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Abstract. The goal of this work is to establish a scalable pipeline for
expanding an object detector towards novel/unseen categories, using zero
manual annotations. To achieve that, we make the following four con-
tributions: (i) in pursuit of generalisation, we propose a two-stage open-
vocabulary object detector, where the class-agnostic object proposals are
classified with a text encoder from pre-trained visual-language model; (ii)
To pair the visual latent space (of RPN box proposals) with that of the
pre-trained text encoder, we propose the idea of regional prompt learn-
ing to align the textual embedding space with regional visual object fea-
tures; (iii) To scale up the learning procedure towards detecting a wider
spectrum of objects, we exploit the available online resource via a novel
self-training framework, which allows to train the proposed detector on
a large corpus of noisy uncurated web images. Lastly, (iv) to evaluate
our proposed detector, termed as PromptDet, we conduct extensive ex-
periments on the challenging LVIS and MS-COCO dataset. PromptDet
shows superior performance over existing approaches with fewer addi-
tional training images and zero manual annotations whatsoever. Project
page with code: https://fcjian.github.io/promptdet.

1 Introduction

Object detection has been one of the most widely researched problems in com-
puter vision, with the goal of simultaneously localising and categorising objects
in the image. In the recent literature, the detection community has witnessed
tremendous success by training on large-scale datasets, e.g. PASCAL VOC |6],
MS-COCO |[20], with objects of certain category being exhaustively annotated
with bounding box and category labels. However, the scalability of such training
regime is clearly limited, as the model can only perform well on a closed and
small set of categories for which large-scale data is easy to collect and annotate.

On the other hand, the recent large-scale visual-language pre-training has
shown tremendous success in open-vocabulary image classification, which opens
up the opportunity for expanding the vocabulary a detector can operate on. In
specific, these visual-language models (for example, CLIP [22] and ALIGN [15])
are often trained on billion-scale noisy image-text pairs, with noise contrastive
learning, and has demonstrated a basic understanding on ‘what’ generally are
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Fig.1: The proposed PromptDet is a framework for expanding the vocabulary
of an object detector without human annotation. The figure depicts detection
examples produced by our model on LVIS validation set, with blue and green
boxes denoting the objects from base and novel categories respectively. Despite
no ground truth annotation is provided for the novel categories, PromptDet is
still able to reliably localise and recognise these objects with high accuracy.

the salient objects in an image. However, training detectors in the same man-
ner, i.e. using image-text pairs, clearly poses significant challenge on scalability,
as it would require the captions to not only include semantics (i.e. ‘what’),
but also the spatial information (i.e. ‘where’) of the objects. As a result, the
community considers a slightly conservative scenario in open-vocabulary object
detection [11}[36]: given an existing object detector trained on abundant
data for some base categories, we wish to expand the detector’s ability
to localise and recognise novel categories, with minimal human e ort.

This paper describes a simple idea for pairing the visual latent space with a
pre-trained language encoder, e.g. inheriting the CLIP’s text encoder as a ‘clas-
sifier’ generator, and only train the detector’s visual backbone and class-agnostic
region proposal. The novelty of our approach is in the two steps for aligning the
visual and textual latent spaces. Firstly, we propose to learn a certain number
prompt vectors on the textual encoder side, termed as regional prompt learn-
ing (RPL), such that its latent space can be transformed to better pair with the
visual embeddings from the object-centric feature. Secondly, by leveraging a large
corpus of uncurated web images, we further iteratively optimise the prompt vec-
tors by retrieving a set of candidate images from the Internet, and self-train the
detector with the pseudo-labels generated on the sourced candidate images. The
resultant detector is named PromptDet. Experimentally, despite the noise in
the image candidates, such self-training regime has shown a noticeable improve-
ment on the open-vocabulary generalisation, especially on the categories where
no box annotations are available. Detection examples produced by PromptDet
are illustrated in Figure [I]

To summarise, we make the following contributions: (i) We investigate the
problem of open-vocabulary detection based on a simple idea, namely, equip-
ping a standard two-stage object detector with a frozen textual encoder from a
pre-trained visual-language model. (ii) We propose a regional prompt learning
approach for transforming the embedding space of the text encoder to better
fit the object-centric feature proposed by the RPN of the detector. (iii) We
introduce a novel learning framework, which allows to iteratively update the
prompts and source high-quality external images from the web using the up-
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dated prompts, and finally self-train the detector. (iv) PromptDet substantially
outperforms previous state-of-the-art on the LVIS [12] and MS-COCO [20], de-
spite only using uncurated web images and much fewer training costs, i.e. smaller
image resolution and fewer epochs.

