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Figure 1. Controllable text-to-image synthesis with attention refocusing. We introduce a new framework to improve the controllability
of text-to-image synthesis. Given a text prompt, we first leverage GPT-4 to generate spatial layouts and then use grounded text-to-image
methods to generate the images given the layouts and prompts. However, the detailed information, like the quantity, identity, and attributes,
often remains incorrect or mixed using existing models. We propose a training-free approach — attention-refocusing — to substantially
improve the controllability. Our method is model-agnostic and can be applied to enhance the control capacity of methods like GLIGEN

[32] and ControlNet [64]

Abstract

Driven by the scalable diffusion models trained on large-
scale datasets, text-to-image synthesis methods have shown

compelling results. However, these models still fail to pre-
cisely follow the text prompt involving multiple objects, at-
tributes, or spatial compositions. In this paper, we reveal
the potential causes in the diffusion model’s cross-attention
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Method &CS;{R Counting Compositions
F1 1 Spatial T Size T Color 1

Stable Diffusion x 58.31 8.48 9.18 12.61
[47] v 60.62 (+23) 24451600 1697 477 23.54 +109)
Attend-and-excite x 60.47 9.98 10.58 19.56
[10] v 62.71 22y 20.76 +10.8) 14.17 4360  20.83 (+13)
Layout-guidance x 56.22 16.47 12.38 14.39
[11] v 63.01 +68) 25.84 949 1556 32 21.50 7.1y
MultiDiffusion  x 55.18 14.27 10.58 17.15
[6] v 57.37 +219) 22.65 82  10.78 +02)  24.59 +73)

5 X 66.58 30.74 26.75 18.78
GLIGEN [32] v 67.54 07 402295 2774100 26.32 75
Boxdiff [61] - 67.02 33.93 28.54 22.50

Table 1. The CAR and SAR losses increase the F1 score in count-
ing and accuracy(%) in all spatial, size, and color categories of the
HRS benchmark. The small, green numbers represent value im-
provement.

CAR
Method & SAR  Counting Spatial Average
Stable Diffusion 1.4 x 68 .15 72.01 78.38
[47] v 69.37 (+1.22) 73.33 132 78.87 (+0.49
Stable Diffusion 2.1 x 73.63 76.11 81.84
[47] v 74.44 (031 76.29 (+0.18) 81.89 (+0.05)

Table 2. TIFA score( 1) in two baselines: Stable Diffusion 1.4 and
2.1.The small, green numbers represent value improvement.

Method IoU 1t Clip Score 1 SOA-I 1

SD-Pww [4] 23.76 £ 0.50  0.2800 £ 0.0005 73.92 £ 1.84
DenseDiffusion [29] 3499 £1.13  0.2814 +0.0005 77.61 £+ 1.75
Stable Diffusion + Our 38.97 4+ 0.56  0.3177 £ 0.0011 78.80 £ 1.27

Table 3. Evaluation of image generation based on mask guidance,
highlighting the performance of our approach (+ indicates stan-
dard deviation). The results of other methods are directly taken
from DenseDiffusion [29].

state-of-the-art large language model that can understand
the number and spatial compositions of objects in our ex-
periments. Specifically, given the input text for image gen-
eration, we create a new prompt to request GPT-4 to gener-
ate box coordinates and the label of objects in each box. We
outline the details of this in-context learning in the supple-
mentary.

4. Experiments

We evaluate our methods on several benchmarks, conduct
ablation experiments on each component.

4.1. Experiment setup

Dataset.  For text-to-image tasks, we utilize the bench-
mark HRS [3] and Drawbench [49] to evaluate the text-
to-image generation performance on various categories, in-
cluding counting, spatial, color, and size compositions. To

Stable Diffusion [47] GLIGEN [32]
CAR&SAR X v X v

20.82 21.03 20.63 20.37

Table 4. FID ( | ) in Stable Diffusion and GLIGEN with and with-
out CAR & SAR in COCO 2014 [35]
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playing chess, digital
painting, concept art

Layout

Without ours

With ours
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Figure 5. Plug & play use of our attention-based guidance. Our
method applies to various base models. Here we show improved
controllability across multiple text-to-image methods: Stable Dif-
fusion [47], Attend-and-excite [10], MultiDiffusion [6], Layout-
guidance [11], GLIGEN [32]

further assess the alignment of the generated image and in-
put text, we use TIFA [24] benchmark. We include more
details about these datasets in the supplementary material.

