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Abstract

Current visual grounding research remains limited for prac-
tical applications, because existing tasks primarily focus
on direct visual queries (e.g., “find the red car”) or read-
ing visible text (e.g., “what is the title of this book?”),
rather than supporting general questions about objects
(e.g., “how comfortable are these earbuds?”). We introduce
the novel problem of Visual Grounding for Object Questions
(VGOQ). Unlike previous tasks that ground only what is di-
rectly visible in images, VGOQ handles open-ended gen-
eral questions about objects, including concepts such as
ease and comfort of use, and aims to identify visual evi-
dence or context that would support an answer. This unex-
plored problem has immediate practical value, particularly
in designing and optimizing product imagery in e-commerce
stores. As initial steps toward this task, we develop two au-
tomated data generation techniques, which serve to train a
lightweight visual grounding model, and to evaluate visual
grounding approaches on the resulting synthetic bench-
marks, ABO-VGOQ and VizWiz-VGOQ. Our results pro-
vide initial evidence that VGOQ represents a meaningful
research direction: current SoTA visual grounding perfor-
mance decreases from 52% gIoU to 37% gIoU when ques-
tions are rephrased from visual questions (segmentation of
the answer) to general object questions (segmentation of vi-
sual evidence). On our new benchmarks, our lightweight
model outperforms prior models while being much smaller.
Project page: https://martin-ev.github.io/vgoq.

1. Introduction

We introduce the problem of Visual Grounding for Object
Questions (VGOQ), where we aim to find visual evidence or
context in images that is useful for answering general ques-
tions about objects. Traditional visual grounding research-
focuses primarily on directly visible elements in images.
In contrast, VGOQ tackles general object questions whose
answers may not be immediately apparent in the images.

*Work done during an internship at Amazon.

Visual Questions:
VizWiz-VQA-Grounding [8]

General Object Questions:
VizWiz-VGOQ [ours]

What kind of can-
dies are these?
→ “pecan clusters” is di-
rectly the answer to the
question.

Would these candies be suit-
able for someone with a nut
allergy?
→ The highlighted area shows these
are pecan clusters. Anyone with a tree
nut allergy should avoid this product
as pecans are tree nuts and could cause
an allergic reaction.

What is the name of
this seasoning?
→ “mrs dash” is directly
the answer to the ques-
tion.

Is this seasoning suitable for
people on a low-sodium diet?
→ Highlighting “mrs dash” is use-
ful because this brand is specifically
known for producing salt-free season-
ings.

What flavor is this?
→ “strawberry” is di-
rectly the answer to the
question.

Would this drink mix be suit-
able for making red-colored
party punch?
→ Highlighting “strawberry” is use-
ful because it shows that this is a
strawberry-flavored Kool-Aid, which
produces a bright red color when pre-
pared.

What is this a can
of?
→ “beef ravioli” is di-
rectly the answer to the
question.

Is this product suitable for
vegetarians?
→ Highlighting “beef ravioli” is use-
ful because it shows that the product
contains beef, which is meat from cat-
tle.

Figure 1. From Visual Grounding of Visual Questions to Vi-
sual Grounding of Object Questions: Existing visual grounding
datasets, such as VizWiz-VQA-Grounding [8] (left), focus on lo-
cating directly visible answers to visual questions or referring ex-
pressions. In this study, we focus on the more challenging task of
finding visual evidence/context that is helpful for general, open-
ended, object questions (right). Creating the synthetic VizWiz-
VGOQ dataset: One of the ways to address the absence of data
for our task is to rewrite existing Visual Questions (left) into gen-
eral Object Questions (right). The same segmentation masks (mid-
dle column) now highlight visual evidence or context useful for
answering the questions, rather than being the direct answer.

Among many applications (Section 7), the ability to seg-
ment image regions that show relevant visual evidence or
context to answer the question can enhance interpretability
and trust in question answering systems, particularly for e-
commerce applications where customers ask abstract ques-
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tions about product comfort, durability, or suitability.
In traditional visual grounding datasets, e.g., Visual

Question Answering (VQA) grounding [8, 27] and Refer-
ring Expression Segmentation (RES) [15], most samples
focus on what is visible in the images, such as locating
specific objects (e.g., find the “white bowl with vertical
stripes”), directly reading visible text (e.g., “what brand
of smartphone is this?”), or describing spatial relationships
(e.g., “is the red sphere left of the blue cube?”). These tasks
involve direct matching between language descriptions and
visible image elements. Often, the visual annotations (e.g.,
segmentation masks) for these tasks are the answer to the
question (e.g., segmentation of the red car, of the title of
the book) or a segmentation of the objects mentioned in
the question (e.g., segmentation of the red sphere and the
blue cube). VGOQ is more challenging, starting with open-
ended general questions about objects, e.g., “how comfort-
able are these earbuds?”, and locating visual evidence or
context (e.g., the silicon eartips of the earbuds) that would
support answers to the question.

One key challenge of VGOQ is the lack of datasets con-
taining images, questions about objects, and visual ground-
ing of evidence rather than visual grounding of the answer
directly. As a first step toward addressing this problem, we
create two automated techniques: (1) transforming existing
visual questions from VQA grounding datasets into general
object questions (Figure 1), and (2) a zero-shot pipeline us-
ing Claude [1] and traditional grounding models [10, 29, 36]
to create visual grounding in a zero-shot manner for gener-
ating customer questions about products (Figure 2).

To enable practical applications in e-commerce stores
that need to process millions of product images and queries,
we train a lightweight CLIP-based [26] grounding model
inspired by CLIPSeg [22]. The model is trained jointly on
traditional visual grounding tasks and our VGOQ task.

