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Abstract— We introduce the Few-Shot Object Learning
(FEWSOL) dataset for object recognition with a few images
per object. We captured 336 real-world objects with 9 RGB-
D images per object from different views. FEWSOL has
object segmentation masks, poses, and attributes. In addition,
synthetic images generated using 330 3D object models are
used to augment the dataset. We investigated (i) few-shot object
classification and (ii) joint object segmentation and few-shot
classification with state-of-the-art methods for few-shot learning
and meta-learning using our dataset. The evaluation results
show the presence of a large margin to be improved for few-shot
object classification in robotic environments, and our dataset
can be used to study and enhance few-shot object recognition
for robot perception'.

I. INTRODUCTION

For robots to work in human environments, they will
encounter various objects in our daily lives. How can we
build models to enable robots to recognize all kinds of
objects and eventually manipulate these objects? In the
robotics community, model-based object recognition has
been the focus, where 3D models of objects are built and
used for recognition. For example, the YCB Object and
Model Set [1] has significantly benefited 6D object pose
estimation and manipulation research. The limitation of
model-based object recognition is that it is difficult to obtain
a large number of 3D models for many objects in the real
world. The 3D scanning techniques are expensive and certain
object categories such as reflective objects and transparent
objects cannot be reconstructed well. Another paradigm for
object recognition focuses on recognizing object categories
such as bowls, mugs and bottles. Most datasets for object
category recognition only contain a few dozen categories.
For instance, the MSCOCO dataset for object detection and
segmentation [2] has 80 categories. The NOCS dataset for
object category pose estimation [3] only has 6 categories.
While large-scale datasets collected from the Internet such
as ImageNet [4], Visual Genome [5], Objects365 [6], and
open images [7] contain large numbers of object categories,
these datasets are useful for learning visual representations
but are not very suitable to learn object representations for
robot manipulation due to the domain differences.

Few-shot learning [8] emphasizes learning from a few
examples per object, which has the potential to overcome the
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limitations of model-based and category-based approaches.
However, most datasets for few-shot learning in the literature
focus on image classification using images from the Internet.
In this work, we introduce a new dataset to facilitate few-shot
object recognition in robotic environments. Our aspiration is
that if robots can recognize objects from a few exemplar
images, it is possible to scale up the number of objects a
robot can recognize since collecting a few images per object
is a much easier process compared to building a 3D model
of an object. In addition, models trained in the meta-learning
setting [9] can generalize to new objects without re-training.

In our Few-Shot Object Learning (FEWSOL) dataset, we
have collected images for 336 objects in the real world. For
each object, we collected 9 RGB-D images from different
views, i.e., 9 shots per object. We provide ground truth
segmentation masks and 6D object poses of these objects,
where the object poses are computed using AR tags. In
addition, we employed Amazon Mechanical Turk (MTurk) to
collect annotations of these objects including object names,
object categories, materials, function and colors. For each
object, we collected annotations from 5 MTurkers and then
merged their answers on the object attributes. This way, we
can account for how different people name these objects
in our dataset. Based on the collected object names, we
have defined 198 classes for these 336 objects. In few-shot
learning or meta-learning settings, we can think of these
images as support sets. Our goal is to apply learned models to
cluttered scenes. Therefore, we include the images from the
Object Clutter Indoor Dataset (OCID) [10] in our dataset.
Segmentation masks of objects are provided in the OCID
dataset. We manually annotated the class names of these
objects and found that they belong to 52 classes in our object
categories. These images can be used as query sets.

To further expand the scale of our dataset, we also
generate synthetic data to complement the data from the
real world. We selected 330 3D object models from the
Google Scanned Objects dataset [21] and used the PyBullet
simulator to compose synthetic scenes of these objects and
render synthetic RGB-D images from the scenes. Similar to
the real-world data, we first put each 3D model onto a table
and generate 9 views. The benefit of using synthetic data is
that we can generate cluttered scenes with these objects and
obtain annotations for all the objects. We generate 40,000
cluttered scenes and render 7 views per scene.

In this paper, we use our dataset to study two problems: (i)

Yo-Wei Chao s~ with  NVIDIA, - Seattle, - WA 98105, USA oy chot object classification and (ii) joint object segmenta-
ychao@nvidia.com . . . . .

IDataset and code available at tion and few-shot classification. For few-shot classification,
https://irvlutd.github.io/FewSOL we follow the protocol proposed in the Meta-Dataset [22]
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Fig. 1: Examples of support sets and query sets from our dataset. Clean support sets only contain images with single objects in the clean
background, while cluttered support sets have images with multiple objects and different backgrounds.