For quality evaluation, we utilize the COCO02014 [35]
validation dataset to assess images generated from textual
descriptions and corresponding bounding boxes.

Our mask-and-text-to-image evaluation utilizes the
dataset provided by DenseDiffusion [29].

Evaluation metrics. Regarding text-to-image evaluation,
we follow the protocol in HRS [3] to compute the metrics
on individual categories: counting, spatial, size, and color.
For TIFA benchmark, we assess the alignment between the
generated images and input texts using the TIFA score [24].

In box-and-text evaluations, we report FID [19] in
COCO2014 [35], using available bounding boxes from
this benchmark as input layouts for grounded text-to-image
models.

For mask guidance evaluation, we measure the align-
ment with IoU used in DenseDiffusion [29], assess the tex-
tual similarity with CLIP Score [18], and ensure the object
presence using the SOA-I score [20] using YOLOvV7 [56]
for object detection. More details about these metrics are
presented in the supplementary.

Implementation details. In terms of bounding boxes
guidance, we evaluate our method by plugging it into
various open-source text-to-image models and methods,
including Stable Diffusion (SD) V-1.4 [47], Attend-and-
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A car on the left of a chair

CAR SAR Counting Spatial Size  Color

Precision TRecallt F11T Acc.T Acc.T Acc.?
X X 78.81 59.44  66.58 30.74 26.75 18.78
X v 79.76 59.34  67.03 3643 30.34 18.39
v X 82.11 59.35 67.59 3692 2894 23.88
v v 81.25 59.39 67.54 40.22 27.74 26.32

Table 5. Abaltion study of the CAR and SAR losses using the
GLIGEN model on the HRS benchmark.

excite [10], Layout-guidance [ 1], MultiDiffusion [30], and
GLIGEN [32]. For mask guidance, we integrate our losses
to Stable diffusion [47] and compare with other free-
training methods: DenseDiffusion [29] and Pww [4]. All
the mentioned methods are configured as default settings.

4.2. Quantitative results

We show the results on the HRS benchmark [3] in Ta-
ble 1. Using our losses consistently enhances F1 scores in
counting by an average of 2%, with Layout-guidance [11]
models showing a notable 7% improvement. Spatial accu-
racy gains an average of 10% with our losses. Our method
boosts accuracy by up to 10.9% in the size and color cate-
gories. It can be seen that Attention-refocusing losses out-
performs Boxdiff [61] in counting, spatial and color cate-
gories, especially 7% improvement in spatial composition.
Specifically, GLIGEN [32] sees an increase in spatial and
color accuracy by around 10% and 8%, respectively. Stable
Diffusion [47], which relies solely on text input, lags be-
hind other grounded text-to-image models. However, with
our attention-guided enhancements, it outperforms several
methods like Layout-guidance and MultiDiffusion. A sim-
ilar trend also can be observed in the DrawBench [49] re-
sults in our supplementary material. The TIFA evaluation
in Table 2 further demonstrates the efficacy of our CAR
and SAR losses, particularly enhancing counting and spatial
accuracy across all baseline versions without detriment to
other categories. This is reflected in the overall TIFA score
improvements. Moreover, our attention-refocusing losses
improve textual alignment in models like Stable Diffusion
and GLIGEN without affecting image quality, ensuring that
FID scores remain compatible with the originals. The eval-
uation of FID can be seen in Table 4.

For mask guidance evaluation, we report the quantitative
evaluation in Table 3. Our method outperforms the current
state-of-the-art approaches with an IoU of 38.97 & 0.56 and
a leading SOA-I score and Clip score, indicating improved
layout fidelity and object detection in generated images.

4.3. Qualitative results

Note that we generate each pair of images with the same ini-
tial noise and the layouts in all figures are generated from
GPT-4 api. Fig. 5 illustrates the qualitative comparison of
various methods with and without our losses. In all the

CAR X X v v
SAR

X
<
X
<

Figure 6. Ablation study. We show sample grounded text-to-
image generation demonstrating the effects of the two proposed
attention guidance.

Input ControlNet [64]

ControlNet + Ours

Figure 7. ControlNet with attention-based guidance. The input
of ControlNet is a small image in the top right of the first column.
With an extra segmentation map (the bigger images in the first
column), our losses can refine the attribute blending of ControlNet.

cases, our losses help generate images with more precise
spatial locations, colors, and numbers of objects. For exam-
ple, attention-refocusing loss helps to mitigate the attribute
mixing problem of Layout-guidance [11] (in the fourth col-
umn).

