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Abstract

Image captioning has recently demonstrated impressive progress largely owing to the
introduction of neural network algorithms trained on curated dataset like MS-COCO. Often
work in this field is motivated by the promise of deployment of captioning systems in
practical applications. However, the scarcity of data and contexts in many competition
datasets renders the utility of systems trained on these datasets limited as an assistive
technology in real-world settings, such as helping visually impaired people navigate and
accomplish everyday tasks. This gap motivated the introduction of the novel VizWiz dataset,
which consists of images taken by the visually impaired and captions that have useful,
task-oriented information. In an attempt to help the machine learning computer vision field
realize its promise of producing technologies that have positive social impact, the curators
of the VizWiz dataset host several competitions, including one for image captioning. This
work details the theory and engineering from our winning submission to the 2020 captioning
competition. Our work provides a step towards improved assistive image captioning systems.

1. Introduction

Image captioning has witnessed steady progress since 2015, thanks to the introduction of
neural caption generators with convolutional and recurrent neural networks (Vinyals et al.,
2015; Karpathy & Li, 2015). Such progress, however, has been by and large demonstrated
on curated datasets like MS-COCO (T. Lin et al., 2014), whose limited size and scarcity of
contexts result in image captioning systems that tend to produce terse and generic descriptive
captions. This drastically restricts the applicability of image captioning algorithms and
prevents them from being widely deployed in practical real-world settings, such as helping
visually impaired people navigate and accomplish everyday tasks.
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Figure 1: Comparison of images in VizWiz (goal or task oriented captions) and COCO
dataset (generic captions). For VizWiz images, along with the caption, we note
any quality issues that are present in the image, such as blur, need for rotation,
and occlusions.

The realization of these limitations and the drive to produce image captioning systems
that constitute mature assistive technologies motivated the introduction of the VizWiz
Challenges for captioning images taken by people who are blind in Gurari et al. (2018),
Simons et al. (2020), and Gurari et al. (2020). The VizWiz Challenges are the result of a
paradigm shift of image captioning towards goal-oriented captions, i.e. captions that not only
faithfully describe a scene from everyday life, but also answer specific needs, such as those
that might help blind users achieve particular tasks. A recent concurrent work to ours, refers
to goal-oriented captioning as captioning with purpose (Fisch et al., 2020). Figure 1 contrasts
the difference between goal-oriented (VizWiz) and generic image captioning (COCO); for
example a goal-oriented caption helps the visually impaired in finding the label of a medicine
box as compared to a generic description that does not specify the type of box and its label.
The 2020 VizWiz Grand Challenge for image captioning (Gurari et al., 2020) was designed to
address challenges in accessibility and to foster advances in designing and building assistive
captioning systems from images taken by the visually impaired.

In this paper, we describe our winning entry to the 2020 VizWiz Image Captioning
Grand Challenge, and highlight the lessons we learned in terms of system design from both
accessibility and wutility perspectives.

Firstly on accessibility, images taken by visually impaired people are captured using
phones and may be blurry and have flipped orientations. The paper from Chiu et al. (2020)
gives a comprehensive account of the quality challenges encountered in the real world images
taken by the blind, such as blur, poor lighting conditions, non-centered framing, occlusion,
and rotation issues. Examples of these image quality challenges can be seen in Figure 1.
Ensuring that our machine learning pipeline is robust to these image quality issues and can
compensate for rotation angles of the image framing is a crucial part of our work. In Section
3.1, we show how we address some of these challenges via the use of a ResNeXt network
(Mahajan et al., 2018) that was pretrained on billions of Instagram images taken using
phones. In Section 3.2.1, we tackle the rotation issue by building a dictionary-guided text
recognizer invariant to a finite group of rotations that registers images to their canonical
orientation and enables (finite group) rotation invariant text recognition.
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Secondly on utility, we augment our system with reading (Sections 3.2.1 and 3.2.2) and
semantic scene understanding capabilities (Section 3.2.3). Many of the VizWiz images have
text that is crucial to the goal and the task at hand. We equip our pipeline with optical
character detection and recognition, OCR (Y. Baek et al., 2019; J. Baek et al., 2019). Then,
to ensure the robustness of OCR to rotations as discussed earlier, we perform OCR on four
orientations of the image and select the orientation that has a majority of sensible words in
a dictionary. In order to improve the semantic understanding of the visual scene, in addition
to ResNeXt image features (IMG) and OCR, we augment our pipeline with object detection
and recognition pipeline (Tan et al., 2020) (OBJ) that are discussed in Section 3.2.3.

