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Abstract—In recent years, Smart Home Assistants have ex-
panded into tens of thousands of devices and transformed
from a voice only assistant to a much more versatile smart
assistant, that uses a connected display to provide a multi-modal
customer experience. In order to further improve on the multi-
modality experience, comprehension systems need models that
can work with multisensory inputs. We focus on the problem of
visual grounding, which allows customers to interact with and
manipulate items displayed on a screen via voice. We propose
a novel learning approach that improves upon a lightweight
single stream transformer architecture by adjusting it to better
align the visual input features with the referring expressions.
Our approach learns to cluster parts of the image along spatial
and channel dimensions based on descriptive attributes in the
query, and takes advantage of the information in separate clusters
more efficiently, as demonstrated by a 1.32% absolute accuracy
improvement on a public dataset over the baseline. Given that
modern-day Smart Home Assistants have very stringent memory
and latency requirements, we restrict our focus to a family of
lightweight single stream transformer architectures – our focus is
not to beat the ever improving state-of-the-art in visual grounding
but to improve upon a lightweight transformer architecture which
leads to a model that is easy to train and deploy while having
improved semantic awareness.

Index Terms—vision, language, multi-modality, single stream
transformer

I. INTRODUCTION

In visual grounding, a model is tasked to identify an object
in an image based on a natural language query that describes
the object of interest. It is one of the fundamental problems
in multi-modality and embodied AI, as it can be utilized
in numerous use cases in practice, including item selection
and voice-based navigation. Some of the current generic
architectures for visual grounding are shown in Fig. 1. In Fig.
1a) and b) the image is fed through an object detector (e.g.,
Faster RCNN, YOLO [1, 2]), which identifies the different
objects, and produces region features for each such object.
The text query is run through a separate language model
(e.g., a bi-LSTM, BERT), and then these two embeddings
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are fused in a multi-modality network. Figure 1a) uses a
single transformer for both images and text, while Fig. 1b)
uses modality dependent transformers first followed by a cross
modal fusion transformer. In contrast, Fig. 1c) shows an end-
to-end visual grounding architecture. There, image features are
obtained via a vanilla Convolutional Neural Network (CNN).
Then, the image and text embeddings are jointly trained in
an end-to-end fashion using an encoder-decoder transformer
setup. In all of these architectures, the multi-modal neural
network produces the final classification score that represents
the match between a specific object in the image and the input
query. Recent work [3, 4, 5, 6, 7, 8, 9, 10, 11] has shown
that integrating pre-trained embedding layers, custom loss
functions and downstream fine-tuning tasks into this general
framework can significantly improve its performance.

Another architecture that was used prior to transformers was
Modular Attention Networks(MattNet) [12]. In contrast to the
transformer-based models that use a single deep structure to
capture multi-modal representations, Modular Networks use
multiple hand-crafted modules that explicitly capture various
aspects of the input like location, object attributes, and re-
lationship information. Hand-crafted modules tend to capture
attribute references better and have the added advantage of
interpretability. However, using hand-crafted modules in prac-
tice is not scalable, since visual grounding use cases evolve
in complexity at a rapid pace as user interactions become
more nuanced over time. Each such evolution would either
require a manual tweak to an existing module or adding a
new handcrafted module.

In our study, we learn object attributes similar to MattNet
[12] but in an unsupervised manner, coupled with the benefits
of a simple single stream transformer architecture similar
to VL-BERT [3]. In a practical visual grounding setting,
most users utilize a set of specific referring attributes (e.g.,
color, size, shape, location etc.) which need to be matched
with a displayed image with high accuracy in real time. In
such a setting, focusing on object attribute semantics together
with visual grounding is uniquely beneficial. Multi-modal



Fig. 1: Commonly used transformer architectures for visual grounding. Single (a), dual (b) and (c) end-to-end encoder-decoder
architectures are presented.

transformer architectures like VL-BERT [3] strive to learn
semantics via various pre-training tasks (e.g., masked language
modelling with visual cues, masked region-of-interest classifi-
cation with linguistic cues) and an additional fine-tuning task.
In our work shown in Fig. 2, we propose an extension to the
single stream architecture that incorporates learning of object
attribute semantics in the training stage without the additional
burden of the time-consuming pre-training step. Our solution
relies on the fact that certain channels in the input are related
to specific colors and similar attributes [13]. If such attributes
are fed separately to the network, the visual transformer can
better relate these attributes in the query to their regions-of-
interest in its self-attention scheme, and thus have improved
accuracy. Unlike MattNet [12], we perform the object attribute
matching task in an unsupervised manner. Notably, we do
not supply the network with information on the properties of
each visual channel, and instead train the network to find an
optimal clustering pattern for the provided data. This results in
a learning setup in which the neural network implicitly learns
which channels of the visual input relate to which attributes
in the query.