Dataset Class type #classes Image Type  #images_per_class Annotations
Omniglot [11] Characters 1623 RGB 20 class label
mini-ImageNet [12] ‘WordNet synsets 100 RGB 600 class label
ILSVRC-2012 [13] ‘WordNet synsets 1000 RGB ~8,004 class label
Aircraft [14] Aircraft 100 RGB 100 class label
CUB-200-2011 [15] Birds 200 RGB ~59 class label
Describable Texture [16] Textures 47 RGB 120 class label
Quick Draw [17] Drawings 345 RGB ~146,164 class label
Fungi [18] Fungal species 1394 RGB 65 class label
VGG Flower [19] Flowers 102 RGB ~81 class label
Traffic Signs [20] Traffic signs 43 RGB ~912 class label
MSCOCO [2] Internet Objects 80 RGB ~10,751 class label, segmentation
Ours (real + synthetic) Daily objects 198 + 125 RGB-D ~27 + 10,234 class label, segmentation, object pose and attribute

TABLE I: Comparison of our dataset with other datasets for few-shot learning in the literature. Our dataset contains daily objects in robot
manipulation settings with both real and synthetic images and additional annotations other than object class label.

which constructs episodes for training and testing. Each
episode consists of multiple support sets and query sets with
different number of classes and images per class. Fig. 1
illustrates some support sets and query sets from our dataset.
We reserve the cluttered images from the OCID dataset for
testing and limit training to synthetic data only. In this way,
we can investigate sim-to-real transfer for few-shot learning
with our dataset. We use the ground truth segmentation
masks to crop the objects for classification. For joint object
segmentation and few-shot classification, we first apply an
object segmentation method and then use the predicted masks
to crop the objects for classification. Therefore, segmentation
errors can be accounted for in the classification accuracy. We
have evaluated state-of-the-art methods for few-shot learning
and meta-learning in these two settings using our dataset.
These results can be used for future comparisons. To the best
of our knowledge, our dataset is the first large-scale dataset
for few-shot object learning. Enabling robots to recognize
these object categories in our dataset can provide information
of objects to downstream tasks such as manipulation, object
retrieval or human-robot interaction using object names.

II. RELATED WORK

Few-Shot Learning and Meta-Learning. In the context
of image classification, few-shot learning indicates using a
few images per class. The problem is usually formulated as
“N-way, k-shot”, i.e., N classes with k& images per class.
The end goal of few-shot learning is to learn a model on
a set of training classes Ci.qq, that can generalize to novel

(a)

Fig. 2: (a) Our data capture system with a Franka Emika Panda arm.
(b) 9 images of a mustard bottle captured from different views.

classes Cics¢ in testing. Each class has a support set and a
query set. While the ground truth labels of both the support
set and the query set for a class in Cgp.qq are available
for learning, for a testing class in Ciest, Only labels of the
support set are available. Non-episodic approaches using
all the data in Cipqin for training such as k-NN and its
‘Finetuned’ variants [23], [24], [25], [26]. These methods
focus on learning feature representations using neural net-
works that can be used in Ces. Episodic approaches are
considered to be meta-learners. An episode in training or
testing consists of a subset of classes with support and
query sets. Learning is performed by minimizing the loss
on the query sets of the training episode. Representative
episodic approaches include Prototypical Networks [27],
Matching Networks [12], Relation Networks [28], Model
Agnostic Meta-Learning (MAML) [9], Proto-MAML [22]
and CrossTransformers [29]. We evaluated majority of these
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(b) 1

1. What is the name of the object in these images?
tape and tape holder, tape, support and adhesive tape
2. What is the category of the object in these images?
stationary, stationery / adhesive tape

3. What is the object in these images made of?
plastic, paper, metal

4. What can be the object in these images used for?
placing the tape, stick, wrap, separate

5. What is the color of the object in these images?
black, transparent, white, yellow

(c)

Fig. 3: (a) Object poses from AR tags (b) Pixel correspondences using computed object poses and the segmentation masks of the objects.

(c) Our Amazon Mechanical Turk questionnaire for object annotation.

state-of-the-art few-shot learning methods on FEWSOL.

Datasets for Few-Shot Learning. The Omniglot [11]
and the mini-ImageNet [12] are widely used for evaluat-
ing few-shot learning methods in the literature. Recently,
the Meta-Dataset [22] was introduced for benchmarking
few-shot learning and meta-learning methods. Meta-Dataset
leverages data from 10 different datasets: ILSVRC-2012 (Im-
ageNet [13]), Omniglot [11], Aircraft [14], CUB-200-2011
(Birds [15]), Describable Textures [16], Quick Draw [17],
Fungi [18], VGG Flower [19], Traffic Signs [20] and
MSCOCO [2]. As we can see, these data do not include daily
objects for robot manipulation. Our dataset complements ex-
isting datasets for few-shot learning by explicitly addressing
robotic applications. Table I compares our FewSOL dataset
with existing datasets for few-shot learning. We provide both
real and synthetic RGB-D images and more annotations for
objects. It is worth mentioning that the CO3D [30] dataset
for 3D reconstruction has the potential to be used for few-
shot object learning.

