent in our pseudo-annotations,

and would still be treated as background. To avoid this issue, we introduce “ignore

regions”, during end-to-end re-training, which are considered as neither foreground

nor background, in practice, we treat all unverified novel class detections as ignore

regions. We analyse these “ignore regions” in Appendix 2.B.

Setting Augmentations Finetune
Φrpn, Φroi?

Φroi
Dropout? nAP nAPsColor

Jitter
Random
Crop Mosaic

B1 13.0 5.5
B2 X 13.2 5.6
B3 X 13.2 5.6
B4 X 12.8 6.1
B5 X X X 13.8 6.8

C1 X X X 14.5 4.3
C2 X X X X 16.2 6.2
C3 X X X X X 16.6 7.0

Table 2.3: Few-shot object detection performance on novel classes on the MS-COCO 30-
shot task. Note that, the baseline model B1 is equivalent to a strong baseline proposed
in TFA [Xin Wang et al. 2020]. nAP – novel class average precision (nAPs is for small
instances only)

2.5.3 Ablation Studies

We conduct ablation studies to investigate our design choices. The following exper-

iments are considered: first, we demonstrate the importance of data augmentation

to yield a stronger baseline model before any of the pseudo-labelling steps; sec-

ond, we analyse several critical components of our method and conduct thorough

Method nAP nAP50 nAP75 bAP bAP50 bAP75
Baseline 16.6 30.9 15.8 29.5 46.7 32.4
+ Candidate Sourcing 18.4 34.0 18.2 31.7 53.2 35.6
+ Label Verification 21.8 40.3 21.1 31.6 53.4 35.2
+ Box Correction 25.5 42.0 27.3 33.3 53.6 36.1
Ideal Faster R-CNN [Ren et al. 2016] 43.5 67.4 46.6 36.1 56.0 39.2

Table 2.4: Ablation study on our pseudo-labelling method.
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Method Backbone nAP nAP50 nAP75 bAP
10 30 10 30 10 30 10 30

CGDP+FSCN [Yiting Li et al. 2021] 11.3 15.1 20.3 29.4 - - - -
Ours (Baseline) ResNet-50 11.4 16.6 21.2 30.9 11.1 15.8 28.4 29.5
Ours (Pseudo-Labelling) 17.6 25.5 30.9 42.0 17.3 27.3 29.7 33.3

TFA w/ cos [Xin Wang et al. 2020] 10.0 13.7 19.1 24.9 9.3 13.4 32.4 34.2
FCSE [B. Sun et al. 2021] 11.9 16.4 - - 10.5 16.2 - -
Retentive R-CNN [Z. Fan et al. 2021] 10.5 13.8 - - - - 39.2 39.3
SRR-FSD [Chenchen Zhu et al. 2021] 11.3 14.7 23.0 29.2 9.8 13.5 - -
CME [Bohao Li et al. 2021] 15.1 16.9 24.6 28.0 16.4 17.8 - -
DCNet [Hanzhe Hu et al. 2021] 12.8 18.6 23.4 32.6 11.2 17.5 - -
TIP [A. Li and Zhenguo Li 2021] 16.3 18.3 33.2 35.9 14.1 16.9 - -
QA-FewDet [Han et al. 2021] 11.6 16.5 23.9 31.9 9.8 15.5 - -
FSOD-UP [A. Wu et al. 2021] 11.0 15.6 - - 10.7 15.7 - -
DeFRCN [Qiao et al. 2021] 18.5 22.6 - - - - N/A N/A
Ours (Baseline) 12.1 17.8 22.0 31.6 11.8 17.7 31.9 31.8
Ours (Pseudo-Labelling)

ResNet-101

17.8 24.5 30.9 41.1 17.8 25.0 31.9 33.0

Ours (Baseline) 12.6 19.0 23.3 35.3 12.1 18.3 27.2 31.5
Ours (Pseudo-Labelling) Swin-T 18.6 26.1 32.1 45.0 18.5 26.8 29.2 31.1

Ours (Baseline) 14.4 20.3 25.8 37.2 14.4 20.2 33.0 36.2
Ours (Pseudo-Labelling) Swin-S 19.0 26.8 34.1 45.8 19.0 27.5 28.7 34.8

Table 2.5: Few-shot detection performance on the MS-COCO benchmark. We report
performance on the 20 novel classes of MS-COCO in the FSOD setting. Best and
second-best results, per backbone, are coloured blue and red, respectively. We also
report performance on base classes.

ablation studies to validate their necessity, namely, Candidate Sourcing, Label Ver-

ification, Box Correction; third, we show that our proposed approach maintains

performance for base class detections. Note that, all ablation experiments are con-

ducted on the MS-COCO benchmark with K = 30 and a ResNet-50 backbone.

Importance of Augmentations: Given we only have access to a limited number

of samples for novel categories at the starting point, maximising data efficiency

before any pseudo-labelling is critical. Table 2.3 presents our observations. When

comparing to TFA [Xin Wang et al. 2020] as a baseline model (equivalent to

Setting B1), applying ColorJitter, RandomCrop and Mosaic augmentations (Set-

tings B2-B4) yields negligible performance improvements. Since almost all layers

in TFA have been frozen during Novel Training, augmentations can only affect

the classification layer of Faster R-CNN, Φcls. The combination of these three

augmentations (Setting B5), only gives a marginal improvement of 0.8nAP.

As explained in Section 2.3.2, we improve the Novel Training stage by also up-

dating all RoI parameters and the RPN, i.e. ΦRPN,ΦROI. With this simple change,

all augmentations (Setting C2) substantially improve results, yielding a 3.2nAP
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boost over the TFA baseline model (Setting B1). In addition, we observe a no-

ticeable improvement in performance on small novel instances (6.2 vs. 4.3nAPs)

from Mosaic augmentations, e.g. B5 vs. B1-B3, and C2 vs. C1. To further combat

the overfitting issue, we add Dropout on RoI activations (Setting C3), yielding a

small additional improvement of 0.4nAP.

Ablation of Pseudo-Labelling Steps: Table 2.4 shows the importance of our

overall pseudo-labelling method and the contribution of each step. Using the Can-

didate Sourcing step only is equivalent to treating the naïve detections as pseudo-

annotations, as done in other self-training works [Y.-C. Liu et al. 2021; Sohn et

al. 2020]; this gives a marginal performance improvement of 1.8nAP. Removing

the pseudo-annotations with incorrect class labels by Label Verification, yields an

additional 3.4nAP performance boost. Lastly, Box Correction brings a 3.7nAP

performance boost, in particular, such improvement is largely attributed to that

from the stricter metric, i.e. nAP75, clearly showing the reduction of bounding

box regression errors. Note that, the number and distribution of class labels for

pseudo-annotations are identical before and after Box Correction; only the box

coordinates of each pseudo-annotation have been changed.

Effect on Base Class Performance: While reading the performance on base

classes from Table 2.4, we observe that, for the Baseline model, the improved

performance on novel classes comes at the cost of performance on base classes, e.g.,

bAP drops from 36.1 to 29.5. Our proposed pseudo-labelling method improves the

detection of novel classes, while recovering performance on base classes.

2.5.4 Comparison to SotA

Existing methods include the meta-learning approaches: CGDP+FSCN [Yiting

Li et al. 2021], CME [Bohao Li et al. 2021], TIP [A. Li and Zhenguo Li 2021],

DCNet [Hanzhe Hu et al. 2021], and two-phase training works: TFA [Xin Wang

et al. 2020], FCSE [B. Sun et al. 2021], Retentive R-CNN [Z. Fan et al. 2021],

SRR-FSD [Chenchen Zhu et al. 2021], DeFRCN [Qiao et al. 2021], FSOD-UP [A.

Wu et al. 2021], QA-FewDet [Han et al. 2021]. In particular, we note that very

few works report results on the base class detection performance, and methods
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like DeFRCN [Qiao et al. 2021], can actually only detect novel classes and does not

maintain the ability to detect base classes as with ours.

We report two sets of results for each task, Baseline which makes use of augmen-

tations and the improved training outlined in Section 2.3 and Pseudo-Labelling

which follows the method as outlined in Section 2.4.

MS-COCO Results are shown in Table 2.5. Using a ResNet-50 backbone, our

Baseline method, which makes extensive use of augmentations and improved

Novel Training, outperforms many existing works for K = 30, reflecting the

importance of our findings in Section 2.3.2. When applying our Pseudo-Labelling

method, we set new SotA performance for K=30, with a performance boost of up

to 2.9, 6.1 and 10.4 for nAP, nAP50 and nAP75 metrics, respectively. WhenK=10,

with a ResNet-101 backbone, our Pseudo-Labelling method achieves state-of-

the-art or second-best performance in terms of nAP, nAP50, nAP75. In terms

of nAP, only DeFRCN outperforms our work. However, note that, DeFRCN is not

able to detect base classes after training on novel categories, which strives for a

different purpose than ours, we aim to expand our detector, rather than to transfer

the detector.

In addition, while using a more powerful Transformer backbone models (Swin-T,

Swin-S [Ze Liu et al. 2021]), our proposed pseudo-labelling provides additional

performance boosts.

PASCAL VOC Results are shown for the three standard novel splits in Ta-

ble 2.6. Incorporating our proposed Pseudo-Labelling method is among the top

2 best performing models in all cases (except Novel Split 2 for K=2), and sets

SotA performance for the majority of cases.

Notably, for Novel Split 3, our Pseudo-Labelling method achieves SotA for all

K, with a boost of up to 4.7 nAP50, when using a ResNet-101 backbone. In

many cases our weaker detection backbone (ResNet-50) already achieves SotA

performance. Note that, once again the transferred detector DeFRCN outperforms

ours in some cases.
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2.5.5 Qualitative Results

In Figure 2.2, we present the qualitative results after each step of our pseudo-

labelling procedure. The top row of Figure 2.2 shows examples of Label Verifi-

cation (Section 2.4.2). The first three examples demonstrate the case in which

the predicted class label from our detector matches kNN classification, and so the

candidate detection is verified. The last three examples show the opposite case in

which candidate detections are correctly rejected. The bottom row of Figure 2.2

shows examples of Box Correction (Section 2.4.3). The first three examples show

very poor bounding boxes from verified candidates (dashed blue boxes), which

are drastically improved during the Box Correction step. The last three examples

show acceptable bounding boxes from verified candidates (dashed blue boxes), also

being improved with Box Correction. This demonstrates the ability of our Box

Correction model to deal with a wide range of bounding box quality with respect

to input candidate detections.

In Figure 2.3, we show precision-recall curves for some novel classes on the MS-

COCO benchmark for K=30 using the stricter IoU=0.75 criterion. Our Pseudo-

Labelling method substantially improves novel class performance, with improved

precision and novel class recall. We note that for many novel classes, baseline

models suffer from poor recall due to limited novel class annotations. This poor

recall is improved by our pseudo-labelling method, however the poor recall of the

baseline detector puts a limit on the diversity of pseudo-annotations for end-to-end

retraining.

Method/Shot Backbone Novel Split 1 Novel Split 2 Novel Split 3
1 2 3 5 10 1 2 3 5 10 1 2 3 5 10

CGDP+FSCN [Yiting Li et al. 2021] CVPR 21 40.7 45.1 46.5 57.4 62.4 27.3 31.4 40.8 42.7 46.3 31.2 36.4 43.7 50.1 55.6
Ours (Baseline) 37.7 42.0 50.3 57.0 58.0 19.8 22.8 35.6 42.7 44.2 33.9 36.0 38.6 49.8 51.6
Ours (Pseudo-Labelling)

ResNet-50
50.5 53.1 56.4 61.7 62.7 36.4 33.8 46.1 49.3 48.2 42.4 44.3 49.1 55.2 57.6

TFA w/ cos [Xin Wang et al. 2020] ICML 20 39.8 36.1 44.7 55.7 56.0 23.5 26.9 34.1 35.1 39.1 30.8 34.8 42.8 49.5 49.8
FSCE [B. Sun et al. 2021] CVPR 21 44.2 43.8 51.4 61.9 63.4 27.3 29.5 43.5 44.2 50.2 37.2 41.9 47.5 54.6 58.5
Retentive R-CNN [Z. Fan et al. 2021] CVPR 21 42.4 45.8 45.9 53.7 56.1 21.7 27.8 35.2 37.0 40.3 30.2 37.6 43.0 49.7 50.1
SRR-FSD [Chenchen Zhu et al. 2021] CVPR 21 47.8 50.5 51.3 55.2 56.8 32.5 35.3 39.1 40.8 43.8 40.1 41.5 44.3 46.9 46.4
CME [Bohao Li et al. 2021] CVPR 21 41.5 47.5 50.4 58.2 60.9 27.2 30.2 41.4 42.5 46.8 34.3 39.6 45.1 48.3 51.5
DCNet [Hanzhe Hu et al. 2021] CVPR 21 33.9 37.4 43.7 51.1 59.6 23.2 24.8 30.6 36.7 46.6 32.3 34.9 39.7 42.6 50.7
TIP [A. Li and Zhenguo Li 2021] CVPR 21 27.7 36.5 43.3 50.2 59.6 22.7 30.1 33.8 40.9 46.9 21.7 30.6 38.1 44.5 50.9
QA-FewDet [Han et al. 2021] ICCV 21 42.4 51.9 55.7 62.6 63.4 25.9 37.8 46.6 48.9 51.1 35.2 42.9 47.8 54.8 53.5
FSOD-UP [A. Wu et al. 2021] ICCV 21 43.8 47.8 50.3 55.4 61.7 31.2 30.5 41.2 42.2 48.3 35.5 39.7 43.9 50.6 53.5
DeFRCN [Qiao et al. 2021] ICCV 21 53.6 57.5 61.5 64.1 60.8 30.1 38.1 47.0 53.3 47.9 48.4 50.9 52.3 54.9 57.4
Ours (Baseline) 36.0 40.1 48.6 57.0 59.9 22.3 22.8 39.2 44.2 47.8 34.3 43.4 42.9 52.0 54.5
Ours (Pseudo-Labelling)

ResNet-101

54.5 53.2 58.8 63.2 65.7 32.8 29.2 50.7 49.8 50.6 48.4 52.7 55.0 59.6 59.6

Table 2.6: Few-shot detection performance across the three splits on the PAS-
CAL VOC benchmark. Best and second-best results are coloured blue and red,
respectively. Please refer to the text for discussion.
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Input  IoU : 0.27
Output IoU : 0.97

Input  IoU : 0.33
Output IoU : 0.97

Input  IoU : 0.33
Output IoU : 0.94

Pred: Dog
kNN : Cow

Pred: Bus
kNN : Train
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Figure 2.2: Top Left: Predicted instances which are verified during Label Verifica-
tion; the predicted class labels from our baseline detector and our kNN classifier
match. Top Right: Predicted instances which are rejected during Label Verifi-
cation; the predicted class labels from our baseline detector (false positive) and
the kNN do not match. Bottom Left: Verified bounding boxes with very poor
quality (blue dashed) are drastically improved (lime solid) during Box Correction.
Bottom Right: Verified bounding boxes which are acceptable (blue dashed) are
further improved (lime solid).
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Figure 2.3: Precision-Recall curves (using the stricter IoU=0.75 criterion) for
K=30 on MS-COCO showing Baseline performance (solid blue) and the substan-
tial performance boost after making use of our Pseudo-Labelling method (dashed
red). Our Pseudo-Labelling method yields improved precision and improved recall
for novel classes.

2.6 Conclusion

In this paper, we tackle the problem of few-shot object detection by training on

pseudo-annotations. We present two novel methods to improve the precision of

the pseudo-labelling procedure: first, we use the given K few-shot annotations to

construct classifiers to verify class labels sourced from a baseline detector; second,

we train a specialised box correction model to drastically improve the precision

of pseudo-annotation bounding box coordinates. Our method generates a large

number of high-precision pseudo-annotations with precise bounding boxes, remov-

ing the class imbalance issue in FSOD. This enables re-training of our detector

end-to-end, alleviating the identified issues around “supervision collapse” in few-

shot object detectors. Furthermore, we have illustrated the importance of aug-

mentations for FSOD, this was previously under-explored, despite augmentations

being a key part of preventing overfitting. Our method achieves state-of-the-art
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or second-best performance performance on both PASCAL VOC and MS-COCO

benchmarks, across all number of shots.
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2.A Supervision Collapse

In Section 3 of the main paper, we experimentally demonstrate a form of “supervi-

sion collapse” in few-shot object detection; detector features trained only on base

class data are naturally biased against novel instance detection. In this section we

demonstrate two aspects of supervision collapse.

2.A.1 On Generalisability of RPNs

Figure 2.4 qualitatively illustrates the manifestation of “supervision collapse” in

the Region Proposal Network (RPN) of a Faster R-CNN detector. We note that

an RPN trained only with base class data struggles to propose boxes for the novel

instances, due to these novel instances having been treated as background during

Base Training.

We find that training RPN specific parameters (2 convolutional layers) on limited

novel class data is adequate to drastically improve the proposal of object regions

containing novel instances. This improvement is shown qualitatively in Figure 2.4

and quantitatively in Table 1 of the main paper.

2.A.2 On Transferability of Base Features

Figure 2.5 qualitatively demonstrates the other manifestation of “supervision col-

lapse”; after training the second stage of Faster R-CNN as in [Xin Wang et al.

2020] i.e. only training the final classification layer on novel class data, features in

the second stage of the detector (which take RPN proposals as input), incorrectly

classify Regions-of-Interest (RoIs) containing novel instances as “background”, i.e.

the detector features in the second stage do not contain discriminative informa-

tion to classify most novel instances, even in the cases where the object regions

proposed by the RPN are very good.

We find that training parameters specific to the second stage of the detector, (Φcls,

Φroi), can moderately alleviate this form of “supervision collapse” such that the

resultant detector can be used for Candidate Sourcing in our Pseudo-Labelling

method. Figure 2.5 shows examples in which RoIs are correctly classified after our

Novel Training.
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Figure 2.4: Supervision collapse for the RPN. Top 100 RPN proposals before
and after Novel Training. In each pair of rows, the upper row shows the top 100
object proposals (blue) of an RPN trained only on base class data and the lower
row shows the top 100 object proposals (blue) after RPN specific parameters (Φrpn)
have been trained on limited novel class data. Groundtruth novel instances are
shown in dashed lime. We find an RPN trained only on base class data cannot
propose many simple novel instances and that training RPN specific parameters on
limited novel class data leads to an RPN which is substantially better at proposing
object regions containing novel instances.
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Figure 2.5: Supervision collapse for RoI classification. Comparing RoI classi-
fication between TFA [Xin Wang et al. 2020], where only Φcls is trained on limited
novel class data, with our Novel Training, which additionally trains Φroi on lim-
ited novel class data, for cases where the object proposal is very good. In each
pair of rows, the upper row shows the best object region (dashed blue) proposed
by the RPN in TFA and the lack of foreground detection (false negative) from
the second stage, and the lower row shows the best object region (dashed blue)
proposed by the RPN after our Novel Training and the correct foreground de-
tection (solid lime). We find that TFA incorrectly classifies positive (with respect
to novel classes) object regions (dashed blue) as background, whereas our Novel
Training allows positive object regions (dashed blue) to be correctly classified as
a novel instance (solid lime).
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2.B Ignore Regions

As mentioned in Section 5.2 of the main paper, we introduce the “ignore regions”

during end-to-end training after making use of our Pseudo-Labelling method. Fig-

ure 2.6 shows the impact of ignore regions. During end-to-end training, we ensure

no RoIs which have IoU> 0.5 with an ignore region are sampled for training the

second-stage of the detector; RoIs which have IoU> 0.5 with an ignore region are

neither pushed into foreground (positive) or background (negative) in the second-

stage of the detector. Only with respect to the RPN during end-to-end training,

“ignore regions” are treated as foreground i.e. the RPN after end-to-end training

has learnt to propose regions-of-interest covering ignore regions. Using ignore re-

gions prevents the undiscovered novel instances from being treated as background

during end-to-end training (as occurs during Base Training) – there are undis-

covered novel instances because we use a score threshold of 0.8 during Candidate

Sourcing to yield high-precision pseudo-annotations. We use all detections from

our baseline detector, with novel class labels, which are unverified after Label

Verification as ignore regions – this includes detections with score less than 0.8.

An ablation study on the utility of ignore regions is presented in Table 2.7, using

the MS-COCO 30-shot object detection benchmark. Using ignore regions improves

performance by 4.4, 3.5 and 4.7 on novel categories, i.e. nAP, nAP50 and nAP75,

respectively, when compared to not using ignore regions.

Method Ignore Regions? Metrics
nAP nAP50 nAP75

Ours (Pseudo-Labelling) 7 21.1 38.5 22.6
Ours (Pseudo-Labelling) X 25.5 42.0 27.3

Table 2.7: Ablation study on the utility of ignore regions.
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Figure 2.6: Comparing images in the training set with and without ignore regions.
In each pair of rows, the upper row shows images with pseudo-annotations found by
our Pseudo-Labelling method (solid lime), with many novel instances not covered,
the lower row shows the same images additionally showing the ignore regions (solid
blue). Using ignore regions covers many novel instances which are not found by
our Pseudo-Labelling method, preventing these novel instances being treated as
background during end-to-end training.
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2.C More Qualitative Results

In this section we present more qualitative results from our Pseudo-Labelling

method on the MS-COCO benchmark with K=30.

2.C.1 Label Verification

In Figure 2.7, we present additional qualitative results after the Label Verification

step of our Pseudo-Labelling method. The first four rows in Figure 2.7 show ex-

amples of Label Verification (Section 4.2 of the main paper) in which the predicted

class label from our baseline detector (after Novel Training) matches the class

label from our kNN classifier. These candidate detections are verified and used as

inputs during Box Correction after which they are included as pseudo-annotations

for end-to-end training. The final two rows in Figure 2.8 show examples of Label

Verification in which the predicted class label from our baseline detector does not

match the class label from our kNN classifier. These candidate detections are not

verified and rejected from our Pseudo-Labelling method.

