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Abstract

Recent advancements in text-to-image diffusion models have yielded impressive results in
generating realistic and diverse images. However, these models still struggle with complex
prompts, such as those that involve numeracy and spatial reasoning. This work proposes
to enhance prompt understanding capabilities in diffusion models. Our method leverages a
pretrained large language model (LLM) for grounded generation in a novel two-stage process.
In the first stage, the LLM generates a scene layout that comprises captioned bounding boxes
from a given prompt describing the desired image. In the second stage, a novel controller
guides an off-the-shelf diffusion model for layout-grounded image generation. Both stages
utilize existing pretrained models without additional model parameter optimization. Our
method significantly outperforms the base diffusion model and several strong baselines in
accurately generating images according to prompts that require various capabilities, doubling
the generation accuracy across four tasks on average. Furthermore, our method enables
instruction-based multi-round scene specification and can handle prompts in languages not
supported by the underlying diffusion model. We anticipate that our method will unleash
users’ creativity by accurately following more complex prompts. Our code, demo, and
benchmark are available at: https://llm-grounded-diffusion.github.io.

1 Introduction

The field of text-to-image generation has witnessed significant advancements, particularly with the emergence
of diffusion models. These models have showcased remarkable capabilities in generating realistic and diverse
images in response to textual prompts. However, despite the impressive results, diffusion models often struggle
to accurately follow complex prompts that require specific capabilities to understand. Fig. 1 shows that
Stable Diffusion (Rombach et al., 2022), even the latest SDXL (Podell et al., 2023), often could not generate
a certain number of objects or understand negation in the prompt. It also struggles with spatial reasoning or
associating attributes correctly with objects.

One potential solution to address this issue is of course to gather a comprehensive multi-modal dataset
comprising intricate captions and train a text-to-image diffusion model for enhanced prompt understanding.
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Figure 1: (a) Text-to-image di�usion models such as SDXL (Podell et al., 2023) often struggles to accurately
follow prompts that involve negation, numeracy, attribute binding, or spatial relationships. (b) Our method
LMD achieves enhanced prompt understanding capabilities and accurately follows these types of prompts.

Figure 2: Our proposed LMD enhances prompt understanding in text-to-image di�usion models
through a novel two-stage generation process : 1) An LLM layout generator takes a prompt from the
user and outputs an image layout in the form of captioned bounding boxes.2) A stable di�usion model guided
by our layout-grounded controller generates the �nal image. Both stages utilize frozen pretrained models,
which makes our method applicable to o�-the-shelf LLMs and other di�usion models without grounding in
their training objectives.

Nonetheless, this approach presents notable drawbacks. It requires considerable time and resources to curate
a diverse and high-quality multi-modal dataset, not to mention the challenges associated with training or
�ne-tuning a di�usion model on such extensive data.

In contrast, we propose a noveltraining-free method that equips the di�usion model with an LLM that
provides grounding for enhanced prompt understanding. Our methodLLM -grounded D i�usion (LMD)
consists of a two-stage generation process as shown in Fig. 2.

In the �rst stage of our method, we adapt an LLM to be a text-grounded layout generator through in-context
learning. Given a prompt describing the desired image, the LLM generates scene layouts in the form of
captioned bounding boxes, with a background caption and a negative prompt for what to avoid in generation.

In the second stage, we introduce a novel controller that guides an existing di�usion model without grounding
in its training objective (e.g., Stable Di�usion) to follow the layout grounding generated in the �rst stage. In
contrast to previous and concurrent works on region control (e.g., Bar-Tal et al. (2023); Chen et al. (2023);
Xie et al. (2023)) that apply semantic control to certain spatial regions, our approach allows precise control
over object instances in designated regions.

Notably, both stages utilize frozen pretrained modelso�-the-shelf , making our method applicable to LLMs
and di�usion models trained independently without any LLM or di�usion model parameter optimization .

In addition to enhanced prompt understanding, our method also naturally enables instruction-based scene
speci�cation with multiple rounds of user requests (Fig. 3) and image generation from prompts in languages
not supported by the base di�usion model (Fig. I.1) without additional training.

Shown in Fig. 1, LMD provides a uni�ed solution to several caveats in prompt understandingat once and
enables accurate and high-quality image generation from complex prompts. We demonstrate that a di�usion
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Figure 3: LMD naturally enables instruction-based multi-round scene speci�cation and is able to
adapt subsequent rounds of generation according to users' followup instructions and clari�cations.

model grounded with LLM-generated layouts outperforms its base di�usion model and several recent baselines,
doubling the average generation accuracy across four tasks.Our primary contributions include:

1. We propose a training-free two-stage generation pipeline that introduces LLMs to improve the prompt
understanding ability of text-to-image di�usion models.

2. We introduce layout-grounded Stable Di�usion, a novel controller that steers an o�-the-shelf di�usion
model to generate images grounded on instance-level box layouts from the LLM.

3. LMD enables instruction-based scene speci�cation and allows broader language support in the prompts.

4. We propose a benchmark to assess the prompt understanding ability of a text-to-image model and
demonstrate the superior performance ofLMD over recent baselines.

We expect LMD to empower users with more precise control of text-to-image di�usion models. Our code,
demo, and benchmark are publicly available.

2 Related Work

Text-to-image di�usion models. High-quality image generation from textual descriptions with di�usion
models has been popular recently (Ramesh et al., 2022; Saharia et al., 2022; Rombach et al., 2022; Podell et al.,
2023). Despite the impressive visual quality, these models still tend to exhibit unsatisfactory performance
when it comes to complex prompts that involve skills such as binding attributes to objects and spatial
reasoning (Ramesh et al., 2022).

LLMs for visual grounding. Many multi-modal models bene�t from integrating LLMs for grounding
vision models. BLIP-2 (Li et al., 2023a) bootstraps vision-language pre-training from a frozen image encoder
and an LLM. Flamingo (Alayrac et al., 2022) tackles tasks such as few-shot visual question-answering and
captioning tasks. Gupta et al. (2021) uses Transformer (Vaswani et al., 2017) for layout prediction but focuses
on generating layouts for a limited closed set of object classes in the annotated training set and thus is not
able to generate layouts for objects not in the training set. Wu et al. (2023) and Koh et al. (2023) also involve
LLMs in conditional image generation. However, these methods still rely on CLIP text embeddings to convey
the information to the di�usion model. Therefore, they often exhibit insu�cient control compared to our
method, which explicitly asks the LLM to reason about the spatial composition of di�erent objects and poses
direct spatial control. Concurrent to our work, LayoutGPT (Feng et al., 2023) proposes prompting an LLM
for layout generation in a CSS structure. While LayoutGPT depends on a dataset annotated with boxes and
captions to retrieve relevant in-context examples for the LLM, our method demonstrates that the ability for
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