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Abstract

Visual question answering is a task of predicting the an-
swer to a question about an image. Given that different
people can provide different answers to a visual question,
we aim to better understand why with answer groundings.
We introduce the first dataset that visually grounds each
unique answer to each visual question, which we call VQA-
AnswerTherapy. We then propose two novel problems of
predicting whether a visual question has a single answer
grounding and localizing all answer groundings. We bench-
mark modern algorithms for these novel problems to show
where they succeed and struggle. The dataset and evalua-
tion server can be found publicly at https://vizwiz.org/tasks-
and-datasets/vqa-answer-therapy/.

1. Introduction

Visual question answering (VQA) is the task of predict-
ing the answer to a question about an image. A fundamental
challenge is how to account for when a visual question has
multiple natural language answers, a scenario shown to be
common [10]. Prior work [2] revealed reasons for these dif-
ferences, including due to subjective or ambiguous visual
questions. However, it remains unclear to what extent an-
swer differences arise because different visual content in an
image is described versus because the same visual content
is described differently (e.g., using different language).

Our work is designed to disentangle the vision problem
from other possible reasons that could lead to answer dif-
ferences. To do so, we introduce the first dataset where all
valid answers to each visual question are grounded, mean-
ing we segment for each answer the visual evidence in the
image needed to arrive at that answer. This new dataset,
which we call VQA-AnswerTherapy, consists of 5,825 vi-
sual questions from the popular VQAv2 [9] and VizWiz [11]
datasets. We find that 16% of the visual questions have mul-
tiple answer groundings, and provide fine-grained analysis
to better elucidate when and why this arises.

We also introduce two novel algorithmic challenges,
which are exemplified in Figure 1. First, we introduce the
Single Answer Grounding Challenge, which entails pre-
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Figure 1: Examples from our VQA-AnswerTherapy dataset
showing that visual questions with different natural lan-
guage answers can have multiple answer groundings (first
row) or all share the same answer grounding (second row).

dicting for a visual question whether all valid answers will
describe the same grounding or not. Next, the Grounding
Answer(s) Challenge entails localizing the answer ground-
ings for all valid answers to a visual question. We bench-
marked models for these novel tasks to demonstrate the
baseline performance for modern architectures and to high-
light where they are succeeding and struggling.

We offer this work as a valuable foundation for im-
proving our understanding and handling of annotator dif-
ferences. Success on our Single Answer Grounding Chal-
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lenge will enable solutions to notify users when there is un-
certainty which visual evidence to consider, enabling users
to clarify a visually ambiguous visual question. This can
immediately benefit visually impaired individuals since a
portion of our dataset comes from this population (i.e.,
VizWiz [11]). Success on the Answer(s) Grounding Chal-
lenge can enable users of VQA solutions to better under-
stand the varied reasoning processes that can lead to dif-
ferent natural language answers, while also contributing to
enhanced model explainability and trustworthiness. More
generally, this work can inform how to account for anno-
tator differences for other related tasks such as image cap-
tioning, visual dialog, and open-domain VQA (e.g., VQAs
found on Yahoo!Answers and Stack Exchange). This work
also contributes to ethical Al by enabling revisiting how
VQA models are developed and evaluated to consider the
diversity of plausible answer groundings rather than a sin-
gle (typically majority) one. To facilitate future extensions,
we publicly-share our dataset and a public evaluation server
with leaderboard for our dataset challenges at the follow-
ing link: https://vizwiz.org/tasks-and-datasets/vqa-answer-
therapy/.

2. Related Work

Answer Differences in VQA Datasets. While many
datasets have been created to support the development of
VQA algorithms [22, 9, 11], a long-standing challenge has
been how to account for the common situation that, for
many visual questions, different answers are observed from
different people [10]. Prior work has offered initial steps.
For example, prior work characterized when [10], to what
extent [28], and why answers differ in mainstream VQA
datasets (e.g., for visual questions that are difficult, am-
biguous, or subjective as well as answers that are syn-
onymous) [2]. Other work introduced ways to evaluate
VQA models that acknowledge there can be multiple valid
answers, whether provided explicitly from different peo-
ple [1, 17] or augmented automatically from NLP tools to
capture plausible, semantically related answers [17]. An-
other work focused on rewriting visual questions to remove
ambiguity regarding what are valid answers [23]. Comple-
menting prior work, we explore answer differences in the
VQA task from the perspective of grounding, specifically
exploring whether different answers arise because different
visual content in an image is being described.

