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Figure 1: The proposed UniPose achieves both high keypoint detection generalization ability and
high performance. UniPose utilizes visual and textual prompts for training to learn fine-grained
local-region visual representation via keypoint-text and keypoint-image alignments. Once trained,
it can generalize cross-instance and cross-keypoint categories, where it can detect multi-object key-
points on various challenging scenarios with diverse visual styles, scales, and poses.

ABSTRACT

This work proposes a unified framework called UniPose to detect keypoints of
any articulated (e.g., human and animal), rigid, and soft objects via visual or tex-
tual prompts for fine-grained vision understanding and manipulation. Keypoint
is a structure-aware, pixel-level, and compact representation of any object, espe-
cially articulated objects. Existing fine-grained promptable tasks mainly focus on
object instance detection and segmentation but often fail to identify fine-grained
granularity and structured information of image and instance, such as eyes, leg,
paw, etc. Meanwhile, prompt-based keypoint detection is still under-explored. To
bridge the gap, we make the first attempt to develop an end-to-end prompt-based
keypoint detection framework called UniPose to detect keypoints of any objects.
As keypoint detection tasks are unified in this framework, we can leverage 13
keypoint detection datasets with 338 keypoints across 1,237 categories over 400K
instances to train a generic keypoint detection model. UniPose can effectively
align text-to-keypoint and image-to-keypoint due to the mutual enhancement of
textual and visual prompts based on the cross-modality contrastive learning opti-
mization objectives. Our experimental results show that UniPose has strong fine-
grained localization and generalization abilities across image styles, categories,
and poses. Based on UniPose as a generalist keypoint detector, we hope it could
serve fine-grained visual perception, understanding, and generation.

1 INTRODUCTION

Keypoint detection is a fundamental computer vision task that estimates the 2D keypoint positions
of any object in an image. It is of great impact to robot and automation, VR/AR, neuroscience,
biomedicine, and human-computer interaction areas. Keypoint can describe compact structure in-
formation at the pixel level, thus representing fine-grained and local visual information which is very
helpful for behavioral analysis and performing manipulation (e.g., animating the object). Specifi-
cally, due to the increasing real-life application needs, 2D human pose estimation plays an important
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Figure 2: Qualitative results of the proposed UniPose on arbitrary in-the-wild images. We highlight
the powerful detection performance from cross-category (the first row), multi-object (the second
row), and cross-image-style (the third row) with various pose scenarios.

role in this area, which focuses on detecting multi-person keypoint (e.g., head, hand, and foot key-
points) (Xu et al., 2022b; Cheng et al., 2020; Jiang et al., 2023; Yang et al., 2022a; 2023b). To
study animal behaviors in zoology and wildlife conservation, some works propose to perform ani-
mal pose estimation (Yu et al., 2021; Sun et al., 2023a; Ye et al., 2022; Mathis et al., 2018; Xu et al.,
2023; Zhang et al., 2023). However, these studies can only detect object keypoints of a single-class.
Imagine if we need to analyze the behavior of various species of animals and human interactions;
existing solutions need to train many category-specific models for different species.

Although arbitrary object detection and segmentation has made great progress (Kirillov et al., 2023;
Liu et al., 2023b; Sun et al., 2023b; Liang et al., 2023; Zhong et al., 2022), there are few explorations
on the problem of multi-object keypoint detection of unseen or arbitrary categories. The problem is
non-trivial because it needs to learn fine-grained visual representation, category-agnostic keypoint
concepts, and semantic structure information. Naively transferring one type of keypoints to another,
especially for articulated and deformable objects, is very challenging due to high variations in pose,
scale, appearance, background, complicated occlusion, and semantic gaps. Xu et al. (2022a) first
proposed the task of category-agnostic pose estimation (CAPE) with visual prompts (i.e., a support
image of a novel class and the corresponding keypoint annotations) to estimate the pose of the same
class in query images. It formulates it as a keypoint matching problem.

However, existing CAPE methods (Xu et al., 2022a; Shi et al., 2023) have several limitations: 1) only
visual prompts are supported, making user interaction unfriendly and inefficient; 2) the keypoint-
to-keypoint matching schemes without instance-to-instance matching are not effective and robust
since they tend to learn low-level local appearance transformation which often results in inevitable
semantic ambiguity without capturing global relations; 3) they use a top-down two-stage detection
scheme (i.e., crop the image or use ground-truth boxes for each instance), lacking instance-level
generalization ability for handling multi-object scenarios; and 4) the amount of data used for training
is usually of small scale (e.g., only 20K images with 100 instance classes), which severely limits the
generalizability and effectiveness of the visual prompt-based keypoint detection.

In contrast, human intelligence learns multi-modality information simultaneously and excels at sum-
marizing information through contrastive learning of similarities among categories at different se-
mantic levels. On the one hand, keypoints share similar structures and hold similar appearances
cross-species. For instance, as species evolve, skeletal topology is consistent in most quadrupedal
mammals, and the eyes of different organisms have similar visual components. On the other hand,
visual prompts can only provide pixel-level localization and structure but lack semantic concepts
(category-agnostic) from natural language, such as directions (e.g., left, medium, or right), keypoint
semantic descriptions (e.g., left eyes of a panda or right collar of a T-shirt). A proper use of text
prompts is highly desired to address such deficiencies, and the two kinds of prompts will mutually
benefit to image-to-keypoint reasoning and text-to-keypoint alignment.

Considering the above challenges and motivations, we propose to unify keypoint detection tasks in
an end-to-end prompt-based framework named UniPose, which supports multi-object keypoint de-
tection for unseen objects and keypoints. First, we introduce text prompts in the category-agnostic
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Figure 3: Comparisons of three tasks from the supported inputs and framework overview. UniPose
utilizes either visual or textual prompts to make any instance-to-keypoint detection effective.

pose estimation task to bring in semantic guidance and relieve the visual ambiguity from exist-
ing visual prompts. Through the joint training of both visual and textual prompts in UniPose, the
semantic understanding and localization capability are reinforced from each other to improve the
model’s robustness and performance. Second, based on the DETR-like end-to-end non-promptable
human pose estimator (ED-Pose (Yang et al., 2022a)), we first decode the instance information and
then decode the corresponding fine-grained keypoints to provide a coarse-to-fine information flow
end-to-end. Moreover, we improve the keypoint-to-keypoint matching strategy into a coarse-to-fine
(from image to instance to keypoint) similarity learning process via two kinds of contrastive losses
to support multi-object and multi-keypoint detection. Lastly, as the quality and quantity of data
are both important for effective model training, we unify 13 keypoint detection datasets into 338
keypoints across 1,237 categories over 400K instances by reorganizing inconsistent and undefined
keypoints from different datasets and merging similar keypoints and categories. We balance these
datasets by considering image appearance and style diversity, instances with varying poses, view-
points, visibilities, and scales. Each keypoint has its textual prompts, and each category has its
default structured keypoint sets. We call the unified dataset UniKPT.

Through comprehensive experiments, we show the remarkable generalization capabilities of Uni-
Pose for unseen object and keypoint detection, which exhibits a notable 42.8% improvement in PCK
performance when compared to the state-of-the-art CAPE method. Moreover, UniPose outperforms
the state-of-the-art end-to-end model (e.g., ED-Pose) across 12 diverse datasets. Its performance
is also comparable with state-of-the-art expert models for object detection (e.g., GroundingDINO)
and keypoint detection (e.g., ViTPose++). In addition, UniPose exhibits impressive text-to-image
similarity at both instance and keypoint levels, notably surpassing CLIP by 204% when distinguish-
ing between different animal categories and by 166% when discerning various image styles. As in
Fig. 2, we showcase the powerful detection performance of UniPose on in-the-wild images and hope
it could serve the community for fine-grained visual perception, understanding, and generation.