2.C.2 Box Correction

In Figure 2.8, we present additional qualitative results after the Box Correction

step of our Pseudo-Labelling method. The first five rows in Figure 2.8 show ex-

amples of Box Correction (Section 4.3 of the main paper) in which the bounding

box coordinates of verified candidate detections are poor (dashed blue) i.e. they

have low intersection-over-union (IoU) with the groundtruth instance. During

Box Correction these poor bounding boxes are drastically improved to near per-

fect bounding boxes (solid lime). The bottom row in Figure 2.7 show examples of

Box Correction in which the bounding box coordinates of the verified candidate

detections (dashed blue) have acceptable IoU with groundtruth instances. Dur-

ing Box Correction these acceptable bounding boxes are further improved to near

perfect bounding boxes (solid lime).
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Figure 2.7: More examples of Label Verification. Top Four Rows: Candidate
detections which are verified during Label Verification; the predicted class labels
from our baseline detector and our kNN classifier match. Bottom Two Rows:
Candidate detections which are not verified (or rejected) during Label Verification;
the predicted class labels from our baseline detector (false positive) and our kNN
classifier do not match.
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Figure 2.8: More examples of Box Correction. First Five Rows: Verified bounding
boxes with poor quality/IoU with groundtruth (dashed blue) are drastically im-
proved (solid lime) during Box Correction. Bottom Row: Verified bounding boxes
with acceptable quality/IoU with groundtruth (dashed blue) are further improved
(solid lime) during Box Correction.
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2.D Quantitative Results

In this section we present quantitative results of each step of our Pseudo-Labelling

method on the MS-COCO benchmark withK=30. We show precision-recall curves

using the various IoU criteria used in MS-COCO.

Precision-recall curves when using the IoU=0.5, IoU=0.75 and IoU=0.5:0.95 MS-

COCO criteria are shown in Figure 2.9,2.10,2.11, respectively.

For the vast majority of novel classes, adding our Pseudo-Labelling method im-

proves performance over our baseline detector performance, regardless of which

MS-COCO criteria is used. However, we note that the effect of each step is not

uniform across different novel classes and metrics. For example, considering the

person class, using Candidate Sourcing only is the best performing model when

using IoU=0.5 due to higher recall, but when using IoU=0.75 and IoU=0.5:0.95

our full Pseudo-Labelling method performs best.

In terms of IoU=0.5:0.95, which is the main MS-COCO criterion, Figure 2.9 shows

that different classes see the largest performance boost from different steps in our

Pseudo-Labelling process. For example, the largest performance boost comes from

Label Verification from some classes e.g. bird, sheep, cat; these classes suffer from

many false positives with respect to class labels after Candidate Sourcing, which

are removed during Label Verification yielding better performance. On the other

hand, for other classes the largest performance boost comes from Box Correc-

tion e.g. airplane, train, person; these classes suffer from many false positives

with respect to bounding box coordinates after Candidate Sourcing, which are

corrected during Box Correction yielding better performance.

We note that in some rare cases an individual Pseudo-Labelling step may harm

performance, e.g. adding Label Verification for person reduces performance by

2.4nAP compared to using Candidate Sourcing only, and adding Box Correction for

bicycle reduces performance by 1.5nAP compared to using Candidate Sourcing

and Label Verification only.

Moreover, we note that our Pseudo-Labelling method yields negligible performance

improvements for the bicycle and chair classes yielding only a 0.1 and 0.3nAP

boost, respectively, over our baseline detector.
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Figure 2.9: Precision-Recall curves for novel classes with IoU=0.5:0.95.
Baseline curves are shown in solid blue. Curves are shown after adding Candidate
Sourcing, Label Verification and Box Correction in dashed red, dotted green and
dash-dotted orange, respectively. The nAP value for each step of our method is
shown in the title of each subplot.
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Figure 2.10: Precision-Recall curves for novel classes with IoU=0.5. Base-
line curves are shown in solid blue. Curves are shown after adding Candidate
Sourcing, Label Verification and Box Correction in dashed red, dotted green and
dash-dotted orange, respectively. The nAP50 value for each step of our method is
shown in the title of each subplot.
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Figure 2.11: Precision-Recall curves for novel classes with IoU=0.75.
Baseline curves are shown in solid blue. Curves are shown after adding Candidate
Sourcing, Label Verification and Box Correction in dashed red, dotted green and
dash-dotted orange, respectively. The nAP75 value for each step of our method is
shown in the title of each subplot.
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2.E Limitations

There are two main limitations of our work: first, our work follows prior work and

performs benchmark experiments on MS-COCO [T.-Y. Lin et al. 2014] and PAS-

CAL VOC [Everingham et al. 2010], which contain 80 and 20 classes, respectively.

In future work, we will benchmark the idea on LVIS [A. Gupta et al. 2019], which

contains 1230 classes, and better characterise few-shot object detection methods.

Second, in this work, we only perform one iteration of pseudo-labelling with kNN

classifier. Given our pseudo-annotations are noisy, one can make use of noisy la-

bel learning to effectively incorporate our pseudo-annotations as training data for

training more powerful classifiers in the Label Verification step and obtaining more

pseudo-annotations.

2.F Ethical Concerns

Our proposed method allows object detectors to detect novel categories with lim-

ited access to groundtruth annotations. Moreover, our work contains a Pseudo-

Labelling method which enables object detectors to effectively re-train on (noisy)

pseudo-annotations. Our work could be applied to numerous areas e.g. public

surveillance and autonomous driving. While not our intention, our method could

be used by agents with malicious purposes for detection with limited data. We

think robust public debate and suitable regulations can reduce the risk of malicious

applications of our work.
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Chapter 3

Multi-Modal Classifiers for

Open-Vocabulary Object

Detection

Following the work on few-shot object detection, in which few labelled examples

are available for each novel object category, we consider the more challenging

problem of open-vocabulary object detection (OVOD). This considers the problem

of learning to detect novel object categories with no annotated examples—relying

on other methods to specify a novel category of interest.

The paper has been published at the International Conference on Machine Learn-

ing (ICML), 2023.
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http://www.robots.ox.ac.uk/vgg/research/mm-ovod/

Abstract

The goal of this paper is open-vocabulary object detection (OVOD) —

building a model that can detect objects beyond the set of categories seen

at training, thus enabling the user to specify categories of interest at infer-

ence without the need for model retraining. We adopt a standard two-stage

object detector architecture, and explore three ways for specifying novel

categories: via language descriptions, via image exemplars, or via a combi-

nation of the two. We make three contributions: first, we prompt a large

language model (LLM) to generate informative language descriptions for

object classes, and construct powerful text-based classifiers; second, we em-

ploy a visual aggregator on image exemplars that can ingest any number

of images as input, forming vision-based classifiers; and third, we provide

a simple method to fuse information from language descriptions and im-

age exemplars, yielding a multi-modal classifier. When evaluating on the

challenging LVIS open-vocabulary benchmark we demonstrate that: (i) our

text-based classifiers outperform all previous OVOD works; (ii) our vision-

based classifiers perform as well as text-based classifiers in prior work; (iii)

using multi-modal classifiers perform better than either modality alone; and

finally, (iv) our text-based and multi-modal classifiers yield better perfor-

mance than a fully-supervised detector.
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3.1 Introduction

In this paper, we consider the problem of open-vocabulary object detection (OVOD),

which aims to localise and classify visual objects beyond the categories seen at

training time. One may consider its usefulness from the perspective of online in-

ference, when users want to freely specify categories of interest at inference time

without the need or ability to re-train models. To specify categories of interest,

three obvious ways exist, namely: (1) text-based, e.g. name the category or de-

scribe it in text form; (2) vision-based, e.g. give image examples; (3) multi-modal,

e.g. indicate the category jointly with text and image.

Existing works [Bansal et al. 2018; Gu et al. 2022; Zareian et al. 2021; X. Zhou

et al. 2022; C. Feng et al. 2022] have explored replacing the learnt classifiers in a

traditional detector with text embeddings, that are computed by passing the class

name into a pre-trained text encoder with manual prompts, such as “a photo of

a dalmatian”, however, this design can be sub-optimal from three aspects: first,

the discriminative power of generated text embeddings relies entirely on the in-

ternal representation of the pre-trained text encoder, potentially leading to lexical

ambiguities — e.g. “nail” can either refer to “the hard surface on the tips of the

fingers” or “a small metal spike with a flat tip hammered into wood to form a

joint” — simply encoding the class name will not be able to distinguish the two

concepts; second, the class name for objects of interest may be unknown to the

user, while exemplar images can be easily acquired — e.g. “dugong” refers to a

herbivorous marine mammal with an adorable, plump appearance, a dolphin tail,

round head and downward snout (an example is in Section 3.I of the Appendix);

third, in cases where multi-modal information is preferable to specify the category

of interest, e.g. a species of butterfly with a distinctive wing pattern — language

descriptions can be unsuitably long to capture all the intricacies of a given cate-

gory, while an exemplar image can “tell a thousand words” and act as an effective

complement to text.

To tackle these limitations, we propose a multi-modal open-vocabulary object de-

tector, with the classifier of the detector for a particular category being constructed

via natural language descriptions, image exemplars or a combination of the two.

Specifically, we establish an automatic approach for sourcing visual descriptions
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of the object categories, by prompting a large language model with questions,

e.g. “What does a dalmatian look like?”, yielding “A dalmatian is typically a large

dog with a short coat of black spots on a white background”. Such a description

provides additional visual cues to enhance the discriminative power of the classi-

fier generated from a text encoder. For cases where collecting suitable informative

language descriptions may be difficult or require unnecessarily long descriptions

to establish the differences between classes, e.g. the dog breeds “pug” and “bull-

dog” have similar descriptions, we can generate classifiers from image exemplars

— RGB images of the class of interest. Finally, we suggest a simple method to fuse

both language descriptions and image exemplars, yielding multi-modal classifiers

that perform better than either modality individually.

We explore the issue of how best to combine the set of language descriptions and the

set of image exemplars into a classifier, by comparing the performance of aggrega-

tion methods on a standard detector architecture. By evaluating on the challenging

LVIS [A. Gupta et al. 2019] open-vocabulary object detection benchmark we show

that: (i) our automated method for sourcing rich natural language descriptions

yields text-based classifiers superior to those of previous work that rely entirely

on the class name; (ii) vision-based classifiers can be effectively constructed by

a visual aggregator, enabling novel categories to be detected by specifying image

exemplars; (iii) natural language descriptions and image exemplars can be sim-

ply combined to produce multi-modal classifiers, which perform better than either

modality individually, and achieve superior results to existing approaches.
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Figure 3.1: Overview of the architecture for generating text-based, vision-based, or
multi-modal classifiers for OVOD. Vision (top left): A frozen visual encoder ingests
image exemplars of falcon producing an embedding per exemplar. A trained
aggregator takes these embeddings as input and produces a vision-based classifier.
Text (top right): A text completion LLM is prompted to give descriptions of a
falcon which are then encoded by a text encoder and averaged yielding a text-
based classifier. Multi-Modal (middle): Multi-Modal classifiers are generated by
adding the vision-based and text-based classifiers together. OVOD (bottom): The
multi-modal classifier is used to detect the falcon in a standard model. Note, all
three types of classifier: vision-based, text-based and multi-modal, can be used on
the detector head for OVOD.
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3.2 Related Work

Closed-Vocabulary Object Detection is one of the classical computer vision

problems, making a full overview here impossible. Therefore, we outline some key

milestones. In general, modern object detection methods can be cast into two sets:

one-stage and two-(multi-)stage detectors. One-stage detectors directly classify

and regress bounding boxes by either densely classifying a set of predefined anchor

boxes [Redmon et al. 2016; Redmon and Farhadi 2018; W. Liu et al. 2016; T.-Y.

Lin et al. 2017b; Tan et al. 2020], each which may contain an object, or densely

searching for geometric entities of objects e.g. corners, centre points or boxes [Law

and Jia Deng 2018; X. Zhou et al. 2019; Tian et al. 2019]. Conversely, most

two-stage detectors first propose class-agnostic bounding boxes that are pooled to

fixed size region-of-interest (RoI) features and classified by a sub-network in the

second stage [Girshick 2015; Ren et al. 2016; Yanghao Li et al. 2019]. Two-stage

detectors are extended tomulti-stage detectors in which the additional stages refine

predictions made by the previous stage [Z. Cai and Vasconcelos 2018; Kai Chen

et al. 2019; X. Zhou et al. 2021]. A unique work in this area is that of [Carion et al.

2020] which uses the Transformer architecture [Vaswani et al. 2017] to treat object

detection as a set prediction problem. Note that, the classifiers in these object

detectors are jointly learnt on a training set, therefore only objects seen at training

time can be detected during inference time, thus termed closed-vocabulary object

detection.

Open-Vocabulary Object Detection goes beyond closed-vocabulary object de-

tection and enables users to expand/change the detector vocabulary at inference

time, without the need for model re-training. Recently, OVOD has seen increased

attention and progress primarily driven by the emergence of large-scale vision-

language models (VLMs) e.g. CLIP and ALIGN [Radford et al. 2021; Jia et al.

2021], which jointly learn image and natural language representations.

ViLD [Gu et al. 2022] distills representations from VLMs. First, groundtruth

bounding boxes are used to crop an image and an embedding for the box is

sourced from a frozen VLM image encoder. An object detection model is learnt

by matching overlapping region-of-interest (RoI) features with the embedding for

the relevant box from the VLM image encoder using a L1 reconstruction loss.

63



RegionCLIP [Zhong et al. 2022] uses image-caption data to construct region-wise

pseudo-labels, followed by region-text contrastive pre-training before transferring

to detection. GLIP and MDETR [L. H. Li et al. 2022; Kamath et al. 2021] use

captions to cast detection as a phrase grounding task and use early fusion between

the image and text modalities, increasing complexity. OVR-CNN [Zareian et al.

2021] uses large image-caption data to pre-train a detector to learn a semantic

space and finetunes on smaller detection data. OWL-ViT [Minderer et al. 2022]

follows OVR-CNN but makes use of large transformer models and even larger

image-caption data. OV-DETR [Zang et al. 2022] modifies the DETR framework

for closed-vocabulary object detection [Carion et al. 2020] to make it suitable for

the open-vocabulary setting. We note that OV-DETR can condition object detec-

tion on image exemplars, but only provides some qualitative examples, whereas

we quantitatively benchmark our method using vision-based classifiers. Detic and

PromptDet [X. Zhou et al. 2022; C. Feng et al. 2022] improve open-vocabulary

detection by making use of image classification data to provide weak supervision

on a large set of categories. Our work uses Detic as a starting point in experiments,

and we investigate different methods for constructing the classifiers.

Low-shot Object Detection. Despite garnering less attention in recent liter-

ature, some low/few-shot object detection works make use of image-conditioned

object detection [Kang et al. 2019; Hsieh et al. 2019; Osokin et al. 2020; D.-J.

Chen et al. 2021] in which image exemplars of novel categories are encoded at

inference time and used to detect novel category instances. These works focus on

architectural advances usually leveraging attention between the novel class image

exemplars and the inference time image [D.-J. Chen et al. 2021; Hsieh et al. 2019].

There are an increasing number of low/few-shot object detection works based

on finetuning detector parameters on limited groundtruth data for novel cate-

gories [Xin Wang et al. 2020; B. Sun et al. 2021; Qiao et al. 2021; Kaul et al.

2022]. These works finetune the detector on limited groundtruth novel instances

and so are not related to open-vocabulary object detection using vision-based clas-

sifiers, where no novel instances are available for re-training/finetuning.

Natural Language for Classification. Natural language is a rich source of

semantic information for classification. CLEVER [Choudhury et al. 2021] matches

descriptions of images in simple text form with descriptions from expert databases
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e.g. Wikipedia to perform fine-grained classification. ZSLPP [Elhoseiny et al.

2017] extracts visual information from large-scale text to identify parts of objects

and perform zero-shot classification. The work by [Menon and Vondrick 2023]

uses class descriptions from GPT-3 [Brown et al. 2020] for classification, analysing

which parts of the description contribute to classification decisions. CuPL [Pratt et

al. 2022] uses a GPT-3 model to provide detailed descriptions enabling improved

zero-shot image classification. The learnings from this work inform our use of

natural language descriptions sourced from LLMs.
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like?
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VLM
 Text

Encoder ❆

Rich 
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give explicit 
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spine.
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Vector M
ean

Vector M
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Mean 
embedding 

used as 
text-based
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Figure 3.2: Generating powerful text-based classifiers. A LLM (GPT-3) is used
to generate multiple rich descriptions of the class of interest. These descriptions
are then encoded with the CLIP [Radford et al. 2021] VLM text encoder. The
descriptions are more informative than the simple phrases, such as “(a photo of)
a dog” or “(a photo of) a cat”, used in previous work such as Detic and ViLD.
Additional examples of class descriptions are given in the Appendix (Section 3.F).

3.3 Method

In this section, we start by providing background on open-vocabulary object detec-

tion (OVOD), then outline the proposed methods for constructing classifiers from

language descriptions of a category (text-based classifiers, Section 3.3.2) and im-

age exemplars (vision-based classifiers, Section 3.3.3). Our final method combines

the classifiers found from language descriptions and image exemplars, yielding

multi-modal classifiers (Section 3.3.4).
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Figure 3.3: Generating an OVOD vision-based classifier from a set of image ex-
emplars. A stack of transformer blocks is used to combine embeddings of multiple
exemplars belonging to the same category.

3.3.1 Preliminaries

Problem Scenario. Given an image (I ∈ 3×H×W ) fed input to an open-

vocabulary object detector, two outputs are generally produced: (1) classification,

in which a class label, cj ∈ Ctest, is assigned to the jth predicted object in the

image, and Ctest refers to the category vocabulary desired at inference time; (2)

localisation, with bounding box coordinates, bj ∈4, denoting the location of the

jth predicted object. In accordance with the setting introduced by Detic [X. Zhou

et al. 2022], two datasets are used at training time: a detection dataset, Ddet, con-

taining bounding box coordinates, class labels and associated images, addressing

a category vocabulary, Cdet; and an image classification dataset, Dimg, containing

images with class labels only, addressing a category vocabulary, Cimg. In the most

general case there are no restrictions on the overlap or lack thereof between the

sets Ctest, Cdet and Cimg.

Architecture Overview. In this work, we make use of a popular multi-stage

detector based on CenterNet2 [X. Zhou et al. 2021] as done in Detic. This detector,

with outputs {cj,bj}Mj=1, can be formulated as (for simplicity we consider the two-
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stage variant below):

{fj}Mj=1 = Φroi ◦ Φpg ◦ Φenc (I) (3.1)

{bj, cj}Mj=1 = {Φbbox (fj) ,Φcls ◦ Φproj (fj)}Mj=1 (3.2)

where, each input image is first sequentially processed by a set of operations: an

image encoder (Φenc); a proposal generator (Φpg); a region-of-interest (RoI) feature

pooling module (Φroi), yielding a set of RoI features, {fj}Mj=1. The RoI features are

processed by a bounding box module (Φbbox) to infer position of objects, {bj}Mj=1.

Additionally, the RoI features are processed by a classification module, consisting

of a linear projection (Φproj), and C classification vectors or classifiers (Φcls),

yielding a set of class labels, {cj}Mj=1 (C is the size of the category vocabulary).

In closed-vocabulary object detection all parameters listed above are learnt during

training on Ddet. While in the open-vocabulary scenario, the classifiers (Φcls) are

not learnt during training but are instead generated separately from an alternative

source, e.g. a pre-trained text encoder. This allows Ctest 6= Cdet, as the classifiers,

Φcls, for a specific set of user defined classes can be generated at inference time. In

the following sections, we describe different options for constructing such classifiers:

from natural language, from image exemplars, or from a combination of the two.

3.3.2 Text-based Classifiers from Language Descriptions

Existing OVOD approaches, e.g. Detic [X. Zhou et al. 2022] and ViLD [Gu et al.

2022], make use of simple text-based classifiers by encoding the category name with

a manual prompt, e.g. a photo of a(n) {class name} or a(n) {class name},

using an appropriate encoder — e.g. a CLIP text encoder, thereby yielding a set of

classifiers for Ctest. This method relies on the text encoder to produce a text-based

classifier entirely from its internal understanding of class name.

Instead, we make use of natural language descriptions of categories sourced from

a large language model (LLM). Such a design choice gives additional details like

visual attributes, leading to increased discriminative information in the classifier.

This alleviates lexical confusion — class name may have two different meanings,

and effectively prevents the need for human efforts to manually write descriptions
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or spend time searching external sources for them.

Figure 3.2 outlines our method for generating informative text-based classifiers.

Specifically, we start by prompting an autoregressive language model with a ques-

tion: “What does a(n) {class name} look like?”, and sample multiple de-

scriptions per class. We use OpenAI’s API for GPT-3 [Brown et al. 2020] and

generate 10 descriptions per class with temperature sampling (Figure 3.2 shows 3

descriptions per class for clarity, more examples can be found in Section 3.F of the

Appendix), yielding multiple descriptions of the format {class name} is a ...

or similar. Given a set of M plain text descriptions {sci}
M
i=1 for class c, we encode

each element of the set with a CLIP text encoder [Radford et al. 2021], fclip-t(·),

and the text-based classifier for class c is obtained from the mean of these text

encodings:

wc
text = 1

M

M∑
i=1

fclip-t (sci) (3.3)

At detector training time, text-based classifiers for categories of interest (c ∈ Cdet

and c ∈ Cimg) are pre-computed and kept frozen, the rest of detector parameters

are updated i.e. all parameters in Equations 3.1-3.2, except Φcls. At inference time,

classifiers for testing categories are computed similarly to enable open-vocabulary

object detection.

Discussion. In this paper, we only consider a single straightforward question as a

prompt to the LLM: “What does a(n) {class name} look like?”. However, it

is also feasible to use alternative question prompts, e.g. “How can you identify

a(n) {class name}?” or “Describe what a(n) {class name} looks like?”,

and obtain visual descriptions with the same or similar concepts [Pratt et al. 2022].

