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Abstract— In many robotic applications, especially those
involving humans and the environment, linguistic and visual
information must be processed jointly and bound together.
Existing works either encode the image or the language into a
subsymbolic space, like the CLIP model, or create a symbolic
space of extracted information, like the object detection models.
In this paper, we propose to describe images by nouns and
modifiers and introduce a new embedded binding space where
the linguistic and visual cues can effectively be bound. We
investigate how state-of-the-art models perform in recognizing
nouns and modifiers from images, and propose our method
by introducing a dataset and CLIP-like recognition techniques
based on transfer learning and metric learning. We show real-
world experiments that demonstrate the practical applicability
of our approach to robotics applications. Our results indicate
that our method can surpass the state-of-the-art in recognizing
nouns and modifiers from images. Interestingly, our method
exhibits a language characteristic related to context sensitivity.

I. INTRODUCTION

In many robotics applications, it is crucial to bind infor-
mation from different modalities. As an example, a robot
doing visual language grounding needs to bind linguistic
and visual information. The binding problem originates in
neuroscience [1] and concerns how the brain binds informa-
tion from separately processed sensory input [2]. An example
is binding color and motion of the same object, given that
color and movement are known to be processed in different
regions in the brain [3], [4]. The binding problem has also
been addressed in cognitive psychology and AI [5], [6],
[7], as how information from different modalities should be
processed, represented, and bound together. This paper is
about enabling a robot to bind linguistic and visual cues.

In AI systems, the binding problem is often addressed
by representing information from different modalities in
encoded spaces. For example, Contrastive Language–Image
Pre-training (CLIP) encoders [8] are state-of-the-art in creat-
ing a shared binding space that represents information from
language and vision into spaces with sub-symbolic charac-
teristics. How to best preprocess and represent modalities’
information in a shared space, ensuring that characteristics of
symbolic and subsymbolic methods are preserved, is still an
open problem. While subsymbolic encoders are compelling
in expressing details, communication with humans and many
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versity, Sweden. mohamadreza.farid@oru.se

existing methods for cognitive processes in AI, like reasoning
or planning, use symbols.

In robots, a binding space between linguistic and visual
cues of objects can be used to recognize visual cues of ob-
jects (e.g., object names and attributes) or ground sentences
to objects. Visual cues recognition in existing works is often
specific to object names [9], attributes [10], or their joint
recognition [11], [12]. In language, one can relate these to
head nouns and attributive adjectives in noun phrases that
describe objects, as in “a small green apple”.

Besides being an input modality, natural language is a
symbolic system humans use to describe objects. Among
different phrases in human language, noun phrases are among
the most common types that humans use for describing visual
information [13], [14], [15]. Noun phrases are grammatical
structures composed of a head noun, and some modifiers that
contribute to the meaning of the head noun.

This paper introduces the Visual Noun Modifiers (ViNoM)
problem, that is, how an AI system can recognize nouns and
modifiers from images. With respect to the state of the art
that addresses the recognition of head nouns and attributive
adjectives, the ViNoM problem also includes the recognition
of attributive nouns, quantifiers, and propositional phrases.
It allows a broader range of linguistic information to be
identified from objects, inspired by how humans identify
objects. To the best of our knowledge, our work is the first
that proposes to bind nouns and modifiers to images.

This work also studies some characteristics of symbolic
systems in the subsymbolic spaces. Rooted and inspired by
characteristics of language, we argue that binding linguistic
constructs to objects’ images in AI systems has to be
decomposable and context sensitive. By decomposable, we
mean that when a system is trained on pairs of object images
and their linguistic descriptions (made of multiple lexical
units), it should also recognize each lexical unit individually.
By context sensitive, we mean that by adding a linguistic
context to a lexical unit the system should also recognize the
contextualized lexical unit. Namely, due to relations between
lexical units, the system can recognize a pack of lexical units,
possibly even better than an individual lexical unit. These
points are further discussed in Section IV.