Answer Grounding Datasets. Numerous datasets have
been proposed to support developing models that locate
the visual evidence humans rely on to answer visual ques-
tions. This has been motivated by observations that answer
groundings can serve as a valuable foundation for debug-
ging VQA models, providing explanations for VQA model
predictions, protecting user privacy by enabling obfuscation

of irrelevant content in images, and facilitating search be-
haviors by highlighting relevant visual content in images.
A commonality of prior work [8, 19, 13, 7, 4, 34, 16, 12,
13, 19, 3, 5, 26] is that only one answer grounding for
one selected answer is provided for each visual question.
Our work, in contrast, acknowledges that a visual question
can have multiple valid answers and so multiple valid an-
swer groundings. We introduce the first dataset where all
valid answers to each visual question are grounded. This
new dataset, which we call VQA-AnswerTherapy, enables
us to introduce two novel tasks of predicting for a given
visual question whether all answers will be based on the
same visual evidence and predicting for a visual question
the groundings for all valid answers.

Automated VQA Methods. Modern automated VQA
models typically only return a single answer; e.g., the pre-
dicted answer with the highest probability from a softmax
output layer of a neural network. Yet, people often ask vi-
sual questions that lead to multiple valid answers [10]. To
account for this practical reality, we propose novel tasks
and introduce the first models for sharing richer informa-
tion with end users by (1) indicating when there are multi-
ple plausible answer groundings to a visual question and (2)
locating those grounded regions in images.

3. VQA-AnswerTherapy Dataset
3.1. Dataset Creation

VQA Source. Our work builds upon two popular VQA
datasets that reflect two distinct scenarios: VizWiz-
VQA [11] and VQAV2 [9]. The images and questions of
the VizWiz-VQA dataset come from visually impaired peo-
ple who shared them in authentic use cases where they were
trying to obtain assistance in understanding their visual sur-
roundings. In contrast, the images and questions of the
VQAV2 dataset come from different sources: while the im-
ages come from the MS COCO dataset [6] (and so were
collected from the Internet), the questions were generated
by crowd workers. Despite these differences, these datasets
have in common that they both include for each image-
question pair 10 crowdsourced answers, each of which was
curated based on the same crowdsourcing interface.

VQA Filtering. Our goal is to unambiguously ground
each answer for visual questions that have more than one
valid answer. To focus on these visual questions of interest,
we applied filters to the original VQA sources, which con-
sist of 32,842 image-question pairs for VizWiz-VQA and
443,757 for VQAV2 training dataset. First, we removed
answers indicating a visual question is unanswerable (i.e.,
“unsuitable” or “unanswerable”). Then, we only focused on
the remaining visual questions that have two or more valid
natural language answers, where we define valid answers
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as those for which at least two out of the ten crowdworkers
gave the exact same answer (i.e., using string matching).
! Similar to prior work [3], we also filter visual questions
that embed multiple sub-questions. An example is “How
big is my TV and what is on the screen, and what is the
model number, and what brand is it?” Following [3], we
removed visual questions with more than five words and
the word “and”, trimmed visual questions containing a re-
peated question down to a single question ( e.g., from “what
is this? what is this?” to “what is this?”’), and filtered visual
questions flagged as “containing more than one question”
in metadata provided by [3].

We then selected 27,741 visual questions with 60,526
unique answers as candidates for our dataset. Included
are all visual questions from VizWiz-VQA that met the
aforementioned criteria (i.e., 9,528 visual questions with
20,930 unique answers) and a similar amount sampled from
VQAV2’s training set (i.e., 18,213 visual questions with
39,596 unique answers). We included all visual questions
used in [2], which indicates why answers to each visual
question differ, to support downstream analysis.

Answer Grounding Task Design. We designed a user in-
terface to ground the different answers for each visual ques-
tion. It presents the image-question pair alongside one of its
associated answers at a time.

For each answer, two questions were asked to ensure the
answer could be unambiguously grounded to one region.
First, a worker had to indicate if a given answer is correct
or not. If correct, then the worker had to specify how many
polygons must be drawn to ground the answer from the fol-
lowing options: zero, one, or more than one. To simplify the
task, we only instructed the worker to ground the answer
when exactly one polygon was needed to ground answer.
We leave future work to explore when there are multiple
polygons (e.g., “How much money is there?” for an image
showing multiple coins).

To ground an answer, a worker was instructed to click
a series of points on the image to create a connected poly-
gon. After one answer grounding was generated for a visual
question, the annotator could then choose for a new answer
to select a previously drawn polygon or draw a new poly-
gon. Instructions were provided for how to complete the
task, including for many challenging annotation scenarios
(e.g., objects with holes or complex boundaries).

Answer Grounding Annotation Collection. We hired
crowd workers from Amazon Mechanical Turk to gener-
ate answer groundings, given their on-demand availability.
Like prior work [3], we only accepted workers from the

'We follow the status quo established by prior work [3, 10] to obtain
valid answers by using exact string matching (ESM) to provide an up-
per bound for expected differences). Around 36% of visual questions in
VizWiz and VQAV2 datasets have more than one valid answer.

