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Abstract

Text-to-image diffusion models are now capable of generating images that are often
indistinguishable from real images. To generate such images, these models must
understand the semantics of the objects they are asked to generate. In this work we
show that, without any training, one can leverage this semantic knowledge within
diffusion models to find semantic correspondences — locations in multiple images
that have the same semantic meaning. Specifically, given an image, we optimize
the prompt embeddings of these models for maximum attention on the regions
of interest. These optimized embeddings capture semantic information about the
location, which can then be transferred to another image. By doing so we obtain
results on par with the strongly supervised state of the art on the PF-Willow dataset
and significantly outperform (20.9% relative for the SPair-71k dataset) any existing
weakly or unsupervised method on PF-Willow, CUB-200 and SPair-71k datasets.

1 Introduction

Estimating point correspondences between images is a fundamental problem in computer vision,
with numerous applications in areas such as image registration [1]], object recognition [2]], and 3D
reconstruction [3]]. Work on correspondences can largely be classified into geometric and semantic
correspondence search. Geometric correspondence search aims to find points that correspond to the
same physical point of the same object and are typically solved with local feature-based methods [4,
5,164 [7, 18] and optical flow methods [9}10]. Semantic correspondence search — the core application
of interest in this paper — focuses on points that correspond semantically [[L1} 12} [13} 14} [15[16]], not
necessarily of the same object, but of similar objects of the same or related class. For example, given
the selected kitten paw in the (source) image of we would like to automatically identify
kitten paws in other (target) images. =~ Whether geometric or semantic correspondences, a common
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Figure 1: Teaser — We optimize for the prompt embedding of the diffusion model that activates
attention in the region of the ‘paw’ for the source image, marked in . With this embedding, the
attention highlights semantically similar points in various target images, which we then use to find
semantic correspondences. This holds even for “out of distribution” target images (LEGO cats).
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Figure 2: Semantic knowledge in diffusion models — Given an input image and text prompts
describing parts of the image, the attention maps of diffusion models highlight semantically relevant
areas of the image. We visualize the attention maps superimposed atop the input image.

recent trend is to learn to solve these problems [[17], as in many other areas of computer vision.

While learning-based methods provide superior performance [[16) (15} [17, 18] often these methods
need to be trained on large supervised datasets [[17, [19]. For geometric correspondences, this is
relatively straightforward, as one can leverage the vast amount of photos that exist on the web and
utilize points that pass sophisticated geometric verification processes [[17, 20, [19]. For semantic
correspondences, this is more challenging, as one cannot simply collect more photos for higher-
quality ground truth—automatic verification of semantic correspondences is difficult, and human
labeling effort is required. Thus, research on unsupervised learned semantic correspondence has been
trending [21} 22} 23]].

In this work, we show that one may not need any ground-truth semantic correspondences between
image pairs at all for finding semantic correspondences, or need to rely on generic pre-trained
deep features [24] 25] — we can instead simply harness the knowledge within powerful text-to-
image models. Our key insight is that, given that recent diffusion models [26} 127, 128|129, |30] can
generate photo-realistic images from text prompts only, there must be knowledge about semantic
correspondences built-in within them. For example, for a diffusion model to successfully create
an image of a human face, it must know that a human face consists of two eyes, one nose, and a
mouth, as well as their supposed whereabouts — in other words, it must know the semantics of the
scene it is generating. Thus, should one be able to extract this knowledge from these models, trained
with billions of text-image pairs [30} 31]], one should be able to solve semantic correspondences as a
by-product. Note here that these generative models can also be thought of as a form of unsupervised
pre-training, akin to self-supervised pre-training methods [32} 25]], but with more supervision from
the provided text-image relationship.

Hence, inspired by the recent success of prompt-to-prompt [33] for text-based image editing, we
build our method by exploiting the attention maps of latent diffusion models. These maps attend to
different portions of the image as the text prompt is changed. For example, given an image of a cat, if
the text prompt is ‘paw’, the attention map will highlight the paws, while if the text prompt is ‘collar’,
they will highlight the collar; see Given arbitrary input images, these attention maps should
respond to the semantics of the prompt. In other words, if one can identify the ‘prompt’ corresponding
to a particular image location, the diffusion model could be used to identify semantically similar
image locations in a new, unseen, image. Note that finding actual prompts that correspond to words
is a discrete problem, hence difficult to solve. However, these prompts do not have to correspond
to actual words, as long as they produce attention maps that highlight the queried image location.
In other words, the analogy above holds when we operate on the continuous embedding space of
prompts, representing the core insight over which we build our method.

With this key insight, we propose to find these (localized) embeddings by optimizing them so that the
attention map within the diffusion models corresponds to points of interest, similarly to how prompts
are found for textual inversion [34] [35]]. As illustrated in[Figure I} given an (source) image and a
(query) location that we wish to find the semantic correspondences of, we first optimize a randomly
initialized text embedding to maximize the cross-attention at the query location while keeping the
diffusion model fixed (i.e. stable diffusion [30]). We then apply the optimized text embedding to
another image (i.e. target) to find the semantically corresponding location — the pixel attaining the
maximum attention map value within the target image.