We evaluate existing SoTA visual grounding models
on existing VQA grounding benchmarks (VizWiz-VQA-
Grounding [8], TextVQA-X [27], and Toloka [33]) and our
new VGOQ benchmarks. Results show most existing vi-
sual grounding models struggle with finding visual evidence
for general object questions. Performance drops signifi-
cantly from 52.2% mean intersection-over-union (gIoU) to
37.2% gIoU when shifting from visual questions (segmen-
tation of the answer) to object questions (segmentation of
visual evidence/context) on VizWiz-VQA-Grounding im-
ages [12]. On our new benchmarks, for the tasks of locating
specific visual evidence or context related to the question,
our lightweight model has higher gIoU than previous SoTA
approaches, and is competitive with our concurrent work,
Qwen3-VL [3], while being much smaller and faster. Our
main contributions are:
• We introduce Visual Grounding for Object Questions

(VGOQ), a novel task that extends visual grounding be-

Product imagery:
From ABO dataset [9]

Object Question and VGOQ:
ABO-VGOQ validation set [Ours]

Are the Velcro straps easy for
small children to open and close
by themselves?
→ Specific visual evidence:
The highlighting shows visual evidence that
could help answer the question by focusing
on the wide, substantial Velcro straps. The
images reveal that the straps are broad and
appear to have good gripping surfaces, which
would likely make them easier for small chil-
dren to manipulate.

What percentage of real ginger is
in this product?
→ Specific visual evidence:
The highlighted ingredients list provides clear
visual evidence that the product contains
’NATURAL GINGER FLAVOR’ rather than
real ginger root or extract.

What type of bread is this?
White, whole wheat, or some-
thing else?
→ Specific visual evidence:
The highlighted word ’MULTIGRAIN’ is
clear visual evidence printed on the product
packaging that definitively answers the cus-
tomer’s question about the type of bread.

Does this teal/aqua color match
the photos accurately?
→ Non-specific visual evidence:
The highlighting focuses on the fabric swatch
that shows the exact teal/aqua color and tex-
ture of the sofa material.

Is the headboard attached or can
it be removed?
→ Related, no visual evidence:
While the highlighting correctly identifies the
headboard that the customer is asking about,
the visual evidence alone doesn’t provide
clear information about whether the head-
board is attached or removable.

How much noise reduction do
these earmuffs provide?
→ Related, no visual evidence:
The highlighting doesn’t show any visual ev-
idence that would answer the question about
how much noise reduction these earmuffs pro-
vide. There are no visible decibel reduction
ratings or noise reduction ratio (NRR) num-
bers displayed on the product in the image
that would indicate its noise reduction capa-
bility.

What is the seat back height
measurement?
→ Not valuable:
The highlighting is showing the overall height
of the chair (32 inches), not specifically the
seat back height. While this is a height mea-
surement, it’s not the specific measurement
the customer is asking about.

Figure 2. Creating the synthetic ABO-VGOQ dataset: Our
data generation pipeline for ABO-VGOQ combines multiple prod-
uct images and textual metadata from e-commerce listings. Each
example shows: (left) product images from the Amazon Berke-
ley Objects dataset (ABO [9]), (right) generated customer ques-
tion, generated groundtruth visual grounding in the most rele-
vant image, and generated evidential quality category. Notice
how the VGOQ task requires multiple skills: material recogni-
tion (identifying fabric textures, ingredient lists), spatial reason-
ing (understanding dimensions and proportions), inference from
visual context (connecting observable features to functional prop-
erties), multi-modal integration (combining textual and visual in-
formation), and infographics understanding (reading text within
images).
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yond direct visual queries to handle questions about ob-
jects, potentially abstract, requiring identification of vi-
sual evidence or context rather than direct answers.

• We develop two automated data generation techniques
and create two new datasets: VizWiz-VGOQ (7469 sam-
ples) and ABO-VGOQ (6571 samples), allowing us to
train and evaluate models for VGOQ. We released the
evaluation sets as benchmarks.

• We train a simple lightweight visual grounding model
that outperforms prior SoTA visual grounding models on
VGOQ task, while being much smaller (1.77M parame-
ters) and trained on much less data.

• We highlight some practical applications of VGOQ, par-
ticularly for e-commerce stores, e.g., enhanced shopping
assistants with visual evidence, automatic infographics
generation, and automated feedback systems for vendor-
provided product imagery.

2. Related work

2.1. Visual Grounding

Visual Grounding is the task of localizing specific parts
of an image based on textual descriptions. Existing ap-
proaches have focused primarily on traditional Image seg-
mentation [6, 14, 22], Referring Expression Segmentation
(RES) [15] and Visual Question Answering (VQA) ground-
ing [8, 27]. While these approaches have shown success in
their respective domains, they are often limited to directly
observable visual elements.

Traditional segmentation approaches associate classes
to segmentation maps. They typically use a predefined list
of classes, e.g., 80 object classes for COCO dataset [20].
Open vocabulary segmentation [6, 14, 22] extends this
to arbitrary class names. However, these methods cannot
handle longer descriptions, describing what to segment pre-
cisely, or requiring more reasoning, such as segmenting the
visual evidence that could be used to answer a customer
question about properties of a product shown in the images.

Referring Expression Segmentation (RES) focuses on
localizing objects in images based on longer natural lan-
guage descriptions [15], beyond simple class names. Tra-
ditional RES datasets like RefCOCO contain annotations
for simple referring expressions (e.g., “the red car on the
left”). More recent work like ABO-Image-ARES [35] has
extended this to product imagery, including references to
object parts and attributes of the object parts (e.g., “frosted
glass”). However, these approaches still primarily handle
direct visual descriptions rather than general open-ended
questions about objects.