Related Work. Due to the page limit, we present the details in the Appendix A. There are three
related areas, including category-specific keypoint detection (e.g., human, animal, cloth pose estima-
tion (Sun et al., 2023a; Ye et al., 2022; Mathis et al., 2018; Ng et al., 2022; Xu et al., 2022b;c; Jiang
et al., 2023; Yang et al., 2022a)), category-agnostic keypoint detection (relies on visual prompts) (Xu
et al., 2022a; Shi et al., 2023), Open-vocabulary Vision Models (utilizes textual prompts) (Zang
et al., 2022; Gu et al., 2021; Li et al., 2022; Yao et al., 2022; Liu et al., 2023b; Liang et al., 2023;
Zhong et al., 2022)RegionCLIP (Zhong et al., 2022; Li et al., 2023; Sun et al., 2023b). We show
existing prompt-based methodologies in Fig. 3.

2 METHOD

UniPose is an end-to-end prompt-based keypoint detection framework. It takes an image as input
and first decodes instance-level representations (i.e., object bounding boxes), then decodes pixel-
level representations (i.e., object keypoints). UniPose introduces novel encoding mechanisms for
various modalities of prompts and incorporates a novel interaction scheme between the input image
and prompts, enabling prompt-based keypoint detection for any object with any keypoint definitions.

Encoding Multi-modality Inputs. The input of UniPose is a target image to be predicted I and
the associated user prompts. We offer support for user prompts in two formats: textual descrip-
tions comprising instance or keypoints Pt, as well as instance image Pi together with its respective

3



Under review as a conference paper at ICLR 2024Methods:

Vi
su

al
 P

ro
m

pt
s

(𝑷𝑷
𝒊𝒊 ,
𝑷𝑷

𝒌𝒌𝒌𝒌
𝒌𝒌

𝒊𝒊
)

Backbone

Textual Prompt 
Encoder

Instance-level 
Cross-modality

Interactive 
Decoder

𝐅𝐅 Keypoint-level 
Cross-modality

Interactive 
Decoder

Prompt-guide
Query 

Selection

Visual Prompt 
Encoder Cr

os
s-

M
od

al
ity

 In
te

ra
ct

iv
e E

nc
od

er

𝐐𝐐
𝑜𝑜𝑜𝑜𝑜𝑜

𝐐𝐐
𝑜𝑜𝑜𝑜𝑜𝑜

†

𝐐𝐐
𝑘𝑘𝑘𝑘𝑘𝑘

𝐅𝐅
𝑜𝑜𝑜𝑜𝑜𝑜
𝐭𝐭

𝐅𝐅
𝑜𝑜𝑜𝑜𝑜𝑜
𝐢𝐢

𝐅𝐅
𝑘𝑘𝑘𝑘𝑘𝑘
𝐭𝐭

𝐅𝐅
𝑘𝑘𝑘𝑘𝑘𝑘
𝐢𝐢

�𝐅𝐅

�𝐅𝐅
𝑜𝑜𝑜𝑜𝑜𝑜
𝐭𝐭

�𝐅𝐅
𝑜𝑜𝑜𝑜𝑜𝑜
𝐢𝐢

𝐐𝐐
𝑘𝑘𝑘𝑘𝑘𝑘

†

𝐐𝐐
𝑜𝑜𝑜𝑜𝑜𝑜

‡

forward processing

selection operation

using directly

�𝐅𝐅 �𝐅𝐅
𝑜𝑜𝑜𝑜𝑜𝑜
𝐭𝐭 �𝐅𝐅

𝑜𝑜𝑜𝑜𝑜𝑜
𝐢𝐢 �𝐅𝐅 �𝐅𝐅

𝑜𝑜𝑜𝑜𝑜𝑜
𝐭𝐭 �𝐅𝐅

𝑜𝑜𝑜𝑜𝑜𝑜
𝐢𝐢

…

Te
xt

ua
l 

Pr
om

pt
s𝐏𝐏

𝐭𝐭
A [Image Style] 
photo of a [Object]/
[Part]/[Keypoint] 

…In
pu

t 
Im

ag
e 
𝐈𝐈

Figure 4: The overview architecture of UniPose. Given an input image, UniPose follows the coarse-
to-fine strategy to detect keypoints of any object via textual or visual prompts.

2D keypoint positions Pi
kpt. We employ three distinct modules to encode the corresponding in-

puts. First, we employ a backbone network to extract multi-scale features of I and obtain tokenized
representations F. Then a Textual Prompt Encoder is adopted to encode Pt to textual semantic rep-
resentations Ft, which includes Ft

obj for objects and Ft
kpt for keypoints. At last, we use a Visual

Prompt Encoder to encode Pi and Pi
kpt to visual semantic representations Fi, where Fi

obj and Fi
kpt

correspond to objects and keypoints, respectively. The details for prompts encoding are in Sec. 2.1.

Coarse-to-Fine Keypoint Detection. Given the representations F, Ft, and Fi, we introduce a
Multi-Modality Interactive Encoder to realize interactions among different modalities through cross-
attention operations, obtaining the enhanced representations F̂, F̂t and F̂i, respectively. Addition-
ally, we adopt a coarse-to-fine scheme and integrate two decoders that concentrate on different gran-
ularities, namely, the Instance-level Cross-Modality Decoder and the Keypoint-level Cross-Modality
Decoder. Initially, the prompt-guided query selection is introduced to extract object queries Qobj

from F̂, which is highly associated with the enhanced object-level semantic representations F̂t
obj or

F̂i
obj . Subsequently, the Instance-level Cross-Modality Decoder updates these object queries from

Qobj to Q†
obj . The keypoint queries Qkpt are directly initialized by using F̂t

kpt or F̂i
kpt. We further

adopt the Keypoint-level Cross-Modality Decoder to refine both Qkpt and Q†
obj , resulting in Q†

kpt

and Q‡
obj . The details of the above operations are in Sec. 2.2. Finally, we utilize a Feed-Forward

Network to regress keypoint positions with Q†
kpt and object bounding boxes with Q‡

obj . Moreover,
we employ prompt-guided classifiers for keypoint category classification using Q†

kpt and for object
category classification using Q‡

obj (see Sec. 2.3).

2.1 MULTI-MODALITY PROMPTS ENCODING

The CLIP model (Radford et al., 2021) is trained on hundreds of millions of image-text pairs, align-
ing images with their corresponding captions. In this context, UniPose leverages its pretrained image
encoder and text encoder to encode user prompts through carefully designed encoding mechanisms.

Textual Prompt Encoder. 1) Hierarchical Textual Structure. To accomplish precise mapping
from text to image/region/keypoint, we devise a hierarchical textual structure to describe instance
and keypoint, i.e. image→instance→part→keypoint. Consequently, we formulate the template as
“A [IMAGE STYLE] photo of a [OBJECT]” for the entire instance, “A [IMAGE STYLE] photo of
an [OBJECT]’s [PART]” for part instances (e.g., face and hand), and “A [IMAGE STYLE] photo
of a [OBJECT]’s [PART]’s [KEYPOINT]” for keypoints. 2) Textual Prompt Dropout. Utilizing a
hierarchical textual structure equips UniPose with specialized retrieval capabilities, such as referring
to a particular object category with a specific keypoint. Furthermore, during training, we introduce
random dropout for descriptions, including image style, object, or part, to boost its general retrieval
capabilities. For instance, hiding the object category promotes the retrieval capabilities of a specific
keypoint across all object categories. A typical example is “the left eye of any object”.

Visual Prompt Encoder. UniPose could receive a prompt instance image Pi along with its cor-
responding keypoint definitions Pi

kpt (e.g., 2D positions). Its Visual Prompt Encoder aims to en-
code these prompts into the respective instance and keypoint representations. However, the origi-
nal CLIP’s image encoder (e.g., ViT) can only obtain image representations through the learnable
[CLS] token and patch tokens, which are the inputs on the left of Fig. 5-(a). UniPose extends this by
further incorporating keypoint position encodings, represented as the input on the right of Fig. 5-(a).
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Figure 5: The detailed illustration of (a) Visual prompt Encoder, (b) Cross-Modality Interactive En-
coder, and (c) Cross-Modality Interactive Decoder. In (b) and (c), the modules in grey are presented
in previous work, while the modules in blue are introduced to incorporate prompt interactions.