United States who had completed at least 500 Human In-
telligence Tasks (HITs) with over a 95% acceptance rate.
For each candidate worker, we provided a one-on-one zoom
training on our task. We then provided a qualifying annota-
tion test to verify workers understood the instructions, and
only accepted workers who passed this test.

For annotation of our VQAs, we collected two answer
groundings per image-question-answer triplet to enable ex-
amination of whether the annotations match and so are
likely unambiguous, high-quality results. To support the on-
going collection of high-quality results, we also conducted
both manual and automated quality control mechanisms.

Ground Truth Generation. = We analyzed the two sets
of annotations collected for each of the 27,741 visual ques-
tions to establish ground truths. We did this after remov-
ing answers that at least one person flagged as “incorrect”
and visual questions with answers referring to no polygon
or multiple polygons. This left 12,290 visual questions and
26,682 unique image-question-answer triplets. For each an-
swer, we calculated the intersection-over-union (IoU) be-
tween the two answer groundings. If the IoU was large
(i.e., equal to or larger than 75%), we used the larger of the
two groundings as ground truth since often the smaller one
is contained in the larger one. Otherwise, we deemed that
answer has an ambiguous grounding and so removed the
answer from our dataset. Examples of high-quality answer
grounding results are shown in Figure 2, where answers to
a visual question can either have multiple groundings (e.g.,
“What is over the elephant” and “What does this logo say”)
or a single grounding (e.g., “shirt’s color”).

VizWiz-VQA

| &
@

Q: What is over Q: What does this ~ Q: What color is

the elephant? logo say? the child's shirt?
A: A: A:
A: umbrella A: blue yellow
A:rsb white
A:

Figure 2: High-quality annotations from our dataset. These
also illustrate a trend that visual questions related to text
recognition often have multiple answer groundings while
recognizing color often have a single grounding.
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All VQAvV2 VizWiz-VQA
Top-1 What is this? What is the man wearing? What is this?
% Top-2 What is in this box? What is on the table? What is in this box?
'*;;' Top-3 What does this say? Where is the pizza? What does this say?
S Top-4 Whatisit? What does the street sign say?  What is it?
Top-5 What kind of coffee is this?  What does the sign say? What kind of coffee is this?

Top-1 What is this?

o Top-2  What color is this?
2 Top-3 Whatisit?
@ Top-4 What's this?
Top-5 What color is this shirt?

What color is the train?
What color is the cat?
What is the man holding?
What room is this?

What color is the bus?

What is this?

What color is this?
What is it?

What color is this shirt?
What color is this shirt?

Table 1: The five most common questions that lead to multiple answer groundings and a single answer grounding for all
visual questions as well as for VQAv2 and VizWiz-VQA independently. Of note, the overall frequency is dominated by
VizWiz-VQA's frequency since the most common questions is far larger for this dataset than observed for VQAv2.

3.2. Dataset Analysis

We now analyze our final dataset, which includes
5,825 visual questions with 12,511 unique visual-question-
answer-grounding sets. This includes 7,426 answer ground-
ings for 3,442 visual questions from VizWiz-VQA dataset
and 5,085 answer groundings for 2,383 visual questions
from VQAV2 dataset. This final dataset excludes all visual
questions with less than two unique answers.

Prevalence of Single Versus Multiple Groundings. We
first explore how often visual questions have different
answers describing the same visual evidence (a single
grounding) versus different visual evidence (multiple an-
swer groundings). We flag a visual question as having dif-
ferent answers describing the same grounding if an answer
grounding pair has an IoU score larger than 0.9.

We found 15.7% (i.e., 916/5,825) of visual questions
with answers leading to mulitiple answer groundings. Yet,
the status quo for VQA research neglects this reality that
different answers can refer to different visual evidence [8,
19, 13,7, 4, 34, 16, 12, 8, 13, 19, 3, 5, 26]. We suspect ex-
isting models would struggle with these 15.7% questions,
both for VQA and answer grounding, due to their visual
ambiguity.

We next identify the most common questions for vi-
sual questions that have multiple as well as a single an-
swer grounding. To do so, we tally how often each question
leads to different answer groundings as well as to a single
answer grounding respectively. Results are shown in Ta-
ble 1. We observe questions about recognizing objects is
common for both scenarios. In contrast, questions about
recognizing text is more prevalent when there are multiple
answer groundings while questions about recognizing color
is more prevalent for visual questions with a single answer
grounding. We also observe that questions related to a lo-
cation often leads to multiple answer groundings, as shown
in Table 1 (Top-3 “Where is the pizza”) and exemplified in

Figure 1 (“where is the man”) and Figure 2 (“What is over
the elephant”). These finding suggests that a valuable pre-
dictive cue for Al models to predict whether there is a single
grounding or multiple groundings for all answers are iden-
tifying the vision skills needed to answer a visual question.

