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Abstract. It is intuitive for human vision system to perceive the object
position, area and structure, which corresponds to the tasks of detection,
segmentation, and pose estimation. Compared to the modern detectors
or segmentors, existing pose estimators only cover specific classes (e.g.,
human body) and restricted structures. Thus, recent works gather previ-
ous single-class pose datasets to construct multi-class pose datasets, but
the richness of classes and structures are still limited. To this end, we la-
bel a new pose dataset upon ImageNet dataset, which contains extensive
classes and structures. Due to the structure diversity in single class, we
decompose into two sub-tasks based on structure prototypes: prototype
labeling and pose annotating. In this way, we obtain 3500+ structure
prototypes of 720 semantic classes. Although different prototypes may
have diverse structures, there are some shared keypoints. Therefore, we
propose an appropriate baseline with query-based model and matching-
based supervision, where a query will learn the shared information across
keypoints and focus on estimating the keypoints with similar character-
istics. Extensive analyses and experiments indicate the quality of our
dataset and the effectiveness of our method.

1 Introduction

Perceiving the object position, area and structure are fundamental abilities for
human vision systems, and have extensive applications in our daily life. Corre-
spondingly, the task of detection, segmentation, and pose estimation have re-
ceived great attention in recent years in the field of computer vision. Modern
detectors and segmentors [19, 45] could provide the positions and areas for ex-
tensive objects, while existing pose estimators only cover specific classes, e.g.,
estimating human pose [1, 32] or vehicle pose [44, 53]. There are far more kinds
of objects in the complex scenes of real-world applications, and the structure
information could be supportive and pivotal for high-level tasks, e.g., behavior
analysis [52,58], human-object interaction [17,21], etc.

Considering the class restriction issue, recent works turn to the few-shot
paradigm [4,6,31,34,35,42,51,54,61] and zero-shot paradigm [36,46,64,65,70,71].
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Fig. 1: The class hierarchy treemaps of UniKPT and our dataset. UniKPT [64] contains
4 super-classes, and ours contains 13 super-classes.

Although the above works have achieved great progress in extending the object
scopes, there remains open problems in both benchmark dataset and technical
method. On the one hand, existing multi-class datasets are the concatenation of
previous single-class datasets. E.g., UniKPT dataset [64] includes 13 datasets.
As shown in Fig. 1, the class-wise richness of UniKPT dataset [64] is far less
than ImageNet dataset [11] (about 16 years ago). On the other hand, existing
few/zero-shot methods focus on learning transferable information. However, we
may just need a standard fully-supervised model in some real-world scenarios,
similar to the demands of fully-supervised classifiers, detectors, or segmentors.
Therefore, a rich benchmark and an effective baseline are significant at present
for extending the scope of pose estimation.

In this paper, we construct a rich benchmark and set an appropriate baseline
for multi-class pose estimation. To construct the benchmark, we choose the Im-
ageNet dataset [11] as our image source, which is also widely selected in related
tasks, e.g., part segmentation datasets [18] or sketchy datasets [49]. The first issue
in annotating pose for such rich dataset is how to define the pose appropriately,
because the object structures may obviously diverge in the same semantic class.
E.g., the phone class may contain foldable phones and bar phones, belonging to
two structures and poses. Therefore, we propose to decompose into two sub-tasks
based on structure prototypes: prototype labeling and pose annotating.

Specifically, for prototype labeling, we divide the images within the same class
into several prototypes, based on the intuitive perception of structural similarity
and imaginary transformations from images to prototypes. For pose annotating,
we annotate the keypoints based on the insights that the pose could represent
the major structures, and the images could be roughly warped and aligned to
the their prototypes via the annotated keypoints. In this way, we obtain 3500+
structure prototypes of 720 semantic classes, which is dramatically richer than
MP-100 [61] and UniKPT [64] datasets.

To set an appropriate baseline in the fully-supervised multi-class pose es-
timation, we propose a query-based model with matching-based loss. Previous
fully-supervised pose estimators [33,59] usually focus on single class and estimate
in a fixed keypoint index, i.e., the i-th channel estimates for the i-th keypoint.
However, in the multi-class scenario, the i-th keypoint of some class may be sim-
ilar to the j-th (i ̸= j) of another class, instead of the i-th. E.g., the eye keypoint
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corresponds to index-3 of bird and index-7 of dog. Therefore, we design a query-
based model and employ matching-based loss to adaptively match the queries
to the keypoints. In this way, a query could learn the shared information across
keypoints and focus on estimating the keypoints with similar characteristics.