We also notice that the object attributes that a user refers
to can be associated with multiple sub-regions of a region-of-
interest. Similar to utilizing channels, we provide an unsuper-
vised clustering approach to group grid based pixels groups
within a bounding box region of interest. We term this as
spatial attention. The unsupervised spatial clustering aids in
aligning referring attributes in the query with sub-regions of
the region-of-interest. In our setup, learning the alignment
between the text, object attributes, and pixel regions within
a region of interest happens in an end-to-end, unsupervised
fashion. Our contributions are as follows:

• We introduce a channel attention module that allows
unsupervised clustering of object semantics in the channel
dimension.

• We introduce a spatial attention module that groups sub-

regions of the detected regions of interests and facilitates
alignment between object semantics and geometric loca-
tions.

• We propose a framework that uses relative positioning
and attribute prediction loss and demonstrate in our
experiments that the neural network behaves as expected:
clusters corresponds to different types of objects, at-
tributes and spatial groups.

In the following, we outline related work in Section II.
We present our Semantic VL-BERT model in Section III, and
the results of our experiments on public datasets (RefCOCO,
RefCOCO+) [14] are presented in Section IV.

II. RELATED WORK

Multi-modal transformers allow both visual and linguistic
embedded features as inputs. Each input either represents a
word from the query (e.g., via a WordPiece embedding [15]),
or a region-of-interest from the input image that has been
identified with an object detector, such as a Faster R-CNN.
Through the multi-head self-attention mechanism, the different
layers of the transformer aggregate information from all the
other elements. By stacking multiple layers of these multi-
modal transformer attention modules, a rich representation that
aggregates and aligns visual-linguistic clues is obtained as the
final output. During inference, task-specific branches can be
utilized at the last layer for various visio-linguistic tasks.

Over the last couple of years, tens of different such vi-
sual transformers have been proposed in the literature. A
comprehensive survey of multi-modal transformers can be
found in [17]. Most of these approaches use a single stream
transformer as in Fig. 1a) to fuse information from image and
language [6, 11, 8, 3], while others, such as ViLBERT [4]
and LXMERT [5], use two transformers followed by a co-
attentional transformer layer to generate joint representations
as shown in Fig. 1b). There have been studies conducted
[18] to create a general framework from these single vs.



Fig. 2: Architecture of Semantic VL-BERT. The textual referring query is “Little girl in pink jacket left of woman”. We show
the original image in the bottom left. On the bottom right of the image, we show the image being represented by {1, ..r}
image regions-of-interest (RoI). The figure shows Dual Attention being applied to the first “chosen” region of interest “Image
region1” where the region is further segmented into k pixel groups. The pixel groups for the first region are fed into a fully
connected layer. This captures semantics within the first region of interest. The result is then concatenated with embeddings
of nearby up to j RoIs {1, ..j} with relative position offsets poffset1..j to capture inter RoI semantics. On the bottom left of the
figure, we show a zoomed in conceptual view of the Dual Attention module. It shows the “Image region1” being clustered
into spatial subgroups on a grid. The spatial attention is combined with channel attention to get the pixel groups. In the very
top part of the figure we see the standard single stream multi-modal transformer architecture with textual embeddings w, image
embeddings i, position embeddings p with the [CLS], [SEP] tokens from BERT [16].