When comparing the trend for visual questions to have
multiple answer groundings across both data sources, we
observe it is more prevalent for visual questions coming
from VizWiz-VQA than VQAV2; i.e., it accounts for 22%
(i.e., 761/3,442) versus 7% (i.e., 155/2,383) of visual ques-
tions respectively. Consequently, multiple answer ground-
ings are more common for an authentic VQA use case than
is captured in the most popular, yet contrived VQA dataset.

Reasons Visual Questions Have Multiple Answer
Groundings. We next analyze the 916 visual questions
that have more than one answer grounding. For each visual
question, we flag which relationship types arise between ev-
ery possible answer grounding pair from the following op-
tions: disjoint, equal, contained, and intersected. We cate-
gorize an answer pair as disjoint when IoU equals 0, equal
when the value is larger than 0.9, contained when one re-
gion is part of the other region, such that the size of their
intersection is equal to the minimum of their sizes and the
size of their union is equal to the maximum of their sizes,
and intersected when 0.9>IoU >0 and they do not have a
contained relationship.

We first tally how many relationship types each visual
question exhibits between its different answer grounding
pairs, overall as well as with respect to each VQA source.
Results are shown in Table 2. We find that most visual ques-
tions (i.e., 89%) have just one relationship type between
their answer groundings. We suspect it is because most of
the visual questions only have two valid answers, two an-
swer groundings, and thus one kind of relationship. When
comparing results from the two VQA sources, we observe
VQAV2 has slightly more relationships than VizWiz-VQA
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All VQAV2  VizWiz-VQA
1 89% (812) 86% (133) 89% (679)
2 11%(103) 14% (22)  11% (81)
3 0% (1) 0% (0) 0% (1)

Table 2: Number of different kinds of relationships that a
visual question’s answers have, overall and per data source.

All VQAvV2 VizWiz-VQA
Disjoint 10% (99) 16% (28) 8% (71)
Intersected 67% (685) 60% (107) 68% (578)
Contained  15% (151) 12% (21) 15% (130)
Equal 8% (86) 12% (21) 8% (65)

Table 3: Percentage of visual questions with multiple an-
swer groundings having each relationship type between its
answer groundings, overall and for each data source.

dataset. We suspect this is due to a more even percentage
distribution across the four types of relationships we ana-
lyzed, as shown in Table 3.

We next tally how many visual questions have each type
of relationship, overall as well as with respect to each VQA
source. Results are shown in Table 3. Overall, we find
VizWiz-VQA and VQAv2 have a similar distribution of
answer grounding relationships. The most common rela-
tionship between answer groundings for a visual question
is intersection, with this occurring for over half of the vi-
sual questions. This finding has important implications for
both human visual perception and model development. We
suspect that when multiple individuals provide different an-
swers based on distinct visual evidence, they may be fo-
cusing on the same object while paying attention to distinct
details, resulting in an intersection of visual evidence.

Relationship Between Why Answers Differ and Number
of Answer Groundings. We next analyze the tendency
for visual questions that lead to a single versus multiple an-
swer groundings to be associated with various reasons why
natural language answers can differ. For each visual ques-
tion, we obtain the reasons why answers can differ using
the following seven labels provided in the VQA-Answer-
Difference dataset [2]: low-quality image (LQI), insuffi-
cient visual evidence (INV), difficult questions (DFF), am-
biguous questions (AMB), subjective questions (SBJ), syn-
onymous answers (SYN), and varying levels of answer
granularity (GRN).>* Results are shown in a bar chart in
Figure 3, with the left part showing percentages for vi-
sual questions that have multiple answer groundings and the
right part showing percentages for visual questions with a

2We exclude the reasons “Spam answer” and “Invalid question” be-
cause, by definition, they cannot have grounded answers.
3 As done in [2], we assign labels using a 2-person threshold.

GRN 7% 93%
ST ST — 79%
3038 17% 83%
SYN 779 7% 93%
20% 80%
s 10% 90%
SBJ 80 6% 94%
12% 88%
3056 17% 83%
AMB 852 7% 93%
21% 79%
106 3% 97%
DFF 75 1% 99%
7% 93%
270 12% 88%
IVE 107 7% 93%
15% 85%
124 12% 88%
Lal 5 0% 100%
13% 87%
All-Single VQAvV2-Single VizWiz-Single
All-Multiple VQAv2-Multiple VizWiz-Multiple

Figure 3: Relationship of whether a visual question has a
single grounding for all answers and reasons for different
answers for the VQAv2 and VizWiz dataset sources.