We conduct extensive analyses and experiments to investigate the quality
of our dataset and the effectiveness of our method. Our contributions can be
summarized as follows: (1) We construct a significantly richer multi-class pose
dataset based on ImageNet. We propose to firstly label the structure prototypes
and then annotate the poses. (2) We propose a query-based model as an ap-
propriate baseline, where the same query adaptively learn similar keypoints of
different classes. (3) In-depth analyses and experiments demonstrate our dataset
quality and method effectiveness.

2 Related Works

2D Pose Datasets Conventional 2D pose estimation usually focuses on single-
class scenario, e.g., human [1, 32], face [48], vehicles [44] and animals [3]. Re-
cently, MP-100 [61] concatenates various single-class datasets (e.g., DeepFa-
sion2 [15], AP-10K [67], and MacaquePose [27]) to a multi-class pose dataset
covering 100 classes. Later, UniKPT [64] further integrates 13 existing keypoint
datasets (e.g., COCO [32], 300W-Face [48], and Animal Kingdom [41]) to obtain
a larger dataset. However, the class and structure richness of above datasets are
limited, and thus we would like to expand to more extensive classes based on
structure prototypes.

Single-Class Pose Estimation Previous pose estimation methods usually focused
on keypoint localization for specific object class and fixed object structure, i.e.,
with fixed keypoint number and keypoint types. Existing approaches can be di-
vided into three main technical categories: regression-based methods [43, 56, 57]
directly map image features to keypoint coordinates through an encoder struc-
ture, heatmap-based methods [8,38,69] generate spatial likelihood distributions
of keypoints using an encoder-decoder architecture, and transformer-based meth-
ods [28, 29, 39, 50, 66, 68] leverage self-attention mechanisms to model global
dependencies, achieving keypoint localization through a sequence-to-sequence
paradigm. Although previous methods have achieved great success, the models
are designed to learn a fixed structure, and thus lead to sub-optimal results for
variable structures. In this paper, we construct a dataset and set an appropriate
baseline to adaptively learn rich structures.

Few-Shot and Zero-Shot Pose Estimation To estimate the pose of multiple
classes, recent works usually adopt few-shot [4–6,26,31,35,42,51,54,61] and zero-
shot [22, 23, 46, 64, 65, 70, 71] paradigms. Specifically, Lu et al. [34] propose the
first few-shot keypoint detection, which estimates the keypoints of novel classes
based on a small number of support samples. POMNet [61] locates keypoints
through matching between query feature map and support keypoint features.
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MetaPoint [6] learns transferable and shared meta-points from different cate-
gories and refines them to detect novel keypoints. In the zero-shot paradigm,
Lu et al. [36] constructed a multi-modal prompt library and designed a multi-
prompt contrastive learning framework for zero-shot pose estimation. Yang et
al. [65] proposed to firstly recognize and then detect, which achieved cross-task
keypoint detection. The above works have achieved great progress in learning
transferable information and estimating the keypoints of novel classes. In this
paper, we focus on multi-class pose estimation in the fully-supervised paradigm.

3 Dataset Construction

3.1 What is Pose?

This seemingly simple question is actually far more complex, which will define
the characteristics of our final annotated poses. Our answer is that the visual pose
could: (1) characterize the main structure of a single object image; (2) depict the
main structural deformation across object images. In contrast, object sketches
[12] can also characterize the main structure but fail to capture this deformation
due to missing inter-image correspondences. Based on pose deformation, the
visual poses could characterize the behaviors of animals or the placements of
static objects.

Consequently, our major principles for dataset construction are also two-fold:
(1) the poses could characterize the main structure analogously to object sketches
[12], but with a distinct sparse representation. (2) the poses are deformable
across a set of object images, which are represented by a prototype or canonical
pose [6, 55]. In particular, the first principle is straightforward, similar to how
human draw object sketches [12]. The second principle is also intuitive enough
by comparing the major structures of object images, and we further formulate
the deformation via Thin Plate Spline (TPS) transformation [2].