Beyond our core technical contribution, we introduce a number of important design choices that
deal with problems that would arise from its naive implementation. Specifically, (1) as we optimize



on a single image when nding the embeddings, to prevent over tting we apply random crops; (2)
to avoid the instability and randomness of textual inverdBf[85] we nd multiple embeddings
starting from random initialization; (3) we utilize attention maps at different layers of the diffusion
network to build a multi-scale notion of semantic matching. These collectively allow our method to
be on par with strongly-supervised state of the art on the PF-Willow datedetrid outperform all
weakly- and un-supervised baselines in PF-Willow, CUB-Z8),[and SPair-71k datasei®4] — on

the SPair-71k dataset we outperform the closest weakly supervised baseline by 20.9% relative.

We emphasize that our method does not require supervised training that is speci ¢ to semantic point

correspondence estimation. Instead, we simply utilizeféthe-shelfdiffusion model,without

ne-tuning, and are able to achieve state-of-the-art results. To summarize, we make the following
contributions:

» we show how to effectively extract semantic correspondences from an off-the-shelf Stable Dif-
fusion [30] model without training any new task-speci ¢ neural network, or using any semantic
correspondence labels;

» we introduce a set of design choices — random crops, multiple embeddings, multi-scale attention —
that are critical to achieving state-of-the-art performance;

» we signi cantly outperform prior state of the art based on weakly supervised techniques on the
SPair-71k[L4], PF-Willow [13], and CUB-200[87] datasets (20.9% relative on SPair-71k) and is
on par with the strongly-supervised state of the art on the PF-Willow [13] dataset.

2 Related work

We rst review work on semantic correspondences and then discuss work focusing on reducing
supervision. We also discuss work on utilizing pre-trained diffusion models.

Semantic correspondencesFinding correspondences is a long-standing core problem in computer
vision, serving as a building block in various tasks, for example, optical ow estimaBgiL[],
structure from motion39, 40, (3, 5], and semantic ow[L1]. While a large body of work exists,
including those that focus more on nding geometric correspondences that rely on local fedtures |
6,[7] and matching then¥[1, 142,143, 8] or directly via deep networksig, 45, 17, 18], here we focus

only on semantic correspondenc#$,[16, 15, 46], that is, the task of nding corresponding locations

in images that are of the same “semantic.g, paws of the cat in Figure 1. For a wider review of
this topic, we refer the reader to [47].

Finding semantic correspondences has been of interest lately, as they allow class-speci ¢ alignment
of data @6, 48], which can then be used to, for example, train generative modglsdr to transfer
content between image$J, 50, 51]. To achieve semantic correspondence, as in many other elds

in computer vision, the state-of-the-art is to train neural netwatks15]. Much research focus

was aimed initially at architectural designs that explicitly allow correspondences to be discovered
within learned feature map4(, 45, 52, 16]. For example using pyramid architecturés]| or
architecturesi6] that utilize both convolutional neural networksd and transformers34]. However,

these approaches require large-scale datasets that are either sdaksk3y/dr densely 5] labeled,

limiting the generalization and scalability of these methods without additional human labeling effort.

Learning semantic correspondences with less supervisianlThus, reducing the strong supervision
requirement has been of research focus. One direction in achieving less supervision is through the use
of carefully designed frameworks and loss formulations. For exampk,dli[21] use a probabilistic
student-teacher framework to distill knowledge from synthetic data and apply it to unlabeled real
image pairs. Kinmet al. [22] form a semi-supervised framework that uses unsupervised losses formed
via augmentation.

Another direction is to view semantic correspondence problem is utilizing pre-trained deep features.
For example, Neural Best-Buddiegs look for mutual nearest neighbor neuron pairs of a pre-trained
CNN to discover semantic correspondences. Aghal.[57] investigate the use of deep features from
pre-trained Vision Transformers (ViTh8], speci cally DINO-VIT [ 25]. More recently, in ASIC 23]

rough correspondences from these pre-trained networks have been utilized to train a network that
maps images into a canonical grid, which can then be used to extract semantic correspondences.

These methods either rely heavily on the generalization capacity of pre-trained neural network
representations [56, 57] or require training a new semantic correspondence network [21, 22, 23]. In



this work, we show how one can achieve dramatically improved results over the current state-of-the-
art, achieving performance similar to that of strongly-supervised methods, even without training any
new neural network by simply using a Stable Diffusion network.

Utilizing pre-trained diffusion models.. Diffusion models have recently emerged as a powerful
class of generative models, attracting signi cant attention due to their ability to generate high-
quality samples30, 26, 27, 28, 29, 59, 60]. Diffusion models generate high-quality samples, with
text-conditioned versions incorporating textual information via cross-attention mechanisms.