We investigated using a transformer architecture to aggregate text embeddings

from natural language descriptions, but we found this was not beneficial to OVOD

performance over simply using the mean vector. In general, each text embedding

of a natural language description summarises the category of interest very well

and so the contrastive task, which is used to train the aggregator (explained in

detail for the visual case below), is very easy with text embeddings yielding no

improvement in text-based classifiers for OVOD.
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3.3.3 Vision-based Classifiers from Image Exemplars

In addition to constructing classifiers with natural language descriptions, another

natural option is to use image exemplars, especially in cases where a good de-

scription of the category is prohibitively long (such as the painted lady butterfly

or Vanessa cardui which has an intricate wing pattern), or occasionally the class

name is not known beforehand, e.g. “Deerstalker cap” refers to the hat often worn

by Sherlock Holmes.

In such scenarios, we propose to construct classifiers by using image exemplars,

as shown in Figure 3.3. Specifically, given a set of K RGB image exemplars

for category c, {xci}
K
i=1, we encode each exemplar with a CLIP visual encoder,

fCLIP-im(·), yielding K image embeddings, which are then passed to a multi-layer

Transformer [Vaswani et al. 2017] with learnable [CLS] token, tCLS:

wc
img = Transformer

(
{fCLIP-im (xci )}

K
i=1 ; tCLS

)
(3.4)

The Transformer architecture acts to best aggregate the K image exemplars,

and the output from the [CLS] token is used as the vision-based classifier for

OVOD. When training the transformer aggregator, all exemplars are sourced from

ImageNet-21k-P [Ridnik et al. 2021]. When generating vision-based classifiers for

OVOD, where possible, we source our exemplars from ImageNet-21k [J. Deng et al.

2009] — where this is not possible, we use LVIS and/or VisualGenome training

data to source image exemplars. Additional details on how we collate exemplars

for training and testing are provided in the Appendix (Section 3.D). This trans-

former architecture will be referred to as the visual aggregator and its training

procedure is described next.

Offline Training. The visual aggregator is trained offline i.e. it is not up-

dated during detector training. The training procedure needs to learn an aggre-

gator which combines multiple image exemplars to produce effective vision-based

classifiers for OVOD — a classifier for a given class needs to be discriminative

w.r.t. other classes. A CLIP image encoder is used to provide initial embeddings

for each exemplar. We keep the CLIP image encoder frozen during training to

improve training efficiency and prevent catastrophic forgetting in the CLIP repre-

sentation. To provide discriminative vision-based classifiers, contrastive learning
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is utilised. For a given class, the output embedding from the visual aggregator is

trained to minimise similarity with the output embedding from other classes and

maximise the similarity with an output embedding from the same class. To do this,

the contrastive InfoNCE [van den Oord et al. 2018] loss is used. The visual aggre-

gator should generalise well and not be trained for a specific downstream OVOD

vocabulary, therefore it is trained with the ImageNet-21k-P dataset [Ridnik et al.

2021] for image classification, which contains ∼11M images across ∼11K classes.

For category c during visual aggregator training, at each iteration, two distinct

sets of K exemplars are sampled, augmented and encoded by the frozen CLIP

image encoder. The two sets are input separately to visual aggregator, outputting

2 embeddings from the learnable [CLS] token for class c. Given a batch size B,

the InfoNCE contrastive loss ensures sets formed from the same class have similar

embeddings and those of different classes are separated. Once trained, the visual

aggregator and visual encoder are frozen and provide vision-based classifiers for

categories in Cdet∪Cimg/Ctest during detector training/testing. Additional details

on how the visual aggregator is trained are provided in the Appendix (Section 3.C).

Discussion. Using image exemplars for open-vocabulary detection may share

some similarity to few-shot object detection, however, there is a key distinction.

In few-shot object detection, the given “novel/rare” annotations (albeit few) are

available for training, e.g. recent works have found that finetuning a pre-trained

object detector on few-shot detection data yields the best results [Xin Wang et al.

2020; Qiao et al. 2021; Kaul et al. 2022], while in open-vocabulary detection, there

are no bounding box annotations for “novel/rare” categories. Image exemplars (i.e.

the wholes image without bounding boxes) are used to specify the categories of in-

terest; we do not update any parameters based on “novel/rare” category bounding

box data, unlike in few-shot object detection.

During ablation experiments in Section 3.A, we compare the visual aggregator to

a simple mean operator, when obtaining a vision-based classifier from multiple

image exemplar embeddings, and show the benefit of the trained aggregator in

this case.
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3.3.4 Constructing Classifiers via Multi-Modal Fusion

To go one step further, a natural extension to the aforementioned methods is

to construct classifiers from multi-modal cues; intuitively, natural language de-

scriptions and image exemplars may contain complementary information. For a

given class, c, with text-based classifier, wc
text, and vision-based classifier, wc

img,

the multi-modal classifier, wc
mm, is computed by a simple fusion method based on

addition:

wc
mm = wc

text
‖wc

text‖2
+ wc

img
‖wc

img‖2
(3.5)

Figure 3.1 demonstrates our entire pipeline for generating text-based, vision-based

and multi-modal classifiers, showing how any of the three classifiers can be used

with an open-vocabulary detector to detect a “falcon”.

Discussion. Section 3.3.3 provides details of the visual aggregator, which yields

our vision-based classifiers, but for multi-modal classifiers we simply compute the

vector sum of our l2-normalised text-based and vision-based classifiers. We inves-

tigated using a unified multi-modal aggregator which ingests both text and visual

embeddings, sourced from class descriptions and image exemplars, respectively.

Such a model did not generate good multi-modal classifiers for OVOD — distin-

guishing between sets of text and image embeddings for different classes becomes

trivial as the text embeddings alone are sufficient to solve the contrastive learning

task, thereby ignoring the visual embeddings altogether. Attempts to modify the

training for a unified multi-modal aggregator by using Dropout [N. Srivastava et

al. 2014] on the text embeddings were not fruitful.

3.4 Experiments

In this section, we first introduce the standard dataset and benchmark used in the

literature [Gu et al. 2022; X. Zhou et al. 2022; C. Feng et al. 2022]. Section 3.4.2

provides implementation and training details for our OVOD models, which use

classifiers constructed from natural language descriptions, visual exemplars or the

combination of both. We compare our models with existing works in Section 3.4.3,

demonstrating state-of-the-art performance. Additionally, Section 3.4.3 provides
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results for cross-dataset transfer. Section 3.4.4 provides an ablation study regard-

ing our design choices.

3.4.1 Datasets and Evaluation Protocol

Standard LVIS Benchmark. In this work, most experiments are based on the

LVIS object detection dataset [A. Gupta et al. 2019], containing a large vocabulary

and a long-tailed distribution of object instances. Specifically, the LVIS dataset

contains class, bounding box and mask annotations for 1203 classes across 100k

images in the MS-COCO dataset [T.-Y. Lin et al. 2014]. Annotations are collected

in a federated manner, i.e.manual annotations for a given image are not necessarily

exhaustive. The classes are divided into three sets — rare, common and frequent

— based on the number of training images containing a given class.

Training Datasets. To develop open-vocabulary object detectors, we follow

the same setting as proposed in ViLD [Gu et al. 2022] and used in Detic [X.

Zhou et al. 2022]. Specifically, the original LVIS training set (LVIS-all) is slightly

changed by removing all annotations belonging to the “rare” categories. This

removes the annotations of 317 rare classes but not the associated images, in

other words, objects belonging to rare categories appear in the training set but

are unannotated. This subset of LVIS training data containing only “common”

and “frequent” annotations is referred to as LVIS-base. LVIS-base serves as Ddet

using notation from Section 3.3.1, unless stated otherwise. When using image

classification data, Dimg, as extra weak supervision, we use the subset of categories

in ImageNet-21K [J. Deng et al. 2009] that overlap with the LVIS vocabulary and

denote this subset as IN-L, as in Detic. IN-L covers 997 of the 1203 classes in the

LVIS vocabulary.

Evaluation Protocol. For evaluation, previous work evaluates OVOD models

on the LVIS validation set (LVIS-val) for all categories — treating “rare” classes as

novel categories as it is guaranteed that no groundtruth box annotations whatso-

ever are provided at the training stage. The main evaluation metric is the standard

mask AP metric averaged over the “rare” classes and is denoted as APr. The mask

AP averaged across all classes is also reported, indicating overall class performance

and is denoted as mAP. The latter metric is an important consideration as a good

model should improve both APr and mAP; a model should not improve APr at
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the cost of worse performance in terms of mAP.

3.4.2 Implementation Details

Object Detector Architecture. The architecture we use is almost identical to

that in Detic, using the CenterNet2 [X. Zhou et al. 2021] model with a ResNet-50

backbone [K. He et al. 2016] pre-trained on ImageNet-21k-P [Ridnik et al. 2021]. In

addition to exploring different ways for constructing classifiers (Φcls), as described

in Section 3.3, we also add a learnable bias before generating final confidence

scores, the effect of this bias term is investigated in the Appendix (Section 3.A).

Detector Training. The training recipe is the same as Detic for fair comparison,

using Federated Loss [X. Zhou et al. 2021] and repeat factor sampling [A. Gupta

et al. 2019]. While training our OVOD model on detection data only, Ddet, we

use a 4× schedule (∼58 LVIS-base epochs or 90k iterations with batch size of 64).

When using additional image-labelled data (IN-L), we train jointly on Ddet∪Dimg

using a 4× schedule (90k iterations) with a sampling ratio of 1 : 4 and batch sizes

of 64 and 256, respectively. This results in ∼15 IN-L epochs and an additional ∼11

LVIS-base epochs. For mini-batches containing images from Ddet and Dimg we use

input resolutions of 6402 and 3202, respectively. We conduct our experiments on

4 32GB V100 GPUs.

For image-labelled data, Dimg, an image with class label is given, but no groundtruth

bounding box is available. Following Detic, the largest class-agnostic box proposal

is used to produce an RoI feature for the given image, enabling detector training.

See the Detic paper for more details.

Text-based Classifier Construction. To generate plain text class descriptions

we use the GPT-3 DaVinci-002 model available from OpenAI. For each class in

LVIS, we generate 10 descriptions and compute the classifier with the text encoder

from a CLIP ViT-B/32 model [Radford et al. 2021], as detailed in Section 3.3.2.

We follow the standard method from CLIP and use the output embedding corre-

sponding to the final token in the input text.

Vision-based Classifier Construction. The visual aggregator, detailed in Sec-

tion 3.3.3, should be general and not specific to any class vocabulary. To fulfil this

goal, we use the curated ImageNet-21-P dataset [Ridnik et al. 2021] as training
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data for the aggregator. This dataset, designed for pre-training visual backbones,

filters out classes with few examples from the original ImageNet-21k [J. Deng et al.

2009] dataset, leaving ∼11M images across ∼11K classes.

To generate a visual embedding from a given image exemplar, we use a CLIP ViT-

B/32 visual encoder. For the aggregator, we use N = 4 transformer blocks, with

dimension 512 (the same as the output dimension of the CLIP visual encoder) and

a multilayer perceptron dimension of 2048. Comprehensive details of aggregator

training is provided in the Appendix (Section 3.C). To test the effectiveness of our

visual aggregator, we generate baseline vision-based classifiers by taking the vector

mean of the CLIP visual embeddings from the K image exemplars.

When constructing vision-based classifiers for OVOD, we find making use of test-

time augmentation (TTA) improves performance. Note, TTA here refers to aug-

mentation of the image exemplars used to build vision-based classifiers not test-

time augmentation of the test image on which OVOD is performed. In our work,

each image exemplar is augmented 5 times and input separately to the visual en-

coder. Therefore, given K image exemplars, we generate 5K visual embeddings

to be ingested by our visual aggregator. More details on the use of TTA in con-

structing vision-based classifiers are found in the Appendix (Section 3.A).

For total clarity regarding when datasets are used — the visual aggregator is

trained using ImageNet-21k-P [Ridnik et al. 2021] and the vision-based classifiers

for OVOD are generated from relevant image exemplars using the trained aggrega-

tor (see Section 3.D of the Appendix for details on sourcing the image exemplars).

Detection data (e.g. LVIS-base) is only used to train the open-vocabulary object

detector and image-level data (e.g. IN-L) may be used as an extra source of weak

supervision as in Detic [X. Zhou et al. 2022].

Multi-Modal Classifier Construction. When computing multi-modal clas-

sifiers, we simply compute the category-wise l2-normalised classifier from each

modality, regardless of method used to compute them, and take the vector sum.

In all cases the text-based classifiers are sourced from class descriptions as de-

scribed in Section 3.3.2. We combine our text-based classifiers with our vision-

based classifiers, using the trained visual aggregator. However, once again, to test

the effectiveness of our visual aggregator, we also combine our text-based classifiers
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Model Backbone Extra APr mAPData

ViLD [Gu et al. 2022] ResNet-50 16.1 22.5
Detic [X. Zhou et al. 2022] ResNet-50 16.3 30.0
ViLD-ens [Gu et al. 2022] ResNet-50 16.6 25.5
OV-DETR [Zang et al. 2022] ResNet-50 + DETR 17.4 26.6
F-VLM [Kuo et al. 2022] ResNet-50

7

18.6 24.2

Ours (Text-Based) 19.3 30.3
Ours (Vision-Based) 18.3 29.2
Ours (Multi-Modal)

ResNet-50 7
19.3 30.6

RegCLIP [Zhong et al. 2022] ResNet-50 CC3M 17.1 28.2
OWL-ViT [Minderer et al. 2022]† ViT-B/32 LiT 19.7 23.3
Detic [X. Zhou et al. 2022] ResNet-50 IN-L 24.6 32.4

Ours (Text-Based) 25.8 32.7
Ours (Vision-Based) 23.8 31.3
Ours (Multi-Modal)

ResNet-50 IN-L
27.3 33.1

Fully-Supervised [X. Zhou et al. 2022] ResNet-50 7 25.5 31.1

Table 3.1: Detection performance on the LVIS Open Vocabulary Detection Bench-
mark using our three types of classifier compared with previous works. Best and
second-best performing models are coloured blue and red, respectively. We split
models into those which only use LVIS-base as training data (top) and those
which use additional image-level data (bottom). Furthermore, we show results for
a fully-supervised model from Detic trained on LVIS-all in grey . † OWL-ViT
reports bbox AP metrics and was trained on Objects365 [Shao et al. 2019] and
VisualGenome [Krishna et al. 2017] not LVIS-base, therefore it is possible LVIS-
defined “rare” classes are contained in the detection training data of OWL-ViT.
Due to limited compute resources we present and compare to models which use
ResNet-50 [K. He et al. 2016] backbones or similar. We report mask AP metrics
except for †.

with the baseline vision-based classifiers described in the previous paragraph.

3.4.3 Open-Vocabulary Detection Results

LVIS OVOD Benchmark. Table 3.1 shows results on LVIS-val for our work,

which uses text-based, vision-based and multi-modal classifiers, compared to a

range of prior work. We report overall mask AP performance and mask AP for

“rare” classes only. The latter metric is the key measure of OVOD performance.

We separate the comparisons into those models which do not use additional image-

level data (top half of Table 3.1) and those which do (bottom half of Table 3.1). For

a fair evaluation, we compare to models from prior works which use a ResNet-50 [K.

He et al. 2016] backbone. There are two exceptions: (1) OWL-ViT [Minderer et al.
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2022] which only investigates using Vision Transformers for OVOD [Dosovitskiy

et al. 2021] – we compare ResNet-50 models to the ViT-B/32 OWL-ViT model

as it requires similar compute during inference in terms of GLOPs (141.5 and

139.6, respectively); (2) OV-DETR [Zang et al. 2022] which uses a DETR-style

architecture [Carion et al. 2020] consisting of a ResNet-50 CNN backbone and

modified transformer encoder and decoder.

In the experiments without using extra data (Dimg = ∅), our models with text-

based or multi-modal classifiers obtain the best performance on both APr and

overall mAP, while F-VLM and Detic only performs strongly on APr and mAP,

respectively. Our model with text-based classifiers is most directly comparable

to Detic and our model outperforms Detic by 3.0 APr. When using extra data,

we make use of a ImageNet-21k subset as in Detic (IN-L). Models with text-

based and multi-modal classifiers outperform Detic (previous state-of-the-art) by

1.2 and 2.7 APr respectively. Note that, our models trained with IN-L even

outperform the fully-supervised baseline using CenterNet2, i.e. trained on “rare”

class box annotations. To the best of our knowledge, this is the first work on open-

vocabulary detection that outperforms a comparable fully-supervised model on the

challenging LVIS benchmark. Note, some other works use larger vision backbones,

e.g. Swin-B [Ze Liu et al. 2021], but due to limited computation resources we only

present and compare to models with ResNet-50 backbones or similar. Our models

with text-based and multi-modal classifiers surpass state-of-the-art performance

when using a ResNet-50 backbone or similar.

Cross-dataset Transfer. Table 3.2 shows results for cross-dataset transfer from

LVIS to Objects365 [Shao et al. 2019] when using our text-based classifiers. We

compare our work to equivalent models from Detic, reporting box AP metrics as

standard in Objects365. In all cases, these models are trained on LVIS-all and

the models in the bottom two rows use IN-L as extra weak supervision. The

trained open-vocabulary detectors are evaluated on the Objects365 validation set.

Following Detic, we define “rare” classes in Objects365 as the 1
3 of classes with

the lowest frequency in the Objects365 training set. Note the Detic models we

compare to in Table 3.2 are not the same as those listed in Table 4 of the Detic

paper, which use a large Swin-B backbone and all of ImageNet-21k as extra data.

Instead, we compare to other Detic models publicly available which are trained
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Model Extra Objects365 Objects365 Objects365
Data mAP AP50 APr

Detic [X. Zhou et al. 2022]
7

13.9 19.7 9.5
Ours (Text-Based) 14.8 21.0 10.1

Detic [X. Zhou et al. 2022] IN-L 15.6 22.2 12.4
Ours (Text-Based) 16.6 23.1 13.1

Table 3.2: Detection performance when training on LVIS-all (i.e. all LVIS training
data) and evaluating on Objects365 [Shao et al. 2019], where the least frequent 1

3
of classes are defined as “rare”. Best performing models are coloured blue. Our
text-based classifiers outperform Detic when transferring to Objects365 across all
classes and “rare” classes only. Note the Detic [X. Zhou et al. 2022] models we
compare to on Objects365 are not the same as the models listed in the Detic paper,
which use a large Swin-B backbone and all of ImageNet-21k as extra data for weak
supervision. We use a fair comparison Detic model which uses the same training
data (see text for more details). We report box AP metrics for Objects365.

on LVIS-all (and IN-L). For ease, we provide links to the Detic configuration

and checkpoint files used in this cross-dataset transfer evaluation 1 2. Evaluation

on Objects365 after training on LVIS is easily done with Detic or with our text-

based classifiers. In the case of Detic, the simple classifiers based on LVIS class

names are replaced with equivalent simple classifiers based on Objects365 class

names. For our text-based classifiers, plain text descriptions are generated for

each of the Objects365 classes and are encoded as described in Section 3.3.2 and

replace the text-based classifiers for LVIS. In both models, Detic and ours, all other

parameters of the open-vocabulary detector remain the same. In all cases, using

our text-based classifiers gives performance improvements over the equivalent Detic

model. Considering all classes, our method with extra data outperforms Detic by

1.0 mAP and 0.9 AP50. For “rare” classes as defined above, our method with

extra data outperforms the equivalent Detic model by 0.7 APr. These results

demonstrate that our method, which uses text-based classifiers generated from

rich class descriptions, provides additional information compared to using a simple

classifier based on the class name only, even when the training and testing class

vocabularies are disjoint.
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vulture.n.01 puffin.n.01 ferret.n.01 barbell.n.01fishbowl.n.02

Figure 3.4: Some qualitative detection examples using our model with text-based
classifiers, detecting “rare” category instances in LVIS-val. Our text-based classi-
fiers are sourced from rich natural language descriptions of a given class by prompt-
ing an GPT-3 LLM.

3.4.4 Ablation Study

Results with Vision-Based Classifiers. Using vision-based classifiers for OVOD

is an under-explored area and so we compare our method, detailed in Section 3.3.3,

to baseline classifiers in which the same visual encoder is used, but the action of

the aggregator is replaced by performing simple vector mean. The orange rows

of Table 3.3 compares the use of our visual aggregator to performing simple vector

mean across visual embeddings instead. When no additional image-level data is

used (top two orange rows) our aggregator (Model B) boosts performance by 3.5

APr compared to the vector mean baseline (Model A). For models which train on

additional image-level data (IN-L) our aggregator (Model G) boosts performance

by 2.2 APr compared to the baseline (Model F). This comparison demonstrates the

utility of our visual aggregator in constructing better vision-based classifiers rather

than naïvely averaging the K visual embeddings. Note our vision-based classifiers

and the baseline classifiers both utilise TTA as mentioned in Section 3.4.2 (see

Section 3.A of the Appendix for details on TTA). The results in Table 3.3 use

K = 5. Further results for K = 1, 2, 10 are found in the Appendix (Section 3.E).

Results with Multi-Modal Classifiers. To evaluate the effectiveness of multi-

modal classifiers we perform similar experiments as those using vision-based clas-

sifiers, except for each model we combine the vision-based classifiers with the

text-based classifiers, as described in Section 3.3.4. Results for multi-modal clas-

sifiers are shown in grey rows of Table 3.3. With no additional image-level data,

the vector mean baseline (Model D) outperforms the use of our aggregator (Model

E) by 1.4 APr. However, for models with image-level data (IN-L) our aggrega-

tor (Model J) boosts performance by 0.8 APr compared to the baseline (Model
1Detic Configuration Checkpoint Extra Data: 7
2Detic Configuration Checkpoint Extra Data: IN-L
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Visual Visual Text Extra
Model Mean? Agg.? Cls.? Data? APr mAP
A X 14.8 28.8
B X

7 18.3 29.2
C X 7 19.3 30.3
D X X 20.7 30.5
E X X

7 19.3 30.6

F X 21.6 31.3
G X

IN-L 23.8 31.3
H X IN-L 25.8 32.7
I X X 26.5 32.8
J X X

IN-L 27.3 33.1

Table 3.3: Detection performance on the LVIS OVOD benchmark comparing all
three of our methods: (1) orange — vision-based classifiers; (2) blue — text-
based classifiers; (3) grey — multi-modal classifiers. Results for models trained
only on LVIS-base and LVIS-base+IN-L are shown in the top and bottom halves,
respectively. Visual Mean?: simple vector mean is used to combine visual embed-
dings of image exemplars, Visual Agg.?: our visual aggregator is used to combine
visual embeddings, Text Cls.?: text-based classifiers are used. Models which use
text-based and vision-based classifiers represent our models with multi-modal clas-
sifiers. We report mask AP metrics.

