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Abstract—Natural language object retrieval is a highly useful
yet challenging task for robots in human-centric environments.
Previous work has primarily focused on commands specifying the
desired object’s type such as “scissors” and/or visual attributes
such as “red,” thus limiting the robot to only known object
classes. We develop a model to retrieve objects based on descrip-
tions of their usage. The model takes in a language command
containing a verb, for example “Hand me something to cut,” and
RGB images of candidate objects and selects the object that best
satisfies the task specified by the verb. Our model directly predicts
an object’s appearance from the object’s use specified by a verb
phrase. We do not need to explicitly specify an object’s class label.
Our approach allows us to predict high level concepts like an
object’s utility based on the language query. Based on contextual
information present in the language commands, our model can
generalize to unseen object classes and unknown nouns in the
commands. Our model correctly selects objects out of sets of five
candidates to fulfill natural language commands, and achieves
an average accuracy of 62.3% on a held-out test set of unseen
ImageNet object classes and 53.0% on unseen object classes and
unknown nouns. OQur model also achieves an average accuracy
of 54.7% on unseen YCB object classes, which have a different
image distribution from ImageNet objects. We demonstrate our
model on a KUKA LBR iiwa robot arm, enabling the robot to
retrieve objects based on natural language descriptions of their
usage’} We also present a new dataset of 655 verb-object pairs
denoting object usage over 50 verbs and 216 object classesﬁ

I. INTRODUCTION

Fig. 1. Our robot receives segmented RGB images of the objects in the scene
and a natural language command such as “Give me something to contain,” and
correctly retrieved the Minion (yellow cartoon character)-shaped container.

object based on an indirect natural language command with
constraints on the functionality of the object. More specifically,
our work focuses on fulfilling commands requesting an object
for a task specified by a verb such as “Hand me a box cutter to
cut.” Being able to handle these types of commands is highly
useful for a robot agent in human-centric environments, as
people usually ask for an object with a specific usage in mind.
The robot would be able to correctly fetch the desired object
for the given task, such as cut, without needing to have seen
the object, a box cutter for example, or the word representing
the object, such as the noun “box cutter.” In addition, the robot
has the freedom to substitute objects as long as the selected

A key bottleneck in widespread deployment of robots iabject satisfies the specified task. This is particularly useful

human-centric environments is the ability for non-expert usefs cases where the robot cannot locate the specific object the
to communicate with robots. Natural language is one of thgiman asked for but found another object that can satisfy the
most popular communication modalities due to the familiaritgiven task, such as a knife instead of a box cutter to cut.
and comfort it affords a majority of users. However, training a There has been much prior work on natural language object
robot to understand open-ended natural language commandgigeval [13,[11] B, 4] and similar areas such as image cap-
challenging since humans will inevitably produce words thaibning and image retrieval [19, 116,124, 26]. However, previous
were never seen in the robot’s training data. These unknowork primarily focuses on natural language commands that
words can come from paraphrasing such as using “sauceither specify the object class such as “scissors” or describe the
instead of “plate,” or from novel object classes in the robotsbject’s visual attributes such as “red,” “curved,” “has handle,”
environments, for example a kitchen with a “rolling pin” wherand cannot handle unknown object classes or words. Our work,
the robot has never seen a rolling pin before. in contrast, anchors the desired object to its usage (specified by
We aim to develop a model that can handle open-endadrerb) and reasons about the verb to handle unknown objects
commands with unknown words and object classes. As a fiestd nouns on-the-fly.

step in solving this challenging problem, we focus on the Our work demonstrates that an object's appearance provides
natural language object retrieval task — selecting the corregifficient signals to predict whether the object is suitable
for a specific task, without needing to explicitly classify the

lvideo recordings of the robot demonstrations can be found at https://youty.: ; ; ;
beWMAGGhMMXEQ. Bbject class and visual attributes. Our model takes in RGB