III. DATASET CONSTRUCTION
A. Data Capture in the Real World

For each object in the real world, we capture multiple
exemplar images of the object. We automate this process
using a Franka Emika Panda arm as shown in Fig. 2(a). An
Intel RealSense D415 camera is mounted onto the Panda
arm gripper. It can capture both RGB images and depth
images. We specify 9 waypoints of the camera pose and
utilize motion planning of the arm to move the camera to
these poses. Due to the kinematic constraints of the robot
arm, we cannot capture images for the backside of an object.
For each object, we can automatically capture 9 RGB-D
images from 9 different views (Fig. 2(b), 3 poses on the
left, 3 poses in the front and 3 poses on the right).

To accurately estimate the camera poses of these 9 images
with respect to the object, we have designed a marker board
with 18 AR tags. During data capture, we place the object
in the center of the board. For each captured image, we use
the detected AR tag poses to compute the camera pose with
respect to the center of the marker board and treat this pose
as the estimated object pose of the image. Because there are
noises in the AR-tag poses, we use the RANSAC algorithm
to estimate the object pose in this process. Fig. 3(a) shows the
AR-tag poses and the computed object poses with the point
clouds from the RealSense camera. Using the object poses

and the point clouds, we can also compute pixel correspon-
dences between images as shown in Fig. 3(b). Consequently,
we obtain 9 RGB-D images with their estimated object poses
for each object. We have captured 336 objects in total. These
include various daily objects from grocery stores and tools.

B. Data Annotation

After capturing these objects, our next step is to provide
annotations. First, we generate the segmentation masks of
these captured objects. Instead of manually segmenting these
objects, we utilize the unseen object instance segmentation
method proposed in [31]. The trained network in [31] cannot
successfully segment all the objects in the beginning. There-
fore, we bootstrap the network by finetuning it on our dataset.
After applying the network to all the data, we manually
select accurate segmentation for finetuning and then apply
the finetuned network to unsuccessful images. We iterate
this process until the network can segment all the objects.
Fig. 3(b) shows two examples of the generated segmentation
masks.

Second, we provide object class labels and additional
attributes for these objects. We leverage Amazon Mechanical
Turk (MTurk) for this annotation. In this way, we can
gather how lay people name the classes and attributes of the
objects, which can be useful to deploy object recognition
systems to human-robot interaction scenarios where users
communicate with robots using these common names. We
designed 5 questions for each object and ask MTurkers to
answer these questions. For each object, we gather answers
from 5 different MTurkers and merge their answers. Fig. 3(c)
illustrates an example with the questions and the merged
answers. These annotations can be used to recognize detailed
attributes of objects. Based on these annotations from MTurk,
we define 198 object classes for these 336 captured objects.
Since 9 images are captured for each object, each class has
around 15 images in our dataset on average.

C. Synthetic Data Generation

Leveraging synthetic data for learning has been successful
in various robotic problems such as object segmentation [31],
grasping [32] and control policy learning [33] since one
can generate large-scale synthetic data with ground truth
annotations automatically. In our dataset, we also leverage
synthetic images for few-shot object learning. To do so,
we selected 330 3D object models from Google Scanned
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(a) (b)

Fig. 4: (a) Synthetic objects with clean background. (b) Synthetic
objects in cluttered scenes.

Toothpaste

Towel
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Fig. 5: Illustration of the joint object segmentation and few-shot
classification problem with an image from the OCID dataset [10].

Objects [21]. We use these 3D models to generate two types
of data. First, similar to our real-world data capture, we
place each object onto a table in the PyBullet simulator and
generate 9 RGB-D images of each object from 9 different
views. Fig 4(a) shows some examples of these multi-view
images. Second, we generate cluttered scenes using these
objects as shown in Fig 4(b). Thanks to the simulator,
we can obtain object segmentation masks of these images
effortlessly, which is otherwise time-consuming to collect
from the cluttered scenes in the real world. We generated
40000 scenes of these objects on tabletops and rendered 7
RGB-D images per scene. To obtain class names of these
330 objects, we also employ MTurk to collect annotations
of these objects as described in Sec. III-B. Eventually, we
define 125 classes for these synthetic objects.

