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Abstract

We introduce SynGround, a novel approach to learn representations for visual ground-
ing using a combination of real data along with synthetic images, synthetic referring
expressions, and corresponding bounding boxes. We explore various strategies to best
generate additional image-text pairs and image-text-box triplets using pretrained models
under different settings and varying degrees of reliance on real data. Through compar-
ative analyses with synthetic, real, and web-crawled data, we identify factors that con-
tribute to performance differences. We find that SynGround can improve the localization
capabilities of a vision-and-language model and offers the potential for arbitrarily large
scale data generation. Particularly, data generated with SynGround improves the pointing
game accuracy of a pretrained ALBEF model by 4.81% and improves BLIP by 17.11%
absolute percentage points on average across RefCOCO+ and Flickr30k benchmarks.

1 Introduction
Vision-and-language models (VLMs) pretrained on image-text pairs have become exceed-
ingly accurate across various tasks [5, 31, 38, 41, 42, 45, 47, 53, 58]. Leveraging web-
sourced datasets, these models showcase a strong ability to comprehend and process an ex-
tensive vocabulary of objects and scenes. Our work focuses on the task of visual grounding
–also known as referring expression comprehension– which consists of mapping arbitrary
input text to image regions. To solve this task, recent methods finetune vision-and-language
models pretrained on web-scale image-text pairs using a large but more modest number of
images annotated with bounding boxes or other region annotations or directly use pretrained
object detectors [9, 11, 20, 25, 32, 33, 42, 85, 87]. The resulting VLMs can then be used to
perform visual grounding over an arbitrary vocabulary of objects.
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Collecting annotations for tasks that require localizing objects is considerably more ex-
pensive than for other tasks. Region annotations in the form of bounding boxes or segments
can not be easily obtained from the web in the same way that image-text pairs can be found,
and require more cognitive effort to annotate manually than providing a single label. For
instance, curating the widely used Visual Genome [36] dataset involved contributions from
33,000 unique workers over 6 months, following 15 months of experimentation and refine-
ment of the data representation. Manual labeling restricts the scale of such region-annotated
data compared to image-text datasets [69]. Recent work has championed the use of synthetic
data, also referred to as learning from models, even for tasks that require only image-text pair
supervision [74]. Our work takes this paradigm one step further by investigating whether
synthetic data obtained from models is ready to make improvements for visual grounding.

This paper leverages recent advancements in text-to-image generation [52, 61, 67], large
language modeling [12, 76] and models for other vision-and-language tasks [40, 42, 44] to
design an effective pipeline to supervise vision-and-language models for visual grounding.
We refer to this pipeline as SynGround and present a systematic analysis to justify each
stage of our data generation process. While there have been several attempts to train visual
recognition models with synthetic data by using automatically generated image-text pairs [4,
21, 27, 68, 74, 75], our work is the first to use generative models to synthesize grounded
image data. Moreover, we assess the efficacy of synthetic data by comparing performance
with the use of real and web-crawled data, identifying specific limiting factors. We also
investigate whether synthetic data can augment real data and examine its scalability.

Our findings and contributions are summarized as follows: (1) For a text-to-image gen-
erative model, detailed prompts obtained from image captioners yield the most effective
synthetic image-text pairs for visual grounding, surpassing those generated from concate-
nated region descriptions or LLM-generated text. (2) To obtain synthetic image-text-boxes,
both layout-conditioned generative models and object detectors using synthetic image-text
pairs show promise. However, layout-conditioned models are more limited. (3) We use our
findings to propose SynGround, an effective pipeline to synthesize image-text-boxes for vi-
sual grounding. This method leverages exhaustive image descriptions for image synthesis,
an LLM for text synthesis from phrase extraction, and an open-vocabulary object detector
for bounding box generation. (4) Our results show that the use of our generated synthetic
data outperforms using web-crawled data (see supp.). Additionally, our synthetic data can
augment real data (Sec. 3.3) and shows an upward trend in terms of scalability (Sec. 4).