Q: What color is this ~ Q: What kind of bird ~ Q: What is this? Q: What is it?
pillow? is this? A: food A: cup
A: beige A: parakeet A: asian dish meat A: mug
A: cream A: cardinal vegetables noodles A: coffee cup
A: yellow A: coffee mug
i S — — -
= [
A - ( -
B 36y CHERYL )
m. i L
i v / y
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i - ___IEN -

Why answers differ:why answers differ: Why answers differ: Why answers differ:

AMB, GRN, SYN IVE, DFF SBJ, SYN, GRN AMB, SYN, GRN

Figure 4: Visual questions with one answer grounding
alongside annotations indicating why answers differ [2].

single answer grounding.

Overall, visual questions with multiple answer ground-
ings commonly are associated with varying levels of answer
granularity (GRN), ambiguous questions (AMB), and syn-
onymous answers (SYN). The nearly identical results for
AMB and SYN are not surprising since over 85% of VQAs
labeled as SYN also occur with AMB in both the VizWiz-
VQA and VQAV2 datasets.

Visual questions labeled with difficult (DFF) tend to
share a single grounding. Intuitively, this makes sense as
there is consensus around what the question is asking about
but people simply struggle to know what is the correct an-
swer. An example of this scenario is shown in Figure 4,
with the question “what kind of bird is this?”

When comparing results from the two VQA sources,
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ONT 28 8% 92%
12 15% 85%
8% 92%
coL 887 7% 93%
75 8% 92%
21% 79%
OBy 3384 7 95%
261 22% 78%
42% 58%
TXT 27% 73%
1213 429% 58%
All-Single VQAV2-Single = VizWiz-Single
All-Multiple VQAV2-Multiple " VizWiz-Multiple

Figure 5: Amount of multiple answer groundings per visual
question for four vision skills, overall and per dataset source
(VQAV2 and VizWiz-VQA).

we observe that VQAv2 and VizWiz-VQA have large dif-
ferences (larger than 10%) for four reasons: GRN, SYN,
AMB, and LQI. Examples of visual questions that are la-
beled as AMB, SYN, GRN are exemplified in Figure 4 (col
1, 3, and 4).

Relationships Between Vision Skills Needed to Answer
a Visual Question and Number of Answer Groundings.
We next evaluate how the vision skills needed to answer
a visual question relate to whether a visual question has
a single grounding. The following labels for the four vi-
sion skills are provided in the VizWiz-VQA-Skills dataset
[31]: object recognition (OBJ), text recognition (TXT),
color recognition (COL), and counting (CNT). Following
[31] we use majority vote from the 5 annotations to deter-
mine the vision skill labels. We perform our analysis over
all visual questions as well as with respect to each VQA
source independently. Results are shown in Figure 5, based
on observed percentages for each VQA source.

Overall, we found that visual questions trying to read text
tend to have multiple answer groundings. One common ex-
ample is visual questions about products, as exemplified in
Figure 1 (e.g., chips product). In contrast, questions related
to recognizing color tend to have a single answer ground-
ing. We suspect people might express ‘color’ in different
ways because of individual or cultural differences, despite
often looking at the same region. For example, a question
asking “What is the color of this cloth?”” might get different
of answers “khaki”, “tan”, and “brown” despite all referring
to the same region (i.e., the cloth).

We also evaluate relationships between visual questions
that result in multiple answer groundings with respect to
each of the four vision skills overall as well as with re-
spect to each VQA source independently. We determine if

Relationship per skill
Img Skills Percentage% (actual number)
Sources
Disjoint Intersected Contained  Same
TXT 9% (50) T1% (403) 12% (69) 7% (42)
Overall OBJ [8% (62) 70% (538) 15% (117) 7% (54)
COL  [5% (4) T1% (54)  14% (11) 9% (7)
CNT 0% (0) 83% (5) 0% (0) 17% (1)
TXT 0% (0) 50% (4) 0% (0} 20% (1)
VQAV2 OBJ [8% (1) 92% (12) 0% (0) 0% (0)
CoL  [17% (1) 67% (4) 0% (0) 17% (1)
CNT (0) 100% (1) 0% (0) 0% (0)
TXT 9% (50) 71% (399) 12% (69) 7% (1)
VizWiz- OBJ  [8% (61) 69% (526) 15% (117) 7% (5)
VQA COL H% (3) 71% (B0)  16% (11) 9% (6)
CNT 0% (0) 50% (4) 0% (0) 20% (1)

Figure 6: The heatmap table shows the percentage and the
number of relationships between answer groundings with
respect to each of the four vision skills for our dataset (over-
all) and for each image source (VQAV2 and VizWiz-VQA).

a visual question has a single grounding and what skills are
needed following the same process of the previous analysis.
Results are shown in Figure 6.* Overall, we observe that
visual questions related to “text recognition” and “object
recognition” are more likely to have a “disjoint” relation-
ship compared to “color recognition” and ““counting” skills.
Examples are shown in Figure 1 (“cabinets” and “hood” are
disjoint) and Figure 2 (“blanket” and “umbrella” are dis-
joint; “rsb” and “royal society for blind” are disjoint).

