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Abstract

Category-agnostic pose estimation (CAPE) aims to pre-
dict keypoints for arbitrary classes given a few support im-
ages annotated with keypoints. Existing methods only rely
on the features extracted at support keypoints to predict or
refine the keypoints on query image, but a few support fea-
ture vectors are local and inadequate for CAPE. Consid-
ering that human can quickly perceive potential keypoints
of arbitrary objects, we propose a novel framework for
CAPE based on such potential keypoints (named as meta-
points). Specifically, we maintain learnable embeddings to
capture inherent information of various keypoints, which
interact with image feature maps to produce meta-points
without any support. The produced meta-points could serve
as meaningful potential keypoints for CAPE. Due to the
inevitable gap between inherency and annotation, we fi-
nally utilize the identities and details offered by support key-
points to assign and refine meta-points to desired keypoints
in query image. In addition, we propose a progressive de-
formable point decoder and a slacked regression loss for
better prediction and supervision. Our novel framework not
only reveals the inherency of keypoints but also outperforms
existing methods of CAPE. Comprehensive experiments and
in-depth studies on large-scale MP-100 dataset demon-
strate the effectiveness of our framework. Code is avaiable
at https://github.com/chenbys/MetaPoint

1. Introduction

Pose estimation is a fundamental and significant computer
vision task, which aims to produce the locations of pre-
defined semantic part of object instance in 2D image. Re-
cently, it has received increasing attention in the computer
vision community due to its wide applications in virtual re-
ality, augmented reality, human-computer interaction, robot
and automation. However, most pose estimation methods
are trained with category-specific data and thus cannot be
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Figure 1. Overview of existing methods and our method. (a):
Existing methods only rely on the local features at support key-
points to predict or refine the keypoints. (b): Our method em-
ploys learnable embeddings to capture inherent information and
produces meta-points without support. Then our method assigns
and refines meta-points according to support keypoints.

applied for novel classes, especially when they have dif-
ferent keypoint classes. Therefore, category-agnostic pose
estimation (CAPE) [41, 48] is recently proposed to local-
ize desired keypoints for arbitrary classes given one or few
support images annotated with keypoints.

Unlike the standard pose estimation task where the key-
point classes are pre-defined, the desired keypoints in CAPE
are defined by support keypoints. Therefore, existing meth-
ods [41, 48] intuitively extract features at support keypoints
and then rely on them to predict or refine the keypoints
on query image, as shown in Fig. 1 (a). Although such
straightforward pipeline has achieved considerable success,
the information provided by a few feature vectors are local
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[32, 45] and inadequate, especially when support keypoints
are partially occluded or blurred. Furthermore, above meth-
ods focus on learning pixel-level correspondences and ne-
glect to mine inherent and complementary information of
keypoints, which is a fundamental issue of CAPE.

We conjecture that there are some inherent or universal
points in each object, based on the insight that human can
quickly grasp the essentials of keypoints of arbitrary ob-
jects without any reference or support image. We refer to
such class-agnostic potential points as meta-points, which
may seem similar to object proposal [1, 22, 57] or mask
proposal [23, 25, 37] but actually have significant charac-
teristics. For single object, meta-points could provide fine-
grained and structural information with a sparse represen-
tation. For two objects, meta-points of the same semantic
part should have consistent contact. For example, a lion
and a bird may have consistent meta-points (e.g., eye) and
individual meta-points (e.g., wing). Therefore, meta-point
learning is a fundamental yet challenging issue.

In this paper, we propose a novel pipeline for CAPE,
which first predicts meta-points without support and then
assign and refine them to desired keypoints according to
support, as illustrated in Fig. 1 (b). Specifically, we main-
tain learnable meta-embeddings to store the inherent in-
formation of various keypoints for producing meta-points.
Given a query image, these meta-embeddings will inter-
act with its feature maps via a transformer decoder to
mine the inherent information and thus could produce meta-
points without support. To bridge the gap between inherent
meta-points and desired keypoints, we first employ bipartite
matching-based assignment to assign optimal meta-points
for desired keypoints according to support. Afterwards, we
employ the support feature vectors together with the mined
inherent information to refine assigned meta-points via an-
other transformer decoder. Thanks to the meta-points and
mined inherent information, our framework could produce
more precise keypoints for CAPE. In addition, we propose a
progressive deformable point decoder, which progressively
mines fine-grained features to decode points with last points
as reference based on deformable attention [56]. We also
propose a slacked regression loss to reduce the immature
gradients of auxiliary decoder layers.