2 Related Work
Visual Grounding. Visual grounding generally refers to tasks that require associating text
descriptions with relevant regions within images. Supervised methods are typically trained
with images associated with text descriptions and corresponding box or region annotations [16,
17, 20, 33, 87], or integrate pretrained object detectors [26, 59] to identify the most relevant
regions with respect to input text descriptions that refer to objects or regions [9, 14, 23, 25,
46, 80]. While weakly-supervised methods bypass the need for bounding boxes [3, 28, 71,
72], they rely on datasets such as Visual Genome [36], which provides multiple phrases de-
scribing various regions in each image. However, the process of manually annotating dense
text descriptions and their corresponding boxes is labor intensive. Although some studies
collect more data [83] or generate annotations for existing image-text datasets [56, 82, 89],
our contribution is orthogonal as we aim to investigate the feasibility and limitations of gen-
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erating and using synthetic data. Related to grounding methods incorporating tuning of
visual explanations [28, 38, 84, 87], we explore visual grounding in a more general context,
aiming to localize phrases using gradient-based model explanations (i.e. GradCAM [70])
rather than generating boxes [42]. Compared to boxes, explanation maps provide a more
flexible representation that can be used to point to multiple objects or background regions.
A recent grounding method in this category is AMC [87], which proposed an attention mask
consistency objective to optimize the gradient-based explanations of ALBEF [38] to improve
localization performance. We adopt ALBEF as one of our main base models and tune it with
attention mask consistency on image-text-boxes as a testbed for our generated data.
Learning from Synthetic Data. The use of synthetic data has been widely explored across
various computer vision tasks, including image classification [22, 50, 55], semantic seg-
mentation [10, 60, 62], object detection [54, 65], human pose estimation [35, 78], action
recognition [79], and many other domains [1, 13, 29, 37, 48, 49, 51, 63, 64, 77, 86, 88].
In contrast to works that generate synthetic data using 3D-rendering [24, 91] or physically
realistic engines [6, 7, 15, 19, 22], our approach aligns more closely with research adopting
diffusion models. He et al. [27] use GLIDE [52] for generating synthetic images to improve a
pretrained CLIP model [58] in zero-shot and few-shot classification, while its performance is
adversely affected when trained from scratch on synthetic data. Azizi et al. [4] fine-tune Im-
agen [67] on ImageNet [66] and subsequently leverage its synthetic data to augment the real
ImageNet training set, resulting in initial improvement followed by degradation upon scal-
ing up. Fan et al. [21] investigate the scaling laws of synthetic images and identify related
factors. StableRep [75] proposes a self-supervised method with a multi-positive contrastive
loss that learns representations from synthetic images generated for captions in large-scale
datasets [8, 18], thereby boosting linear probing image classification performance. Syn-
CLR [74] uses LLM-generated synthetic captions. Our research not only generates image-
text pairs but also provides corresponding synthetic boxes, facilitating a comprehensive ex-
ploration of the efficacy of synthetic image-text-box triplets in visual grounding.

3 Methodology
We investigate effective strategies to generate image-text-boxes ⟨I,T,B⟩ to improve the vi-
sual grounding ability of VLMs. We assume our base VLM comprises a text encoder φt , a
visual encoder φv, and a multimodal fusion encoder φ f . We first introduce the objectives for
tuning a base model on image-text pairs ⟨I,T ⟩ and image-text-box triplets ⟨I,T,B⟩. Sec. 3.1
explores various image-text synthesis strategies with an image generator Ψg, while Sec. 3.2
delves into multiple approaches for box synthesis. In the following sections, we conduct ex-
tensive experiments and analyses with our proposed image-text-box synthesis, SynGround,
which integrates an image caption generator Ψc, a text-to-image generator Ψg, a large lan-
guage model Ψt , and an object detector Ψd . Sec. 3.3 shows evaluation of SynGround when
combined with Real Data.
Preliminaries and Setup. We adopt ALBEF [38] as our base model to explain our method-
ology, as it serves as the main backbone for the state-of-the-art fully-supervised and weakly-
supervised visual grounding models [28, 87] on benchmarks such as Flickr30k and Ref-
COCO+. However, we later also adapt and validate the effectiveness of SynGround using
multiple VLMs including some that output boxes instead of heatmaps (Sec. 4 and supp.).
Image-Text Matching. Image-text matching objectives include a standard image-text match-
ing loss (Litm), an image-text contrastive loss (Litc), and a masking language modeling loss
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Concatenation

