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ABSTRACT

We aim at advancing open-vocabulary object detection, which detects objects
described by arbitrary text inputs. The fundamental challenge is the availabil-
ity of training data. It is costly to further scale up the number of classes con-
tained in existing object detection datasets. To overcome this challenge, we pro-
pose ViLD, a training method via Vision and Language knowledge Distillation.
Our method distills the knowledge from a pretrained open-vocabulary image
classification model (teacher) into a two-stage detector (student). Specifically,
we use the teacher model to encode category texts and image regions of ob-
ject proposals. Then we train a student detector, whose region embeddings
of detected boxes are aligned with the text and image embeddings inferred by
the teacher. We benchmark on LVIS by holding out all rare categories as
novel categories that are not seen during training. ViLD obtains 16.1 mask
AP, with a ResNet-50 backbone, even outperforming the supervised counterpart
by 3.8. When trained with a stronger teacher model ALIGN, ViLD achieves
26.3 AP,. The model can directly transfer to other datasets without finetun-
ing, achieving 72.2 AP5y; on PASCAL VOC, 36.6 AP on COCO and 11.8
AP on Objects365. On COCO, VILD outperforms the previous state-of-the-
art (Zareian et al., [2021) by 4.8 on novel AP and 11.4 on overall AP. Code
and demo are open-sourced athttps://github.com/tensorflow/tpu/
tree/master/models/official/detection/projects/vild.

1 INTRODUCTION

Consider Fig. [T} can we design object detectors beyond recognizing only base categories (e.g., toy)
present in training labels and expand the vocabulary to detect novel categories (e.g., toy elephant)?
In this paper, we aim to train an open-vocabulary object detector that detects objects in any novel
categories described by text inputs, using only detection annotations in base categories.

Existing object detection algorithms often learn to detect only the categories present in detection
datasets. A common approach to increase the detection vocabulary is by collecting images with more
labeled categories. The research community has recently collected new object detection datasets
with large vocabularies (Gupta et al., 2019; | Kuznetsova et al., 2020). LVIS (Gupta et al.,[2019) is a
milestone of these efforts by building a dataset with 1,203 categories. With such a rich vocabulary,
it becomes quite challenging to collect enough training examples for all categories. By Zipf’s law,
object categories naturally follow a long-tailed distribution. To find sufficient training examples for
rare categories, significantly more data is needed (Gupta et al., 2019), which makes it expensive to
scale up detection vocabularies.

On the other hand, paired image-text data are abundant on the Internet. Recently, Radford et al.
(2021) train a joint vision and language model using 400 million image-text pairs and demonstrate
impressive results on directly transferring to over 30 datasets. The pretrained text encoder is the
key to the zero-shot transfer ability to arbitrary text categories. Despite the great success on learn-
ing image-level representations, learning object-level representations for open-vocabulary detection
is still challenging. In this work, we consider borrowing the knowledge from a pretrained open-
vocabulary classification model to enable open-vocabulary detection.

*Work done while Xiuye was a Google AI Resident and Tsung-Yi was at Google.
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Figure 1: An example of our open-vocabulary detector with arbitrary texts. After training on base cate-
gories (purple), we can detect novel categories (pink) that are not present in the training data.

We begin with an R-CNN (Girshick et &l., 2014) style approach. We turn open-vocabulary detection
into two sub-problems: 1) generalized object proposal and 2) open-vocabulary image classi cation.
We train a region proposal model using examples from the base categories. Then we use the pre-
trained open-vocabulary image classi cation model to classify cropped object proposals, which can
contain both base and novel categories. We benchmark on VIS (Guptg et al., 2019) by holding out
all rare categories as novel categories and treat others as base categories. To our surprise, the perfor-
mance on the novel categories already surpasses its supervised counterpart. However, this approach
is very slow for inference, because it feeds object proposals one-by-one into the classi cation model.