multi stream transformer models. In other work, OSCAR
[9] uses object tags detected in images as anchor points to
significantly ease the learning of alignment. Similarly, ERNIE-
ViL [10] pre-trains the model with scene graph annotations
to construct detailed semantic connections across vision and
language. Pixel-BERT [19] replaces region features with grid
features, which relieves the cost of bounding box annotations
and produces detailed visual representations. These models
use a CNN based image backbone for the image processing
stage. Recently vision transformers (ViT) [20, 21] have been

applied to visual question answering, visual reasoning, image
captioning, and retrieval [22, 23, 24, 25, 26] but they have
limited success in visual grounding. The current state-of-the-
art performance in visual grounding is held by MDETER
[7] which is an end-to-end text-modulated detection system.
Instead of utilizing region proposals from an object detector
MDETER uses a CNN, Roberta [27] backbone to extract
features, then projects them to a shared embedding space and
directly predicts bounding boxes for objects in the referring
expression in an encoder-decoder setup. MDETER utilizes 3



loss functions: (i) a loss based on bipartite matching between
predicted and ground truth objects from prior work [28]; (ii) a
soft token prediction loss which aligns predicted objects with
token spans in the query; and (iii) a contrastive loss that aligns
visual and textual embeddings. We show this architecture using
Fig. 1c).

In this work, we propose to improve on single stream vision
and language architectures similar to Fig. 1a) by utilizing the
semantic meaning of visual features. We select VL-BERT [3]
as our candidate single stream transformer model, as it has
a generic, adaptable design with minimal pre-training tasks
and custom losses that demonstrates the effectiveness of our
approach. We note that our approach is applicable to any
multi-modal single stream architecture similar to VL-BERT.
As mentioned earlier the current state of the art is held by
MDETER[7] which has a more complex architecture, loss
functions and pre-training tasks than ours. ERNIE-ViL [10] is
a comparable model to ours but requires pre-training on scene
graphs which is an added ground truth information source. In
this study, we focus on improving a minimal viable generic
architecture that works well for visual grounding that is guided
by the semantic attribute related components of the query,
as opposed to beating an ever-evolving benchmark. Picking
a simple single stream architecture leads to models that can
satisfy stringent memory and latency requirements of modern-
day Smart Home Assistants while providing accuracy values
that are comparable to state-of-the-art models.

III. SEMANTIC-VL-BERT

In this section we first describe a generic single stream
multi-modal transformer architecture in Section III-A. Then,
we describe our novel extensions with the aide of Fig. 2 in
Section III-B.

A. Single Stream Multi-modal transformer architecture

The general multi-modal single stream transformer architec-
ture uses w1, ..., wm word embeddings, i1, ...ij image embed-
dings and concatenates them with a [SEP] token to create a
single sequence. A [CLS] token is inserted at the beginning of
the sequence to capture the overall prediction outcome (e.g.,
predicted bounding box, classification score). These visio-
linguistic embeddings are added to accompanying position
embeddings; p̃1, ...p̃m for text and p1, ...pj for image. Finally,
an additional embedding to denote the type of embedding (e.g.,
visual, text) is added, and the final representation is fed into
a transformer model, e.g., BERT [16].

B. Semantic VL-BERT Enhancements

Our proposed architecture is shown in Fig. 2. It can be
applied to any single stream transformer model as described
in Section III-A that models vision and language jointly by
(i) adding a dual attention module, (ii) using relative location
information, and (iii) adding attribute prediction as an auxiliary
task. Next, we detail each of these adjustments.

Dual Attention: Current models directly feed the tokenized
query and regions-of-interest (RoI) to the transformer model.

We propose to use a dual attention model to group pixels
within an RoI and to select the most appropriate visual features
for each group. As detailed previously, we expect each pixel
group to capture a different type of visual semantics. For this
goal, we utilize Spatial and Channel Attention schemes.

In Spatial Attention, each image region-of-interest is di-
vided into K grids. Spatial Attention clusters pixel grids into
groups and generates a new vector representation for each
group. More specifically, we let V ∈ RG×D represent grid
features of an RoI 1. We compute attention scores a ∈ RG×K

for each grid location with

a = σ
(
V CT

)
, (1)

where σ(·) is the sigmoid function and C ∈ RK×D

represents a matrix that consists of K cluster centroids. The
visual representation of the k-th pixel group V k is constructed
by multiplying the grid features with the attention learned for
that group;

V k
g,d = ag,kVg,d, (2)

where g indexes a position in the 14× 14 grid G, d indexes a
position in dimension D and k indexes the cluster centroids.