Image2Text

Text2Text

a small girl wearing orange, a little girl holding a teddy 

bear, little girl in a red dress, a person, a hand person, 

a small girl, a black and white teddy bear, a floor, a blue 

carpet floor, a blue carpet, some presents, a room, 

orange toys, a girl, a teddy bear

LLM

a small girl holding a teddy 

bear, a little girl in a red 

dress, a person, a hand 

person, a small girl

a small girl wearing orange, a little girl holding a teddy bear, little girl in a red dress, a person, a hand person, a small girl, a 

black and white teddy bear, a floor, a blue carpet floor, a blue carpet, some presents, a room, orange toys, a girl, a teddy bear

Im
a

g
e

 G
e

n
e

ra
tio

n
 M

o
d

e
l

Image Captioning 

Model

A young girl is sitting on the floor and holding a black and 

white teddy bear. She appears to be playing with toys as 

she holds the stuffed bear. The room has several chairs of 

various sizes, a couch in the background, and a potted plant 

placed near the girl. There are also multiple presents 

scattered around the area, adding to the festive atmosphere.

I

I

I

IR

TR

TR

Figure 1: Various approaches for obtaining text descriptions to use as input prompts for an
image generator, resulting in image-text pairs. 1) Concatenation: Descriptions are gen-
erated by concatenating real text, 2) Text2Text: LLM summary on real text, and 3) Im-
age2Text: Descriptions are produced from an image captioner.

(Lmlm). The image-text matching loss Litm evaluates the compatibility between an image-
text pair ⟨I,T ⟩ by tuning the output of a [CLS] token using a cross-entropy loss. The image-
text contrastive loss Litc aligns visual and textual representations using contrastive learning
by sampling a set of negative image-text pairs and using a temperature scaling parameter to
normalize the scores. The masking language modeling loss Lmlm uses both visual inputs and
textual context to predict masked tokens from the input text. The overall objective to tune
the base model on image-text pairs is Lvl = Litm +Litc +Lmlm.

Image-Text-Box Matching. We adopt an attention mask consistency objective Lamc to add
box supervision on top of the ALBEF model [87]. It uses gradient-based explanation heatmaps
G through GradCAM [70], and maximizes the consistency between this map and region an-
notations. This objective considers two terms. Lmax encourages the maximum value of G
inside a target box B to surpass the maximum value outside by a margin δ1.

Lmax = E
(I,T,B)∼D

[
max(0, max

i, j
((1−Bi, j)Gi, j)−max

i, j
(Bi, jGi, j)+δ1)

]
,

where Bi, j is 1 when pixel location i, j is inside the box, and 0 otherwise. Lmean encourages
the heatmap G to have a higher mean inside the box than outside by a margin δ2.

Lmean = E
(I,T,B)∼D

[
max(0,

∑i, j (1−Bi, j)Gi, j

∑i, j(1−Bi, j)
−

∑i, j Bi, jGi, j

∑i, j(Bi, j)
+δ2)

]
.

The full Lamc objective is Lamc =Lmax+λ ·Lmean, where λ is a trade-off hyperparameter.
The base model is tuned with both Lvl and Lamc on image-text-box triplets.
Visual Grounding Evaluation. Following prior work that predicts heatmaps, our evaluation
uses pointing game accuracy, which measures the proportion of instances where the maximal
activation point within generated heatmaps correctly falls within the annotated ground-truth
box regions [2, 14, 20, 25, 28, 38, 46, 87]. We conduct evaluation across multiple bench-
marks, including RefCOCO+ [90] and Flickr30k [57].
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Table 1: Comparisons of image-text synthesis strategies. We assess the effectiveness of
synthetic image-text pairs from text concatenation, Text2Text, and Image2Text pipelines, by
evaluating the performance improvements over an ALBEF model. For reference we also
include the performance that would be obtained by finetuning ALBEF on real image-text
pairs from Visual Genome (VG).