1) Initialization of Keypoint Tokens. Let Pi
kpt = [(x1, y1, v1), ..., (xk, yk, vk)], where (xk, yk) and

vk denote the 2D coordinate and the visibility of the k-th keypoint, respectively. We design two
distinct token initialization ways as follows: i) for visible keypoints (vk = 1), we use the Fourier
embedding (Mildenhall et al., 2021) to map the 2D coordinate to the corresponding feature dimen-
sions; ii) for invisible keypints (vk = 0), we employ a shared learnable mask token (He et al., 2022b)
to represent the invisible position. 2) Encoding Process of Keypoint Tokens. Since the initialized
keypoint tokens only contain pixel-level position information, we further introduce two encoding
mechanisms: i) the “keypoint token to keypoint token” attention to capture potential structural re-
lations; ii) The “image patch token to keypoint token” attention to propagate global image feature
information into each keypoint token.

2.2 CROSS-MODALITY INTERACTIVE ENCODER AND DECODER.

UniPose extends previous close-set keypoint detection to open-set scenarios through the incorpora-
tion of multi-modality prompts. To facilitate this, we introduce both the Cross-Modality Interactive
Encoder and Decoder, allowing for interaction between the input image and multi-modality prompts,
as shown in Fig. 5-(b) and (c).

Cross-Modality Interactive Encoder. In addition to the deformable self-attention layers for images
employed in previous work (Shi et al., 2022; Yang et al., 2022a) i.e., grey module of Fig. 5-(b), our
Cross-Modality Interactive Encoder further introduces self-attention layers for prompts and inter-
leaved cross-attention layers connecting images and prompts, as in blue modules of Fig. 5-(b).

Cross-Modality Interactive Decoders. UniPose decouples the decoder into two components: the
instance-level decoder and the keypoint-level decoder. This separation allows for keypoint detection
in a coarse-to-fine manner. In previous work, object queries and keypoint queries are used to in-
dependently query for corresponding bounding boxes and keypoints through self-attention between
queries and image-to-query cross-attention, i.e., grey module of Fig. 5-(c). To enhance prompt-
guided keypoint detection, we take a step further by integrating prompt representations into the
queries via prompt-to-query cross attention, as shown in blue modules of Fig. 5-(c).

2.3 TRAINING AND INFERENCE PIPELINE

We adopt the same bounding box and keypoint regression losses as previous end-to-end works (Yang
et al., 2022a): the L1 loss and the GIOU loss (Rezatofighi et al., 2019) for object’s bounding box
regression Lobj

reg; the L1 loss and the OKS loss (Shi et al., 2022) for keypoint regression Lkpt
reg. In

addition, UniPose replaces the object classification loss with Prompt-to-Object contrastive loss and
introduces the Prompt-to-Keypoint contrastive loss for fine-grained alignment.

Instance-level Alignment. Previous keypoint detection frameworks mainly focus on close-set ob-
jects and typically use a simple linear layer as the object classifier. In contrast, UniPose encode
multi-modality prompts (i.e., text or image) into the corresponding object prompt tokens in a unified
formulation F̂t

obj , F̂
i
obj ∈ RL×C , where L is the number of object classes in prompts and C indi-

cates the feature dimension. Following (Li et al., 2022; Liu et al., 2023b), we employ contrastive
loss between predicted objects Q‡

obj and prompt tokens for classification. More specifically, we
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compute the dot product between each object query and the prompt tokens to predict logits for each
token and then calculate the Focal loss of each logit Lobj

align for optimization.

Keypoint-level Alignment. In previous keypoint detection frameworks, the classification problem
related to keypoints is often overlooked and the learning process mainly focuses on establishing a
one-to-one mapping between predicted and labeled keypoints. In contrast, UniPose takes the first
step toward Prompts-to-Keypoint alignment using a unified set of keypoint definitions. Similar to
coarse-grained alignment, we can also obtain the keypoint prompt tokens in a unified formulation
F̂t

kpt, F̂
i
kpt ∈ RK×C , where K denotes the number of keypoint categories in prompts. We utilize

contrastive loss between predicted keypoints Q†
kpt and prompt tokens for classification. To elaborate,

we compute the dot product between each keypoint query and the prompt tokens to predict the logits
for each token. Subsequently, we calculate the Focal loss for each logit Lkpt

align to optimize the model.

The Overall Loss. The overall training pipeline of UniPose can be written as follows,

L = Lobj
reg + Lkpt

reg + Lobj
align + Lkpt

align (1)

Inference Pipeline 1) Textual Prompts as inputs. UniPose can utilize pre-defined object classes
with keypoints definitions as text prompts to obtain quantitative results. In practical scenarios, users
can provide prompts to predict the desired objects with keypoints. 2) Visual Prompt as inputs.
UniPose can randomly sample a set of image prompts from the training data to obtain quantitative
results. In practical scenarios, users can provide a single instance image with the corresponding
keypoint definition to predict all the similar objects in the test images.

3 UNIKPT: A UNIFIED DATASET FOR KEYPOINT DETECTION

Table 1: Statistics of UniKPT with 13 existing keypoint datasets.
KPT and Uni. indicate keypoint and Unified, respectively.

Datasets KPT Class Images Instances Uni. Images Uni. Instances
COCO 17 1 58,945 156,165 58,945 156,165

300W-Face 68 1 3,837 4,437 3,837 4,437
OneHand10K 21 1 11,703 11,289 2,000 2000
Human-Art 17 1 50,000 123,131 50,000 123,131

AP-10K 17 54 10,015 13,028 10,015 13,028
APT-36K 17 30 36,000 53,006 36,000 53,006

MacaquePose 17 1 13,083 16,393 2,000 2,320
Animal Kingdom 23 850 33,099 33,099 33,099 33,099

AnimalWeb 9 332 22,451 21,921 22,451 21,921
Vinegar Fly 31 1 1,500 1,500 1,500 1,500

Desert Locust 34 1 700 700 700 700
Keypoint-5 55/311 5 8,649 8,649 2,000 2,000

MP-100 561/2931 100 16,943 18,000 16,943 18,000
UniKPT 338 1237 - - 226,547 418,487

1 Keypoint-5 and MP-100 have different categories with varying numbers of keypoints. While the cu-
mulative count of keypoints reaches 55 and 561 by aggregating across categories, we consolidate them
into unified counts of 31 and 293 keypoints by leveraging textual descriptions.

Unifying 13 Keypoint Datasets
into UniKPT. Existing key-
point detection datasets have al-
ready concentrated on various
object categories with specific
pre-defined keypoints. How-
ever, several challenges still ex-
ist. 1) The majority of 2D key-
point detection datasets predom-
inantly concentrate on human-
related categories, such as hu-
man body, face, and hands. For
other object categories, datasets
are relatively scarce and frag-
mented. 2) Each dataset typi-
cally encompasses a single super-category of objects, each associated with one or a few sets of
keypoint-defined skeletons. As a result, there is currently no generalist model capable of achieving
keypoint detection across all possible scenarios. Motivated by these, we propose to unify existing
keypoint detection datasets based on three principles: i) collecting and encompassing all articulated,
rigid, and soft objects, ii) including a broader spectrum of object categories whenever possible,
and iii) spanning a diverse range of image styles. As shown in Table. 1, we have unified 13 key-
point detection datasets, including COCO (Lin et al., 2014), 300W-Face (Sagonas et al., 2016),
OneHand10K (Wang et al., 2018), Human-Art (Ju et al., 2023), AP-10K (Yu et al., 2021), APT-
36K (Yang et al., 2022b), MacaquePose (Labuguen et al., 2021), Animal Kingdom (Ng et al., 2022),
AnimalWeb (Khan et al., 2020), Vinegar Fly (Pereira et al., 2019), Desert Locust (Graving et al.,
2019), Keypoint-5 (Wu et al., 2016), and MP-100 (Xu et al., 2022a). It is worth noting that MP-100
also includes training subsets from two other datasets, Deepfashion2 (Ge et al., 2019) and Carfu-
sion (Reddy et al., 2018).

Statistical Analysis. In total, the unified dataset comprises 226, 547 images and 418, 487 instances,
featuring 338 keypoints and 1, 237 categories. In particular, for articulated objects like humans and
animals, we further categorize them based on biological taxonomy, resulting in 1, 216 species, 66
families, 23 orders, and 7 classes.
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4 EXPERIMENT

Due to the page limit, we leave the detailed experiment setup, data organization, and more experi-
ments in the Appendix.