Specifically, TPS transformation is a classic non-rigid geometric transforma-
tion technique, based on interpolation over control points in the source image
and their corresponding target points in the target image. As for our pose defor-
mation, the keypoints could serve as control points for the TPS transformation
(termed as keypoint-based TPS). In each column of Fig. 2, we could see how
two objects are deformed to align via keypoint-based TPS. However, the ob-
jects in two different columns have different structures and thus cannot be well
aligned, which should be divided into different prototypes. Extending for multi-
ple images, if a set of object images could appropriately deform to each other via
keypoint-based TPS, they should be in the same prototype, as shown in Fig. 3.

In the following, we firstly describe the image source of our dataset, and
then introduce the specific annotating schemes. We also statistically analyse our
dataset and compare it to prior pose, part, and sketch datasets.

3.2 Image Source

As a pioneer work on labeling pose dataset with structure prototypes, we re-
quire a large-scale of object images, which could be borrowed from classification
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Fig. 2: The illustration for pose defor-
mation. Four different steel arch bridge
instances could be grouped into two pro-
totypes based on deformation. In each
prototype, we could intuitively deform
one to the other using keypoints, but
cannot well deform across prototypes.

Fig. 3: Two global perspectives of sam-
ples in one prototype of teapot class.
With the sample of green box as canon-
ical pose, we warp the source images to
aligned images using TPS transforma-
tion. It is intuitive to check the quality
of keypoints.

dataset. ImageNet [11], containing about a large scale of training images with
semantic class labels, is one of the most classic and fundamental benchmark
datasets for various vision tasks. Therefore, using the images of ImageNet is an
appropriate choice to bridge the gap for the research of pose estimation.

Annotating pose is relatively time-consuming, and thus it is quite expensive
to provide pose annotations for all training images. As aforementioned, we focus
on setting the dataset scheme and taxonomy, and control in a moderate scale
comparable to related datasets [30], i.e., up to 20 samples per prototype. We
also include the pose samples from UniKPT by randomly selecting at most
200 samples per class, referring to the balanced number in [61]. Due to class
overlapping, some fine-grained classes in ImageNet are merged and replaced to
their coarse-grained classes in UniKPT, e.g., malamute, whippet, old English
sheepdog of ImageNet are updated with dog of UniKPT. Overall, we include 163
classes from UniKPT. Besides, we ignore 62 classes of ImageNet that have no
obvious structure, e.g., seashore and cliff. Finally, we have 720 classes totally. In
the following, we introduce the details of labeling and annotating the images.

3.3 Labeling Prototype

To label some prototypes and assign each image with a prototype, we process the
classes respectively and label the images sequentially. For each class, we maintain
a set of structure prototypes P = {xi}, where the set is initially empty and the i-
th image in the set represent the i-th prototype. For each image, the annotators
are required to determine whether to assign it to one of existing prototypes
or create a new prototype using it, according to the principles introduced in
Sec. 3.1. We also introduce how we check and correct the manual labels in
Sec. 3.5. Specifically, in the labeling software interface, the image to be labeled
is shown in the right sub-window, and the existing prototypes are illustrated in
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Fig. 4: 3 structure prototypes and ignored
samples of 2 classes. The postfix distin-
guishes prototypes in the same class.

Fig. 5: The illustration of simple and com-
plex object structures. The number of key-
points increases from left to right.

the left scroll. The annotators just click the illustrated prototypes or buttons
to perform prototype labeling. Besides, if the image does not contain a clear
structure (e.g., due to the accumulation of small objects or heavy occlusions
over large regions.), the annotators will label it as ignore. As shown in Fig. 4, 3
prototypes and 1 ignored sample are illustrated for beer glass and chime class.

3.4 Annotating Pose

After the above prototype labeling, all the samples are assigned with structure
prototypes, and we annotate the poses for the prototypes respectively. In each
prototype, the annotators firstly scan all the samples, and consider how to anno-
tate major keypoints to align them with TPS transformation by using keypoints
as control points. Considering that two difference instances inevitably cannot
be aligned, we only requires the images to be aligned in common, general, or
major structures. Similar to coarse-grained and fine-grained classification, we
leave the fine-grained pose estimation to future works. Once the keypoints are
determined for the first image in prototype, the subsequent pose annotating is
more straightforward, because the transformation between the images in one
prototype is intuitive. We employ the well-known tool LabelMe [47] for keypoint
annotation, and the pipeline is conventional. As shown in Fig. 5, there are sim-
ple structures and complex structures in our prototypes, e.g., 4 keypoints for
notebook and 26 keypoints for suit.

