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Figure 1. Current text-to-image models struggle to depict common objects in varied physical states, inaccurately include unintended
objects or fail to depict the requested empty or absence state (e.g., prompting for “A kitchen counter without any food” still results in a
kitchen count full of food). Our method addresses these issues and yields accurate object state representation.

Abstract

Current text-to-image generative models struggle to accu-
rately represent object states (e.g., “a table without a bot-
tle,” “an empty tumbler”). In this work, we first design a
fully-automatic pipeline to generate high-quality synthetic
data that accurately captures objects in varied states. Next,
we fine-tune several open-source text-to-image models on
this synthetic data. We evaluate the performance of the fine-
tuned models by quantifying the alignment of the generated
images to their prompts using GPT4o-mini, and achieve an

average absolute improvement of 8+% across four models
on the public GenAI-Bench dataset. We also curate a collec-
tion of 200 prompts with a specific focus on common objects
in various physical states. We demonstrate a significant
improvement of an average of 24+% over the baseline on
this dataset. We release all evaluation prompts and code at
https://github.com/cskyl/Object-State-
Bench.
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1. Introduction
Recent advances in text-to-image generation [2, 4, 6, 8, 11,
19, 20, 24, 27, 29, 31] have significantly improved the vi-
sual quality and correctness of the generated images and
unlocked incredible potential for human creative expres-
sion. Despite these significant improvements, as illustrated
in Fig. 2, existing generative and visual language models
still face challenges in accurately capturing spatial rela-
tionships [25] and simple real-world physical states such
as presence, absence, empty, full [18], and so on. De-
spite being trained on billions of images, recent studies [33]
and examples in Fig. 2 suggest that the generative systems
are latching onto the intended and unintended co-occurring
contexts represented in the training data and lack a funda-
mental understanding of object states.

Let us consider the example of a kitchen shelf. A sim-
ple web search indicates that a significant portion of images
of a kitchen shelf are typically shelves filled with a vari-
ety of objects. We posit that this may inadvertently induce
contextual bias into both generative and vision language
models trained on such data, leading to text-to-image sys-
tems mostly generating a kitchen shelf in a “full” or “occu-
pied” state. This scenario is further exacerbated given that
captions generated on training data usually capture objects
present in the image and not the ones absent in it. Recent
studies [1, 26] have shown evidence that CLIP [22], the de-
facto text encoder in most generative image models, strug-
gles to understand negation. How then should we impart
the concept of absence of an object (e.g., a table without a
vase) or negation of a physical state (e.g., an empty bottle)
to the text to image generative system?

We tackle this issue in our work. Our key idea is to sup-
ply a text to image model with more evidence of a variety
of objects in diverse physical states during training so that
the model implicitly learns what absence or negation of an
object should visually look like. We do this by first de-
signing an automated pipeline to generate high-quality syn-
thetic data that explicitly captures daily objects in varied,
naturally feasible object states. The data generation pipeline
(Fig. 3) comprises a step involving generating template-like
prompts describing common objects in different physical
states. Next, we use an off-the-shelf text to image model to
generate synthetic images and subsequently filter out those
not representative of objects in absent or empty states using
a vision language model. We then finetune publicly avail-
able text to image models on this diverse generated data.

Our experiments indicate that finetuning on this curated
synthetic dataset enriches a model’s understanding of ob-
jects and their various physical states. Furthermore, we
probe if finetuning leads to a more holistic understanding
of objects in diverse physical states or mere memorization.
To this end, we test the model on prompts comprising ob-
jects not part of the finetuning data. Across the four models

we evaluate, we observe an average improvement 24.6%
on novel, unseen objects, indicating that finetuning led to
a better, more generalizable latent space. Qualitative com-
parisons (Fig. 1) further illustrate these improvements. Be-
yond enhancing the overall capability of generating objects
in diverse states, we also examine the impact of fine-tuning
on visual quality. Our analysis shows that both the CLIP
score and the FID remain at similar levels after fine-tuning,
with the FID showing no significant change, confirming
that our synthetic data does not introduce undesirable vi-
sual artifacts. We also conduct a user study that further con-
firms that visual quality remains perceptually indistinguish-
able (see Appendix 4.11). We also show that fine-tuning on
high-quality synthetic data does not degrade performance
on other prompts not related to object states. We summa-
rize our key contributions below:
• We propose a fully-automatic synthetic data genera-

tion pipeline to systematically create high-quality train-
ing data that explicitly targets objects in empty, negation,
and absent states (Sec.3).

• We fine-tune four open-source text-to-image generative
models on this synthetic data and evaluate the generations
on the publicly available GenAI-Bench dataset [12]. We
show that the finetuned models yield an improvement of
averaging 8+% across the four models we experimented
with, as measured by quantifying the alignment of the
generated images to their prompts (Sec.4).

• We introduce a novel prompt collection, Object State
Bench, specifically designed to evaluate models in com-
plex physical states. All finetuned models yield an over-
all improvement of an average of 24+% over their un-
tuned baselines on this benchmark. This strong result un-
derscores the substantial potential of our synthetic data
pipeline in addressing the critical limitation of captur-
ing object states in text-to-image generation. Both re-
sources are publicly available at https://github.
com/cskyl/Object-State-Bench.