2 Related Work

Object Detection. Generally speaking, modern object detection frameworks
can be divided into two-stage |13} 26, [9] and one-stage ones [19, |29} |8, 134]. The
two-stage detectors first generate a set of region proposals, and then classify
and refine these proposals. In contrast, the one-stage detectors directly predict
the category and bounding box at each location. The majority of existing de-
tectors require a large number of training data with bounding box annotations,
and can only recognise a fixed set of categories that are present in the training
data. Recently, several works develop few-shot detection |16} |7} |17] and zero-shot
detection [11} [36] to relax the restriction from expensive data annotations. In
specific, few-shot detection aims to detect novel categories by adjusting the de-
tector with one or few annotated samples. Zero-shot detection aims to identify
novel categories without any additional examples.

Open-vocabulary Object Detection. In the recent literature, open-vocabulary
detection has attracted increasingly more interest within the community. The
goal is to detect objects beyond a closed set, in [2], the authors propose to replace
the last classification layer with language embeddings of the class names. |18, |23]
introduce the external text information while computing the classifier embed-
ding. OVR-CNN ([32] trains the detector on image-text pairs with contrastive
learning. ViLD [11] and ZSD-YOLO |[31] propose to explicitly distill the knowl-
edge from the pre-trained CLIP visual embedding into the visual backbone of a
Faster RCNN. One closely related work is the Detic [36], which seeks to self-train
the detector on ImageNet21K, to expand the vocabulary of detector. Nonethe-
less, it still requires a tremendous amount of human effort for annotating these
ImageNet21K images. In contrast, our proposed self-training framework poses
less limitations, and enables to directly train on uncurated web images.

Zero-shot Learning. Zero-shot learning aims to transfer the learned knowl-
edge from some seen object classes to novel classes. In object recognition, early
works exploit the visual attribution such as class hierarchy, class similarity and
object parts to generalize from seen classes to unseen classes |27, |1, |33} (5l |14].
Other line of research learns to map visual samples and the semantic descriptors
to a joint embedding space, and compute the similarity between images and free
form texts in the embedding space |10, [4].

Vision-Language Pre-training. In computer vision, joint visual-textual learn-
ing has been researched for a long time. In the early work from Mori et. al. |21],
connections between image and words in paired text documents were first ex-
plored, [30] learnt a joint image-text embedding for the case of class name annota-
tions. In the recent literature, CLIP |22] and ALIGN [15] collect a million/billion-
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scale image-caption pairs from the Internet, and jointly train an image encoder
and a text encoder with simple noise contrastive learning, which has shown to
be extremely effective for a set of downstream tasks, such as zero-shot image
classification.

3 Methodology

In this paper, we aim to expand the vocabulary of a standard two-stage object
detector, to localise and recognise objects from novel categories with minimal
manual effort. This section is organized as follows, we start by introducing the
basic blocks for building an open-vocabulary detector, that can detect objects
of arbitrary category, beyond a closed set; In Section we describe the basic
idea for pairing the visual backbone with a frozen language model, by inherit-
ing CLIP’s text encoder as a classifier generator; In Section [3.3] to encourage
alignment between the object-centric visual representation and textual repre-
sentation, we introduce the regional prompt learning (RPL); In Section we
introduce an iterative learning scheme, that can effectively leverage the uncu-
rated web images, and source high-quality candidate images of novel categories.
As a consequence, our proposed open-vocabulary detector, termed as Prompt-
Det, can be self-trained on these candidate images in a scalable manner.

