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Caption: “A woman sitting in a restaurant with a pizza in front of her ”
Grounded text: table, pizza, person, wall, car, paper, chair, window, bottle, cup

Caption: “a baby girl / monkey / Hormer Simpson / is scratching her/its head”
Grounded keypoints: plotted dots on the left image 

Caption: “A dog / bird / helmet / backpack is on the grass”
Grounded image: red inset

Caption: “Elon Musk and Emma Watson on a movie poster”
Grounded text: Elon Musk, Emma Watson; Grounded style image: blue inset

Caption: “A vibrant colorful bird sitting on tree branch”
Grounded depth map: the left image

Caption: “A young boy with white powder on his face looks away”
Grounded HED map: the left image

Caption: “Cars park on the snowy street”
Grounded normal map: the left image

Caption: “A living room filled with lots of furniture and plants”
Grounded semantic map: the left image
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Figure 1. GLIGEN enables versatile grounding capabilities for a frozen text-to-image generation model, by feeding different grounding
conditions. GLIGEN supports (a) text entity + box, (b) image entity + box, (c) image style and text + box, (d) keypoints, (e) depth map, (f)
edge map, (g) normal map, and (h) semantic map.

Abstract
Large-scale text-to-image diffusion models have made

amazing advances. However, the status quo is to use
text input alone, which can impede controllability. In this
work, we propose GLIGEN, Grounded-Language-to-Image
Generation, a novel approach that builds upon and extends
the functionality of existing pre-trained text-to-image dif-
fusion models by enabling them to also be conditioned on
grounding inputs. To preserve the vast concept knowledge of

the pre-trained model, we freeze all of its weights and inject
the grounding information into new trainable layers via a
gated mechanism. Our model achieves open-world grounded
text2img generation with caption and bounding box condi-
tion inputs, and the grounding ability generalizes well to
novel spatial configurations and concepts. GLIGEN’s zero-
shot performance on COCO and LVIS outperforms existing
supervised layout-to-image baselines by a large margin.
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1. Introduction
Image generation research has witnessed huge advances

in recent years. Over the past couple of years, GANs [13]
were the state-of-the-art, with their latent space and con-
ditional inputs being well-studied for controllable manipu-
lation [42, 54] and generation [25, 27, 41, 75]. Text condi-
tional autoregressive [46, 67] and diffusion [45, 50] models
have demonstrated astonishing image quality and concept
coverage, due to their more stable learning objectives and
large-scale training on web image-text paired data. These
models have gained attention even among the general public
due to their practical use cases (e.g., art design and creation).

Despite exciting progress, existing large-scale text-to-
image generation models cannot be conditioned on other
input modalities apart from text, and thus lack the ability to
precisely localize concepts, use reference images, or other
conditional inputs to control the generation process. The cur-
rent input, i.e., natural language alone, restricts the way that
information can be expressed. For example, it is difficult to
describe the precise location of an object using text, whereas
bounding boxes / keypoints can easily achieve this, as shown
in Figure 1. While conditional diffusion models [9, 47, 49]
and GANs [24, 33, 42, 64] that take in input modalities other
than text for inpainting, layout2img generation, etc., do exist,
they rarely combine those inputs for controllable text2img
generation.

Moreover, prior generative models—regardless of the
generative model family—are usually independently trained
on each task-specific dataset. In contrast, in the recognition
field, the long-standing paradigm has been to build recogni-
tion models [29, 37, 76] by starting from a foundation model
pretrained on large-scale image data [4,15,16] or image-text
pairs [30, 44, 68]. Since diffusion models have been trained
on billions of image-text pairs [47], a natural question is:
Can we build upon existing pretrained diffusion models and
endow them with new conditional input modalities? In this
way, analogous to the recognition literature, we may be able
to achieve better performance on other generation tasks due
to the vast concept knowledge that the pretrained models
have, while acquiring more controllability over existing text-
to-image generation models.