“The dataset and code for the project can be fourd at https://githuI).ccjllﬁ‘Ia-‘-:leS of objects and a na_tural Ianguz_age command containing
Thaonguyen3095/affordance-language. a verb, generates embeddings of the input language command


https://youtu.be/WMAdGhMmXEQ
https://youtu.be/WMAdGhMmXEQ
https://github.com/Thaonguyen3095/affordance-language

TABLE |
EXAMPLE VERB-OBJECT PAIRS FROM OUR DATASET

contain — bucket hit — hammer wear — necklace
contain — wardrobe  hit — racket wear — suit

cut — cleaver play — baseball wrap — cloak

cut — hatchet play — violin wrap — handkerchief
eat — banana serve — plate write — notebook
eat — pizza serve — tray write — quill

produced by the image encoder, which takes in an RGB
image of the object, and the embedding produced by the
language encoder, which takes in the referring natural language
command, during training.

We describe the training data in Section 11I-B3. Positive
training samples consist of pairs of natural language com-
mands, each containing one verb, and RGB images of objects
that can be paired with that verb. We obtain negative samples
by randomly sampling an image of a different object that

Fig. 2. Diagram of the language-vision embedding model. The mo dqes not correspond with the Ver-b a-nd pairing the image
encodes given natural language commands and RGB images,.and mininwég-' the Iangqgge Commanq’ resulting in a dataset of equally
the cosine embedding loss between the language and image embeddd@tanced positive and negative samples. We use Adam [12] as

during training. At inference time, the model calculates the cosine similaritiggh gptimiser with a learning rate of 0.0001 and train for 50
between the embeddings of the language command and candidate |magese?ﬂ{,1ChS until convergence.

selects the image most similar to the command in embedding space.
B. Data Collection

image most similar to the command in embedding space. ATo train and evaluate our model, we require pairs of natural
diagram of our model is shown in Figure 2. Our model consisi@nguage commands containing verbs and RGB images of
of separate image and language encoders, each in chaggects. To obtain these command-image pairs, we need verb-
of generating embeddings for the input natural languagdject pairs denoting valid object usage such as “cut” for a
commands and RGB images, respectively. During trainintknife.” We also require RGB images for the objects. Since we
our model minimizes the cosine embedding loss between tre interested in testing our model’s generalization capability
embeddings of language command-RGB image pairs, thasunseen object classes and nouns, we require a large number
maximizing the likelihood of the target image given thef object classes that can be paired with the verbs for a
command. We describe the component image and langusgficient number of held-out object classes.
encoders and our model training process below. To the best of our knowledge, no existing datasets of verb-
1) Image Encoder: To encode each RGB image, we usebject pairs met our requirements. Chao et [al. [2] mine the
the average pooling layer of a pretrained ResNet101 [8]. Weeb for the knowledge of semantic affordance — given an
chose ResNet101 due to ResNet's good performance on rolmhgect, determining whether an action can be performed on it
[15). The use of deep pretrained representations enables -edresulting in a dataset of verb-noun combinations. However,
model to leverage prior information of complex image featurdgbeir dataset is only on 20 object classes, and focuses on verbs
to allow for better encoding of the visual information from thelenoting actions that can be performed on the objects, such as
images. We, therefore, get an embedding of size 2048 frédhunt” a “bird,” rather than the objects’ usage. Other works on
the pretrained ResNet model for each RGB image. semantic affordances [1B| 5] also provide datasets of objects
2) Language Encoder: To encode each natural languagéabeled with their affordances. However, these datasets are on
command, our language encoder consists of a recurrent nefealer than 20 object classes and fewer than 10 affordances.
network (RNN) [6] followed by a fully connected layer. We, therefore, decided to collect our own dataset of valid
We randomly initialize word embeddings for each languageerb-object pairs and use it to generate natural language com-
command that are then trained from scratch. The modsiands paired with RGB images for our model. We describe
therefore, produces an embedding vector that is the same sige data below.
of the embedding produced by the image encoder. 1) Vision Data: We use RGB images and object classes
3) Training Process: We train our model to optimize anfrom the ILSVRC2012 validation sef [21]. We choose this
objective function that attempts to bring the correspondirdpataset as it has 1000 object classes and a variety of images
language and image embeddings closer to each otherpir object class, and we want our model to work on many
embedding space. We achieve this by reducing the cositiferent object classes and object instances. The ImageNet
embedding loss between the low-dimensional embeddinggject classes such as “violin,” “suit,” and “quill” are usually