This paper’s key idea is to exploit visual noun modifiers
in robotic applications that need a joint space for visual
and linguistic cues. The main novel contributions are: (1)
in contrast to prior work, we describe objects by nouns
and modifiers, (2) we introduce the problem of visual noun
modifiers (ViNoM) binding, (3) we create a dataset of visual
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noun modifiers,1 (4) we implement a method, ViNoMs, for
binding linguistic cues to visual cues, which bridges the two
modalities, (5) we argue for decomposability and context
sensitivity in multi-modal binding, and (6) we evaluate our
method against prior ones based on those qualities. The key
moves in ViNoMs are to create a shared embedded binding
space using pre-trained CLIP models [8], and to apply metric
learning to improve recognition of noun modifiers.

The next section reviews related work, and Section III de-
scribes the ViNoM dataset. Section IV introduces the ViNoM
problem and our method, by describing binding space, kernel
function, and evaluation criteria. Results of experiments are
reported in Section V, followed by a conclusion.

II. RELATED WORK

In robotics, many applications require finding the category
of objects in an environment [16], [17], [18]. Several works
extract different features of objects that a robot can perceive,
such as category, color, shape, and size [19], [20], [21]. These
works extract a limited number of objects’ attributes and used
an individual function for each attribute type. Recognizing
a wide range of object attributes can improve a robot’s
perception of its surroundings, enabling it to acquire a more
comprehensive knowledge of the objects in the environment.
This has been used, e.g., in image retrieval [22], referential
expression grounding [23], visual question answering [24],
[25], image captioning [26] and object recognition [27],
[28], [29], [30], [31]. Recent research focused on describing
objects in finer grained detail, such as PACO [32] focused
on describing objects by their parts and attributes. Some
works [11], [12] focused on methods that can combine object
names and attribute recognition methods together. Our work
is peculiar in describing objects through nouns and modifiers,
inspired by how humans describe objects in natural language.

Existing works on attribute detection with deep learning
methods are based on various labeled datasets focusing on
images of different concepts, such as birds dataset [33] or
specialized datasets for other objects [34], [35], [36], [37],
[38], [39]. Attribute annotation in free-domain datasets can
be per-image [40], [41], or per-object, such as the Visual
Genome attribute dataset [42]. The latter has subsequently
been refined into GQA [43], and PhraseCut [44] datasets. A
more refined version has been released as the VAW dataset
[10]. Our gathered dataset is an extended version of the VAW
dataset, providing additional annotations per object extracted
from object descriptions and including more attribute types.

Various methods can be used for attribute recognition. If
the number of recognized attributes is low, methods similar to
object classification can be used: for example, Deep Attribute
Network that ignores recognition of object category and
solely focuses on attributes [45]. Some work, such as SCoNe
[10], takes the image and the object category and returns a
set of predicted attribute labels. We believe these methods
fall short in a few aspects; they fail with out-of-vocabulary

1Dataset available on request from the authors.

attributes, and they cannot recognize the most important
attribute of an object, which is the object’s category.

Some previous works used approaches similar to ours,
using CLIP models [8] to recognize a large number of
classes of object categories and attributes. For example,
Duet [12] performs zero-shot recognition of attributes for an
image and a prompt, and OvarNet [11] demonstrated that the
CLIP model can outperform previous works in recognition
of out-of-vocabulary attributes. While our method shares
similarities with these works, we took different objectives
in learning the kernel function and focused on a different
problem. While other works aim to enhance the classification
within the range of VAW label set, our objective is to enhance
similarities and quality of binding space by reducing the
gap between information modalities, and recognizing a wider
range of visual cues.

