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Abstract

Generalizable object keypoint localization is a fundamental
computer vision task in understanding the object structure.
It is challenging for existing keypoint localization methods
because their limited training data cannot provide general-
izable shape and semantic cues, leading to inferior perfor-
mance and generalization capability. Instead of relying on
large scale training data, this work tackles this challenge by
exploiting the rich priors from large generative models. We
propose a data-efficient generalizable localization method
named GenLoc. GenLoc extracts the generative priors from
a pre-trained image generation model by calculating the
correlation map between image latent feature and condition
embedding. Those priors are hence optimized with our pro-
posed heatmap expectation loss to perform object keypoint
localization. Benefited by the rich knowledge of generative
priors in understanding of object semantics and structures,
GenLoc achieves superior performance on various object
keypoint localization benchmarks. It shows more substan-
tial performance enhancements in cross-domain, few-shot
and zero-shot evaluation settings, e.g., getting 20%+ AP en-
hancement over CLAMP [43] in various zero-shot settings.

1. Introduction

The rapid progress in deep learning and computer vision
has pushed the object visual perception from coarse detec-
tion to fine-grained structure analysis. Typically, the ob-
ject structure can be represented as a set of pre-defined key-
points, e.g., shoulder, elbow, or tail and root. As an impor-
tant step for object structure analysis, general object key-
point localization has attracted increasing attention. Ex-
isting keypoint localization methods typically utilize pow-
erful neural networks, e.g., Convolutional Neural Network
(CNN) [28, 35] or Vision Transformer (ViT) [21, 38] to ei-
ther directly regress keypoint coordinates [15] or estimate
the keypoint heatmaps [28, 35] to perform localization.
Those methods learn keypoint priors purely from training
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Figure 1. Upper: The pre-trained image generation model
LDM [25] has shown the correlation between input image latent
feature and different text condition through the cross attention
mechanism. Bottom: We aim to optimize the correlation map to
locate the object keypoint by learning a specific condition embed-
ding. Directly optimizing the cross attention map in LDM cannot
produce well-localized heatmap. Our method can address this is-
sue and produce more accurate results.

set, i.e., training backbone from scratch on a specific key-
point localization dataset and test it on corresponding test
set. This pipeline is limited to the narrow domain defined
by the training data, making those methods hard to general-
ize to different domains or various objects, resulting in poor
generalization capability.

Designing a generalizable keypoint localization method
is important but challenging. The generalization capability
of neural network is inseparable from large scale training
data, which is demonstrated by recent generative models
in language and vision area, e.g., Large Language Model
(LLM) [2] and Latent Diffusion Model (LDM) [25] show
remarkable generation performance across a wide range of
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domains. Therefore a straightforward way to pursue gener-
alization capability is to collect large scale data on a specific
task and train model. For instance, SAM [12] and Depth
Anything [39] involve a training-annotation-loop to auto-
matically generate image-mask/depth pair to train a power-
ful segmentation/depth estimator. These methods are effec-
tive but not efficient and will consume large resources.

Different from those efforts, this work is motivated to
exploit whether a generative model trained on large scale
data can be transferred to generalizable keypoint localiza-
tion task. In depth estimation task, Marigold [9] proposes
to fine-tune the U-Net of LDM to generate depth map from
noise and input image. This pipeline is efficient and ef-
fective as it only requires a small amount of labeled data
to achieve satisfied performance. However, directly trans-
ferring this pipeline into object keypoint localization is not
trivial. Different from depth map containing only single
channel, keypoint heatmaps contains more channels than
image to reflect keypoint type information, making it infea-
sible to fine-tune U-Net to get desired outputs with a frozen
VAE decoder. Therefore how to transfer LDM into keypoint
localization is still a challenging problem.

To tackle this challenge, as well as to achieve generaliz-
able keypoint localization, we utilizes the controllability of
LDM to get desired keypoint heatmaps, instead of directly
fine-tuning LDM U-Net to output target. Specifically, cur-
rent LDM performs image generation under the condition
guidance such as text, image or semantic maps, the condi-
tion plays an important role in generation model to inject the
semantic information. As shown in Fig. 1, pre-trained LDM
can produce different response map for different input con-
dition. This motivates us to encode the keypoint type infor-
mation into condition and extract the response map through
the controllable mechanism of LDM to exploit the genera-
tive priors for keypoint localization.