Category Row Image Text ⟨I,T ⟩ RefCOCO+ Flickr30k ∆avg
Test A Test B

ALBEF 1 - - – 69.35 53.77 79.38 -
ALBEF + VG 2 VG VG 1,649,546 71.41 54.06 79.90 +0.96

Concatenation 3 Syn-C VG 1,649,546 67.57 53.14 76.99 -1.60

Text2Text 4 Syn-V VG 1,649,546 67.41 52.14 77.80 -1.72
5 Syn-V LLMC 530,233 70.28 52.08 78.97 -0.39

Image2Text

6 Syn-B VG 1,649,546 56.88 48.48 73.93 -7.74
7 Syn-B BLIP-2C 267,199 68.15 51.50 78.30 -1.52
8 Syn-L VG 1,649,546 65.35 50.28 76.85 -3.34
9 Syn-L LLaVAP 384,455 70.22 52.30 78.34 -0.55

10 Syn-L LLaVAC 716,198 69.94 53.26 78.83 -0.16
11 Syn-L LLaVAL 680,093 69.84 53.61 79.44 +0.13
12 Syn-L LLaVAS 1,031,521 70.31 52.55 80.73 +0.36

3.1 Generating Synthetic Image-Text Pairs
To generate image-text-box triplets for visual grounding, we first explore synthesizing effec-
tive image-text pairs for visual grounding. As shown in Fig. 1, we investigate three alterna-
tives for conditioning a text-to-image generation model Ψg [61]. (1) Concatenation: Merg-
ing all captions of a real image I as a prompt for Ψg. (2) Text2Text: Using an LLM Ψt [12]
to create a cohesive prompt given a set of text descriptions. (3) Image2Text: Employing an
image captioning model Ψc to generate new captions for real images IR as prompts for Ψg.

Table 1 presents a comparisons for each of these strategies under our base ALBEF model
when tuned with only image-text objectives Lvl. Although image-text matching objectives
are not designed specifically for visual grounding, well-aligned region phrases from Visual
Genome (VG) can improve visual grounding performance by 0.96% on average (Row 2).
The Concatenation strategy (Syn-C) degrades the average performance by 1.60%, indicating
that the text-to-image generation model Ψg is ineffective with long yet potentially redundant
prompts. For Text2Text, the ALBEF model was trained with generated synthetic images from
summaries generated with an LLM (Syn-V). For the text, we try two strategies, 1) Pairing the
generated images with captions from the VG dataset, or using the LLM output summaries
split with commas (LLMC). Rows 4 and 5 show that this approach is also ineffective. For
the Image2Text strategy, we experiment with two distinct styles of image captioning models:
BLIP-2 [40] that yields condensed phrases, and LLaVA [44] that produces detailed para-
graphs. Image generation with prompts obtained with BLIP-2 (Syn-B) and LLaVA (Syn-L)
lead to images with insufficient alignment with VG captions to improve performance (Rows
6 and 8). Notably, an opposite influence is observed when Syn-B and Syn-L are paired with
phrases extracted from their own prompts (Rows 7 and 9). BLIP-2 captions, usually short
and object-centric (e.g., “a dog, a cat"), are split into phrases by commas, showing improved
performance over Syn-B and VG captions, possibly due to better cross-modal alignment,
but still below the baseline. We find that LLaVA-synthesized images (Syn-L) paired with
phrases extracted from LLaVA captions can enhance grounding performance (Table 1, Rows
11 and 12). This indicates that detailed prompts suit the text-to-image synthesis model
better. We compare four ways to partition the LLaVA captions into phrases: LLaVAP and
LLaVAC, segmented by periods and commas, respectively, LLaVAL for longer LLM ex-
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Table 2: Efficacy of synthetic image-text-boxes generated with either GLIP [42] or GLI-
GEN [43]. For reference, we also include the reported performance of finetuning AL-
BEF [38] with an AMC loss [87] on real image-text-box triplets from Visual Genome (VG).

