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Figure 1: Generated images from prompts with rare compositions of concepts (=attribute+object;
highlighted in red). These objects possess attributes not typically associated with them, making such
combinations difficult to observe. While state-of-the-art pre-trained and LLM-grounded text-to-image
diffusion models, SD3.0 (Esser et al., 2024), FLUX (BlackForestLabs, 2024), and RPG (Yang et al.,
2024), struggle to generate such concepts, our training-free approach, R2F, exhibits superior results.

ABSTRACT

State-of-the-art text-to-image (T2I) diffusion models often struggle to generate
rare compositions of concepts, e.g., objects with unusual attributes. In this paper,
we show that the compositional generation power of diffusion models on such
rare concepts can be significantly enhanced by the Large Language Model (LLM)
guidance. We start with empirical and theoretical analysis, demonstrating that
exposing frequent concepts relevant to the target rare concepts during the diffusion
sampling process yields more accurate concept composition. Based on this, we
propose a training-free approach, R2F, that plans and executes the overall rare-to-
frequent concept guidance throughout the diffusion inference by leveraging the
abundant semantic knowledge in LLMs. Our framework is flexible across any
pre-trained diffusion models and LLMs, and seamlessly integrated with the region-
guided diffusion approaches. Extensive experiments on three datasets, including
our newly proposed benchmark, RareBench, containing various prompts with rare
compositions of concepts, R2F significantly surpasses existing models including
SD3.0 and FLUX by up to 28.1%p in T2I alignment. Code is available at link.

1 INTRODUCTION

Recent advancements in text-to-image (T2I) diffusion models have achieved unprecedented success
in generating highly realistic and diverse images (Zhang et al., 2023a; Saharia et al., 2022). However,
these models often struggle to accurately generate images from rare and complex prompts (Samuel
et al., 2024; Parashar et al., 2024). Accordingly, many studies have focused on enhancing their T2I
alignment performance (Rassin et al., 2024). Recently, several approaches have further tried to ground
large language models (LLMs) into diffusion models, so-called LLM-grounded diffusion models,
showing state-of-the-art results by effectively leveraging LLMs’ knowledge in diffusion inference.
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(a) Effectiveness of frequent concept exposure. (b) Key idea of R2F.

Figure 2: (a) shows image generation quality on a rare composition of two concepts; “flower-
patterned” and some “animal” (randomly sampled from ImageNet classes). Naive inferences with
SD3.0 (red line) tend to be inaccurate when the composition becomes rarer (animal classes rarely
appear on LAION dataset). Interestingly, once we guide the inference with a relatively frequent
composition (“flower-patterned bear”, which is easily generated as “bear doll”) at the early sampling
steps and then turn back to the original prompt, the generation quality is significantly enhanced (blue
line). (b) shows the key idea of our framework with LLM guidance.

In general, LLM-grounded diffusion models use LLMs to decompose a given prompt into sub-
prompts for each object and obtain their proper location (e.g., bounding box), and then generate
each sub-prompt at its designated location using region-controlled diffusion methods (Yang et al.,
2023). While this allows better spatial composition, the models still struggle to generalize on non-
spatially compositional rare concepts. For example, as in Figure 1, state-of-the-art diffusion models,
SD3.0 (Esser et al., 2024), FLUX (BlackForestLabs, 2024) and RPG (Yang et al., 2024), do not
accurately generate such concepts, such as “furry frog warrior” and “ax-shaped guitar”. However,
since real user creators often want to generate such rare concepts (Kirstain et al., 2023), e.g., designing
a new cartoon character with creative and unprecedented attributes, this calls for a new approach to
further leverage LLMs’ knowledge of non-spatial text semantics for image generation.

Our study starts from the following research question: Do pre-trained diffusion models possess the
potential power to compose rare concepts, and can this be unlocked by a training-free approach?.
To answer this, we first explore a controlled experiment for compositional T2I generation. As
in Figure 2(a), for a rare composition of two concepts, “flower-patterned” and some “animal”,
SD3.0 struggles more and more as the concept composition becomes rarer (with animal classes
rarely appear on LAION-400M (Schuhmann et al., 2022)). However, we observe that, by simply
exposing a relatively frequent concept composition (“flower-patterned bear”) at a few early diffusion
sampling steps, the model’s compositional ability is significantly enhanced. We further provide
a theoretical analysis for this phenomenon using the score estimator (Song & Ermon, 2019) in
Section 3.1. Therefore, finding appropriate frequent concepts and using them in inference can be a
key to enhanced rare concept compositions.