The above intuition leads to our proposed GenLoc, a
generalizable object keypoint localization method. Gen-
Loc performs keypoint localization by exploiting the cor-
relation map between keypoint condition and image latent
feature, which is extracted by the Condition-guided Key-
point Heatmap Extraction (CKHE) module. To fully utilize
the property of keypoint distribution in the extracted cor-
relation map, we also introduce the Heatmap Expectation
Loss (HEL) to effectively optimize the whole model in an
end-to-end manner. As shown in Fig. |, compared with re-
lated work [3, 10, 24, 44] on optimizing cross attention map
in LDM to find targets, GenLoc models the keypoint dis-
tribution over image spatial dimension, which can produce
more localized heatmap and achieve better performance.

Our proposed GenLoc can effectively leverage the po-
tential of generative prior in pre-trained image generation
model, thus achieving superior performance in various ob-
ject keypoint localization benchmarks. GenLoc achieves

80.1% AP on animal keypoint localization, outperforming
previous SoTA model by 2.3%. Moreover, exploiting gen-
erative priors makes GenLoc a data-efficient method. For
instance, in few-shot setting, GenLoc achieves 62.8% AP
with only 5 images per category, which is higher than pre-
vious ScarceNet [14] by 9.5%. In zero-shot keypoint local-
ization setting, GenLoc also shows superior performance.

In summary, GenLoc performs keypoint localization
by extracting the correlation map between image feature
and keypoint condition. This design can effectively ex-
ploit the generative priors in pre-trained LDM and make
GenLoc a data-efficient generalizable keypoint localization
method. Benefited by the proposed CKHE and HEL, Gen-
Loc achieves superior performance on various keypoint lo-
calization datasets, especially in cross-domain, few-shot
and zero-shot settings.

2. Related Work
2.1. Keypoint Localization

keypoint localization aims to locate the keypoints of vari-
ous objects from input RGB images, and existing keypoint
localization methods can be divided into regression-based
and heatmap-based methods.

Regression-based keypoint localization directly outputs
keypoint coordinates via powerful neural network [1, 32].
Due to the high non-linear mapping between input image
and numerical coordinates, many works have been proposed
to improve the performance of direct regression, including:
i) regressing via integration, such as Soft-armgax [29] and
Sampling-argmax [16], ii) proposing proposing new loss
functions like RLE [15], and iii) designing more powerful
backbones to improve the performance of direct regression,
such as TokenPose [17] and PETR [26].

Heatmap-based keypoint localization encodes keypoint
location with a probability map [31]. This type of meth-
ods estimates heatmaps and retrieves keypoint coordinates
with a post-processing operation. Currently, heatmap-based
methods dominate the field of keypoint localization because
heatmap is easy to learn by CNN or Vision Transformer.
Pioneer works [22, 28, 35, 38] design powerful CNN or
Transformer models to estimate high resolution heatmaps
for human/animal/face keypoint localization.

All above methods train model on a narrow domain train-
ing data, which leads to limited generalization capability. In
contrast, our method exploits generative priors encoded in
LDM from large scale data, making it more generalizable
to detect keypoints from various image domain and objects.

2.2. Generative Models for Visual Perception

Generative model, e.g., Latent Diffusion Model (LDM) [25]
aims to reconstruct data, e.g., image, from random noise
without manual annotation, making them effectively uti-
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lize large scale unlabeled data to enhance its generalization
capability. Therefore, researchers try to transfer the gen-
erative models into other areas such as visual perception
to boost performance. A line of work utilizes the archi-
tecture of generative model, e.g., diffusion model to effec-
tively capture the task-specific data distribution. DDP [6]
adopts the multi-step denoising framework into segmenta-
tion and depth estimation task and achieves superior perfor-
mance over conventional architecture. SODA [5] adopts the
diffusion framework for representation learning. However,
directly transferring generative architecture cannot fully uti-
lize the generative priors trained from large scale data, these
methods still have limited generalization capability.
Another line of work exploits how to transfer the gen-
erative model with pre-trained weights into downstream
tasks. Directly fine-tuning LDM on specific task is a way
to achieve this goal. Marigold [9] fine-tunes the U-Net of
LDM to estimate the depth map, achieving superior general-
ization performance in depth estimation. DMP [13] adopts
LoRA [4] to fine-tune the U-Net for dense prediction tasks.
GED [45] simplifies the multiple denoising steps in LDM
by directly predicting the latent edge map. Recently some
methods show that optimizing the condition of LDM can
also get desired outputs. SLiMe [10] optimizes the condi-
tion to perform few-shot segmentation. Diff-Tracker [44]
learns prompts to represent object for tracking. Hedlin er
al. [3] optimizes text embedding for unsupervised learning
of keypoints and landmarks. However, these methods sim-
ply adopt cross attention map to find targets, which is not ef-
fective in keypoint localization. As demonstrated in Sec. 4,
optimizing cross attention map like Hedlin et al. [3] cannot
achieve satisfied performance in standard keypoint localiza-
tion tasks. Our proposed method can accurately model the
keypoint distribution, thus achieves better performance.