We evaluate our framework on the largest dataset for
CAPE, i.e., Multi-category Pose (MP-100) dataset [48].
The in-depth studies demonstrate that our method could
learn meaningful meta-points for arbitrary classes without
support. And the comprehensive experiments indicate that
our meta-points could dramatically facilitate CAPE and
lead to better performance against existing methods. Our
contributions could be summarized as: 1) To the best of our
knowledge, we are the first to learn class-agnostic potential
keypoints for CAPE. 2) We propose a novel framework for
CAPE based on meta-point learning and refining. 3) Two

minor contributions are progressive deformable point de-
coder and slacked regression loss for better prediction and
supervision. 4) Our method not only produces meaningful
meta-points but also predicts more precise keypoints against
existing methods in CAPE.

2. Related Works
2.1. Category-Specific Pose Estimation

Pose estimation is a fundamental task in computer vision,
which aims to localize the pre-defined keypoints of ob-
jects in the input image. Most pose estimation methods
are class-specific, e.g., estimating pose for human [2, 27],
animals [4, 26], and vehicles [38, 43]. Technically, exist-
ing pose estimation methods could be roughly categorized
into regression-based methods [19, 28, 36], heatmap-based
methods [11, 13, 54], and query-based methods [34, 40, 50].
To name a few, Li et al. [28] proposed a novel regression
paradigm with Residual Log-likelihood Estimation to learn
the change of the distribution to facilitate the training pro-
cess. Geng et al. [19] proposed to employ multi-branch
structure for disentangled keypoint regression, which could
be able to attend to the keypoint regions and thus improve
the performances. Luo et al. [33] proposed to estimate
scale-adaptive heatmaps, which adaptively adjusts the stan-
dard deviation for each keypoint and thus is tolerant of vari-
ous scales and ambiguities. Shi et al. [40] proposed to learn
multiple pose queries for reasoning a set of full-body poses
and then use a joint decoder to refine by exploring kinematic
relations. Although above works have achieved great suc-
cess for estimating pose of specific classes, they are inap-
plicable for novel classes, especially when the novel classes
have different number and kinds of keypoints. In this work,
we focus on estimating pose for arbitrary classes with a few
support images annotated with desired keypoints.

2.2. Category-Agnostic Pose Estimation

Few-shot learning [46] focuses on learning novel classes
using only a few samples and has been applied in exten-
sive visual tasks, e.g., classification [6, 12], object detection
[16, 55], segmentation [9, 29, 53]. For keypoint estima-
tion, previous few-shot methods mostly focus on specific
domains, e.g., facial images [3, 47], clothing images [18],
or X-ray images [10, 52]. For wider classes, Lu et al. [30]
explored a flexible few-shot scenario including novel/base
classes and novel/base keypoints. Later, Lu et al. [31] pro-
posed a saliency-guided transformer for above scenario and
transductive scenario. He et al. [21] explored to estimate
keypoints using a few examples combined with unlabeled
images. Recently, POMNet [48] elaborated a large-scale
dataset including 100 classes and set the task of category-
agnostic pose estimation. Technically, POMNet [48] pro-
posed a keypoint matching framework, which extracts the
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features at support keypoints and employs their matching
similarities to every pixels to retrieve the desired keypoints.
Afterwards, CapeFormer [41] enhanced the similarity mod-
eling in above matching pipeline, and proposed to further
refine each keypoint via a elaborate transformer decoder.
Although above methods [41, 48] have great promoted the
development of CAPE, they only rely on the local features
at support keypoints and neglect to mine inherent and uni-
versal information of keypoints. In contrast, we propose
to mine the inherent or universal points in objects without
any support, and propose a progressive deformable point
decoder to progressively mines fine-grained features to de-
code points more precisely.