To address the above issue, we propdgded (Vision andLanguage knowledgBistillation) for

training two-stage open-vocabulary detectors. VILD consists of two components: learning with
text embeddings (ViLD-text) and image embeddings (ViLD-image) inferred by an open-vocabulary
image classi cation modele.g, CLIP. In ViLD-text, we obtain the text embeddings by feeding
category names into the pretrained text encoder. Then the inferred text embeddings are used to
classify detected regions. Similar approaches have been used in prior detectiorj works (Bansal et al.,
2018; Rahman et al., 2018; Zareian et [al., 2021). We nd text embeddings learned jointly with
visual data can better encode the visual similarity between concepts, compared to text embeddings
learned from a language corpesg, GloVe (Pennington et &l., 2014). Using CLIP text embeddings
achievesl0.1 AP, (AP of novel categories) on LVIS, signi cantly outperforming tBeD AP, of

using GloVe. InviLD-image, we obtain the image embeddings by feeding the object proposals into
the pretrained image encoder. Then we train a Mask R-CNN whose region embeddings of detected
boxes are aligned with these image embeddings. In contrast to ViLD-text, ViLD-image distills
knowledge from both base and novel categories since the proposal network may detect regions
containing novel objects, while ViLD-text only learns from base categories. Distillation enables
VILD to be generalin choosing teacher and student architectures. ViLD is alsrgy-ef cientas

it works with off-the-shelf open-vocabulary image classi ers. We experiment with the CLIP and
ALIGN (Jia et all| 20211) teacher models with different architectures (ViT and Ef cientNet).

We show that ViLD achieve$6.1AP for novel categories on LVIS, surpassing the supervised coun-
terpart by3.8. We further use ALIGN as a stronger teacher model to push the performaB@6e3to

novel AP, which is close (only 3.7 worse) to the 2020 LVIS Challenge winner (Tan et all, 2020) that
is fully-supervised. We directly transfer VILD trained on LVIS to other detection datasets without
netuning, and obtain strong performance of 72.2;8Bn PASCAL VOC, 36.6 AP on COCO and

11.8 AP on Objects365. We also outperform the previous state-of-the-art open-vocabulary detector
on COCO|(Zareian et &|., 2021) by 4.8 novel AP and 11.4 overall AP.

2 ReLATED WORK

Increasing vocabulary in visual recognition: Recognizing objects using a large vocabulary is

a long-standing research problem in computer vision. One focus is zero-shot recognition, aim-
ing at recognizing categories not present in the training set. Early works (Farhadi|et al., 2009;
Rohrbach et alf, 2011; Jayaraman & Grauman, 2014) use visual attributes to create a binary code-
book representing categories, which is used to transfer learned knowledge to unseen categories. In
this direction, researchers have also explored class hierarchy, class similarity, and object parts as
discriminative features to aid the knowledge transfer (Rohrbach|ét al.] 2011; Akatalet al., 2016;
Zhao et al.| 2017; Elhoseiny etldl., 2017; Ji et al., 2018; Cacheux et al., 2019; Xie et al., 2020).
Another focus is learning to align latent image-text embeddings, which allows to classify images
using arbitrary texts. Frome et al. (2013) and Norouzi et al. (2014) are pioneering works that learn
a visual-semantic embedding space using deep learning. Wang et al. (2018) distills information
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Figure 2: An overview of using ViLD for open-vocabulary object detection. VILD distills the knowledge

from a pretrained open-vocabulary image classi cation model. First, the category text embeddings and the im-
age embeddings of cropped object proposals are computed, using the text and image encoders in the pretrained
classi cation model. Then, VILD employs the text embeddings as the region classi er (ViLD-text) and mini-
mizes the distance between the region embedding and the image embedding for each proposal (ViLD-image).
During inference, text embeddings of novel categories are used to enable open-vocabulary detection.

from both word embeddings and knowledge graphs. Recent work CLIP (Radford et al., 2021) and
ALIGN (Jia et al., 2021) push the limit by collecting million-scale image-text pairs and then training
joint image-text models using contrastive learning. These models can directly transfer to a suite of
classi cation datasets and achieve impressive performances. While these work focus on image-level
open-vocabulary recognition, we focus on detecting objects using arbitrary text inputs.

Increasing vocabulary in object detection: It's expensive to scale up the data collection for large
vocabulary object detection. Zhao et al. (2020) and Zhou et al. (2021) unify the label space from
multiple datasets. Joseph et al. (2021) incrementally learn identi ed unknown categories. Zero-shot
detection (ZSD) offers another direction. Most ZSD methods align region features to pretrained
text embeddings in base categories (Bansal et al., 2018; Demirel et al., 2018; Rahman et al., 2019;
Hayat et al., 2020; Zheng et al., 2020). However, there is a large performance gap to supervised
counterparts. To address this issue, Zareian et al. (2021) pretrain the backbone model using image
captions and netune the pretrained model with detection datasets. In contrast, we use an image-text
pretrained model as a teacher model to supervise student object detectors. All previous methods are
only evaluated on tens of categories, while we are the rst to evaluate on more than 1,000 categories.