Model Row Image Text Box ⟨I,T,B⟩ RefCOCO+ Flickr30k ∆avg
Test A Test B

ALBEF 1 - - - – 69.35 53.77 79.38 -
AMC 2 VG VG VG 1,649,546 78.89 61.16 86.46 +8.00

ALBEF
3 Syn-A VG VG 1,649,546 68.79 56.88 84.57 +2.58
4 Syn-R VG VG 1,649,546 68.25 55.78 84.59 +2.04

+ 5 Syn-R VGR VGR 725,974 71.66 56.15 84.84 +3.38

GLIGEN
6 Syn-T VGT VGT 725,974 71.80 56.68 84.73 +3.57
7 Syn-I VGI VGI 652,657 73.05 58.38 84.39 +4.44

ALBEF 8 Syn-L LLaVAL GLIP 659,927 72.39 55.94 86.53 +4.12
+ 9 Syn-L LLaVAS,L GLIP 1,658,333 72.25 57.05 86.71 +4.50

GLIP 10 Syn-L LLaVAS GLIP 998,406 73.70 56.35 86.89 +4.81

In the image, a cat is laying on a couch, 

surrounded by a white stuffed teddy bear 

and a white towel. The cat is resting 

peacefully on the couch with the stuffed 

animal and towel nearby. The scene conveys 

a sense of coziness and relaxation, as the 

cat enjoys its time on the couch. 

LLM Ψt

Image Generator Ψg

Detector Ψd

a cat

a couch

a white stuffed teddy bear

a white towel

the cat

...
T

I

<I, T, B>
Generated Image 

Description

Image

Description

Generator

Ψc

Sample Generated Boxes with Region CaptionsOur SynGround Image-Text-Box Generation Pipeline

Figure 2: Left: An overview of our SynGround image-text-box synthesis pipeline. Right:
Some sample generated image-text-box triplets. We use an image description generator Ψc
to output a description that serves as a prompt to an image generator Ψg to obtain a synthetic
image I. This description is also used to obtain text phrases T by prompting an LLM Ψt .
Finally, the synthetic text and image are fed into an object detector Ψd for synthetic boxes B.

tracted phrases and LLaVAS for shorter phrases. Our experiments demonstrate that the
Image2Text strategy, particularly with LLaVA captioning and LLM phrase extraction,
yields the most effective synthetic image-text pairs for visual grounding. More details
in supplementary materials.

3.2 Generating Synthetic Image-Text-Box Triplets
This section discusses two pipelines for image-text-box synthesis. The first pipeline builds
on the success of Image2Text (Sec. 3.1) and additionally uses an open vocabulary object
detector Ψd[42] to generate region annotations for each synthetic text phrase (See Fig. 2).
The detector also serves as a filtering system for image-text pairs whose confidence scores
are above a threshold. Table 2 compares pairing synthetic images with shorter phrases
(LLaVAS), longer phrases (LLaVAL), and both (LLaVAS,L). The shorter phrases out-
perform others (Row 10), leading to an average performance gain of 4.81%. However,
combining shorter and longer phrases (LLaVAS,L) –despite increasing the amount of data–
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Table 3: Training on synthetic and/or real data. We compare visual grounding improvements
for the base model (Row 1), using the full amount of real data from VG (Row 2), a percentage
of the real data from VG that could be plausibly annotated by 33,000 human workers in the
same time that it takes to generate SynGround images on a single GPU (Row 3), synthetic
data (Row 4), and both (Row 5).

Method Data #Images ⟨I,T,B⟩ RefCOCO+ Flickr30k ∆avg
Test A Test B

ALBEF [38] Off-the-Shelf – – 69.35 53.77 79.38 -
AMC [87] Real 94,893 1,649,546 78.89 61.16 86.46 +8.00

AMC′ Real 76,829 183,282 76.96 59.07 85.01 +6.18
SynGroundS Synthetic 94,893 998,406 73.70 56.35 86.89 +4.81
SynGround Real & Synthetic 189,786 2,627,952 79.06 63.67 87.26 +9.16

does not further improve performance, suggesting redundancy in the information conveyed
by phrases with different lengths.

