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Unleashing the Power of Text-to-Image Diffusion
Models for Category-Agnostic Pose Estimation
Duo Peng, Zhengbo Zhang, Ping Hu, Qiuhong Ke, De Wen Soh, Mohammed Bennamoun, and Jun Liu

Abstract—Category-Agnostic Pose Estimation (CAPE) aims to detect keypoints of unseen object categories in a few-shot setting, where
the scarcity of labeled data poses significant challenges to generalization. In this work, we propose Prompt Pose Matching (PPM), a novel
framework that unleashes the power of off-the-shelf text-to-image diffusion models for CAPE. PPM learns pseudo prompts from few-shot
examples via the text-to-image diffusion model. These learned pseudo prompts capture semantic information of keypoints, which can then
be used to locate the same type of keypoints from images. To provide prompts with representative initialization, we introduce a category-
agnostic pre-training strategy to capture the foreground prior shared across categories and keypoints. To support the reliable prompt
pre-training, we propose a Foreground-Aware Region Aggregation (FARA) module to provide robust and consistent supervision signal.
Based on the foreground prior, a Foreground-Guided Attention Refinement (FGAR) module is further proposed to reinforce cross-attention
responses for accurate keypoint localization. For efficiency, a Prompt Ensemble Inference (PEI) scheme enables joint keypoint prediction.
Unlike previous methods that highly rely on base-category annotated data, our PPM framework can operate in a base-category-free
setting while retaining strong performance. Code will be available at: https://github.com/DuoPeng-CVer/Prompt-Pose-Matching.

Index Terms—Category-Agnostic Pose Estimation, Diffusion Model, Text-to-Image Generation, Prompt Learning.

✦

1 INTRODUCTION

Pose estimation aims to localize human-defined keypoints
in images, with applications in AR/VR [1], [2], autonomous
driving [3], [4], and health care [5], [6]. Existing methods
[7], [8] achieve strong performance but are typically trained
for a single category, limiting their generalization to diverse
unseen categories in real-world scenarios.

Recent research [9] has introduced Category-Agnostic
Pose Estimation (CAPE) to address this generalization
challenge. In CAPE, the model is provided with one or
a few examples of an unseen category before testing. After
adapting to these few-shot examples, the model is expected to
localize keypoints in test images that share the same semantic
and structural meanings, thereby achieving pose estimation
in a category-agnostic manner with few-shot supervision.

Given the limited information from few-shot examples,
existing CAPE methods [9], [10], [11], [12], [13] typically
rely on external knowledge, i.e., training on predefined base
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(a) Correspondences in CAPE task

(b) Correspondences built by our PPM

Fig. 1. (a) The CAPE task can be regarded as establishing spatial
(keypoint) correspondences between example images and test images.
(b) To address CAPE, our PPM learns prompts that serve as bridges to
build these correspondences, and enable us to harness the knowledge of
the text-to-image diffusion model. Note that in both (a) and (b), there are
multiple correspondences. Here we only show a few of them for clarity.

categories and then adapting to unseen ones. While effective,
this requires extensive data collection and labeling, and
models still struggle to generalize from only a few examples.
Prior studies [9], [13] show that even with large-scale training,
performance drops significantly on unseen categories (e.g.,
furniture, vehicle) that differ from the base categories (e.g.,
face, human body). These challenges highlight the need for a
more data-efficient and generalizable approach to CAPE.

Driven by recent advances in cross-modal representation

https://github.com/DuoPeng-CVer/Prompt-Pose-Matching
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learning [14], [15], [16], [17], text-to-image (T2I) diffusion
models [18], [19], [20], like Stable Diffusion [21], have recently
gained attention for their remarkable ability to generate
photo-realistic images based on user-specified prompts.
Given that existing T2I diffusion models can generate high-
fidelity images that are visually reasonable, we believe
that they contain a wealth of knowledge about the object’s
semantics, structures, compositions, and spatial relations.
In other words, for a T2I diffusion model to successfully
create realistic images of an object, it must know what
components make up this object and it also must understand
the correct positions of these components. Inspired by this
insight, in this work, we propose to harness the power of
T2I diffusion models to address the CAPE task that involves
spatial composition reasoning, by learning from only few-
shot examples of unseen categories. The challenge, however,
lies in that T2I diffusion models are designed for image
generation, not keypoint localization, making it non-trivial
to directly exploit their knowledge.

In response to the challenge mentioned above, this paper
handles the CAPE task from a new perspective, which
regards this task as establishing spatial correspondences
(mappings) between example images and test images, as
shown in Fig. 1 (a). This perspective inspires us a feasible
way to leverage T2I diffusion models to address CAPE,
raising a question: Given that the T2I diffusion model essentially
builds the correspondences (mappings) between texts and images,
can we use such text-image correspondences in diffusion models
to establish image-image spatial correspondences for CAPE? To
address this question, we delve deeper into the architecture
of T2I diffusion models. In particular, we focus on the
commonly-used cross-attention mechanism in T2I diffusion
models, which facilities the visual-textual interactions in
the text-to-image generation process. We observe that the
cross-attention maps extracted from T2I diffusion models
help to highlight the text-related regions of the images. For
example, given an image of a bicycle and the text prompt
“saddle”, the cross-attention map highlights the saddle area.
Similarly, if the text prompt is changed to “front wheel” or
“back wheel”, the corresponding regions are highlighted,
showcasing the model’s capability to perceive different
parts of the object based on the given text input. This is
because the diffusion model is trained on massive text-image
pairs. After its training, the cross-attention mechanism in
the diffusion model is able to understand the structural and
spatial information of object compositions in a joint visual-
textual manner.

Building on this insight, we aim to extend the capabilities
of T2I diffusion models beyond image generation to address
the practical CAPE problem through the following approach:
In CAPE, before testing on images of an unseen category, we
are given only one or a few labeled examples of this category. If
we can find out what text ‘prompt’ corresponds to the particular
keypoint in the given example image, then the found ‘prompt’ can
be used to drive the T2I diffusion model to locate (highlight) a
semantically corresponding keypoint in the test image. In this way,
the found ‘prompt’ can serve as a bridge that builds image-to-image
correspondences (see Fig. 1 b), thereby harnessing the knowledge
in the diffusion model to address the CAPE task. Following this
idea, an intuitive solution is to find an actual text prompt
for each keypoint in the given examples. However, the text

(a) Image (b) Keypoints Distribution

(c) Keypoint-Located Region (d) Image Foreground Region

Fig. 2. (a) An image sample in CAPE. (b) The spatial distribution of all
labeled keypoints. (c) The region where the keypoints are located. (d)
The foreground region of the image, highlighted in green. From (c) and
(d), we can see that all keypoints lie within the foreground region.

descriptions of image keypoints are usually not easy to obtain
[22], since many keypoints (e.g., keypoints in Fig. 1) can be
difficult to describe in texts even for human beings.

In this work, we introduce a novel framework called
Prompt Pose Matching (PPM) to address this challenge. The
core mechanism of PPM is a few-shot prompt adaptation
strategy, which identifies appropriate prompt representations
by learning pseudo prompts. Specifically, given few-shot
examples of an unseen category, PPM uses the labeled
examples to learn (optimize) pseudo prompts, to render
them to be semantically aligned with the corresponding
keypoints of this unseen category. Learning from the few-
shot examples, the pseudo prompts can serve as bridges to
find the corresponding keypoints in the test images via cross-
attention maps of the diffusion model, thereby establishing
the required keypoint correspondences between the example
images and the test images. In this way, PPM can effectively
leverage its inherent knowledge to localize keypoints for
unseen categories.

With the above few-shot prompt adaptation (core mecha-
nism of PPM) in place, we further develop several auxiliary
components to ensure the PPM’s reliability in the CAPE
setting. The following three components (one for prompt
initialization, one for attention refinement, and one for
ensemble inference) serve as supporting designs that make
the PPM framework more stable, accurate, and efficient.

As for prompt initialization, a key observation across both
base and novel categories is that keypoints consistently lie on
the foreground object region (see Fig. 2). Motivated by this,
we propose to learn a category-agnostic foreground prompt
that highlights object regions across diverse categories. This
is because initializing keypoint-specific prompts from this
foreground-aware prior offers a much stronger starting point
than random initialization, which is crucial under few-shot
supervision. Since CAPE provides only keypoint annota-
tions, we propose a Foreground-Aware Region Aggregation
(FARA) module to derive pseudo foreground labels from key-
points by expanding them to visually coherent neighboring
regions using diffusion-model affinity cues. These pseudo
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labels enable effective training of a generalizable foreground
prompt without extra supervision.

As for attention refinement, the learned foreground
prompt also serves as a prior for sharpening keypoint
cross-attention maps. Our proposed Foreground-Guided
Attention Refinement (FGAR) module suppresses irrelevant
activations and strengthens attention responses around
keypoint-relevant regions, alleviating the inaccuracy of raw
cross-attention maps.

As for ensemble inference, we propose a Prompt En-
semble Inference (PEI) scheme to improve efficiency. PEI
aggregates multiple prompts and predicts several keypoints
in a single forward pass, avoiding the one-keypoint-per-
inference limitation common in prior CAPE methods.

While the proposed PPM framework is introduced in
the context of training on base categories to obtain a
generalizable foreground prior, we further extend it to a
variant that requires no such training. Remarkably, all key
components—FARA, FGAR, and PEI—remain applicable
and effective even without access to base-category data.