4.1 UNSEEN OBJECTS AND KEYPOINTS DETECTION

We evaluate UniPose against the previous methods, i.e., ProtoNet (Snell et al., 2017), MAML (Finn
et al., 2017), Fine-tune (Nakamura & Harada, 2019), POMNet (Xu et al., 2022a), and Cape-
former (Shi et al., 2023) on the MP-100 dataset in Tab. 2, to demonstrate is generalization abilities
for both unseen object and keypoint detection. First, with ground-truth bounding boxes (excluding
the challenge of generalization to unseen objects), UniPose, as an end-to-end framework, achieves
state-of-the-art results, surpassing all top-down methods, and offers efficiency by requiring only a
single forward pass for scenes with multiple objects. Second, in the absence of ground-truth bound-
ing boxes, UniPose exhibits a significant improvement over CapeFormer in terms of average PCK,
achieving a significant increase of 42.8%, thanks to UniPose’s generalization ability for both unseen
object and keypoint detection. Furthermore, we distinguish between single-object and multi-object
scenes in the test set, as shown in Tab. 3 and Tab. 12. UniPose’s advantages are particularly pro-
nounced in multi-object scenes. Notably, CapeFormer exhibits sensitivity to input resolution, with a
sharp performance drop when increasing resolution from 256 to 800.

Table 2: Comparisons of visual prompt-based keypoint detection for unseen objects and keypoints
using the MP-100 dataset. TD and E2E refer to the top-down and end-to-end paradigms, respec-
tively. The inference times for all methods are tested on an A100 with a batch size of 1. Top-down
methods need multiple inferences when N objects are detected in an image.

Method Backbone Input Image Box Anno Split1 Split2 Split3 Split4 Split5 Mean (PCK) Time [ms]

TD

ProtoNet ResNet-50 Cropped ✓ 46.05 40.84 49.13 43.34 44.54 44.78 -
MAML ResNet-50 Cropped ✓ 68.14 54.72 64.19 63.24 57.20 61.50 -
Fine-tune ResNet-50 Cropped ✓ 70.60 57.04 66.06 65.00 59.20 63.58 -
POMNet ResNet-50 Cropped ✓ 84.23 78.25 78.17 78.68 79.17 79.70 151×N
CapeFormer ResNet-50 Cropped ✓ 89.45 84.88 83.59 83.53 85.09 85.31 57×N
CapeFormer ResNet-50 Original 60.74 57.18 54.04 46.53 42.35 52.17 57×N

E2E UniPose ResNet-50 Original ✓ 89.07 85.05 85.26 85.52 85.79 86.14 59
UniPose ResNet-50 Original 76.47 72.16 71.57 75.89 76.43 74.50 59

Note: We train our models only on the MP-100 dataset to ensure a fair comparison. During evaluation, all methods use the same visual
prompts paired with test images.

Table 3: Comparisons on the specific multi-object MP-100 test set.
Methods Backbone Input Image Resolution Split1 Split2 Split3 Split4 Split5 Mean (PCK)
CapeFormer ResNet-50 Original 256×256 24.19 23.81 24.39 21.21 20.30 22.78
CapeFormer ResNet-50 Original 800×800 24.53 30.52 17.19 20.90 20.59 28.75
UniPose ResNet-50 Original 800×800 69.40 66.49 64.44 63.95 63.28 65.51

4.2 COMPARISON WITH SOTA EXPERT KEYPOINT DETECTION MODELS

Table 4: Comparisons with baseline-ED-
Pose under a fair multi-dataset training set-
ting, using the Swin-T backbone.

Methods Instance-level Keypoint-level
APM APL AP APM APL

COCO val set
ED-Pose 68.8 79.0 73.3 67.6 81.5
UniPose-T 71.1 80.2 74.2 68.8 82.1
UniPose-V 71.1 80.3 74.1 68.8 81.8
Human-Art val set
ED-Pose 32.3 61.5 71.3 37.2 75.9
UniPose-T 33.7 63.1 72.2 39.5 76.7
UniPose-V 34.0 63.0 71.8 39.3 76.4
AP-10K val set
ED-Pose 53.7 62.5 45.5 31.0 46.5
UniPose-T 54.5 78.8 73.2 45.6 74.3
UniPose-V 55.8 79.0 72.8 47.2 74.0

Generic Keypoint Detection. We present a com-
parative analysis of UniPose against state-of-the-art
models that have been trained on multiple datasets,
ViTPose++ (Xu et al., 2022c) and ED-pose (Yang
et al., 2022a). Our evaluation benchmarks 12
datasets as shown in Tab. 5. The results demonstrate
that UniPose consistently delivers superior perfor-
mance across all datasets. Notably, when compared
to ViTPose++, which lacks the capability to handle
unseen datasets with different keypoint structures,
UniPose excels by detecting more objects and key-
points in an end-to-end manner.

Comparison with Baseline (ED-Pose) Aligned
with Training Data. UniPose is built on ED-Pose in
a coarse-to-fine keypoint detection approach. Here,
we train both our UniPose and ED-Pose using the same datasets, i.e., COCO, Human-Art, AP-10K,
and APT-36K. The results in Tab. 4 show that UniPose outperforms ED-Pose across all datasets
in terms of both instance-level and keypoint-level detection. Moreover, for the AP-10K dataset,
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Table 5: Comparison with SOTA expert models trained on multiple datasets. † indicates results using
the flipping test. Results marked with * rely on ground-truth bounding boxes for top-down methods.
The expert models can test datasets with known keypoint structures, highlighted in blue, but cannot
handle unseen datasets with different keypoint structures. We highlight the trained datasets in dark
blue of expert models in UniKPT. The best results are highlighted in bold, and the second best
results are highlighted with a underline. T and V denote textual and visual prompts used.

Methods Backbone COCO AP-10K Human-Art Macaque 300W Hand AK Fly Locust KPT-5 DF2 Carfusion
AP↑ PCK@0.2↑

Expert Models
ViTPose++† (TP) ViT-S (MAE) 75.8 71.4* 23.4 15.5* 95.2* 96.1* - - - - - -
ViTPose++† (TP) ViT-L (MAE) 78.6 80.4* 35.6 51.9* 99.8* 99.5* - - - - - -
ED-Pose (E2E) Swin-T 73.3 45.5 71.3 51.0 - - - - - - - -
Prompted-based Models
UniPose-T (E2E) Swin-T 74.4 74.0 72.5 78.0 98.1 95.7 67.8 99.6 99.7 94.3 95.7 78.1
UniPose-V (E2E) Swin-T 74.3 73.6 72.1 77.3 99.4 95.9 66.2 99.8 99.6 87.4 91.0 72.1
UniPose-T (E2E) Swin-L 76.8 79.2 75.9 79.4 98.5 99.8 71.7 99.9 99.8 95.5 97.5 88.7
UniPose-V (E2E) Swin-L 76.6 79.0 75.5 77.8 99.3 99.5 70.4 99.9 99.9 91.6 95.5 85.0
1 Due to the absence of official train/val/test splits in AnimalWeb and APT-36K, we solely utilize them for training and do not conduct comparisons with other methods.
2 ViTPose++: COCO + COCO-W + MPII + AIC + AP-10K + APT-36K, 387K training data.
3 ED-Pose: COCO + Human-Art + AP-10K + APT-36K, 154K training data
4 UniPose: UniKPT, 227K training data

which involves the classification of 54 different species, UniPose surpasses ED-Pose with a 27.7 AP
improvement, thanks to instance-level and keypoint-level alignments.

Qualitative Results on Existing Datasets. Given an input image and textual prompts, UniPose can
perform well for any articulated, rigid, and soft objects, as shown in Fig. 6.

Figure 6: Visualization of the detected keypoints via UniPose on the unified dataset (UniKPT).