4. Algorithm Benchmarking

Using the VQA-AnswerTherapy dataset, we now quan-
tify how well modern architectures support two novel tasks
of (1) predicting if a visual question shares the same
grounding for all answers and (2) localizing all groundings
for all answers to a visual question.

Dataset Splits. Our VQA-AnswerTherapy dataset con-
tains 3,794, 646, and 1,385 for train/val/test sets, respec-
tively. The visual questions from the VizWiz-VQA dataset
are split to match the train/val/test splits of the original
VizWiz-VQA dataset [11]. Our dataset also has visual ques-
tions originating from the training set of the VQAv2 dataset
[9], which is split into train/val/test splits using 70%, 10%,
and 20% of the data respectively.

4.1. Single Answer Grounding Challenge

The task is to predict if a visual question will result in an-
swers that all share the same grounding. For completeness,
we also explore the predicting if a visual question will result
in answers that multiple groundings. We evaluate methods

4Results for VQAvV2 may not be representative since only a small
amount of our dataset’s visual questions have vision skill labels.
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Precision Recall
Model Type: ViLT ~mPLUG-Owl  Naive (M)  Naive(S) , ViLT ~mPLUG-Owl Naive (M)  Naive (S)
All:S 0.86 0.80 - 0.80 0.94 0.82 0.0 1.0
VQAv2:S 0.93 0.93 - 0.92 0.97 0.81 0.0 1.0
ViaWiz-VQAS 082 074 074 |09 083 00 10
All:M 0.59 0.20 0.20 - 0.37 0.20 1.0 0.0
VQAv2:M 0.24 0.11 0.08 - 0.11 0.26 1.0 0.0
VizWiz-VQA:M  0.63 0.25 0.26 - 0.42 0.17 1.0 0.0

Table 4: Performance of methods at predicting whether a visual question will result in answers that all share single (i.e., ‘S”)
or multiple (i.e., ‘M’) groundings respectively, overall as well as with respect to each data source. Of note, no values (‘-*)
are entered for some models because they do not yield valid scores. This includes the Naive (M) for task ‘S’ with respect to
precision and Naive (S) for task ‘M’ with respect to precision, because no positives are predicted, making the denominator
zero (i.e., precision = True Positive/(True Positive+ False Positive). This also includes the Naive (M) model for task ‘S’ with
respect to recall and Naive (S) model for task ‘M’ with respect to recall, because there are no positives and so the numerator
is again zero (i.e., recall = True Positive / (True Positive + False Negative).

using two standard metrics for binary classification tasks:
precision and recall.

Models. We benchmark four models. We fine-tune a top
performing algorithm for the VQA task, ViLT [15], on the
training set on of our entire dataset. To do so, we modified
the output layer of the architecture with a two-class softmax
activation to support binary classification. We also bench-
mark the state-of-the-art vision and language foundation
model which was the first to achieve human parity on the
VQA Challenge, mPLUG-OwI [29], in a zero-shot setting
with the prompt “Do all plausible answers to the question
indicate the same visual content in this image?” This zero-
shot setting is a useful baseline because of the imbalanced
and relatively small size of our dataset to support training.
We finally benchmark two naive baselines that each only
predict one label, i.e., all samples share the same answer
grounding or all samples have multiple answer groundings.

Results. Results are reported in Table 4 for predicting
whether a visual question has answers that all share single
grounding (‘S’) and predicting whether a visual question
has answers with multiple groundings (‘M”). Testing results
are reported for the entire dataset, as well as on each VQA
source (VQAV2 and VizWiz-VQA) independently.

We observe that it is much more difficult to predict when
answers have multiple groundings compared to a single
grounding, i.e., both ViLT and mPLUG-Ow]I receive much
lower precision and recall when predicting whether there
are multiple answers grounding compared to predicting if
there is a single answer grounding. This is true both for
the fine-tuned ViLT model, which is susceptible to failing
from the data imbalance (i.e., only 15.7% of visual ques-
tions have multiple answers grounding), as well as the the
zero-shot mPLUG-Ow]1 solution.

GT: Single
Vilt: Multiple

GT: Multiple GT: Multiple

Vilt: Single

Q: What does this Q: Whatison this  Q: What is the
picture show? side of the bottle? main object in this
A: A: image?