3. Method

3.1. Overview

The object structure can be represented by a set of keypoints
{K;}_,, where KC; denotes the coordinates of the i-th type
keypoint, e.g., person shoulder or animal tail root, n is the
total type of keypoint defined in this object. The goal of
object keypoint localization is to estimate the coordinates
of target keypoints from input image, i.e.,

{K:}iq = locate(Z), (1)

where Z denotes the input image contains a specific object.

We adopt the heatmap technology [31] to locate key-
point, which encodes keypoint into a 2D probability distri-
bution map H; and estimates it with a neural network, i.e.,

{Hi}io, = @(2), 2

where ®(-) can be implemented by Convolutional Neu-

ral Network (CNN) [28, 35] or Vision Transformer [38].
Once the model is learned, keypoints can be decoded by
finding the maxima in each channel of heatmap H, i.e.,
K; = argmax(H;). Typical object keypoint localization
methods learn the model ®(-) purely from training data, i.e.,
training on a specific domain. This pipeline makes them re-
stricted to a specific image domain or object category and
leads to inferior performance and generalization capability.

Instead of learning ®(-) from a specific domain, we aims
to exploits the rich prior in image generative models to per-
form localization. Image generative models, e.g., latent dif-
fusion model (LDM) [25], trained on large scale image data
have shown promising performance in understanding scene
structure and are successfully transferred to depth estima-
tion [9] or edge detection [45] tasks. This motivates us to
learn a generalizable localization model ®(-) by exploiting
the generative priors from LDM. Given an input image Z,
LDM adopts a pre-trained VAE encoder £ to encoder Z into
a latent vector z = £(Z), from which the original data can
be reconstructed via a decoder D by 7 = D(z) ~ Z. LDM
performs generation in latent space, i.e., training a denois-
ing U-Net ¢/ to predict the noise from current input z;, time
step t and condition c, i.e.,

€ =U(z,t,c). 3)

LDM freezes £(-) and only trains ¢/(-) by minimizing
the /5 distance between the predicted noise with its ground
truth. Therefore, the generative priors are embedded in
U(+). However, how to extract such information from LDM
remains a problem. Previous work [9, 45] shows that di-
rectly fine-tune U/(-) on specific tasks can achieve satis-
fied performance, but directly transferring this approach to
keypoint localization is not trivial. Keypoint localization
needs to output multiple types of keypoints for single ob-
ject, which is larger than image channel, making it infea-
sible to adopt decoder D(-) to recover latent feature z to
image-level representation.

We propose the GenLoc to extract the generative prior in
U(+) to implement ®(-) and perform generalizable keypoint
localization. Instead of fine-tuning Z/(-) to output corre-
sponding heatmaps, GenLoc exploits the correlation map C;
between latent feature map z with condition c; to generate
final heatmap, this is achieved by the proposed Condition-
guided Keypoint Heatmap Extraction (CKHE) module, i.e.,

{Cz}?:l = CKHE(U()a z, {Ci}?:l)' “4)

In this way, keypoint type is encoded into condition c;, al-
lowing us flexibly to locate arbitrary type of keypoints.

We train CKHE module with our proposed Heatmap Ex-
pectation Loss (HEL), which computes the loss by taking
the extracted correlation map {C;}]—; and its correspond-
ing ground truth heatmap {#;}?_, as inputs. The computed
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Figure 2. The proposed GenLoc for generalizable keypoint localization by exploiting generative priors from LDM [25]. GenLoc takes
object image as input and initializes a set of keypoint condition to extract generative priors. The image input is processed by a frozen
VAE encoder to get the latent image feature. The denoising U-Net takes the latent feature and keypoint condition as input and generates
corresponding updated output features. Latent feature and keypoint condition are passed to our proposed CKHE module to obtain the
keypoint distribution map. The whole pipeline is optimized by our proposed Heatmap Expectation Loss in an end-to-end manner.

loss Ly g, can be represented as,

Lug =Y D(Ci, M), ®)

i=1

where D(-) computes the loss by comparing the difference
between the extracted correlation map and its ground truth.