Visual Question Answering (VQA) systems aim to an-
swer Visual Questions (VQ) about images [2, 4, 12, 30].
Traditional VQA focuses on questions that can be answered
by direct observation of the image, such as counting objects

or describing visible attributes. While powerful, these sys-
tems typically don’t handle questions requiring inference
beyond what’s directly visible. Newer datasets like VQA
v2.0 [11], or OK-VQA [23], have expanded to include ques-
tions requiring external knowledge and more complex rea-
soning. VQA is typically done with a single image as input,
and datasets and works with multiple images as input re-
main underexplored [4].

The emergence of multimodal large language models
(MLLMs) like GPT-4V [24], GPT-4o [13], Claude 3.7 Son-
net [1], and Gemini 1.5 [32] has expanded VQA capabilities
to include more abstract reasoning and world knowledge.
These models often show strong answering capabilities, but
typically lack explicit visual grounding for their answers,
limiting transparency and verifiability. Recent work [31]
also shows that MLLMs struggle with abstract-oriented lan-
guage, due to concrete-expression-biased training datasets.

VQA grounding datasets like TextVQA-X [27] and
VizWiz-VQA-Grounding [8] combine VQA with Visual
Grounding capabilities. They include ground truth segmen-
tation indicating the answer to the questions. However,
these datasets still primarily focus on questions about di-
rectly visible elements (e.g., “What text is written here?”,
“What is this object?”, “What color is this object?”) rather
than general questions about objects (e.g., “How comfort-
able is this object?”). Figure 1 illustrates this difference.

2.2. Visual grounding models
Large Multimodal Models. Several large multimodal
models have been developed for visual grounding tasks. To
mention a few, UnifiedIO [21] converts heterogeneous in-
puts and outputs (images, text, bounding boxes, masks, key-
points) into unified token sequences. The vocabulary of the
LLM is expanded from only text tokens with 1000 coor-
dinates tokens, to allow input/output like bounding boxes,
and 16384 visual tokens, to allow outputs like generated
images, segmentation masks, depth maps, etc. UnifiedIO
is trained on 95 diverse datasets, including VizWiz-VQA-
Grounding [8]. LISA [19] combines VQA, segmentation,
and RES, and outputs special <SEG> tokens that are de-
coded into segmentation masks for segmentation and RES.
GLaMM [28] is trained to generate image captions, where
the captions are interleaved with segmentation masks (using
the special <SEG> token) of the phrases mentioned in the
caption. Interestingly, GLaMM is trained on unannotated
images, and annotation is obtained automatically by com-
bining outputs of several existing state of the art models.
Molmo [10] provides pointing capabilities that can be com-
bined with SAM [29] to obtain visual grounding [5, 7, 37].

Lightweight visual grounding models. Several ap-
proaches have explored efficient architectures for visual
grounding, often building upon pre-trained vision-language
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models like CLIP [26]. Works such as [16, 17, 38] or
CLIPSeg [22] have demonstrated that a lightweight trans-
former model (or simply self-attention / cross-attention
layer) on top of the image CLIP features can achieve rela-
tively competitive performance while maintaining computa-
tional efficiency. These lightweight models are relevant for
practical applications requiring deployment at scale, partic-
ularly in e-commerce stores with millions of products.

3. Problem statement
We focus on Visual Grounding for Object Questions
(VGOQ), where the input consists of an open-ended gen-
eral question q about an object, images (Ii)i=1,...,j of this
object, and optional textual information t. In the setting of
e-commerce stores, q could be an abstract customer ques-
tion about a product, (Ii)i=1,...,j represents available prod-
uct images, and t represents the product listing. The output
consists of segmentation masks (Vi)i=1,...,j highlighting vi-
sual evidence or relevant context that would support an an-
swer to the object question q:

q, t, (Ii)i=1,...,j → (Vi)i=1,...,j (1)

When a single image I is available, the problem reduces
to q, t, I → V , where V is a segmentation mask of visual
evidence in image I . This formulation enables evaluation
of existing multimodal models, which typically accept only
one image as input. It also makes VGOQ similar to existing
VQA grounding tasks, which follow the pattern q, I → V .

When multiple images (Ii)i=1,...,j are available for an
object, we may first select the most relevant image for an-
swering question q, then perform visual grounding only in
this selected image. We approach this by computing rel-
evance scores between the question q and each image Ii.
For questions like “how comfortable are these earbuds?”,
we prioritize images that show the relevant visual features
(e.g., ear tips, cushioning materials).

4. Automated data generation for Visual
Grounding of Object Questions

One main challenge of this new task is the lack of exist-
ing datasets for developing, training, and evaluating VGOQ
models. We address this by designing two complementary
automated data generation pipelines that create training data
with different characteristics and coverage. VizWiz-VGOQ
offers diverse real-world scenarios, while ABO-VGOQ pro-
vides structured e-commerce data with multiple images and
rich metadata per product.

4.1. VizWiz-VGOQ: Rewriting Visual Questions
into Object Questions

Data generation. Our first method transforms existing
Visual Question grounding data to create VGOQ samples.

Figure 3. Wordcloud of the words in the questions in the VizWiz-
VQA-Grounding dataset [8] (visual questions, left) and in our new
VizWiz-VGOQ dataset (general object questions, right). Larger
font indicates more frequent words. Blue indicates more concrete
words, while red indicates more abstract words [31].