III. A VISUAL-NOUN-MODIFIER DATASET

Existing datasets for object attributes (such as VAW)
lack labels encompassing all modifier types. This section
describes our automated procedure for creating a dataset with
objects’ images and noun and modifiers labels, by curating
existing attribute datasets. Note that our objective in this
paper is to find nouns and modifiers used to describe ob-
jects. Modifiers include lexical units that serve as attributive
nouns, attribute adjectives, and quantifiers. We also store
propositional phrases in our dataset for further studies but
did not include them in this paper’s reports. We aim to have
a large open-domain dataset in the number of objects and
annotations per instance to create a more generalized binding
space. In this work, we used the VAW dataset [10] as the
basis of our dataset and enriched it with other modifiers
extracted from Visual Genome (VG) region descriptions
[42]. Every entry of the VAW dataset (regionVAW) has an
image name (corresponds to VG images, let’s call it image),
region attributes, object name, and region bounding box. Our
approach is to find the correspondence of each VAW entry
with VG region descriptions and populate VAW entries based
on corresponding VG region description (regionVG).

For every entry in VAW, we find the closest VG region
description based on L-2 distance. Note that for some entries
in VAW, the closest region description does not overlap with
the VAW entry, which we filter out using a threshold over the
L-2 distance. For any selected region description, nouns, and
modifiers (adjectives, propositional phrases, and quantitive
determiners) are extracted using a dependency tree and Part-
Of-Speech tags computed by the Spacy library (spacy.io). We
also applied VG aliases to maintain the label’s consistency.

The outcome dataset consists of 2260 (1952 with alias-
ing) nouns and modifiers, from which 685 are modifiers,
distributed over 260895 objects in 72274 images. Each entry
of our dataset corresponds to an entry in VAW, added with
region description, labels extracted from region descriptions,
and L2-Norm. While the average number of labels per object
in the VAW dataset is 2.51, our dataset averages 3.62.

Synthesizing noun phrases: A noun phrase is created for
each region from all extracted nouns and modifiers. We take
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the object name as the headNoun, quantitative determiners
as quantifier, and all the rest as modifiers, and define the
synthesized noun phrase (NM-Phrase) as the concatenation
of them. As an example, for an apple image that has
attribute annotations of [“big”, “green”], and has two region
descriptions, “It is one fresh apple” and “The picture of a
green gala apple”, the NM-Phrase becomes “one big fresh
green gala apple”.

IV. VISUAL NOUN MODIFIERS

This section defines a formal binding space for recog-
nition tasks (Sec. IV-A), followed by the enhancement of
noun modifier recognition using a kernel function (Sec. IV-
B). We also specify evaluation criteria of binding space’s
quality (Sections IV-C and IV-D) and the parameters of our
experiments (Sec. IV-E).

A. Binding space

A binding space between language and vision is an
encoded space where both modalities’ information can be
represented and bound together via symbols or subsymbols.
This contrasts with, e.g., CLIP [8] where binding is only
based on subsymbols. Language is traditionally represented
by symbols, and binding with symbols requires a model
to map images to symbols (e.g., image classification or
caption generation). However, these models have limitations
in capturing important cues. Classifiers rely on fixed and
limited label sets when categorizing images. With generative
models, the generated labels lack controllability, namely, it
cannot be guaranteed that information about attributes (e.g.,
color) can be recognized. This is due to generation and
recognition being different types of problems.

Subsymbolic spaces can represent nuances of information
without predefined label-sets [12], [11], and both language
and visual information can be encoded into them. We define
two subsymbolic spaces for representing linguistic and visual
information from modalities. Consider a set of images (imgi)
with their corresponding linguistic description (L ), as:

Dlang = {L1,L2, ...,Ln}
Dvis = {img1, img2, ..., imgn, }

(1)

where elements of Dvis correspond to elements in Dlang .
Assuming a Encoder function similar to CLIP [8], that takes
the modality input (language or image) and represents them
as a vector of numbers into similar spaces, e.g., with the same
dimensionality. Then, we can define language and vision
spaces (SL and SV , respectively) via the set of encoded
representations from Dlang and Dvis as:

SL = {xlanguage = Encoder(L ),L ∈ Dlang}
SV = {ximage = Encoder(image), image ∈ Dvis}

(2)

Note that points in each space are represented as vectors
of real numbers. Then, given a point (encoded image) and
a set of candidate points (encoded language), one can bind
the image to languages by:

B = argmin
x∈SL

Distance(ximage, x) (3)

Fig. 1. Overall schema of our method. SV and SLare constructed from
images and descriptions in ViNoMdataset. Zero-shot recognition relies on
ximage and xlabel. Decomposability relies on xlanguage and xlabel, and
visual noun modifier recognition relies on K(ximage) and xlabel.

where B stands for the binding between the image ximage

and the most similar point (x) in the language space (SL),
with respect to the Distance function (here, Cosine distance)
between them.

B. Kernel function

In subsymbolic binding spaces generated by large en-
coders, there is a geometric gap between language and
vision spaces, which affects Zero-Shot (ZS) recognition
performance. Liang et al. [46] studied this gap and noticed
that encoded spaces of large Contrastive learning models
are similar but separate. In this work, we revisited metric
learning to reduce this gap and improve the recognition per-
formance. Metric learning, also known as similarity learning,
is a method aimed at minimizing distance functions [47],
[48]. Our approach is to apply metric learning with a kernel
function that can minimize the angular distance (Distance
in Eq. 3) between images (ximage) and their corresponding
noun modifiers (xlanguage) to improve their recognition. This
is shown in Fig. 1, where a kernel function K learns to
minimize the distance between K(ximage) and xlanguage. A
kernel is a function that learns to represent data in a new
space with particular objectives. We used a fully connected
neural network as our kernel function. We set the metric
learning regime for our neural network to minimize cosine
distance (the same distance function used in Eq. 3):

losscosine = −
1

N

N∑
i=1

(||xi
language||2.||K(xi

image)||2) (4)

where ximage is the image embedding, xlanguage is the
embedding of the noun phrase (NM-Phrase), and K is the
kernel function. Note that cosine loss minimizes the distance
between one pair of an image and its description; hence, all
the descriptions of an image should be merged into one (NM-
Phrase).

Binding Noun modifiers in the encoded space: Recog-
nition can be done in the binding space with the help of
similarity metrics, as in Eq. 3. For example, an image and a
set of descriptions can be represented in their corresponding
spaces, and the best description is the closest one to the
image representation, as shown by Radford et al. [8].

In order to bind nouns and modifiers to an image rep-
resentation, our approach is to train the kernel function K
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to match the image representation (ximage in Fig. 1) to
its corresponding encoded NM-Phrase (xlanguage in Fig. 1).
Since the synthesized noun phrase comprises nouns and
modifiers, it is possible to use Eq. 3 to identify nouns and
modifiers individually from the kernelized image K(ximage).
To this aim, one can use the same encoder that is used for
encoding NM-Phrase and encode a set of individual nouns
and modifiers (xlabel in Fig. 1) that can be sorted and bound
based on their similarity with the encoded image.

In this approach, the performance of recognizing nouns
and modifiers (constituents of the noun phrase) depends
on the similarity between the kernelized image and each
lexical unit in the synthesized expression (xlabel in Fig.
1). Namely, while the kernel K learns to minimize the
distance between a synthesized expression and an image, the
performance of recognition depends on how well it captures
the relation between the image and the words that constitute
the expression. We call this property “decomposability” of
language in the encoded space.