2.3. Category-Agnostic Proposal Learning

Category-agnostic proposal learning is a long-standing re-
search topic in computer vision and has extensive down-
stream tasks. Early methods rely on low-level features (e.g.,
edges, super-pixels, or saliency) to produce bounding box
proposals [1, 57] or mask proposals [7, 8, 23, 25]. Re-
cent methods employ various network to learn box propos-
als [24, 39] or mask proposals [15, 49]. To name a few, one
of the most impressive works is Faster R-CNN [39], which
first learns class-agnostic box proposals and then refines
them to object bounding boxes. Pinheiro et al. [37] pro-
posed to learn the class-agnostic segmentation masks and
their object likelihood scores. Therefore, proposal learning
is a significant and foundational task and could greatly fa-
cilitate downstream tasks in the second stage. Nevertheless,
there are few works on learning class-agnostic keypoints,
and we propose to learn potential keypoints and name our
learned points as meta-points. Basically, our meta-point
could provide fine-grained and structural information with
a sparse representation. Furthermore, our meta-points have
consistent contact for the same semantic part of different
objects. Therefore, such meta-points not only reveals the
inherency of keypoints but also serves as meaningful pro-
posals for downstream tasks. Although the coarse keypoints
in [41] are named as “proposals”, their “proposals” are pre-
dicted according to support keypoints and thus do not have
the class-agnostic properties.

3. Method
Class-agnostic pose estimation (CAPE) aims to estimate de-
sired keypoints on query image given a few support images
annotated with keypoints for novel classes. For N -shot set-
ting, CAPE could be formulated as a function:

Pq = Fcape(xq, {xsn}Nn=1, {P ∗
sn}

N
n=1) (1)

where N support images {xsn}Nn=1 and their ground-truth
(GT) keypoints {P ∗

sn}
N
n=1 are given, and the task is to es-

timate the desired keypoints Pq on query image xq . To

evaluate the generalization capacity for arbitrary classes, all
classes in benchmark are split into non-overlapping base
classes and novel classes, and query and support images
are sampled from only base (resp., novel) classes for train-
ing (resp., evaluating). For simplicity, we first introduce
our method in 1-shot setting, and then clarify the intu-
itive extension with more support images. Specifically, the
function is simplified as Pq = Fcape(xq,xs,P

∗
s ), where

xq,xs ∈ R3×H×W and Pq,P
∗
s ∈ RK×2. For brevity of

description, we employ subscript to indicate the variable
source and use square bracket to show the index in vari-
able, e.g., Pq[k] for the k-th keypoint on query image. To
tackle such problem, we propose a novel framework based
on meta-point learning and refining, which not only reveals
the keypoint inherency but also produces precise keypoints.
The detailed framework is illustrated in Fig. 2, we first in-
troduce the pipelines of two-stages and then clarify the ar-
chitecture of our point decoder used in pipelines.

3.1. Predicting Meta-Point without Support

Considering that human is able to quickly abstract key-
points for arbitrary classes without support, we propose
to model such fundamental ability to facilitate CAPE. As
shown in the upper part of Fig. 2, we maintains M train-
able meta-embeddings Ẽ ∈ RM×D in our model (e.g.,
M = 100), which are shared by all samples and store the
inherent and universal information of keypoints. For the
input sample xq , our model first employs ResNet-50 [20]
backbone to extract pyramid feature maps {F r

q }Rr=1, where
F r
q ∈ RDr×Hr×W r

corresponds to the r-th residual layer
in deep-to-shallow order (R = 3 by default). Afterwards,
the meta-embeddings interact with image feature maps to
mine inherent information, which could be summarized as:{[

P̃ l
q ; Ẽ

l
q

]}L

l=1
= DL

meta(Ẽ, P̃init, {F r
q }Rr=1). (2)

Specifically, Dmeta is implemented with our Pro-
gressive Deformable Point Decoder, which employs
DeformAttn[56] to progressively decode L layers of points
with last points as reference points and will be clearly in-
troduced in Sec. 3.3. P̃init ∈ RM×2 are the initial points,
and we adopt uniform grid points to launch the decoding
for meta-points. From the l-th decoder layer in Dmeta, we
obtain the query meta-points P̃ l

q ∈ RM×2 and query meta-
embeddings Ẽl

q ∈ RM×D. We use the predictions from the
last layer as the proposals for following processes. Because
not all meta-points are visible for arbitrary objects, we em-
ploy a lightweight binary classifier to predict the visibilities
ṽq ∈ RM according to the last query meta-embeddings.

In this way, we are able to produce meta-points P̃L
q and

their visibilities ṽq without any support, which reveal the
inherency of keypoints and serve as meaningful proposals
to facilitate downstream tasks.
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Figure 2. Our framework employs two stages to predict meta-points and desired keypoints. In the first stage, the learnable meta-embeddings
interact with query feature maps via our progressive deformable point decoder to mine inherent information to predict meta-points and
their visibilities. In the second stage, the meta-points are assigned with identities according to the given support keypoints. After that, the
assigned meta-points are refined to desired keypoints based the support features and mined inherent information via another point decoder.