(1) (2) (3) (4) Evidential quality category Train Validation
✗ - - - Cannot identify 25 4
✓ ✗ - - Not valuable 111 14
✓ ✓ ✗ - Related, no visual evidence 2212 390
✓ ✓ ✓ ✗ Non-specific visual evidence 2700 411
✓ ✓ ✓ ✓ Specific visual evidence 1446 312
✓ ✓ - - Total (related to question) 6356 1113
- - - - Total (all) 6494 1131

Table 1. Evidential quality classification logic (left) and num-
ber of samples in each category for the VizWiz-VGOQ train-
ing and validation sets (right). We ask Claude [1] the follow-
ing 4 yes-no questions: (1) Can we identify which elements of
the image are highlighted? (2) Do highlighted areas relate to the
question? (3) Does the highlighting provide clear visual evidence
for answering the question? (4) Does the highlighting focus on
specific elements of the image? Based on these evaluations, we
classify samples into categories from not valuable to specific vi-
sual evidence.

We use Claude [1] to rewrite visual questions from the
VizWiz-VQA-Grounding dataset [8, 12] into general ques-
tions about objects, such that the existing segmentation
masks contain useful evidence for answering the general
question rather than being the direct answer. Figures 1 and 3
show this transformation from visual question answers to
more natural object questions.

Evidential quality of the segmentation. We use
Claude [1] to automatically categorize the segmentation
based on its evidential relationship to the corresponding
newly generated question. This allows us to evaluate
visual grounding models on the different evidential quality
categories. We classify samples into categories from not
valuable to specific visual evidence according to Table 1.

4.2. ABO-VGOQ, and zero-shot pipeline for vi-
sual grounding of abstract customer queries
in product imagery

Our second approach, which we illustrate in Figure 4, gen-
erates realistic customer questions and corresponding visual
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Is this chair comfortable for 
extended sitting?

Most 
relevant 

image for
“How thick 
are the seat 

and back 
cushions?”

the seat cushion in 
the center of the chair

the vertical measurement 
line showing seat height on 
the right side of the image

the seat height 
measurement text

1

2
3

4

5
6- What type of 

cushioning is used in 
the seat and back?
- How thick are the 
seat and back 
cushions?
- Does the chair have 
any ergonomic features 
or lumbar support?

Figure 4. Overview of our zero-shot pipeline for ABO-VGOQ
generation. Our six-step pipeline: (1) Generate initial questions
using Claude [1], (2) Rewrite the initial question into concrete
or abstract questions, for diversity, (3) Generate a draft answer
and identify the most relevant image for grounding the answer,
(4) Identify concrete visual elements of the image to ground the
answer, (5) Combine Claude with Molmo 7B-D [10] (pointing),
Florence-2 [36] (OCR), and SAM-2 [29] (points to segmentation
map), for visual grounding of these concrete visual elements, (6)
Combine outputs into final segmentation masks, highlighting vi-
sual context or evidence to accompany the answer.

(1) (2) (3) (4) Evidential quality category Train Val. Test
✗ - - - Cannot identify 36 5 3
✓ ✗ - - Not valuable 100 19 13
✓ ✓ ✗ - Related, no visual evidence 1848 362 208
✓ ✓ ✓ ✗ Non-specific visual evidence 1015 201 113
✓ ✓ ✓ ✓ Specific visual evidence 2205 434 203

Table 2. Evidential quality classification logic (left) and num-
ber of samples in each category for the ABO-VGOQ training,
validation, and test sets (right). See description in Table 1.

Split Products Questions
Visual

Grounded
Questions

Related to
question

(Claude/Human)

Specific visual
evidence

(Claude/Human)
Training 1000 6873 5204 5068/. 2205/.

Val. 200 1337 1025 997/977 434/346
Test 100 700 540 524/526 203/169
Total 1300 8910 6769 6589/6571 2842/2720

Table 3. Statistics of our ABO-VGOQ generation.

grounding for e-commerce products from product meta-
data (listing) and catalog images provided in the Amazon-
Berkeley Objects dataset [9]. We sample 1300 products
(1000 train, 200 validation, 100 test) and develop a six-step
zero-shot pipeline, with human verification for the valida-
tion and test sets. Our pipeline generates 8910 object ques-
tions, creating 6769 visual groundings of object questions.
More detailed dataset statistics are shown in Table 3.

Step 1: Initial question generation. For each product,
we prompt Claude [1] to generate plausible customer ques-
tions, that might be asked at different stages of the shop-
ping journey: before seeing the product, after viewing the
product image, and after seeing both the image and product
title. We also suggest various question categories (Table 1
in [18]). These approaches aim to simulate a range of cus-
tomer information-seeking behaviors.

Step 2: Rewrite the initial question into abstract and

concrete questions. We then employ Claude to rewrite
the initial question into an abstract and one to three con-
crete questions. Abstract questions capture high-level cus-
tomer concerns (e.g., “Is it comfortable?”, “How easy is it
for...?”), while concrete questions focus on more specific
product features.

Step 3: Relevance assessment, draft answer, and se-
lection of most relevant image for grounding. For each
question (both abstract and concrete versions), Claude com-
putes relevance scores (0-1) for each product metadata field
and image, identifying which elements are most pertinent
to answering the customer’s query. See examples of rele-
vance scores for the images in Figure 8 of the supplemen-
tary material. Simultaneously, Claude generates a draft an-
swer based on the most relevant product information and
selects the most appropriate image for visual grounding.

Step 4: From question-answer to concrete visual ele-
ments of the image. For the selected most relevant image,
Claude determines if the answer should be grounded and
generates detailed descriptions of concrete visual elements
where it should be grounded. These descriptions specify
whether to target bounded areas of the image, points, lines,
text regions, the whole image, etc, providing guidance for
the subsequent grounding step.

Step 5: Visual grounding of the concrete visual ele-
ments. We combine multiple models to ground each con-
crete visual element: Molmo 7B-D [10] for pointing to rele-
vant locations (e.g., multiple points in an area of the image,
extremities of lines, etc), Florence-2 [36] for optical char-
acter recognition of text regions, and SAM-2 [29] for con-
verting points into segmentation masks. This multi-model
approach handles diverse grounding requirements, covering
many cases often encountered in product imagery where ex-
isting visual grounding models fail, e.g., lines and text.