C. Decomposability in the encoded space

Recalling Sec. I, we define an entity in a space as
decomposable if one can recognize the constituents of an
entity given that one recognizes the whole entities, for
example, recognizing the lexical units within a sentence.
To describe the decomposability of binding spaces, let us
assume a very simple and trivial symbolic binding space
of language to lexical units, given a sentence “small green
apple” and its lexical units (as “modifier-1”, “modifier-2”,
and “head-noun”). Now, let us consider an encoder that can
represent the whole sentence and also each lexical unit into
an embedded space, shown in Fig. 2. In this case, decom-
posability refers to how well the embeddings of each lexical
unit can be recognized from the embedding of the whole
sentence, similar to decomposability in symbolic language.
Figure 2 shows decomposability when lexical units (xlabel−i
in Fig. 2) that constitute a language have to be recognized
from the whole sentence (xlanguage) in the embedded space.
Decomposability is relevant to robotic applications that rely
on models like CLIP for fine-grained recognition tasks.
Models like CLIP are trained on pairs of images and their
full descriptions, and decomposability indicates how well the
model can relate the image to the constituents of the descrip-
tions. In other words, decomposability shows the maximum
score that such methods can achieve when lexical units of
descriptions have to be recognized. Thus, decomposability
can indicate the maximum achievable performance: we shall
consider this quality in our empirical evaluation below.

D. Context sensitivity in the encoded space

Human use of nouns and modifiers shows that these are
syntactically and semantically related. Semantically, both
nouns and modifiers may contribute to each other’s mean-
ings. Consider the context of the modifier to be the object
name. In “a thin laptop” and “a thin pillow”, thin is a
modifier in different contexts, where it describes a property
of the head noun, laptop or pillow. But the norms of laptops

Fig. 2. Decomposability in an embedded space. Labels are nouns and
modifiers, and Synthesized language is a composition of them.

and pillows describe the meaning of thin: the context of
modifiers affecting their meaning. Syntactically, humans’
choice of modifiers depends on the object type and situation.
Even though many studies (e.g., [49]) argue that this choice
concerns situation, others (e.g., [50]) found that the choice
of attribute also depends on the object type, by investigating
the object-attribute co-occurrence. For example, while it is
common to refer to apples by color, referring to oranges
by color is less common. In other words, the first argument
suggests the importance of visual context, and the second
argument suggests the importance of linguistic context.

We stress the importance of linguistic context and argue
that these mutual dependencies can enable a system to
recognize nouns and modifiers jointly better than recog-
nizing them individually. Conventionally, most works (e.g.,
[19]) use different recognition functions and create separate
binding spaces for nouns and modifiers; we argue that this
separation misses the mutual relation between head nouns
and modifiers across modalities. In human-robot interaction,
it may be natural for a user to make grounding more
explicit by providing extra descriptions in their referential
expression. In such cases, context sensitivity becomes an
important quality, as it indicates how the performance of
grounding changes when the user adds more descriptions to
its referential expression. Given the importance of context
sensitivity in multi-modal binding, we shall consider this
quality in our empirical evaluation below.

E. Training parameters

This section outlines the design choices in preprocessing
and training. ViNoMdataset is processed by removing labels
(head nouns or modifiers) that appeared less than 50 times in
the dataset, ignoring region descriptions that their L2-Norm
were above 100, and removing samples with no label. Our
kernel function is a network with two middle layers of size
4096, trained with cosine loss and RMS-prop optimizer for
300 epochs, at 0.1 learning rate and with a batch size of
40000. Except for the test of decomposability (described
in its respective section), data is randomly split for 70%,
20%, and 10% for train, test, and validation, respectively.
Experiments are done on a machine with two Nvidia 3090
GPUs, Core-i9 10900X CPU, and 64GB of RAM.
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V. RESULTS

The overall setup of our ViNoMs method is shown in
Fig. 1. To apply transfer learning, we used pre-trained Ope-
nAI CLIP models [8] as our language and vision encoders.
These models are used for creating the SL and SV spaces,
representing information from modalities into subsymbolic
spaces. To enhance the performance, we add kernel function
K and train it over samples of ViNoMdataset while keeping
the pre-trained encoders frozen. Our evaluation is in three
steps. In the first step, the quality of the binding space
(SL) for decomposability is evaluated, and the most suitable
OpenAI language encoder is selected [8]. In the subsequent
steps, we evaluate context sensitivity, noun modifier recog-
nizability, and its applicability in real-world scenarios.