3.2. Refining Meta-Point with Support

Due to the inevitable gap between keypoint inherency and
annotation, we have to refine above meta-points to desired
keypoints Pq with GT support keypoints P ∗

s . The support
information includes two aspects, i.e., desired identity and
desired detail, which will be described as follows.

3.2.1 Identity Assignment

Each annotated keypoint has its identity/index, and thus we
need to determine the index mapping δ(·) between meta-
points and desired keypoints, i.e., the δ(k) meta-point cor-
responds to the k-th keypoint. Specifically, we employ the
bipartite matching-based assignment as in [5, 14] to solve
the mapping according to a cost matrix C ∈ RM×K , where
each entry C[m, k] indicates the cost for assigning the m-
th meta-point to the k-th annotated keypoint. To solve the
assignment according to support, we obtain the meta-points
{P̃ l

s}Ll=1 and visibilities ṽs on support image as the same
pipeline in Sec. 3.1. Then, we compute the cost by:

Cs[m, k] =

L∑
l=1

Lsl1(P̃
l
s [m],P ∗

s [k], l)− αlog(ṽs[m]),

(3)
where Lsl1 measures the l1 deviation with slacks on aux-
iliary decoder layers and will be introduced in Sec. 3.4.
The second term considers the classification of meta-point
visibility, with a trade-off hyper-parameter α = 0.5. Fi-
nally, we use Cs to obtain the optimal assignment δ(·). In
this way, each desired keypoint is assigned with a meta-
point, i.e., the k-th keypoint is assigned with P̃ [δ(k)]. Be-

cause we set K ≤ M , and the unassigned meta-points are
treated as ignore. For brevity, we employ δ(P̃ ) ∈ RK×2

and δ(Ẽ) ∈ RK×D to denote the assigned meta-points and
meta-embeddings re-ordered in desired sequence.

3.2.2 Details Enhancement

Besides the desired identities, we refine meta-points to de-
sired coordinates according to the support information. By
default, we employ the prediction of the last decoder layer
in Dmeta to refine and omit the decoder layer index for
brevity, i.e., we use assigned meta-points δ(P̃q) and their
embeddings δ(Ẽq) to launch the refinement. Basically, we
derive support keypoint features Fs via “soft” ROI pooling
as in previous works [41, 48], which contain information of
local details in support image. We also collect the meta-
embeddings assigned to support keypoints δ(Ẽs), which
have absorbed the global inherent information in support
image. Afterwards, we squeeze the concatenation of above
embeddings to obtain comprehensive embeddings Eq ∈
RK×D for keypoints, i.e., Eq = fsqz([δ(Ẽq); δ(Ẽs);Fs]).
Then, the assigned meta-points δ(P̃q) are progressively re-
fined according to Eq and image feature maps, as:{[

P l
q ;E

l
q

]}L

l=1
= DL

ref (Eq, δ(P̃q), {F r
q }Rr=1). (4)

Specifically, we also employ our Progressive Deformable
Point Decoder to implement Dref (same architecture but
different parameters with Dmeta) and leave the details to
Sec. 3.3. In this way, our decoder Dref progressively re-
fines assigned meta-points to desired keypoints.
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3.3. Progressive Deformable Point Decoder

Figure 3. Illustration of decoder layer in our Progressive De-
formable Point Decoder. The input embeddings first interact with
each other via a self-attention module. After that, the offsets
and weights are predicted to mine fine-grained features on input
feature maps. Finally, a deformable attention module uses input
points as reference to refine the embeddings and points.

Predicting precise keypoints requires fine-grained and
high-resolution features, and thus we propose a progres-
sive deformable point decoder, which makes full use of
deformable attention module [56] to precisely refine key-
points. Our decoder consists of L decoder layers (L = 3 by
default), and the architecture of decoder layer is shown in
Fig. 3. Given points P l−1 ∈ RK×2 and their embeddings
El−1 ∈ RK×D, each decoder layer performs self attention
[44] and deformable attention [56] to update points and em-
beddings according to feature maps {F r}Rr=1, as:

[P l;El] = D(El−1,P l−1, {F r}Rr=1). (5)