I). Furthermore, comparing the multi-modal classifiers ( grey rows in Table 3.3)

with text-based classifiers ( blue rows in Table 3.3) demonstrates that in all cases

adding information from image exemplars yields improved OVOD performance —

our best multi-modal model improves performance over our best text-based model

by 1.5 APr confirming that combining the vision and text modalities utilises com-

plementary information between the two.

Relationship between IN-L and LVIS “rare” classes. Section 3.B of the

Appendix splits the APr metric into two based on the “rare” LVIS categories con-

tained in IN-L. One may expect improvements in APr performance when training

on IN-L to only come from “rare” categories found in IN-L. Our evaluation finds

this not to be the case. Detailed results can be found in the Appendix (Section 3.B)

which breaks the APr metric into “rare” categories found in IN-L and those not.

Additional Ablation Experiments. Section 3.A of the Appendix presents ab-

lation experiments which demonstrate: (1) applying a learnable bias before cal-
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culating the final detection score for a region improves OVOD performance; (2)

improvements in OVOD performance using our text-based classifiers is orthogonal

to applying this learnable bias; (3) applying TTA on image exemplars yield better

vision-based classifiers for OVOD; (4) comparisons between our text-based classi-

fiers and those generated from manual prompts. Please refer to Section 3.A of the

Appendix for details and evaluation results for these experiments.

3.5 Conclusion

In this paper, we tackle open-vocabulary object detection by investigating the im-

portance of the method used to generate classifiers for open-vocabulary detection.

This work goes beyond the very simple methods used in prior work to generate

such classifiers — with the class name only. We present a novel method which

combines a large language model (LLM) and a visual-language model (VLM) to

produce improved classifiers. Moreover, we investigate using image exemplars to

provide classifiers for OVOD and present a method for generating such classifiers

using a large classification dataset and a simple transformer based architecture.

Finally, we combine our classifiers from the two modalities to produce multi-modal

classifiers for OVOD. Our experiments show that our method using natural lan-

guage only outperforms current state-of-the-art OVOD works, especially in cases

where no extra image-level data is used. Furthermore, our multi-modal classifiers

set new state-of-the-art performance with a large improvement over prior work.
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3.A Ablation Studies

We now ablate some of the key components using the open-vocabulary LVIS bench-

mark without any extra image classification data i.e. Dimg = ∅, unless stated

otherwise. All metrics have the standard LVIS definition and we report mask AP

metrics in all cases. For reference APr, APc and APf represent mean average pre-

cision across “rare”, “common” and “frequent” classes, respectively, as defined in

LVIS. Moreover, mAP, AP50 and AP75 represent mean average precision across all

classes but for all intersection-over-union (IoU) criteria, IoU= 0.5 and IoU= 0.75,

respectively.

Bias? Init. Value mAP AP50 AP75 APr APc APf
7 N/A 29.7 43.7 31.6 15.6 30.5 35.0
X -2.0 29.9 43.5 32.0 17.7 30.1 35.0

Table 3.4: The effect of including a learnable bias on detections scores for OVOD.
The top row does not use a learnable bias, as in Detic. The bottom row applies
a learnable bias prior to computing final detection scores with logistic sigmoid.
Applying a learnable bias improves performance on novel/rare categories (APr).
We report mask AP metrics.

Effect of Detection Score Bias. Table 3.4 shows the effect of adding a learnable

bias to the detection scores before applying a logistic sigmoid to get a final detec-

tion score in the range [0, 1] To evaluate the effect of the learnable bias only, our

proposed text-based classifiers sourced from rich class descriptions, as described in

Section 3.3.2, are not used and instead the same simple text-based classifiers used

in Detic, of form “a(n) {class name}”, are used in this comparison. We observe

adding a learnable bias improves open-vocabulary detection by 2.1 AP on rare

categories compared to not using a bias, as done in Detic. Without the use of a

bias, class-agnostic proposals are not biased towards being labelled as background.

With respect to a given class, a proposal is most likely to be negative, therefore

use of a bias makes intuitive sense to reflect this and stabilises early training of

the detector. Similar findings were found in RetinaNet [T.-Y. Lin et al. 2017b].

Natural Language Descriptions. Table 3.5 shows the effect of using rich class

descriptions, sourced from a LLM, rather than forming text-based classifiers from

simple text prompts of the format “a(n) {class name}” as in Detic. To compare

fairly to Detic with detection data only (top row), we report a set of results which
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Model mAP AP50 AP75 APr APc APf
Detic 30.2 44.2 32.1 16.4 31.0 35.4

Ours (w/o bias) 30.4 44.4 32.3 18.6 30.8 35.2
Ours (w/ bias) 30.3 44.2 32.2 19.3 30.5 35.0

Table 3.5: The effect of using our text-based classifiers sourced from rich descrip-
tions. In contrast, Detic uses simple classifiers based on class names only (top
row). Results for a detector trained using our text-based classifiers but no learn-
able bias is shown in the middle row. Our proposed model makes use of text-based
classifiers sourced from rich descriptions and a learnable bias (bottom row). Our
method for text-based classifiers improves performance on novel/rare categories
(APr) by a large amount. We report mask AP metrics.

do not make use of the learnable bias on the detection scores as detailed above

(middle row). Using our text-based classifiers without a learnable bias improves

performance on rare categories by 2.2 APr compared to the public Detic model.

Using rich class descriptions, a learnable bias and our method (bottom row) further

improves open-vocabulary detection on novel/rare categories by 2.9 and 0.7 APr

compared to the public Detic model and our method without a learnable bias,

respectively.

Visual Encoder TTA? mAP APr APc APf

CLIP ViT-B/32
7 29.0 16.3 29.1 34.4

X, harsh 29.0 17.2 28.7 34.6
X, gentle 29.2 18.3 28.7 34.4

Table 3.6: The effect of using test-time augmentation (TTA) when gener-
ating classifier embeddings from image exemplars using a CLIP image en-
coder. Both TTA recipes use two common augmentations — ColorJitter
and RandomHorizontalFlip. For harsh/gentle TTA — min scale of
RandomResizedCrop = 0.5/0.8. Both harsh and gentle TTA perform better than
no TTA in terms of performance on novel/rare categories (APr). We report mask
AP metrics.

Test-Time Augmentation on Image Exemplars for Vision-Based Clas-

sifiers. Table 3.6 shows the effect of using test-time augmentation (TTA) on

image exemplars to produce vision-based classifiers with our trained aggregator.

For each image exemplar we generate 5 augmentations. As in the main paper,

we use the case of K = 5 — for each class in the LVIS vocabulary we are have

5 RGB image exemplars. As mentioned in Section 3.4.2, we augment each ex-

emplar 5 times when using TTA. We consider two augmentation variations, with
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each containing ColorJitter and RandomHorizontalFlip. The ‘harsh’ varia-

tion uses RandomResizedCrop(scale=(0.5,1.0)) and the ‘gentle’ variation uses

RandomResizedCrop(scale=(0.8,1.0)). We find adding ‘gentle’ TTA performs

best, improving open-vocabulary detection by 2.0 AP on rare categories compared

to no use of TTA. In the main paper, when using vision-based classifiers we utilise

‘gentle’ TTA on the image exemplars.

Prompt mAP APr APc APf
a/an class name 29.9 17.7 30.1 35.0

a photo of a/an class name 29.5 15.9 30.0 34.9
a photo of a/an class name in the scene 29.4 16.2 29.7 34.8

Our LLM descriptions 30.3 19.3 30.5 35.0

Table 3.7: The effect of using manually crafted prompts against our rich class
descriptions sourced from LLMs. All models use a learnable bias on the detection
scores and text-based classifiers. Using our class descriptions improves perfor-
mance on “rare” classes compared to manually crafted prompts.

Comparing our LLM Descriptions to Manually Designed Text Prompts.

Table 3.7 compares the detector performance between using simple manually crafted

prompts (first three rows) and our rich class descriptions sourced from an LLM

(final row), for constructing text-based classifiers. We report results for the case

where the detector is trained on LVIS-base only (i.e. no additional image-level

data is used). In all cases we apply the learnable bias on the detection score. We

note that of the manual prompts, the simplest one, of the form “a(n) {class

name}”, performs best across all metrics. Using our text-based classifiers gener-

ated from LLM descriptions improves performance on rare classes by 1.6 APr and

by 0.4 mAP across all classes. Performance on “common” and “frequent” classes is

largely similar as the availability of labelled detection data for these classes renders

the quality of the classifier less important.
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3.B A Closer Look at “rare” Class Performance

Model Dimg mAP APr APr-w APr-z
Detic [X. Zhou et al. 2022]

7

30.2 16.3 15.7 19.7
Ours (Text-Based) 30.3 19.3 19.2 19.4
Ours (Multi-Modal) 30.6 19.2 18.5 22.2

Detic [X. Zhou et al. 2022]
X

32.4 24.9 25.4 23.0
Ours (Text-Based) 32.6 25.8 26.7 21.7
Ours (Multi-Modal) 33.1 27.3 27.8 24.9

Table 3.8: Comparison between Detic and our models using text-based classifiers
and multi-modal classifiers on LVIS. As IN-L does not cover all classes in the
LVIS vocabulary, we split the rare class metric APr into APr-w and APr-z which
represent rare classes with and without weak annotations from IN-L, respectively.
Best performing models are shown in bold. We report mask AP metrics.

Section 3.4.1 detailed the data used to train our detector. IN-L contains images

from the 997 classes from LVIS present in ImageNet-21k [J. Deng et al. 2009].

IN-L gives weak supervision during detector training. Out of the 337 “rare” classes

in LVIS, 277 are covered by IN-L and are therefore weakly supervised, leaving 60

classes for which no weak supervision is available.

To investigate the improvement in performance when using IN-L, we split the rare

class metric (APr), which reports average precision across rare classes, into APr-w

which averages across rare classes present in IN-L and APr-z which averages across

rare classes not present in IN-L which are therefore truly zero-shot classes. Note

that when no extra image-level data is used, i.e. Dimg = ∅, all rare classes are

truly zero-shot classes.

Table 3.8 shows the result of using this breakdown. These results show training

on IN-L improves performance on rare classes not contained in IN-L, which may

not be expected. The weak supervision from IN-L leads to a reduction in false

positives for all rare classes leading to improved performance across all metrics.

Moreover, our multi-modal classifiers perform best across all metrics.
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3.C Vision-based Classifier Pipeline Implemen-

tation Details

For the transformer architecture of the visual aggregator detailed in Section 3.3.3,

we use 4 transformer encoder blocks, each with a hidden dimension of 512 and MLP

dimension 2048. As input to the first transformer block, we encode each image

exemplar with a CLIP image encoder which remains frozen throughout training,

yielding one embedding per exemplar. The set of embeddings are input with a

learnable [CLS] token. The output [CLS] token is used as the final vision-based

classifier.

To train the model we use the ImageNet-21k-P dataset [Ridnik et al. 2021] for

10 epochs. To speed up and improve training we store a dynamic queue of

size 4096 × K CLIP encoded embeddings, with 512 positions in the queue up-

dated each iteration, using a last-in first-out policy. Each set of K represents

encodings from K randomly sampled images for a single class. We use K = 5. For

contrastive training, we use a temperature of 0.02 in the InfoNCE [van den Oord

et al. 2018] loss function, the AdamW [Loshchilov and Hutter 2018] optimiser with

standard hyperparameters and a learning rate of 0.0002. Furthermore, during

training we uniformly sample k ∈ [1 : K] to simulate varying numbers of image

exemplars being available for downstream OVOD when Ctest is defined. There-

fore, for a given iteration, there may 1 − 5, visual embeddings input per class.

Prior to input to the CLIP image ViT encoder, we apply random augmentations

to each sampled image from ImageNet-21k-P. We use an augmentation policy

similar to SimCLR [Ting Chen et al. 2020], which includes RandomResizedCrop,

ColorJitter and RandomGrayscale. We discover that test-time augmentation of

the image exemplars available for the vocabulary in Ctest improves downstream

OVOD performance. For each image exemplar, we generate 5 test-time augmen-

tations. Therefore if we have L image exemplars for a given class in Ctest, 5L

augmented images are encoded using the CLIP image encoder and fused using

the learnt transformer architecture — the visual aggregator — as described in

Section 3.3.3. Use of test-time augmentation is ablated in Section 3.A.

85



3.D Sourcing Image Exemplars

In this section, we detail how image exemplars are sourced when performing ex-

periments using vision-based classifiers and multi-modal classifiers, as described

in Section 3.3.3 and 3.3.4, respectively. We start with an empty image exemplar

dictionary (IED) for the 1203 LVIS classes.

From constructing the image-level dataset IN-L, we know that ImageNet-21k [J.

Deng et al. 2009] contains 997 out of the 1203 classes in the LVIS vocabulary,

using exact WordNet [Miller 1995] synset matching. We add IN-L to our IED.

The result is 988 classes have more than 40 images in ImageNet-21k. This leaves

215 classes for which there are too few or no image exemplars (< 40).

Next, to try and fill this gap, we turn to LVIS itself. We add the LVIS training

annotations with area greater than 322 to our IED. There are now 1095 LVIS

classes with more than 40 examples, leaving 48 classes with at least 10 exemplars

and 60 classes with less than 10 exemplars.

The final dataset we turn to is VisualGenome [Krishna et al. 2017], which provides

bounding box annotations for 7605 WordNet synsets. We include the annotations

from VisualGenome with an exact WordNet synset match with the LVIS vocab-

ulary to our IED. We now have 1110 LVIS classes with at least 40 exemplars

and 1160 with at least 10 exemplars. Reducing our minimum required number of

exemplars per class from 40 to 10 leaves 43 classes with too few exemplars.

At this point, we inspect each of the remaining 43 classes by hand and find that

all have other synsets present in ImageNet-21k which are visually identical or

very similar. For example, “anklet” is a “common” class in LVIS, for which LVIS

gives a definition of “an ornament worn around the ankle” and a WordNet synset

of anklet.n.03. This synset is not found in ImageNet-21k but anklet.n.02,

defined as “a sock that reaches just above the ankle” by WordNet, is present

and visual inspection shows these images to actually exactly match anklet.n.03.

Therefore, we add ImageNet-21k images relating to anklet.n.02 to our IED. As

another example, penny.n.02 (as in the penny coin) is a “rare” class in LVIS

for which exemplars could not be found automatically. However, ImageNet-21k

contains images of coin.n.01 which is a hypernym penny.n.02. The images for

coin.n.01 are visually extremely similar and often identical to those one would
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expect for penny.n.02 and so we add ImageNet-21k images relating to coin.n.02

to our IED.

After applying some human effort as described above, our IED contains at least 40

image exemplars for 1110 (92% of LVIS classes) and at least 10 image exemplars

for all LVIS classes.
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3.E Varying Number of Image Exemplars for Vision-

based Classifiers

In this section we show results using vision-based classifiers varying the number

of K image exemplars used per class. Figure 3.5 shows performance on the LVIS

OVOD benchmark for rare classes using K = 1, 2, 5, 10, where K is the number of

image exemplars per class used. We compare our method which makes use of our

aggregator (red dashed), which has a transformer architecture, with the simple

vector mean of the embeddings (blue solid) for the K image exemplars. In both

cases we apply the ‘gentle’ TTA detailed and ablated in Section 3.A.

These results use LVIS-base as detection training data, no additional image-level

labelled data i.e. Dimg = ∅ and CLIP ViT-B/32 as the pre-trained visual encoder

to produce initial embeddings from each exemplar.

Figure 3.5 shows that for each value of K, the use of our aggregator boosts per-

formance on rare classes demonstrating the utility of our aggregator at combining

the most useful information from the K given exemplars. Our method for K = 5

surpasses the performance of K = 10 with simple vector averaging. For K = 1,

our method improves performance by 2.3 APr which further demonstrates the im-

proved feature representation — K = 1 involves no aggregation as only 1 exemplar

is available per class.

Furthermore, we compare to the performance of our text-based classifiers which

make use of rich class descriptions sourced from a GPT-3 model. Our vision-based

classifiers cannot surpass the performance of our text-based classifiers demonstrat-

ing the need for more research into using image exemplars for OVOD.
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Figure 3.5: Detection performance of our vision-based classifiers on the LVIS
OVOD benchmark. We vary the number of image exemplars available per class, K,
to investigate the effect of the number of image exemplars on OVOD performance.

3.F Additional Example Class Descriptions

In this section we show a selection of rich class descriptions sourced from the

text-davinci-002 text completion model from OpenAI. For each class in the

LVIS vocabulary we generate 10 rich descriptions. We also give the LVIS frequency

category — rare, common, frequent.

3.F.1 Generated descriptions for “bagpipe” (rare)

1. A bagpipe is a wind instrument with a bag that is filled with air.

2. A bagpipe typically consists of a blowstick, a chanter, and one or more drones.

3. A bagpipe is a musical instrument that has a bag, a blowpipe, and usually two

drones.

4. A bagpipe is a wind instrument with a bag that collects air, a reed pipe for

each note, and a blowpipe.

5. A bagpipe is a musical instrument that is played by blowing into a bag of air.

6. Bagpipes vary in appearance, but most have a bag made from a animal skin, a

blowpipe, a chanter, and one or more drones.

7. A bagpipe is a musical instrument that has a bag, a blowpipe, and usually drone

pipes.
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8. A bagpipe is a musical instrument that is usually made out of wood.

9. A typical Highland bagpipe has a chanter with a double reed, a blowstick, three

drones with single reeds, and a bag.

10. A bagpipe consists of a blowing bag, a chanter, a drone, and usually one or

more drones.

3.F.2 Generated descriptions for “trench coat” (rare)

1. A trench coat is a coat made of heavy cloth, sometimes waterproof, that hangs

to about knee length.

2. A trench coat looks like a long, military-style coat.

3. A trench coat typically looks like a long, belted raincoat.

4. A trench coat is a long, water-resistant coat that is typically worn over top

of a suit.

5. A trench coat typically has a removable liner, a double-breasted front, and

belted cuffs.

6. A trench coat generally refers to a type of coat that is longer than waist length.

7. A trench coat is a coat that is usually a little bit longer than waist length,

has a tie or a belt around the waist, and has a collar.

8. A trench coat is a coat made of waterproof material, typically hip-length or

longer, with a belt and a collar.

9. A trench coat is a long, light coat with a belt.

10. A trench coat is a raincoat made of heavy-duty fabric, typically poplin, gabardine,

or drill.

3.F.3 Generated descriptions for “walrus” (rare)

1. A walrus is a large, flippered marine mammal with a bulky body, short limbs,

and a large head with two long tusks protruding from the mouth.

2. A walrus is a blubbery mammal with long tusks, whiskers, and a seal-like face.

3. A walrus is a large, flippered marine mammal with a long, tusked head.

4. A walrus is a stocky, rounded pinniped with small flippers, short fur, and long

tusks.

5. A walrus is a large, flippered marine mammal with a bulky body, short tail,

and wide, flat head.

6. A walrus is a large ocean mammal with two long tusks, a thick fur coat, and

large flippers.

7. A walrus is a large flippered marine mammal with a discontinuous distribution

about the North Pole in the Arctic Ocean and sub-Arctic seas of the Northern

Hemisphere.

8. A walrus is a large flippered marine mammal with a thick fur coat.
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9. A walrus is a large marine mammal with a body shaped somewhat like a seal.

10. A walrus is a seal with a long face and large tusks.
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3.F.4 Generated descriptions for “briefcase” (common)

1. A briefcase is a rectangular, portable case used to hold papers, documents,

or other materials.

2. A briefcase is a small case used to carry documents and other small items.

3. A briefcase is a small, rectangular-shaped case that is used to carry important

documents or other items.

4. A briefcase is typically a rectangle shaped bag made of leather or synthetic

materials.

5. A briefcase generally looks like a small, rectangular case made out of a variety

of materials, such as leather, canvas, or nylon.

6. A briefcase is a narrow rectangular case used to carry documents and other valuables.

7. A briefcase is a box-shaped bag typically used by businesspeople to transport

important documents.

8. A briefcase is a rectangular leather case with a handle.

9. A briefcase is a small case used to carry documents and other small items.

10. A typical briefcase is rectangular and has a handle on the top.

3.F.5 Generated descriptions for “coin” (common)

1. A coin is a small, flat, round piece of metal or plastic that is used as money.

2. A coin has a head side and a tail side.

3. A coin is usually a small, flat, round piece of metal or plastic that is used

as money.

4. A coin has a round shape and is flat.

5. A coin generally has a circular shape with a raised edge, and two faces –- one

on each side.

6. A coin is a small, flat, round piece of metal or plastic that is used as money.

7. A coin is a round piece of metal with an image on one side and the words “United

States of America” on the other.

8. A coin is a small, round, flat piece of metal or plastic that is used as money.

9. Sure, a coin is a small, round, flat piece of metal or plastic that is used

as money.

10. A coin is a small, round, metal disk with an image on one side and raised lettering

on the other.

3.F.6 Generated descriptions for “waffle” (common)

1. A waffle is a pancake-like pastry that is cooked in a waffle iron and has a

distinctively grid-like pattern on the top and bottom.

2. A waffle is a dish made from leavened batter or dough that is cooked between
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two plates that are patterned to give a characteristic size, shape, and surface

impression.

3. A waffle is a thin, round, batter-based cake that is cooked in a waffle iron

and is usually served with syrup.