To provide a clear overview of the entire framework,
we summarize the full PPM pipeline as follows. First, we
use FARA module (Sec. 3.1) to learn a category-agnostic
foreground prompt that provides a strong initialization.
Building on this initialized prompt, we then perform few-
shot adaptation (Sec. 3.2) to obtain keypoint-specific pseudo
prompts, each corresponding to one keypoint of novel
categories. During inference on novel categories, we enhance
cross-attention quality through a training-free FGAR module
(Sec. 3.3), and finally use PEI scheme (Sec. 3.4) to predict
multiple keypoints efficiently.

We summarize our contributions below:

• A novel framework, PPM, is introduced to exploit the
power of T2I diffusion models for CAPE.

• To enable better adaptation to unseen categories, we
propose to learn a class-agnostic foreground prompt
as the initialization.

• We design FARA, a keypoint-seeded region aggrega-
tion module that generates pseudo foreground masks
from sparse annotations.

• We introduce FGAR, a refinement module that distills
foreground prior into cross-attention maps, enabling
more accurate and focused keypoint localization.

• We develop PEI, a prompt ensemble scheme that
enables efficient multi-keypoint localization.

This paper is an extension of our preliminary conference
paper [23] (oral presentation) with several major improve-
ments: (1) We replace the original CPT scheme with a new
class-agnostic prompt pre-training strategy, which learns a
foreground-aware initialization and provides a clearer, more
effective starting point for test-time keypoint localization. (2)
To better utilize limited keypoint annotations, we introduce
the FARA module to derive pseudo foreground masks
via local region aggregation. (3) We refine the attention
mechanism with the FGAR module, which enhances cross-
attention using the learned foreground prior. (4) We develop
the PEI scheme for multi-keypoint inference, substantially
improving efficiency. (5) Beyond MP-100, we evaluate our
method on the more challenging SPair-71k dataset. (6) We

further demonstrate the extendability of PPM on a distinct
task: Unsupervised Dense Correspondences (UDC).

2 RELATED WORK

2.1 Pose Estimation

Pose estimation endeavors to localize semantic or interest
keypoints, such as human body parts [24], [25], [26], [27],
[28], facial landmarks [29], [30], [31], hand keypoints [32],
[33], [34], and vehicle poses [35], [36], [37] from input
images. This task has become more important in computer
vision, with applications spanning from augmented reality
to robotics. Existing methods can be categorized into two
main types: regression-based methods [38], [39], [40], [41]
and heatmap-based methods [42], [43], [44], [45]. Regression-
based methods [38], [39], [40], [41] are known for their high
efficiency and speed, making them suitable for real-time
applications. These approaches typically output a single set
of 2D coordinates for each keypoint, which can streamline
the pose estimation process. However, a significant limitation
of regression-based methods is that they do not take into
account the surrounding context of each keypoint, which
can lead to inaccuracies in complex scenarios where multiple
keypoints may be closely located or occluded. To address
this limitation, heatmap-based approaches [42], [43], [44],
[45] have emerged, which localize keypoints by generating
probabilistic heatmaps instead of fixed coordinates. These
heatmaps provide a richer representation of the keypoint
spatial distribution, allowing for better utilization of keypoint
surrounding areas. In this paper, our method is also based
on heatmaps.

2.2 Category-Agnostic Pose Estimation

The task of Category-Agnostic Pose Estimation (CAPE) seeks
to develop a pose estimation model capable of detecting
the poses of various novel object categories using only a
few reference examples. Traditional approaches [9], [10],
[11], [12], [13] typically involve training the model on a
predefined set of base categories, then adapting it to unseen
categories using the given few-shot examples. While effective,
these methods often require extensive training data and
may struggle to generalize to new categories that differ
significantly from those encountered during training. Recent
advancements have continued to expand the capabilities of
CAPE. GraphCape [46] introduces a graph-based framework
that treats keypoints as connected nodes to exploit geometric
relationships, improving symmetry breaking and occlusion
handling. Building on GraphCape, EdgeCape [47] further
predicts adaptive edge weights and incorporates Markovian
Structural Bias to better capture global spatial dependencies.
SCAPE [48], in contrast, streamlines the design through
implicit matching via self-attention, with a global keypoint
perceptor and attention refiner enhancing both accuracy and
efficiency. In this work, we approach this task from a novel
perspective by harnessing the rich knowledge embedded
within the off-the-shelf T2I diffusion models. By leveraging
the cross-attention mechanism, we can effectively establish
correspondences between example images and test images of
novel categories, even to the extent of eliminating the need
for any training on specific base categories.
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2.3 Text-to-Image Diffusion Models

Text-to-Image (T2I) diffusion models [18], [19], [20], [21]
are powerful generative models that employ diffusion tech-
niques to produce remarkably high-quality images. These
models are primarily designed to generate detailed and
coherent images based on textual descriptions, allowing for
a wide range of creative possibilities. Recently, T2I diffu-
sion models have made remarkable strides across various
domains, including image inpainting [49], which aims to fill
in missing parts of images; image editing [50], which allows
users to modify images in intuitive ways; pixel matching [51],
which establishes pixel correspondences between different
images; and scene understanding [52], which focuses on
analyzing and interpreting visual environments. Addition-
ally, T2I diffusion models have also found applications
in various interdisciplinary fields [53], showcasing their
versatility and effectiveness. As far as we know, in this paper,
we are the first to explore the potential of T2I diffusion
models for the challenging category-agnostic pose estimation
task, addressing the limitations of traditional methods and
opening up a new avenue for research in this area.

2.4 Attention Refinement in T2I Diffusion Models

Several recent works have also explored leveraging cross-
attention maps from T2I diffusion models with attention
refinement. Dataset Diffusion [54] introduces a method
to generate synthetic segmentation datasets using text-
to-image diffusion. It conditions generation with cross-
attention prompts and uses self-attention as a signal filter.
iSeg [55] extracts segmentation results from diffusion mod-
els through iterative cross-attention refinement. It utilizes
entropy-reduced self-attention maps as structural priors to
suppress weak or uncertain responses, leading to sharper
object boundaries. SLiMe [56] presents a segmentation
method using T2I diffusion models, which highlights that
raw cross-attention is often noisy, and introduces weighted
accumulated self-attention to enhance boundary precision.
Different from these segmentation methods, our proposed
Foreground-Guided Attention Refinement (FGAR) module
is specifically designed for the Category-Agnostic Pose Esti-
mation (CAPE) task, where precise localization of keypoints
within the foreground object is critical. Unlike prior methods
that focus on boundary-level tuning or require iterative
post-processing, our FGAR introduces a foreground-guided
and point-concentrated refinement mechanism to directly
enhance cross-attention for precise pose estimation.

2.5 Prompt Learning

The concept of “prompt” was first introduced in [57] as an
instruction appended to the input of large pre-trained models.
Prompting has since been widely studied [58], [59], includ-
ing manually crafted prompts [14], [60], [61], which often
underperform when task semantics are difficult to express
in words. To overcome this limitation, learnable prompt
methods [62], [63], [64] enable models to automatically
acquire suitable textual representations, and several works
further enhance prompts by injecting external knowledge
[65], [66]. Unlike prior methods that learn task prompts for
downstream adaptation, we use prompt learning to encode

keypoint semantics, enabling T2I diffusion models to tackle
the structurally distinct CAPE task.

3 METHOD: PROMPT POSE MATCHING (PPM)
Task Definition. Unlike most pose estimation tasks that pre-
dict keypoints for a single known (seen) category, Category-
Agnostic Pose Estimation (CAPE) requires the model to
efficiently generalize to novel (unseen) categories, which
have not only different appearances, but also varying
numbers of keypoints. In CAPE, during training, we are
given extensively labeled data of some predefined categories
(called base categories). Here, we denote the data of base
categories as Dbase. In Dbase, we use Ibase and Hbase to
represent the image and the corresponding keypoint local-
ization label, respectively. Following [9], we use the keypoint
labels in heatmap format. For each image Ibase, its corre-
sponding heatmap label Hbase contains multiple sub-labels,
i.e., {H1

base, H
2
base, ...,H

n
base, ...,H

N
base} where each sub-label

represents the heatmap of one keypoint, and N denotes the
number of keypoints in the image. Previous methods [9], [10],
[11], [12] generally train the model on Dbase and then test
the model on novel categories to validate its generalization
capacity. Before testing, for each unseen category, the model
is provided with one or a few labeled examples, denoted as
Dexm, for few-shot adaptation. In Dexm, we use Iexm and
Hexm to denote the example image and its corresponding
label. Similarly, Hexm also contain multiple sub-labels for
all keypoints, i,e, {H1

exm, H
2
exm, ...,H

n
exm, ...,H

N
exm}. During

testing, based on the given few-shot examples Dexm, the
model is required to detect the corresponding keypoints of
the same category for the unlabeled test images Itest. Notably,
since different object categories have varying numbers of
keypoints, N may change accordingly based on the category.
However, within the same category, all samples share the
same number of keypoints.

In this paper, we propose a novel PPM framework that
leverages the knowledge in T2I diffusion models for CAPE.
Our PPM has good extensibility, which can be applied to
various T2I diffusion models. For clarity, we use Stable
Diffusion [21] as an example to illustrate our framework.