3.5 Managing Quality

As the structure similarity or equivalence is apparent, checking the annotated
poses from a global perspective is intuitive to find outliers. As shown in Fig. 3,
we employ two kinds of global perspective to check the pose annotations of each
prototype one by one. Firstly, we tile the source images depicting annotated poses
to a grid of images, and ask expert annotators to check whether the annotated
poses are in the same structure. Secondly, we also select a representative pose as
the canonical pose, and align all the images belonging to the prototype to the
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Fig. 6: Illustration for the consistent keypoint annotations and inconsistent keypoint
annotations due to structure granularity.

canonical pose using keypoint-based TPS. From the two complementary global
perspectives, the outliers (wrong annotations) are saliency, and thus the expert
annotators could effectively identify them. For the identified outliers, the expert
annotators will re-label the prototypes or poses.

Furthermore, we employ Fleiss’ Kappa [13] to show the the consistency across
annotators. For prototype labeling, we randomly select 1000 sample pairs with
a balanced number of same-prototype and different-prototype pairs. We ask 5
annotators to determine whether each pair should be labeled into the same
prototype, which is a binary classification task. As shown in Tab. 1, the result
of Fleiss’ kappa is 82.7, which is larger than 80 and indicates the relatively high
consistency in prototype labeling.

For pose annotating, we randomly select 20 prototypes and then randomly
select 5 samples from each prototype. Since the keypoint numbers and orders
of different annotators may be different, we have to match the keypoints and
then compute PCK@0.2 to measure the consistency between two annotators.
Specifically, we adopt two metrics: (1) PCK-All: the unmatched keypoints (due
to extra keypoints) are regarded as errors; (2) PCK-Match: the unmatched key-
points are ignored. We compare every pairs of annotators and average to obtain
the final metrics. As shown in Tab. 1, the results of PCK-All and PCK-Match
are 71.6 and 98.2. In particular, PCK-All indicates the strict consistency, while
PCK-Match allows finer-grained of structure depicting via extra keypoints, as
shown in Fig. 6. Overall, the annotations exhibit satisfactory consistency.

3.6 Usability Analysis

We conduct a user study to verify whether our dataset can adequately depict
object structures and deformations. Specifically, we draw 1000 random samples,
and ask 5 users to rate “how well each pose depicts the main structure of the
object” using a score in 0–5. We draw 1000 random sample pairs in the same
prototype, and ask 5 users to rate “how well the left object could deform (move
or be placed) into the pose of right object” using a score in 0–5. The averaged
scores are summarized in Tab. 1, and thus our dataset could well reflect the two
major principles of pose discussed in Sec. 3.1. Besides, we analyse the prototype
diversity within each class via the variance of keypoint numbers. The averaged
variances of classes (except for UniKPT) is recorded in the “Prototype Diversity”
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Table 1: Analysis of annotator consistency, pose quality, and labeling time.

Annotator Consistency Pose Quality Time

Prototype
Labeling

Pose Annotation
(PCK-All)

Pose Annotation
(PCK-Match)

Structure
Depicting

Deformation
Depicting

Prototype
Diversity

Prototype
Labeling

Pose
Annotation

Result 82.7 71.6 98.2 4.2 4.4 6.32 3s / img 2m / img

column of Tab. 1, where we could see that our classes generally contain diverse
prototypes. Additionally, the averaged time consumption for labeling prototype
and annotating pose are summarized in the last two columns of Tab. 1.

3.7 Comparison to Prior Related Datasets

In the domain of pose datasets, ours contains much more semantic classes and
super-classes, e.g., UniKPT [64] contains only animal, vehicle, wear items, and
furniture. Prior pose datasets only cover one prototype for each semantic class,
and we decompose classes into prototypes. UniKPT contains more pose anno-
tations, by virtue of the concatenation of multiple prior single-class datasets.
The part segmentation datasets (i.e., PIN [7] and PIN++ [30]) are also related
to our work, which all could be regarded as obtaining more fine-grained infor-
mation on ImageNet. Specifically, single object in part segmentation datasets
usually contains only several parts. E.g., left-hand and right-hand are grouped
into the same part hand in PIN++ [30]. In contrast we have more fine-grained
semantics, i.e.,, left-hand keypoint and right-hand keypoint.