4. A waffle looks like a round, honeycomb-patterned cake that is cooked in a waffle

iron.

5. A waffle is typically a leavened batter or dough that is cooked between two

plates that are patterned to give it a characteristic size, shape, and surface

impression.

6. A waffle looks like an egg-shaped pancake with deep indentations.

7. A waffle looks like a grid of squares.

8. A waffle is a pancake-like pastry that is made from a leavened batter or dough

and is cooked between two heated plates.

9. A waffle is a pancake-like food that is cooked in a waffle iron.

10. A waffle is a hotcake with different patterns on it.
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3.F.7 Generated descriptions for “avocado” (frequent)

1. An avocado looks like a pear-shaped fruit with green or blackish skin.

2. It is a green fruit that has a dark brown or black seed in the center.

3. An avocado is a pear-shaped green fruit with smooth, green skin and a large

seed in the center.

4. An avocado is a fruit that is brown and bumpy on the outside and green and creamy

on the inside.

5. An avocado is a fruit with a dark green or blackish skin and a soft, fleshy

inside.

6. An avocado is a green, pear-shaped fruit with a smooth, fleshy texture.

7. An avocado is a pear-shaped fruit with smooth, green skin.

8. An avocado is shaped like an egg and has a greenish-brownish skin.

9. An avocado is typically a dark green or black color on the outside with a soft,

light green or yellow color on the inside.

10. An avocado is a pear-shaped fruit with smooth, green skin and a large, pit in

the center.

3.F.8 Generated descriptions for “sausage” (frequent)

1. A sausage is a cylindrical shape made of ground meat, typically pork, and a

variety of spices and other ingredients.

2. A sausage is typically a ground-up mix of pork, beef, or other meats with spices

and salt, encased in a thin skin.

3. A sausage is typically a cylindrical shaped food made from ground meat, spices,

and other ingredients.

4. A sausage is a long, thin, cylindrical piece of meat.

5. Sausages are typically long, cylindrical shaped foods made from ground meat

and spices.

6. A sausage is a tubular meat product typically made from ground pork, beef, or

poultry.

7. A sausage is a cylindrical casing filled with meat, typically pork, and various

herbs and spices.

8. A sausage looks like a tubular shape made of ground up meat that is usually

encased in a thin layer of intestine.

9. A sausage is a cylindrical casing of meat that is typically filled with ground

pork, although many other variations exist.

10. When cooked, a sausage is typically cylindrical and can vary in length.

3.F.9 Generated descriptions for “spectacles” (frequent)
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1. A spectacle is a pair of eyeglasses.

2. A spectacles is a type of eyewear that consists of a frame that holds two lenses

in front of the eyes.

3. Spectacles are a type of eyewear that helps people see more clearly.

4. Spectacles are glasses that are worn in order to improve vision.

5. A spectacles usually refers to a glass or plastic lens worn in front of the

eye to correct vision, or protect the eye from debris, dust, wind, etc.

6. A spectacles is a type of corrective lens used to improve vision.

7. A spectacle is a lens worn in front of the eye to correct vision, for cosmetic

reasons, or to protect the eye.

8. A spectacles has a frame that goes around your head and two lenses in front

of your eyes.

9. A spectacles has two glass or plastic lenses in metal or plastic frames that

rest on the ears.

10. A pair of spectacles is a frame that holds two eyeglasses lenses in front of

a person’s eyes.
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3.G Example Image Exemplars

In this section we show a selection of image exemplars, for LVIS classes, found using

the process described in Section 3.D. We also give the LVIS frequency category

— rare, common, frequent. For cases where the image exemplar comes from a

dataset with bounding boxes (LVIS or VisualGenome) we show the bounding box

in yellow.

Figure 3.6: Image Exemplars for “puffin” (rare).

Figure 3.7: Image Exemplars for “apricot” (rare).

Figure 3.8: Image Exemplars for “flamingo” (common).

Figure 3.9: Image Exemplars for “lantern” (common).
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Figure 3.10: Image Exemplars for “aerosol can” (common).

Figure 3.11: Image Exemplars for “wineglass” (frequent).

Figure 3.12: Image Exemplars for “beanie” (frequent).

Figure 3.13: Image Exemplars for “fire engine” (frequent).
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3.H More Qualitative Results

In this section we show more rare category detections on the LVIS OVOD bench-

mark using our multi-modal classifier trained with IN-L.

diary.n.01 dinghy.n.01 beach_ball.n.01 boom.n.01

bowling_ball.n.01 burrito.n.01 candy_bar.n.01 cargo_ship.n.01

casserole.n.01cocoa.n.01 cornbread.n.01coverall.n.01 cylinder.n.01

drumstick.n.01

eclair.n.01

funnel.n.01lab_coat.n.01 mallet.n.01

milestone.n.01 omelet.n.01 papaya.n.01 roller_skate.n.01

sharpie.n.01sugar_bowl.n.01trench_coat.n.01satchel.n.01 martini.n.01

Figure 3.14: Additional qualitative results on LVIS OVOD benchmark.

98



3.I Dugong

Figure 3.15: An example of a dugong — a visually distinctive marine species with
a less well known name.
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Chapter 4

THRONE: A Hallucination

Benchmark for the Free-form

Generations of Large

Vision-Language Models

The previous paper utilised multi-modal information to improve the performance

of open-vocabulary object detection. In contrast, this paper considers the halluci-

nation of objects in multi-modal models—specifically large vision-language models.

Objects hallucinations in text generations from large vision-language models are

similar to false positives in object detection.

The paper has been accepted for publication at the IEEE Conference on Computer

Vision and Pattern Recognition (CVPR), 2024. At the time of thesis submission,

the paper was under review at the same conference (reflected in the statement of

authorship).
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Abstract

Mitigating hallucinations in large vision-language models (LVLMs) re-

mains an open problem. Recent benchmarks do not address hallucina-

tions in open-ended free-form responses, which we term “Type I halluci-

nations”. They focus on, if at all, hallucinations responding to very specific

questions—yes-no or multiple-choice questions regarding a particular object

or attribute—which we term “Type II hallucinations”, and they often require

closed-source models which are subject to arbitrary change. Additionally,

we observe a reduction in Type II hallucinations does not lead to a congru-

ent reduction in Type I hallucations; rather, it often increases. We propose

THRONE, a novel automatic framework for quantitatively evaluating Type

I hallucinations in LVLM free-form outputs. We use public language models

(LMs) to identify hallucinations in LVLM responses and compute informa-

tive metrics. We evaluate a large selection of recent LVLMs using public

datasets. Our results show advances on existing metrics are disconnected

from the reduction of Type I hallucinations, and established benchmarks

for measuring Type I hallucination prevalence are incomplete. Finally, we

provide a simple and effective data augmentation method to reduce Type I

and Type II hallucinations as a strong baseline.

102

mailto:lzhizhon@amazon.com
mailto:prannay@robots.ox.ac.uk


4.1 Introduction
1. Is there a person?
2. Is there a car?
3. Is there a bus?
4. Is there a truck?
5. ...

Describe 
this image 
in detail.

Large 
Vision 

Language 
Model

External 
Language 

Model

The image features a green 
double-decker bus parked 

next to a red double-decker 
bus. The green bus is 

positioned in front of the 
red bus, and both buses are 
parked on the side of a 

road. The green bus is quite 
large, occupying a 

significant portion of the 
scene.

There are several people in 
the image, with one person 
standing near the green bus 
and two others closer to the 
red bus. Additionally, there 
is a car parked further back 
in the scene, on the right 

side of the road.

1. Yes
2. Yes
3. Yes
4. No
5. ...

Figure 4.1: THRONE (Ours): LVLMs are prompted with a concept neutral in-
struction. An external LM performs abstractive QA on the response to establish
the existence of Type I hallucinations.

This paper proposes a benchmark to evaluate hallucinations by large vision-language

models (LVLMs) when generating free-form responses, specifically detailed descrip-

tions, based on a given image.

The rapid advancement in large language models (LLMs) [W. X. Zhao et al. 2023]

has pushed the growth in large vision-language models (LVLMs) [Tsimpoukelli et

al. 2021; Alayrac et al. 2022; Junnan Li et al. 2022; Junnan Li et al. 2023; W. Dai

et al. 2023; S. Huang et al. 2023; Z. Peng et al. 2023; H. Liu et al. 2023b; Q. Ye et al.

2023; D. Zhu et al. 2023; J. Chen et al. 2023] which can produce text responses like

LLMs, but condition on input text and images, enabling multi-modal perception

and comprehension.

LVLMs are largely built on LLMs and therefore inherit their advantages, but

also their disadvantages. LLMs have been shown to produce hallucinations [H.

Ye et al. 2023; Yue Zhang et al. 2023]—generations which appear plausible but

are factually wrong—and current LVLMs also demonstrate this critical issue—

models generate text contradicting evidence in the visual input [Y. Zhou et al.

2023]. Hallucinations prevent the use of LVLMs in safety-critical situations such

as medical image analysis and therefore evaluating and mitigating hallucinations in

LVLMs is crucial for their deployment in such settings. Determining the presence
? Work done during internship at Amazon. †Corresponding author.
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(negative)
Is there a cat 
in this image?

Large 
Vision 

Language 
Model

Yes, there is 
a dog sitting 
next to the 
person in 

this image.

Response 
Parsing

No

(positive)
Is there a dog 
in this image?

No, there is 
not a cat in 
this image

Yes

Figure 4.2: POPE: Questions with specific concepts prompt an LVLM directly to
evaluate Type II hallucinations [Yifan Li et al. 2023]. Hand-crafted rules parse
LVLM responses to give yes/no labels.

and cause of hallucinations in LVLMs remains an open question [Junyang Wang

et al. 2023; Y. Zhou et al. 2023].

We divide LVLM hallucinations into two types, namely: Type I, occurring when

an LVLM answers an open question and is not guided by a user’s text instructions

to consider a particular concept—e.g. What is happening in this image?; and

Type II, occurring when an LVLM is guided towards a specific concept by text

instructions and invites a response from a fixed set of options like yes-no—e.g. Is

there a traffic light in this image? Fig. 4.3 illustrates the difference be-

tween these two types of hallucination. Reducing hallucinations in both cases is

required for useful, multi-purpose LVLMs. However, later in Fig. 4.4 we observe

that the same LVLM can give contradicting answers when being evaluated for

Type I vs. Type II hallucinations. This implies that measuring and reducing one

is not a substitute for the other.

Existing works to evaluate LVLMs largely ignore direct quantification of hallu-

cinations and instead develop comprehensive benchmarks to judge various other

desirable abilities such as: optical character recognition, fine-grained recognition

and attribute detection [Bohao Li et al. 2023; C. Fu et al. 2023; Y. Liu et al. 2023].

The extent of hallucinations in these benchmarks is not delineated and requires hu-

man effort to inspect individual predictions. There are two major established works

which specifically evaluate hallucinations in vision-language models: POPE [Yi-

fan Li et al. 2023] and CHAIR [Rohrbach et al. 2018], which we discuss in detail

in Section 4.2. However, we observe they both have shortcomings in effectively

benchmarking hallucinations:
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POPE [Yifan Li et al. 2023] is a recent work addressing Type II hallucinations

with respect to object classes. However, we find Type I and Type II hallucinations

are disconnected—POPE gives an incomplete picture on LVLM hallucinations.

Moreover, POPE systematically undersamples negative object categories leading

to a large underestimation of Type II hallucinations (see Section 4.5.4).

CHAIR [Rohrbach et al. 2018] does address Type I hallucinations—establishing

object category hallucination in short image captions using simple text matching.

However, CHAIR is not suited to current LVLMs because the simple text matching

it employs cannot comprehend abstract or hypothetical concepts present in today’s

LVLMs (see Fig. 4.4). Further, manual rules for each set of classes are required

for usable text matching, and trivial model generated outputs can attain a perfect

CHAIR score.

To address the issues of current LVLM hallucination benchmarks, we propose

THRONE (Text-from-image Hallucination Recognition for Open-eNded Evaluation),

which leverages language models (LMs) to evaluate Type I hallucinations in free-

form, open-ended image descriptions with respect to an object vocabulary of in-

terest. By utilizing LMs, THRONE is able to accurately judge whether an object

mentioned in an LVLM response is implied to exist in the image or is abstractly

alluded to (see Fig. 4.4).

Moreover, in THRONE, we provide access for all, by leveraging open-source LMs

that can run on common GPUs, instead of relying on paid closed-source commercial

models [OpenAI 2023a] that are subject to arbitrary change, as done in other

works [Bohao Li et al. 2023; Y. Liu et al. 2023; Bitton et al. 2023]. Through a

combination of multiple open-source LMs, we ensure THRONE is robust to any

biases of a particular LM in judging Type I hallucinations.

We make four contributions: first, we establish an accurate and accessible bench-

mark to quantitatively evaluate object hallucinations in free-form responses, lever-

aging LMs to judge the existence of Type I hallucinations—quantitatively show-

ing half the judgement errors of CHAIR; second, we evaluate a number of current

LVLMs on THRONE and demonstrate observed progress in reducing Type II hal-

lucinations do not correspond to a congruent reduction in Type I hallucinations;

third, we show a recent method, POPE, is incomplete in Type II hallucination
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discovery due to its sampling strategy, and mitigate this issue in THRONE while

presenting results for a complete version of POPE; and fourth, we provide a sim-

ple augmentation of visual instruction tuning data which significantly improves

performance on Type I hallucinations, while maintaining or improving Type II

hallucination performance.

4.2 Related Work

Hallucination Benchmarks for LVLMs. In response to the development of

LVLMs, few evaluation benchmarks focusing on hallucinations have been intro-

duced. CHAIR [Rohrbach et al. 2018] is one of the first works to assess hallucina-

tions, designed for short image captions. CHAIR uses a fixed set of object classes,

extended with their synonyms, as text strings to find predicted object classes in

image captions via exact text matching. Subsequently, each class matched in the

caption is compared to the COCO [T.-Y. Lin et al. 2014] captions and bounding

box annotations to establish object hallucinations. CHAIR was developed prior

to current instruction-tuned LVLMs which produce long free-form responses (10×

longer than image captions) with a diverse vocabulary, limiting its applicability to

modern LVLMs. As shown in Fig. 4.3, exact text matching in CHAIR cannot un-

derstand abstract concepts alluded to in a free-form response, and synonyms have

to be manually cross-checked to prevent confusion during evaluation e.g. CHAIR

checks all responses for the phrase “toilet seat”, because the exact text match-

ing classifies “seat” as the COCO class “chair”. Finally, CHAIR metrics compare

the overall number of predicted objects to the overall number of predicted objects

judged to be hallucinations—ignoring the recall of ground-truth objects and the

distribution of object classes. This means a single correct prediction across the

entire evaluation dataset along with a generic response otherwise e.g. A natural

scene, achieves a perfect score (0 hallucinated objects
1 predicted objects = 0.0). See the Supplementary

Material for a full overview of CHAIR. Our method, THRONE, uses open-source

LMs, capable of comprehending abstract concepts, to automatically judge halluci-

nations in free-form responses. In addition, our method considers both recall and

precision to yield a holistic benchmark and does not require any manual curation.

THRONE and CHAIR both evaluate Type I hallucinations—hallucinations in

response to concept-neutral prompts e.g. Describe this image in detail.
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POPE [Yifan Li et al. 2023] is a recently proposed benchmark to evaluate object

hallucinations in LVLMs—specifically Type II hallucinations, in which an LVLM is

directly queried with a yes-no question regarding the existence of a particular ob-

ject of the form: Is there {a/an} {object_class_name} in the image?. The

LVLM response is parsed using simple rules to determine whether a Type II hallu-

cination has occurred. Precision and recall metrics are compiled using the parsed

LVLM responses and the ground-truth annotation data. Despite focusing on mea-

suring hallucinations, POPE only queries an LVLM with 3 positive and 3 sampled

negative questions per COCO image i.e. the evaluation is artificially balanced.

This means many potential hallucinations with respect to the COCO categories

are not captured by their method. In Section 4.5.4, we show POPE dramatically

underestimates Type II hallucinations and present the results of a complete ver-

sion. Our method, THRONE, evaluates the prevalence of Type I hallucinations,

which we observe are disjoint to Type II hallucinations.

Comprehensive Benchmarks for LVLMs have recently grown in number.

MMBench [Y. Liu et al. 2023] and MM-Vet [Yu et al. 2023] assess various as-

pects of LVLM performance such as: color perception, celebrity recognition, and

numerical calculation. However, these works use paid closed-sourced API models

for evaluation. We believe this reduces access to the wider community and lacks

reproducibility as closed-sourced API calls are stochastic and models are often

updated or discontinued. Exceptions are MME [C. Fu et al. 2023] and SEED-

Bench [Bohao Li et al. 2023], but the impact of Type II hallucinations on final

metrics is conflated with any number of other aspects of model performance. Our

method, THRONE, directly addresses Type I hallucinations, only making use of

open-source language models and datasets.

Large Vision Language Models (LVLMs) have rapidly developed on the back

of advancements in large language models (LLM) [Touvron et al. 2023a; Raffel et

al. 2020; Brown et al. 2020]. In contrast to earlier vision-language models such as

CLIP [Radford et al. 2021; Jia et al. 2021], LVLMs are generally comprised of a

pretrained LLM and image encoder, aligned with a connector module of varying

complexity. Some works are highlighted here. Frozen [Tsimpoukelli et al. 2021] is

an early work fine-tuning the vision encoder to dynamically prefix the prompt to a

frozen LLM. Flamingo [Alayrac et al. 2022] combines visual and language features
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Prompt ResponseImage

What is 
happening in 
this image?

In the image, a 
man is hanging 
clothes on a 

clothesline that 
is attached to 
the back of a 
moving car.

Is there a 
traffic light in 
this image?

Yes, there is a 
traffic light in 
the image, and 
the man is 

standing on the 
back of a car 

near it.

Figure 4.3: Type I vs. Type II Hallucinations: (Top) LVLMs prompted with
concept-neutral instructions produce Type I hallucinations. (Bottom) Instructions
specifying a concept produce Type II hallucinations. Examples from LLaVA-
v1.5 [H. Liu et al. 2023a].

using cross-attention layers in an otherwise frozen LLM. BLIP-2 [Junnan Li et al.

2023] uses a frozen image encoder to learn a Querying-Transformer (Q-Former)

on image-text pairs that is used as the connector. This architecture is adapted

in [W. Dai et al. 2023] for dialogue via training with visual instruction tuning.

LLaVA [H. Liu et al. 2023b] uses COCO [T.-Y. Lin et al. 2014] annotations and

GPT-4 [OpenAI 2023a] to generate visual instruction tuning data in a plain-text

pipeline. Combining this generated data with standard VQA datasets (VQAv2

etc.) further boosts performance [H. Liu et al. 2023a]. Different works modify

the training approach by using efficient adaptation [Q. Ye et al. 2023; E. J. Hu

et al. 2022] multiple training stages [Bai et al. 2023b] or introduce the use of

discrete tokens for localization [Z. Peng et al. 2023]. We note however, that most

of these works evaluate performance on traditional vision-language datasets like

VQAv2 [Antol et al. 2015], which do not consider the extent of hallucinations, a

known problem with LLMs [Yue Zhang et al. 2023; H. Ye et al. 2023].

4.3 THRONE

POPE [Yifan Li et al. 2023] and other benchmarks (MME [C. Fu et al. 2023], MM-

Bench [Y. Liu et al. 2023]) directly query LVLMs with a restricted desired answer

space, e.g. yes-no (MME, POPE) and A-B-C-D multiple choice (MMBench), as
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Is there...
a person [No]

a banana [Yes]
an apple [No]

an orange [No]
...in the image?

No, there is no person in the image. [No]
Yes, there is a banana in the image. [Yes]

No, there is not an apple in the image. [No]
No, there is no orange in the image. [No]

No Type II Hallucinations Found

Type II Hallucination Evaluation (POPE)
Instruction [GT] Response [Prediction]

Instruction
Type I Hallucination Evaluation

Response

Describe this image in 
detail.

The image showcases a fruit stand at a grocery 
store, featuring a variety of fruits on 
display. There are several bunches of bananas, 
with some placed in the foreground and others 
in the background. The bananas are arranged in 
different sections, creating an appealing 
presentation for customers. In addition to the 
bananas, there are also apples and oranges on 
display. The apples are located towards the 
left side of the image, while the oranges are 
placed in the middle and right side of the 
stand. The fruits are well-organized and 
presented in an attractive manner, making it 
an inviting sight for shoppers.

Type I Hallucinations Present and Found
MSCOCO Object Prediction from Description

Human CHAIR THRONE (Ours)
banana

apple orange
banana person
apple orange

banana
apple orange

◼ - GT Class
◼ - Type II 
Hallucination
◼ - Hypothetical 
Content (not a 
Hallucination)

Figure 4.4: A Comparison of POPE, CHAIR and THRONE: Directly
querying LVLMs for object existence (person, banana etc.) using concept-specific
instructions, as in POPE (bottom left), does not produce the same hallucinations,
if any, as using concept-neutral instructions (right). We highlight the Type I hallu-
cinations in orange. CHAIR relies on exact text matching to a fixed set of objects
and synonyms, thus incorrectly labels “customers” and “shoppers” as hallucina-
tions, highlighted in red. THRONE is designed for the rich vocabulary and the
free-form generations of modern LVLMs by harnessing LMs to establish object
existence. By using an LM to pass judgement, our evaluation correctly captures
“customers” and “shoppers” as hypothetical content in the free-form generation.

shown in Fig. 4.2. These benchmarks only consider such short answers, whereas

the impressive performance in LVLMs is in generating free-form coherent text.

Moreover, POPE, which addresses Type II hallucations, undersamples negative

classes meaning hallucinations are dramatically underestimated (see Section 4.5.4

and Fig. 4.7). On the other hand, we use all classes for every image, ensuring a

full evaluation of Type I hallucinations.