3.1 Open Vocabulary Object Detector

Here, we consider the same problem setup as in [11]. Assuming we are given an
image detection dataset, Dy;ain, with exhaustive annotations on a set of base cat-

refers to the i-th image, and y; = f(b;;c;)g™ denotes the coordinates (b¥ 2 R%)
and category label (ck 2 RCbase) for a total of m objects in such image. The goal
is to train an object detector that can successfully operate on a test set, Dess,
with objects beyond a closed set of base categories, i.e. Ciost = Chase L Cnovels
thus termed as an open-vocabulary detector. In particular, we conduct the ex-
periments on LIVS dataset [12], and treat the union of common and frequent
classes as base categories, and the rare classes as novel categories.

Generally speaking, a popular two-stage object detector, for example, Mask-
RCNN,; is consisted of a visual backbone encoder, a region proposal network (RPN)
and classification module:

Y1000 9.0=Pcs Pren Prnc(l) (1)

Constructing an open-vocabulary detector would therefore require to solve two
subsequent problems: (1) to effectively generate class-agnostic region proposals,
and (2) to accurately classify each of these proposed regions beyond a close set
of visual categories, i.e. open-vocabulary classification.

Class-agnostic region proposal networks (®?rpn): refers to the ability of
proposing all regions that are likely to have objects, regardless of their cate-
gories. Here, we parametrise the anchor classification, bounding box regression
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Fig. 2: Left: the proposed open-vocabulary object detector. We inherit the cate-
gory embeddings as an open-vocabulary classifier, and train the visual backbone
to align with the classifier. Right: the procedure for the off-line regional prompt
learning. We take crops for all base categories, and use their visual embeddings
to optimise the learnable prompt (Section has detailed description).

and mask prediction in a class-agnostic manner, i.e. sharing parameters for all
the categories. This is also in line with the discovery in recent work 136].

Open-vocabulary classi cation (®cps): aims to categorise the visual ob-
ject beyond a fixed-size vocabulary. We make the assumption that, there exists
a common latent space between vision and natural language, classifying any
visual object can thus be achieved by looking for its closest embedding in the
language latent space, for example, to classify a region as “almond” or “dog”,
the classification probability for being “almond” can be computed:

Calmond = text (§(“this is a photo of [almond]”)) (2)
Cdog = text(g(“this is a photo of [dog]”)) (3)
<v: > =
palmond - eXP( V: Catmond ) (4)

exp(< V; Calmond = = ) + eXp(< Vi Cdog = = )

where v 2 RP denotes the ROI pooled features from region proposal network,
g( ) refers to a simple tokenisation procedure, with no trainable parameters, text
denotes a hyper-network that maps the natural language to its corresponding
latent embedding, note that, the input text usually requires to use a template
with manual prompts, e.g. “this is a photo of [category]”, which converts the
classification tasks into the same format as that used during pre-training. As
both visual and textual embedding have been L2 normalised, a temperature pa-
rameter is also introduced. The visual backbone is trained by optimising the
classification loss, to pair the regional visual embedding and its textual embed-
ding of the corresponding category.

Discussion: Despite the simplicity in formulating an open-vocabulary detec-
tor, training such models would suffer from great challenges, due to the lack
of exhaustive annotations for large-scale dataset. Until recently, the large-scale
visual-language models, such as CLIP and ALIGN, have been trained to align the
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latent space between vision and language, using simple noise contrastive learning
at the image level. Taking benefit from the rich information in text descriptions,
e.g. actions, objects, human-object interactions, and object-object relationships,
these visual-language models have demonstrated remarkable ‘zero-shot’ gener-
alisation for various image classification tasks, which opens up the opportunity
for expanding the vocabulary of an object detector.

3.2 Na ve Alignment via Detector Training

In this section, we aim to train an open-vocabulary object detector (based on
Mask-RCNN) on Dyyain, @-€. only base categories, by optimising the visual back-
bone and the class-agnostic RPN to align with the object category classifier,
that is inherited from the pre-trained frozen text encoder from CLIP, as shown
in Figure [2| (left). Note that, such training regime has also been investigated in
several previous work, for example, [2, |11].