Besides, sketch datasets [10, 14] may also depict the object structures, and
thus related to our work to some extent. In particular, the object pose is a
sparse representation, and contains semantic consistency. For example, sketches
are difficult to depict the consistency or correlation across object images or
video frames. Overall, our dataset are comparable to related datasets (i.e., pose
estimation, part segmentation, and sketches) and has particular characteristics.

4 Method

4.1 Setting of Fully-Supervised Multi-Class Pose Estimation

In our multi-class scenario, we set two basic tasks, i.e., prototype classification
and pose estimation. Specifically, in the training set, each data sample is given
by input image x ∈ R3×H×W , prototype ID in one-hot vector y∗ ∈ RN , keypoint
coordinates P ∗ ∈ RK×2, and keypoint visibilities V ∗ ∈ RK . Numerically, the
coordinates are in range of [0, 1] and the visibilities are binary. Because the
keypoint types and numbers could vary across prototypes, we pad the poses into
a unified dimension (i.e., K) for inputting modern models, where the visibilities
of padded keypoints are set as zero. In the inference stage, the models in our
task should estimate the corresponding y ∈ RN , P ∈ RK×2, and V ∈ RK from
input x. For brevity, we employ [·] to denote the array index (e.g., P [k] denotes
the k-th keypoint), and adopt [·; ·] for the concatenation operator.
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Fig. 7: The illustration of our model in the training stage. Firstly, our model clas-
sifies the structure prototype using global feature. After that, the shared keypoint
embeddings extract keypoint features via a transformer decoder, and produce keypoint
coordinates and visibilities. According to the GT class, the corresponding cost matrix is
employed to solve the matching between estimations and targets. Finally, the keypoint
regression and visibility classification are supervised based on matching. Besides, the
cost matrix is updated via momentum.

4.2 Forward Pipeline

As shown in Fig. 7, given the input image x, our method firstly extract the
multi-scale feature maps {Fr}3r=1 using a ResNet-50 backbone [20]. Conforming
to conventional classification, we obtain a global feature vector fg ∈ RD via
global average pooling on F3 (the deepest layer), and employ a fully-connected
layer to produce the structure classification logits, i.e., y = Fcls(fg) ∈ RN , for
N structure prototypes.

To estimate keypoints, we maintain M ≥ K learnable keypoint (query) em-
beddings E ∈ RM×D, which will learn shared information of keypoints across
classes and prototypes. As keypoint estimating requires fine-grained features, we
employ the deformable attention [72] based transformer to extract keypoint re-
lated features in image. We adopt the same architecture of deformable keypoint
decoder in [6], which adopts deformable attention for keypoint-image interaction
and adopts self-attention for keypoint-keypoint interaction. Specifically, we de-
note the deformable keypoint decoder as Fdec, and employ keypoint embeddings
to query on multi-scale backbone feature maps, which can be summarized as:

[P ;E′] = Fdec(E, {Fr}3r=1), (1)

where P ∈ RM×2 indicates the decoded keypoint coordinates, and E′ ∈ RM×D

denotes the updated keypoint embeddings. Since the attention mechanism is
widely applied and module design is not our contribution, the details of Fdec

can be found in [6].
To estimate the visibilities of keypoints, we add a lightweight binary classifier

over E′, i.e., V = Fcls_vis(E
′) ∈ RM . Up to now, the estimated M keypoint

coordinates P ∈ RM×2 and visibilities V ∈ RM are in a sequence shared by all
prototypes, and thus we need to determine (match) the corresponding indexes
of the keypoints to the specific prototype in the input image.
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4.3 Matching Estimations to Targets

Different prototypes have different types and numbers of keypoints, but modern
models have to process padded and fixed outputs, i.e., keypoints P ∗ ∈ RK×2,
and visibilities V ∗ ∈ RK . Therefore, our designed model adaptively maps M
estimations to K targets of each prototype respectively.