4.3 COMPARISON WITH GENERALIST MODELS FOR GENERIC KEYPOINT DETECTION

We compare our UniPose with generalist models Unified-IO (Lu et al., 2022), Painter (Wang et al.,
2023), and InstructDiffsuion (Geng et al., 2023b) in terms of keypoint detection task. As shown in
Tab. 6, UniPose outperforms all the generalist models across all evaluated datasets, which demon-
strates UniPose’s capability to serve as a robust generalist keypoint detector.

Table 6: Comparisons with generalist models.
Method COCO val HumanArt val AP-10K val
Unified-IO 25.0 15.7 7.6
Painter 70.2 12.4 15.3
InstructDiffusion 71.2 51.4 15.9
UniPose (Image) 76.6 75.5 79.0
UniPose (Text) 76.8 75.9 79.2

Table 7: Comparison of CLIP score.

Methods AP-10K val Human-Art val
Instance Keypoint Instance Keypoint

CLIP 28.36 21.75 23.60 23.81
UniPose 58.59 66.01 68.41 63.46

4.4 COMPARED WITH OPEN-VOCABULARY MODELS

Comparison with Vision-Language Model-CLIP. We assess UniPose’s text-to-image alignment
capabilities at different granularities using instance descriptions and keypoint descriptions. As in
Fig. 7, we report the CLIP score of UniPose and CLIP on AP-10K, which involves 54 animal cate-
gories, and Human-Art, which features 15 image styles. The results show that UniPose consistently
provides higher-quality text-to-image similarity scores, both at the instance level and keypoint level.

Comparison with Open-Vocabulary Detection Model. We compare UniPose with the state-of-
the-art open-vocabulary object detector, Grounding-DINO, in terms of instance-level and keypoint-
level detection. We present the COCO results in Tab. 8, while results for other datasets are in
Tab. 16. UniPose achieves comparable instance detection performance to the fine-tuned Grounding-
DINO model. More importantly, Grounding-DINO fails to localize fine-grained keypoints, UniPose
successfully addresses these challenges, achieving significant performance across all datasets.
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Table 8: Comparisons with the state-of-the-art open-vocabulary object detector, focusing on
instance-level and keypoint-level detection. ‡ denotes the fine-tuning of GroundingDINO using
the keypoint detection datasets. Note that we limit the instance-level comparison to APM (medium
objects) and APL (large objects), as small objects do not have keypoints annotated.

Methods Backbone Instance-level Keypoint-level Training Datasets Dataset Volume
APM APL AP APM APL

COCO val set
GroundingDINO-T Swin-T 70.8 82.0 3.1 2.8 3.2 O365,GoldG,Cap4M 1858K
GroundingDINO-T Swin-B 69.7 79.5 6.8 6.6 7.2 COCO,O365,GoldG,Cap4M,OpenImage,ODinW-35,RefCOCO -
GroundingDINO‡-T Swin-T 71.2 83.4 1.8 1.7 1.9 COCO,Human-Art,AP-10K,APT-36K 1858K + 155K
UniPose-T Swin-T 71.1 80.2 74.2 68.8 82.1 COCO,Human-Art,AP-10K,APT-36K 155K
UniPose-V Swin-T 71.1 80.3 74.1 68.8 81.8 COCO,Human-Art,AP-10K,APT-36K 155K

4.5 ABLATION STUDY

In this section, we firstly validate the effectiveness of the UniPose framework in instance-to-
keypoint alignment and multi-modality prompts. We train UniPose with the Swin-T backbone on
four datasets: COCO, Human-Art, AP-10K, and APT36K. For comparison, we report the results
on AP-10K, which encompasses multiple object categories and enables a comprehensive evalua-
tion in classification and localization. Secondly, we assess the effectiveness of the UniKPT’s data
by scaling up the dataset. Similarly, the Swin-T backbone is adopted. We present the results on
both the seen dataset AP-10K in UniKPT and the unseen dataset AnimalPose (Cao et al., 2019) to
demonstrate its generalization ability.

Instance-to-Keypoint Alignment. As discussed in Sec. 2.3, we introduce Lobj
Align and Lkpt

Align to
facilitate prompt-to-instance and prompt-to-keypoint alignment, respectively. We present the results
via textual prompts in Tab. 9, highlighting the significant improvement in detection performance,
particularly in APL, due to Lobj

Align. This underscores its importance in aiding the model to distin-
guish between categories and enhance classification performance. The improved detection perfor-
mance positively affects keypoint performance. Moreover, the inclusion of Lkpt

Align further helps the
network learn keypoint distinctions, resulting in enhanced keypoint detection performance.”

Table 9: Impact of instance-to-keypoint
alignment on AP-10K.
Lobj
Align Lkpt

Align

Instance-level Keypoint-level
APM APL AP APM APL

53.7 62.5 45.5 31.0 46.5
✓ 53.8 78.5 72.6 43.6 73.4
✓ ✓ 54.5 78.8 73.2 45.6 74.3

Table 10: Impact of two modal prompts on AP-10K.
The prompt used in the test is highlighted in grey.

Visual Prompt Textual Prompt Instance-level Keypoint-level
APM APL AP APM APL

✓ 53.3 78.1 71.5 43.4 72.4
✓ ✓ 55.8 79.0 72.8 47.2 74.0

✓ 53.8 78.5 72.9 45.1 74.2
✓ ✓ 54.5 78.8 73.2 45.6 74.3

Multi-Modlity Prompts. We utilize both the visual and textual prompts by default during training.
Here, we perform an ablation study by removing one of these prompts, as depicted in Tab. 10. The
results highlight the mutual advantages of both textual and visual prompts.

Impact on Dataset Quantity. We first train our UniPose using 4 datasets covering humans and
60 different animals. Then, we add additional 5 animal datasets to train UniPose, as shown in
Tab. 11. This results in significant improvements in both instance and keypoint detection on seen
AP-10K datasets (using textual prompts). Moreover, we achieve a significant improvement on the
unseen AnimalPose dataset (using visual prompts), thanks to the broader range of categories and the
increased data size. Furthermore, we incorporate additional part-level datasets (Face and Hand) as
well as rigid and soft object datasets for training. Although these diverse datasets lead to a slight
decrease in AP-10K performance, it further boosts the model’s performance on unseen datasets.

Table 11: Impact of dataset quantity on AP-10K and AnimalPose.
Training Data AP-10K’s Instance AP-10K’s Keypoint AnimalPose

APM APL AP APM APL PCK
COCO,Human-Art,AP-10K,APT-36K 54.5 78.8 73.2 45.6 74.3 52.7

+MacquePose,AnimalKingdom,AnimalWeb,Vinegar Fly,Desert Locust 55.6 80.2 74.2 48.3 75.0 70.1
+300w-Face,OneHand10K,Keypoint-5,MP-100 55.3 78.8 74.0 47.8 74.7 73.4

5 CONCLUSION

This work studies the problem of detecting any keypoints from instance to keypoint levels via either
visual prompts or textual prompts. To solve this problem, we proposed an end-to-end coarse-to-
fine framework trained on a unified keypoint dataset to learn general semantic fine-grained keypoint
concepts and global-to-local keypoint structure, achieving high performance and generalizability.
We leave broader impact and limitation discussions in the Appendix D.

9



Under review as a conference paper at ICLR 2024

REFERENCES

Jinkun Cao, Hongyang Tang, Hao-Shu Fang, Xiaoyong Shen, Cewu Lu, and Yu-Wing Tai. Cross-
domain adaptation for animal pose estimation. In Proceedings of the IEEE/CVF international
conference on computer vision, pp. 9498–9507, 2019.

Zhe Cao, Tomas Simon, Shih-En Wei, and Yaser Sheikh. Realtime multi-person 2d pose estimation
using part affinity fields. In Proceedings of the IEEE conference on computer vision and pattern
recognition, pp. 7291–7299, 2017.

Ting Chen, Saurabh Saxena, Lala Li, Tsung-Yi Lin, David J Fleet, and Geoffrey E Hinton. A
unified sequence interface for vision tasks. Advances in Neural Information Processing Systems,
35:31333–31346, 2022.

Bowen Cheng, Bin Xiao, Jingdong Wang, Honghui Shi, Thomas S Huang, and Lei Zhang. Higherhr-
net: Scale-aware representation learning for bottom-up human pose estimation. In Proceedings
of the IEEE/CVF conference on computer vision and pattern recognition, pp. 5386–5395, 2020.