As we describe in Section 4, our model architecture then fuses visual features with
detected texts and objects that are embedded using fastText (Bojanowski et al., 2016)
with a multimodal transformer (Vaswani et al., 2017). To ensure that vocabulary words
coming from OCR and object detection can be used for out-of-vocabulary generation, we
incorporate a copy mechanism (Singh et al., 2019; Yao et al., 2017; Gu et al., 2016) in the
transformer that allows it to choose between copying an out-of-vocabulary token or predicting
an in-vocabulary token. We train our system using Cross-Entropy (CE) pre-training and
fine-tune using Self-Critical Sequence Training (SCST) (Rennie et al., n.d.) optimizing
CIDEr (Vedantam, Zitnick, & Parikh, 2015) score.

Finally, we give experimental details and extensive ablations studies on the 2020 VizWiz
Grand Challenge and the competition results in Section 5. In Section 6, we discuss qualitative
evaluation of our winning entry and how it compares to models trained on generic image
captions such as MS-COCO (T. Lin et al., 2014) or Google Conceptual Captions (GCC)
(Sharma et al., 2018). In Section 7, we describe a real-time demo of our system that uses
our captioning pipeline and the Watson Text to Speech API (IBM Research, 2021), showing
the potential of image captioning as an assisting technology for the visually impaired.

2. Related Work

Generic image captioning. Recent progress in captioning since the seminal Neural
Baby Talk work of Lu et al. (2018) in the pre-Deep Learning era has been accelerated
by the wider adoption of deep sequence-to-sequence models. Neural Image Captioning
(NIC) on MS-COCO (T. Lin et al., 2014) introduced the influential work of Show-and-Tell
using LSTM architectures and cross-entropy training (Karpathy & Li, 2015; Vinyals et al.,
2015). NIC won the MS-COCO 2015 challenge (Vinyals et al., 2017). Attention models
introduced in Xu, Ba, Kiros, Cho, et al. (2015); Xu, Ba, Kiros, Courville, et al. (2015) further
improved performance in image captioning and were refined in bottom-up and top-down
attention models (Anderson et al., 2018a). Transformers models (Vaswani et al., 2017)
have been adapted to multimodal scenarios, such as image captioning and visual question
answering (VQA) in works like Kant et al. (2020) and Luo et al. (2019), which won the
conceptual captions challenge on GCC dataset in 2019 (Sharma et al., 2018). Generic image
captioning systems were trained on MS-COCO or GCC benchmark using cross-entropy
training. Improvements were further obtained using automatic metric training, such as
CIDEr and SPICE, combined with Reinforcement Learning techniques, as in Ranzato et al.
(2015); Rennie et al. (n.d.); Liu et al. (2017). Generation of more natural sounding captions
was also addressed by the use of GAN losses in Dai et al. (2017); Shetty et al. (2017);
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Dognin et al. (2019) and better sequence-to-sequence architectures such as Transformers
(Vaswani et al., 2017) as in Luo et al. (2019). Copy mechanisms in image captioning and
VQA ensure generalization to words not in the vocabulary that are available from other
channels, such as object or text detectors (Singh et al., 2019; Yao et al., 2017; Gu et al., 2016).

Accessibility and assistive technologies challenges and needed functionalities.
VizWiz Social is a mobile application centered around accessibility whereby visually im-
paired users can take pictures, ask questions about them and crowd-source real-time answers
(Bigham et al., 2010). Brady et al. (2013) analyzed the type of images uploaded and questions
asked by the users on this app and grouped them into the following categories: identification,
reading, and description (Brady et al., 2013). Kacorri et al. (2017) studied the training of
personalized object recognition using VizWiz social. Assistive technologies and machine
learning based systems require a set of functionalities to meet the accessibility needs of the
visually impaired such as: object, text, and color recognition, as well as counting (Zeng et
al., 2020).