3 METHOD

Notations: We divide categories in a detection dataset into the base and novel subsets, and denote
them byCg andCy . Only annotations itCg are used for training. We uge( ) to denote the text
encoder and/( ) to denote the image encoder in the pretrained open-vocabulary image classi er.

3.1 LOCALIZATION FOR NOVEL CATEGORIES

The rst challenge for open-vocabulary detection is to localize novel objects. We modify a standard
two-stage object detecta,g, Mask R-CNN (He et al., 2017), for this purpose. We replace its class-
speci ¢ localization modulesi.e., the second-stage bounding box regression and mask prediction
layers, with class-agnostic modules for general object proposals. For each region of interest, these
modules only predict a single bounding box and a single mask for all categories, instead of one
prediction per category. The class-agnostic modules can generalize to novel objects.

3.2 OPEN-VOCABULARY DETECTION WITH CROPPED REGIONS

Once object candidates are localized, we propose to reuse a pretrained open-vocabulary image clas-
si er to classify each region for detection.
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Figure 3: Model architecture and training objectives. (a) The classi cation head of a vanilla two-stage
detectore.g, Mask R-CNN.(b) ViLD-text replaces the classi er with xed text embeddings and a learnable
background embedding. The projection layer is introduced to adjust the dimension of region embeddings to
be compatible with the text embeddinds) ViLD-image distills from the precomputed image embeddings of
proposals with amh 1 loss.(d) ViLD combines ViLD-text and ViLD-image.

Image embeddings: We train a proposal network on base catego@igsand extract the region
proposals-2 B of ine. We crop and resize the proposals, and feed them into the pretrained image
encodeV to compute image embedding$crop(l; 1)), wherel is the image.

We ensemble the image embeddings frbm and 1:5 crops, as the:5 crop provides more
context cues. The ensembled embedding is then renormalized to unit norm:

V(Crop(l; f1 1sg )= s wherev = V(erop(l; ;y )+ V(erop(; fus )i (1)

Text embeddings: We generate the text embeddings of ine by feeding the category texts with
prompt templates.g, “a photo off categoryg in the scene”, into the text encoder We ensemble
multiple prompt templates and the synonyms if provided.

Then, we compute cosine similarities between the image and text embeddings. A softmax activation
is applied, followed by a per-class NMS to obtain nal detections. The inference is slow since every
cropped region is fed inty.

3.3 VILD: VISION AND LANGUAGE KNOWLEDGE DISTILLATION.

We proposeViLD to address the slow inference speed of the above metliihdd learns region

embeddings in a two-stage detector to represent each prapdasl denote region embeddings by
R( (1);r), where () is a backbone model arfd( ) is a lightweight head that generates region
embeddings. Speci cally, we take outputs before the classi cation layer as region embeddings.

Replacing classi er with text embeddings: We rstintroduceViLD-text . Our goal is to train the
region embeddings such that they can be classi ed by text embeddings. Fig. 3(b) shows the archi-
tecture and training objective. ViLD-text replaces the learnable classi er in Fig. 3(a) with the text
embeddings introduced in Sec. 3.2. Oml{Cg ), the text embeddings @g , are used for training.

For the proposals that do not match any groundtrut®gn they are assigned to the background
category. Since the text “background” does not well represent these unmatched proposals, we allow
the background category to learn its own embedeigg We compute the cosine similarity between
each region embeddirg( (1);r) and all category embeddings, includiidCg ) andeyy. Then

we apply softmax activation with a temperaturéo compute the cross entropy loss. To train the
rst-stage region proposal network of the two-stage detector, we extract region propcdald

online, and train the detector with ViLD-text from scratch. The loss for ViLD-text can be written as:

e = R( (1);r)
z(r) = sim(er;epg); sim(er;t1); ; sim(er;tjcyj)
1 X
L viLD-text = N Lce softmax z(r)= ;yr ; (2)
r2pP
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wheresim(a; b) = a” b=(kakkbk), t; denotes elements ii(Cg), y; denotes the class label of
regionr, N is the number of proposals per imagej), andL ce is the cross entropy loss.

During inference, we include novel categori€s () and generat& (Cg [ Cn ) (sometimed (Cy )
only) for open-vocabulary detection (Fig. 2). Our hope is that the model learned from annotations
in Cg can generalize to novel categorieg .