Evaluating multi-label problems is not straightforward,
particularly in nouns and modifiers recognition, where data
is inherently labeled partially. Regarding evaluation metrics,
we followed the metrics suggested for the noisy large-scale
datasets by Veit et al. (also followed by VAW) [10], [51],
and reported the weighted Mean Average Precision, Recall,
and F1 of the top K prediction as MAP@K, MAR@K, and
MAF1@K, respectively.

A. Decomposibality

In the decomposability test, we encode NM-Phrase and
each of its lexical units and use Eq. 3 to recognize the lexical
units (nouns and modifiers) in the encoded space (binding
xlanguage to xlabel in Fig. 2). This test evaluates the limits
of embedded-based recognition models. The decomposability
performance of each OpenAI CLIP language encoder [8] is
evaluated over a small randomly selected sample (10k in our
experiments, expediting the experiments) with MAF1@K,
K=5 score. We found the worst model, ViT-B/16, achieved
48.54, and the best model, RN50X4, scored 52.31. We also
observed all RN language models performed better than the
ViT models. We further evaluated the decomposability of
RN50X4 by enlarging the test size to 30% of data (around
75k samples), randomly selected, and tested decomposability
over different Ks, reported in Fig. 3.

While the average label per object is 3.6 in our dataset, at
K=4, recall reaches 84% as shown in Fig. 3, which shows this
space represents our dataset distribution and can be utilized
for recognition within our dataset. However, results show
some limitations of embedded-based recognition; in our case,
we found the maximum precision at K=1 (79.5%) and the
maximum recall at K=10 (91.5%). This comes from the fact
that long NM-Phrase generates an encoding distanced from
its lexical units’ encoding. This limitation should mainly
concern densely-labeled multi-label recognition problems.

Based on the results of decomposability, we chose
RN50X4 as the pre-trained encoders and trained the kernel
function for the rest of the results. We trained the kernel us-
ing specifications and hyperparameters mentioned in Sec. IV,
and observed that our model could minimize the loss function
to −0.8 over the validation set.
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Fig. 3. Decomposability of RN50X4 language model at K=1 to K=10.

TABLE I
CONTEXT-SENSITIVITY AT K=1 AND K=5.

MAF1@k k=1 k=5
Modifier’s recognition CLIP ViNoMs CLIP ViNoMs

withoutContext 19.35 30.52 22.71 31.08
withContext 15.00 36.50 19.12 34.45

B. Context sensitivity

The context sensitivity is evaluated in the second step
with the pre-trained RN50X4 model and the trained K.
In recognition of modifiers, we defined the context as the
head noun. We recalled a modifier with the context if the
label xlabel is computed from the concatenation of the head
noun and the modifier. Alternatively, when labels (xlabel) are
calculated solely from modifiers, we recall the recognition of
modifiers is without context.

The result of context sensitivity is shown in Table I. Re-
sults show that the original CLIP image space poorly reflects
the context sensitivity. For example, the CLIP model can bind
the image of a red apple to the label “red” better than “red
apple”. We suspect this behavior is because the space created
by the CLIP image model (SV ) lacks decomposability, in
opposition to its language model.

As presented in Table I, our method (ViNoMs) demon-
strates improved context sensitivity, with slightly enhanced
recognition results when the context is incorporated. Al-
though results do not improve for some classes, adding
context improves the overall performance of recognition of
modifiers, indicating that the mutual relationship between
nouns and modifiers is captured. We expected this behavior
since there is an occasional relation between head nouns and
modifiers. We also point out that in the ZS CLIP model
adding context dropped the binding performance.