Based on this, we propose a novel approach, called Rare-to-Frequent (R2F), that leverages an
LLM to find frequent concepts relevant to rare concepts in prompts and uses them to guide diffusion
inference, enabling more precise image synthesis. Specifically, LLM decomposes the given prompt
into sub-prompts per object and finds if any rare concepts are in each sub-prompt. If rare concepts
are detected, LLM finds their relevant yet frequent alternatives, which are easier to be generated by
diffusion models. Then, the diffusion model alternately exposes rare and frequent prompts during the
early stages of diffusion, where the LLM also determines the proper stop point based on the visual
detail levels required to draw each concept. Note that, R2F is flexible to any LLMs and diffusion
architectures, and we further propose its seamless integration with region-guided diffusion models,
called R2F+, enabling more controlled image generation.

To thoroughly validate the efficacy of R2F, we present a new benchmark, dubbed RareBench,
consisting of diverse and complex rare compositions of concepts. On RareBench and two existing
compositionality benchmarks (Rassin et al., 2024; Huang et al., 2023), R2F outperforms state-of-
the-art diffusion baselines, including SD3.0, IterComp, and FLUX, by up to 28.1%p in terms of
T2I alignment accuracy. Moreover, we show that R2F can generate images of rare concepts that
existing models almost always fail to generate even with careful prompt paraphrasing, showcasing the
superiority of our framework in unlocking the compositional generation power of diffusion models.
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2 RELATED WORK

2.1 TEXT-TO-IMAGE DIFFUSION MODELS

Diffusion models are a promising class of generative models and have shown remarkable success in
T2I synthesis (Sohl-Dickstein et al., 2015; Ho et al., 2020; Zhang et al., 2023a). Owing to large-scale
datasets and pre-trained text embedding models such as CLIP (Radford et al., 2021), GLIDE (Nichol
et al., 2021) and Imagen (Saharia et al., 2022) show diffusion models can understand text semantics
at scale and synthesize high-quality images. Latent Diffusion Models (LDMs) (Rombach et al.,
2022) improve the training ef�ciency by changing the diffusion process from pixel to latent space.
Recently, more advanced models such as SDXL (Podell et al., 2023), PixArt (Chen et al., 2023), and
SD3.0 (Esser et al., 2024) further enhance the T2I synthesis quality by using enhanced datasets (Betker
et al., 2023), architectures (Peebles & Xie, 2023), and training schemes (Lipman et al., 2022).

2.2 COMPOSITIONAL IMAGE GENERATION

Despite decent advances, recent T2I diffusion models often suffer from image compositionality
issues (Rassin et al., 2024; Huang et al., 2023). Many approaches have tried to mitigate this issue
based oncross-attention controltechnique. Some works utilize prior linguistic knowledge for text
token-level attention control. StructureDiffusion (Feng et al., 2022), Attend-and-Excite (Chefer et al.,
2023), and SynGen (Rassin et al., 2024) control text tokens of different objects to be located in separate
attention regions. Another line of work uses additional input conditions. GLIGEN (Li et al., 2023) and
ReCo (Yang et al., 2023) propose position-aware adapters attachable to the diffusion backbone, and
use regional conditions to locate each object at the corresponding region. ControlNet (Zhang et al.,
2023b) and InstanceDiffusion (Wang et al., 2024b) introduce more general adapters that incorporate
diverse conditions. While these works have succeeded in advancing compositional generation, they
require prior linguistic knowledge or extra conditions, which are hard to prepare for arbitrary text.

2.3 LLM-GROUNDEDDIFFUSION

LLMs have shown promising abilities in language comprehension (Achiam et al., 2023; Zhao et al.,
2023; Wang et al., 2024a). Powered by this advance, recent works have attempted to ground LLMs
into diffusion models to provide prior knowledge and conditions for compositional image generation.
LayoutGPT (Feng et al., 2024), LMD (Lian et al., 2023), and CompAgent (Wang et al., 2024d) use
LLMs to decompose a given prompt into sub-prompts per object and extract their corresponding
bounding boxes. RPG (Yang et al., 2024) further adopts recaptioning and planning for complementary
regional diffusion. ELLA (Hu et al., 2024) use LLMs to dynamically extract timestep-dependent
conditions from intricate prompts. Some work utilizes LLMs in iterative image editing (Wu et al.,
2024; Gani et al., 2023; Wang et al., 2024c). While these LLM-grounded diffusion approaches have
succeeded in spatial compositions, they still struggle innon-spatialcompositions forrare concepts.