With the above aims, we propose a method for providing
new grounding conditional inputs to pretrained text-to-image
diffusion models. As shown in Figure 1, we still retain the
text caption as input, but also enable other input modalities
such as bounding boxes for grounding concepts, grounding
reference images, grounding part keypoints, etc. The key
challenge is preserving the original vast concept knowledge
in the pretrained model while learning to inject the new
grounding information. To prevent knowledge forgetting,
we propose to freeze the original model weights and add
new trainable gated Transformer layers [61] that take in the
new grounding input (e.g., bounding box). During training,

we gradually fuse the new grounding information into the
pretrained model using a gated mechanism [1]. This design
enables flexibility in the sampling process during generation
for improved quality and controllability; for example, we
show that using the full model (all layers) in the first half of
the sampling steps and only using the original layers (without
the gated Transformer layers) in the latter half can lead
to generation results that accurately reflect the grounding
conditions while also having high image quality.

In our experiments, we primarily study grounded
text2img generation with bounding boxes, inspired by the
recent scaling success of learning grounded language-image
understanding models with boxes in GLIP [31]. To en-
able our model to ground open-world vocabulary con-
cepts [29,31,69,72], we use the same pre-trained text encoder
(for encoding the caption) to encode each phrase associated
with each grounded entity (i.e., one phrase per bounding
box) and feed the encoded tokens into the newly inserted
layers with their encoded location information. Due to the
shared text space, we find that our model can generalize to
unseen objects even when only trained on the COCO [36]
dataset. Its generalization on LVIS [14] outperforms a strong
fully-supervised baseline by a large margin. To further im-
prove our model’s grounding ability, we unify the object
detection and grounding data formats for training, following
GLIP [31]. With larger training data, our model’s general-
ization is consistently improved.

Contributions. 1) We propose a new text2img genera-
tion method that endows new grounding controllability over
existing text2img diffusion models. 2) By preserving the pre-
trained weights and learning to gradually integrate the new
localization layers, our model achieves open-world grounded
text2img generation with bounding box inputs, i.e., synthesis
of novel localized concepts unobserved in training. 3) Our
model’s zero-shot performance on layout2img tasks signifi-
cantly outperforms the prior state-of-the-art, demonstrating
the power of building upon large pretrained generative mod-
els for downstream tasks.

2. Related Work
Large scale text-to-image generation models. State-of-
the-art models in this space are either autoregressive [12, 46,
62, 67] or diffusion [39, 45, 47, 50, 74]. Among autoregres-
sive models, DALL-E [46] is one of the breakthrough works
that demonstrates zero-shot abilities, while Parti [67] demon-
strates the feasibility of scaling up autoregressive models.
Diffusion models have also shown very promising results.
DALL-E 2 [45] generates images from the CLIP [44] image
space, while Imagen [50] finds the benefit of using pretrained
language models. The concurrent Muse [6] demonstrates
that masked modeling can achieve SoTA-level generation
performance with higher inference speed. However, all of
these models usually only take a caption as the input, which
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Model Generation: FID (↓) Grounding: YOLO (↑)
Fine-tuned Zero-shot AP/AP50/AP75

CogView [10] - 27.10 -
KNN-Diffusion [2] - 16.66 -
DALL-E 2 [45] - 10.39 -
Imagen [50] - 7.27 -
Re-Imagen [7] 5.25 6.88
Parti [67] 3.20 7.23 -
LAFITE [75] 8.12 26.94 -
LAFITE2 [73] 4.28 8.42 -
Make-a-Scene [12] 7.55 11.84 -
NÜWA [62] 12.90 - -
Frido [11] 11.24 - -
XMC-GAN [70] 9.33 - -
AttnGAN [63] 35.49 - -
DF-GAN [59] 21.42 - -
Obj-GAN [32] 20.75 - -
LDM [47] - 12.63 -
LDM* 5.91 11.73 0.6 / 2.0 / 0.3
GLIGEN (COCO2014CD) 5.82 - 21.7 / 39.0 / 21.7
GLIGEN (COCO2014D) 5.61 - 24.0 / 42.2 / 24.1
GLIGEN (COCO2014G) 6.38 - 11.2 / 21.2 / 10.7

Table 1. Evaluation of image quality and correspondence to layout
on COCO2014 val-set. All numbers are taken from corresponding
papers, LDM* is our COCO fine-tuned LDM baseline. Here GLI-
GEN is built upon LDM.