Specifically, we maintain one matching cost matrix for each prototype, i.e.,
C̄ ∈ RM×K , while C̄[m, k] stores the cost for matching the m-th estimated
keypoint to the k-th target keypoint. The matching cost is initialized by zero
matrix and updated via momentum accumulation in each training iteration, as:

C̄ = (1− λ)C̄ + λC, (2)

where λ is the momentum coefficient, and C is the immediate cost matrix com-
puted using the targets and estimations of each training sample in training iter-
ation. Similar to query-based models [6,9], the matching cost is computed using
loss functions, which will be formulated in Sec. 4.4. In particular, each entry in
cost matrix is computed as:

C[m, k] = V [k] ·
∥∥∥P [m]− P ∗[k]

∥∥∥+ αLce(V [m],V ∗[k]), (3)

where the first term measures the cost between estimated and target coordinates,
the second term measures the cost for visibility via binary cross-entropy, and α
is the balance hyper-parameter. Based on the cost matrix C̄ of input sample,
we solve the matching as in [9, 72], and obtain a mapping δ(·), where the k-th
target keypoint is matched to the δ(k)-th estimated keypoint. Because M ≥ K,
there are also M −K unmatched estimations as in [9, 72].

4.4 Summary of Training and Inference

In each iteration of training stage, given the input image x, GT prototype ID
y∗, and K keypoint targets [P ∗; V ∗], our model forwards to predict prototype
logits y, and M keypoint estimations [P ; V ], as aforementioned in Sec. 4.2.
Then, we compute the immediate cost matrix C using GT targets and solve the
matching mapping δ(·) using the updated cost matrix C̄. After that, we employ
the following learning objective to train the model:

Lfull = Lce(y,y
∗) + β ·

K∑
k=1

Lkp[k], (4)

where Lce is the cross-entropy loss for prototype classification, and β is the
balance hyper-parameter. The Lkp[k] in the loss for learning the k-th target
keypoint, and computed similar to Eqn. 3, which can be formulated as:

Lkp[k] = V ∗[δ(k)] ·
∥∥∥P [δ(k)]− P ∗[k]

∥∥∥+ αLce(V [δ(k)],V ∗[k]), (5)
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where the first term supervises the coordinates of visible keypoint, and the second
term supervises the visibility classification. Besides, there are M−K unmatched
estimations, and we supervise their estimated visibilities to be zeros (denoted as
Lun in Fig. 7), which is trivial and omitted.

In inference, given the input image x, our model forwards to predict proto-
type logits y, and M keypoint estimations [P ; V ]. Then, we fetch the stored
cost matrix C̄ of predicted prototype class, and solve the matching mapping
δ(·). After that, our model outputs the logits y and matched K estimations, i.e.,
δ(P ) ∈ RK×2 and δ(V ) ∈ RK .

5 Experiments

5.1 Implementation Details and Evaluation

We follow the implementation of related works [6, 51, 61], e.g., image size, data
augmentation, optimizer, etc. We employ K = 100, M = 300, λ = 0.8, α = 0.1,
and β = 10 by default. We random split the samples in each prototype into
training and test samples with ratio 7 : 3. For prototype classification, we adopt
the widely used accuracy metric, i.e., Top-1 Acc, Top-3 Acc, and Top-5 Acc. For
pose estimation, we choose PCK-based mAP, because the models should employ
visibility to modulate the estimated structure. Specifically, we only count the
GT visible keypoints, and the estimated keypoint corresponding to the k-th GT
keypoint is considered to be valid if:

(∥P [k]− P ∗[k]∥ ≤ Tp)&(V [k] ≥ Tv), (6)

where Tp is the distance threshold as PCK and Tv is the visibility/confidence
threshold for AP. We mainly employ Tp = 0.2 and employ 9 visibility thresholds
from 0.1 to 0.9. We employ the mean of all classes AP (i.e., mAP@0.2) as our
major metric.

5.2 Metric Computing

We choose PCK-based mAP metric, because the models should employ visibility
to modulate the estimated structure. We firstly compute the AP value of each
sample, and the aggregate them to a major metric. Given a distance threshold
Tp, we compute AP value the i-th test sample with following processes. Firstly,
we count the keypoint hit number Nhit as:

Nhit =

K∑
k

I(∥P [k]− P ∗[k]∥ < Tp) · I(V [k] > Tv) · V ∗[k], (7)

where Tv is the visibility/confidence threshold for computing AP, and V ∗[k]
is the GT visibility of the k-th keypoint. In this way, only those truly visible
keypoints whose predicted position deviation by the model is lower than the
threshold and whose visibility is higher than the threshold are considered correct.
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Table 2: The accuracies (Top-1 Acc, Top-3 Acc, and Top-5 Acc ↑, %) in prototype
classification task. The metric with “Ori” is the original accuracy of semantic classifi-
cation on ImageNet.