Distilling image embeddings: We then introducé&/iLD-image, which aims to distill the knowl-
edge from the teacher image encodleinto the student detector. Speci cally, we align region
embedding®R( (1); ) to image embeddingg(cron(l; 1)) introduced in Sec. 3.2.

To make the training more ef cient, we extrdet proposals-2 P of ine for each training image,

and precompute th® image embeddings. These proposals can contain objects inCgotind

Cn , as the network can generalize. In contrast, ViLD-text can only learn @gmWe apply arl 1

loss between the region and image embeddings to minimize their distance. The ensembled image
embeddings in Sec. 3.2 are used for distillation:

X
Lioimage = 1 KV(Grop(i ;1 asg ) R ( (1)K )

2B

Fig. 3(c) shows the architecture. Zhu et al. (2019) use a similar approach to make Faster R-CNN
features mimic R-CNN features, however, the details and goals are different: They reduce redundant
context to improve supervised detection; while ViLD-image is to enable open-vocabulary detection
on novel categories.

The total training loss of/iLD is simply a weighted sum of both objectives:

Lviio = Lvitptext ¥+ W LviLp-image; 4)

wherew is a hyperparameter weight for distilling the image embeddings. Fig. 3(d) shows the model
architecture and training objectives. ViLD-image distillation only happens in training time. Dur-
ing inference, ViLD-image, ViLD-text and VILD employ the same set of text embeddings as the
detection classi er, and use the same architecture for open-vocabulary detection (Fig. 2).

3.4 MODEL ENSEMBLING

In this section, we explore model ensembling for the best detection performance over base and novel
categories. First, we combine the predictions of a ViLD-text detector with the open-vocabulary im-
age classi cation model. The intuition is that ViLD-image learns to approximate the predictions of
its teacher model, and therefore, we assume using the teacher model directly may improve perfor-
mance. We use a trained ViLD-text detector to obtainkagandidate regions and their con dence
scores. Lep: vip-text denote the con dence score of proposdbelonging to category. We then
feed croffl; /) to the open-vocabulary classi cation model to obtain the teacher's con dence score
pi- ais- Since we know the two models have different performance on base and novel categories, we
introduce a weighted geometric average for the ensemble:
(
' _  PBiviip-text pi(;lcls ) ifi2 Cs
Pi; ensemble= (1 . s )

pi; ViLD-text P cls* ifi 2 Cy

is set to2=3, which weighs the prediction of ViLD-text more on base categories and vice versa.
Note this approach has a similar slow inference speed as the method in Sec. 3.2.

Next, we introduce a different ensembling approach to mitigate the above inference speed issue.
Besides, in VILD, the cross entropy loss of ViLD-text and thedistillation loss of ViLD-image

is applied to the same set of region embeddings, which may cause contentions. Here, instead, we
learn two sets of embeddings for ViLD-text (Eq. 2) and ViLD-image (Eqg. 3) respectively, with
two separate heads of identical architectures. Text embeddings are applied to these two regions
embeddings to obtain con dence sCoOm®SiLp-text aNAP;; viLp-image: Which are then ensembled in the
same way as Eq. 5, with). viLp-image replacingp; cis. We name this approadtiLD-ensemble.
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4 EXPERIMENTS

Implementation details: We benchmark on the Mask R-CNN (He et al., 2017) with ResNet (He

et al., 2016) FPN (Lin et al., 2017) backbone and use the same settings for all models unless explic-
itly speci ed. The models use 10241024 as input image size, large-scale jittering augmentation of
range[0:1; 2:0], synchronized batch normalization (loffe & Szegedy, 2015; Girshick et al., 2018) of
batch size 256, weight decay of 4e-5, and an initial learning rate of 0.32. We train the model from
scratch for 180,000 iterations, and divide the learning rate by 10 at 0.95 , and 0.975 of total
iterations. We use the publicly available pretrained CLIP mbédslthe open-vocabulary classi -
cation model, with an input size of 22£224. The temperatureis set to 0.01, and the maximum
number of detections per image is 300. We refer the readers to Appendix D for more details.

4.1 BENCHMARK SETTINGS

We mainly evaluate on LVIS (Gupta et al., 2019) with our new setting. To compare with previ-
ous methods, we also use the setting in Zareian et al. (2021), which is adopted in many zero-shot
detection works.