D. Joint Object Segmentation and Few-Shot Classification

In real-world robotic applications, objects usually appear
in cluttered scenes. Therefore, we need to separate an object
from other objects plus the background and then classify it.
For our dataset, we target the problem of joint object segmen-
tation and few-shot classification. The problem is illustrated
in Fig. 5. Given an image of a cluttered scene, the task is
to segment objects in the scene and classify each object
in few-shot learning settings. To evaluate the performance
of joint object segmentation and few-shot classification on
real-world images, we leverage the Object Clutter Indoor
Dataset (OCID) proposed in [10]. This dataset was originally
proposed for object segmentation. It provides segmentation
masks of objects in the dataset. We manually annotate objects
in the OCID dataset with class labels. We found 2,300 objects
in the OCID dataset after filtering a few bad segmentation

annotations. These objects belong to 52 classes in our dataset.
Objects in OCID can be partially occluded which makes the
few-shot object classification challenging.

E. Training and Testing

Our goal in building this dataset is to develop perception
models that can classify objects in cluttered scenes with few
examples per class. Therefore, we reserve the objects in the
OCID dataset for testing, which are real-world objects in
cluttered scenes (Fig. 5). For training, we use the synthetic
images rendered using Google Scanned Objects. The reasons
for using synthetic data for training are: i) it is easy to
generate cluttered scenes with ground truth annotations; ii)
we can study sim-to-real transfer with our dataset.

In few-shot learning or meta-learning settings, training and
testing have a support and query set. During training, the
labels of the support and query sets are available. So we
can use the labels of the query set to compute the training
loss. During testing, labels of the support set are provided
and the goal is to infer labels of the query set. Testing
classes can be different from the training classes. When
using our dataset, we consider two types of support sets:
clean support sets and cluttered support sets. Clean support
sets only consist of images of clean backgrounds without
occlusions, while cluttered support sets contain images with
different backgrounds and occlusions. Fig. 1 illustrates these
two types of support sets and their query sets. Since query
images are from cluttered scenes, training with clean support
sets is more challenging. However, if a method can work
well with clean support sets, it requires less annotations, i.e.,
no annotation from cluttered scenes is needed. For example,
given a novel object, we can just collect a few images of
the object in a clean background in order to recognize it.
Therefore, we encourage models that can perform well with
clean support sets in our dataset.

IV. BENCHMARKING EXPERIMENTS

In this section, we evaluate the state-of-the-art methods
for few-shot learning and meta-learning on our dataset.