Alternatively, we investigate using the layout-conditioned generator GLIGEN [43], syn-
thesizing images conditioned on the text and corresponding bounding boxes. Directly in-
putting all real VG texts and boxes (Row 3) results in a modest increase of 2.58% compared
to the baseline (Row 1). We observe the ineffectiveness of using regions with multiple
textual descriptions, as this tends to generate unrealistic or implausible content. To
address this, we explore 3 strategies: Random selection of text-box inputs (VGR), reduction
based on average CLIP [58] text dissimilarity (VGT ), and selecting a maximum number of
boxes with an IoU below 0.5 (VGI). Random selection keeps at most 10 boxes per image, re-
sulting in a reduction of about 50% of the data. Random text-box synthesized images Syn-R
(Row 5) outperform the all-text-box conditioned variant (Syn-A, Row 3). Also, pairing Syn-
R with all text-box data from Real VG (Row 4) does not match the effectiveness of either
Syn-A with all text-boxes or Syn-R with selected text-boxes, underscoring the importance
of image-text-box alignment. Sorting by CLIP text dissimilarity to select at most the top
10 inputs (Syn-T, VGT ) marginally improves random selection. Yet, the most significant
improvement stems from selecting as many boxes as possible with an IoU below 0.5.
The images (Syn-I) generated with this strategy match the best practice in the GLIP-based
pipeline (Row 10).

Our results show the potential of using a layout-conditioned generative model for image-
text-box synthesis. However, either generating non-overlapping and natural layouts or gen-
erating text for visually coherent layouts poses a substantial challenge, limiting the ad-
vancement to synthesis without real image-text-box data. Even with layout generation mod-
els [30, 34], strong constraints of natural composition and non-overlapping bounding boxes
detract from their efficiency and effectiveness compared to the object detector approach.

We use our findings to define SynGround, a processing pipeline for generating synthetic
image-text-boxes for visual grounding (Table 2, Row 10). Fig. 2 shows an overview of the
SynGround pipeline along with representative examples of our generated image-text-boxes,
including images with specific and recognizable entities (the first image shows “a Siamese
cat"), complex scenarios with composite subjects (the second image shows “rice, beans and
meat"). The third image shows a synthetic person with unrealistic features, observed in
several generated results. This contrasts with improvements on RefCOCO+ Test A (a person-
only subset), suggesting that realistic object details are not crucial for visual grounding. The
fourth image showcases creative objects with unusual attributes such as a pink coffee table,
which showcases diversity in our generated data. More qualitative examples are in supp.

Citation
Citation
{Li, Selvaraju, Gotmare, Joty, Xiong, and Hoi} 2021

Citation
Citation
{Yang, Kafle, Dernoncourt, and Ordonez} 2023

Citation
Citation
{Li, Liu, Wu, Mu, Yang, Gao, Li, and Lee} 2023{}

Citation
Citation
{Radford, Kim, Hallacy, Ramesh, Goh, Agarwal, Sastry, Askell, Mishkin, Clark, et~al.} 2021

Citation
Citation
{Inoue, Kikuchi, Simo-Serra, Otani, and Yamaguchi} 2023

Citation
Citation
{Kikuchi, Simo-Serra, Otani, and Yamaguchi} 2021



8 HE ET AL.: LEARNING FROM SYNTHETIC DATA FOR VISUAL GROUNDING

Table 4: Factors causing the performance gap with the real data. We investigate how each
model caused the ineffectiveness compared to the real data. ‘R" for real and “S" for synthetic.
I: Off-the-shelf base model. II: Learning from real data. III-V: Sequentially replacing real
boxes, text, and images with synthetic variants.

I T B ⟨I,T,B⟩ RefCOCO+ Flickr30k ∆avg
Test A Test B

I - - - – 69.35 53.77 79.38 -
II R R R 1.65M 78.89 61.16 86.46 +8.00
III R R S 1.60M 76.88 59.79 86.76 +6.98
IV R S S 1.00M 73.11 57.35 87.49 +5.15
V S S S 0.99M 73.70 56.35 86.89 +4.81