5.1. Closed-set Grounded Text2Img Generation
We first evaluate the generation quality and grounding

accuracy of our model in a closed-set setting. For this, we
train and evaluate on the COCO2014 [36] dataset, which is
a standard benchmark used in the text2img literature [45, 50,
59,63,75], and evaluate how the different types of grounding
instructions impact our model’s performance.

Grounding instructions. We use the following grounding
instructions to train our model: 1) COCO2014D: Detec-
tion Data. There are no caption annotations so we use a
null caption input [19]. Detection annotations are used as
noun-entities. 2) COCO2014CD: Detection + Caption Data.
Both caption and detection annotations are used. Note that
the noun entities may not always exist in the caption. 3)
COCO2014G: Grounding Data. Given the caption annota-
tions, we use GLIP [31], which detects the caption’s noun
entities in the image, to get pseudo box labels. Please refer
to supp for more details about these three types of data.

Baselines. Baseline models are listed in Table 1. Among
them, we also finetune an LDM [47] pretrained on LAION
400M [51] on COCO2014 with its caption annotations,
which we denote as LDM*. The text2img baselines, as
they cannot be conditioned on box inputs, are trained on
COCO2014C: Caption Data.

Evaluation metrics. We use the captions and/or box anno-
tations from 30K randomly sampled images to generate 30K
images for evaluation. We use FID [18] to evaluate image
quality. To evaluate grounding accuracy (i.e. correspondence
between the input bounding box and generated entity), we
use the YOLO score [35]. Specifically, we use a pretrained
YOLO-v4 [5] to detect bounding boxes on the generated
images and compare them with the ground truth boxes using

A blue jay is standing on a branch in the woods near us

a croissant is placed in a brown wooden table

a hello kitty is holding a laundry basket

Figure 4. Our model can generalize to open-world concepts even
when only trained using localization annotation from COCO.

average precision (AP). Since prior text2img methods do
not support taking box annotations as input, it is not fair to
compare with them on this metric. Thus, we only report
numbers for the fine-tuned LDM as a reference.

Results. Table 1 shows the results. First, we see that the
image synthesis quality of our approach, as measured by FID,
is better than most of the state-of-the-art baselines due to rich
visual knowledge learned in the pretraining stage. Next, we
find that all three grounding instructions lead to comparable
FID to that of the LDM* baseline, which is finetuned on
COCO2014 with caption annotations. Our model trained
using detection annotation instructions (COCO2014D) has
the overall best performance. However, when we evaluate
this model on COCO2014CD instructions, we find that it
has worse performance (FID: 8.2) – its ability to understand
real captions may be limited as it is only trained with the
null caption. For the model trained with GLIP grounding
instructions (COCO2014G), we actually evaluate it using
the COCO2014CD instructions since we need to compute
the YOLO score which requires ground-truth detection an-
notations. Its slightly worse FID may be attributed to its
learning from GLIP pseudo-labels. The same reason can
explain its low YOLO score (i.e., the model did not see any
ground-truth detection annotations during training).

Overall, this experiment shows that: 1) Our model can
successfully take in boxes as an additional condition while
maintaining image generation quality. 2) All grounding
instruction types are useful, which suggests that combining
their data together can lead to complementary benefits.

Comparison to Layout2Img generation methods. Thus
far, we have seen that our model correctly learns to use the
grounding condition. But how accurate is it compared to
methods that are specifically designed for layout2img gener-
ation? To answer this, we train our model on COCO2017D,
which only has detection annotations. We use the 2017 splits
(instead of 2014 as before), as it is the standard benchmark
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Ours-sample1 Ours-sample2 Ours-sample3 Stable diffusion

Caption: “a hen is hatching a huge egg”
Grounded text: hen, egg

Caption: “golden hour, a pekingese is on the beach with an umbrella”
Grounded text: Pekingese, umbrella, sea 

Figure 5. Grounded text2image generation. The baseline lacks grounding ability and can also miss objects e.g. “umbrella” in a sentence
with multiple objects due to CLIP text space, and it also struggles to generate spatially counterfactual concepts.