A. Few-Shot Object Classification

First, we follow the training and testing procedure de-
signed in Meta-Dataset [22] and evaluated the following
methods on our dataset: k-NN baseline that classifies each
query example to the class of its closest support example,
Finetune baseline that trains a classifier on top of the
feature embedding using the support set of a test episode,
Prototypical Networks [27], Matching Networks [12], first-
order Model Agnostic Meta-Learning (fo-MAML) [9], first-
order Proto-MAML (fo-Proto-MAML) introduced in [22]
and CrossTransformers (CTX) [29]. CTX uses an attention
mechanism to compute a ‘query-aligned’ prototype for each
class, and then use these prototypes as in Prototypical
Networks. [29] also introduces using SimCLR [34] as train-
ing episodes by treating every image as its own class for
self-supervised learning (CTX+SimCLR). Details about the
training and testing setup can be found in the supplementary
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OCID (Real) [10] Google (Synthetic) [21]
Method All (52 classes) Unseen (41 classes) Seen (11 classes) Unseen (13 classes)
Cluttered S Clean S Cluttered S Clean S Cluttered S Clean S Cluttered S Clean S
Training setting: clean support set without pre-training
k-NN [22] 5292 £ 1.08 1619 £ 0.74 | 55.12 £ 1.08 16.73 £ 0.62 | 5590 &+ 1.08 31.94 £ 0.89 | 83.43 £ 0.76 79.91 £ 0.79
Finetune [22] 57.96 + 1.08  28.99 £ 0.92 | 6245 + 1.13  33.14 + 0.91 | 5849 &+ 1.01 3646 = 1.04 | 6336 £ 1.75  66.60 & 1.19
ProtoNet [27] 45.02 £ 0.89  16.18 = 0.74 | 50.00 £ 091  17.20 + 0.72 | 48.90 + 0.88 3273 £ 0.89 | 71.62 £ 0.98  72.63 £ 0.79
MatchingNet [12] 51.58 £ 1.08 19.40 & 0.72 | 58.24 £ 1.04 21.70 £ 0.76 | 53.99 4+ 1.02  33.10 £ 0.94 | 76.26 + 0.82  77.26 £ 0.76
fo-MAML [9] 2424 £ 1.17 17.01 = 1.00 | 30.29 £ 1.33  19.09 = 0.86 | 41.82 £0.95 4182 £ 095 | 51.31 £ 1.70  59.54 £ 0.96
fo-Proto-MAML [22] | 49.57 4 1.00  20.06 4 0.79 | 55.96 + 1.04 2251 4+ 0.73 | 5532 + 1.03 3345+ 095 | 68.70 + 1.42  81.69 + 0.80
CTX [29] 5317 £1.05 1849 £ 0.84 | 5581 £0.99  20.60 & 0.94 | 56.77 £ 0.98 3541 £ 0.93 | 86.46 + 0.70  88.08 £ 0.63
CTX+SimCLR [29] 53.87 £1.03  30.31 & 1.00 | 56.56 = 0.97 3043 +0.93 | 64.90 + 098 53.70 & 1.18 | 85.15 £ 0.69 83.94 £ 0.65
Training setting: cluttered support set without pre-training
k-NN [22] 5878 £ 1.04 21.72 £ 0.84 | 61.56 £ 1.13  22.17 £ 0.78 | 66.33 £ 1.02 41.76 = 1.00 | 86.94 £ 0.67 80.99 £ 0.69
Finetune [22] 5863 £ 1.12 2994+ 090 | 63.18 £ 1.06 3271 £ 0.89 | 59.28 +£ 1.07 39.71 £ 1.01 | 66.36 + 1.77  65.02 £ 1.24
ProtoNet [27] 42.56 + 0.88 1517 £ 0.82 | 47.60 = 0.87 16.23 £ 0.77 | 4893 £ 0.89  33.69 + 1.02 | 71.21 £ 097  66.76 & 0.87
MatchingNet [12] 5294 +£1.09 1798 £ 0.77 | 5620 £ 1.05 19.52 + 0.73 | 54.07 £ 1.03 31.18 £ 093 | 78.51 £ 0.82 7225 £ 0.87
fo-MAML [9] 4392 + 1.07 1726 £ 0.87 | 49.21 & 1.03  18.80 £ 0.80 | 51.94 £ 1.00 2891 £ 0.92 | 70.78 £ 0.90  66.54 £ 0.88
fo-Proto-MAML [22] | 51.00 & 1.02  17.35 £ 0.75 | 55.46 £ 1.06  19.59 &+ 0.74 | 56.90 £ 1.06  31.99 & 091 | 76.78 £ 1.10  77.36 £ 0.83
CTX [29] 4996 + 1.04 1843 £0.74 | 5391 + 1.02 20.82 + 0.87 | 57.97 + 098 36.93 + 1.03 | 92.45 & 0.46  89.82 + 0.58
CTX+SimCLR [29] 60.83 + 1.06  31.67 + 0.97 | 63.80 & 1.09 33.34 + 0.99 | 66.25 + 1.01  51.62 & 1.10 | 89.58 £ 0.57  88.99 £ 0.57
Training setting: clean support set with pre-training
k-NN [22] 59.34 £ 1.10 2340 £ 0.85 | 63.02 £ 1.07 2498 £0.86 | 66.24 £ 1.01 3936 £ 1.01 | 89.18 £ 0.59 8577 £ 0.69
Finetune [22] 59.77 £ 1.08  32.15 £ 0.90 | 64.01 & 1.08 3554 + 0.90 | 5830 = 1.09 37.72 + 1.04 | 66.09 = 1.72  69.85 & 1.09
ProtoNet [27] 57.54 £ 1.06 3447 + 1.00 | 6125 £ 1.11  37.06 &+ 1.01 | 6590 + 1.04 51.07 &+ 1.04 | 7437 £ 1.12  81.38 £ 0.67
MatchingNet [12] 5381 £ 1.02 2633 +£094 | 57.77 £ 093 28.05 £+ 1.00 | 61.83 £0.97 4581 £ 1.07 | 6540 £ 1.57 85.18 £ 0.70
fo-MAML [9] 4492 +£ 120 1571 £ 0.77 | 51.67 £ 1.13  17.74 £ 0.77 | 56.02 £ 1.04 30.78 £ 0.95 | 7091 £ 1.08  73.86 £ 0.88
fo-Proto-MAML [22] | 57.09 £+ 1.04 27.01 £ 0.94 | 60.29 £ 1.02  28.69 & 0.88 | 66.75 &= 1.04 4439 4+ 1.10 | 77.16 = 1.10  88.14 & 0.68
CTX [29] 56.65 £ 1.02  29.06 = 0.99 | 60.33 £ 1.02 29.96 + 094 | 6547 £ 1.04 4548 £ 1.12 | 90.66 + 0.63  92.72 £ 0.45
CTX+SimCLR [29] 5747 £1.03 3129 4+ 098 | 5932 +£ 098 3131 4+ 093 | 67.73 +£ 091 53.67 + 1.14 | 81.76 + 0.74 8276 + 0.74
Training setting: cluttered support set with pre-training
k-NN [22] 60.63 £ 1.10  23.09 + 0.87 | 62.54 £ 1.12 2397 £ 0.77 | 65.16 £ 1.04 40.82 & 1.04 | 89.21 £ 0.55 84.49 £ 0.74
Finetune [22] 60.11 £ 1.12 3123 £ 095 | 6258 £ 1.10 3322 £ 094 | 5889 £ 1.03 3648 £ 1.06 | 66.49 £ 1.73 6831 £ 1.15
ProtoNet [27] 59.02 £ 1.00 31.86 &+ 1.02 | 61.56 £ 1.09 34.12 + 1.06 | 66.47 £ 0.94 4880 £ 1.12 | 79.49 £ 0.94 79.19 £ 0.78
MatchingNet [12] 62.35 £ 1.06 2850 4+ 0.93 | 6541 & 1.06 30.16 + 0.94 | 70.50 4 0.99  44.01 + 1.03 | 8544 4+ 0.63  84.10 £ 0.70
fo-MAML [9] 56.04 £ 1.08 20.64 = 0.76 | 58.01 £ 1.12 21.24 £ 0.81 | 5881 £ 1.12 3238 £0.96 | 79.12 £ 0.95 71.88 £ 1.00
fo-Proto-MAML [22] | 60.98 & 1.01 2832 4+ 091 | 63.18 £ 1.02  29.08 + 093 | 71.44 £ 1.00 46.98 &+ 1.07 | 89.21 £0.70  86.70 £ 0.71
CTX [29] 56.29 £ 093 2693 £ 091 | 5852 £0.92 2740 £ 0095 | 63.00 £ 1.01 44.11 £ 1.06 | 94.51 £ 0.39  92.06 £ 0.48
CTX+SimCLR [29] 62.70 + 1.07  38.56 + 1.12 | 64.86 &= 1.09 38.22 + 1.07 | 73.11 & 0.93  61.47 & 1.11 | 89.23 & 0.60  90.01 & 0.49