Step 6: Final processing, evidential quality assess-
ment. We combine individual segmentations (one segmen-
tation mask per concrete visual element) into a single final
segmentation mask per customer question. We first apply
evidential quality assessment with Claude (Table 2), as for
VizWiz-VGOQ, and additional human validation for vali-
dation and test sets. We obtain human annotations through
Amazon SageMaker GroundTruth. Each sample is anno-
tated by 4 expert annotators who review Claude’s assess-
ments and provide corrections. We provided the annotation
task batch by batch (1558 samples in total, times 4 anno-
tators) to the 4 annotators over a span of 2 weeks. We re-
viewed the annotations, and regularly provided feedback on
the samples where we disagreed through shared documents
and online meetings. We use a consensus mechanism: if
at least 3 annotators agree with Claude, we keep Claude’s
annotation; if at least 2 disagree, we flip the annotation; oth-
erwise (when annotators select “Cannot determine”) we de-
fault to “No ✗”, e.g., for the second criterion: highlighting is
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not related to the question. For each of the 4 questions, the 4
annotators give the same answer between 79% (Highlights
specific elements?) and 97% (Can identify highlighted ele-
ments?) of samples, and they agree with Claude’s annota-
tion between 84% (Highlights specific elements?) and 98%
(Can identify highlighted elements? and Related to ques-
tion?) of samples.

4.3. Datasets limitations
Automated generation and evaluation subjectivity.
Both our datasets are automatically generated rather than
manually created, lacking the quality and precision of
human-created segmentation (for ABO-VGOQ) and natu-
rally occurring question distribution. Visual evidence as-
sessment is subjective, but that subjectivity is inherent to
the needs of real applications. For instance, it is unclear if
showing an image where the size is only conveyed relatively
to other visual elements is acceptable as visual evidence for
a question about the product size. We try to mitigate this
subjectivity by assessing evidential quality with Claude and
expert annotator consensus, but further work is needed to
categorize question types and define what counts as valid
evidence.

Data biases. For VizWiz-VGOQ, our backwards ap-
proach reuses segmentation masks originally designed for
direct visual answers, potentially misrepresenting opti-
mal visual evidence for general object questions. The
transformed question distribution may not reflect natu-
ral user queries, and single real-world photos differ from
e-commerce scenarios with multiple product images and
metadata. For ABO-VGOQ, our automated pipeline may
introduce biases from underlying models (Claude, Molmo,
SAM-2, Florence-2). The focus on product imagery also
limits generalization to other domains.

4.4. Skills required for VGOQ
Our VGOQ task requires several key capabilities, as il-
lustrated in Figures 1 and 2, including: Material recog-
nition: identifying materials from visual texture and ap-
pearance cues; Spatial Reasoning: understanding relative
proportions and dimensional relationships for size and fit
questions; Inference from visual context: connecting vis-
ible properties to functional characteristics (e.g., texture
of the shoe to water absorption / waterproof characteris-
tics); Multi-modal integration: combining textual infor-
mation from product listing and visual information from
images effectively; Infographics understanding: reading
text within images for specifications (e.g., product size an-
notations) and instructions (e.g., product label); Context
assessment: determining whether to highlight specific el-
ements or treat images as complete evidence, e.g., if an im-
age is already a closeup on a feature of interest.

5. Lightweight model for Visual Grounding of
Object Questions

While our zero-shot data generation pipeline effectively
creates visual grounding data, it involves multiple large
models (Claude [1], Molmo [10], Florence-2 [36], SAM-
2 [29]) and is computationally expensive for real-time de-
ployment. For practical e-commerce applications that need
to process millions of product queries efficiently, we train
a lightweight model that can perform visual grounding
directly without the multi-step pipeline overhead. The
input consists of a single image and either: a refer-
ring expression describing what to segment (e.g., RefCO-
CO/+/g [15], concrete visual elements from intermediate
output of our zero-shot pipeline), a general question about
objects in the image (e.g., data from our two data gener-
ation techniques), or a visual question (e.g., Toloka [33],
TextVQA-X [27], VizWiz-VQA-Grounding [8]), visual-
question-answer (e.g., TextVQA-X [27], VizWiz-VQA-
Grounding [8]), or a visual-question-visual-question-
answer pair (e.g., TextVQA-X [27], VizWiz-VQA-
Grounding [8]). The output is a segmentation mask high-
lighting the relevant visual evidence or context.

Architecture. Our lightweight grounding model is based
on CLIPSeg [22] and consists of three main components.
The vision encoder, a frozen CLIP [26] vision transformer,
extracts visual features at different layers, capturing low-
level details and high-level semantic information, necessary
for grounding abstract queries. The text encoder, frozen
from CLIP, processes the textual input (object questions,
visual questions, referring expression, etc.) and generates
contextual text embeddings. The grounding transformer
(1.77M trainable parameters) takes the visual features and
text embeddings as input, and outputs (1st head) a segmen-
tation heatmap (336×336) and (2nd head) a relevance score
(how relevant the image is for this question). See the sup-
plementary material, Section 9, for a diagram and more de-
tails about the architecture.

Training strategy. We train our lightweight model us-
ing a multi-task learning approach that combines sev-
eral visual grounding tasks. We train jointly on tradi-
tional RES datasets (RefCOCO/+/g [15]), VQA grounding
datasets (VizWiz-VQA-Grounding [8], TextVQA-X [27]),
and our two new VGOQ datasets (VizWiz-VGOQ and
ABO-VGOQ). We use Dice and binary cross-entropy losses
for training. Our training data includes:
• VizWiz-VGOQ: 6,356 triplets of image, general question,

and corresponding segmentation.
• ABO-VGOQ: 5,068 triplets of image, general question,

and corresponding segmentation. This also includes
10,713 triplets of image, description of a concrete image
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element, and corresponding segmentation (intermediate
output from our zero-shot data generation pipeline).