A: phone screen A: label A:

A:apps A: horse

Figure 7: Qualitative results for the fine-tuned ViLT model
on the Single Answer Grounding Challenge, alongside the
question-answer pair and ground truth answer groundings.

We next analyze overall performance for the mod-
els. While ViLT is an inferior VQA model compared to
mPLUG-Owl, it achieves better performance once fine-
tuned on our dataset for our novel task. This enhance-
ment is striking, considering the limited size of our dataset.
This observation underscores the value of our dataset, illus-
trating how even a modest number of samples can bolster
the robustness of current models. In contrast, the foun-
dation model, mPLUG-Owl, achieves inferior or compa-
rable performance to a naive baseline. We manually in-
spected all examples where the top-performing fine-tuned
ViLT struggles, and show examples in Figure 7. For in-
stances where there is a single answer grounding and ViLT
predicts multiple answer groundings, across both VizWiz-
VQA and VQAV?2 sources, often images show text or multi-
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ple objects while the question typically references the entire
object or a particular area, as illustrated in Figure 7 column
1. Conversely, in situations where there are multiple an-
swer groundings but ViLT predicts only one (143 examples
for VizWiz-VQA and 34 for VQAv2), we observe distinct
patterns between the VizWiz-VQA and VQAv2 datasets.
Specifically, in the VizWiz-VQA dataset, 98 out of the 143
instances occur because the image contains only one sig-
nificant object, with the answer primarily focusing on text
recognition (Figure 7 column 2). In contrast, for the VQAv2
dataset, this discrepancy arises in 27 out of the 34 cases
mainly because the question is ambiguous about which ob-
ject/area it is asking about and the image contains multiple
objects (Figure 7 column 3).

When comparing the performance across datasets, de-
spite that we permitted both models to have an unfair advan-
tage that they could observe during training the COCO im-
ages that are used in the VQAV2 dataset > and it’s cheating
to test it on the training set of the VQAvV2 dataset, we only
observe higher performance when predicting “VQAv2:S”
compared to “VizWiz-VQA:S” and didn’t observe higher
performance when predicting “VQAv2:M” compared to
“VizWiz-VQA:M”. We suspect the reason is that the VQA-
Single Answer Grounding dataset is highly imbalanced
with 93% of visual questions having different answers that
all describe the same visual evidence.

4.2. Answer(s) Grounding Challenge

Given an image and a question, the task is to predict the
image region to which the answer is referring.

Evaluation Metric. We measure the similarity of each bi-
nary segmentation to the ground truth with IoU. We report
two IoU scores, IoU and IoU-PQ (IoU-Per Question). The
IoU-PQ uses as the score for each visual question the av-
erage of the IoU scores for all answer groundings to that
visual question. We utilize IoU-PQ in place of IoU because
the metadata (e.g., single/multiple annotations, vision skills
annotations) for fine-grained analysis pertains to each visual
question rather than each answer grounding.

Models. We evaluate three variants for each of the fol-
lowing three models: SeqTR, UNINEXT [27], and SEEM
[35].° For the three variants per model, we feed the
model the image-question pair (i.e., Model(I+Q)), the
image-question-answer triplet (i.e., Model(I+Q+A)) and the
image-answer pair (i.e., Model(I+A). We fine-tuned a top-
performing referring segmentation algorithm, SeqTR, on
our entire dataset. SeqTR [33] is pretrained on a large cor-
pus of datasets (i.e., [16, 30, 18, 14, 21, 20] ). We also eval-

SVILT is pretrained on GCC, SBU, COCO, and VG datasets and
mPLUG-OwI is pretrained on LAION-400M, COYO-700M, Conceptual
Captions and MSCOCO.

%We do not benchmark answer grounding models [25, 32, 24] since
these show weak performance on existing challenges (e.g., [3].)

uated zero-shot performance for both the UNINEXT [27]
and SEEM [35] models. We selected UNINEXT because
of its state-of-the-art performance for the Referring Expres-
sion Segmentation task and SEEM since it claims to “seg-
ment everything everywhere”.

Overall Results. Results are shown in Table 5.7 Perfor-
mance is reported for the entire dataset (column 2) as well
as with respect to each VQA source independently (column
3 and column 4).

As shown, all analyzed models perform poorly. For
example, the top-performing SeqTR(I+Q+A) overall only
achieves an IoU of 66.68%. This arises despite that all
three models were exposed to COCO images in the pre-
training phases; performance on VQAv?2 dataset is still sim-
ilar to that for VizWiz-VQA. We suspect the referring seg-
mentation pretraining may result in models taking shortcuts
by remembering images while ignoring the language (the
language inputs when pretraining are referring expressions,
which can differ considerably from our inputs).