MMPose Contributors. Openmmlab pose estimation toolbox and benchmark. https://github.
com/open-mmlab/mmpose, 2020.

Chelsea Finn, Pieter Abbeel, and Sergey Levine. Model-agnostic meta-learning for fast adaptation
of deep networks. In International conference on machine learning, pp. 1126–1135. PMLR, 2017.

Yuying Ge, Ruimao Zhang, Xiaogang Wang, Xiaoou Tang, and Ping Luo. Deepfashion2: A versatile
benchmark for detection, pose estimation, segmentation and re-identification of clothing images.
In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition, pp.
5337–5345, 2019.

Zigang Geng, Ke Sun, Bin Xiao, Zhaoxiang Zhang, and Jingdong Wang. Bottom-up human pose
estimation via disentangled keypoint regression. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pp. 14676–14686, 2021.

Zigang Geng, Chunyu Wang, Yixuan Wei, Ze Liu, Houqiang Li, and Han Hu. Human pose as
compositional tokens. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 660–671, 2023a.

Zigang Geng, Binxin Yang, Tiankai Hang, Chen Li, Shuyang Gu, Ting Zhang, Jianmin Bao, Zheng
Zhang, Han Hu, Dong Chen, et al. Instructdiffusion: A generalist modeling interface for vision
tasks. arXiv preprint arXiv:2309.03895, 2023b.

Jacob M Graving, Daniel Chae, Hemal Naik, Liang Li, Benjamin Koger, Blair R Costelloe, and
Iain D Couzin. Deepposekit, a software toolkit for fast and robust animal pose estimation using
deep learning. Elife, 8:e47994, 2019.

Xiuye Gu, Tsung-Yi Lin, Weicheng Kuo, and Yin Cui. Open-vocabulary object detection via vision
and language knowledge distillation. arXiv preprint arXiv:2104.13921, 2021.

Ju He, Shuo Yang, Shaokang Yang, Adam Kortylewski, Xiaoding Yuan, Jie-Neng Chen, Shuai Liu,
Cheng Yang, Qihang Yu, and Alan Yuille. Partimagenet: A large, high-quality dataset of parts. In
European Conference on Computer Vision, pp. 128–145. Springer, 2022a.

Kaiming He, Xinlei Chen, Saining Xie, Yanghao Li, Piotr Dollár, and Ross Girshick. Masked au-
toencoders are scalable vision learners. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pp. 16000–16009, 2022b.

Tao Jiang, Peng Lu, Li Zhang, Ningsheng Ma, Rui Han, Chengqi Lyu, Yining Li, and Kai
Chen. Rtmpose: Real-time multi-person pose estimation based on mmpose. arXiv preprint
arXiv:2303.07399, 2023.

Xuan Ju, Ailing Zeng, Jianan Wang, Qiang Xu, and Lei Zhang. Human-art: A versatile human-
centric dataset bridging natural and artificial scenes. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pp. 618–629, 2023.

10



Under review as a conference paper at ICLR 2024

Muhammad Haris Khan, John McDonagh, Salman Khan, Muhammad Shahabuddin, Aditya Arora,
Fahad Shahbaz Khan, Ling Shao, and Georgios Tzimiropoulos. Animalweb: A large-scale hi-
erarchical dataset of annotated animal faces. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pp. 6939–6948, 2020.

Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao, Chloe Rolland, Laura Gustafson, Tete
Xiao, Spencer Whitehead, Alexander C. Berg, Wan-Yen Lo, Piotr Dollár, and Ross Girshick.
Segment anything. In Proceedings of the IEEE/CVF international conference on computer vision,
2023.

Rollyn Labuguen, Jumpei Matsumoto, Salvador Blanco Negrete, Hiroshi Nishimaru, Hisao Nishijo,
Masahiko Takada, Yasuhiro Go, Ken-ichi Inoue, and Tomohiro Shibata. Macaquepose: a novel
“in the wild” macaque monkey pose dataset for markerless motion capture. Frontiers in behav-
ioral neuroscience, 14:581154, 2021.

Feng Li, Hao Zhang, Peize Sun, Xueyan Zou, Shilong Liu, Jianwei Yang, Chunyuan Li, Lei Zhang,
and Jianfeng Gao. Semantic-sam: Segment and recognize anything at any granularity. arXiv
preprint arXiv:2307.04767, 2023.

Ke Li, Shijie Wang, Xiang Zhang, Yifan Xu, Weijian Xu, and Zhuowen Tu. Pose recognition
with cascade transformers. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, pp. 1944–1953, 2021.

Liunian Harold Li, Pengchuan Zhang, Haotian Zhang, Jianwei Yang, Chunyuan Li, Yiwu Zhong, Li-
juan Wang, Lu Yuan, Lei Zhang, Jenq-Neng Hwang, et al. Grounded language-image pre-training.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp.
10965–10975, 2022.

Feng Liang, Bichen Wu, Xiaoliang Dai, Kunpeng Li, Yinan Zhao, Hang Zhang, Peizhao Zhang,
Peter Vajda, and Diana Marculescu. Open-vocabulary semantic segmentation with mask-adapted
clip. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pp. 7061–7070, 2023.

Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays, Pietro Perona, Deva Ramanan, Piotr
Dollár, and C Lawrence Zitnick. Microsoft coco: Common objects in context. In Computer
Vision–ECCV 2014: 13th European Conference, Zurich, Switzerland, September 6-12, 2014,
Proceedings, Part V 13, pp. 740–755. Springer, 2014.

Huan Liu, Qiang Chen, Zichang Tan, Jiang-Jiang Liu, Jian Wang, Xiangbo Su, Xiaolong Li, Kun
Yao, Junyu Han, Errui Ding, et al. Group pose: A simple baseline for end-to-end multi-person
pose estimation. arXiv preprint arXiv:2308.07313, 2023a.

Shilong Liu, Zhaoyang Zeng, Tianhe Ren, Feng Li, Hao Zhang, Jie Yang, Chunyuan Li, Jianwei
Yang, Hang Su, Jun Zhu, et al. Grounding dino: Marrying dino with grounded pre-training for
open-set object detection. arXiv preprint arXiv:2303.05499, 2023b.

Jiasen Lu, Christopher Clark, Rowan Zellers, Roozbeh Mottaghi, and Aniruddha Kembhavi.
Unified-io: A unified model for vision, language, and multi-modal tasks. arXiv preprint
arXiv:2206.08916, 2022.

Zhengxiong Luo, Zhicheng Wang, Yan Huang, Liang Wang, Tieniu Tan, and Erjin Zhou. Rethinking
the heatmap regression for bottom-up human pose estimation. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition, pp. 13264–13273, 2021.

Weian Mao, Yongtao Ge, Chunhua Shen, Zhi Tian, Xinlong Wang, Zhibin Wang, and Anton van
den Hengel. Poseur: Direct human pose regression with transformers. In European Conference
on Computer Vision, pp. 72–88. Springer, 2022.

Alexander Mathis, Pranav Mamidanna, Kevin M. Cury, Taiga Abe, Venkatesh N. Murthy, Macken-
zie W. Mathis, and Matthias Bethge. Deeplabcut: markerless pose estimation of user-defined
body parts with deep learning. Nature Neuroscience, 2018. URL https://www.nature.
com/articles/s41593-018-0209-y.

11

https://www.nature.com/articles/s41593-018-0209-y
https://www.nature.com/articles/s41593-018-0209-y


Under review as a conference paper at ICLR 2024

Ben Mildenhall, Pratul P Srinivasan, Matthew Tancik, Jonathan T Barron, Ravi Ramamoorthi, and
Ren Ng. Nerf: Representing scenes as neural radiance fields for view synthesis. Communications
of the ACM, 65(1):99–106, 2021.

Akihiro Nakamura and Tatsuya Harada. Revisiting fine-tuning for few-shot learning. arXiv preprint
arXiv:1910.00216, 2019.

Alejandro Newell, Zhiao Huang, and Jia Deng. Associative embedding: End-to-end learning for
joint detection and grouping. Advances in neural information processing systems, 30, 2017.