3.3 Using Real and/or Synthetic Data

SynGround can augment training with real data. Table 3 presents comparisons between train-
ing exclusively on real data from the Visual Genome (VG) dataset, synthetic data from Syn-
Ground, and a combination of both. The baseline performance (Row 1) is significantly en-
hanced by incorporating synthetic data, yielding an average improvement of 4.81% (Row 3).
While it falls short of the gains achieved through training on real data (Row 2), SynGround
offers an average improvement of 9.16% when combined with real data (Row 5), outperform-
ing the state-of-the-art (Row 2) [87] on RefCOCO+ [90] Test A and B, and Flickr30k [57]
benchmarks using Pointing Game accuracy. More importantly, the SynGround generation
takes 501 GPU hours on a single NVIDIA A40, which is around 1/9 of VG’s data curation
time from 33,000 unique workers [36]. The performance, obtained by training on a percent-
age of the VG dataset that could plausibly be collected within an equivalent time span
using 33,000 human annotators as reported in the original study (Row 3), is on par with
SynGroundS. Computation details and comparisons are in the Supp.

4 Discussion and Analysis

In this section we analyze the effectiveness of SynGround and what are the contributing
factors to its performance with respect to real datafurther validation of SynGround under
BLIP, and performance at various data scales.

Real-Synthetic Performance Gap Factors. Table 4 analyzes the factors contributing to the
performance gap between synthetic and real data. Experiment I is the off-the-shelf ALBEF
performance, serving as a baseline. Experiment II provides the results from training on real
VG image-text-boxes, leading to an average improvement of 8%. Experiment III retains real
images and texts from VG, but employs GLIP-generated boxes. The 1.02% decrease in per-
formance compared to Experiment II suggests that the synthetic boxes, while effective, may
lack the precision of manual-annotated equivalents. Experiment IV further replaces real VG
captions with synthetic captions from SynGround (i.e., LLaVAS), resulting in an additional
average reduction of 1.83%. This decline could stem from a reduction in the number of
captions (∼600K fewer) or discrepancies in image-text alignment, coverage, and diversity
compared to manually curated captions (details in the supplementary material.). Interest-
ingly, the performance on Flickr30k is enhanced by 1.03% over real data (II), showing a
potential distribution shift from synthetic captions. In Experiment V, the setting consists en-
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Table 5: Training on both synthetic and
real data. We compare grounding im-
provements for BLIP (I) by using the real
data (II, IV) and synthetic data (III, V)
w/o the AMC box-supervised loss.

Box Data ⟨I,T,B⟩ RefCOCO+ Flickr30k ∆avg
Test A Test B

I × – – 58.56 38.00 64.54 –
II × R 1.65 M 68.86 52.85 64.08 +8.23
III × S 0.99 M 63.45 44.39 68.21 +4.98
IV ✓ R 1.65 M 78.47 61.96 85.35 +21.56
V ✓ S 0.99 M 71.78 54.82 85.83 +17.11

Table 6: Performance gap between real
and synthetic data analyses with BLIP.
“R" for real and “S" for synthetic. I: Off-
the-shelf. II: Trained on real data. III-
V: Sequentially replacing real boxes, text,
and images with synthetic variants.

I T B ⟨I,T,B⟩ RefCOCO+
∆avg

Test A Test B

I – – – – 58.56 38.00 –
II R R R 1.65 M 78.47 61.96 +21.56
III R R S 1.59 M 75.72 58.50 +19.74
IV R S S 1.00 M 72.44 55.94 +18.00
V S S S 0.99 M 71.78 54.82 +17.11

tirely of synthetic image-text-box data, eliminating real images from the dataset. Compared
to Experiment IV, it modestly drops another 0.34%. This minor decrement, relative to the
changes observed with synthetic texts and boxes, indicates that synthetic images maintain
a level of effectiveness for visual grounding tasks comparable to their real counterparts.

Efficacy and Generalization on Other VLMs. This section experiments with an additional
off-the-shelf VLM, BLIP [39], to further examine the effectiveness of our synthetic data and
verify the generalizability of our findings from the default base model ALBEF. Refer to the
supplementary material for the base model selection and implementation details. As shown
in Table 5, our generated synthetic image-text and image-text-boxes significantly enhance its
visual grounding performance (III, V), matching closely to the improvement from training
on real data (II, IV). Additionally, we investigate the factors contributing to the degradation
in Table 6. Similar to findings from ALBEF experiments in Sec. 4, most drop comes from
the box and text synthesis. In supplementary materials, consistent findings are observed by
replacing ALBEF with BLIP for experiments presented in previous sections. Moreover,
our synthetic data also helps the other type of grounding models [81] that predicts boxes
evaluated by Acc@0.5.