CHAIR [Rohrbach et al. 2018] also evaluates Type I hallucinations, but was devel-

oped when vision-language models could only generate short and simple captions

similar to those in COCO Captions [H. Fang et al. 2015]. Moreover, it lacks accu-

rate comprehension of responses (see the right side of Fig. 4.4) and ignores the re-

call of groundtruth objects. In Section 4.5.5, we describe quantitative evaluations,

using a human oracle, which demonstrate THRONE halves the rate of halluci-

nation misjudgement in CHAIR. See Section 4.2 and the Supplementary Material

for more details on CHAIR and its shortcomings. Fig. 4.4 shows an overview of

the three aforementioned methods: POPE, CHAIR and our method, THRONE.
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4.3.1 Evaluating Hallucinations with THRONE

To address these limitations, we propose a framework, THRONE, shown in Fig. 4.1,

to evaluate the prevalence of Type I hallucinations in LVLM responses conditioned

on an image and a neutral text prompt.

For each image in a labeled dataset, I, addressing a set of classes, C, the LVLM

is queried with the same instruction: Describe this image in detail., re-

gardless of image content. The LVLM response, which is expected to be long

free-form text containing an image description, is generated and stored. Next,

a publicly available, open-source, external language model (LM) performs ab-

stractive question answering (AQA) using the LVLM response as context and a

question of the form: Please answer yes or no. Is there {a/an} {object

class name} in this image? or similar, for every class in C (right side of Fig. 4.1).

By selecting an appropriate LM and using a simple prompt template (see Sec-

tion 4.4 for specific details), we ensure the AQA response is either yes or no—our

method does not require any additional parsing. This is in contrast to other works

which require added parsing or interpretation by a paid closed-source model.

After performing AQA on each response generated by the LVLM for every class

in C, we obtain an array of predicted labels:

Ŷ ∈ {0, 1}|I|×|C| (4.1)

where 0/1 indicates a negative/positive existence judgement by the LM with re-

spect to the relevant LVLM response.

Similarly using the ground-truth data for I, an array of ground-truth labels can

be constructed:

Y ∈ {0, 1}|I|×|C| (4.2)

Using these two arrays, we calculate four metrics: (1) Overall Precision, PALL;

(2) Overall Recall, RALL; (3) Classwise Precision, PCLS; and (4) Classwise Recall,

RCLS. Overall metrics are calculated in a class-agnostic manner. Classwise metrics

are calculated in a class-conscious manner, by computing precision and recall for

each category separately and then averaging. This follows common practice in
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object detection and instance segmentation [T.-Y. Lin et al. 2014; Everingham

et al. 2010].

False positives in LVLMs reduce precision, and are dominated by hallucinations—

precision indicates the extent of Type I hallucinations in LVLM responses. The

recall metrics inform the level of class coverage by an LVLM when producing image

descriptions. The classwise metrics give a general measure of performance as the

overall metrics are skewed towards the most common categories. A common way

to combine precision, P , and recall, R, metrics is through the generalized F score,

Fβ:

F β = (1 + β2) · P ·R
(β2 · P ) +R

(4.3)

Prior work such as POPE [Yifan Li et al. 2023], use the common balanced F-

score (or F 1-score) which equally weights precision and recall. However, given

THRONE is concerned with measuring hallucinations and is therefore particu-

larly interested in precision, we choose β = 0.5 or the F 0.5-score, thereby weighing

precision twice as important as recall. The F 0.5-score is commonly used in pan-

demic misinformation filters [Purnat et al. 2021], recommendater systems [Ng et

al. 2014], active stock selection [Rossi et al. 2020] and other areas where false pos-

itives are costlier than false negatives. From this we can calculate the overall and

classwise F 0.5-scores, F 0.5
ALL and F 0.5

CLS, respectively. To mitigate against class im-

balance issues, we use F 0.5
CLS as the principle metric of comparison between LVLMs

in THRONE.

4.3.2 Ensuring Robustness via Ensembling

Any LM used for AQA in THRONE may misjudge Type II hallucinations—no

LM is perfect. Fig. 4.5 (top) shows two different variants from the same model fam-

ily (FLAN-T5 [Longpre et al. 2023]), yielding opposite responses when prompted

with the same response and question. Moreover, an LM may yield different answers

to semantically identical questions, despite conditioning on the same response—

shown in Fig. 4.5 (bottom). To ensure THRONE is robust to spurious perfor-

mance by any one LM, we ensemble various LMs and semantically equivalent

question formats. The use of N distinct LMs and M distinct question formats

yields NM answers for each (LVLM response, class) combination. This set of
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The image features a 
dining table with a 
delicious slice of 
chocolate cake on a 
white plate. The cake is 
accompanied by a glass 
of beer, which is placed 
on the table as well. 
There are two bowls on 
the table, one near the 
cake and the other 
further away. A fork is 
also visible on the 
table, ready to be used 
for enjoying the cake. 
The scene creates a cozy 
and inviting atmosphere 
for a delightful dessert 
and beverage experience.

FLAN-T5-Base

Please answer yes or no.
Is there a knife in this image?

no

Please answer yes or no.
Does the text give evidence for 
a knife being present?

FLAN-T5-Large yes

FLAN-T5-Large no

Figure 4.5: AQA Ensembling in Evaluation: Using different LMs or different
prompts when running AQA on LVLM generated responses can produce opposing
answers to identical prompts or identical LMs. To ensure THRONE is robust to
this, we ensemble multiple LMs and multiple prompts in our evaluation pipeline.

NM answers is combined based on equal voting by each (LM, question) pair to

“elect” the predicted answer. Continuing the notation from Eq. (4.1), stacking

predictions from each (LM, question) pair yields a 3D array of predicted labels:

Ȳ ∈ {0, 1}|IOURS|×|COURS|×NM . To combine the answers from each (LM, question)

pair via voting, we require agreement between at least k answers. Where suffi-

cient agreement does not exist we introduce an “ignore” label. Mathematically,

the elements in Ŷ (from Eq. (4.1)) are calcuated as:

Ŷi,j =



0, ∑NM
k=1 Ȳi,j,k ≤ (NM − k)

1, ∑NM
k=1 Ȳi,j,k ≥ k

−1, otherwise

where an “ignore” label exists in Ȳ, it is removed from the calculations of PALL,

RALL, PCLS, and RCLS, as we cannot be confident in the AQA process for that par-

ticular (LVLM response, class) combination. The choice of k reflects the desired

level of confidence. We make use of a unanimous voting mechanism (k = NM)—

use the prediction only if all (LM, question) pairs agree, otherwise ignore. Hu-

man evaluation of our benchmark and choice of voting mechanism is found in the

Supplementary Material. Once we have applied this voting mechanism, we can

calculate the metrics described at the end of Section 4.3.1.
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4.4 Implementation

We provide details of our framework regarding the selection of public datasets,

public LMs and LM prompts.

4.4.1 Dataset

In our benchmark we use COCO [T.-Y. Lin et al. 2014] for a number of reasons:

(1) its annotations of 80 categories are exhaustive at an image level (image-level

recall≈99% [T.-Y. Lin et al. 2014])—if there are many book instances in an COCO

image, at least one is annotated with bounding boxes; (2) many LVLMs are partly

trained on COCO data and so should be familiar with the set of categories; (3)

its images generally contain complex scenes suitable for generating long free-form

descriptions unlike image recognition datasets like ImageNet [J. Deng et al. 2009].

We utilize the validation set of COCO 2017, which contains |I| = 5000 images and

|C| = 80 categories. Using the single LVLM text prompt Describe this image

in detail., we generate 5000 responses. As we query each LVLM response for

each category in C, a single LM performs AQA |I| × |C| = 400k times across the

LVLM responses—one instance of AQA per (image response, class) pair. In Sec-

tion 4.5.3, we also present results using Objects365 [Shao et al. 2019] which is

rarely used in LVLM training.

4.4.2 Language Models

To assess Type I hallucinations in an LVLM response using THRONE, we require

a language model (LM) which can answer questions on the existence of object

categories based on the LVLM response. MMBench [Y. Liu et al. 2023] makes

use of a ChatGPT model to identify multiple choice answer selections and still

reports mistakes. For THRONE, we choose FLAN-T5 models [Longpre et al.

2023; Raffel et al. 2020]. We make this choice because they: (1) have undergone

instruction tuning with thousands of tasks [Longpre et al. 2023]; (2) are open-

source and therefore accessible the community; (3) can fit locally on a single GPU

for the models we choose; (4) follow the request to only respond yes or no; and (5)

are optimized for use in the free and public Text-Generation-Inference API [Face

2023] for acceleration. As described in Section 4.3.2, we utilize N LMs to ensure
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Model L PALL RALL F 1
ALL F 0.5

ALL PCLS RCLS F 1
CLS F 0.5

CLS

LLaMA-Adapter-v2 [P. Gao et al. 2023] 514 63.6 73.3 68.1 65.3 68.2 70.6 69.4 68.7
LLaMA-Adapter-v2.1 [P. Gao et al. 2023] 512 63.8 73.7 68.4 65.5 67.4 71.2 69.3 68.1
InstructBLIP [W. Dai et al. 2023] 525 70.8 74.3 72.5 71.5 77.2 71.9 74.5 76.1
Otter-Image [Bo Li et al. 2023] 257 33.0 31.2 32.1 32.7 25.2 16.9 20.2 22.9
MiniGPT4 [D. Zhu et al. 2023] 473 81.7 59.8 69.0 76.1 79.9 61.8 69.7 75.5
MiniGPT-v2 [J. Chen et al. 2023] 381 79.0 66.6 72.3 76.2 77.6 67.0 71.9 75.2
Qwen-VL-Chat [Bai et al. 2023b] 524 74.7 77.2 75.9 75.2 78.0 76.1 77.0 77.6
mPLUG-Owl [Q. Ye et al. 2023] 555 55.5 71.9 62.6 58.1 66.3 68.3 67.3 66.7
LRV-Instruction-v2 [F. Liu et al. 2023] 103 82.0 56.7 67.0 75.3 78.4 58.8 67.2 73.5
LLaVA-v1.3* [H. Liu et al. 2023b] 532 80.5 65.2 72.1 76.9 79.9 65.3 71.9 76.5
LLaVA-v1.5 [H. Liu et al. 2023a] 509 68.1 61.0 64.4 66.6 69.9 56.4 62.5 66.8

Table 4.1: THRONE Results with COCO for a selection of instruction-tuned
LVLMs. We select F 0.5

CLS as the principal metric for evaluation in our benchmark to
balance across classes and to prioritize precision (which reflects the extent of hallu-
cination) over recall. Best and second-best performance are denoted by blue and
red, respectively. *Our implementation using official code to enable fair compari-
son. L corresponds to the median response length (measured in # of characters).

our method is robust. Specifically, we use N = 3 variants of FLAN-T5, namely:

• FLAN-T5-Base (250M parameters)

• FLAN-T5-Large (780M parameters)

• FLAN-T5-XL (3B parameters)

4.4.3 Prompt Ensembling

To guarantee each of the FLAN-T5 variants we described above, faithfully produce

responses of either yes or no only during AQA, we use the following input template

to each LM, reflecting the format used when training FLAN-T51:

Text: {LVLM Response} Read the text about an image and answer the question. Question:

Please answer yes or no. {Question}

We use M = 3 formulations of question, all with the same semantic meaning:

• Is there a/an {class_name } in this image?

• Does the text imply a/an {class_name } is in the image?

• Does the text explicitly mention a/an {class_name } is in the image?

As outlined in Section 4.3.2, we use a unanimous voting mechanism to combine

the answers from each (LM, question) pair and so k = 3× 3 = 9.
1https://tinyurl.com/5n6nexze
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4.5 Evaluation Results

In this section, we: (1) outline our LVLM selection and reasoning; (2) present

THRONE on COCO for evaluating Type I hallucinations; (3) extend THRONE

to Objects365 (containing a larger vocabulary); (4) analyze and extend POPE to

enable improved evaluation of Type II hallucinations; and (5) highlight results

from our ablation studies found in the Supplemental Material.

4.5.1 Models

For fair comparison between existing LVLMs, each publicly available model we

evaluate uses an LLM with ∼7B parameters. The LVLMs generally have different

sized image encoders–e.g. LLaVA [H. Liu et al. 2023b] uses a CLIP ViT-L/14 [Doso-

vitskiy et al. 2021; Radford et al. 2021] with an input resolution of 336×336, while

InstructBLIP [W. Dai et al. 2023] uses a ViT-g/14 [Zhai et al. 2022] trained with

EVA [Y. Fang et al. 2023] and an input resolution of 224×224—we note pre-trained

image encoder size and resolution is not something we are able to control easily.

Each model we consider contains instruction tuning in the final training phase—

instruction tuned models provide free-form descriptions; THRONE focuses on

models which can generate free-form descriptions. E.g. BLIP-2 [Junnan Li et al.

2023] produces “detailed descriptions” which have a median response length of 31

characters, resembling captions in the COCO Caption dataset, which are often

incoherent and lack detail—whereas InstructBLIP produces responses with im-

proved style and detail with a median reponse length of 525. The Supplementary

Material contains comprehensive details on each of the LVLMs we evaluate.

4.5.2 THRONE Results on COCO

Results are shown in Table 4.1. The principal metric we use to judge model per-

formance is the classwise F 0.5-score (highlighted gray). We also report all the

metrics outlined in Section 4.3.1, (P, R, F 1, F 0.5) for overall (left) and class-wise

averaging (right), utilizing the unanimous voting presented in Section 4.3.2. See

the Supplementary Material for results and an analysis of different voting mecha-

nisms. We observe that Qwen-VL performs best on our benchmark, with LLaVA-

v1.3 performing second best. Interestingly, we find the successor model, LLaVA-
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v1.5, performs markedly worse than its predecessor. Similarly, despite LLaMA-

Adapter-v2.1 and MiniGPT-v2 gaining a lot of ground in POPE (see Fig. 4.7) com-

pared to LLaMA-Adapter and MiniGPT4, both model perform slightly worse on

THRONE. These observations demonstrate that improvements on other bench-

marks (POPE, MME, MMBench etc.) may be orthogonal and potentially at odds

to improved performance on THRONE. Using the results of the 11 LVLMs we

evaluate, THRONE and POPE, which measure Type I and Type II hallucina-

tions, respectively, have a Spearman’s rank correlation coefficient of just 0.2—the

relationship between performance on POPE and THRONE on the same dataset

is far from monotonic. For class-wise precision, PCLS, the best performing models

(MiniGPT and LLaVA-v1.3) hallucinate ∼20% of the objects—we show in the

Supplementary Material that the vast majority of false positive objects in the

free-form image descriptions evaluated are obvious hallucinations rather than mis-

classifications of visually similar objects e.g. mistaking a squash racket for a tennis

racket. These results demonstrate that much work still remains to adequately

suppress Type I hallucinations in LVLMs.

Model PALL RALL F 1
ALL F 0.5

ALL PCLS RCLS F 1
CLS F 0.5

CLS

LLaMA-Adapter-v2 [P. Gao et al. 2023] 46.7 33.9 39.3 43.4 48.9 28.5 36.0 42.8
LLaMA-Adapter-v2.1 [P. Gao et al. 2023] 46.8 34.0 39.4 43.5 48.8 28.8 36.2 42.8
InstructBLIP [W. Dai et al. 2023] 54.5 37.2 44.2 49.8 53.7 33.6 41.3 48.0
Otter-Image [Bo Li et al. 2023] 21.4 12.7 16.0 18.8 9.5 4.4 6.0 7.7
MiniGPT4 [D. Zhu et al. 2023] 53.0 32.9 40.6 47.2 49.9 31.9 39.0 44.9
MiniGPT-v2 [J. Chen et al. 2023] 54.5 36.0 43.4 49.4 51.3 34.6 41.3 46.8
Qwen-VL-Chat [Bai et al. 2023b] 58.3 39.1 46.9 53.1 57.8 35.9 44.3 51.5
mPLUG-Owl [Q. Ye et al. 2023] 43.7 33.4 37.8 41.2 48.2 29.0 36.2 42.6
LRV-Instruction-v2 [F. Liu et al. 2023] 57.5 26.7 36.5 46.7 51.4 26.6 35.1 43.3
LLaVA-v1.3* [H. Liu et al. 2023b] 57.6 32.9 41.9 50.1 52.6 30.5 38.6 45.9
LLaVA-v1.5 [H. Liu et al. 2023a] 54.0 39.5 45.6 50.3 53.9 34.3 41.9 48.4

Table 4.2: THRONE Evaluation with Objects365. Evaluation results for
a selection of instruction-tuned LVLMs, we use a subset of Objects365 for the
THRONE evaluation. Best and second-best performance are denoted by blue
and red, respectively. *Our implementation using official code to enable fair com-
parison.

4.5.3 THRONE Results on Objects365

To demonstrate generality beyond COCO, which many LVLMs train on directly or

indirectly, we apply THRONE to the Objects365 dataset [Shao et al. 2019]. Like

COCO, Objects365 is exhaustive in its image-level class labeling, but has a larger

object vocabulary and is not used as training data in the LVLMs we evaluate. To
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Figure 4.6: Comparing THRONE on COCO and Objects365. We observe
that despite variations in the data distribution, THRONE metrics, which measure
Type I hallucinations generalize and have a strong Spearman’s rank correlation
of r = 0.900. LLaVA-v1.5 designated as an outlier and ignored when calculating
ranking correlation.

gather a manageable subset of the Objects365 validation set (80k images), we use

the natural sampling algorithm from [K. Lee et al. 2022], resulting in 5110 images

(the COCO validation set has 5k images). We present the results for THRONE on

Objects365 in Table 4.2. We observe again that Qwen-VL-Chat [Bai et al. 2023b]

performs best on THRONE. Unlike for COCO (Table 4.1), we find that LLaVA-

v1.5 [H. Liu et al. 2023a] performs better than LLaVA-v1.3 [H. Liu et al. 2023b]

on Objects365, but note this is largely due to increased recall. This likely results

from additional training data exposing LLaVA-v1.5 to a greater number of concepts

than LLaVA-v1.3, which only trains on visual instruction tuning data derived from

COCO. Similarly, LLaMA-Adapter-v2.1 and MiniGPT-v2 marginally improve over

LLaMA-Adapter and MiniGPT4, respectively, by having better recall, despite

showing much larger gains on POPE. Figure 4.6 shows the strong correlation

in THRONE performance between evaluating on COCO and Objects365. This

demonstrates measuring Type I hallucinations in an LVLM using THRONE with

a relatively small dataset like COCO, is indeed indicative of the intrinsic level of

Type I hallucination in a given LVLM.
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Figure 4.7: Instability of POPE to complete evaluation of Type II Hallu-
cinations. Extending POPE to an exhaustive analysis on all COCO images and
classes (POPE-C) leads to a dramatic reduction in performance across all models,
demonstrating the fragility of POPE to the sampling mechanism. By undersam-
pling negative classes, POPE severely underestimates Type II hallucinations in
LVLMs.

4.5.4 Completing POPE for Type II Hallucinations

Our experiments have used THRONE to evaluate the prevalence of Type I hal-

lucinations in LVLM responses on COCO. POPE evaluates Type II hallucinations

on COCO, but we find POPE is largely incomplete. First, POPE only evaluates

on 500 COCO validation set images. Second, for each image only a subset of

classes (at most 12) are evaluated—each image is only queried with 15% of pos-

sible questions. Finally, POPE artificially balances evaluation questions between

positives and negatives, despite object class existence in images being inherently

imbalanced. The above reasons make the evaluation of Type II hallucinations

using POPE insufficient (see Section 4.2 for more details on POPE). To correct

this, we complete POPE by using all images to exhaustively query each LVLM for

every class in the COCO vocabulary, as done in THRONE. We name this POPE-

Complete (POPE-C). Fig. 4.7 shows the extreme difference in evaluation between

POPE and our exhaustive version, POPE-C—reporting F 1-score (POPE does not

utilize F 0.5-score). As POPE only evaluates at most 9 negative classes, only a small

subset of potential hallucinations of COCO classes are evaluated, thereby heavily

underestimating the extent of Type II hallucination. For each LVLM analyzed, we

observe a large—in many cases an extreme—reduction in precision and therefore
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in F1-score. E.g. Otter-Image, LRV-Instruction-v2, LLaVA-v1.3, MiniGPT4 and

mPLUG-Owl all have an F1-score reduction of at least 50%.

Our evaluation contains three pairs of LVLMs in which one is the follow-up work

to the other: (MiniGPT4 → MiniGPT-v2, LLaMA-Adapter-v2 → v2.1, LLaVA-

v1.3→ LLaVA-v1.5), where each follow-up work generally trains on more data for

more tasks with a more advanced language model. Comparing the right hand side

of Fig. 4.7 to Table 4.1, we observe that these follow-up works generally show an

improvement in POPE (and POPE-C), but a small reduction in performance on

THRONE with COCO. This observation suggests that progress in reducing Type

II hallucinations can be orthogonal to reducing Type I hallucinations.

4.5.5 Ablations

In the Supplementary Material we present three key ablation experiments and give

an executive summary of results here.

First, after subsampling COCO images and LVLM responses, we replace the LMs

in THRONE with human judgement as an oracle for Type I hallucination oc-

curence. When comparing THRONE and CHAIR with human judgements, we

estimate using THRONE improves the precision of judging Type I hallucinations

to 96% from 91% when using CHAIR—this is a reduction in false discovery rate of

more than 50%. Note, we find most estimated errors in THRONE arise from the

particular class definitions in COCO, e.g. the COCO class tv includes computer

monitors, which the oracle judgement is aware of.

Second, we apply the same class (and image) sampling strategy as in POPE to

THRONE and show this sampling overestimates F 0.5
CLS by an average of 12.3 points

compared to the complete use of classes in THRONE (Table 4.1).

Finally, we vary the choice of k i.e. the voting mechanism used to combine answers

from multiple (LM, question) pairs. We use the unanimous voting mechansim (k =

9) in THRONE to minimize the false discovery rate and find the valid alternatives

of simple majority (k = 5) or all-but-one (k = 8) voting mechanisms have strong

correlations and rank correlations across all compute metrics, in THRONE, of

> 0.99 and > 0.94, respectively.
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4.6 Improved Baselines

Much needs to be done to study Type I hallucinations. As a first step to their

mitigation, we demonstrate a baseline method to augment the visual instruction

tuning data for LLaVA models [H. Liu et al. 2023b; H. Liu et al. 2023a], yield-

ing improvements on THRONE while maintaining similar performance regarding

Type II hallucinations on POPE.