TABLE II: Benchmarking results on few-shot object classification in terms of 95% confidence intervals for classification accuracy with

episodic testing consisting of 600 episodes as in Meta-Dataset [22].

materials. 95% confidence intervals for the few-shot classi-
fication accuracy of these methods are presented in Table II.

Model training is performed on 112 classes of our syn-
thetic dataset, and testing is conducted on 52 classes in the
OCID dataset [10] and 13 validation classes in the synthetic
dataset. The backbones of these methods are ResNet-34
except for the Finetune baseline (ResNet-18 due to GPU
memory limit). As in Meta-Dataset [22], we compare with
and without pre-training for the backbone network, where
pre-training initializes the backbone weights as the k-NN
Baseline model trained on ImageNet. We also use either
clean support sets or cluttered support sets during training.
The choice of pre-training and support set generates 4
training settings in Table II. For testing episodes, we evaluate
on both clean support sets and cluttered support sets.

From the results in Table II, we have the following
observations. i) Adding pre-training is beneficial. Most clas-
sification accuracies are improved with pre-training. ii) The
performance on the synthetic classes is much better than on
the real classes. We can see the sim-to-real gap clearly. iii)
Using cluttered support sets can achieve better performance
than using clean support sets because query sets contain
different backgrounds and occlusions. However, obtaining
annotations for cluttered support sets in the real world
is expensive. Methods using clean support sets in testing
are encouraged. iv) Among the 52 classes in OCID, we
separately tested on 41 unseen classes, i.e., novel classes
not presented in training and 11 seen classes. Overall, the
performance on seen classes is better. v) Among these
evaluated methods, CrossTransformers [29] achieves the best
performance, which is consistent on other few-shot learning
datasets [22]. CTX+SimCLR has a large margin when using
clean support sets compared to other methods, highlighting

the importance of self-supervised representation learning in
SimCLR [34]. This experiment suggests that pre-training
and self-supervised contrastive representation learning can
be critical in few-shot learning and meta-learning.