ResNet Ori Top1 Top-1 Top-3 Top-5

ResNet-18 72.1 59.8 86.8 90.6
ResNet-50 77.1 65.0 91.1 94.0
ResNet-101 78.2 66.6 91.9 95.1

DenseNet Ori Top1 Top-1 Top-3 Top-5

DenseNet-121 74.9 62.8 89.1 92.6
DenseNet-169 76.2 63.9 90.0 93.4
DenseNet-201 77.4 65.6 91.6 94.7

Table 3: The performances (mAP@0.2↑, %) of different methods within various super-
classes and all classes. We shorten some over-length super-class names for better table
scale, including equipment, furniture, structure, plaything, wear items, and toiletry.

Method animal device vehicle equip. food furni. struc. fungus plant tool play. wear. toil. mAP@0.2

Sim.Base. 42.3 40.3 27.7 35.3 43.4 36.9 47.7 40.4 59.3 35.2 24.9 37.8 45.8 39.9
QueryPose 45.4 44.7 32.5 38.8 46.9 38.5 49.3 43.8 61.1 37.5 28.5 41.1 48.9 42.8
ViTPose 46.6 45.8 32.6 39.1 48.1 39.4 50.4 44.3 62.2 39.2 30.1 42.2 49.2 43.8

PCT 47.2 46.4 32.8 40.3 49.3 40.3 51.2 44.8 63.5 39.7 30.9 43.1 50.4 44.6
ED-Pose 48.1 47.1 33.2 40.9 50.4 41.5 52.1 46.1 63.9 41.1 31.2 43.9 51.2 45.4

GroupPose 49.2 49.7 35.9 43.5 52.6 43.9 55.1 48.9 65.6 43.2 33.1 46.2 53.1 47.7
NerPE 49.0 49.0 34.2 41.9 51.9 43.6 53.7 47.6 64.5 42.7 32.3 45.2 52.3 46.8
RTMO 49.9 49.9 36.8 43.2 52.9 44.1 55.9 49.3 66.3 43.9 33.4 46.4 54.1 48.2
Ours 52.0 58.6 54.5 50.8 63.8 56.3 70.4 70.4 74.1 55.3 49.4 62.3 63.8 57.0

And we compute the estimated keypoint number Nest and all GT keypoint
number Nall as: Nest =

∑M
m I(V [m] > Tv), and Nall =

∑K
k V ∗[k]. Correspond-

ingly, the precise rate is PR = Nhit

Nest
, and the recall rate is RR = Nhit

Nall
. By

iterating Tv from 0.1 to 0.9, we compute the AP under Tp for the i-th sample.
We firstly average the AP results over samples, and then obtain the class-wise
AP. Finally, we compute the mean of all classes to obtain final mAP under the
distance threshold Tp. Besides, we could compute the mean of classes belonging
to one super-class to obtain the mAP of super-class.

5.3 Structure Prototype Classification

The conventional classification mostly focuses on semantic classification, and we
explore the structure classification of representative classifiers, including vari-
ous scales of ResNet [20] and DenseNet [25]. As shown in Tab. 2, the classifiers
achieve satisfactory performances, e.g., 65.0 Top-1 Acc for ResNet-50. The per-
formances of structure classification is relatively lower than semantic classifica-
tion, may due to more class number and more fine-grained class cues. Besides,
on Top-5 Acc, the classifiers could generally predict precise results, e.g., 94.7 for
DenseNet-201.

5.4 Extensive-Class Pose Estimation

We select representative pose estimation methods and adapt them to our base-
lines, including SimBase [59], QueryPose [60], ViTPose [62], PCT [16], ED-
Pose [63], GroupPose [33], NerPE [24], and RTMO [37]. Specifically, for the
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Table 4: Ablation study and fine metrics of our method.

Method mAP@0.05 mAP@0.10 mAP@0.15 mAP@0.2 AVG

Sim.Base. [59] 2.6 12.8 26.4 39.9 20.4
RTMO [37] 17.5 36.7 43.5 48.2 36.5
Full-Fledged 27.2 43.3 51.8 57.0 44.8
Fix Matching 8.0 17.8 26.8 35.3 22.0

Using GT Class 38.6 61.9 73.3 79.5 63.3

heatmap-based methods, we employ the maximum value of each heatmap as
the visibility. For the regression-based methods, we augment the one dimension
to regress the visibility of each keypoint. We summarize the mAP@0.2 aver-
aged within each super-class and the major mAP@0.2 averaged for all classes in
Tab. 3.