3.1 Category-Agnostic Prompt Pre-training

By delving into the diffusion model’s cross-attention layers,
we can extract attention maps that are directly conditioned
on the input prompt, thereby capturing semantically aligned
foreground activations (the details of attention extraction will
be described in Sec. 3.2). Motivated by this, we here introduce
a Category-Agnostic Prompt Pre-training strategy, aiming
to pre-learn a foreground prompt that consistently highlights
foreground regions across arbitrary objects. By learning from
base categories Dbase, the foreground prompt provides a
strong initialization for subsequent few-shot adaptation on
novel categories Dexm. This design ensures that adaptation
learning does not start from random or ambiguous initial-
ization, but instead benefits from a category-agnostic prior
that stabilizes optimization in the few-shot setting. However,
the key challenge of pre-training is the absence of dense
foreground masks—the CAPE task only provides sparse
keypoint annotations. To overcome this limitation, we design
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Fig. 3. Architecture of our Foreground-Aware Region Aggregation (FARA)
module. FARA converts sparse keypoint annotations into dense pseudo
foreground maps. Specifically, FARA constructs Superpixel Self-Attention
to highlight regions around each keypoint that are likely to belong to the
foreground. By aggregating the superpixel attention maps of all keypoints,
FARA produces a complete foreground activation map, which is then
used as pseudo supervision for training the foreground prompt.

a Foreground-Aware Region Aggregation (FARA) module
that derives foreground masks directly from keypoint labels.

3.1.1 Pre-training Overview

Given a base-category image Ibase and its keypoint heatmap
labels Hbase, the FARA module generates a pseudo fore-
ground mask M̄ from sparse keypoint annotations. Then,
all these masks serve as supervision for training a learnable
foreground prompt embedding Pf , which interacts with the
diffusion model’s cross-attention layers. Next, we introduce
the FARA module and the foreground prompt learning.

3.1.2 Foreground-Aware Region Aggregation (FARA)

The FARA module generates M̄ in the following three steps:
(1) Superpixel Partitioning. As shown in Fig. 3, we first

apply the typical SEEDS algorithm [67] to segment the image
into K superpixels {S1, S2, ..., SK}. For each superpixel Sk,
we average its feature vectors (extracted from diffusion
model’s intermediate features) to obtain a compact region
representation:

rk =
1

|Sk|
∑
x∈Sk

F (x), (1)

where F (x) denotes the feature of pixel x from the diffusion
model.

(2) Superpixel Self-Attention. Next, we compute cosine
similarity between all pairs of superpixel features to construct

an affinity matrix:

Aff(i, j) =
r⊤i rj

∥ri∥2 · ∥rj∥2
. (2)

where ∥ · ∥2 denotes the L2 norm (or Euclidean norm).
For each keypoint n, we use its affinity scores (the

corresponding column of the similarity matrix) to generate
a superpixel self-attention map An, as shown in the bottom
panel of Fig. 3.

To further improve the reliability of superpixel self-
attention maps, we introduce a distance-based weighting
scheme. The intuition is that superpixels closer to a keypoint
are more likely to belong to its semantic foreground region,
whereas distant superpixels are less relevant and may
introduce noise. By assigning higher weights to nearby
regions and suppressing far-away activations, we ensure
that each superpixel self-attention map better reflects the
local semantic structure around the keypoint. Formally, let ci
be the geometric center of superpixel Si, computed as:

ci =

 1

|Si|
∑

(x,y)∈Si

x,
1

|Si|
∑

(x,y)∈Si

y

 , (3)

where un denote the coordinates of keypoint n. For the
original attention map, we assign each superpixel a weight:

wi,n = exp
(
− ∥ci − un∥22

2δ2

)
, (4)

where δ controls the spatial decay.
Given the weight wi,n, the self-attention map related to

keypoint n is formulated as:

An(i) = wi,n · Aff(i, n), (5)

where An(i) denotes the value of the i-th superpixel of An.
This is also illustrated at the bottom of Fig. 3.

(3) Attention Aggregation. After obtaining each keypoint-
related self-attention map {A1, . . .An, . . .AN}, we merge
them into a complete foreground map as the pseudo label:

M̄ = ξ

(
N∑

n=1

An

)
, (6)

where ξ denotes applying Gaussian smoothing for spatial
harmony.

3.1.3 Foreground Prompt Learning
By leveraging pseudo ground truth M̄ obtained from base
categories, we optimize the foreground prompt embedding
Pf to capture consistent foreground activations. Formally,
the pre-training objective is to align the cross-attention map
induced by Pf , i.e., CrossAtt(Ibase, Pf ), with the pseudo
foreground mask M̄ :

Lpre = ∥CrossAtt(Ibase, Pf )− M̄∥2, (7)

where ∥·∥2 denotes the L2 distance. This pre-training process
ensures that Pf encodes a more generalizable prior, which is
crucial for a reliable few-shot adaptation to novel categories.

3.2 Few-Shot Prompt Adaptation
After completing pre-training on base categories, we move
to few-shot adaptation on novel categories. The foreground
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prompt Pf learned in pre-training is adopted as the initial-
ization for adaptation, thereby reducing the difficulty of few-
shot learning. Before describing the adaptation procedure,
we first provide a brief conceptual clarification. In PPM,
each keypoint-specific pseudo prompt functions as a soft
textual descriptor whose embedding is optimized so that the
resulting cross-attention map aligns with the ground-truth
keypoint heatmap in the example image. This perspective
makes clear that few-shot prompt adaptation enables PPM
to bridge keypoint correspondences from example images to
unseen test images.

3.2.1 Adaptation Overview
The few-shot adaptation on novel categories consists of two
phases. In the first phase (prompt optimization), given an
example image Iexm and its keypoint heatmap label Hexm,
we optimize a pseudo prompt P for each keypoint, using
the pre-trained foreground prompt Pf as initialization, as
illustrated in Fig. 4. For an example image with N keypoints,
N pseudo prompts are optimized accordingly. In the second
phase (prompt inference), the optimized pseudo prompts
are kept fixed and used to compute N corresponding cross-
attention maps for a test image Itest. In this way, the learned
pseudo prompts bridge keypoint correspondences between
example and test images, thereby harnessing Stable Diffusion
to address CAPE. Next, we introduce the two phases in
detail.

3.2.2 Prompt Optimization Phase
In this phase, we aim to learn pseudo prompts to represent
the semantics of the keypoints from few-shot examples Dexm.
Taking the learning for an arbitrary keypoint in the example
image as an example, at the beginning, instead of random
initialization, a pseudo prompt P ∈ Rc is initialized with
the parameters of the pre-trained foreground prompt Pf ,
where c is the channel dimension of the embedding space.
Given an example image Iexm ∈ RH×W×3 and its keypoint

heatmap Hexm ∈ RH×W , we input P and Iexm into Stable
Diffusion to obtain cross-attention maps. Specifically, the
image encoder and diffusion process convert Iexm into a
noisy latent representation Zt,exm, which is then combined
with P in the U-Net reverse process. At each U-Net layer, a
cross-attention map is produced (yellow regions in Fig. 4),
measuring the correlation between Zt,exm and P . Specifically,
the cross-attention map at the l-th layer in the U-Net can be
obtained as:

M l
CA = Sigmoid(

F l
Zt,exm

∗ F⊤
P√

dl
), (8)

where F l
Zt,exm

is the visual feature map at l-th layer, and FP is
the prompt feature; F l

Zt,exm
and FP are obtained from Zt,exm

and P respectively; dl denotes the feature dimension at
the l-th layer; Sigmoid is the normalization that transforms
the values into [0, 1]. In Eq. 8, the prompt feature FP is
multiplied with each pixel-level visual feature of the feature
map F l

Zt,exm
, and thus if the prompt feature and visual

feature are semantically similar (correlated), the attention
value at the corresponding pixel will be high, thereby
highlighting the prompt-related regions. We denote the l-
th layer cross-attention map as M l

CA, where M l
CA ∈ RHl×Wl .

To incorporate cross-attention maps from different layers, as
shown in Fig. 4 (left), we average cross-attention maps across
the U-Net layers, to obtain:

M =
1

L

L∑
l=1

M l
CA, (9)

where L denotes the number of layers in U-Net. Note that
when averaging, we first use the bilinear interpolation to
upsample all the cross-attention maps into the original image
scale H ×W . Thus, we can obtain M ∈ RH×W .

After obtaining the cross-attention map M , given the
heatmap label Hexm of a keypoint, we calculate the L2 loss
between M and Hexm, and use the loss to optimize the
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pseudo prompt P , ensuring that P can drive Stable Diffusion
to highlight the specific keypoint region. The optimization
loss can be formulated as:

L = ∥M −Hexm∥2 , (10)

After optimization, we can obtain a learned pseudo prompt
P that represents the semantics of a keypoint in example
image. By learning from all N keypoint heatmap labels of
the example image, we obtain N pseudo prompts. For a
novel category with multiple labeled examples (i.e., more
than 1-shot), the loss is averaged across examples. Next, we
describe how the learned prompts P are used for keypoint
localization on the test image Itest (inference stage).

3.2.3 Prompt Inference Phase
After optimization, we use the pseudo prompt P learned
from the example image, to find the corresponding keypoint
in each test image. As shown in Fig. 4 (right), given a test
image Itest, we feed P and Itest into Stable Diffusion to
compute the cross-attention map. The highlighted region in
the output cross-attention map denotes the detected corre-
sponding keypoint region. Finally, we locate the keypoint
by finding the position with maximum value in the cross-
attention map, as shown in Fig. 4 (right). In this way, based
on all learned pseudo prompts, we can estimate the location
of all keypoints for the test image of the same category.