2. Related Work
Iterative Correction and Guidance Techniques: Recent
studies have addressed shortcomings in text-to-image syn-
thesis by incorporating iterative correction mechanisms.
For example, Wu et al. [30] propose a Self-correcting LLM-
controlled Diffusion framework that leverages large lan-
guage models to iteratively refine generated images through
latent space operations such as addition, deletion, and repo-
sitioning. Similarly, Liu et al. [15] introduces a particle fil-
tering framework that uses external guidance, such as object
detectors and real images, to mitigate errors such as miss-
ing objects and image distortions. Although these meth-
ods improve image fidelity, they typically require additional
inference-time computations and complex feedback loops.
RL-based Preference Optimization Methods: In paral-
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Figure 2. State-of-the-art closed-source text-to-image and text-to-video models struggle to depict objects in absent or negation
states.For Gen-3 (a text-to-video model), we show a single extracted frame. This highlights the limitations of current advanced generative
systems in accurately representing objects in simple and common physical states.

lel, reinforcement learning (RL) techniques have been ex-
plored to �ne-tune generative models for better alignment
with human preferences. Methods such as Direct Prefer-
ence Optimization (DPO) [28] and Proximal Policy Opti-
mization (PPO) [23] have been applied to adjust model out-
puts based on preference feedback. These approaches opti-
mize the generation process by modifying latent represen-
tations or output distributions to prioritize images that not
only exhibit high visual �delity but also maintain semantic
accuracy. Although initially developed for language mod-
els, recent adaptations of these RL-based methods to sta-
ble diffusion models have shown promising improvements.
However, such techniques often involve complex training
procedures and signi�cant computational overhead. Our
work complements these efforts by adopting a data-centric
approach that focuses on synthetic data generation.
Synthetic Data Generation: Complementary to iterative
correction and RL-based tuning methods, synthetic data
generation has emerged as a promising strategy to overcome
limitations in training datasets. Recent work [16] demon-
strates that synthetic data produced via diffusion models can
enhance model robustness and generalization. Our method
builds on this idea by adding a fully automatic pipeline that
creates high-quality synthetic image-prompt pairs. These
pairs clearly show different object states that aren't always
shown in real-world data. Distinct from methods relying
on iterative correction or resampling during inference, our
pipeline directly enhances the training process. We �ne-
tune open-source text-to-image models on our synthetically
generated data, thereby improving the semantic alignment
between generated images and their textual descriptions.
This data-centric framework not only simpli�es the over-

Figure 3. Overview of the proposed synthetic data generation
pipeline: We generate prompts describing common objects in dif-
ferent physical states. We next create images from the prompts,
evaluate for the correct representation of the object state using
GPT4o-mini [10]. We rephrase prompts to introduce diversity in
the sentence structures, length, and objects speci�ed.

all generation pipeline but also offers an extensible solution
to address critical semantic limitations in text-to-image syn-
thesis.

3. Approach

To address the gap in accurately generating objects in com-
mon physical states using text-to-image models, we pro-
pose a fully automatic synthetic data generation pipeline.
As illustrated in Fig. 3, we �rst identify a diverse set of
real-world objects and compose prompts referring to those
objects in different physical states. Next, we generate im-
ages corresponding to those prompts using an off-the-shelf
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Prompt for �ltering generated images not represent-
ing absence or empty state of an object:

“You are an assistant that evaluates whether an image
correctly represents the `empty state' of an object as de-
scribed in the caption. Speci�cally, check if the main
object appears empty or unoccupied and con�rm that
the described absent object is not present in the image.
Does the image accurately re�ect both conditions? Re-
turn `Yes' or `No'.”

Figure 4.System prompt usedon the generated images for �lter-
ing out images not aligning with the provided prompt.

text to image generative model. Following this, we lever-
age Large Language Models (LLMs) to re�ne prompts and
introduce diversity in their syntax. We also use a Large
Vision-Language Model (LVLMs) for visual veri�cation of
the object state representation, to reduce noise in the gener-
ated data. We describe each step in detail next.
Noun identi�cation, prompt, and image generation:
First, we use a large language model and curate a wide
range of real-world objects such as containers, tables,
shelves, rooms, and drawers, that can be depicted in empty,
full, and absent states. We next use a large language model
to compose simple prompts around these objects that ex-
plicitly describe empty states (e.g., “an empty table”). We
note that in our work, we focus only on curating prompts
and images that represent only empty object states as they
are more commonly underrepresented in most datasets.
Image Synthesis and Filtering: Next, we utilize an off-
the-shelf text-to-image generation model to produce multi-
ple candidate images per prompt using random seeds to en-
sure suf�cient content diversity. Given that existing models
struggle to generate images that represent object states cor-
rectly, we pass each generation through a vision language
model, and use visual-question-answering prompts to �l-
ter out generations that do not capture the object states cor-
rectly
Recaptioning: Finally, we use a large language model
to introduce more diversity into the template-like initial
prompt syntax. For example, the initial prompt “an empty
table” could be re�ned to “a table without any bottle or
book,” increasing the complexity and clarity of the gener-
ated prompts. Our full pipeline is depicted in Fig. 3.

We �netune several open-sourced models on this syn-
thetically generated image data, which we describe next.

4. Experiments

This section briefs about the datasets and evaluation met-
rics, baseline models, followed by �ne-tuning. We also
study the effect of different design choices we make in our
overall approach.

Figure 5.Qualitative comparison of object state improvement
for Stable Diffusion-1.5: (top) row shows the Stable Diffusion-
1.5 baseline model, while the(bottom) row displays �ne-tuned
with our synthetic data pipeline, yielding more precise object state
representation.

Figure 6.Qualitative comparison of object state improvement
for Stable Diffusion-2.1: (top) row shows the Stable Diffusion-
2.1 baseline model, while the(bottom) row displays �ne-tuned
with our synthetic data pipeline, yielding more precise object state
representation.

4.1. Implementation Details

Synthetic data generation: The synthetic data pipeline
has multiple modules involved to ensure high quality
training dataset and uses GPT-4o-mini [10] in every step.
Speci�cally, we use GPT-4o–mini to generate about3000
different common objects and template-style prompts
capturing these objects in empty or absent states. Next,
we employ few-shot prompting technique [3] which has
evidence to show better performance aligning with the
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