For Channel Attention, we use guided attention over the
channels to capture the various semantic components. We first
aggregate spatial information of the visual feature vector of
k-th group, V k by using max-pooling operations over the grid
positions G, giving V k,max ∈ R1×D. We empirically found
max pooling to give the best results. Then, the max-pooled
descriptors are forwarded to a multi-layer perceptron (MLP)
parameterized by W ∈ RD×D. The channel attention score
for group k, bk ∈ R1×D, is computed with

bk = σ(V k,maxW ). (3)

Then, as in Spatial Attention, the visual features, Vk are mul-
tiplied with the weights bk and are passed to the transformer.

Relative Location: In order to model object relationships,
we feed objects around the chosen RoI with their offset coor-
dinates (relative to the RoI) to the model to provide context
information. More specifically, for the j-th surrounding object
of the chosen RoI, we calculate the offset coordinates by
mapping the 4-d vector[

[∆xtl]j
wj

,
[∆ytl]j
hj

,
[∆xbr]j
wj

,
[∆ybr]j
hj

]
, (4)

into a high-dimensional representation poffsetj , and concate-
nate it with its visual feature embedding ij . Here, (xtl, ytl),
(xbr, ybr), w, h denote the top-left coordinate, bottom-right
coordinate, image width and image height for the j-th sur-
rounding object of the chosen RoI. For each such element,
we aggregate its visual features, element type, and relative
position to build the final embedding feature.

1We take G = 14×14 and D = 1024 in this paper. Please note the abuse
of notation, as we assume that V is vectorized (i.e., flattened) in its second
dimension.



Attribute prediction as an auxiliary task: We add an
additional optional attribute prediction auxiliary task on top
of the visual grounding task. Attributes can be obtained from
parsing the referring expression [29, 30], scene graphs [31],
or via using object attribute detection modules such as VinVL
[32]. Each image is associated with a binary vector that is 1
if the attribute is present and 0 otherwise. When this auxiliary
task is present, there is an auxiliary attribute prediction loss.
We conduct experiments modelling the loss using binary cross-
entropy and in a multi label fashion. For our experiments
with the RefCOCO, RefCOCO+ data sets, out of the many
attributes that are available, we pick color, size and relative
location since they are the key referring terms used in referring
expressions. For our experiments, the attributes are parsed
from the referring expression using a template parser [30].
The attribute prediction loss is given below where n ranges
over the data points, a ranges over the attributes and λattr is
the weight assigned to the attribute prediction loss. The ground
truth and predictions are denoted by y, q̂ respectively

Lattr = λattr
∑
n

∑
a

yna log(q̂na)

+(1− yna) log(1− q̂na).

(5)

This attribute prediction loss is added to the loss of correctly
predicting the ground truth bounding box Lgt to get the final
loss. For Lgt each region is labelled as positive only when
the intersection-over-union between the predicted box and the
ground truth box is over 0.5.

Lfinal = Lgt + Lattr. (6)

Lgt and Lattr are optimized based on a joint vision + lan-
guage internal multi-modal representation, as seen in the top
part of Fig. 2. In other words, this creates a multi-task setting
where the two task related loss entities are linked because
they optimize over the same underlying multi-model internal
representation space. This in turn links the K pixel groups with
the attributes, as their associated losses are jointly optimized
over the above-mentioned multi-modal representation space.
As part of future work, we plan to do an in-depth analysis of
multi-modal feature representation spaces similar to [33, 13]
to solidify the link between the query attributes and visual
sub-regions.

IV. EXPERIMENTS

A. Datasets

In this section, we present the results of our experiments
on the RefCOCO and RefCOCO+ [29, 34], two datasets
that are the most commonly used data sets for the visual
grounding task. Both of the datasets consist of more than
140,000 referring expressions for 50,000 different objects
from 20,000 different images [34]. The datasets are generated
via the ReferItGame [29] where 2 players play an online
object referring game. In the RefCOCO dataset, there are
no restrictions placed on the type of language used in the

referring expressions, while for the RefCOCO+ dataset the
players are disallowed from using location related words.
Thus, RefCOCO+ is expected to contain more words related
to attributes than location. The creators of the data sets have
split the test sets into two splits. TestA contains images of
multiple people, and TestB contains multiple instances of all
other objects. For more detailed information related to data
sets and splits, we refer to [29, 34].