LVIS: We benchmark on LVIS v1. LVIS contains a large and diverse set of vocabulary (1,203 cat-
egories) that is more suitable for open-vocabulary detection. We take its 866 frequent and common
categories as the base categoflgs and hold out the 337 rare categories as the novel categories
Cn - AP;, the AP of rare categories, is the main metric.

COCO: Bansal et al. (2018) divide COCO-2017 (Lin et al., 2014) into 48 base categories and 17
novel categories, removing 15 categories without a synset in the WordNet hierarchy. We follow
previous works and do not compute instance masks. We evaluate on the generalized setting.

4.2 LEARNING GENERALIZABLE OBJECT PROPOSALS

We rst study whether a detector can localize novel categories when only trained on base categories.
We evaluate the region proposal networks in Mask R-CNN with a ResNet-50 backbone. Table 1
shows the average recall (AR) (Lin et al., 2014) on novel categories. Training with only base cat-
egories performs slightly worse by 2 AR at 100, 300, and 1000 proposals, compared to using
both base and novel categories. This experiment demonstrates that, without seeing novel categories
during training, region proposal networks can generalize to novel categories, only suffering a small
performance drop. We believe better proposal networks focusing on unseen category generalization
should further improve the performance, and leave this for future research.

Table 1:Training with only base categories achieves comparable average recall (AR) for novel categories
on LVIS. We compare RPN trained with base orly base+novel categories and report the bounding box AR.

Supervision AR@100 AR; @300 AR; @1000

base 39.3 48.3 55.6
base + novel 41.1 50.9 57.0

4,3 OPEN-VOCABULARY CLASSIFIER ON CROPPED REGIONS

In Table 2, we evaluate the approach in Sec. i3e2,using an open-vocabulary classi er to classify
cropped region proposals. We use CLIP in this experiment and nd it tends to output con dence
scores regardless of the localization quality (Appendix B). Given that, we ensemble the CLIP con-
dence score with a proposal objectness score by geometric mean. Results show it improves both
base and novel APs. We compare with supervised baselines trained on base/base+novel categories,
as well as Supervised-RFS (Mahajan et al., 2018; Gupta et al., 2019) that uses category frequency
for balanced sampling. CLIP on cropped regions already outperforms supervised baselings on AP
by a large margin, without accessing detection annotations in novel categories. However, the per-
formances of AP and AR are still trailing behind. This experiment shows that a strong open-
vocabulary classi cation model can be a powerful teacher model for detecting novel objects, yet
there is still much improvement space for inference speed and overall AP.

https://github.com/openai/CLIP , VIT-B/32.
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Table 2: Using CLIP for open-vocabulary detection achieves high detection performance on novel cate-
gories. We apply CLIP to classify cropped region proposals, with or without ensembling objectness scores, and
report the mask average precision (AP). The performance on novel categorigdgAd beyond supervised
learning approaches. However, the overall performance is still behind.

Method AR  AP. AP: AP
Supervised (base class only) 00 226 324 225
CLIP on cropped regions w/o objectness 13.0 10.6 6.0 9.2
CLIP on cropped regions 189 18.8 16.0 17.7
Supervised (base+novel) 41 235 332 239
Supervised-RFS (base+novel) 123 243 324 254

Table 3:Performance of VIiLD and its variants. VIiLD outperforms the supervised counterpart on novel
categories.Using ALIGN as the teacher model achieves the best performance without bells and whistles. All
results are mask AP. We average over 3 runs for R50 experiméentsethods with R-CNN style; runtime is

630 of Mask R-CNN style?: for reference, fully-supervised learning with additional tricks.

Backbone Method AP AP AP AP
s T CLIP on cropped regiotis 189 188 16.0 17.7
RESNeSO+VITBIS2 4 b text+CLIPY 226 248 292 26.1
Supervised-RFS (base+novel) 123 243 324 254
GloVe baseline 30 201 304 212
ViLD-text 10.1 239 325 249
ResNet-50 VILD-image 112 113 111 112
VLD (w=0.5) 16.1 20.0 283 225
ViLD-ensemble \=0.5) 16.6 246 30.3 255
. ViLD-ensemble w/ ViT-L/14 v=1.0) 217 291 336 296
Ef cientNet-b7 VILD-ensemble w/ ALIGN (v=1.0) 263 272 329 293

ResNeSt269+HTC 2020 Challenge winner (Tan et al., 202030.0 41.9 46.0 415

4.4 VISION AND LANGUAGE KNOWLEDGE DISTILLATION

We evaluate the performance of ViLD and its variants (ViLD-text, ViLD-image, and ViLD-
ensemble), which are signi cantly faster compared to the method in Sec. 4.3. Finally, we use
stronger teacher models to demonstrate our best performance. Table 3 summarizes the results.