However, as indicated by our experiments, naively aligning the visual latent
space to textual ones only yields very limited open-vocabulary detection per-
formance. We conjecture that the poor generalisation mainly comes from three
aspects: Firstly, computing the category embedding with only class name is sub-
optimal, as they may not be precise enough to describe a visual concept, leading
to the lexical ambiguity, For example, “almond” either refers to an edible oval
nut with a hard shell or the tree that it grows on; Secondly, the web images for
training CLIP are scene-centric, with objects occupying only a small portion of
the image, whereas the object proposals from RPNs often closely localise the
object, leading to an obvious domain gap on the visual representation; Thirdly,
the base categories used for detector training are significantly less diverse than
those used for training CLIP, thus, may not be sufficient to guarantee a gener-
alisation towards novel categories. In the following sections, we propose a few
simple steps to alleviate the above issues.

3.3 Alignment via Regional Prompt Learning

Comparing with the scene-centric images used for training CLIP, the output
features from RPNs are local and object-centric. Naively aligning the regional
visual representation to the frozen CLIP text encoder would therefore encourage
each proposal to capture more context than it is required. To this end, we propose
a simple idea of regional prompt learning (RPL), steering the textual latent
space to better fit object-centric images.

Specifically, while computing the category classifier or embedding, we prepend
and append a sequence of learnable vectors to the textual input, termed as ‘con-
tinuous prompt vectors’. These prompt vectors do not correspond to any real
concrete words, and will be attended at the subsequent layers as if they were a
sequence of ‘virtual tokens’. Additionally, we also include more detailed descrip-
tion into the prompt template to alleviate the lexical ambiguity, for instance,
fcategory: “almond”, description: “oval-shaped edible seed of the almond tree”g.
Note that, the description can often be easily sourced from Wikipedia or meta
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data from the dataset. The embedding for each individual category can thus be
generated as:

;110 Py 9(category); P11 Pjiqn; §(description)])  (5)
where p; (i 2 f1;2;:::;j +hg) denote the learnable prompt vectors with the same
dimension as word embedding, [category] and [description] are calculated by to-
kenising the category name and detailed description. As the learnable vectors are
class-agnostic, and shared for all categories, they are expected to be transferable
to novel categories after training.

Optimising prompt vectors. To save computations, we consider to learn the
prompt vectors in an off-line manner, specifically, we take the object crops of
base categories from LVIS, resize them accordingly and pass through the frozen
CLIP visual encoder, to generate the image embeddings. To optimise the prompt
vectors, we keep both the visual and textual encoder frozen, and only leave the
learnable prompt vectors to be updated, with a standard cross-entropy loss to
classify these image crops. The process of RPL is displayed in Figure [2] (right).

Discussion. With the proposed RPL, the textual latent space is therefore re-
calibrated to match the object-centric visual embeddings. Once trained, we can
re-compute all the category embeddings, and train the visual backbone to align
with the prompted text encoder, as described in Figure [2] (left). In our experi-
ments, we have confirmed the effectiveness of RPL in Section [4-3] which indeed
leads noticeable improvements on the open-vocabulary generalisation.

3.4 PromptDet: Alignment via Self-training

Till here, we have obtained an open-vocabulary object detector by aligning the
visual backbone to prompted text encoder. However, RPL has only exploited
limited visual diversity, i.e. only with base categories. In this section, we un-
leash such limitation and propose to leverage the large-scale, uncurated, noisy
web images to further improve the alignment. Specifically, as shown in Figure
we describe a learning framework that iterates the procedure of RPL and can-
didate images sourcing, followed by generating pseudo ground truth boxes, and
self-training the open-vocabulary detector.

Sourcing candidate images. We take the LATON-400M dataset as an initial
corpus of images, with the visual embeddings pre-computed by CLIP’s visual
encoder. To acquire candidate images for each category, we compute the simi-
larity score between the visual embedding and the category embedding, which
are computed with the learnt regional prompt. We keep the images with highest
similarity (an ablation study on the selection of the number of the images has
been conducted in Section . As a consequence, an additional set of images is
constructed with both base and novel categories, with no ground truth bounding
boxes available, e.g. Dext = f(lext)igﬁ?ﬂ.

Iterative prompt learning and image sourcing. Here, we can alternate
the procedure of the regional prompt learning (Figure |3| Stage-I) and sourcing
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