3 RARE-TO-FREQUENT (R2F)

3.1 COMPOSITIONAL TEXT-TO-IMAGE GENERATION FORRARE CONCEPTS

Problem Setup.Consider a T2I generation model� trained on data distributionpdata involving two
types of data; (i) image data, denoted byx 2 Rd; and (ii) text prompt, denoted byc. Following the
compositional generation literature (Liu et al., 2022), we suppose that a text prompt consists ofa
composition of conceptsasc = f c1; : : : ; cn g, where eachci denotes a unit of concept, e.g., object,
color, etc. For simplicity, we denote `composition of concepts' as `concept' hereafter. Because
real-world T2I datasets typically exhibit along-tailednature (Xu et al., 2023), we naturally assume the
existence of a set of rare conceptsCR and a set of frequent conceptsCF , wherepdata(cF ) � pdata(cR ),
andpdata(cR ) � 0; 8cF 2 CF andcR 2 CR . Then, thecompositional T2I generation for rare
conceptsproblem is to �nd an approach� that maximizes the following T2I alignment objective:

argmax� EcR 2CR

�
T2I-alignment(� (cR ; � ); cR )

�
: (1)

Theoretical Motivation. To analyze how relevant frequent concepts help the rare concept composi-
tion, we consider a simple setting where two texts are given: one with a rare conceptcR (e.g.,“furry
frog”), and another with a frequent onecF (e.g., “furry dog”). Let x 2 R2 be an image representation,
where the �rst and second dimension represents the attribute (e.g., “furry”) and object (e.g., “animal”),
respectively. We assume the ground truth conditional distributionspdata(x jcR ) andpdata(x jcF ) follow
Gaussian distributionsN (� R ; � R ) andN (� F ; � F ) (Liang et al., 2024), where� R = � F = I 2
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Figure 3: Visualizing distributions in rare concept generation. (a) The true data distribution
conditioned on the rare conceptcR (e.g., (“furry”, “ frog”)), modeled asN ((0; 0); I 2); (b) Initial
estimated distribution for the rare conceptcR , N ((0; 0); diag(202; 1)), with high uncertainty along
x1 (red). The green points represent the estimated distribution for the frequent conceptcF (e.g.,
(“ furry”, “ dog”)), N ((0; 10); I 2); (c) The distribution generated via linear interpolation of the score
functions,plerp(x jcR ; � = 0 :8), which combines information from both the rare and frequent
concepts, yielding better approximation of the rare concept; (d) 2-Wasserstein distance between
theplerp(x jcR ; � ) and the target distribution (blue line). The distance shows that a well-chosen�
improves the approximation compared to using only the rare concept score function (red dashed line).

and the �rst component of� R and� F being identical. Here,I 2 denotes the2� 2 identity matrix. Let
r x logp� (x jcR ) be the estimated score function prameterized by� . We assume that the score estima-
tor is given for each concept as:r x logp� (x jcF ) = r x logN (� F ; � F ) = r x logpdata(x jcF ); and
r x logp� (x jcR ) = r x logN (�̂ R ; �̂ R ), where�̂ R = � R and�̂ R = diag(�; 1). Here,diag(�; 1)
denotes the2 � 2 diagonal matrix with� and 1 as its diagonal elements.

This setting re�ects a common scenario in real-world datasets where image representations for a
frequent concept are well-represented, allowing the model to learn their distributions accurately.
As a result, the score estimatorr x logp� (x jcF ) closely matches the true conditional distribution
r x logpdata(x jcF ). On the other hand, when generating image representations for a rare concept,
the model has signi�cantly fewer or no examples to learn from. This limited exposure increases
the uncertainty in the model's predictions, leading to higher randomness. This is re�ected in the
score estimator forcR , where�̂ R = diag(�; 1) with � � 1. The large variance� captures the high
uncertainty in attribute space due to the scarcity of data for rare concepts. See Figure 3 for examples.

In this setting, interpolating between the estimated score function for the frequent concept
r x logp� (x jcF ) and that of the rare conceptr x logp� (x jcR ) can yield a better approximation
of the target distributionN (� R ; � R ), i.e., a smaller Wasserstein distance, than using only the
estimated score function for the rare concept, which is shown in the Theorem 3.1.

Theorem 3.1(Improved rare concept generation via linear interpolation between score functions).
Given the above setting, consider the linear interpolated score estimator for the rare concept as:

� r x logp� (x jcR ) + (1 � � )r x logp� (x jcF ); � 2 [0; 1]: (2)

This interpolated score function corresponds to the score function of the Gaussian distribution
N (� lerp; � lerp) where� lerp = � � R + (1 � � )� F , and � � 1

lerp = � �̂ � 1
R + (1 � � )� � 1

F . Let

plerp(x jcR ; � ) := N (� lerp; � lerp). If � � 1+
p

k� F � � R k2+0 :2, then the following inequality holds:

min
�

W2
�
plerp(x jcR ; � ); pdata(x jcR )

�
< W2

�
p� (x jcR ); pdata(x jcR )

�
; (3)

whereW2(p; q) denotes the 2-Wasserstein distance between the distributionsp andq.