Xun Long Ng, Kian Eng Ong, Qichen Zheng, Yun Ni, Si Yong Yeo, and Jun Liu. Animal kingdom:
A large and diverse dataset for animal behavior understanding. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pp. 19023–19034, 2022.

Talmo D Pereira, Diego E Aldarondo, Lindsay Willmore, Mikhail Kislin, Samuel S-H Wang, Mala
Murthy, and Joshua W Shaevitz. Fast animal pose estimation using deep neural networks. Nature
methods, 16(1):117–125, 2019.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual
models from natural language supervision. In International conference on machine learning, pp.
8748–8763. PMLR, 2021.

N Dinesh Reddy, Minh Vo, and Srinivasa G Narasimhan. Carfusion: Combining point tracking and
part detection for dynamic 3d reconstruction of vehicles. In Proceedings of the IEEE conference
on computer vision and pattern recognition, pp. 1906–1915, 2018.

Hamid Rezatofighi, Nathan Tsoi, JunYoung Gwak, Amir Sadeghian, Ian Reid, and Silvio Savarese.
Generalized intersection over union: A metric and a loss for bounding box regression. In Pro-
ceedings of the IEEE/CVF conference on computer vision and pattern recognition, pp. 658–666,
2019.

Christos Sagonas, Epameinondas Antonakos, Georgios Tzimiropoulos, Stefanos Zafeiriou, and
Maja Pantic. 300 faces in-the-wild challenge: Database and results. Image and vision computing,
47:3–18, 2016.

Shuai Shao, Zeming Li, Tianyuan Zhang, Chao Peng, Gang Yu, Xiangyu Zhang, Jing Li, and Jian
Sun. Objects365: A large-scale, high-quality dataset for object detection. In Proceedings of the
IEEE/CVF international conference on computer vision, pp. 8430–8439, 2019.

Dahu Shi, Xing Wei, Liangqi Li, Ye Ren, and Wenming Tan. End-to-end multi-person pose esti-
mation with transformers. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 11069–11078, 2022.

Min Shi, Zihao Huang, Xianzheng Ma, Xiaowei Hu, and Zhiguo Cao. Matching is not enough:
A two-stage framework for category-agnostic pose estimation. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pp. 7308–7317, 2023.

Jake Snell, Kevin Swersky, and Richard Zemel. Prototypical networks for few-shot learning. Ad-
vances in neural information processing systems, 30, 2017.

Ke Sun, Bin Xiao, Dong Liu, and Jingdong Wang. Deep high-resolution representation learning
for human pose estimation. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, pp. 5693–5703, 2019.

Meiqi Sun, Zhonghan Zhao, Wenhao Chai, Hanjun Luo, Shidong Cao, Yanting Zhang, Jenq-Neng
Hwang, and Gaoang Wang. Uniap: Towards universal animal perception in vision via few-shot
learning. arXiv preprint arXiv:2308.09953, 2023a.

Peize Sun, Shoufa Chen, Chenchen Zhu, Fanyi Xiao, Ping Luo, Saining Xie, and Zhicheng Yan.
Going denser with open-vocabulary part segmentation. arXiv preprint arXiv:2305.11173, 2023b.

12



Under review as a conference paper at ICLR 2024

Xinlong Wang, Wen Wang, Yue Cao, Chunhua Shen, and Tiejun Huang. Images speak in images:
A generalist painter for in-context visual learning. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pp. 6830–6839, 2023.

Yangang Wang, Cong Peng, and Yebin Liu. Mask-pose cascaded cnn for 2d hand pose estimation
from single color image. IEEE Transactions on Circuits and Systems for Video Technology, 29
(11):3258–3268, 2018.

Jiajun Wu, Tianfan Xue, Joseph J Lim, Yuandong Tian, Joshua B Tenenbaum, Antonio Torralba, and
William T Freeman. Single image 3d interpreter network. In Computer Vision–ECCV 2016: 14th
European Conference, Amsterdam, The Netherlands, October 11-14, 2016, Proceedings, Part VI
14, pp. 365–382. Springer, 2016.

Bin Xiao, Haiping Wu, and Yichen Wei. Simple baselines for human pose estimation and tracking.
In Proceedings of the European conference on computer vision (ECCV), pp. 466–481, 2018.

Jiacong Xu, Yi Zhang, Jiawei Peng, Wufei Ma, Artur Jesslen, Pengliang Ji, Qixin Hu, Jiehua Zhang,
Qihao Liu, Jiahao Wang, et al. Animal3d: A comprehensive dataset of 3d animal pose and shape.
arXiv preprint arXiv:2308.11737, 2023.

Lumin Xu, Sheng Jin, Wang Zeng, Wentao Liu, Chen Qian, Wanli Ouyang, Ping Luo, and Xiaogang
Wang. Pose for everything: Towards category-agnostic pose estimation. In European Conference
on Computer Vision, pp. 398–416. Springer, 2022a.

Yufei Xu, Jing Zhang, Qiming Zhang, and Dacheng Tao. Vitpose: Simple vision transformer base-
lines for human pose estimation. Advances in Neural Information Processing Systems, 35:38571–
38584, 2022b.

Yufei Xu, Jing Zhang, Qiming Zhang, and Dacheng Tao. Vitpose+: Vision transformer foundation
model for generic body pose estimation. arXiv preprint arXiv:2212.04246, 2022c.

Jie Yang, Ailing Zeng, Shilong Liu, Feng Li, Ruimao Zhang, and Lei Zhang. Explicit box detection
unifies end-to-end multi-person pose estimation. In The Eleventh International Conference on
Learning Representations, 2022a.

Jie Yang, Ailing Zeng, Feng Li, Shilong Liu, Ruimao Zhang, and Lei Zhang. Neural interactive
keypoint detection. arXiv preprint arXiv:2308.10174, 2023a.

Yi Yang and Deva Ramanan. Articulated human detection with flexible mixtures of parts. IEEE
transactions on pattern analysis and machine intelligence, 35(12):2878–2890, 2012.

Yuxiang Yang, Junjie Yang, Yufei Xu, Jing Zhang, Long Lan, and Dacheng Tao. Apt-36k: A
large-scale benchmark for animal pose estimation and tracking. Advances in Neural Information
Processing Systems, 35:17301–17313, 2022b.

Zhendong Yang, Ailing Zeng, Chun Yuan, and Yu Li. Effective whole-body pose estimation with
two-stages distillation. arXiv preprint arXiv:2307.15880, 2023b.

Lewei Yao, Jianhua Han, Youpeng Wen, Xiaodan Liang, Dan Xu, Wei Zhang, Zhenguo Li, Chunjing
Xu, and Hang Xu. Detclip: Dictionary-enriched visual-concept paralleled pre-training for open-
world detection. Advances in Neural Information Processing Systems, 35:9125–9138, 2022.

Shaokai Ye, Anastasiia Filippova, Jessy Lauer, Maxime Vidal, Steffen Schneider, Tian Qiu, Alexan-
der Mathis, and Mackenzie Weygandt Mathis. Superanimal models pretrained for plug-and-play
analysis of animal behavior. arXiv preprint arXiv:2203.07436, 2022.

Hang Yu, Yufei Xu, Jing Zhang, Wei Zhao, Ziyu Guan, and Dacheng Tao. Ap-10k: A benchmark
for animal pose estimation in the wild. arXiv preprint arXiv:2108.12617, 2021.

Yuhang Zang, Wei Li, Kaiyang Zhou, Chen Huang, and Chen Change Loy. Open-vocabulary detr
with conditional matching. In European Conference on Computer Vision, pp. 106–122. Springer,
2022.

13



Under review as a conference paper at ICLR 2024

Duncan Zauss, Sven Kreiss, and Alexandre Alahi. Keypoint communities. In Proceedings of the
IEEE/CVF International Conference on Computer Vision, pp. 11057–11066, 2021.

Xu Zhang, Wen Wang, Zhe Chen, Yufei Xu, Jing Zhang, and Dacheng Tao. Clamp: Prompt-based
contrastive learning for connecting language and animal pose. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pp. 23272–23281, 2023.