4.6.1 Visual Instruction Tuning Data Augmentation

Similar to chain-of-thought learning [Wei et al. 2022], during instruction tuning, we

augment all visual instruction tuning samples constructed by LLaVA [H. Liu et al.

2023b] by prepending the task of enumerating a list of objects (present and absent)

and indicating approximate locations, if applicable. Other than this, the LLaVA

data and training pipeline remains unchanged. To generate the new data for this

object enumeration task, we use the same COCO bounding box annotations used

to generate the vision instruction tuning data in LLaVA. The simple text-only

format (no special tokens) we use is:

Instruction: <image> Give a list of objects and locations

in the image.

Response: {class_name_1} [{location_1}/absent]

...

{class_name_N} [{location_N}/absent]

where location_i is a plain text indicator representing the location of the center

point of the relevant object in the image on a 3 × 3 grid (e.g. bottom left).

To provide negatives in the training data, if class_name_i is not present, we use

the plain text indicator absent. Prior work [Y. Zhou et al. 2023] shows classes

which co-occur often in training data are the most common hallucinations, there-

fore we bias our negative sampling towards class pairs that frequently co-occur

using a correlation matrix. We detail and ablate this choice in the Supplementary

Material.

4.6.2 Improved Baseline Results

Table 4.8 shows the result of evaluating our improved baseline method on THRONE,

POPE, and POPE-C. During inference, we approximate our training data augmen-
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Object THRONE POPE POPE-CModel Enumeration Data PCLS RCLS F 0.5
CLS P R F 1 P R F 1

7 79.9 65.3 76.5 58.0 98.4 73.0 7.7 99.2 14.3
COCO 83.2 68.8 79.9 73.2 88.2 80.0 9.8 69.4 17.2LLaVA-v1.3

COCO + VG 86.2 67.0 81.5 83.0 82.5 82.8 13.8 50.4 21.7

7 69.9 56.4 66.8 81.9 90.8 86.1 58.7 85.7 69.7
COCO 87.2 76.6 84.9 88.6 85.3 87.0 58.9 87.5 70.4LLaVA-v1.5

COCO + VG 86.1 77.0 84.1 89.8 83.7 86.7 64.5 86.1 73.7

Table 4.3: Improved Baseline via Object Enumeration: Adding our object
enumeration task to LLaVA training and inference leads to large improvements on
THRONE particularly in terms of classwise precision, PCLS, over standard LLaVA
models, demonstrating a reduction in Type I hallucinations. Additionally, this
method yields small improvements in POPE and POPE-C, showing a reduction
in Type II hallucinations.

tation by first prompting the LVLM to perform the object enumeration tasks and

then generating a response to the prompt from the relevant benchmark. We addi-

tionally show results of utilizing VisualGenome bounding box annotations [Krishna

et al. 2017] on the COCO images where available. On THRONE, we observe a

large increase in classwise precision and therefore F 0.5
CLS, particularly for LLaVA-

v1.5, demonstrating the ability of our method to reduce Type I hallucinations.

Moreover, on POPE and POPE-C, using our object enumeration yields small im-

provements in precision, indicating reduced Type II hallucinations as well. In the

Supplementary Material, we ablate the sampling of negatives during object enu-

meration training and the effect of removing the object enumeration task during

inference.

4.7 Conclusion

We establish a novel benchmark, THRONE, for evaluating hallucinations gen-

erated by LVLMs in free-form image descriptions i.e. Type I hallucinations. Our

benchmark utilizes multiple LMs and prompt formats with a simple voting mech-

anism to yield an accurate evaluation of Type I hallucinations in LVLM responses.

We ensure accessibility for all by utilizing open-source LMs capable of running

on a single commercial GPU. Using THRONE, we benchmark 11 publicly avail-

able LVLMs on two datasets, COCO and Objects365, and demonstrate limited

progress has been made in specifically addressing Type I hallucinations. More-

over, we show how the established benchmark, POPE, underestimates Type II
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hallucinations, which occur in response to specific questions e.g. yes-no questions

and present results for a completed version (POPE-C) to enable a comparison of

Type I hallucinations through THRONE and Type II hallucinations using POPE-

C. Finally, we propose a simple data augmentation for LVLM training that can

result in a large reduction in Type I hallucinations whilst maintaining or improving

Type II hallucination performance.

Limitations and Ethical Considerations are discussed in the Supplementary Mate-

rial.
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4.A Evaluated LVLM Details

In this section, we briefly outline details in the LVLMs we evaluate with THRONE,

such as design choices and training data.

LLaMA-Adapter-v2 [P. Gao et al. 2023]

• LLM: LLaMA-v1-7b [Touvron et al. 2023a]

• Image Encoder: CLIP ViT-L/14 [Radford et al. 2021]

• Vision-Language Connector: Linear projection, learnt visual queries and ad-

ditional vision transformer blocks

• Pretraining Data: LAION-400M [Schuhmann et al. 2021], COYO-700M [Byeon

et al. 2022], MMC4 [W. Zhu et al. 2023], SBU [Ordonez et al. 2011], CC3M [Sharma

et al. 2018], and COCO Captions [H. Fang et al. 2015]

• Finetuning Data: GPT4LLM [B. Peng et al. 2023] and LLaVA [H. Liu et al.

2023b]

LLaMA-Adapter-v2.1 [P. Gao et al. 2023]

Same as LLaMA-Adapter-v2 with one modification.

• Finetuning Data: GPT4LLM [B. Peng et al. 2023], LLaVA [H. Liu et al.

2023b] and VQAv2 [Antol et al. 2015]

InstructBLIP [W. Dai et al. 2023]

• LLM: Vicuna-v1.1-7b [Chiang et al. 2023]

• Image Encoder: EVA ViT-g/14 [Y. Fang et al. 2023]

• Visual-Language Connector: Querying Transformer (Q-Former)

• Pretraining Data: LAION400M [Schuhmann et al. 2021], CC3M [Sharma

et al. 2018], CC12M [Changpinyo et al. 2021], Visual Genome [Krishna et al.

2017] and COCO Captions [H. Fang et al. 2015]
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• Finetuning Data: COCO Captions [H. Fang et al. 2015], TextCaps [Sidorov

et al. 2020], VQAv2 [Antol et al. 2015], OKVQA [Marino et al. 2019], A-

OKVQA [Schwenk et al. 2022], OCR-VQA [Mishra et al. 2019] and LLaVA [H.

Liu et al. 2023b]

Otter-Image [Bo Li et al. 2023]

• LLM: MPT-7b [Team 2023] (initialized from OpenFlamingo weights [Awadalla

et al. 2023])

• Image Encoder: CLIP ViT-L/14 [Radford et al. 2021]

• Visual-Language Connector: Cross-attention modules between visual and

language features

• Pretraining Data: MMC4 [W. Zhu et al. 2023], LAION-2B-en [Schuhmann

et al. 2022] and synthetic data from ChatGPT [OpenAI 2023b]

• Finetuning Data: MIMIC-IT [Bo Li et al. 2023]

MiniGPT-4 [D. Zhu et al. 2023]

• LLM: Vicuna-v0-7b [Chiang et al. 2023]

• Image Encoder: EVA ViT-g/14 [Y. Fang et al. 2023]

• Vision-Language Connector: Linear projection and Q-Former (initialized and

frozen from BLIP-2 [Junnan Li et al. 2023])

• Pretraining Data: CC3M [Sharma et al. 2018], CC12M [Changpinyo et al.

2021], SBU [Ordonez et al. 2011] and LAION-400M [Schuhmann et al. 2021]

• Finetuning Data: Synthetic data using ChatGPT [OpenAI 2023b] and a

sample of CC3M/CC12M images [Changpinyo et al. 2021; Sharma et al.

2018]

MiniGPT-v2 [J. Chen et al. 2023]

• LLM: Llama2-7b-chat [Touvron et al. 2023b]

124



• Image Encoder: EVA ViT-g/14 [Y. Fang et al. 2023]

• Vision-Language Connector: Linear projection

• Pretraining Data: GRiT-20M [Z. Peng et al. 2023], COCO Captions [H. Fang

et al. 2015], TextCaps [Sidorov et al. 2020], RefCOCO/+/g [Kazemzadeh et

al. 2014; J. Mao et al. 2016], Visual Genome [Krishna et al. 2017], GQA [Hud-

son and Manning 2019], VQAv2 [Antol et al. 2015], OKVQA [Marino et al.

2019], A-OKVQA [Schwenk et al. 2022] and OCR-VQA [Mishra et al. 2019]

• Finetuning Data: COCO Captions [H. Fang et al. 2015], TextCaps [Sidorov

et al. 2020], RefCOCO/+/g [Kazemzadeh et al. 2014; J. Mao et al. 2016],

Visual Genome [Krishna et al. 2017], GQA [Hudson and Manning 2019],

VQAv2 [Antol et al. 2015], OKVQA [Marino et al. 2019], A-OKVQA [Schwenk

et al. 2022], LLaVA [H. Liu et al. 2023b], Flickr30k [Plummer et al. 2015]

and LLaVA [H. Liu et al. 2023b]

Qwen-VL-Chat [Bai et al. 2023b]

• LLM: Qwen-LM [Bai et al. 2023a]

• Image Encoder: OpenCLIP ViT-g [Ilharco et al. 2021]

• Vision-Language Connector: Single cross-attention block between image fea-

tures and learnt visual queries

• Pretraining Data: LAION-2B-en [Schuhmann et al. 2022], COYO-700M [Byeon

et al. 2022], CC3M [Sharma et al. 2018], CC12M [Changpinyo et al. 2021],

SBU [Ordonez et al. 2011], COCO Caption [H. Fang et al. 2015] and Data-

Comp [Gadre et al. 2023]

• Finetuning Data: LAION-2B-en/zh [Schuhmann et al. 2022], COYO-700M [Byeon

et al. 2022], CC3M [Sharma et al. 2018], CC12M [Changpinyo et al. 2021],

SBU [Ordonez et al. 2011], DataComp [Gadre et al. 2023], COCO Caption [H.

Fang et al. 2015], GQA [Hudson and Manning 2019], Visual Genome [Kr-

ishna et al. 2017], VQAv2 [Antol et al. 2015], DVQA [Kafle et al. 2018], OCR-

VQA [Mishra et al. 2019], DocVQA [Mathew et al. 2021], TextVQA [Singh

et al. 2019], ChartQA [Masry et al. 2022], AI2D [Kembhavi et al. 2016],
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GRiT [Z. Peng et al. 2023], VisualGenome [Krishna et al. 2017], RefCO-

CO/+/g [Kazemzadeh et al. 2014; J. Mao et al. 2016], Synthetic OCR data,

Common Crawl PDF [Lab 2021]

mPLUG-Owl [Q. Ye et al. 2023]

• LLM: LLaMA-7b [Touvron et al. 2023a]

• Image Encoder: CLIP ViT-L/14 [Radford et al. 2021]

• Vision-Language Connector: Cross-attention and learnt visual queries

• Pretraining Data: LAION-400M [Schuhmann et al. 2021], COYO-700M [Byeon

et al. 2022], CC3M [Sharma et al. 2018] and COCO Captions [H. Fang et al.

2015]

• Finetuning Data: LLaVA [H. Liu et al. 2023b], Alpaca [Taori et al. 2023],

Vicuna [Chiang et al. 2023] and Baize [C. Xu et al. 2023]

LRV-Instruction-v2 [F. Liu et al. 2023]

Same as mPLUG-Owl with one modification.

• Finetuning Data: LRV-Instruction-v2 [F. Liu et al. 2023], Alpaca [Taori et

al. 2023], Vicuna [Chiang et al. 2023] and Baize [C. Xu et al. 2023]

LLaVA-v1.3 [H. Liu et al. 2023b]

• LLM: Vicuna-v1.3-7b [Chiang et al. 2023]

• Image Encoder: CLIP ViT-L/14 [Radford et al. 2021]

• Pretraining Data: LAION-400M [Schuhmann et al. 2021], CC3M [Sharma

et al. 2018] and SBU [Ordonez et al. 2011]

• Finetuning Data: LLaVA [H. Liu et al. 2023b]

LLaVA-v1.5 [H. Liu et al. 2023a]

• LLM: Vicuna-v1.5-7b [Chiang et al. 2023]

• Image Encoder: CLIP ViT-L/14 [Radford et al. 2021]
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• Pretraining Data: LAION-400M [Schuhmann et al. 2021], CC3M [Sharma

et al. 2018] and SBU [Ordonez et al. 2011]

• Finetuning Data: LLaVA [H. Liu et al. 2023b], VQAv2 [Antol et al. 2015],

GQA [Hudson and Manning 2019], TextVQA [Singh et al. 2019], OCR-

VQA [Mishra et al. 2019] and VisualGenome [Krishna et al. 2017]
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4.B Voting Mechanism Ablation

Model k PALL RALL F 1
ALL F 0.5

ALL PCLS RCLS F 1
CLS F 0.5

CLS Ignore %

LLaMA-Adapter-v2
9 63.6 73.3 68.1 65.3 68.2 70.6 69.4 68.7 2.4
5 61.8 75.0 67.7 64.0 65.7 72.0 68.7 66.9 0.0
8 63.4 73.8 68.2 65.2 68.0 70.8 69.4 68.5 1.4

LLaMA-Adapter-v2.1
9 63.8 73.7 68.4 65.5 67.4 71.2 69.3 68.1 2.4
5 61.7 75.3 67.8 64.0 64.7 72.5 68.4 66.1 0.0
8 63.6 74.1 68.5 65.5 67.2 71.5 69.3 68.0 1.5

InstructBLIP
9 70.8 74.3 72.5 71.5 77.2 71.9 74.5 76.1 2.5
5 68.2 77.2 72.4 69.8 73.2 74.3 73.7 73.4 0.0
8 70.6 75.1 72.8 71.4 76.8 72.3 74.5 75.9 1.5

Otter-Image
9 33.0 31.2 32.1 32.7 25.2 16.9 20.2 22.9 8.5
5 25.6 34.7 29.5 27.1 16.4 20.1 18.0 17.0 0.0
8 32.4 31.8 32.1 32.3 23.9 17.2 20.0 22.2 4.8

MiniGPT-4
9 81.7 59.8 69.0 76.1 79.9 61.8 69.7 75.5 2.9
5 74.8 64.9 69.5 72.6 73.0 65.4 69.0 71.3 0.0
8 80.8 61.1 69.6 75.9 79.1 62.4 69.8 75.1 1.8

MiniGPT-v2
9 79.0 66.6 72.3 76.2 77.6 67.0 71.9 75.2 2.8
5 73.6 71.4 72.5 73.1 72.1 70.5 71.3 71.7 0.0
8 78.4 67.8 72.7 76.0 76.9 67.7 72.0 74.8 1.8

Qwen-VL-Chat
9 74.7 77.2 75.9 75.2 78.0 76.1 77.0 77.6 2.7
5 71.4 79.6 75.2 72.9 73.9 78.0 75.9 74.7 0.0
8 74.4 77.9 76.1 75.1 77.6 76.5 77.1 77.4 1.6

mPLUG-Owl
9 55.5 71.9 62.6 58.1 66.3 68.3 67.3 66.7 2.4
5 54.3 73.9 62.6 57.3 63.7 69.9 66.6 64.8 0.0
8 55.5 72.6 62.9 58.2 66.2 68.6 67.4 66.7 1.4

LRV-Instruction-v2
9 82.0 56.7 67.0 75.3 78.4 58.8 67.2 73.5 3.6
5 77.5 60.8 68.1 73.5 74.6 61.9 67.7 71.7 0.0
8 81.7 57.9 67.8 75.5 78.0 59.4 67.4 73.4 2.0

LLaVA-v1.3
9 80.5 65.2 72.1 76.9 79.9 65.3 71.9 76.5 2.4
5 76.4 68.7 72.4 74.7 75.6 68.0 71.6 73.9 0.0
8 80.0 66.3 72.5 76.9 79.4 65.8 72.0 76.3 1.4

LLaVA-v1.5
9 68.1 61.0 64.4 66.6 69.9 56.4 62.5 66.8 2.7
5 65.5 62.6 64.0 64.9 67.1 57.8 62.1 65.0 0.0
8 67.8 61.5 64.5 66.4 69.6 56.7 62.5 66.6 1.3

Table 4.4: Comparison of Voting Mechanisms in THRONE. We compare
three different voting mechanisms: unanimous, k = 9; simple majority, k = 5;
and jury majority, k = 8. Moreover in each case we report the number of ignore
labels as a result of each voting mechanism. The number of labels is 400, 000 for
a given LVLM. We find that the number of ignore labels is low is almost all cases
and metrics are strongly correlated (> 0.99). In THRONE, we use a unanimous
voting mechanism (k = 9) to minimize the likelihood of hallucination judgement
errors.
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4.C THRONE vs. POPE Sampling

Model Sampling PALL RALL F 1
ALL F 0.5

ALL PCLS RCLS F 1
CLS F 0.5

CLS

THRONE 63.6 73.3 68.1 65.3 68.2 70.6 68.3 68.0
POPE 77.3 73.2 75.2 76.5 84.6 70.0 76.9 81.2LLaMA-Adapter-v2

∆ (-13.7) 0.2 (-7.1) (-11.1) (-16.3) 0.5 (-8.6) (-13.2)
THRONE 63.8 73.7 68.4 65.5 67.4 71.2 68.1 67.5
POPE 79.2 73.2 76.1 77.9 85.4 71.8 76.3 80.6LLaMA-Adapter-v2.1

∆ (-15.4) 0.5 (-7.7) (-12.4) (-18.0) (-0.6) (-8.2) (-13.2)
THRONE 70.8 74.3 72.5 71.5 77.2 71.9 73.1 75.2
POPE 82.2 74.4 78.1 80.5 85.0 70.0 77.9 82.6InstructBLIP

∆ (-11.4) 0.0 (-5.5) (-9.0) (-7.8) 1.9 (-4.8) (-7.4)
THRONE 33.0 31.2 32.1 32.7 25.2 16.9 18.7 21.5
POPE 66.5 34.9 45.7 56.3 70.7 17.3 35.6 49.2Otter-Image

∆ (-33.5) (-3.7) (-13.7) (-23.6) (-45.5) (-0.4) (-17.0) (-27.7)
THRONE 81.7 59.8 69.0 76.1 79.9 61.8 67.6 73.6
POPE 89.1 58.7 70.8 80.7 88.2 60.0 70.5 78.9MiniGPT-4

∆ (-7.5) 1.1 (-1.7) (-4.7) (-8.2) 1.8 (-2.9) (-5.4)
THRONE 79.0 66.6 72.3 76.2 77.6 67.0 70.4 74.0
POPE 88.3 65.8 75.4 82.7 89.8 68.5 76.3 82.6MiniGPT-v2

∆ (-9.3) 0.8 (-3.1) (-6.5) (-12.2) (-1.5) (-5.9) (-8.6)
THRONE 74.7 77.2 75.9 75.2 78.0 76.1 76.3 77.1
POPE 83.8 76.6 80.0 82.2 87.8 74.6 80.0 84.4Qwen-VL-Chat

∆ (-9.1) 0.7 (-4.1) (-7.1) (-9.8) 1.5 (-3.7) (-7.3)
THRONE 55.5 71.9 62.6 58.1 66.3 68.3 65.2 65.3
POPE 72.9 71.2 72.0 72.6 82.0 64.5 74.1 78.6mPLUG-Owl

∆ (-17.4) 0.7 (-9.4) (-14.4) (-15.6) 3.7 (-8.9) (-13.3)
THRONE 82.0 56.7 67.0 75.3 78.4 58.8 65.0 71.5
POPE 88.6 54.8 67.7 78.9 85.0 56.2 68.8 77.4LRV-Instruction-v2

∆ (-6.6) 1.9 (-0.7) (-3.6) (-6.6) 2.6 (-3.7) (-5.9)
THRONE 80.5 65.2 72.1 76.9 79.9 65.3 70.4 75.2
POPE 85.5 61.6 71.6 79.3 87.9 61.7 72.6 80.8LLaVA-v1.3

∆ (-4.9) 3.6 0.5 (-2.4) (-8.0) 3.6 (-2.2) (-5.5)
THRONE 68.1 61.0 64.4 66.6 69.9 56.4 62.2 66.8
POPE 81.5 64.4 72.0 77.4 86.2 59.2 70.4 78.8LLaVA-v1.5

∆ (-13.4) (-3.4) (-7.6) (-10.9) (-16.2) (-2.7) (-8.2) (-12.0)

Table 4.5: Balanced Sampling (POPE) vs. Exhaustive Sampling
(THRONE): Applying POPE sampling to THRONE leads to an underesti-
mation of the prevalence of Type I hallucinations regardless of LVLM.

In the main paper, we demonstrated how the sampling method used in POPE [Yi-

fan Li et al. 2023] leads to an underestimation of Type II hallucinations and outline

a complete version of POPE (POPE-C), which shows the true extent of Type II hal-

lucinations in LVLMs. In this section, we perform the opposite—we apply POPE

type sampling to THRONE and compare the results to the complete sampling

method used in THRONE as outlined in the main paper. Table 4.5 shows the re-

sults of applying POPE style sampling to THRONE, once again, applying POPE

style sampling leads to a large underestimation of Type I hallucinations. POPE

style sampling applied to THRONE leads to a mean underestimation of F 0.5
CLS by
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10.9 points compared to complete sampling, which is the default in THRONE.
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4.D CHAIR Overview

We present a detailed description of the CHAIR evaluation presented in [Rohrbach

et al. 2018] below. The method of CHAIR, like THRONE, attempts to capture the

extent of hallucinations in free-form generated text pertaining an image, however,

focuses on more traditional image captioners. Similarly to THRONE, CHAIR

does not use concept-focused prompts (i.e. nstead is focused on “Type-I”) and is

intended to be used only in captioning tasks. CHAIR defines a manual pipeline

on-top of the annotated MSCOCO image dataset to produce a list of ground truth

objects present in the scene.