We supervise CKHE with HEL to perform localization,
Fig. 2 shows the pipeline of the proposed GenLoc. During
training we freeze the VAE encoder £, U-Net U/(+) and only
adjust condition ¢ and a small set of LoRA [4] parameters
to extract the generative prior. This strategy allows us to
keep the rich knowledge in Z/(-) and accurately locate the
target keypoints. Compared with directly fine-tuning 2(-)
in previous work, our method GenLoc is more effective in
maintaining and exploiting the generative prior for keypoint
localization. Implementations to CKHE and HEL can be
found in the following parts.

3.2. Localization from Generative Priors

Given an input image Z and pre-trained LDM U-Net #/(-),
GenLoc aims to optimize a set of keypoint condition ¢ =
{c;}_, to locate the target keypoint coordinates. The core
components of GenLoc are the Condition-guided Keypoint
Heatmap Extraction (CKHE) module to extract generative
prior from U/(-) and Heatmap Expectation Loss (HEL) to
supervise the whole model training.

Condition-guided Keypoint Heatmap Extraction.
Different from previous work that direct fine-tuning U-Net
to estimate heatmap, we exploit the controllable generation
mechanism in LDM for heatmap generation. Current most
generative models implement controllable mechanism via
condition input, e.g., text or image. Condition is injected
into generation process via the widely adopted attention
mechanism in Transformer [33]. Specifically, given the la-
tent feature z € R™*< and condition embedding ¢ € R™*¢,
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we pass them to U(+) to get the updated latent feature and
condition, the cross attention can be computed by,
T
S = softmax(z ¢
N

where § € R™*™ denotes the attention score between la-
tent feature z and condition ¢, m and n denotes the number
of image tokens and keypoint condition embeddings, d in-
dicates the dimension of features. Note that the softmax
is performed along different keypoint conditions, this indi-
cates that each token from latent z independently finds the
similar keypoint condition and aggregates its feature. An
illustration of cross attention in LDM is shown in Fig. 3.

Although S in Eq. (6) can be interpreted as heatmap to
perform localization, directly adopting it has several draw-
backs. First, the similarity computation in S is independent
among m image latent tokens, which does not satisfy the
property of heatmap that only has high response at target
spatial position, leading to inaccurate keypoint distribution
estimation. Second, different conditions are correlated in S
and it is hard to differentiate spatial adjacent keypoints as
each image token can only produce high response to only
one type of keypoint. Therefore we propose the CKHE to
avoid above limitation. Different from cross attention in
Eq. (6), CKHE considers to compute correlation map be-
tween latent feature z and keypoint condition c such that
each token in z is correlated but different condition in c is
independent. To achieve this goal, we exchange the compu-
tation order in Eq. (6) and compute the softmax over latent
tokens, not keypoint condition, i.e.,

), (6)

T
c-z
C = softmax
where C € R"*™ denotes the estimated heatmap by CKHE.
Besides Eq. (7), we also need to fine-tune corresponding at-
tention layer parameters to adapt the changed computation

), (M
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Figure 3. [llustration the different interaction mechanism between
image latent feature and keypoint condition. (a) LDM adopts cross
attention to aggregate condition information into latent feature,
which is not suitable for keypoint localization and leads to infe-
rior heatmap results. (b) Our proposed CKHE models the keypoint
distribution over image latent features and decouple the keypoint
condition, which generates more localized heatmaps and can dif-
ferentiate spatial adjacent keypoints.

way, which is implemented by LoRA. Note that although
Eq. (7) is similar to Eq. (6), they are different in many as-
pects. As state above, Eq. (7) adopts keypoint condition as
query to compute similarity score, therefore the tokens in
latent z are naturally correlated, namely only a small num-
ber of tokens have high probability in the estimated cor-
relation map C. Moreover, Eq. (7) also de-correlates the
keypoint condition, making it feasible to detect spatial ad-
jacent keypoints. As shown in Fig. 3, CKHE can model
keypoint distribution more accurately and generate more lo-
calized heatmap, achieving better performance.