3.3 Training-Free Attention Enhancement
As mentioned in few-shot adaptation, the learned pseudo
prompts are applied to test samples for keypoint localization.
During inference, however, the raw cross-attention maps
induced by these prompts may still contain background
noise or spurious activations, which can degrade localization
accuracy. To address this issue without introducing extra
training, we further exploit the pre-trained foreground
prompt Pf to enhance the quality of attention maps in a
training-free manner.

3.3.1 Enhancement Overview
While pseudo prompts enable keypoint-specific localization,
the resulting cross-attention maps from Stable Diffusion often
remain noisy, especially under cluttered backgrounds. To
refine them without additional training, we propose the
Foreground-Guided Attention Refinement (FGAR) module,
which leverages the pre-trained foreground prompt Pf to
generate a foreground attention map Mf for the test image.
At test time, the raw cross-attention maps extracted from
each U-Net layer are passed through FGAR, yielding the
final enhanced attention map for more reliable keypoint
localization under the guidance of Mf .

3.3.2 Foreground-Guided Attention Refinement (FGAR)
The FGAR module enhances the attention quality in the
following two steps:

(1) Foreground-Guided Layer Reweighting. Although
cross-attention maps can be obtained from multiple U-Net
layers, their quality is not uniform: shallow layers may
capture fine-grained local cues but are noisy, whereas deeper
layers may encode global semantics but lose spatial precision,
as shown in Fig. 5. To adaptively integrate them, we compute

a soft IoU score between each layer’s attention map M l
CA and

the foreground attention map Mf . Note that each attention
map M l

CA is resized to the image resolution for consistency.
The soft IoU is formulated as:

IoUl =

∑
i min(M l

CA(i),Mf (i))∑
i max(M l

CA(i),Mf (i))
, (11)

where i indexes pixel locations. As shown in Fig. 5, the acti-
vated regions in M3

CA fall outside the target object, resulting
in a significantly low IoU score. Since the integration weight
depends on the IoU score, the contribution of M3

CA to the
final outcome is marginal.

While IoU directly measures spatial overlap, it alone may
be insufficient: an unfocused attention map can still achieve
a high IoU but lacks precision for keypoint localization. Take
the attention map M1

CA in Fig. 5 as an example, although it
achieves a relatively high IoU score, its attention is scattered,
which introduces considerable uncertainty for keypoint
localization.

To address this, we also introduce a focus score fl that
measures how concentrated the attention is:

fl = σ

( ∑
i M

l
CA(i)∑

i 1
(
M l

CA(i) > τ
)), (12)

where the numerator sums all activations in the attention
map, representing the total energy of this layer’s cross-
attention, the denominator counts the number of pixels above
a threshold τ (we set τ as the mean activation of the attention
map), representing the effective activated area, and σ(·) is
the sigmoid function to normalize fl into [0, 1]. Intuitively, if
an attention map has a large, unfocused activation area, the
denominator becomes large and fl decreases; conversely, if
an attention map is small but concentrated, the denominator
is small and fl increases. Therefore, a larger fl indicates that
the layer’s attention is more focused, rather than spreading
over a broad “blurry” region.

The final layer weight is computed as:

wl = IoUl · fl, (13)

which emphasizes both foreground overlap and attention
concentration. The enhanced attention map is aggregated
across layers as:

M ′ =

∑L
l=1 wl ·M l

CA∑L
l=1 wl

. (14)

This enables the fused map M ′ to highlight the semantic area
while remaining foreground-consistent, producing a more
accurate and robust basis for keypoint localization.

(2) Foreground-Guided Spatial Refinement. After obtain-
ing the fused attention map M ′ through layer reweighting,
we further refine it by enforcing spatial alignment with the
foreground prior Mf . The key intuition is that semantic
keypoints should always lie within the object foreground;
therefore, any residual activations outside the foreground
region are considered unreliable and should be suppressed.
To achieve this, we apply an element-wise multiplication
between the fused attention map M ′ and the foreground
map Mf :

M̃ = M ′ ⊙Mf , (15)



TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE 8

Diff. 

ProcessIm
ag

e

E
n

co
d

er

U-Net of Reverse Process
Stable Diffusion

...

P

Test Image  

 Learned Pseudo Prompt 

(target: bird eye)

IoU1 f1 IoU2 f2 IoU3 f3

Weighted Sum

Pf
Foreground Prompt

Induce

Cross Attention Map 

from Different Layers

Element-wise Multiplication

Foreground 

Prior

Foreground Prior

IoU1=0.63 IoU2=0.47 IoU3=0.01

f1=0.08

f2=0.85

f3=0.59

F
o

cu
s 

S
co

re
 C

al
cu

la
ti

o
n

Soft IoU Calculation

Resize Resize

Enhanced Attention

Mf
MCA

1MCA
1 MCA

2MCA
2 MCA

3MCA
3

M
~

MCA
1MCA
1 MCA

2MCA
2 MCA

3MCA
3

Mf

M´

SuppressSuppress

(1) Layer 

Reweighting

(2) Spatial 

Refinement

Fig. 5. Architecture of our Foreground-Guided Attention Refinement (FGAR) module. FGAR aggregates cross-attention maps from multiple layers in
a training-free manner using the learned foreground prior. It performs two operations: (1) layer reweighting, where Soft IoU and Focus Score jointly
determine the contribution of each layer, and (2) spatial refinement, which suppresses activations outside the foreground region. For clarity, only the
first three layers are visualized in the figure.

where ⊙ denotes element-wise product. This operation
preserves activations consistent with the foreground while
suppressing spurious responses in the background. The
final refined map M̃ thus provides a cleaner and more
semantically aligned basis for reliable keypoint localization.

3.3.3 Training-Free Enhancement
In summary, FGAR refines raw cross-attention maps in two
steps: (1) layer reweighting guided by foreground consis-
tency and attention sharpness, and (2) spatial refinement
enforced by the foreground prior. This entire process can be
expressed as a unified training-free refinement operator Φ(·):

M̃ = Φ({M l
CA}Ll=1,Mf ), (16)

where FGAR is fully training-free and can be seamlessly
integrated into the inference pipeline to produce enhanced
attention maps.

3.4 Prompt Ensemble Inference
In CAPE, prior methods typically localize one keypoint
per inference, requiring N inferences for an image with N
keypoints, leading to inefficiency. To address this, we propose
a novel Prompt Ensemble Inference (PEI) scheme, enabling
our PPM framework to localize multiple keypoints in a single
inference pass, significantly improving efficiency. In our PEI,
we propose an ensemble prompt that integrates multiple
prompts to localize multiple keypoints simultaneously.

At the input space of the T2I diffusion model, after being
processed by the text encoder, the text is encoded into a
sequence composed of multiple tokens. Each token can guide
the diffusion model to independently focus on the corre-
sponding semantics of the image, which is demonstrated in
[68], [69]. Based on this, we propose an ensemble prompt
P ∗ ∈ RT×c, which is composed of T tokens with each token
containing c channels. In this structure, each token is treated

as a pseudo prompt corresponding to one keypoint of the
image, i.e., P ∗ = [P 1, P 2, . . . , PT ]. The value of T is fixed
and determined by the text encoder of the T2I diffusion
model. Given a test image Itest with N keypoints to be
predicted, it is important to note that the number of tokens in
P ∗, denoted as T , is typically much larger than the number
of keypoints in the images, represented as N (i.e., T > N ).
When P ∗ is fed into the Stable Diffusion model, in each
layer, cross-attention is calculated separately for each pseudo
prompt (token), resulting in T cross-attention maps per layer.
In this way, our PPM can obtain T attention maps in a single
forward pass, each corresponding to one of the T prompts.

As mentioned in the Few-Shot Prompt Adaptation stage
(Sec. 3.2), all prompts are initialized from the pre-trained
foreground prompt Pf . Since all prompts share identical
initialization, there is no inherent distinction between them.
Consequently, for few-shot adaptation on N keypoints of
the novel category, we directly optimize the attention maps
corresponding to the first N prompts, which is equivalent to
optimizing any subset of the whole T prompts due to their
identical initialization.

3.5 Training and Testing
Our PPM framework can operate in different scenarios, either
with or without data from base categories.

For PPM with base categories, we strictly follow the pro-
cedures described in Secs. 3.1-3.4 for training and inference.
In short, the foreground prompt is first pre-trained on the
base categories (Sec. 3.1), followed by few-shot adaptation
on the novel categories (Sec. 3.2). During testing, inference
is performed using training-free attention enhancement (Sec.
3.3) and prompt ensemble inference (Sec. 3.4).

For PPM without base categories, given few-shot labeled
examples of a novel category, we perform prompt pre-
training (Sec. 3.1) using these examples, which still allows us
to train a foreground prompt Pf .
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TABLE 1
Results on MP-100 in the setting of Cross Super-Category Generalization (1-shot). Parentheses show prompt-learning time.

Method Base Cate. Hum. Body Hum. Face Vehicle Furniture Avg. Accuracy Inf. Time (hrs)

ProtoNet [10] 37.61 57.80 28.35 42.64 41.60 4.13
MAML [11] 51.93 25.72 17.68 20.09 23.08 2.23

Fine-tune [12] 52.11 25.53 17.46 20.76 28.97 2.05
POMNet [9] 73.82 79.63 34.92 47.27 58.91 4.82

CapeFormer [13] 83.44 80.96 45.40 52.49 65.57 4.96
SCAPE [48] 84.24 85.98 45.61 54.13 67.49 4.17

GraphCape [46] 81.62 83.67 50.18 55.26 67.68 2.92
EdgeCape [47] 88.51 89.62 45.55 64.80 72.12 3.17

PPM 88.45 85.12 54.36 61.83 72.44 0.94 (0.07)
89.17 86.32 54.79 63.16 73.29 0.91 (0.04)

TABLE 2
Results on MP-100 in the setting of Cross Sub-Category Generalization (1-shot).