Given a set of ground truth objects in an image and a model-generated image

caption, CHAIR extracts the objects present in the scene via a traditional hard-

rule extraction method and then attempts to map each of the predicted objects

into one of the 80 class categories of MSCOCO. The mapping of the extracted ob-

jects from the caption into the class set of MSCOCO uses a pre-defined synonym

dictionary for each object category. Once the objects of the predicted caption

are extracted and mapped to one of the MSCOCO categories, CHAIR evaluates

for “false-positive” predictions (i.e. allucinations). In particular the authors in-

troduce two variants of CHAIR, the first variant CHAIRi quantifies the extent of

hallucinated instances as,

CHAIRi = |{hall. object}|
|{pred. object}| .

In this setting, hallucinations would be objects extracted from the model-generated

captions that after being mapped, are still not present in the ground-truth object

list for the corresponding instance. We note that CHAIRi can be viewed as mea-

suring the “false discovery rate” (FDR) that is 1 − P where P is the precision.

Using Precision as the main metric, however is limiting as it does not take into

account the “False Negative Rate” (FNR) which is 1 − R where R is the recall.

This implies that by lacking recall measurements, CHAIRi may assign high scores

to short and incomplete captions which are not comprehensive in detailing the im-

age. This is in stark contrast with the new generation of LVLM models powered by

LLMs which are designed to be more exhaustive and detailed and makes the use

of CHAIRi problematic when evaluating with LVLMs. We note that CHAIRi is
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the main metric used when people report “CHAIR scores”, and typically reported

numbers correspond to the mean CHAIRi score across the MSCOCO validation

set of images.

The second variation of CHAIR is the CHAIRs which simply measure the number

of sentences (predictions) that include at least 1 hallucination as compared with

all sentences considered,

CHAIRs = |{sentences w/ hall. object}|
|{all sentences}| . (4.4)

Note that CHAIRs does not measure the extent of hallucination within a sentence,

just the existence of at least one hallucination. This is problematic as it does not

capture the extent of hallucination in the sentence especially for long-form text

and does not elucidate if a caption contains many or a single hallucination.

Producing ground truth in CHAIR To create a list of ground truth objects

from MSCOCO annotations, the authors of CHAIR harness two annotation types

to produce the most exhaustive list of ground truth objects. First the authors

directly use all of the instance segmentation labels for each image, which they ag-

gregate into a unique list of objects existing in the image. Next the authors use the

5 human-labelled captions of each image in MSCOCO and use the same extraction

and mapping pipeline applied to the predictions to produce an additional set of

objects that are present in the captions. Both objects lists are combined and the

authors note that captioning ground truth and instance segmentation ground truth

objects are often complementary as they follow different styles. Therefore com-

bining objects from both types of object lists is beneficial for the most exhaustive

final ground truth list.

132



4.E Qualitative Evaluation of THRONE

4.E.1 Evaluation Method

We include a self-contained file (THRONE_qual_eval_results.html) in the Sup-

plementary Material, which shows the qualitative evaluation and comparison of

THRONE and CHAIR. For each LVLM evaluated, we sample 10 COCO images

at random in which THRONE and CHAIR disagree and 5 COCO images in which

THRONE and CHAIR agree. Therefore, we qualitatively evaluate 165 responses.

These results are summarized in Table 4.6

By calculating error rates for each of these cases and noting the proportion of

responses in which THRONE and CHAIR disagree we can estimate the overall

error rate of each method using a weighted sum.

Method Error Rate = (Agreement Proportion)

× (Error Rate in Agreement Case)

+ (Disagreement Proportion)

× (Error Rate in Disagreement Case)

CHAIR Error Rate = 0.697× 0.025 + 0.303× 0.233 = 0.088 = 8.8%

THRONE Error Rate = 0.697× 0.025 + 0.303× 0.080 = 0.043 = 4.3%

4.E.2 Discussion

We find that the plurality of errors made in THRONE relate to a mismatch

between the LM definition of a certain class and the definiton in COCO. The most

clear example is in the tv COCO class. In COCO, this class includes computer

monitors, whereas for an LM, the implication of the existence computer monitors in

an LVLM response does not lead to a “yes” response when asked Is there a tv

in this image? or similar. When doing an manual evaluation our human oracle

is aware of the particular COCO class definitions and answers accordingly. Using

a handcrafted rule for tv and other similar COCO classes, we would expect the

error rate of THRONE to reduce significantly, but in THRONE we deliberately

avoid the use of handcrafted rules.
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Method CHAIR == THRONE? #Responses (%) #Responses Evaluated #Judgements #Judgement Errors Error Rate
CHAIR/THRONE X 38350 (69.7%) 55 157 4 2.5%
THRONE 7 16650 (30.3%) 110 376 30 8.0%
CHAIR 7 16650 (30.3%) 110 477 111 23.3%

Table 4.6: Summary of Qualitative Evaluation: Our qualitative results show
that for responses in which THRONE and CHAIR differ, there is a large difference
in the error rate. When THRONE and CHAIR agree, the error rate is small.

#Responses Analyzed #False Positives Identified #Hallucinations #Misclassifications
90 71 69 2

Table 4.7: Hallucinations Dominate False Positives: Human evaluation es-
tablishes the vast majority (69

71 ≈ 97%) of false positive object classes in LVLM
responses are true hallucinations rather than plausible misclassifications of objects.

As mentioned in the main paper, the errors in CHAIR are more fundamental and

result due to simple text matching of synonyms not being able to discriminate

between abstract concepts alluded to in a response and direct objects implied to

exist in the image based on the response.

Table 4.7 shows results for human analysis of false positives. We analyze 90

responses, the 15 samples for mPLUG-Owl, MiniGPT-v2, MiniGPT-4, LLaVA-

7b-v1.5, LLaVA-7b-v1.3 and InstructBLIP—the final 90 responses in the self-

contained file: THRONE_qual_eval_results.html in the Supplementary Mate-

rial.
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4.F Improved Baseline Implementation Details

In the main paper, we introduced a simple method to augment the LLaVA visual

instruction tuning data with an object enumeration task to reduce Type I and

Type II hallucinations when used to train LLaVA models. The format used for

object enumeration is:

Instruction: <image> Give a list of objects and locations

in the image.

Response: {class_name_1} [{location_1}/absent]

...

{class_name_N} [{location_N}/absent]

where location_i represents the location of the bounding box center point on a

3× 3 grid.

We give additional details on the construction of the object enumeration task here.

4.F.1 Object Enumeration Implementation Details

The LLaVA visual instruction tuning data contains 157712 samples applied to

81479 images from the COCO training set (some images correspond to multiple

samples). We ensure the absolute character length of our object enumerate task

for a single sample is not exceedingly long—we do not want the visual instruction

tuning data to be pushed outside the context length of the LLaVA model. This is

done by limiting the number of instances per class in a sample to 3.

For each sample we construct an object enumeration task using bounding box data

as follows: first, sort bounding box annotations for a given image by box area in

descending order; second, loop over the sorted annotations adding the instance

(class_name_i, location_i) to the object enumeration task if there are less

than 3 instances of class_name in the task; third, sample 6 negative classes and

append them to the object enumeration task using absent as the location string.

The sampling of negative classes is detailed next.
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4.F.2 Negative Sampling Implementation Details

To sample negatives in the object enumeration task we first build a co-occurence
matrix from the bounding box annotations. The pseudocode for building this
matrix is as follows:

from pycocotools.coco import COCO

import numpy as np

train_dset = COCO(instances_path)

num_cats = len(train_dset.getCatIds())

co_occur = np.array((num_cats, num_cats))

cat_id2cont_id = {x: i for i, x in sorted(enumerate(train_dset.getCatIds()))}

for iid in train_dset.getImgIds():

anns = train_dset.loadAnns(train_dset.getAnnIds(imgIds=iid))

pres_cats = [coco_cid2cont_cid[x[’category_id’]] for x in anns]

pres_cats = np.unique(pres_cats)

for r in pres_cats:

for c in pres_cats:

if r != c:

co_occur[r, c] += 1

After building this co-occurence matrix negative classes are sampled in a manner
which is aware of the classes present in a given image. The pseudocode is as follows
(using some variables from the above pseudocode):

present_cat_ids: List[int] # list of category ids present in the image

present_cont_ids = [cat_id2cont_id[x] for x in present_cat_ids

# combine co-occurence across present categories

# ensuring present categories can not be sampled

present_co_occur = co_occur[present_cont_ids].copy()

present_co_occur[:, present_cont_ids] = 0

present_co_occur = present_co_occur / present_co_occur.sum(axis=1, keepdims=True)

present_co_occur = present_co_occur.sum(axis=0)

present_co_occur = present_co_occur / present_co_occur.sum()

# sharpen distribution

present_co_occur = present_co_occur ** 10

present_co_occur = present_co_occur / present_co_occur.sum()
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rng = np.random.RandomState(iid)

neg_ids = rng.choice(

sorted(train_dset.getCatIds()),

size=6,

p=present_co_occur,

replace=False

)

This method of sampling yields negative classes which commonly co-occur with

positive classes in a given image. Therefore, the object enumeration task trains the

LVLM to distinguish individual objects and classes rather than relying on global

context.

4.F.3 Object Enumeration Data Details

In Table 3 of the main paper, we present results on THRONE, POPE and POPE-

C when training with our object enumeration task using COCO or COCO and

VisualGenome as object enumeration data. Approximately 33000 of the 81479

COCO images in the LLaVA visual instruction tuning data are contained in the

VisualGenome dataset. When using COCO and VisualGenome data, we construct

the object enumeration task for an image from VisualGenome data when possible

and COCO otherwise—we do not combine COCO and VisualGenome annotations

for any image.

4.F.4 Inference Details

In Table 3 of the main paper, we present results on THRONE, POPE and POPE-

C when training with our object enumeration task and performing the object

enumeration task at inference. In the next section we show the effect of not

performing object enumeration during inference on THRONE and POPE, instead

directly addressing the relevant task.

4.F.5 Ablation Results
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Obj. Enum. Obj. Enum. Obj. Enum. THRONE POPEModel Data Negatives Inference PCLS RCLS F 0.5
CLS P R F 1

7 N/A N/A 79.9 65.3 76.5 58.0 98.4 73.0
COCO 7 X 82.4 69.2 79.4 64.8 95.2 77.1

LLaVA-v1.3 COCO + VG 7 X 85.8 60.4 79.1 66.0 95.3 78.0
COCO X X 83.2 68.8 79.9 73.2 88.2 80.0

COCO + VG X X 86.2 67.0 81.5 83.0 82.5 82.8

7 N/A N/A 69.9 56.4 66.8 81.9 90.8 86.1
LLaVA-v1.5 COCO + VG X 7 79.3 76.1 78.6 83.2 86.4 84.8

COCO + VG X X 86.1 77.0 84.1 89.8 83.7 86.7

Table 4.8: Effect of Negatives and Inference: Including negatives in our
object enumeration task improves performance on THRONE and POPE in terms
of precision and F-score. Performing the object enumeration task at inference time
improves performance on THRONE and POPE, but hampers inference time as
the object enumeration task can generate long sequences.
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4.G Limitations

In this paper we present THRONE which is a step towards measuring and mitigat-

ing hallucinations in LVLMs, nonetheless, our work has few key limitations which

we list below.

1. THRONE is concerned with only measuring hallucinations in LVLM predic-

tions in the form of a false existence of an object. As observed in LLMs, hallu-

cinations are much more multifaceted and include many additional abstract

concepts such as wrong reasoning relating to a visual scene as well as wrong

attributes of a particular objects or person. These additional hallucinations

are not possible to be measured with THRONE without modifications.

2. The presented method of THRONE only focused on “Type-I hallucinations”

which does not paint a complete picture of the hallucinating behavior of an

LVLM. Indeed we present POPE-C in Fig. 7 to extend hallucination mea-

surements in both Type-I and Type-II hallucinations. We present POPE-C

as an extension of POPE since we observe that POPE severely undercounts

hallucinations in Type-II form.

3. Due to lack of general and exhaustive ground truth object label lists for a

given image, our method relies on curated datasets such as MCOCO or Ob-

ject365 that have detailed annotations which are needed for our evaluation.

4. Our method focuses only on the hallucination bias of LVLMs but does not

include measurements of other types of bias of LVLM generations (e.g. related

to concepts of fairness in generation) which we leave for future work.

4.H Ethical Considerations

We present THRONE which is a general evaluation pipeline for measuring hallu-

cinations (specifically “Type-I” hallucinations) in Large-Vision-Language Models

(LVLMs). Overall we believe that our contribution is ethically positive as it mea-

sures and shows that existing public LVLMs are not yet ready to be deployed in

mission critical applications, as we observe that they still suffer from hallucinating

objects to a large extent. In addition we believe our presented evaluation frame-

work also provides for a “north-star” in measuring evaluation and can aid the field
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and practitioners alike in measuring and making progress towards reducing evalu-

ations in LVLMs as well as electing to use one LVLM over another. We note that

measuring societal bias in LVLMs is highly important pre-requisite before their

deployment, however this is not investigated in the current work.
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Chapter 5

Conclusion

This chapter first details the contributions of the work in this thesis and outlines

its impact (Section 5.1). Subsequently, future work for each research paper and

on the overall topic of object perception as a step towards scene understanding is

discussed (Section 5.2).

5.1 Achievements and Impact

Few-Shot Object Detection

In Chapter 2, we investigated prior few-shot object detection methods and iden-

tified a critical issue which limited their performance. Few-shot object detection

data contains a large number of novel instances which are unlabelled—therefore

they are treated as background during object detector training. The consequence

of this (in terms of two-stage object detectors) is two-fold: (1) RPNs are unable

to generate region proposals for novel instances in the first stage—as no suitable

proposals are passed to the second stage successful detection of novel instances

is impossible; and (2) the features of the second stage are heavily biased against

classifying novel instances correctly and instead favour class predictions in the base

categories. To address these issues, we proposed a novel pseudo-labelling approach

which verifies the class labels of predicted novel instances, using a k-NN classifier,

and corrects bounding box coordinates for novel instances. This process finds

large numbers of unlabelled novel instances in the training data, which are used to

further train the detector end-to-end. In terms of performance on the MSCOCO

benchmark, this work remains comparable to more recent works in few-shot object
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detection [S. Lin et al. 2023b; S. Lin et al. 2023a].

In terms of impact, the analysis of few-shot object detectors in this work has been

used in open-vocabulary attribute recognition [Keyan Chen et al. 2023], semi-

supervised object detection [Jiaming Li et al. 2023] and aerial image object de-

tection [Lingjun Li et al. 2023]. The use of a kNN classifier in few-shot object

detection has been built on in [Matcovici et al. 2023], but instead of using a kNN

classifier as part of a pseudo-labelling process, the kNN classifier is built directly

into a trained detector. Our pseudo-labelling approach to verify class labels and

correct bounding boxes has been adapted to accurately annotate video data with

human interactions [Z. Zhang et al. 2023] to provide verification instead of a kNN

classifier. Finally, this work is covered in recent surveys on (few-shot) object de-

tection [Köhler et al. 2021; Q. Huang et al. 2023; Jianzong Wu et al. 2023]. The

open-sourced GitHub repository for this work has been starred 80 times, providing

a useful reference for future work.

Open-Vocabulary Object Detection

In Chapter 3, we proposed multi-modal classifiers for open-vocabulary object de-

tection. To define new object categories of interest, we developed: text-based

classifiers—making use of an LLM to generate rich class descriptions automati-

cally; vision-based classifiers—using a trained visual aggregator to combine visual

information from a set of image exemplars; and multi-modal classifiers—the sim-

ple combination of text-based and vision-based classifiers. This work finds that

utilising rich class descriptions improves novel category performance over simple

classifiers which rely on class names alone. Furthermore, this work finds that

multi-modal classifiers outperform both text-based and vision-based classifiers,

demonstrating that each modality provides distinct information about novel cate-

gories.

This work is the first method to use both text-based and vision-based classifiers to

define objects of interest in open-vocabulary object detection. Moreover, this work

is the first to use multi-modal classifiers for open-vocabulary object detection. In

terms of performance, our method which uses smaller visual backbones performed

similarly with concurrent works utilising much larger backbones [Minderer et al.

2022; Kuo et al. 2022]. This work has inspired subsequent works in few-shot learn-
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ing [Liao et al. 2023] and video recognition [Tongjia Chen et al. 2023]. Finally, this

work is covered in recent surveys on open-vocabulary learning [Jianzong Wu et al.

2023; Chaoyang Zhu and Long Chen 2023]. The open-sourced GitHub repository

for this work has been starred 65 times, providing a useful reference for future

work.

Object Hallucinations in Large Vision-Language Models

In Chapter 4, we propose a new benchmark to quantitatively evaluate the preva-

lence of object hallucinations in the free-form responses of large vision-language

model (LVLMs). We find many benchmarks which evaluate LVLMs require simple

answers in a closed set e.g. yes-no [C. Fu et al. 2023] or multiple-choice [Y. Liu

et al. 2023] questions, whereas the impressive ability of LVLMs is to generate long

free-form text in response to user queries. Moreover, we find that hallucinations

in free-form responses are disjoint from hallucinations in closed-set responses fur-

ther motivating the need for our benchmark. For multiple LVLMs, we generate

free-form image descriptions (longer than a caption) and use an ensemble of lan-

guage models to establish the implied existence of objects in the image from the

generated text, thus automatically enabling quantitative evaluation of object hal-

lucinations, with respect to groundtruth image labels. To ensure access for all in

the community, we make use of free and open-source language models to parse

LVLM responses, instead of relying on closed-source APIs as is common in other

benchmarks [Yu et al. 2023; Z. Sun et al. 2023; Bohao Li et al. 2023]. Addition-

ally, we provide reasons for why a popular existing benchmark, POPE [Yifan Li

et al. 2023], is incomplete in its evaluation of object hallucinations in closed-set

responses and gives misleading results. We complete POPE and reveal the true

prevalence of object hallucinations in closed-set responses for LVLMs.

This work is currently under review and we believe this paper will be useful to the

vision-language community as a benchmark for evaluating object hallucinations in

the free-form responses generated by LVLMs.

5.2 Future Work

We conclude by outlining promising future work for each research chapter in this

thesis and then discuss future work on the overall topic of object perception as a
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critical step towards scene understanding.

In Chapter 2, we proposed a novel pseudo-labelling approach for few-shot object

detection. These pseudo-annotations are generated using a number of stages which

each require separate hyperparameter tuning/training. Future work which com-

bined each of these stages into a single model would be simpler, more efficient and

potentially more effective. The “correct” stage of the pseudo-labelling process uses

a modified Cascade R-CNN architecture [Z. Cai and Vasconcelos 2018] to output

corrected bounding boxes. The “verify” stage uses a kNN classifier which takes

an image patch as input and therefore requires a forward pass for every candidate

pseudo-annotation—reducing efficiency. Adding a classification head to the mod-

ified Cascade R-CNN architecture would enable the “verify” and “correct” stages

to be combined into a single model which would require a forward pass for every

image rather than every candidate pseudo-annotation—this is analagous to effi-

ciency gains in going from R-CNN [Girshick et al. 2014] to Fast R-CNN [Girshick

2015].

In Chapter 3, we proposed multi-modal classifiers for open-vocabulary object de-

tection. The multi-modal classifiers we used were simply the sum of the text-based

and vision-based classifiers. Future work would investigate the utility of more com-

plex interactions between text-based and vision-based classifiers such as bilinear

fusion or multi-modal aggregation using a Transformer.

Chapter 4 is a recent work which is currently under review, but we believe the gen-

eral framework outlined in our benchmark can be extended to other hallucinations

apart from object existence, such as object attributes. Moreover, emerging, small,

open-source language models which which demonstrate impressive performance

can be integrated into our work potentially reducing the need for ensembling to

improve robustness.

Unified Open-Vocabulary Object Perception

For comprehensive object perception in an image, a system must be able to de-

tect/segment and classify any present object at various levels of granularity. This

requires datasets beyond standard object detection datasets, which provide bound-

ing box annotations for a fixed set of object categories. Datasets which provide

various levels of annotation, from full instance masks to single points, such as
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OpenImages [Krasin et al. 2017] may form part of the solution, but recent datasets

such as SA-1B [Kirillov et al. 2023] which are partially manually labelled and par-

tially automatically generated provide potential to scale annotation masks to the

various granularities required for comprehensive object perception. ODinW [C.

Li et al. 2022] combines 35 domain-specific object detection datasets to advance

open-vocabulary object detection—focusing on the use of external language knowl-

edge sources (WordNet [Miller 1995], Wikipedia and large language models) to aid

computer vision models to adapt to various domains covered by the datasets.

Moreover, recent models such as OpenSeeD [Hao Zhang et al. 2023] and Semantic-

SAM [F. Li et al. 2023] provide steps towards unified object perception by combin-

ing multiple datasets and using specific prompting to detect and segment objects

as desired by the user. Future work would investigate the use of wide ranging

datasets and strong pretrained models to develop models capable of unified object

perception, requiring simple prompts to curate outputs to the desired structure.

Scene Understanding from Vision-Language Models

Object perception is a critical first step towards comprehensive scene understand-

ing. Inspired by the apparent reasoning capabilities of large vision-language mod-

els [H. Liu et al. 2023b] in tasks such as visual question answering, a promising

direction for future work on comprehensive scene understanding is to convert a

wide net of visual perception datasets into a structured representation compati-

ble with large vision-language models, using special tokens to denote desired be-

haviour. Kosmos-2 [Z. Peng et al. 2023] is a recent work which uses a particular

special token schema to train a large vision-language model to visually ground

objects during text generation. Expanding this idea to enable LVLMs to produce

relations between objects (with unique identifiers), identify object attributes/parts

and include additional information such as scene location would be a promising

step towards comprehensive scene understanding.
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