Heatmap Expectation Loss. We aims to optimize the
condition ¢ so that the obtained correlation map C can be
used to accurately locate the target keypoint. To achieve this
goal we compute loss by measuring the difference between
C and target ground truth 7*. A straightforward approach
is to adopt the widely used ¢» distance, i.e.,

Luse = £2(Ci, Hy). ®)

However, adding element-wise supervision in Eq. (8) is
not effective because H* is manually defined unnormalized
Gaussian distribution with fixed variance, which cannot re-
flect the underlying true distribution and will hinder the
model to learn a accurate distribution to model the target

keypoint, which is also observed in previous work [15, 20].

Although the underlying distribution of target keypoint
is unknown, it should have large overlap with H* to pro-
duce high response at the target location. Therefore we in-
stead model the overlap between C and H* and propose a
Heatmap Expectation Loss (HEL) to address above limita-
tion. Inspired by Integral Pose [29], we compute the ex-
pectation score by integral the target 7} over the estimated
distribution C; to model the overlap between C and H*. The
goal of HEL is to maximize the expectation score, i.e.,

LypL = —log(z Cilj] - HildD), €))
j=1

where m denotes the number of image tokens. As illustrated
in Fig. 2 right, higher expectation score indicates larger
overlap between C; and H}, leading to sharper heatmap in
Fig. 3. Compared with Lysg, Lygr can fully utilize the nor-
malization property of C to producing more effective gradi-
ents during training, thus achieves better performance.

To better show the advantage of the proposed HEL, we
give a detailed gradient analysis of Eq. 8 and Eq. 9 and show
how them different in optimizing the correlation map C to
its target H*. Specifically, the gradient of the loss function
to each image latent token C,[j] € C; can be computed as,

OL(C:lg, Hild) _ { —2(H;[j] = Ci[5]) for Lyse
aCi[j] —Hi 31/ (22, Cilgl - Hilh])  for Eaﬁé)

For positive samples in C; (i.e. H}[j] = 1), the gradient of
HEL and MSE loss is small when C;[j] — 1. Their differ-
ence is reflected on hard samples. When a positive position
is predicted with a low probability, HEL will produce larger
gradient than MSE loss for the model training, thus is more
effective for model training. This strategy is also adopted
in other loss functions such as focal loss in object detection
and triplet loss with hard mining in metric learning.

3.3. Discussions

Compared with conventional keypoint localization methods
trained on a specific domain, GenLoc exploits the rich gen-
erative priors in LDM, which is pre-trained on large scale
image dataset. Equipped with our proposed CKHE and
HEL, GenLoc can accurately locate keypoint and show su-
perior performance on various localization benchmarks.

GenLoc share some similarity with several works like
SLiMe [10], Diff-Tracker [44] and Hedlin ef al. [3] in op-
timizing condition to find desired targets. However, as il-
lustrated in CKHE, all previous methods directly optimize
cross attention map to find targets, which is not suitable for
keypoint localization, as it requires accurately modeling the
keypoint distribution over spatial dimension. Our proposed
CKHE and HEL boost the cross attention baseline by a large
margin, producing more localized heatmap in Fig 3. More
quantitative results can be found in Sec. 4.
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4. Experiments

4.1. Datasets and Evaluation Metrics

We evaluate GenLoc on several widely used keypoint local-
ization benchmarks, e.g., COCO Keypoint [19] and Human-
Art [8] for human keypoint localization, AP-10K [40] for
animal keypoint localization.

COCO Keypoint [19] is a large scale human keypoint
localization dataset with 17 annotated keypoints, e.g., nose,
left ear, efc. It contains more than 200,000 images and
250,000 person instances. COCO Keypoint is divided into
three parts: 57k images for training set, 5k images for vali-
dation set and 20k images for test-dev set.

Human-Art [8] is a large scale human keypoint local-
ization containing both natural scenes such as sports or out-
door, and artificial scenes including cartoon, digital art, ink
painting and efc. We adopt it to evaluate the cross-domain
localization performance of different methods. Similar to
COCO, Human-Art is also annotated with 17 keypoints and
contains 35k images for training set and 5k images for vali-
dation set. In this paper we only adopt its validation set.

AP-10K [40] is a large scale animal keypoint localiza-
tion dataset contains 10,015 images collected and filtered
from 23 animal families and 54 species. 17 keypoints are
annotated in the dataset. AP-10K splits the train, validation,
and test sets with a ratio of 7:1:2 per animal species.