Model FID (↓) YOLO score (AP/AP50/AP75) (↑)
LostGAN-V2 [56] 42.55 9.1 / 15.3 / 9.8
OCGAN [58] 41.65 -
HCSS [23] 33.68 -
LAMA [35] 31.12 13.40 / 19.70 / 14.90
TwFA [64] 22.15 - / 28.20 / 20.12
GLIGEN-LDM 21.04 22.4 / 36.5 / 24.1

Table 2. Image quality and correspondence to layout are compared
with baselines on COCO2017 val-set.

Model Training data AP APr APc APf

LAMA [35] LVIS 2.0 0.9 1.3 3.2
GLIGEN-LDM COCO2014CD 6.4 5.8 5.8 7.4
GLIGEN-LDM COCO2014D 4.4 2.3 3.3 6.5
GLIGEN-LDM COCO2014G 6.0 4.4 6.1 6.6
GLIGEN-LDM GoldG,O365 10.6 5.8 9.6 13.8
GLIGEN-LDM GoldG,O365,SBU,CC3M 11.1 9.0 9.8 13.4
GLIGEN-Stable GoldG,O365,SBU,CC3M 10.8 8.8 9.9 12.6
Upper-bound - 25.2 19.0 22.2 31.2

Table 3. GLIP-score on LVIS validation set. Upper-bound is
provided by running GLIP on real images scaled to 256 × 256.

in the layout2img literature. In this experiment, we use the
exact same annotation as all layout2img baselines.

Table 2 shows that we achieve the state-of-the-art perfor-
mance for both image quality and grounding accuracy. We
believe the core reason is because previous methods train
their model from scratch, whereas we build upon a large-
scale pretrained generative model with rich visual semantics.
Qualitative comparisons are in the supp.

5.2. Open-set Grounded Text2Img Generation
COCO-training model. We first take GLIGEN trained only
with the grounding annotations of COCO (COCO2014CD),
and evaluate whether it can generate grounded entities be-
yond the COCO categories. Figure 4 shows qualitative
results, where GLIGEN can ground new concepts such as
“blue jay”, “croissant” or ground object attributes
such as “brown wooden table”, beyond the training
categories. We hypothesize this is because the gated self-
attention of GLIGEN learns to re-position the visual features

corresponding to the grounding entities in the caption for
the ensuing cross-attention layer, and gains generalization
ability due to the shared text spaces in these two layers.

We also quantitatively evaluate our model’s zero-shot
generation performance on LVIS [14], which contains 1203
long-tail object categories. We use GLIP to predict bounding
boxes from the generated images and calculate AP, thus we
name it as GLIP score. We compare to a state-of-the-art
model designed for the layout2img task: LAMA [35]. We
train LAMA using the official code on the LVIS training set
(in a fully-supervised setting), whereas we directly evaluate
our model in a zero-shot task transfer manner, by running
inference on the LVIS val set without seeing any LVIS labels.
Table 3 (first 4 rows) shows the results. Surprisingly, even
though our model is only trained on COCO annotations,
it outperforms the supervised baseline by a large margin.
This is because the baseline, which is trained from scratch,
struggles to learn from limited annotations (many of the rare
classes in LVIS have fewer than five training samples). In
contrast, our model can take advantage of the pretrained
model’s vast concept knowledge.

Scaling up the training data. We next study our model’s
open-set capability with much larger training data. Specif-
ically, we follow GLIP [31] and train on Object365 [52]
and GoldG [31], which combines two grounding datasets:
Flickr [43] and VG [28]. We also use CC3M [53] and
SBU [40] with grounding pseudo-labels generated by GLIP.