Method Base Cate. Split1 Split2 Split3 Split4 Split5 Avg. Accuracy Inf. Time (hrs)

ProtoNet [10] 46.05 40.84 49.13 43.34 44.54 44.78 3.67
MAML [11] 68.14 54.72 64.19 63.24 57.20 61.50 1.84

Fine-tune [12] 70.60 57.04 66.06 65.00 59.20 63.58 1.79
POMNet [9] 84.23 78.25 78.17 78.68 79.17 79.70 4.39

CapeFormer [13] 89.45 84.88 83.59 83.53 85.09 85.31 4.42
SCAPE [48] 91.67 86.87 87.29 85.01 86.92 87.55 3.96

GraphCape [46] 91.19 87.81 85.68 85.87 85.61 87.23 2.52
EdgeCape [47] 93.69 89.27 87.85 86.67 87.59 89.01 2.66

PPM 92.95 89.93 86.66 87.86 87.89 89.06 0.85 (0.06)
93.74 90.24 88.13 89.04 89.37 90.10 0.81 (0.02)

TABLE 3
Results on MP-100 in the setting of Cross Sub-Category Generalization (5-shot).

Method Base Cate. Split1 Split2 Split3 Split4 Split5 Avg. Accuracy Inf. Time (hrs)

ProtoNet [10] 60.31 53.51 61.92 58.44 58.61 58.56 3.81
MAML [11] 70.03 55.98 63.21 64.79 58.47 62.50 1.96

Fine-tune [12] 71.67 57.84 66.76 66.53 60.24 64.61 1.92
POMNet [9] 84.72 79.61 78.00 80.38 80.85 80.71 4.41

CapeFormer [13] 91.94 88.92 89.40 88.01 88.25 89.30 4.48
SCAPE [48] 93.42 89.91 90.61 89.44 89.95 90.66 4.05

GraphCape [46] 94.24 91.32 90.15 90.37 89.73 91.16 2.56
EdgeCape [47] 95.51 91.94 91.33 90.36 91.92 92.21 2.74

PPM 94.22 91.83 92.32 91.38 91.94 92.34 0.89 (0.12)
95.76 93.78 92.36 92.54 92.67 93.42 0.86 (0.09)

4 EXPERIMENTS

Unless otherwise specified, in this section, PPM denotes our
framework that includes all designs by default.

4.1 Dataset and Metric.
Most pose estimation datasets are unsuitable for the CAPE
task, as they primarily include only a single category. Fol-
lowing prior CAPE research [9], we evaluate our approach
on the benchmark MP-100 [9], which is composed of many
popular 2D pose estimation datasets, including COCO [24],
300W [70], AFLW [71], OneHand10K [72], DeepFasion2 [73],
MacaquePose [74], Vinegar Fly [75], Desert Locust [76], etc. In
total, MP-100 covers eight super-categories (i.e., human hand,
human face, human body, animal face, animal body, clothes, furni-
ture, and vehicle) and 100 sub-categories (e.g., bus, sofa, bed,
and skirt, etc), providing a very comprehensive evaluation
platform. The MP-100 benchmark is organized into training,
validation, and testing sets, comprising categories without
overlapping, thus facilitating the cross-category evaluation.

We also evaluate our framework on the widely-used
semantic correspondence dataset, SPair-71k [77], which
is a challenging dataset containing diverse variations in
viewpoint and scale. Since the training, validation, and

testing sets of SPair-71k [77] share the same categories, it
shows limited ability in cross-category evaluation. Therefore,
we continue to use the training and validation sets of MP-100
[9] to enable cross-category evaluation. In other words, we
replace the texting set of MP-100 [9] with a more challenging
SPair-71k [77] dataset. We manually remove some categories
in the training and validation sets of MP-100, ensuring there
is no category overlap for evaluation on SPair-71k.

In this paper, following previous work [9], [10], [11],
[12], [13] in category-agnostic pose estimation, we use
the standard metric of we report PCK@0.2 to assess the
algorithm’s accuracy. That is, the PCK (Probability of Correct
Keypoint) [78] considers a prediction correct if it falls within
a distance of 0.2×max(w, h) from the ground-truth location,
where w and h denote the width and height of the object
bounding box, respectively.

4.2 Parameter Setting

During pre-training on base categories, we adopt the Adam
optimizer [79] with a learning rate of 1e − 3. During the
test-time adaptation on few-shot examples, the learning rate
is 5e− 4. In the diffusion process of Stable Diffusion, we use
t = 10 to obtain zt. The U-Net layer number is L = 9 (one
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cross-attention map extracted from each convolutional block).
In FARA, we set δ = 0.1. In PEI, we follow the structure of
Stable Diffusion to set T = 77 and c = 768.

4.3 Memory Usage
All experiments are conducted on two NVIDIA RTX 3090
GPUs (24 GB each) with a per-GPU batch size of 4. During
pretraining on base categories, the memory usage is about 16
GB per GPU. This memory usage primarily stems from multi-
layer attention supervision and gradient-based optimization.
During few-shot adaptation on novel categories, the memory
is increased to about 18 GB, due to the parallel optimization
of multiple keypoint-specific prompts for each image.

In contrast, inference is memory-efficient, requiring about
5 GB per GPU, even though our model simultaneously
processes multiple keypoints within a single pass. This
is because our PEI scheme allows U-Net feature sharing
across all prompts within a single forward pass. By avoiding
repeated feature extraction for each keypoint, our approach
eliminates redundant memory allocation.

4.4 Experimental Settings
For experiments on dataset MP-100 [9], there are two
settings: (1) Cross Super-Category Generalization and (2)
Cross Sub-Category Generalization. In Cross Super-Category
Generalization, we evaluate the model’s ability to generalize
across different super-categories, where the model is trained
on certain super-categories (i.e., base categories) and tested
on others. In Cross Sub-Category Generalization, we assess
the model’s generalization performance across different
sub-categories, where training on some sub-categories (i.e.,
base categories) and testing on others. Besides, there are
also two few-shot settings: (1) 1-shot and (2) 5-shot, which
represent the number of few-shot examples. As existing
methods [9], [13] conduct experiments under three scenarios:
Cross Super-Category Generalization (1-shot), Cross Sub-Category
Generalization (1-shot), and Cross Sub-Category Generalization
(5-shot), we follow them to conduct experiments under the
same 3 scenarios for fair comparisons.

For experiments on dataset SPair-71k [77], we focus on the
Cross Sub-Category Generalization setting, as SPair-71k only
contains sub-categories. Following previous work [10], [11],
[12], we conduct experiments under two few-shot settings:
(1) 1-shot and (2) 5-shot, thus establishing two evaluation
scenarios: Cross Sub-Category Generalization (1-shot) and Cross
Sub-Category Generalization (5-shot).

Besides, we also evaluate the inference time of different
methods. For CAPE methods that involve test-time optimiza-
tion, the reported inference time includes the cost of test-time
learning on the few-shot support samples, in addition to
the forward evaluation on all test images. This setting is
consistent with the protocol adopted by prior CAPE methods.
Specifically, as noted in previous study [9], some methods
(such as MAML [11] and Fine-tune [12]) explicitly treat few-
shot training as part of the testing phase, since the few-shot
samples become available only at inference.

4.5 Experimental Results
Experimental Results on MP-100. In MP-100 dataset, we
follow previous work [9], [13] to evaluate the generaliza-
tion performance of the model on four super-categories

respectively: human body, human face, vehicle, and furniture.
As shown in Tab. 1, the performance of our proposed PPM
obviously surpasses that of previous methods, clearly demon-
strating the effectiveness of our framework. Most previous
methods tend to achieve suboptimal performance, due to the
significant divergence between training categories and the
testing one, which hinders the generalization of methods that
highly rely on knowledge from base categories. In contrast,
our approach leverages the wealth of knowledge within
the Stable Diffusion model to mitigate overfitting to the
training categories, thus achieving a significant performance
improvement over prior methods (e.g., even without training
on base categories, our PPM outperforms previous methods
by 19.26% in average accuracy). When learning from base
categories, the performance of our PPM is further boosted,
which demonstrates its effect on learning the common fore-
ground knowledge. Tab. 1 also presents the corresponding
inference time. Note that the reported inference time includes
the few-shot optimization performed on the support samples
of novel categories. The same definition applies to all later
tables. As shown in Tab. 1, given an image with multiple
keypoints to predict, different from previous methods that
mainly require inferring many times, our method primarily
relies on a single inference. This is because our framework
adopts the PEI scheme to simultaneously locate multiple
keypoints simultaneously via an ensemble prompt, which
significantly lowers the inference time of our method. The
values in parentheses denote the prompt optimization time
of PPM, which is minimal because optimization is performed
only on few-shot examples. We also observe a slight increase
in the inference time of PPM when base categories are not
used (from 0.91 hrs to 0.94 hrs). This is because, during
inference, PPM without base categories requires foreground
pre-training with test-time few-shot examples.