In Fig. 8, we show the results using prompts from the
HRS benchmark. While MultiDiffusion [30] and Layout-
guidance [11] often do not respect the input layouts, partic-
ularly in smaller boxes, GLIGEN incorrectly aligns objects
with grounded input or mismatch colors. In contrast, in-
tegrating our attention-refocusing losses with GLIGEN en-
hances alignment and color accuracy. The results of our
approach underscore our method’s effectiveness in creating
novel spatial configurations and attributes.

Additionally, as shown in Fig. 7, our CAR and SAR
losses can adapt to segmentation mask guidance, refining
ControlNet’s output by reducing attribute mixing and avoid-
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Figure 8. Visual comparisons on HRS benchmark. Here, we ap-
ply our attention-based guidance to grouned text-to-image models.
All methods take the same grounded texts as inputs. The results
show the capability of our method in synthesizing novel spatial
compositions and attributes.

ing generating additional and irrelevant objects.

4.4. Ablation studies

We ablate the two losses using GLIGEN [32] as the base-
line method in Fig. 6. GLIGEN sometimes struggles with
prompts including multiple objects, especially objects in the
same category or size. CAR loss can mitigate this problem,
but the generated objects still have attributes blended from
others. For instance, with only CAR loss, a generated car
might have a mixed chair feature and vice versa. Incorpo-
rating CAR and SAR losses further mitigates the attribute
blending problem.

We further perform quantitative evaluation in Table 5 for
all categories in the HRS benchmark. Adding CAR or SAR
loss to the GLIGEN model improves the baseline in all four
categories. Particularly in spatial relationships, using SAR
or SAR can improve GLIGEN by approximately 6%. When
using both losses, we can achieve an around 10% accuracy
improvement.

4.5. Large language model evaluation

We examine the latest large language models, GPT-4 [40]
GPT-3 [7], Llama 1 [53] and Llama 2 [54] (version 13b-
chat) by evaluating their ability to comprehend the visual
concept. We randomly chose 200 prompts from four cate-
gories in the HRS benchmark and report three metrics: For-
mat, Validness, and Correctness. (The details of three met-
rics can be found in the supplementary.)

In Table 6, GPT-4 outperforms Llama 1, Llama 2, and
GPT-3 in three metrics. Leveraging the leading large lan-
guage model, our two-stage text-to-image model surpasses
the single-stage Stable Diffusion [47] in understanding ob-
ject relationships and textual alignment, as shown in Fig. 9.

Model Format 1 Valid 1 Correct 1
Llama 1 [53] 67.5 46.0 38.5
Llama 2 [54] 98.5 84.0 63.5
GPT-3 [7] 98.5 97.5 83.5
GPT-4 [40] 98.5 98.5 88.5

Table 6. Performance evaluation of LLMs using 200 random
prompts in the HRS benchmark (%)

An Owl riding a bicycle with the moon in the background, studio lighting, quality
photography by Wes Anderson, trending on art station

Anthro furry humanoid racoon, military uniform, holding a machinegun and sitting on the
, character concept design, painting,

Layout GLIGEN + Ours Stable
from GPT Diffusion [47]
Figure 9. Comparisons of Stable Diffusion and our two-stage
pipeline. Our two-stage pipeline excels over Stable Diffusion [47]
in prompt understanding.
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Figure 10. The failures cases of our framework. GPT-4 some-
times misinterprets object quantity or size and instances of the
text-to-image model not aligning with GPT-4’s layout

5. Limitation

The Fig. 10 illustrates failure cases where our framework
struggles. When dealing with prompts describing a large
number of objects, GPT-4 occasionally produces an incor-
rect count or generates small boxes. Additionally, there are
instances where GPT-4 accurately generates the layout, yet
the grounded text-to-image model fails to adhere to these
out-of-distribution layouts (the second example).

6. Conclusion

In this paper, we propose a novel attention-refocusing ap-
proach to improve the alignment of cross- and self-attention
layers given layouts during the sampling process. Further-
more, we explore the usage of Large Language Models for
generating visual layouts from text prompts. Our proposed
losses can be easily incorporated into existing text-to-image
diffusion models. The comprehensive experiments show fa-
vorable performance against state-of-the-art grounded text-
to-image models.
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