Proof. The complete proof is available in Appendix A.

3.2 PROPOSEDFRAMEWORK: R2F

Inspired by the theory, we propose a training-free framework,R2F, which leverages LLM to �nd
frequent concepts relevant to rare concepts and use them in diffusion sampling. R2F involves a two-
stage process: (i)Rare-to-frequent concept mappingthat uses LLM to identify rare concepts and their
relevant yet frequent concepts; and (ii)Alternating concept guidancethat iteratively uses prompts
involving either rare or frequent objects during the sampling process. Unlike Theorem 3.1, in multi-
step denoising, we use alternating guidance as the default approach for rare-frequent interpolation
(See Section 4.4 for its ef�cacy over interpolation). For the acceleration method with short sampling
steps, we use interpolation (See Appendix K). Figure 4 illustrates the overview of our framework.
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Figure 4: Overview of our R2F framework.

Rare-to-Frequent Concept Mapping.To extract proper concept mapping, we use LLM instruction
with chain-of-thought prompting (See Appendix B for the full LLM instruction and in-context learning
examples). Given a text promptc, R2F performs the concept mapping process step by step: (1) It
decomposes the prompt intom sub-prompts per object,c = f ci gm

i =1 . For each sub-promptci , (2) it
identi�es rare concepts and (3) extracts a frequent concept contextually relevant to the rare concept,
making a rare-to-frequent concept mappingĉi = ( ci ; ci

R ; ci
F ). Speci�cally, to �nd the frequent

conceptci
F , it splits each rare concept into the main noun object and its attributes and then replaces

the main noun object into another object contextually more �t to the attributes. Additionally, (4) It
extracts a visual detail levelV i (an integer value from 1 to 5) needed to draw each rare concept for
determining an appropriate stop point of concept guidance, based on prior observation (Hertz et al.,
2022) that rough visual features (e.g., shape) are highly affected by diffusion latents at early sampling
steps while detailed visual features (e.g., texture) are in�uenced at the later sampling steps. The �nal
mapped rare-to-frequent concept output is formed asĉ = f (ci ; ci

R ; ci
F ; V i )gm

i =1 .

Alternating Concept Guidance.Based on the extracted concept mappings, R2F guides the diffusion
inference by alternately exposing rare and frequent concepts throughoutT sampling steps. We �rst
construct a scheduled batch of prompts~cT :1 = f ~cT ; : : : ; ~c1g, which are sequentially inputted to the
diffusion model. In early steps,~ct is reconstructed from either the set of frequent conceptf ci

F gm
i =1

or that of rare conceptf ci
R gm

i =1 , alternatively;~ct = Reconstruct(f ci
F gm

i =1 ) if (T � t)%2 = 0, and
~ct = Reconstruct(f ci

R gm
i =1 ) otherwise. The reconstruction process is simply done by substituting

the words of the detected concept from the original prompt (See Reconstruct(c1
R ; c3

R ) in Figure 4).

Meanwhile, each frequent conceptci
F stops being used to reconstruct at different stop pointsSi

determined by the visual detail levelV i . The stop pointSi is obtained by converting a visual detail
scoreV i in the integer grid[1; 2; 3; 4; 5] into a mapped �oat value in a grid[0:9; 0:8; 0:6; 0:4; 0:2] and
multiply it by the total diffusion stepT; if V i = 1 , thenSi = b0:9Tc. After the stop pointSi , thei -th
frequent concept is no longer used for reconstruction, so it becomes~ct = Reconstruct(f ci

F gm
i =1 nci

F [
ci

R ). This process repeats until all stop points have been passed. After the latest stop pointSlast ,
the alternating guidance is �nished and only the original prompt is inputted;~ct = c whent < S last .
Each reconstructed prompt~ct in the scheduled prompt batch~cT :1 is sequentially inputted to generate
the diffusion latentzt , aszt � 1  p� (zt ; ~ct ), leading to the �nal output imagex0 = vae(z0).