Text embeddings as classi ers (ViLD-text): We evaluate ViLD-text using text embeddings gen-
erated by CLIP, and compare it with GloVe text embeddings (Pennington et al., 2014) pretrained on
a large-scale text-only corpus. Table 3 shows ViLD-text achieves 10,1 Wich is signi cantly

better than 3.0 APusing GloVe. This demonstrates the importance of using text embeddings that
are jointly trained with images. ViLD-text achieves much higheg ARd AR compared to CLIP on
cropped regions (Sec. 4.3), because ViLD-text uses annotatidbs to align region embeddings

with text embeddings. The ARs worse, showing that using only 866 base categories in LVIS does
not generalize as well as CLIP to novel categories.

Distilling image embeddings (ViLD-image): We evaluate ViLD-image, which distills from the
image embeddings of cropped region proposals, inferred by CLIP's image encoder, with a distilla-
tion weight of 1.0. Experiments show that ensembling with objectness scores doesn't help with other
ViLD variants, so we only apply it to ViLD-image. Without training with any object category labels,
ViLD-image achieves 11.2 ARPand 11.2 overall AP. This demonstrates that visual distillation works
for open-vocabulary detection but the performance is not as good as CLIP on cropped regions.

Text+visual embeddings (VIiLD): ViLD shows the bene ts of combining distillation loss (ViLD-
image) with classi cation loss using text embeddings (ViLD-text). We explore different hyperpa-
rameter settings in Appendix Table 7 and observe a consistent trade-off betweemdRR ; ,

which suggests there is a competition between ViLD-text and ViLD-image. In Table 3, we compare
ViLD with other methods. Its APis 6.0 higher than ViLD-text and 4.9 higher than ViLD-image,
indicating combining the two learning objectives boosts the performance on novel categories. ViLD
outperforms Supervised-RFS by 3.8 ABhowing our open-vocabulary detection approach is better
than supervised models on rare categories.
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Table 4:Performance on COCO dataset compared with existing methodsviLD outperforms all the other
methods in the table trained with various sources by a large margin, on both novel and base categories.

Method Training source Novel AP Base AP Overall AP
Bilen & Vedaldi (2016) . . 19.7 19.6 19.6
Ye et al. (2019) image-level labels s [ Cn 20.3 20.1 20.1
Bansal et al. (2018) 0.31 29.2 24.9
Zhu et al. (2020) instance-level labels i€g 3.41 13.8 13.0
Rahman et al. (2020) 412 35.9 27.9
) image captions i€g [ Cn

Zareian et al. (2021) instance-level labels iGs 22.8 46.0 39.9
C_LIP on cropped regions image-text pairs from Internet 26.3 28.3 27.8
VILD-text (may contairCs [ Cy) 5.9 61.8 47.2
VILD-image instaxce-level labels i6 24.1 34.2 316
VILD (w = 0:5) B 27.6 59.5 51.3

Model ensembling: We study methods discussed in Sec. 3.4 to reconcile the con ict of joint train-
ing with VIiLD-text and ViLD-image. We use two ensembling approaches: 1) ensembling ViLD-text
with CLIP (VILD-text+CLIP ); 2) ensembling ViLD-text and ViLD-image using separate heads
(VILD-ensemble). As shown in Table 3, ViLD-ensemble improves performance over ViLD, mainly
on AP. and AR . This shows ensembling reduces the competition. ViLD-text+CLIP obtains much
higher AR, outperforming ViLD by 6.5, and maintains good AP Note that it is slow and im-
practical for real world applications. This experiment is designed for showing the potential of using
open-vocabulary classi cation models for open-vocabulary detection.

Stronger teacher model: We use CLIP ViT-L/14 and ALIGN (Jia et al., 2021) to explore the
performance gain with a stronger teacher model (details in Appendix D). As shown in Table 3,
both models achieve superior results compared with R50 ViLD w/ CLIP. The detector distilled from
ALIGN is only trailing to the fully-supervised 2020 Challenge winner (Tan et al., 2020) by 3.7 AP
which employs two-stage training, self-training, and multi-scale tesgtiadrhe results demonstrate
ViLD scales well with the teacher model, and is a promising open-vocabulary detection approach.