Evaluation metrics. We follow the standard evaluation
metric and use OKS-based metrics for keypoint localiza-
tion. We report average precision with different thresholds
and object sizes: AP, AP AP, APM and APL.

4.2. Implementation Details

All experiments are implemented based on PyTorch [23].
We utilize Stable Diffusion v1.5 [25] as the pre-trained im-
age generative model. The dimension of condition em-
bedding of SD1.5 is set to 768. We additionally fine-tune
LDM by LoRA, with hidden dimension r = 16. We insert
CKHE into all cross attention layers in U-Net up-blocks.
The condition embedding and LoRA modules are optimized
by Adam optimier [11] with le-2 and 1e-3 learning rate, re-
spectively. We train GenLoc with batch size of 200 through
gradient accumulation and 10 epochs on AP-10k for abla-
tion study. For final comparison, we train model 100 epochs
on AP-10K and 14 epochs for COCO Keypoints.

4.3. Ablation Study

This section aims to investigate the contribution of each pro-
posed components in GenLoc, including the CKHE module
and proposed Heatmap Expectation Loss. We also present
training analysis in our method.

Effectiveness of CKHE. We first show the effectiveness
of the proposed CKHE on keypoint localization. The re-
sults are shown in the top rows of Table 1. LDM adopts

Component AP AP®® AP APM APT
Heatmap generation

Cross Attention 609 923 65.8 49.7  61.2
CKHE 707 943 785 534 710

Loss function

MSE Loss 70.7 943 78.5 534 71.0
HEL 733 968 809 551 737
Fine-tuning strategy

Only condition 60.1 93.1 64.6 37.9  60.7
+ LoRA 733 968 809 551 737

Noise time step selection

High noise(t = 601) | 154 41.3 8.5 7.0 15.7
Low noise(t = 21) 713 949 790 571 716
No noise 73.3  96.8 80.9 551 737

Table 1. Ablation study on each proposed component on AP-10K.

cross attention to aggregate the information from condition
to image latent feature, which is inconsistent with the goal
of keypoint localization. In contrast, our proposed CKHE
regards condition as query and computes the condition and
image latent feature along spatial token dimension, thus can
better estimate the distribution of keypoints. As shown in
Table 1, CKHE significantly outperforms cross attention
by a large margin under the same setting, e.g., higher than
9.8%. In Fig. 3 we also can observe that CKHE produces
more localized heatmaps, leading to better performance.
Effectiveness of HEL. In the middle rows of Table 1
we also show the effectiveness of the HEL over traditional
MSE loss. As stated in Sec. 3, MSE loss is not effective in
learning accurate keypoint distribution from the manually
defined groud truth heatmap. Our proposed HEL can fully
utilize the normalization property of correlation map and
produce more effective gradient to train model. As shown
in Table 1, HEL outperforms MSE loss by 2.6%, indicating
its advantages in learning accurate keypoint distribution.
Fine-tuning with LoRA. We also verify the neces-
sity of fine-tuning the model with LoRA. Previous meth-
ods [3, 10, 44] only optimizing condition to find targets,
which cannot achieve superior performance in keypoint lo-
calization, i.e., only obtaining 60.1%. This may be that
LDM does not need a well-localized correlation map for
image generation, which is exactly required by keypoint lo-
calization. By fine-tuning LDM with LoRA, we achieve a
balance between the localization performance and the gen-
eralization capability, outperforming baseline by 13.2% AP.
Noise time step selection. LDM performs generation
from noisy input and previous work [30] extracts features
from U-Net by adding noise to input image. Therefore we
investigate how to add noise to input image for keypoint
localization. We evaluate model performance under high
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Method AP AP® AP APM  APL Method AP AP AP APM APl AR
SimplePose [35] 69.9 - - - - DeepPose [32] 53.8 82.6 592 522 573 6638
Hourglass [22] 72.9 - - - - RLE [15] 740 915 8l1.6 709 785 76.8
gﬁgﬁgié [321 ;ig gg'g ;g'g 23; ;gz SimplePose [35] 744 926 825 715 792 776
VIPNAS (17 28] o : : : HRNet [28] 768 93.6 836 740 815 79.6
HlRForme[; s] T L7 . i . i SimCC [18] 765 932 831 736 815 797
) ’ ) ) ) ) i 3 . . . . . .
HRFormer-B [41]  73.5 ] i ] i ViTPose [38] 774 936 84.8 747 819 80.2
RTMPose [7] 722 939 78.8 56.9 72.8 Ours 776 946 857 748 82.6 80.7
CLAMP-B [43] 743 . . - .