Following [9], [13], we also evaluate the generalization
capability of our framework to unseen sub-categories. The
results on 1-shot and 5-shot settings are shown in Tabs. 2 and
3. We follow previous work [9], [13] to conduct the evaluation
on five different data splits. We show the results of each
split and the mean results averaged over all the five splits.
From Tabs. 2 and 3, we can see: (1) our PPM without base
categories, can outperform previous methods trained on base
categories across all few-shot settings. (2) When using PPM
with base categories, our method achieves further enhanced
performance and clearly surpasses existing methods, which
demonstrates the effectiveness of foreground prompt pre-
training. (3) Regardless of whether base categories are used,
our method offers a significant advantage in inference time
(notably faster than other approaches), highlighting the
effectiveness of (4) The prompt-optimization time cost is
small, as learning occurs only on a few examples and does
not noticeably affect overall inference efficiency.

Experimental Results on SPair-71k. We present our results
on SPair-71k in Tabs. 4 and 5. It can be observed that,
in both the 1-shot and 5-shot settings, our PPM without
base categories outperforms previous approaches using
base categories. This demonstrates that our approach ef-
fectively harnesses the pose knowledge embedded in T2I
diffusion models. We report the performance across all
18 (sub)categories of SPair-71k, along with the average
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TABLE 4
Results on SPair-71k in the setting of Cross Sub-Category Generalization (1-shot).

Method Base Cate. Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Dog Horse Motor Person Plant Sheep Train TV Avg. Accuracy Infer. Time (hrs)

ProtoNet [10] 14.57 13.68 39.18 16.72 26.53 15.29 20.48 27.04 8.23 19.86 11.55 13.54 15.19 11.36 12.47 8.24 25.68 17.51 16.65 4.72
MAML [11] 26.17 19.95 50.36 24.41 31.72 22.86 35.74 35.63 13.75 24.06 18.39 23.67 20.33 22.12 19.48 14.52 32.87 31.20 24.73 2.68

Fine-tune [12] 30.44 27.19 54.26 28.71 35.43 26.07 38.16 42.85 15.23 29.94 27.62 24.83 23.70 32.58 28.69 21.73 35.92 37.45 31.16 2.62
POMNet [9] 48.28 35.71 66.16 35.92 40.57 30.04 43.85 56.29 20.58 35.37 38.46 27.74 31.62 35.67 36.41 29.18 40.33 44.82 38.72 5.23

CapeFormer [13] 52.37 38.63 71.57 36.52 41.08 31.92 47.35 57.64 22.77 37.54 41.32 30.73 32.94 40.87 37.16 32.47 42.62 48.85 41.35 5.31
SCAPE [48] 49.91 38.70 69.15 37.46 40.53 28.37 48.83 58.11 23.47 37.26 40.49 29.54 33.06 39.37 36.38 28.85 43.41 47.73 40.59 5.06

GraphCape [46] 51.67 40.62 70.26 38.63 42.85 31.75 48.16 58.89 24.27 38.57 41.05 30.81 34.86 41.22 37.94 30.46 44.61 48.40 41.95 4.27
EdgeCape [47] 51.44 41.02 71.93 38.15 44.54 32.76 49.89 59.41 26.30 39.03 42.14 32.55 34.94 42.03 38.78 30.62 45.27 49.32 42.78 4.61

PPM 53.49 39.83 72.64 39.75 42.51 33.23 49.57 58.36 25.18 40.06 42.35 32.59 35.14 42.68 37.28 32.47 46.71 49.62 42.97 1.21 (0.06)
56.68 43.17 73.82 41.67 46.65 35.29 51.04 61.27 29.82 41.33 44.34 35.86 37.87 44.53 40.57 37.74 47.48 52.72 45.66 1.16 (0.01)

TABLE 5
Results on SPair-71k in the setting of Cross Sub-Category Generalization (5-shot).

Method Base Cate. Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Dog Horse Motor Person Plant Sheep Train TV Avg. Accuracy Inf. Time (hrs)

ProtoNet [10] 22.41 18.63 48.39 23.07 32.41 24.97 31.64 35.72 13.57 27.28 18.24 20.30 22.06 19.55 18.76 11.83 31.24 23.43 24.64 4.83
MAML [11] 30.23 25.75 56.12 28.64 36.32 28.68 38.26 41.25 17.33 29.08 22.43 28.14 25.78 28.30 23.41 18.93 37.65 35.82 30.67 2.79

Fine-tune [12] 34.56 30.93 58.48 31.27 38.66 29.62 40.53 45.81 18.14 32.39 30.26 27.73 26.87 33.97 29.73 22.02 38.40 39.67 33.84 2.74
POMNet [9] 50.38 38.17 69.74 37.65 42.07 31.97 45.78 58.12 22.01 36.37 40.15 29.47 32.03 37.18 38.27 30.28 42.64 46.82 40.51 5.28

CapeFormer [13] 53.17 40.66 72.46 38.93 42.67 32.16 49.62 60.37 23.57 39.54 42.68 32.50 34.62 41.35 39.11 33.75 44.32 50.29 42.88 5.35
SCAPE [48] 52.47 39.48 70.98 40.59 41.60 31.29 50.34 59.63 24.77 40.16 41.81 33.05 35.39 42.37 38.58 32.65 46.74 51.54 42.97 5.28

GraphCape [46] 53.75 40.67 72.79 41.24 43.07 32.64 49.45 58.62 26.56 41.34 41.06 32.97 35.60 42.88 39.53 34.48 45.78 52.25 43.59 4.46
EdgeCape [47] 54.21 41.73 71.85 41.47 45.19 33.64 50.06 50.31 27.46 40.78 42.52 34.62 35.29 43.68 38.90 35.75 46.16 52.18 43.66 4.72

PPM 55.92 41.44 72.16 42.15 45.62 33.91 51.18 60.26 28.85 41.57 43.68 35.07 36.12 44.16 39.97 36.14 47.03 51.96 44.84 1.27 (0.11)
58.92 42.65 74.73 43.92 47.31 35.27 52.12 62.35 30.52 42.73 44.78 36.83 37.54 44.91 41.83 37.92 48.74 53.76 46.49 1.23 (0.07)

TABLE 6
Results comparison for the UDC task. IT denotes inference time (hours),

where values in parentheses indicate the prompt-learning cost.

Method SPair-71k (PCK@0.01) PF-Pascal (PCK@τ ) TSS (PCK@0.05)
Accuracy IT τ=0.05 τ=0.10 τ=0.15 Avg. IT FG3DCar JODS Pascal Avg. IT

VGG+MLS [80] 27.4 0.31 - - - - - - - - - -
DINO+MLS [80], [81] 31.1 0.33 - - - - - - - - - -

ASIC [82] 36.9 0.39 - - - - - - - - - -
CNNGeo [83] - - 41.0 69.5 80.4 63.6 0.27 90.1 76.4 56.3 74.4 0.06

PARN [84] - - - - - - - 89.5 75.9 71.2 78.8 0.10
GLU-Net [85] - - 42.2 69.1 83.1 64.8 0.32 93.2 73.3 71.1 79.2 0.07
DINOv1 [86] 33.3 0.42 41.5 62.4 72.5 58.8 0.54 82.8 73.9 53.9 72.0 0.12
DINOv2 [86] 55.6 0.42 56.2 77.3 83.3 72.3 0.55 93.9 69.4 57.7 77.7 0.12

Semantic-GLU-Net [87] - - 48.3 72.5 85.1 68.6 0.39 95.3 82.2 78.2 85.2 0.09
SD-DINO [88] 64.0 0.45 73.0 86.1 91.1 83.4 0.78 94.3 73.2 60.9 79.7 0.17

PPM 63.2 0.34 (0.27) 78.4 82.7 90.6 83.9 0.62 (0.36) 95.0 81.8 80.7 85.8 0.15 (0.09)

performance. Notably, our PPM with base categories yields
even greater performance gains, achieving the best gener-
alization performance across all 18 categories compared to
other methods, thereby underscoring the effectiveness of
foreground-aware pre-training. In Tabs. 4 and 5, we also
observe that our method requires significantly less inference
time than others, while the prompt optimization cost on the
few-shot support samples remains minimal. All these results
on SPair-71k demonstrate both the efficacy and efficiency of
our approach in more challenging scenarios, where images
show diverse viewpoints and scales.

Experimental Results of Methods with Few-Shot Learning.
To ensure a fair comparison with PPM, we additionally equip
baseline methods with the few-shot learning that aligns with
the adaptation mechanism used in PPM. Specifically, (1)
the backbone layers of each baseline model are kept frozen;
(2) only the small prediction head is fine-tuned using the
few-shot support examples of the novel category, mirroring
PPM’s design that updates only lightweight prompt param-
eters. (3) fine-tuning is performed for 20 iterations for each
few-shot sample, consistent with the number of steps used
in PPM’s prompt adaptation.

As shown in Tab. 7, the fine-tuned baseline methods
exhibit slightly better overall performance after applying
few-shot adaptation. Since MAML [11] and Fine-tune [12]
inherently employ few-shot learning by design, their perfor-
mance remains unchanged; all other baselines show slight
improvements under this setting. Among these baseline
methods, the additional inference-time cost introduced by
fine-tuning is negligible, as optimization is performed on

only few-shot samples. From Tab. 7, we can see that PPM
shows highly competitive accuracy even under this strength-
ened evaluation protocol, despite not relying on training
from base categories. Moreover, when base-category data
are incorporated, PPM distinctly achieves the best overall
performance. These results highlight the advantage of PPM’s
prompt-based few-shot learning, which effectively leverages
the pose knowledge in T2I diffusion models.