250k 500k 750k 1M
Number of Synthetic Image-Text-Box Triplets

+4.10
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Figure 3: Pointing game accuracy improvement
on RefCOCO+ and Flickr30k at various scales.
The line denotes the mean improvement across 3
sampled subsets at each scale, and the error bars
are corresponding standard deviations.

Effect of Data Scale on Visual Ground-
ing. This section explores the scala-
bility of synthetic data. We start the
image-text-box synthesis at the scale of
250k and then extend it to 1M (Syn-
Ground). We sample 3 times from
the 1M SynGround data and experiment
with each scale to measure variance.
Fig. 3 illustrates the average pointing
game accuracy improvement across Re-
fCOCO+ [90] and Flickr30k [57]. We
plot the mean improvement at each scale
with lines and their standard deviations
with error bars. The observed upward
trend indicates a promising scaling-up
ability to use synthetic data with Syn-
Ground.
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Table 7: Comparisons of our synthetic data with web-crawled data. The first row is the off-
the-shelf base model performance while the second is after tuning on real data. The third row
(“CC") tunes on a subset of CC [73] image-text pairs with generated synthetic boxes, while
“CCPhrase" processes the text through LLM phrase extraction. SynGroundH

S and SynGroundS
refer to tuning on our synthetic data, relying less or more on the real data during synthesis.

Method Data ⟨I,T,B⟩ RefCOCO+ Flickr30k ∆avg
Test A Test B

ALBEF [38] - – 69.35 53.77 79.38 -
AMC [87] Real 1,649,546 78.89 61.16 86.46 +8.00

CC Web 1,000,000 69.05 54.96 83.94 +1.82
CCPhrase Web 1,000,000 70.35 55.31 85.43 +2.86

SynGroundH
S Synthetic 719,254 71.27 56.82 86.78 +4.12

SynGroundS Synthetic 998,406 73.70 56.35 86.89 +4.81

Synthetic Data vs. Web-Crawled Data To showcase the challenge and necessity of gen-
erating effective synthetic data tailored for visual grounding, Table 7 compares our synthetic
data and web-crawled data. The first and second rows are the off-the-shelf and tuning on
real VG data, respectively. For fair comparisons, we randomly sample 1M web-crawled
data from Conceptual Captions (CC) [73], approximately matching the scale of our syn-
thetic data. As CC data only encompasses images and texts, we add synthetic boxes using
an open-vocabulary detector [42], as the same in our method. Tuning the base model on it
achieves (row 3) a 1.82% average performance gain. Additionally, experiments in Table 1
and other work [28] find that visual grounding ability can be enhanced more significantly
with object-centric short phrases rather than generic image descriptions. Considering that
CC text might describe entire scenarios, we further apply our LLM phrase extraction (row
4) and generate synthetic boxes for the synthetic text phrases, leading to a greater average
improvement of 2.86%. However, to our best effort, we can not make the web-crawled data
reach a similar enhancement with our synthetic data (SynGroundH

S , SynGroundS). Our ex-
perimental results indicate that it is non-trivial to curate or synthesize image-text-boxes for
visual grounding. The image and text favored by visual grounding seem to feature specific
properties, such as images with multiple objects and text for region descriptions.

5 Conclusion

This paper investigates various strategies and conducts extensive analyses for generating
synthetic training data to improve the visual grounding ability of vision-and-language mod-
els. By leveraging exhaustive image descriptions for image synthesis, utilizing an LLM for
phrase extraction, and adopting an open-vocabulary object detector for box synthesis, we
propose SynGround– an effective framework to generate training data for improving visual
grounding. SynGround can augment real data to yield further performance gains, and sur-
passes the efficacy of web-crawled data in visual grounding. Furthermore, SynGround is
scalable and capable of generating theoretically infinite data using LLMs for image descrip-
tion generation.
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