• VizWiz-VQA-Grounding: 6,494 triplets of image, visual
question and answer, and corresponding segmentation.

• TextVQA-X: 14,476 triplets of image, visual question
and answer, and corresponding segmentation.

• RefCOCO/+/g: 120,624 + 120,191 + 80,512 triplets of
image, referring expression, and corresponding segmen-
tation.
The model is trained for 10,000 steps with a batch size

of 8 and learning rate of 0.001, corresponding to just under
one epoch over the largest dataset (RefCOCO) and multiple
epochs for smaller datasets. For VizWiz-VGOQ and ABO-
VGOQ, we use all samples categorized as ‘related to the
question’ for this training. We use different FiLM [25] con-
ditioning for each task type: referring expressions, concrete
visual elements, visual questions, visual question answers,
visual question-answer pairs, and general object questions.
This unified training enables the model to handle diverse
grounding scenarios within a single architecture. Finetun-
ing only on samples categorized as ‘specific visual evi-
dence’ can further improve performance for specific visual
evidence visual grounding task (+1.7 to +7.4 percentage
points of gIoU, see Table 5 of the supplementary material).

6. Results

For evaluation, we use the evaluation sets of our synthetic
datasets (ABO-VGOQ, VizWiz-VGOQ), as well as existing
visual grounding datasets (VizWiz-VQA-Grounding [8],
TextVQA-X [27], and Toloka [33]). Our evaluation cov-
ers Visual Grounding for Object Questions (VGOQ) with
single image input (image + object question → segmenta-
tion), VQA grounding (image + visual question + answer →
segmentation), and VQ grounding (image + visual question
→ segmentation). We evaluate our lightweight model, prior
visual grounding models, namely GLaMM [28] (FullScope
and RefSeg variants), UnifiedIO [21] (Small, Base, Large,
XL variants), and OFA [34], as well as a contemporary /
concurrent work of ours, Qwen3-VL [3]. Since these mod-
els are vision-language LLMs, we follow the original im-
plementations to prompt these models for visual grounding
(details in supplementary material, Section 10).

Qualitative results. Qualitative results on ABO-VGOQ
validation set are shown in Figure 5. Our lightweight model
(LW) produces more accurate visual grounding compared
to other models. Still, there remains a gap between our
lightweight model’s output and the ground truth generated
by our zero-shot pipeline, indicating room for further im-
provement in training strategies, architectural design, and
potentially dataset size. See also Figure 7 in supplementary
material.

Most
relevant
image

Question GT [Ours]
GLaMM-
FullScope

GLaMM-
RefSeg

UnifiedIO-
Small

UnifiedIO-
XL

LW [Ours]

Are the Velcro straps
easy for small children
to open and close by
themselves?
What percentage of real
ginger is in this product?
What type of bread is
this? White, whole
wheat, or something
else?
Does this teal/aqua color
match the photos accu-
rately?

Is the headboard at-
tached or can it be re-
moved?

How much noise reduc-
tion do these earmuffs
provide?

What is the seat back
height measurement?

Figure 5. Qualitative evaluation on ABO-VGOQ. We compare
visual grounding results across diverse product questions requir-
ing different reasoning skills: functionality assessment (Velcro
straps), ingredient analysis (ginger content), material identifica-
tion (bread type), color matching, structural features (headboard
attachment), performance specifications (noise reduction), and di-
mensional measurements. Our lightweight model (LW) produces
more accurate and focused grounding compared to existing meth-
ods, though a gap remains with our zero-shot pipeline ground truth
(GT). Existing methods often highlight irrelevant regions or fail to
identify specific visual evidence needed to answer the questions.
See also Figure 2 for more context on these 7 samples.

Quantitative results. In Table 4, we report gIoU ± stan-
dard error where an Intersection over Union (IoU) score is
computed for each sample, and the IoU scores are averaged.
For reference of quantitative metrics, we also report results
of a simple baseline that directly segment the whole image
uniformly. We also report (in parentheses) the ratio of the
gIoU of the method with the gIoU of this reference.

Discussion. We notice a performance drop from tradi-
tional VQ/VQA grounding to VGOQ. For instance, on the
312 samples categorized as “Specific visual evidence” in
our ABO-VGOQ validation set, the performance of SoTA
models drops from 52.2% gIoU when the input is a Visual
Question, to 37.2% gIoU when the input is an Object Ques-
tion. This drop highlights the novelty and difficulty of our
proposed problem, and demonstrates that existing models
struggle to identify visual evidence rather than direct an-
swers. Our lightweight model achieves competitive or su-
perior performance compared to much larger models, de-
spite being much smaller (1.77M parameters), much faster,
and trained for only 10,000 steps. The results also sug-
gest that models do not generalize well to data and tasks
that differ from their training data, emphasizing the impor-
tance of our work in filling these data/tasks gaps. Surpris-
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task: — VQA grounding — ————————- VQ grounding ————————- —————– Visual Grounding for Object Questions (VGOQ) —————–
————————————- Visible answer to the question ————————————- —— Specific visual evidence (SVE) —— — Context related to the question (RTQ) —

data: TextVQA-X VizWiz-VQA-
Ground.

Toloka TextVQA-X VizWiz-VQA-
Ground.

VizWiz-VQA-
Ground.