Extension to Unsupervised Dense Correspondences (UDC).
To demonstrate generality beyond category-agnostic pose
estimation, we extend PPM to the unsupervised dense
prediction setting of Unsupervised Dense Correspondences
(UDC). UDC aims to establish dense pixel-to-pixel correspon-
dences between two images depicting semantically related
objects. Following prior work [88], we evaluate on three
representative benchmarks: (1) SPair-71k [77], (2) PF-PASCAL
[89], and (3) TSS [90]. All of these datasets contain image
pairs with ground-truth pixel-to-pixel correspondences. We
follow [88] and report PCK@τ = 0.01 on SPair-71k, PCK@τ
with τ ∈ 0.05, 0.10, 0.15 on PF-PASCAL, and PCK@τ = 0.05
on three TSS subsets (FG3DCar, JODS, PASCAL), as shown
in Tab. 6. Among these datasets, TSS [90] provides strict
dense correspondences, whereas the other two datasets
provide relatively sparse correspondences. Following [88],
we conduct experiments on all three datasets to ensure
a more comprehensive evaluation. To adapt to the UDC
task, PPM learns specific prompts for pixels in the support
image, enabling the text-to-image diffusion model to align
query pixels to their semantic counterparts. Since foreground
masks are provided in UDC, our PPM can still operate
effectively on this task. As shown in Tab. 6, our PPM achieves
highly competitive PCK results across all three datasets
(ranking either first or second), indicating that it generalizes
effectively from category-agnostic pose estimation to the
broader dense-prediction scenario. Unlike CAPE, where
the few-shot support examples can be reused for inferring
many test images, the UDC task provides image pairs at
test time. Our PPM requires to treat one image in each
pair as the support image for prompt learning. As a result,
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TABLE 7
Results of all methods with few-shot learning. IT denotes inference time.

Method Base Cate.
MP-100 SPair-71k

1-shot 5-shot 1-shot 5-shot
Avg. Acc. IT (hrs) Avg. Acc. IT (hrs) Avg. Acc. IT (hrs) Avg. Acc. IT (hrs)

ProtoNet [10] 46.67 3.68 59.93 3.83 19.72 4.72 28.60 4.84
MAML [11] 61.50 1.84 62.50 1.96 24.73 2.68 30.67 2.79

Fine-tune [12] 63.58 1.79 64.61 1.92 31.16 2.62 33.84 2.74
POMNet [9] 79.87 4.41 81.34 4.45 39.07 5.24 41.13 5.29

CapeFormer [13] 85.70 4.43 89.54 4.51 41.84 5.32 42.95 5.36
SCAPE [48] 87.63 3.97 90.82 4.07 41.28 5.06 43.32 5.29

GraphCape [46] 87.61 2.54 91.33 2.58 42.46 4.27 43.83 4.47
EdgeCape [47] 89.22 2.68 92.41 2.77 42.98 4.62 43.72 4.74

PPM 89.06 0.85 92.34 0.89 42.97 1.21 44.84 1.27
90.10 0.81 93.42 0.86 45.66 1.16 46.49 1.23

Test Image PPM (w/o FGAR) Heatmap GTPPM

Fig. 6. Visualization of attention maps predicted by our approach.

pseudo–prompt optimization must be performed for every
test pair, which limits the inference-time advantage that PPM
demonstrated in CAPE. Nonetheless, PPM still attains strong
performance across diverse UDC benchmarks. In future work,
we will investigate how to streamline our PPM to improve
the accuracy-efficiency trade-off for UDC.
Qualitative Results. In Fig. 9, we qualitatively show the local-
ization results of our method on MP-100 dataset, comparing
them to existing CAPE approaches. We can observe that
compared to previous methods trained on base categories,
our PPM performs much better keypoint localization even
when not using data of base categories. Moreover, after
using base categories, our PPM gains improved keypoint
localization, which demonstrates the effectiveness of our
prompt pre-training. We also show the qualitative compar-
ison results on SPair-71k dataset in Fig. 9. We can observe
that when the few-shot example largely differs from the
test images in terms of viewpoint or scale, our method still
performs robustly and generates predictions very close to the
ground-truth labels. To demonstrate our FGAR module can
effectively improve the quality of attention maps, we also
compare the outputted attention maps between our PPM
with and without the FGAR module. As shown in Fig. 6,
FGAR can drive Stable Diffusion to generate attention maps
with cleaner and preciser keypoint regions.

To qualitatively demonstrate the effectiveness of our
approach in the UDC task, we follow [88] to leverage
instance swapping to visualize the dense correspondence
results obtained by different methods. Specifically, instance
swapping maps each pixel of the instance object from
the target image into the source image according to the
obtained dense correspondence results. As shown in Fig.
7, compared with other state-of-the-art methods, our PPM
produces smoother results with finer details, highlighting its
effectiveness for UDC.
Failure Cases. Although PPM performs strongly across
benchmarks, it may fail under certain challenging conditions.
One limitation arises when the visual appearance of the test
image differs substantially from that of the example used

Source Image Target Image Semantic-GLU-Net [87] SD-DINO [88] PPM (ours)

Fig. 7. Qualitative comparison results of instance swapping in UDC task.

(a) Large Appearance Discrepancies (b) Extreme Viewpoint Changes

Example 

Image

Test

Image

Fig. 8. Representative failure cases of PPM. (a) Failures due to large
appearance differences between example and test images. (b) Failures
caused by extreme viewpoint changes.

for pseudo-prompt learning. Because the pseudo prompts
encode the appearance cues present in the example, large
discrepancies in shape, material, or design can hinder
transferability. As shown in Fig. 8(a), prompts learned
from a wooden dining chair do not generalize well to a
cushioned armchair; likewise, a decorated bed bears little
resemblance to a minimal bed frame, leading to incorrect
keypoint localization.

Another failure mode occurs under extreme viewpoint
changes. When the example and test images differ drastically
in orientation, the model’s implicit 3D reasoning becomes
insufficient, because the cross-attention mechanism primarily
captures 2D appearance correspondences and lacks explicit
geometric understanding. As a result, the pseudo prompts
learned from the example may activate incorrect regions in
the test image. As shown in Fig. 8(b), a bus observed from
the front offers little guidance for localizing keypoints on
a rear-view bus, and a frontal-view table provides limited
support for an overhead-view counterpart.

These cases illustrate the difficulty of guiding keypoint lo-
calization from examples to test images when appearance or
viewpoint varies widely. Future work may explore stronger
structural and 3D-aware priors to further enhance robustness
under such conditions.

4.6 Ablation Study

Effect of Pseudo Prompt Learning. Considering the image
keypoints are often difficult to describe textually, we propose
to learn pseudo prompts to more appropriately represent the
semantics of keypoints. To demonstrate the effectiveness of
our prompt learning, we assess the following two variants:
(1) We crop the keypoint regions from few-shot examples,
input them into an off-the-shelf image caption model [91] to
obtain textual descriptions of keypoints, and finally use these
descriptions to locate the corresponding keypoints for test
images; (2) We crop keypoint regions and send them into the
off-the-shelf CLIP’s vision encoder [14] to map image regions
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into textual embeddings, and finally use these embeddings to
find keypoints for test images. Both variants aim to directly
describe keypoints using off-the-shelf image-text models,
with the only difference being that: the first variant describes
keypoints in texts, while the second describes keypoints in
textual embeddings. We handle experiments on these two
variants using various crop sizes and choose the optimal size
for them. As shown in Tab. 8, we can see that our approach,
which learns pseudo prompts for keypoints, is much more
effective than variants that directly describe keypoints. This
is because the semantics of keypoints are often intricate to
convey accurately through direct descriptions, while our
prompt-learning method allows for a more precise alignment
between the learned prompts and the visual keypoints.

TABLE 8
Ablation on pseudo prompt learning.

Method MP-100 SPair-71k
1-shot 5-shot 1-shot 5-shot

Keypoint Caption 26.13 27.07 15.49 17.16
CLIP Encoding 27.56 28.25 17.67 19.31

Prompt Learning 90.10 93.42 45.66 46.49

Effect of Foreground Prompt. In this paper, we pre-train
a category-agnostic foreground prompt on base categories,
which can activate foreground regions of an image. To verify
its effectiveness, we remove all components in PPM that
rely on the foreground prompt. Specifically, in the few-shot
prompt adaptation stage, we replace the foreground prompt
initialization with the widely used random Gaussian initial-
ization. In addition, within FGAR, we remove the parts that
utilize the foreground prior. As shown in Tab. 9, removing
the foreground prompt leads to a clear performance drop
of 3.50% on average, demonstrating that the foreground
prompt makes a substantial contribution to achieving the
state-of-the-art performance of PPM.

TABLE 9
Ablation on foreground prompt.

Method MP-100 SPair-71k
1-shot 5-shot 1-shot 5-shot

PPM (w/o foreground prompt) 85.94 90.65 42.16 42.93
PPM 90.10 93.42 45.66 46.49

Effect of FGAR Module. We conduct an ablation study
to demonstrate the effectiveness of our FGAR module. As
shown in Tab. 10, compared to directly averaging cross-
attention maps, adopting the FGAR module to refine atten-
tion maps achieves obviously better performance, leading
to 2.27%/2.55%/2.19%/2.15% improvement on four settings
respectively, clearly demonstrating the effect of our FGAR.

TABLE 10
Ablation on FGAR module.