Table 3 shows the data scaling results. As we scale up
the training data, our model’s zero-shot performance in-
creases, especially for rare concepts. We also try to finetune
the model pretrained on our largest dataset on LVIS and
demonstrate its performance in the supp. To demonstrate
the generality of our method, we also train our model based
on the Stable Diffusion model checkpoint using the largest
data. We show some qualitative examples in Figure 5 using
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this model. Our model gains the grounding ability compared
to vanilla Stable Diffusion. We notice that Stable Diffusion
model may overlook certain objects (“umbrella” in the
second example) due to its use of the CLIP text encoder
which tends to focus on global scene properties, and may
ignore object-level details [3]. It also struggles to generate
spatially counterfactual concepts. By explicitly injecting
entity information through grounding tokens, our model can
improve the grounding ability in two ways: the referred ob-
jects are more likely to appear in the generated images, and
the objects reside in the specified spatial location.

5.3. Beyond Text Modality Grounding

Image grounded generation. One can also use a reference
image to represent a grounded entity as discussed previously.
Fig. 1 (b) shows qualitative results, which demonstrate that
the visual feature can complement details that are hard to
describe by language.

Text and image grounded generation. Besides using ei-
ther text or image to represent a grounded entity, one can also
keep both representations in one model for more creative
generation. Fig. 1 (c) shows text grounded generation with
style / tone transfer. For the style reference image, we find
that grounding it to an image corner or its edge is sufficient.
Since the model needs to generate a harmonious style for
the entire image, we hypothesize the self-attention layers
may broadcast this information to all pixels, thus leading to
consistent style for the entire image.

Keypoints grounded generation. We also demonstrate
GLIGEN using keypoints for articulate objects control as
shown in the Fig. 1 (d). Note that this model is only trained
with human keypoint annotations; but it can generalize to
other humanoid object due to the scheduled sampling tech-
nique we proposed. We also quantitatively study this ground-
ing condition in the supp.

Spatially-aligned condition map grounded generation.
Fig. 1 (e-h) demonstrate results for depth map, edge map,
normal map, and semantic map grounded generation. These
types of conditions allow users to have more fine-grained
generation control. See supp for more qualitative results.

5.4. Scheduled Sampling
As stated in Eq. (8) and Eq. (10), we can schedule infer-

ence time sampling by setting β to 1 (use extra grounding
information) or 0 (reduce to the original pretrained diffu-
sion model). This can make our model exploit different
knowledge at different stages.

Fig. 6 qualitatively shows the benefits of our scheduled
sampling by setting τ to be 0.2. The images in the same row
share the same noise and conditional input. The first row
shows that scheduled sampling can be used to improve image
quality, as the original Stable Diffusion model is trained with

Caption: “a cute low poly Shiba Inu”
Grounded text: Shiba Inu

𝜏 = 1

Caption: “a robot is sitting on a bench”
Grounded keypoints: plotted dots on the left figure

𝜏 = 0.2

Figure 6. Scheduled Samping. It can improve visual or extend a
model trained in one domain (e.g., human) to the others.

high quality images. The second row shows a generation
example by our model trained with COCO human keypoint
annotations. Since this model is purely trained with human
keypoints, the final result is biased towards generating a
human even if a different object (i.e., robot) is specified in
the caption. However, by using scheduled sampling, we can
extend this model to generate other objects with a human-
like shape.

6. Conclusion
We proposed GLIGEN for expanding pretrained text2img

diffusion models with grounding ability, and demonstrated
open-world generalization using bounding boxes as the
grounding condition. Our method is simple and effective,
and can be easily extended to other conditions such as key-
points, reference images, spatially-aligned conditions (e.g.,
edge map, depth map, etc). One limitation we noticed is that
the generated style or aesthetic distribution can shift after
adding the new gated self-attention layers (e.g., the model
sometimes struggles to generate graphics style images when
τ is set to 1), which is probably due to the grounding training
data being all natural images. Adding images from more
diverse style distributions or further finetuning the model
with highly aesthetic images could help alleviate this issue.
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