VizWiz-
VGOQ

ABO-VGOQ VizWiz-
VGOQ

ABO-VGOQ

val val test-public val val val val-SVE val-SVE test-SVE val-RTQ val-RTQ test-RTQ
Model Params. (n = 3620) (n = 1131) (n = 1705) (n = 3620) (n = 1131) (n = 312) (n = 312) (n = 346) (n = 169) (n = 1113) (n = 977) (n = 526)

Uniform 0 3.2± 0.1 33.4± 1.0 4.3± 0.2 3.2± 0.1 33.4± 1.0 15.6± 1.1 15.6± 1.1 12.9± 0.9 15.1± 1.4 33.4± 1.0 30.5± 1.0 34.4± 1.4

Qwen3-VL-8B-Instruct [3] 8B 41.1± 0.5
(×12.9)

59.5± 0.9
(×1.8)

71.4± 0.8
(×16.6)

38.5± 0.5
(×12.0)

57.4± 0.9
(×1.7)

47.0± 1.7
(×3.0)

36.0± 1.7
(×2.3)

30.3± 1.4
(×2.4)

30.3± 2.2
(×2.0)

49.4± 1.0
(×1.5)

43.9± 1.0
(×1.4)

44.8± 1.5
(×1.3)

Qwen3-VL-4B-Instruct [3] 4B 38.6± 0.5
(×12.1)

59.0± 0.9
(×1.8)

69.7± 0.8
(×16.3)

36.9± 0.5
(×11.5)

57.2± 0.9
(×1.7)

47.8± 1.7
(×3.1)

36.9± 1.7
(×2.4)

27.5± 1.5
(×2.1)

32.7± 2.3
(×2.2)

48.9± 1.0
(×1.5)

41.4± 1.1
(×1.4)

45.4± 1.5
(×1.3)

Qwen3-VL-2B-Instruct [3] 2B 36.2± 0.5
(×11.3)

55.4± 0.9
(×1.7)

64.4± 0.8
(×15.0)

32.7± 0.5
(×10.2)

53.3± 1.0
(×1.6)

39.8± 1.7
(×2.5)

34.9± 1.7
(×2.2)

25.8± 1.3
(×2.0)

26.6± 2.1
(×1.8)

49.4± 1.0
(×1.5)

42.5± 1.0
(×1.4)

43.8± 1.4
(×1.3)

GLaMM-FullScope [28] 7B 8.5± 0.2
(×2.7)

55.4± 1.2
(×1.7)

24.0± 0.7
(×5.6)

10.9± 0.3
(×3.4)

48.9± 1.1
(×1.5)

30.2± 1.8
(×1.9)

28.1± 1.7
(×1.8)

20.2± 1.5
(×1.6)

22.3± 2.1
(×1.5)

50.3± 1.2
(×1.5)

44.8± 1.2
(×1.5)

47.0± 1.6
(×1.4)

GLaMM-RefSeg [28] 7B 9.2± 0.2
(×2.9)

51.1± 1.1
(×1.5)

15.5± 0.6
(×3.6)

9.6± 0.2
(×3.0)

45.2± 1.1
(×1.4)

29.6± 1.7
(×1.9)

26.0± 1.7
(×1.7)

19.4± 1.5
(×1.5)

20.0± 2.0
(×1.3)

39.0± 1.1
(×1.2)

37.9± 1.1
(×1.2)

37.8± 1.5
(×1.1)

UnifiedIO-XL [21] 3B 5.7± 0.2
(×1.8)

65.0± 1.1
(×1.9)

3.7± 0.3
(×0.9)

7.1± 0.3
(×2.3)

68.1± 1.0
(×2.0)

52.2± 1.9
(×3.3)

37.2± 1.8
(×2.4)

12.4± 0.9
(×1.0)

12.3± 1.4
(×0.8)

57.4± 1.1
(×1.7)

30.2± 1.0
(×1.0)

32.7± 1.4
(×1.0)

UnifiedIO-Large [21] 776M 8.7± 0.3
(×2.7)

54.2± 1.1
(×1.6)

5.3± 0.4
(×1.2)

8.6± 0.3
(×2.7)

62.5± 1.1
(×1.9)

47.1± 1.9
(×3.0)

34.5± 1.8
(×2.2)

13.5± 1.1
(×1.1)

15.6± 1.7
(×1.0)

53.0± 1.2
(×1.6)

34.8± 1.1
(×1.1)

38.0± 1.5
(×1.1)

UnifiedIO-Base [21] 241M 5.9± 0.2
(×1.8)

51.0± 1.1
(×1.5)

4.2± 0.3
(×1.0)

7.1± 0.3
(×2.2)

58.0± 1.1
(×1.7)

38.0± 1.8
(×2.4)

29.7± 1.6
(×1.9)

13.6± 1.1
(×1.1)

12.9± 1.4
(×0.9)

47.5± 1.1
(×1.4)

33.1± 1.1
(×1.1)

34.8± 1.5
(×1.0)

UnifiedIO-Small [21] 71M 5.7± 0.2
(×1.8)

41.0± 1.1
(×1.2)

4.4± 0.4
(×1.0)

4.9± 0.2
(×1.6)

48.2± 1.1
(×1.4)

29.2± 1.7
(×1.9)

22.6± 1.4
(×1.4)

13.6± 1.1
(×1.1)

12.3± 1.4
(×0.8)

39.0± 1.1
(×1.2)

30.9± 1.1
(×1.0)

31.6± 1.5
(×0.9)

OFA-Huge [34] 930M 3.6± 0.2
(×1.1)

30.1± 1.0
(×0.9)

4.4± 0.2
(×1.0)

3.3± 0.2
(×1.0)

30.6± 1.0
(×0.9)

13.6± 1.1
(×0.9)