C. Recognizability of nouns and modifiers from image

In the third step, our method is evaluated for recognizing
nouns and modifiers, from the encoded images. As suggested
by Fig. 4, our method shows a better performance with
respect to the ZS RN50X4 model (in K=1 to K=10). Given
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TABLE II
RECOGNIZABILITY OF HEAD NOUN AT K=1 AND K=5.

K=1 K=5
Head noun’s recognition CLIP ViNoMs CLIP ViNoMs

MAP@K 17.55 38.43 12.44 22.64
MAR@K 13.57 29.90 24.92 42.14
MAF1@K 15.30 33.63 16.60 29.45

the average modifier per object of 2.61, our methods could
achieve the maximum performance at K=3, which compared
with CLIP (achieved at K=5), indicates that our method
performs better in learning the data distribution.

In head noun recognition, each object has only one true
label corresponding to the object name. Our method achieves
the maximum MAF1@K at K=1, while CLIP space achieves
its maximum score at K=3, indicating that our method is
more accurate in its top prediction. Moreover, MAP@K and
MAR@K of object name recognition for K=1 and K=5 are
reported in table II. We observe that our method’s precision
and recall outperform the original CLIP space, with more
significant improvement at K=1.

D. Real world experiment

To test our approach in a real-world scenario, we set
up a question-answering scenario with SoftBank’s Pepper
robot and objects within the PEIS home environment [52],
depicted in Fig. 5. Our experiments included 30 objects of
types mugs, books, laptops, boxes, utensils, and toys. During
verbal interaction between Pepper and users, our method
enabled Pepper to ground users’ referential expressions and
answer user questions about objects’ attributes. Users could
ask two types of questions: about a specific attribute value
or the top three attributes recognized by Pepper.

The scene image is captured by Pepper camera, and
objects are cropped using the YOLOv8n model [53]. These
object images are encoded using CLIP RN50X4 and the
K function. The provided expression is encoded with the
CLIP language encoder and bound to the closest encoded
image for grounding. For recognition, the labels in the dataset
are encoded, and sorted based on their similarity with the

Fig. 5. Setup of objects’ QA with Pepper in PEIS home (A video is
available at: https://youtu.be/d3txLqHJbWM).

encoded image. We deployed Pepper’s Audio Speech Recog-
nition (ASR) and connected the functions through ROS.
In a QA session for 30 objects with successful referential
expression grounding, a user asked Pepper about the object’s
name and the top three predicted attributes. We evaluated
answers with and without using the kernel function. Our
evaluation revealed that the top-1 recognized object name
was correct 56% of the time, regardless of whether the
kernel function was used. We suspect this is because the test
samples were limited to reflect the difference in accuracy
on object names. Moreover, with the kernel function, 70%
of the top-3 predicted attributes were correct, compared to
44% without it. While both models performed equally well
in recognizing object names, our method performed better
with the object attributes.

VI. CONCLUSION

Robotic systems, especially those interacting with humans,
need to handle both visual and linguistic information, and
must ensure the proper binding between them. In this paper,
we have singled out an important aspect of this problem
which has been under-estimated in the literature so far: the
structuring of this combined information in terms of nouns
and modifiers. We have defined a shared binding space where
linguistic information can be bound to objects’ images in
these terms. Our initial results, based on offline data as well
as online interaction through a Pepper robot, suggest that the
ViNoMs method outperforms current methods, and exhibits
properties like decomposability and context sensitivity that
are usually afforded by symbolic models.

The work presented in this paper is a first step in the
use of linguistic phrase structures for fine-grained binding
in robotics, and it has limitations to be addressed in future
work. First, using attributes inevitably leads to datasets with
contradictory and missing labels, since the same object may
be assigned different labels in different images, and not all
relevant labels may be used. Moreover, while we focused
this investigation on modifiers that are recognizable from
the object’s images, other types should be considered as
well, especially propositional phrases. Finally, it would be
interesting to investigate the compositionality of meaning,
as the reverse of decomposability, as a further research
direction.
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