By stacking multiple such layers, our decoder could update
the points in a progressive and precise manner. Specifically,
each decoder layer first employs a self attention module to
render each point aware of other points’ positions and con-
tents as in [41] (also with identity embeddings and position
embeddings). Afterwards, each embedding predicts the off-
sets {∆P r}Rr=1 and weights {Ar}Rr=1 for paying attention
to each feature map. By using the points P l−1 as reference
points, the deformable attention module aggregates sampled
features according to weights and obtain updated embed-
dings El. Then, the coordinates of points are refined by:

P l = σ
(
σ−1(P l−1) + Fmlp(E

l)
)
, (6)

where Fmlp is a lightweight point head and σ indicates Sig-
moid function. In this way, input points and their embed-

dings could be progressively refined according to the nearby
fine-grained features.

3.4. Training and Inference

Our full training objective consists of keypoint regression
loss and visibility classification loss. For the regression
loss, strict supervision on auxiliary decoder layers will trig-
ger immature gradients for fitting keypoints with inadequate
capacities. And thus we adopt a slacked L1 loss:

Lsl1(P ,P ∗, l) =
∑
k

ε (|P [k]− P ∗[k]|1 − λ · (L− l)) ,

(7)
where ε indicates ReLU function and λ = 0.1 is a slack
hyper-parameter. And our total regression loss is

Lreg =

L∑
l=1

Lsl1(δ(P̃
l
q),P

∗
q , l) + Lsl1(P

l
q ,P

∗
q , l), (8)

where the first part supervises the assigned meta-points and
the second part supervises the refined meta-points towards
to GT keypoints P ∗

q . For the visibility classification loss,
we employ binary cross-entropy loss:

Lvis = BCE(ṽq,1δ), (9)

where 1δ ∈ RM is a vector indicating assigned meta-points
with 1, otherwise 0. Therefore, our full training objective is
calculated as Lfull = Lreg + α · Lvis, where we reuse the
balance hyper-parameter α in cost computation Eqn. 3.

In the inference stage, we employ the result of last de-
coder layer PL

q as the estimated keypoints. As for N -shot
setting, we average the support keypoint features from dif-
ferent shots as previous works [41, 48]. Besides, we aver-
age their cost matrices to obtain better assignment δ(·), i.e.,
Cs̄ = 1

N

∑N
n Csn . We also average their assigned meta-

embeddings, i.e., δ(Ẽs̄) =
1
N

∑N
n δ(Ẽsn). In this way, we

could obtain enhanced information to facilitate prediction.

4. Experiments
4.1. Dataset, Metric, and Implementation Details

Overall, we follow the experimental setting of previous
work [41]. Specifically, we conduct experiments on MP-
100 dataset [48], which covers 100 classes and 8 super-
classes and is the largest benchmark dataset for CAPE. MP-
100 contains over 18K images and 20K annotations, and
the keypoint numbers range from 8 to 68 across differ-
ent classes. The collected 100 classes are split into non-
overlapping train/val/test sets with the ratio of 70 : 10 : 20.
There are five random splits to reduce the impact of random-
ness. We use the Probability of Correct Keypoint (PCK)
[51] as the quantitative metric. Apart from the PCK of
threshold 0.2 as in [41, 48], we also report the mPCK (of
[0.05, 0.1, 0.15, 0.2]) for a more comprehensive evaluation.
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Table 1. Results of 1-shot and 5-shot setting on MP-100 dataset. We summarize PCK@0.2 results and report mPCK results in Tab. 2.

Method 1-shot setting 5-shot setting
Split1 Split2 Split3 Split4 Split5 Average Split1 Split2 Split3 Split4 Split5 Average

ProtoNet [42] 46.05 40.84 49.13 43.34 44.54 44.78 60.31 53.51 61.92 58.44 58.61 58.56
MAML [17] 68.14 54.72 64.19 63.24 57.20 61.50 70.03 55.98 63.21 64.79 58.47 62.50

Fine-tune [35] 70.60 57.04 66.06 65.00 59.20 63.58 71.67 57.84 66.76 66.53 60.24 64.61
POMNet [48] 84.23 78.25 78.17 78.68 79.17 79.70 84.72 79.61 78.00 80.38 80.85 80.71

CapeFormer [41] 89.45 84.88 83.59 83.53 85.09 85.31 91.94 88.92 89.40 88.01 88.25 89.30
MetaPoint 83.45 79.88 77.59 76.53 79.09 79.31 84.13 80.30 78.02 77.12 79.58 79.83

MetaPoint+ 90.43 85.59 84.52 84.34 85.96 86.17 92.58 89.63 89.98 88.70 89.20 90.02

Table 2. The evaluation results using mPCK metric.
(a) in 1-shot and 5-shot settings.