B. Experimental Setup

We follow the same framework as in VL-BERTbase in our
implementation: the transformer uses the BERT-base structure
with 12 layers, and the visual features are computed using a
Faster R-CNN with a ResNet-101 backbone. We use ADAM
with learning rate and weight decay parameters, both given
by 10−4. Similar to VL-BERT, the model is only pretrained
on Conceptual Captions dataset [35] as the visual linguistic
corpus. The 3 main hyperparameters in our architecture are:
K, the number of spatial attention groups; j, number of
relative location components; and λattr the weight of the
auxiliary attribute prediction task’s loss. We set K = 3, and
j = 5. We empirically find K = 3 groups to give the best
results for RefCOCO and RefCOCO+ datasets. We limit j to 5
due to memory constraints during training and inference time,
as each additional RoI object bring an associated memory cost.
To tune the loss weight parameter, λattr, we use a grid-search
and present the results of the best parameter as chosen by the
validation score.

C. Results and case study

We compare our approach with the baseline model (VL-
BERT) and a non-transformer visual grounding model (MAt-
tNet) [3, 12] in Table I. From Table I it can be seen that our
approach provides a 1.32% absolute improvement in accuracy
over VL-BERT. A comparison with the current state-of-the-
art is provided towards the end of the section in Table V for
completeness.

TABLE I: Accuracy on RefCOCO validation dataset with
ground truth bounding boxes.

Model RefCOCO Val Acc.
MAttNet 85.5%

VL-BERT2 89.1%
Semantic-VL-BERT 90.42%

TABLE II: Results of the ablation study on the RefCOCO
validation set.

Model Abs. Improv RefCOCO Val Acc.

Baseline (VL-BERT)2 - 89.1 %
Baseline + Relative Location Offset +0.9% 90.0 %
Baseline + Relative Location Offset
+ Spatial Attention +0.2% 90.2%

Baseline + Relative Location Offset
+ Spatial & Channel Attention +0.22% 90.42%

2Numbers recreated by the authors based on original code given in [3]



TABLE III: Accuracy results on RefCOCO & RefCOCO+ datasets using the ground truth object bounding boxes.

Model RefCOCO RefCOCO+
Val ∆ TestA ∆ TestB ∆ Val ∆ TestA ∆ TestB ∆

Baseline (VL-BERT)3 89.1% - 90.2% - 88.0% - 79.3% - 82.1% - 73.5% -

Semantic VL-BERT 90.4% +1.3% 91.0% +0.8% 88.6% +0.6% 80.0% +0.7% 83.6% +1.5% 73.8% +0.3%(w/o attribute prediction)
Semantic VL-BERT 90.4% +1.3% 91.3% +1.1% 89.5% +1.5% 80.1% +0.8% 82.9% +0.8% 74.4% +0.9%(w/ attribute prediction)

TABLE IV: Accuracy results on RefCOCO & RefCOCO+ datasets using the object bounding box proposals by MattNet [12].

Model RefCOCO RefCOCO+
Val ∆ TestA ∆ TestB ∆ Val ∆ TestA ∆ TestB ∆

Baseline (VL-BERT)3 79.6% - 85.2% - 73.0% - 71.3% - 77.2% - 60.9% -

Semantic VL-BERT 80.0% +0.4% 85.6% +0.4% 72.7% -0.3% 71.7% +0.4% 78.1% +0.9% 62.4% +1.5%(w/o attribute prediction)
Semantic VL-BERT 80.2% +0.6% 85.2% 0.0% 72.7% -0.3% 72.0% +0.7% 78.6% +1.4% 62.0% +1.1%(w/ attribute prediction)

To analyze the source of the improvement, we conduct an
ablation study in which we add our suggested improvements
step by step. The results of the ablation study are given in
Table II. It is seen that the largest improvements are provided
by adding relative locations of nearby objects, followed by
channel and spatial attention, respectively.

We then compare our approach with the baseline VL-BERT
[3] model with and without the attribute prediction loss on the
RefCOCO and RefCOO+ datasets in Table III. The results
are based on ground truth bounding boxes. Semantic VL-
BERT improves over VL-BERT in all the cases and the most
significant improvements are seen on the TestB dataset. This is
expected as TestB consists of multiple non-person objects, its
referring expressions contain more attribute words compared
to others, and Semantic VL-BERT is trained to make better
use of such attributes.