14.3± 1.1
(×0.9)

11.9± 0.9
(×0.9)

13.4± 1.4
(×0.9)

30.3± 1.0
(×0.9)

25.4± 1.0
(×0.8)

28.8± 1.4
(×0.8)

OFA-Large [34] 470M 17.5± 0.4
(×5.5)

32.8± 1.0
(×1.0)

17.9± 0.7
(×4.2)

14.6± 0.4
(×4.6)

27.2± 1.0
(×0.8)

17.0± 1.4
(×1.1)

16.5± 1.4
(×1.1)

17.9± 1.1
(×1.4)

16.5± 1.6
(×1.1)

31.8± 1.0
(×1.0)

27.0± 0.9
(×0.9)

28.9± 1.3
(×0.8)

OFA-Base [34] 180M 10.5± 0.4
(×3.3)

35.9± 1.1
(×1.1)

20.1± 0.8
(×4.7)

10.2± 0.3
(×3.2)

35.0± 1.0
(×1.0)

21.3± 1.5
(×1.4)

19.9± 1.5
(×1.3)

15.5± 1.1
(×1.2)

16.1± 1.6
(×1.1)

35.4± 1.1
(×1.1)

33.3± 1.0
(×1.1)

35.2± 1.4
(×1.0)

OFA-Medium [34] 93M 8.2± 0.3
(×2.6)

34.2± 1.0
(×1.0)

13.3± 0.6
(×3.1)

8.5± 0.3
(×2.7)

32.9± 1.0
(×1.0)

16.8± 1.3
(×1.1)

15.1± 1.2
(×1.0)

15.4± 1.0
(×1.2)

15.0± 1.5
(×1.0)

33.2± 1.0
(×1.0)

33.2± 1.0
(×1.1)

34.9± 1.4
(×1.0)

OFA-Tiny [34] 33M 4.0± 0.2
(×1.3)

34.8± 1.0
(×1.0)

4.8± 0.2
(×1.1)

4.1± 0.2
(×1.3)

34.1± 1.0
(×1.0)

16.4± 1.1
(×1.0)

16.2± 1.1
(×1.0)

14.2± 0.9
(×1.1)

15.6± 1.4
(×1.0)

34.7± 1.0
(×1.0)

34.8± 1.0
(×1.1)

36.9± 1.4
(×1.1)

Our LW 1.77M 38.6± 0.5
(×12.2)

68.7± 1.0
(×2.1)

12.6± 0.5
(×2.9)

34.9± 0.5
(×11.0)

67.2± 1.0
(×2.0)

51.5± 1.8
(×3.3)

47.0± 1.8
(×3.0)

39.5± 1.5
(×3.1)

32.5± 1.9
(×2.1)

64.1± 1.0
(×1.9)

56.0± 1.0
(×1.8)

56.1± 1.5
(×1.6)

Table 4. Evaluation (gIoU ± standard error, higher is better) on VQA grounding, VQ grounding, and VGOQ benchmarks. Our lightweight
model (1.77M parameters) outperforms most others on the VGOQ tasks. The performance gap demonstrates that prior visual grounding
models (GLaMM, UnifiedIO, OFA) struggle with identifying specific visual evidence or related context for general object questions,
validating the need for specialized approaches like ours.

ingly, our model also outperforms all UnifiedIO variants but
UnifiedIO-XL on VizWiz VQ and VQA grounding, even
though UnifiedIO was trained on this data, demonstrating
the effectiveness of our training approach.

7. Application of our work

VGOQ has direct practical applications in e-commerce
stores.
Enhanced shopping assistants: Modern AI shopping as-
sistants lack visual grounding capabilities—they cannot
show customers which aspects of product images support
their answers.
Automatic infographics generation: VGOQ can be used
to identify when product images lack visual information
needed to answer common customer questions, and create
additional infographics imagery, e.g., using information ex-
tracted from product listing.
Vendor Feedback Systems: VGOQ can be used to alert
sellers when their image sets fail to address frequent cus-
tomer queries, enabling them to improve their product pre-
sentations.
Beyond e-commerce, VGOQ has a lot of other practical im-
plications. To mention a few, “Does this ad convey the de-
sired product features?” (for marketing), “Does this compo-
nent show wear?” (highlighting defect regions), “Does this
item look fresh?” (highlighting spoiled area), “Does this car
appear well-maintained?” (highlighting poorly maintained
area), etc.

8. Conclusion

We introduced Visual Grounding for Object Questions
(VGOQ), a task that extends visual grounding to handle
general object questions. While traditional visual ground-
ing focuses on locating directly visible answers, VGOQ re-
quires identifying visual evidence or context that supports
answering general questions about objects. Our approach
includes two automated data generation pipelines that en-
able training and evaluating models for this task. We devel-
oped a lightweight grounding model that, despite its small
size, shows promising results on our benchmarks, though
significant challenges remain. The performance gap with
prior models on VGOQ tasks (e.g., on ABO-VGOQ ‘Spe-
cific Visual Evidence’: 32.5-39.5% for our model and 25.8-
32.7% for Qwen3-VL, vs 12.3%-22.3% gIoU for prior vi-
sual grounding models) suggests that prior visual grounding
models do not generalize well to tasks requiring identifica-
tion of visual evidence rather than direct answers.

Our work opens new directions for practical visual
grounding applications, particularly in e-commerce where
understanding abstract customer queries is crucial. Fu-
ture work should focus on developing more sophisticated
models that can better understand the relationship between
abstract concepts and visual evidence, and expanding the
approach to handle more complex multi-modal reasoning
scenarios. Categorizing question types and defining what
counts as valid evidence (including direct visual evidence
vs visual evidence with external knowledge) is also an im-
portant direction for future work.
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