B. Joint Object Segmentation and Few-Shot Classification

In this experiment, we conduct non-episodic testing on
all the 2,300 objects among the 52 classes in the OCID
dataset. When cropping objects from the original images
for classification, we tested using ground truth masks versus
using the predicted masks from [31]. We need to assign a
mask to each object when using predicted masks. This is
achieved by the Hungarian method with pairwise F-measure
that computes matching between predicted masks and ground
truth objects. These cropped objects construct the query
set. We use the real-world objects that we captured on a
tabletop as the clean support sets. We present top-1 and
top-5 classification accuracies of the evaluated methods in
Table III. Few-shot learning methods are trained on the 112
classes of our synthetic dataset with pre-training. In addition,
we also tested the CLIP models [35], [36] with different
image encoder backbones. If an object cannot be segmented
by a segmentation method, i.e., no assigned mask for the
Hungarian matching, we consider this object as a misclassi-
fication. In this way, the classification accuracy also accounts
for the segmentation performance and using ground truth
segmentation masks focuses on evaluating the classification
performance only. From Table III, we can see that: i) The
top-1 accuracy is around 25% for the best few-shot learning
method trained on synthetic data, which indicates that there
is still a large margin to be improved in this setting. The
difficulties lie in using synthetic images for training and
clean support sets during testing. ii) Classification accuracies
of seen classes are much higher than unseen classes. iii)
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OCID (Real) [10]
Method Use GT ion (#classes, #objects) Use segmentation from [31] (#classes, #objects)
All (52, 2300)  Unseen (41, 1598)  Seen (11, 702) | AIl (52,2300) Unseen (41, 1598)  Seen (11, 702)
Clean S Clean S Clean S Clean S Clean S Clean S
Training setting: clean support set with pre-training (top-1, top-5)
k-NN [22] 14.65, 25.22 15.33, 24.41 41.03, 72.65 12.70, 23.22 13.70, 22.59 36.75, 67.95
Finetune [22] 22.26, 50.17 26.41, 58.20 31.62, 80.34 21.30, 48.57 24.34, 53.94 35.47, 67.38
ProtoNet [27] 25.17, 57.30 2522, 58.45 51.99, 94.73 22.96, 51.96 22.65, 54.32 49.86, 87.75
MatchingNet [12] 17.39, 48.35 14.64, 50.06 51.85, 90.31 15.78, 45.13 13.08, 46.93 49.15, 84.47
fo-MAML [9] 11.43,31.48 11.58, 34.73 36.89, 69.94 10.91, 29.17 10.01, 32.35 31.77, 63.68
fo-Proto-MAML [22] 14.35, 28.96 5.63, 40.61 45.58, 71.51 13.39, 26.96 5.51, 37.73 41.74, 67.24
CTX [29] 17.48, 46.57 18.21, 49.81 51.85, 87.75 15.70, 43.83 16.90, 46.31 47.86, 81.34
CTX+SimCLR [29] 18.57, 50.30 20.46, 51.06 57.55, 93.16 16.48, 46.17 17.71, 47.12 52.14, 85.75
Training setting: cluttered support set with pre-training (top-1, top-5)
k-NN [22] 13.70, 23.83 15.33, 2428 47.72, 72.79 13.26, 23.22 14.14, 22.90 44.73, 68.66
Finetune [22] 22.17, 53.35 24.34, 55.63 31.91, 71.51 18.26, 44.22 20.65, 52.00 36.04, 69.52
ProtoNet [27] 21.35, 50.57 22.34, 51.31 51.99, 90.46 18.61, 47.22 18.21, 48.12 45.44, 85.33
MatchingNet [12] 17.52, 50.96 17.77, 52.32 49.43, 88.18 16.52, 46.52 15.58, 48.81 43.45, 82.76
fo-MAML [9] 16.48, 38.52 13.70, 39.49 37.46, 77.07 15.35, 35.04 11.08, 34.36 40.31, 69.94
fo-Proto-MAML [22] 11.04, 28.70 4.01, 38.67 43.73, 72.65 9.91, 26.35 3.57, 35.79 40.46, 68.09
CTX [29] 19.00, 45.48 17.71, 44.74 51.85, 88.75 17.13, 42.22 16.08, 42.12 47.15, 83.19
CTX+SimCLR [29] 24.61, 62.39 25.16, 63.52 65.81, 96.30 22.17, 57.43 23.28, 57.57 59.12, 88.32
Using pre-trained CLIP models [35]
Few-shot Tip-Adapter ViT-L/14-Finetune [36] 60.17, 83.04 59.64, 85.17 85.75, 99.00 54.87, 78.91 56.07, 80.29 79.20, 91.88
Few-shot Tip-Adapter ViT-L/14 [36] 56.78, 83.22 55.38, 84.86 86.89, 98.58 52.35, 76.26 51.69, 79.04 80.06, 92.45
Zero-shot CLIP ViT-L/14 [35] 54.57, 84.74 55.94, 87.92 83.62, 98.58 50.43, 78.52 52.07, 81.54 75.07, 92.17
Zero-shot CLIP ViT-B/32 [35] 41.87, 75.26 41.30, 77.91 78.06, 97.58 39.83, 69.43 39.17, 72.09 70.66, 90.88
Zero-shot CLIP ViT-B/16 [35] 40.70, 73.96 40.24, 76.03 76.50, 95.73 39.35, 68.83 38.61, 70.15 70.66, 88.89
Zero-shot CLIP RN50x64 [35] 42.96, 75.83 43.62, 77.41 76.64, 96.01 40.04, 70.87 41.74, 72.22 69.94, 90.46
Zero-shot CLIP RN50x16 [35] 38.52, 73.04 40.11, 75.72 79.49, 96.30 35.65, 67.30 37.30, 69.77 70.94, 89.74
Zero-shot CLIP RN50x4 [35] 35.96, 68.52 34.42, 70.03 73.93,95.73 34.00, 63.78 32.48, 65.46 67.95, 88.60
Zero-shot CLIP ResNet-101 [35] 32.96, 68.30 32.67, 69.52 77.49, 96.87 31.09, 63.87 31.85, 65.96 69.66, 89.74
Zero-shot CLIP ResNet-50 [35] 25.91, 58.43 29.04, 64.39 61.40, 93.16 24.70, 55.61 28.04, 61.20 57.69, 86.47