From Tab. 3, we could see that our method achieves the optimal perfor-
mance against various baselines, e.g., +8.8 mAP@0.2 against RTMO [37]. For
each super-class, our method also outperforms baselines dramatically, e.g., +16.1
mAP@0.2 against GroupPose [33] for wear items super-class. The significant per-
formance gains demonstrate the effectiveness of adaptively matching queries to
learn shared information across keypoints.

Besides, we select the most competitive baseline (i.e., RTMO [37]), to qual-
itative investigate the estimated poses. As shown in Fig. 8, our method could
estimate object poses better depicting various structures. Specifically, in the 4-
rd row of challenging acoustic guitar class, our estimated pose could generally
represent the long strip shape of head and the curved shape of body. Overall, our
method have the optimal quantitative and qualitative performances, indicating
the effectiveness of our query-based model and matching-based supervision.

5.5 Ablation Study

In this section, we explore the impact of specific designs and report fine metrics
of our method. Beyond the coarse metric mAP@0.2, we also report fine metrics
(i.e., mAP@0.05, mAP@0.10, and mAP@0.15) of the representative baseline and
various versions of our method in Tab. 4. Specifically, Full-Fledged means the
standard version of our method. Fix Matching means we replace the adaptive
bi-partial matching with a fixed 1-to-1, 2-to-2, ..., K-to-K mapping. Using GT
Class means we fetch the cost matrix according to GT class label in the test
stage, instead of the original estimated class label.

As shown in Tab. 4, we could see that our full-fledged method consistently and
significantly outperforms baseline on various grains of metric. However, with fix
matching, our performances dramatically degrade, e.g., -22.8% mAP in average,
indicating the effectiveness of using matched query to learn shared information
across keypoints. Using GT class labels, our performances significantly promote,
e.g., +18.5% mAP in average, showing the performance loss caused by wrong
keypoint order. Overall, our method is an effective baseline for extensive class
pose estimation, and we will further improve in future works.
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Fig. 8: The qualitative comparison for RTMO [37], ours, and GT keypoints. For clear
visualization, we set various colors for GT visible keypoint and set black color for
padded keypoint for each prototype. The keypoint transparency show the keypoint
visibility.
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5.6 Discussion, Limitation and Future Works

As a pioneer work for extensive-class pose estimation, our work inevitably con-
tains various limitations and remains large scopes for further progress. We discuss
the limitations from both the task setting and method design perspectives.

For task setting, we decompose one semantic class to multiple structure pro-
totypes, but do not merge or assemble the prototypes according to structures,
e.g., basketballs and baseballs may be regarded as objects of the same structural
prototype. Therefore, existing structure prototype classification actually classi-
fies different prototypes under the semantic classes, instead of true structural
characteristics (which may be semantically independent). Considering that the
semantic classes have hierarchy or different levels of semantic granularities (e.g.,
WordNet [40] or ImageNet [11]), we conjecture that structure prototypes may
also have hierarchy, e.g., some simple structures may be assembled to complex
structures. However, it is not intuitive to hierarchically merge all prototypes at
present, and we will explore this further in future work.

For method design, we employ prototype classification to fetch the cost ma-
trix for matching, and thus the misclassification will lead to mismatching and
incorrect keypoint orders. As discussed in Sec. 3.1, visual poses should depict
object structures and be deformable across a set of objects. Correspondingly,
a sample’s prototype estimation identifies the object image set it can deform
to. Therefore, under misclassification, our method fails to identify the correct
deformable set and produce the right keypoint order. However, it may still de-
pict object structures well, since the keypoint coordinates are not affected. We
will exploit more structure-discriminative cues to improve the performance of
prototype classification task.

6 Conclusion

In this paper, we focus on estimating pose for extensive classes. To support
this task, we have labeled and constructed a new pose dataset upon ImageNet
dataset, containing extensive classes and structure prototypes. To learn the vari-
able structures of extensive classes, we have set a baseline with query-based
model and matching-based supervision. Extensive analyses and experiments have
demonstrated the quality of our dataset and the effectiveness of our method.
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