CLAMP-L [43] 77.8 - - - - Table 3. Comparison on COCO in human keypoint localization.
Ours 80.1 973 87.6 59.3 80.5 Method ‘ AP AP° AP APM APY AR

. . . . . SimplePose [35] | 484 73.0 50.7 272 50.7 528

Table 2. Comparison on AP-10K in animal keypoint localization. SimCC [18] 517 752 548 262 543 570
HRNet [28] 534 763 56,5 304 559 575

noisy, low noisy and clean input (namely no noise is added ViTPose [38] 538 779 574 314 566 587
to image), and results are shown in the bottom of Table 1. LocLLM [34] 64.8 874 704 409 674 693
It can be observed that a low noise is preferred by model to Ours 1670 879 725 432 699 70

extract image feature and we find that adopting clean image
as input achieves the best performance. Therefore in the
following experiments we adopt clean image as input.

4.4. General Object Keypoint Localization

The section aims to demonstrate the effectiveness of the
proposed GenLoc on various object keypoint localization
tasks. We compare GenLoc with recent methods on animal
keypoint localization benchmark AP-10K and human key-
point localization benchmark COCO Keypoint. The results
are shown in Table 2 and Table 3.

Animal Keypoint Localization. We first compare Gen-
Loc with other methods on animal keypoint localization
task and report performance on AP-10K. As shown in Ta-
ble 2, existing animal keypoint localization methods are
belong to heatmap-based method, e.g., SimplePose [35],
HRNet [28] and HRFormer [41]. Compared with these
conventional methods, GenLoc achieves superior perfor-
mance, e.g., 80.1% AP on AP-10K, which is higher than
HRFormer by a large margin. Recent CLAMP [43] em-
beds language information into animal keypoint localiza-
tion, which improves the localization performance. Com-
pared with CLAMP, our method can fully utilize the large
LDM pre-trained on large scale image data, outperforming
CLAMP by 2.3% AP. All this indicates the superior perfor-
mance of GenLoc on animal keypoint localization task.

Human Keypoint Localization. We then show that
GenLoc can also locate person keypoint and compare on
COCO Keypoint. As shown in Table 3, existing meth-
ods can be divided into heatmap-based method: Simple-
Pose [35], HRNet [28] and ViTPose [38], and regression-
based methods: DeepPose [32] and RLE [15]. All of them
learn the keypoint prior purely from training data. Com-
pared with these works, our method can exploit the genera-
tive priors in LDM and achieving better performance.

Table 4. Comparison on Human-Art in cross-domain keypoint lo-
calization. All models are trained on COCO Keypoint.

Method | 5 10 15 20 25
Labeled data + additional unlabeled data

UDA [36] 0.429 0519 0.566 0.580 0.628
FixMatch [27] 0478 0.544 0.589 0.601 0.631
FlexMatch [42] | 0.466 0.555 0.596 0.618 0.646
ScarceNet [14] | 0.533 0.597 0.632 0.654 0.681
Only labeled data

HRNet [28] 0.360 0.463 0.511 0.547 0.588
Ours 0.628 0.668 0.688 0.692 0.711

Table 5. Comparison on AP-10K in few-shot localization. We
train model when 5, 10, 15, 20, 25 images per species are labeled.

4.5. Cross-Domain Keypoint Localization

In this section we aims to demonstrate the generalization
capability of GenLoc by comparing with other methods in
cross-domain keypoint localization, i.e., training model on
one dataset and test it on other domain dataset without fine-
tuning. Human-Art [8] dataset contains different image do-
main from COCO Keypoint, therefore we adopt it as test set
to evaluate models trained on COCO Keypoint.

As shown in Table 4, although previous methods achieve
superior performance in COCO Keypoint, they obtain infe-
rior performance over Human-Art benchmarks. This is be-
cause limited training data in COCO Keypoint cannot pro-
vide rich prior for these model to locate keypoint from dif-
ferent image domain. Our method utilizes the prior in pre-
trained LDM, which is trained on large scale data to ensure
its domain diversity. It achieves 67.0% AP on Human-Aurt,
outperforming previous methods.
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Figure 4. Visualization of keypoint localization results from COCO Keypoint (left), Human-Art (middle) and AP-10K (right).