We also analyze the results for each model. While part
of the poor performance of SeqTR could be attributed to the
relatively small amount of training examples available for
fine-tuning, our results in Table 6 offer strong evidence that
the challenge of grounding different answers is also an im-
portant factor. That is because SeqTR(I+Q+A) scores 72%
on visual questions with a single answer grounding versus
43.66% on visual questions with multiple answer ground-
ings, underscoring a greater difficulty for the latter task.
Our results on UNINEXT and SEEM also underscore how
current large segmentation models lack sufficient zero-shot
generalization capabilities, a necessary prerequisite for ap-
plications such as open-domain VQA.

Comparing the performance across different variant set-
tings (I+Q+A/+Q/I+A), we find that the model that re-

"Due to space constraints, we report overall model performance with
respect to IoU-PQ in the supplementary materials. The scores align closely
with IoU.

Models Al VQAV2 VizWiz-VQA
SeqTR (I+Q+A)  66.68  64.50 67.89
SeqTR (I+Q) 62.04  58.46 64.02
SeqTR (I+A) 6327  58.03 66.17
SEEM (I+Q+A)  53.77  50.67 55.49
SEEM (I+Q) 45.17  44.65 45.46
SEEM (I+A) 52.10  46.83 55.03
UNINEXT (I+Q+A) 53.76  42.73 59.88
UNINEXT (I+Q)  50.51  40.96 55.81
UNINEXT (I+A) 5276  41.60 58.95

Table 5: Performance of models for predicting all answer
groundings per visual question.
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Q: What is this?

Q: What frequency is this radio on?  Q: What is the woman wearing on

Q: What is the orange stuff?
her back?

A: flamin hot Iimei A: cheetos A:3912

cheetos

Ground Truth

SeqTR (I+Q+A)

i A 3912khz

A: carrots

A: coat : A jacket

A: oranges

Figure 8: Qualitative results from SeqTR (I+Q+A) for visual questions coming from VizWiz-VQA (yellow background) and

VQAV2 (blue background).

Models Single Multiple
SeqTR (All) 71.69 43.66
SEEM (All) 60.45 22.75
UNINEXT (All) 60.47 23.08
SeqTR (VQAV2) 65.56 49.66
SEEM (VQAVv2) 51.65 31.70
UNINEXT (VQAvV2) 43.79 24.15
SeqTR (VizWiz-VQA) 75.94 42.66
SEEM (VizWiz-VQA) 66.56 21.27

UNINEXT (VizWiz-VQA)  72.06 22.90

Table 6: Performance of models at localizing all answer
groundings with respect to loU-PQ scores. They struggle
most for visual questions with multiple answer groundings.

ceives the most information as input (I+Q+A) performs
best, which aligns with our intuition. We show the quali-
tative results for SeqTR (I+Q+A) model in Figure 8. We
observed models often fail for vision questions with mul-
tiple answer groundings that require recognizing text. In
contrast, models often perform well for visual questions that
identify common objects.

Analysis With Respect to Single vs Multiple Answer
Groundings. Table 6 presents the IoU-PQ scores for vi-
sual questions with respect to visual questions with a single
answer grounding and multiple answer groundings. We use
the settings of (I+Q+A) for each model to reveal the upper
bound of what is possible from top-performing models.

We observe that the top-performing model, SeqTR,
largely lacks the ability to predict multiple answer ground-
ings. This suggests modern models are designed based on
an incorrect assumption that only one answer grounding is

needed for a visual question. Still, SeqTR significantly out-
performs SEEM (All) and UNINEXT (All), highlighting a
potential benefit of a modest amount for fine-tuning models
for our target task.

Delving into the data based on VQA sources, a com-
pelling pattern emerges. All models consistently deliver
superior performance for visual questions with multiple an-
swers groundings on VQAv2 compared to VizWiz-VQA.
Conversely, performance for visual questions with a sin-
gle answer grounding is worse on VQAv2 than for VizWiz.
One potential factor leading to this outcome may stem from
VQAV2 having a higher prevalence of complex scenes and
so presenting a greater difficulty for grounding answers
when only a single grounding is needed.

5. Conclusions

This work acknowledges a fundamental challenge that
visual questions can have multiple valid answers. We sup-
port further exploration of this fact by introducing a new
dataset, which we call VQA-AnswerTherapy, that provides
a grounding for every valid answer to each visual ques-
tion. We also propose two novel challenges of (1) predict-
ing whether a visual question has a single answer grounding
(versus multiple answer groundings) and (2) locating all an-
swer groundings for a given visual question. Our algorithm
benchmarking results reveal that modern methods perform
poorly for these tasks, especially when a visual question
has multiple answer groundings. We share our dataset and
crowdsourcing source code to facilitate future extensions of
this work.
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