TABLE Il TABLE Il
EXAMPLE TRAINING DATA (COMMAND-IMAGE PAIRS) RETRIEVAL ACCURACIES (%) ON UNSEEN OBJECT CLASSES IN THE
HELD-OUT OBJECT SET

Verb-Object Language Command Image
Model Top-1(Std. Error)  Top-2(Std. Error)
Random 20.0 45.0
. . . Data size 535 51.04.50) 71.0(2.84)
contain — cup Give me an item that can contain Data size 1070 53.70.86) 74.0(1.60)
Data size 1605  58.73.85) 77.0(2.13)
Data size 2140 58.83.31) 77.0(2.50)
I need something to contain Data size 2675 59.01.68) 76.9(3.55)
Data size 3210 58.21.70) 77.8(2.30)
Data size 3745 62.3 (2.48) 79.8(1.94)
Data size 4280 61.R.25) 77.4(2.44)
. Data size 4815  61.B1.71) 77.7(1.43)
play — drum  [and me something io play Data size 5350 62.3 (2.18) 80.2 (1.23)

Human baseline  78.01.72)

I want an object to play

more realistic language commands, as most people do not ask
for objects with one or two-word commands such as “knife”

. An i r
wear — kimono n item to wea

or “knife cut.”
We hold out 20% of the object classes for testing. Test
Give me something to wear examples consisting of language command-set of five images

pairs are randomly generated from objects in the test set and
their corresponding verb-object pairs. The evaluation task is
to select the correct object from a set of five images given a

. . natural language command.
nouns that occur frequently in textual data in correspondencé guag

with other verbs such as “play,” “wear,” “write.” IV. EXPERIMENTS AND RESULTS

2) Language Data: \We extracted sentences from Wikipedia The aim of our evaluation is to test our models ability

containing the ImageNet object classes and used spaCy [#flaccurately select objects based on natural language de-
to parse the sentences and extract corresponding Verb'Ob&?btions of their usage specified by verbs, given unseen
pairs. We originally sought out to extract verb-object pairgpject classes and unknown nouns in the language commands.
from the common-sense knowledge base ConceptNet [28leneralization to unseen object classes is much more difficult
which ended up being too small and was missing many vajifan just to unseen instances of known object classes, as
verb-object pairings. We then decided to use Wikipedia instegfferent instances of the same object class such as two bottles
for its large text corpus. However, the resulting dataset Waguld usually look more alike than instances from different
highly noisy with 20,198 verb-object pairs, containing manypiact classes such as a bottle and a bowl, even if those object
abstract verbs such as “name,” “feature,” “use,” or nouns in th€;sses can be used for similar tasks such as “contain.”
wrong word sense such as “suit” in “follow suit” and_ “file sujt” The trained model is tested on natural language object
that were not relevant for the natural language object retrieV@lrieval tasks: retrieving the correct object from a set of five
task we were interested in. Therefore, we manually annotai;ﬁqiages of different objects, given a natural language command
the verb-object pairs to retain only pairs that contain concregntaining a verb that can only be paired with the correct
verbs paired with nouns in the correct sense. This resulteddgject_ The evaluation task is modeling a typical retrieval
a dataset with 655 verb-object pairs over 50 verbs and 246k in the wild where there are a few objects on a table
object classes. Example verb-object pairs from our dataset grRj the robot has to pick the correct one. Retrieval examples
shown in Tablé]l. consisting of a language command paired with a set of five
3) Training and Testing Data: We use 80% of the 216 images are randomly generated from objects in the test set and
object classes and their corresponding verb-object pairstk@ir corresponding verb-object pairs. We test our models on
generate our training data. The training data consist of natusaleral different test sets and report average top-1 and top-2
language command-RGB image pairs. For each verb-objestrieval accuracies. Top-1 accuracy means that the model’s
pair, language commands are generated from the pair usiog choice is the correct answer, and top-2 accuracy means
templates, such asiand me something to> <verb>, that the correct answer is among the model’s top-2 choices.
and then paired with different image instances of the object )
class. Examples of the training data are shown in TaRle fl. Held-out Object Set
Rather than using only the verbs and/or nouns from the verb-We first test our model on object sets held out from our
object pairs as language data for our model, we generate aadaset, which have a similar image distribution to that of the
give our model natural language sentences so that it can hartcéning set, as the images all come from the ILSVRC2012
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Fig. 3. Average retrieval accuracies (with unseen object classes from the held-out object set) of models trained on different data sizes, represented by the
solid lines, with vertical bars denoting standard errors. Models trained on larger data sizes usually perform better. All our models significantly outperform a
random model, represented by the dashed lines. The dotted line represents the human object retrieval baseline.