4.5 PERFORMANCE COMPARISON ONCOCODATASET

Several related works in zero-shot detection and open-vocabulary detection are evaluated on COCO.
To compare with them, we train and evaluate ViLD variants following the benchmark setup

in Zareian et al. (2021) and report box AP with an IoU threshold of 0.5. We use the ResNet-50
backbone, shorten the training schedule to 45,000 iterations, and keep other settings the same as our
experiments on LVIS. Table 4 summarizes the results. ViLD outperforms Zareian et al. (2021) by
4.8 Novel AP and 13.5 Base AP. Different from Zareian et al. (2021), we do not have a pretraining
phase tailored for detection. Instead, we use an off-the-shelf classi cation model. The performance
of ViLD-text is low because only 48 base categories are available, which makes generalization to
novel categories challenging. In contrast, ViLD-image and ViLD, which can distill image features

of novel categories, outperform all existing methods (not apple-to-apple comparison though, given
different methods use different settings).

4.6 TRANSFER TO OTHER DATASETS

Trained VILD models can be transferred to other detection datasets, by simply switching the clas-
si er to the category text embeddings of the new datasets. For simplicity, we keep the background
embedding trained on LVIS. We evaluate the transferability of ViLD on PASCAL VOC (Everingham

et al., 2010), COCO (Lin et al., 2014), and Objects365 (Shao et al., 2019). Since the three datasets
have much smaller vocabularies, category overlap is unavoidable and images can be shared among
datasetse.g, COCO and LVIS. As shown in Table 5, VIiLD achieves better transfer performance
than ViLD-text. In PASCAL and COCO, the gap is large. This improvement should be credited to
visual distillation, which better aligns region embeddings with the text classi er. We also compare
with supervised learning and netuning the classi cation layer. Although across datasets, ViLD has
3-6 AP gaps compared to the netuning method and larger gaps compared to the supervised method,
it is the rst time we can directly transfer a trained detector to different datasets using language.
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Table 5: Generalization ability of VILD. We evaluate the LVIS-trained model with ResNet-50 backbone on
PASCAL VOC 2007 test set, COCO validation set, and Objects365 v1 validation set. Simply replacing the
text embeddings, our approaches are able to transfer to various detection datasets. The supervised baselines of
COCO and Objects365 are trained from scratchihe supervised baseline of PASCAL VOC is initialized with

an ImageNet-pretrained checkpoint. All results are box APs.

PASCAL VOC COCO Objects365
APso AP7s AP APsp AP | AP  APsxp  APss

VILD-text 40.5 316 | 288 434 314|104 158 111
ViLD 72.2 56.7 | 36.6 556 39.8| 11.8 182 126
Finetuning | 78.9 60.3 | 39.1 59.8 424|152 239 16.2
Supervised| 78.5 490 | 465 67.6 509| 25,6 38.6 28.0

Method

Figure 4:Qualitative results on LVIS, COCO, and Objects365.First row: VILD is able to correctly localize

and recognize objects in novel categories. For clarity, we only show the detected novel objects. Second row:
The detected objects on base+novel categories. The performance on base categories is not degraded with ViLD.
Last two rows: VILD can directly transfer to COCO and Objects365 without further netuning.

4.7 QUALITATIVE RESULTS

In Fig. 4, we visualize ViLD's detection results. It illustrates VILD is able to detect objects of
both novel and base categories, with high-quality mask predictions on novel olgegtst well
separates banana slices from the crepes (novel category). We also show qualitative results on COCO
and Objects365, and nd ViLD generalizes well. We show more qualitative regudisinteractive
detection and systematic expansion, in Appendix A.

5 CONCLUSION

We present VILD, an open-vocabulary object detection method by distilling knowledge from open-
vocabulary image classi cation models. ViLD is the rst open-vocabulary detection method eval-
uated on the challenging LVIS dataset. It attains 16.1 AP for novel cateogires on LVIS with a
ResNet50 backbone, which surpasses its supervised counterpart at the same inference speed. With
a stronger teacher model (ALIGN), the performance can be further improved to 26.3 novel AP. We
demonstrate that the detector learned from LVIS can be directly transferred to 3 other detection
datasets. We hope that the simple design and strong performance make ViLD a scalable alternative
approach for detecting long-tailed categories, instead of collecting expensive detection annotations.
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