Method | Train | Test | AP APsg APrs AR

Canidae | 41.3 794 364 49.1
Canidae | 469 844 456 53.8
Canidae | 72.8 974 824 758

Equidae | 419 71.8 403 46.6
Equidae | 466 756 475 512
Equidae | 76.0 957 831 80.7

Felidae |22.0 524 150 284

SimplePose [35] | Bovidae
CLAMP [43] Bovidae
Ours Bovidae

SimplePose [35] | Bovidae
CLAMP [43] Bovidae
Ours Bovidae

SimplePose [35] | Bovidae

CLAMP [43] Bovidae | Felidae | 28.7 67.6 18.9 36.3
Ours Bovidae | Felidae | 64.3 94.7 69.2 69.2
SimplePose [35] | Canidae | Felidae | 39.6 74.1 345 46.6
CLAMP [43] Canidae | Felidae |484 857 440 55.1
Ours Canidae | Felidae | 734 958 809 774

SimplePose [35] | Canidae | Cricetidae | 16.1  41.7 10.1  26.0
CLAMP [43] Canidae | Cricetidae | 22.0 51.1 14.1  31.6
Ours Canidae | Cricetidae | 50.2 84.2 51.0 55.8

Equidae |20.5 439 166 253
Equidae | 284 59.1 23.1 341
Equidae | 61.2 854 61.5 66.0

SimplePose [35] | Canidae
CLAMP [43] Canidae
Ours Canidae

Table 6. Comparison on AP-10K in zero-shot localization.

4.6. Few-shot Keypoint Localization

In this section we aims to show that GenLoc is a highly
data-efficient generalizable keypoint localization method,
e.g., it only requires a small set of labeled data to achieve
satisfied performance. We follow the ScarceNet [14] set-
ting to randomly select 5,10, 15,20, 25 labeled images of
each species from original AP-10K training set to train the
model, and directly test it on the complete test set.

As shown in Table 5, existing methods in few-shot set-
ting can be divided into two categories. The first is semi-
supervised methods, e.g., UDA [36] and ScarceNet [14],
these methods require additional unlabeled data to boost
the model performance. The second kind of methods only
use labeled data to train model like HRNet [28]. However,
limited training data cannot provide rich prior to perform
keypoint localization, thus HRNet achieves much worse
performance than semi-supervised methods like ScarceNet.
Different from previous methods, our method exploits the
rich generative priors from image generation model to per-
form keypoint localization, and achieves superior perfor-
mance over semi-supervised methods when only using la-

beled data. For instance, GenLoc achieves 62.8% AP in
5-shot setting, which is higher than ScarceNet by 9.5% AP
and HRNet by 26.8% AP, respectively.

4.7. Zero-shot Keypoint Localization

In the final section we further evaluate the generalization
capability of GenLoc on unseen objects in zero-shot key-
point localization. We follow CLAMP [43] setting to con-
duct experiments by testing model on unseen animal species
on AP-10K, e.g., training model on one animal species and
test it on another species. This setting is more challenge be-
cause the appearance, size and background environment are
quite different for different animal species.

We follow CLAMP [43] to conduct different zero-shot
keypoint localization experiments according to whether the
animal during training and test belong to the same animal
order or not. As shown in Table 6, we compare our method
with previous methods SimplePose [35] and CLAMP [43].
It can be observed that our method significantly outperform
these methods by a large margin. For instance, when train-
ing on Bovidae specie and testing on Canidae specie, our
GenLoc achieves 72.8% AP, which is higher than CLAMP
by 25.9% AP. When training and testing species belong to
different orders, e.g., training on Canidae and testing on Fe-
lidae, our method can get more improvement, outperform-
ing CLAMP by 35.6% AP. Such large improvement comes
from the rich generative priors from large scale data pre-
trained LDM, which can provide more prior than a narrow
domain training data. Our method can fully utilize the gen-
erative prior to achieve generalizable keypoint localization
in zero-shot setting.

5. Conclusion

This paper proposes GenLoc, a generalizable object key-
point localization method. GenLoc exploits the generative
priors in image generation model to perform keypoint lo-
calization. It first adopts the proposed CKHE to extract the
correlation map between condition and latent image fea-
ture, then optimizes the correlation map by our Heatmap
Expectation Loss to perform localization. Experiments on
various keypoint localization benchmarks demonstrate the
strong generalization capability of the proposed method.
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