In Table IV we switch the grounding boxes with the MattNet
detected bounding box proposals[12] and evaluate the perfor-
mance. Here, Semantic VL-BERT improves over VL-BERT
in all the cases except RefCOCO Test B. We hypothesize that
there is a larger misalignment between referring expressions
and MattNet proposed regions in RefCOCO Test B which
leads to this degradation.

We see that Semantic-VL-BERTs with and without the
auxiliary attribute prediction task are better than the baseline
in almost all instances based on Table III, IV. To better under-
stand the driving factors for the improvement, we perform a
qualitative case study by inspecting bounding boxes picked by
Semantic-VL-BERT with its accompanying spatial attention
groups in Fig. 3 and Fig. 4. The queries are displayed in the
figure captions. Over the image, the VL-BERT prediction is
plotted in red and Semantic-VL-BERT prediction is given in
blue. Next to the image are the spatial attention maps that
correspond to different pixel groups. We can see in Fig. 3, the
third pixel group aligns with the brown bruised spot, and in
Fig. 4 the second pixel group aligns with sunglasses on her

3Numbers recreated by the authors based on original code given in [3]

Fig. 3: Query: “Banana with large brown spot close to the
right”. The original image is shown to the left and the
K = 3 pixel groups to the right. The parsed attributes are:
“color:brown”, “size:large”, “relative location:to the right”.

Fig. 4: Query: “Lady in white with sunglasses on her head”.
The original image is shown to the left and the K = 3 pixel
groups to the right. The parsed attributes are: “color:white”.

head and the third group aligns with the color white.
We find that the additional spatial attention pixel groups

that are created from our dual attention method act as a data
augmentation scheme. The additional pixel groups, channel
attention coupled with the attribute prediction loss help the
model to group and better align the referring expression with
the visual features provided initially via the Faster R-CNN.

We add more positive and negative examples accompanied
by spatial attention maps for K = 3 spacial attention groups
to illustrate our point further in Appendix A.

In order to paint a complete picture, we also list down the



TABLE V: Accuracy Comparison with state-of-the-art models
on RefCOCO+ dataset using MattNet object bounding box
proposals [12]

Model RefCOCO+ Acc.
Val TestA TestB

MattNet 65.3% 71.6% 56.0%
Baseline (VL-BERT)4 71.3% 77.2% 60.9%

Semantic VL-BERT 72.0% 78.6% 62.0%
ERNIE-ViL 74.0% 80.3% 64.7%

MDETER 81.1% 85.5% 72.9%

current state-of-the-art results for visual grounding in Table
V. We select the results on RefCOCO+ dataset using object
bounding box proposals by MattNet, as those results are the
most common denominator among reported results for the
state-of-the-art models for visual grounding. As mentioned
in Section II, MDETER [7] holds the current state-of-the-art
performance but is a more complex model with an encoder-
decoder setup. ERNIE-ViL [10] is reliant on scene graph
annotations and pretrains on a larger dataset (1M additional
image-text pairs).

CONCLUSION

We introduce a dual attention mechanism with relative
positioning and attribute prediction loss that enables the multi-
modal model to better capture semantics and align visual
features with text. Our model does not require any additional
pre-training and can be added on top of any single stream
joint vision and language model, similar to VL-BERT. We
demonstrate our model’s effectiveness on the RefCOCO and
RefCOCO+ datasets and show significant improvements over
the baseline VL-BERT model.
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APPENDIX

A. Additional positive and negative examples
In Fig. 5 we show positive examples where the Semantic-VL-BERT infers the correct bounding box as opposed to the

baseline. In the column adjoining each image, we show the spatial attention maps for K = 3 pixel groups for the RoI
chosen by Semantic-VL-BERT. In both figures, the box colored in red corresponds to the baseline model and the box in blue
corresponds to the Semantic VL-BERT model.

Fig. 5: Examples where Semantic-VL-BERT prediction is correct and the VL-BERT prediction is wrong

In Fig. 6 we show negative examples where Semantic-VL-BERT infers the incorrect bounding box.



Fig. 6: Examples where Semantic-VL-BERT prediction is wrong and the VL-BERT prediction is correct