Split1 Split2 Split3 Split4 Split5

1-shot CapeFormer 75.13 69.30 68.59 68.50 71.38
MetaPoint+ 77.11 71.07 70.32 69.93 72.73

5-shot CapeFormer 78.05 74.43 74.87 73.80 76.11
MetaPoint+ 79.22 75.51 76.20 75.92 77.65

(b) in cross super-category pose estimation.

Human Body Human Face Vehicle Furniture

CapeFormer 60.21 58.04 27.34 35.60
MetaPoint+ 62.42 60.72 30.78 38.52

4.2. Comparison with Prior Works

Following previous works [41], our comparison baselines
include ProtoNet [42], MAML [17], Fine-tune [35], POM-
Net [48], and CapeFormer [41]. Specifically, ProtoNet,
MAML, and Fine-tune are popular few-shot learning meth-
ods adapted in [48]. POMNet [48] adopts a keypoint match-
ing framework to match support keypoints to the pixels of
query image. CapeFormer [41] enhances above similar-
ity modeling and further refines keypoints via transformer
modules. We use two versions of our model for compar-
ison, i.e., MetaPoint and MetaPoint+. MetaPoint directly
employs the predicted meta-points as results, where the sup-
port keypoints are only used to determine the identities for
evaluation. MetaPoint+ is the full-fledged version of our
model and employs the refined meta-points as results.

We summarize the results of PCK@0.2 in 1-shot setting
and 5-shot setting in Tab. 1. Firstly, we could see that our
MetaPoint achieves satisfactory performances without any
support and refinement, which indicates the mined meta-
points could reveal the keypoints inherency and serve as
high-quality proposals. Our MetaPoint+ achieves the opti-
mal performances against all baselines, demonstrating the
effectiveness of our framework on learning and refining
meta-points. We could also see that our methods have rela-
tively robust performances on various dataset splits and dif-
ferent number of support images.

Table 3. Results of cross super-category pose estimation. We sum-
marize the PCK@0.2 results and leave mPCK results in Tab. 2.

Method Human Body Human Face Vehicle Furniture

ProtoNet 37.61 57.80 28.35 42.64
MAML 51.93 25.72 17.68 20.09

Fine-tune 52.11 25.53 17.46 20.76
POMNet 73.82 79.63 34.92 47.27

CapeFormer 83.44 80.96 45.40 52.49
MetaPoint+ 84.32 82.21 46.51 53.67

In addition, the performances of various methods ap-
proach to saturation, probably because PCK@0.2 employs
a coarse threshold. We also report the results of mPCK
(with the thresholds in [0.05, 0.1, 0.15, 0.2]) against the
most competitive baseline (i.e., CapeFormer) for a more
comprehensive evaluation in Tab. 2. From the perspec-
tive of mPCK, we can see that our MetaPoint+ outperforms
dramatically against the most competitive baseline, which
more clearly demonstrates the effectiveness of our novel
framework based on meta-point learning and refining.

4.3. Cross Super-Category Pose Estimation

In the standard setting of CAPE, although the training
classes, validation classes, and test classes have no overlap,
some classes may have common characteristics and thus
easy to transfer, e.g., the body of various kinds of animals.
We follow the experiments of cross super-category evalua-
tion in previous works [41, 48] to investigate the generaliza-
tion ability on significantly different classes of our method.
Specifically, we respectively employ one of four super-
categories (i.e., human face, human body, vehicle, and fur-
niture) in MP-100 dataset as the test categories, while the
other categories are used as the training categories. As
shown in Tab. 3, our method outperforms than all baselines,
demonstrating that the our method could mine more class-
agnostic information via learning meta-points, and thus are
more robust against the distribution shift of categories. We
also include the evaluation results using mPCK metric in
Tab. 2. The performances vary greatly across super-classes,
probably because different super-classes have diverse kinds
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Figure 4. In each row, we show the GT keypoints and predictions of a pair of support image and query image. The left two columns show
the GT keypoints and estimated meta-points on support image. The middle two columns show the GT keypoints and estimated meta-points
on query image. The right two columns show the final keypoints predicted by ours and CapeFormer. We employ the small black arrows to
indicate the deviations to GT. The radii of drew meta-points indicate their visibilities, and the assigned meta-points are encircled with red.