3.3 EXTENTION WITH REGION-GUIDED DIFFUSION MODELS: R2F+

We extend our framework to the general region-guided diffusion approach. The extended framework,
namedR2F+, has more controllability in generating all rare concepts in the prompt by seamlessly
applying the rare-to-frequent concept guidance for each object at the appropriate region. We employ
LLMs to both identify the object's appropriate region and its rare-to-frequent concept mapping. As
illustrated in Figure 5,R2F+involves a three-stage process: (i)Region-aware rare-to-frequent concept
mappingthat extractsper-objectrare-to-frequent concept mapping with its proper position (e.g.,
bounding box) via LLMs, (ii)Masked latent generation via object-wise R2F guidancethat individually
generates per-object rare concept images from each sub-prompt and saves its masked latents, and (iii)
Region-controlled alternating concept guidancethat seamlessly generate compositional images from
the prompt layout using masked latent fusion and cross-attention region control. More detailed LLM
instructions and algorithm pseudocode for R2F+ are elaborated in Appendix C.
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Figure 5: Overview of R2F+, the extension of our framework with region-guided diffusion.

Region-aware Rare-to-frequent Concept Mapping.R2F+uses a similar chain-of-thought LLM
instruction with R2F, while it also extracts each object's proper position, i.e., bounding box. Then,
the region-aware rare-to-frequent concept mapping process converts the input promptf ci gm

i =1 into
region-aware promptf (ci ; ci

R ; ci
F ; V i ; Ri )gm

i =1 , whereRi refers to the obtained region of objecti .

Masked Latent Generation via Object-wise R2F.To synthesize each object more accurately,
inspired by Lian et al. (2023), we �rst apply the image generation process of R2F for each object
individually. This is to obtain the per-object diffusion latent�zi and integrate them into the �nal
generation process with multi-objects. We generate each image of sub-prompt(ci ; ci

R ; ci
F ; V i )

with R2F guidance, and obtain all the latent�zi
T :0 throughout the sampling stept. Next, we adopt

external object detection and segmentation models, such as SAM (Kirillov et al., 2023), to extract
per-object binary maskM i . The mask and latent are further re�ned by adjusting the size and
location offset between the object-wise image and the regionRi , resulting in a re�ned maskM i  
REFINEMASK(M i ; Ri ) and a re�ned latent�zi

T :0  REFINELATENTS(�zi
T :0 ; Ri ).

Region-controlled Alternating Concept Guidance.With the obtained per-object rare-to-frequent
prompts and their masked latents, we �nally generate the whole objects all at once via region-
controlled alternating concept guidance. To force each object to appear in the proper region, we adopt
two popular region control techniques: (1) cross-attention control (Chen et al., 2024c), and (2) latent
fusion (Lian et al., 2023). At each stept, the latentzt is �rst modi�ed by the cross-attention control:
z0

t  � zt � � r z t

P m
i =1 E(A i ; Ri ) (cross-attention control); whereA i is an average cross-attention

map for the objecti across the diffusion layers,E (A; R) =
�
1�

P
(x;y )2 R Ax;y =

P
(x;y ) Ax;y

� 2
is an

energy function, and� is a controlling parameter. Next, the original diffusion sampling is performed,
aszt � 1  p� (z0

t ; ~ct ). Afterward, we compound the controlled latentzt � 1 with every object-wise
latent�zi

t � 1 sequentially via the latent fusion:zt � 1  zt � 1 � (1� M i )+ �zi
t � 1 � M i (latent fusion):

Both the cross-attention control and the latent fusion are applied only to initial sampling steps until
the stop points, integrated with the alternating rare-to-frequent concept guidance.

4 EXPERIMENTS

4.1 EXPERIMENT SETTING

Datasets.We evaluate R2F using one new dataset,RareBench, which we design to validate the
generated image quality forrare concepts, and two existing datasets, DVMP (Rassin et al., 2024)
and T2I-CompBench (Huang et al., 2023), for general image compositionally. As shown in Table 1,
RareBench includes more rare concepts compared to existing benchmarks.
1. RareBench: We design our benchmark to contain prompts withvariousrare concept across single-

and multi-objects. For single-object prompts, we categorize the rare concept attributes with�ve
cases: property (“ahairy frog”), shape (“abanana-shapedapple”), texture (“atiger-stripped
lizard”), action (“ayawningcrab”), and complex (“arainbowelephantspitting �re”). For multi-
object prompts, we further introducethreemore cases: concatenation (“ahairy shark and two
wiggedoctopuses”), relation (“athornysnakeis coiling arounda star-shapeddrum”), and a more
complex case with multi-objects. We generate 40 prompts for each of the aforementioned eight
cases, constructing a total of 320 prompts. To ensure the prompt's rareness, we use GPT to make
prompts contain contextually rare attribute-object pairs, which is detailed in Appendix D.
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