validation set. We evaluate our model on 2 different test splitsodels significantly outperform a random model (which has
representing increasingly difficult scenarios. We describe tB8% top-1 and 45% top-2 retrieval accuracy) and achieve
test splits and our model's performance in each case bel@agcuracies in the 50% — 62% range for top-1, and 70% —
For both cases, the test objects are held-out, meaning 80f6 for top-2. Our best average retrieval accuracy is 62.3%
model has never seen any instances belonging to the test objectop-1 and 80.2% for top-2 with standard errors of 2.18%
classes during training. and 1.23%, respectively. Our models were able to generalize

1) Unseen Object Classes: e first train and test our modelt0 unseen object classes.
on natural language commands containing only the verbsOur models were able to select the correct object to satisfy
from the verb-object pairs, such as “Hand me something tlee task specified by most verbs in our dataset such as “con-
<verb>." This simplified setting where the test commandtain,” “write,” “don,” “rotate,” *hit,” etc. The objects paired
look like those in the training data, for example “Give mavith these verbs usually have similar visual appearances and
something to contain,” helps us look at how well the model hadtributes, for example a gown and a suit can both be paired
learned to generalize the concepts associated with the vemsgh “don” and are both made of fabric. However, our models
such as “contain” requires objects with convexity. It removegerformed imperfectly on more abstract verbs such as “play”
the additional challenges that might arise with seeing unse@nd “protect” as it is less obvious which object attributes are
nouns in the commands, such as the fact that the embeddirgguired for the tasks specified by these verbs, and the objects
for these nouns would be untrained. However, this is still that can satisfy the tasks come in a larger variety of visual
challenging problem because the object classes in the testaggpearances, for example a harp and a volleyball can both be
have never been seen by the model before. paired with “play.”

With 20% of the objects and corresponding verb-object pairsExample success and failure cases for our best model are
in our dataset held out for testing, the training set contains 588own in Figure$ 4(h) arfd 4{b). Our model correctly selected
verb-object pairs. We trained separate models on increasintpges of screws and goblets to satisfy natural language
sizes of training data generated from the 535 verb-object pagsmmands “Hand me something to rotate” and "Give me
Training data was augmented by generating different natuggimething with which I can serve,” respectively. The model
language commands containing the verbs, and pairing tladed to select the swing given the command “I want some-
commands with different images of the objects from the verbhing to play,” and did not select the shield in response to “An
object pairs in the training set. Examples of the training da@bject with which | can protect.” However, the instance of a
are shown in Table II. The test set with 43 held-out objects asblield in the object retrieval task shown in Figlire #(b) does
120 corresponding verb-object pairs and retrieval examples a@ look like a shield but more like a plate, and such object
fixed for all models. instance outliers can definitely throw the model off.

We tested each model trained on different data sizes 5 time®) Unseen Object Classes and Unknown Nouns: Next,
and report their average top-1 and top-2 retrieval accuraciegs train and test our model on natural language commands
and standard errors in Table Ill and Figliie 3. Model perfocontaining both verbs and objects, for example “Give me
mance generally increases with larger training size. All otine <object> to <verb>."” The model is tested on object
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