TABLE III: Benchmarking results on joint object segmentation and few-shot classification in terms of top-1 and top-5 classification accuracy
with non-episodic testing on the OCID dataset [10]. For CLIP-based models, different image encoder backbones are tested: ResNet [37],
EfficientNet [38] style ResNet (RN50x4, RN50x16, RN50x64) and Vision Transformers (ViT-B/16, ViT-B/32, ViT-L/14) [39].
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Fig. 6: Qualitative results with top-5 predictions from our real-world
testing with the fine-tuned Tip-Adapter (ViT-L/14) model [36].

Overall, CTX+SimCLR performs better when training with
cluttered support sets, while Prototypical Network performs
better when training with clean support sets. iv) The pre-
trained CLIP models [35] perform much better than trained
few-shot learners on classifying these objects. We think it
is due to the large scale real-world data that CLIP models
are trained on. The Tip-Adapter [36] adapts CLIP models
for few-shot classification. Its training-free model and the
fine-tuned variant improve over the original CLIP models.

C. Qualitative Results in the Real World

In this experiment, we aim to build a few-shot clas-
sification model that works best on real-world perception
systems. So we train CTX+SimCLR [29] with all the real and
synthetic data in our dataset and then test the trained model in
our lab. Cluttered support sets are used for training. RGB-
D images are collected from a Fetch mobile manipulator
and we used [31] for object segmentation. We tested on
32 objects with 4 objects in an image. The CTX+SimCLR
model achieves 28.13% and 56.25%, the pre-trained CLIP-
ViT-L/14 model achieves 65.63% and 81.25% and the fine-
tuned Tip-Adapter (ViT-L/14) model achieves 65.63% and
84.38% top-1 and top-5 accuracy respectively. Fig. 6 shows
one testing image and the classification results from the Tip-
Adapter [36] model. Please see the supplementary video for

these classification results. The low top-1 accuracy indicates
the difficulty of the few-shot object classification problem in
the real world. Most failure cases in few-shot classification
are due to the differences between testing and training
objects. For example, the black bottle in Fig. 6 was not
seen during training. How to achieve better generalization
in few-shot object classification is an interesting direction to
explore. We hope that our dataset can be used to build better
models for this problem.

V. CONCLUSION AND FUTURE WORK

We introduce the Few-Shot Object Learning (FEWSOL)
dataset for few-shot object recognition. Different from ex-
isting datasets for few-shot learning, our dataset contains
household objects such as personal items, tools and fruits. We
provide RGB-D images, object segmentation masks, poses
and attribute annotations in the dataset. We hope the dataset
can facilitate progress on robot object perception. If a robot
can recognize all the object classes in the dataset (198 classes
of real objects), this will help lots of robotic applications
such as manipulation, object retrieval, object grounding, task
planning, and so on. We demonstrated using our dataset
for (i) few-shot object classification and (ii) joint object
segmentation and few-shot classification in this paper. The
experimental results show a need to improve the few-shot
recognition performance for real-world robotic applications.
In the future, we plan to study how to leverage depth data and
multi-view information to improve few-shot object classifi-
cation. We also plan to study few-shot object representation
learning for shape reconstruction, object pose estimation and
object attribute recognition using the FEWSOL dataset.
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