Among them, Stable Diffusion [30] is a popular model of choice thanks to its lightweight and open-
source nature. While training a latent diffusion model is dif cult and resource-consuming, various
methods have been suggested to extend its capabilities. These include model persondiiZation [
through techniques such as Low Rank Adaptation (LoF6&) aind textual inversion34], including

new conditioning signals via ControlNe&3], or repurposing the model for completely new purposes
such as text-to-3DE4] and text-driven image editing3B]. While the applications vary, many of
these applications are for generative tasks, that is, creating images and 3D shapes.

Of particular interest to us is the nding from Prompt-to-Prom@][that the cross-attention maps
within diffusion models can effectively act as a pseudo-segmentation for a given text query — in other
words, it contains semantic information. This is further supported by the fact that intermediate features
of diffusion models can be used for semantic segmentaifin [n this work, with these observations,

and with the help of textual inversioB4], we show that we can utilize Stable DiffusioB(] for not

just generative tasks, but for the task of nding semantic correspondences, a completely different task
from what these models are trained for, all without any training by repurposing the attention maps,
similarly as in [66] but for an entirely different application and framework.

Concurrently to our work, work utilizing feature representations within Stable Diffusion for corre-
spondences has been proposgd $8, 69]. These methods look into how to use the deep features
within the Stable Diffusion Network effectively, similar to how VGG19 featurdd pre widely used

for various tasks. Our method, on the other hand, looks into how we can alter the attention maps
within Stable Diffusion to our will, in other words taking into account how these features are supposed

to be used within Stable Diffusion — we optimize word embeddings. By doing so we show that one
can perform alternative tasks than simple image creation such as the semantic correspondence task
we demonstrated. However, this is not the end of what our framework can do. For example, a recent
followup to our preprint demonstrated an extension of our method to segmentation [71]

3 Method

Our method identi es semantic correspondences between pairs of images by leveraging the attention
maps induced by latent diffusion models. Given a pair of images (respectively source and target), and
a query point in the source image domain, we seek to compute an attention map that highlights areas
in the target image that are in semantic correspondence with the query. While classical diffusion
models work on images directly, we employ latent diffusion mod&l which operate on encoded
images. Further, rather than being interested in the generated image, we use the attention maps
generated as a by-product of the synthesis process. Our process involves two stages; see Figure 3. In
the rst stage (optimization), we seek to nd an embedding that represents the semantics of the query
region in the source image by investigating the activation map of the denoising step &t lintiee

second stage (inference), the embeddings from the source image are kept xed, and attention maps
for a given target image again at tihare computed. The location attaining the highest value of
attention in the generated map provides the desired semantic correspondence. We start by reviewing
the basics of diffusion models in Section 3.1, detail our two-stage algorithm in Section 3.2, and
augmentation techniques to boost its performance in Section 3.3.

3.1 Preliminaries

Diffusion models are a class of generative models that approximate the data distribution by denoising
a base (Gaussian) distributid®d. In the forward diffusion process, the input imalgis gradually
transformed into Gaussian noise over a seri€k tinesteps. Then, a sequence of denoising iterations



Figure 3:Method — (Top) Given a source image and a query point,opgmizethe embeddings

so that the attention map for the denoising step at titmghlights the query location in the source
image. (Bottom) During inference, we input the target image and reuse the embeddings for the
same denoising stdpdetermining the corresponding point in the target image as the argmax of the
attention map. The architecture mapping images to attention maps is a pre-trained Stable Diffusion
model [30] which is kept frozen throughout the entire process.

predict the noise added for that iteratiarThe diffusion objective is given by:
Lom = Eiy; N 01 K (I Dk - 1)

Rather than directly operating on imadesatent diffusion models (LDM)30] execute instead on a
latentrepresentatiorm, where an encoder maps the imagato a latentz, and a decoder maps the
latent representation back into an image. The model can additionally be made conditional on some
texty, by providing an embedding=  (y) using a text encoder to the denoiser:

Liom = Bz N 0K (zi:t ©)K3):: )

The denoiser for a text-conditional LDM is implemented by a transformer archite&r&(]
involving a combination of self-attention and cross-attention layers.

3.2 Optimizing for correspondences

In what follows, we detail how we compute attention masks given an image/embedding pair, how to
optimize for an embedding that activates a desired position in the source image, and how to employ
this optimized embedding to identify the corresponding point in the target image.

Attention masks. Given an imagé, letz(t) be its latent representation within the diffusion model
at thet-th diffusion step. We rst compute que, = (z(t=8)) %, and keyK | = (e), where

1(),and () are thel-th linear layers of the U-Nef7p] that denoises in the latent space. The
cross-attention at these layers are then de ned as:

p
M %(e; 1) = CrossAttentiofQ,;K ) = softmax QK = d ; 3)

where the attention mad °2 R¢ (" W) P andP, C, h, andw respectively represent the number
of tokens, the number of attention heads in the transformer layer, the height, and width of the image

We select the=8 diffusion step of & =50 steps diffusion model via hyper-parameter tuning.
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