VizWiz challenges and datasets. Using the data collected from the VizWiz Social
application, several VizWiz datasets and challenges have been proposed on VQA in 2018
(Gurari et al., 2018; Simons et al., 2020) and the image captioning challenge in 2020 (Gurari
et al., 2020). The latter is the main focus of our work.

Assistive Technologies. While the space of assistive captioning technology remains an
open domain, there are certain solutions available that have begun to address this important
need using a variety of mobile applications, wearable devices, and other assistive hardware.
For example, ORCAM (OrCam, 2021) is a wearable device solution that combines voice-
activated commands with text, object, and facial detection to help users read text and
recognize faces and products on-demand. A different approach comes in the form of the
NavCog (IBM Research and CMU, 2021) application and smart guiding suitcase prototype,
which utilizes radio and Bluetooth signals combined with machine learning optimization
to determine a user’s location and assist the visually impaired in navigating to a desired
destination. Finally, the solution that most closely aligns to the goal-oriented automated
captioning, addressed in this work, is found in the Seeing AI mobile application (Microsoft
AT, 2021), which provides text reading, currency, product, and facial recognition, and scene
description capabilities.

In addition to these wearable and navigation assistance technologies, there are several
solutions that provide automatic enhancements to the screen reader technology, which
reads text from computer screens aloud. For a useful taxonomy defining the design space
of alternative text, which these screen readers rely on to describe visual media on the
computer, see Morris et al. (2018). As demonstrated by the qualitative study conducted
in Stangl et al. (2020), the needs of screen reader users often vary by where images are
encountered, e.g., on a news site vs. on a social networking platform, and the surrounding
context. When alternative text is either missing or provides non-meaningful content, there
is a need for automatic solutions that can augment screen readers. For example, Caption
Crawler (Guinness et al., 2018) performs reverse image search and crawls the web for more
informative captions that can be used by a screen reader. Another technology that is more
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Figure 2: Multimodal Assistive Captioner Overview. An input image is passed through 3
separate modules to perform image feature extraction, OCR and angle correction,
and object detection. Their outputs are combined and submitted to a Multimodal
Transformer Network. The generated caption is further biased towards the OCR
and object detection outputs by means of copy mechanisms to produce more
goal-oriented content, rather than a generic descriptive caption.

similar to our captioning work is Twitter Ally (Gleason et al., 2020), which is a browser
extension that automatically adds alternative text to images aiming to improve the screen
reader experience on social media platforms that increasingly present visual content.

3. Model

In this section, we describe our model and the different data channels we incorporate to
address task-oriented image captioning. An overview of our multimodal assistive captioner
is given in Figure 2. As seen there, in addition to the image feature extraction discussed in
Section 3.1, our system incorporates OCR and object detectors that are detailed in Section
3.2. A technical overview is given in Figure 3.

3.1 Image Feature Extraction with ResNeXt

For image processing, we choose ResNeXt (Mahajan et al., 2018) as our feature extractor
since we observed a 10-point CIDEr gain compared to ResNet 101 features (He et al., 2016)
(all else equal). We hypothesize that this gain comes from the fact that VizWiz images,
which are mainly captured using cell phone cameras, more closely align to the ResNeXt
pre-training that uses Instagram phone-taken images. We preserve the size of the image as
long as one of the sides is greater than 320 pixels. If this requirement is not met, we increase
the offending image axis to 320 pixels while maintaining the aspect ratio. We normalize
images using the method from Mahajan et al. (2018). To extract features, we use the 99th
layer of the 101 layer ResNeXt (Mahajan et al., 2018) convolutional neural network with
cardinality of 32 and bottleneck dimension of 8. These features are finally pushed through a
2-dimensional adaptive max pooling layer forming a 14 14 2048 feature vector for each
image. Before being input into our multimodal Transformer, the image feature vector is
reshaped to 196 2048.
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