Figure 5. In each row, we track one meta-embedding and visualize its meta-point on various samples if the visibilities are greater than 0.5.
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Table 4. Results (mPCK) of various component combinations.

+ṽ +Fs +δ(Ẽs) +Lsl1 Split1
#1 - - - - 68.18
#2 ✓ - - - 70.37
#3 ✓ ✓ - - 74.70
#4 ✓ ✓ ✓ - 76.43
#5 ✓ ✓ ✓ ✓ 77.11

of keypoints as discussed in [41].

4.4. Qualitative Analyses

For a more intuitive understanding of our method, we vi-
sualize the predicted meta-points and keypoints in 1-shot
setting for novel classes in Fig. 4. As shown in the sec-
ond column and the fourth column, our model could predict
meaningful meta-points without any support, which have
satisfactory performances compared with assigned GT. Fur-
thermore, the meta-points correspond to consistent seman-
tic parts in support images and query images. Therefore,
the predicted meta-points not only reveal the inherency of
keypoints but also could serve as favourable proposals for
subsequent refinement. As shown in the first row, the sup-
port keypoints of bird feet are hard to provide clear support
information. In such case, previous works may be confused
by the ambiguous support, while our method could predict
precise keypoints based on the inherent and complementary
information mined via meta-points. Similar cases could be
found in other visualizations.

To further explore the properties of learned meta-points,
we track one meta-embedding and visualize its meta-point
on various samples if the visibilities are greater than 0.5 in
Fig. 5. As shown in the first row, we could find that the
meta-point could correspond to consistent semantic parts of
various classes, even if the parts have just high-level or po-
tential relation. Note that there is no annotation binding the
points across classes, which demonstrates that our model
could mine and extract the inherent and universal informa-
tion of keypoints. In the second row, the meta-point may
correspond to the egoistic left-upper point of objects. Simi-
lar phenomena could be found in other cases.

4.5. Ablation Study

In this section, we investigate the performances of com-
ponent combinations and various configurations of our
method. Firstly, we gradually enable various components
in our model and report the mPCKs in Tab. 4. The row #1
is a plain version to directly predict and refine meta-points
without extra information, which shows the basic perfor-
mance of learned meta-points. In row #2, we further enable
visibility ṽ, which avoids the wrong but accidental assign-
ment to non-existent meta-points (e.g., occluded) and thus

Table 5. Results (mPCK) of various configurations of our model.

Version Split1 Split2 Split3 Split4
#1 Standard 77.11 71.07 70.32 69.93
#2 Dual-Asm 73.21 66.90 65.78 65.61
#3 R = 2 76.73 70.66 70.02 69.64
#4 R = 4 77.18 71.12 70.40 69.97
#5 L = 2 76.30 70.22 69.38 69.21
#6 L = 4 77.20 71.15 70.44 69.98

prompts the performance. In row #3 and row #4, we enable
support features Fs and support meta-embeddings δ(Ẽs)
in refinement, which provide critical and complementary
information for refining meta-points to desired keypoints.
Row #5 indicating the contribution of our slacked regres-
sion loss Lsl1 , which could slack the supervision on imma-
ture predictions. In addition, we explore the impact of vari-
ous configurations in Tab. 5. Specifically, Row #1 indicates
the standard performance of our model. Row #2 solves the
assignment δ(·) based on the sum of cost matrices of query
and support images but obtain worse results, probably be-
cause only the cost matrix of support image is available in
inference. Row #3 and row #4 explore the impact of feature
map number R, and our default configuration (i.e., R = 3)
could mine effective features from pyramid feature maps
via our point decoder, but too shallow feature map only im-
proves negligibly (i.e., R = 4) probably because the fea-
tures are too low-level. The last two rows investigate the im-
pact of decoder layer number, and our point decoder could
progressively refine keypoints via multiple decoder layers.
The performances are gradually saturated, and our default
choice (i.e., L = 3) is appropriate and enough.

5. Conclusion

In this paper, we have proposed a novel framework for
CAPE based on meta-point learning and refining. Such
meta-points not only reveal the inherency of keypoints but
also serve as meaningful proposals for downstream tasks.
We also have proposed a progressive deformable point de-
coder and a slacked regression loss for better prediction and
supervision. The effectiveness of our framework has been
demonstrated by in-depth experiments on MP-100 dataset.
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