Method MP-100 SPair-71k
1-shot 5-shot 1-shot 5-shot

PPM (w/o FGAR) 87.83 90.87 43.47 44.34
PPM 90.10 93.42 45.66 46.49

Effect of Layer Reweighting and Spatial Refinement
in FGAR. To assess the effectiveness of the components
in FGAR, we conduct ablation experiments by removing

Layer Reweighting and Spatial Refinement individually.
When Layer Reweighting is removed, we simply average
the attention maps across layers. The results, reported in
Tab. 11, show that removing either Layer Reweighting or
Spatial Refinement leads to a clear performance drop of
about 0.82%–1.07%, demonstrating the importance of both
components. Notably, when both are components removed
simultaneously, the performance decreases even further,
indicating that the two components are complementary and
work together to improve attention quality.

TABLE 11
Ablation on components in FGAR.

Method MP-100 SPair-71k
1-shot 5-shot 1-shot 5-shot

PPM 90.10 93.42 45.66 46.49
PPM (w/o Layer Reweighting) 89.27 92.59 44.84 45.63
PPM (w/o Spatial Refinement) 89.11 92.46 44.50 45.42
PPM (w/o both components) 88.74 91.97 44.18 44.93

FGAR vs. Self-Attention Refinement. In semantic segmen-
tation, several works based on pre-trained Stable Diffusion
models have proposed attention refinement techniques [54],
[55], [56]. These methods refine cross-attention with self-
attention priors, primarily aiming to improve the precision of
object boundaries. For a fair comparison, we re-implement
these attention refinement methods within our PPM frame-
work by replacing FGAR with each of them in turn, while
keeping all other components unchanged.

TABLE 12
Ablation on using different attention refinements.

Refinement Method MP-100 SPair-71k
1-shot 5-shot 1-shot 5-shot

No refinement 88.73 91.96 42.64 43.31
DataDiff [54] 89.28 92.33 43.15 43.87

iSeg [55] 89.35 92.19 43.22 43.68
SLiMe [56] 89.27 92.40 43.32 43.74

FGAR (ours) 90.10 93.42 45.66 46.49

FGAR+DataDiff 90.14 93.43 45.68 46.51
FGAR+iSeg 90.16 93.46 45.67 46.53

FGAR+SLiMe 90.11 93.45 45.68 46.50

As shown in Tab. 12, all three self-attention refinement
methods improve over the no-refinement baseline, confirm-
ing their effectiveness in enhancing attention quality. While
these methods yield noticeable improvements, our FGAR
consistently surpasses them on both MP-100 and SPair-71k,
highlighting the strength of our design. The performance
difference stems from a mismatch in task objectives: self-
attention refinements emphasize boundary precision, align-
ing well with segmentation tasks, but misaligned with pose
estimation, where the reliability of the attention peak is more
critical. In contrast, FGAR produces attention maps that
are both foreground-consistent and peak-focused, leading
to more reliable and discriminative activations for keypoint
localization.

Our FGAR can also incorporate self-attention-based re-
finement, where the foreground map Mf in FGAR is refined
by self-attention to sharpen boundaries. However, each self-
attention incorporation yields only marginal improvements
(Tab. 12), suggesting that improving the boundary fidelity
of the foreground map may be less critical. Given the limited
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gains and to avoid methodological redundancy, we do not
incorporate self-attention refinement into our FGAR module.

Effect of PEI Scheme. In this paper, we propose a PEI scheme
to improve our framework’s inference efficiency. Here we
conduct an ablation study to evaluate the efficiency gains
brought by PEI. Compared to our PPM (w/o PEI), which
processes one keypoint per inference, the addition of PEI
enables our PPM to infer multiple keypoints at once, largely
reducing the inference time, as shown in Tab. 13. We can also
observe that the introduction of PEI has almost no impact on
the model’s performance, which indicates that PEI not only
enhances inference efficiency but also maintains the model’s
performance.

TABLE 13
Ablation on PEI scheme.

Method MP-100 SPair-71k
Accuracy Infer. Time (hrs) Accuracy Infer. Time (hrs)

PPM (w/o PEI) 90.13 4.25 45.65 5.17
PPM 90.10 0.81 45.66 1.16

Ablation on Different Focus Score Calculations in FGAR.
In our FGAR module, we introduce a Focus Score to measure
the degree of activation concentration for each layer’s
attention map. To validate the effectiveness of our design,
we compare four alternative formulations of this score: (1)
Ours (Eq. 12 in the revised paper): ratio of total activation
energy to the number of activated pixels (determined by
thresholding); (2) Average Activation (AvgAct): mean of all
activations in the attention map, without thresholding; (3)
Entropy-based Sharpness (Entropy): negative normalized
entropy of the attention distribution, where lower entropy
indicates more peaked activations; (4) Top-k Ratio (TopK):
ratio between the average of top-k activations and the global
average activation. Here k is treated as a hyperparameter,
and we report the best-performing setting with k = 15%. As
shown in Tab. 14, our proposed ratio formulation achieves
the highest accuracy across both benchmarks, confirming its
advantage over other handcrafted alternatives.

TABLE 14
Ablation on different focus score calculations in FGAR.

Method MP-100 SPair-71k
1-shot 5-shot 1-shot 5-shot

Ours 90.10 93.42 45.66 46.49
AvgAct 89.16 92.79 44.32 45.83
Entropy 89.43 93.06 44.76 45.91

TopK 89.68 93.19 45.15 46.07

Ablation on Different Prompt Initializations. In PPM, we
pre-train a category-agnostic foreground prompt and use it
as the initialization for prompts during the few-shot propmpt
adaptation stage. To demonstrate the effect of this design,
we compare the performance of our PPM under different
initialization methods for few-shot adaptation. Specifically,
we conduct experiments on the following initialization
methods: (1) Zero Initialization, where all elements of the
prompt embedding are initialized to zero; (2) Pre-trained
Initialization, where the prompt embedding is initialized
with the embedding from a widely-used language encoder,
BERT [92]; (3) Uniform Random Initialization, where values
are randomly drawn from a uniform distribution [−a, a]; (4)

Gaussian Random Initialization, where values are randomly
drawn from a normal (Gaussian) distribution. (5) Foreground
Initialization, which is proposed in this paper. For Uniform
Random Initialization, we conduct multiple experiments with
different values of a and report the best result. As shown
in Tab. 15, Foreground Initialization consistently outperforms
other methods by a clear margin on both datasets, confirm-
ing the effectiveness of foreground-aware initialization for
keypoint prompt learning.

TABLE 15
Ablation on different prompt initialization methods in PPM.

Method MP-100 SPair-71k
1-shot 5-shot 1-shot 5-shot

Zero Initialization 85.47 90.58 42.64 43.12
Pre-trained Initialization 86.37 90.91 42.85 43.88

Uniform Rand. Initialization 86.25 91.72 43.16 43.92
Gaussian Rand. Initialization 88.76 92.08 43.51 44.27

Foreground Initialization (ours) 90.10 93.42 45.66 46.49

Extensibility of Our Approach on Other Diffusion Models.
As mentioned in our main paper, the proposed PPM is
based on cross-attention to learn pseudo prompts which
serve as bridges to build correspondences for CAPE. Since
cross-attention is generally used in T2I diffusion models
for image generation, our approach can be applied to
various T2I diffusion models. We apply our method on the
following commonly-used open-source T2I diffusion models:
Stable Diffusion [21], Imagen [19], Openjourney [93], and
DALLE mini [94]. From Tab. 16, we can see that our PPM
consistently outperforms previous methods across all T2I
diffusion models, demonstrating its strong extensibility.

TABLE 16
Ablation on using different text-to-image diffusion models.

Method MP-100 SPair-71k
1-shot 5-shot 1-shot 5-shot

ProtoNet [10] 44.78 58.56 16.65 24.64
MAML [11] 61.50 62.50 24.73 30.67

Fine-tune [12] 63.58 64.61 31.16 33.84
POMNet [9] 79.70 80.71 38.72 40.51

CapeFormer [13] 85.31 89.30 41.35 42.88
SCAPE [48] 87.55 90.66 40.59 42.97

GraphCape [46] 87.23 91.16 41.95 43.59
EdgeCape [47] 89.01 92.21 42.78 43.66

PPM (Stable Diffusion) 90.10 93.42 45.66 46.49
PPM (Imagen) 89.94 92.67 45.41 46.83

PPM (Openjourney) 91.55 93.74 46.56 46.79
PPM (DALLE mini) 91.82 92.97 46.72 47.15

5 CONCLUSION

In this paper, we propose a novel PPM framework to
tackle the CAPE task by harnessing the rich structural
knowledge embedded in T2I diffusion models. Specifically,
PPM introduces three novel components: a Foreground-
Aware Region Aggregation (FARA) module that derives
pseudo foreground regions from sparse keypoints to enable
category-agnostic prompt pretraining, a Foreground-Guided
Attention Refinement (FGAR) module that leverages a
learned foreground prior to suppress background noise
and sharpen keypoint activations, and a Prompt Ensemble
Inference (PEI) scheme that integrates multiple prompts for
efficient multi-keypoint prediction.
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MP-100 SPair-71k

Example Image

SCAPE [48]

GraphCape [46]

EdgeCape [47]

PPM with 
Base Categories

PPM w/o 
Base Categories

Ground Truth

CapeFormer [13]

POMNet [9]

Fig. 9. Qualitative comparison results in CAPE task on both MP-100 and SPair-71k datasets. The keypoints in red circles are failure cases.
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