Yiwu Zhong, Jianwei Yang, Pengchuan Zhang, Chunyuan Li, Noel Codella, Liunian Harold Li,
Luowei Zhou, Xiyang Dai, Lu Yuan, Yin Li, et al. Regionclip: Region-based language-image
pretraining. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition, pp. 16793–16803, 2022.

14



Under review as a conference paper at ICLR 2024

Appendix:
UniPose: Detecting Any Keypoints

A RELATED WORK

A.1 CATEGORY-SPECIFIC KEYPOINT DETECTION

Keypoint detection is a fundamental computer vision task for fine-grained image understanding,
aiming to localize the pre-defined semantic keypoints of objects within an image. For a long time,
mainstream methods have focused on multi-person or animal pose estimation (Sun et al., 2023a; Ye
et al., 2022; Mathis et al., 2018; Ng et al., 2022; Xu et al., 2022b;c; Jiang et al., 2023; Yang et al.,
2022a). Approaches of multi-person pose estimation can be categorized into two-stage and one-
stage methods. Among the two-stage methods, there are top-down and bottom-up strategies. Top-
down methods (Xiao et al., 2018; Sun et al., 2019; Li et al., 2021; Mao et al., 2022; Xu et al., 2022b;
Geng et al., 2023a) demonstrate impressive performance but come with a higher computational cost.
They first detect each person in an image using an independent object detector and then perform
single-person pose estimation with the proposed model. In contrast, bottom-up methods (Cao et al.,
2017; Newell et al., 2017; Cheng et al., 2020; Luo et al., 2021; Geng et al., 2021) are more efficient
but have lower precision. They begin by estimating keypoints and then group them into individual
human poses. Specifically, one-stage end-to-end methods (Shi et al., 2022; Yang et al., 2022a; Liu
et al., 2023a; Yang et al., 2023a) have shown superior performance and efficiency trade-offs. ED-
Pose (Yang et al., 2022a) introduces a coarse-to-fine framework that explicitly incorporates human
detection into the fine-grained keypoint detection process. However, mainstream methods primarily
focus on single super-category objects with specific pre-defined keypoints.

To detect more keypoints, training multiple models is straightforward to handle various categories
with different keypoint definitions (Xu et al., 2022c; Contributors, 2020; Zauss et al., 2021). Based
on the given instance-level detection and multiple datasets training, the two-stage top-down method
ViTPose+ achieves state-of-the-art human and animal keypoint detection performance. However,
the top-down strategy still requires reliance on corresponding object detectors and faces challenges
in handling missing object detections and the high computational costs for crowded scenes. Ad-
ditionally, existing ViTPose++ could only support the keypoint detection from the trained 61 (e.g.,
person and 60 animal species) categories. Furthermore, although there are some vision generalist
models (Chen et al., 2022; Lu et al., 2022; Wang et al., 2023; Geng et al., 2023b) that have been
employed to address various vision tasks, including keypoint detection, all of them are primarily
designed for human keypoint detection and will fail on other type keypoint of objects or unseen key-
points. In light of these, our work aims to provide a more powerful end-to-end keypoint generalist
via unifying existing keypoint detection tasks by leveraging 13 keypoint detection datasets.

A.2 CATEGORY-AGNOSTIC KEYPOINT DETECTION

Given a prompt image of a novel object and its corresponding keypoint definition, visual prompt-
based keypoint detection/pose estimation aims to detect category-agnostic keypoints. Existing
works (Xu et al., 2022a; Shi et al., 2023) simplify this problem as a single-object keypoint match-
ing problem and train their models on a small-scale dataset (MP-100 with 17K images spanning
100 categories), making the model suffer from under-fitting and hard to learn the local keypoint
representation effectively. The concurrent work UniAP (Sun et al., 2023a) unifies animal pose esti-
mation, segmentation, and classification under a single model via few-shot learning. It still follows
the single-object detection and only supports visual prompts as input. In contrast, we introduce an
end-to-end prompt-based keypoint detection framework that can detect multi-object keypoints and
unify the existing 13 datasets to generalize the model across instances and their keypoints.

A.3 OPEN-VOCABULARY VISION MODELS

Benefit from vision-language pretrained model CLIP (Radford et al., 2021), like open-vocabulary
object detection and semantic segmentation tasks are actively explored (Zang et al., 2022; Gu et al.,
2021; Li et al., 2022; Yao et al., 2022; Liu et al., 2023b; Liang et al., 2023; Zhong et al., 2022),
especially for a finer level of granularity understanding in image-text pairs (Li et al., 2023; Sun
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et al., 2023b). The most related work is CLAMP (Zhang et al., 2023). It leverages CLIP with
language guidance to prompt the animal keypoints. However, open-vocabulary keypoint detection
is still under-explored, which can distinguish orientation information and local structure relations in
a compact and fine-grained representation.

B UNIKPT DATASET

According to Fig. 7, we observe that each dataset only focuses on a single super-category (e.g.,
”human only“ and ”animal only“), making it challenging to achieve keypoint generalization when
using them individually. Additionally, there are significant differences in the quality, quantity, and
appearance styles of keypoint annotations in these datasets. Therefore, we are motivated to unify all
the datasets to train a generalist keypoint detector.

(a) COCO (Human-only)

(d) Deepfashion2 (Cloth-only)*

(g) AP36K (Animal-only)

(c) 300W-Face (Face-only)(b) Human-Art (Human-only)

(e) OneHand10K (Hand-only)

(j) Keypoint-5 (Rigid objects-only) (k) Carfusion (Rigid car-only)*

(h) AP10K (Animal-only) (i) AnimalWeb (Animal face-only)

(f) Animal Kindom (Animal-only)

(l) Vinegar Fly (only) (m) Desert Locust (only) (n) MacaquePose (only)

Figure 7: Visualization the unified dataset (UniKPT) for each original dataset. * means the two
datasets are included in MP-100 (Xu et al., 2022a).

B.1 GUIDELINES FOR UNIFYING DATASETS

Unifying Keypoint’s Textual Description. Given that descriptions for the same keypoint may vary
across different datasets, our first step is to standardize the names of overlapping keypoints. Then
we could align fine-grained keypoint features that share similar local visual patterns, such as “the
left eye of humans” and “the left eye of cats”, by using a unified textual description.

Unifying Orientation Criterion. We observe discrepancies in the existing data regarding the defi-
nition of left and right orientations. Therefore, we standardize left and right orientation definitions
based on the object’s left and right within the image, which can promote the alignment of directional
information between the text and keypoints within the model.

Annotating Detailed Keypoint Information. The majority of keypoints in the unified dataset lack
detailed annotations to distinguish between different keypoints, such as the keypoints in facial con-
tours or cloth landmarks. To benefit the fine-grained text-to-keypoint alignment, we further provided
detailed names for all keypoints, which include rich directional information (e.g., upper, lower, left,
right) and descriptive terminology.

Balancing Data Volume and Object Categories. Among the 13 datasets, we have used the entire
dataset for most of them because they encompass a diverse range of multi-object scenarios (e.g.,
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Table 12: Comparisons with the state-of-the-art method on the MP-100 dataset, differentiated be-
tween single-object scene and multi-object scene.

Methods Backbone Input Image Resolution Split1 Split2 Split3 Split4 Split5 Mean (PCK)
All the images in the test set
CapeFormer ResNet-50 Original 256×256 60.74 57.18 54.04 46.53 42.35 52.17
CapeFormer ResNet-50 Original 800×800 44.32 36.68 32.63 39.35 36.18 37.83
UniPose ResNet-50 Original 800×800 76.47 72.16 71.57 75.89 76.43 74.50
Single-object images in the test set
CapeFormer ResNet-50 Original 256×256 63.27 58.40 56.16 48.53 43.26 53.92
CapeFormer ResNet-50 Original 800×800 45.69 36.90 33.73 40.80 36.83 38.79
UniPose ResNet-50 Original 800×800 77.66 72.73 72.08 76.63 77.47 75.31
Multi-object images in the test set
CapeFormer ResNet-50 Original 256×256 24.19 23.81 24.39 21.21 20.30 22.78
CapeFormer ResNet-50 Original 800×800 24.53 30.52 17.19 20.90 20.59 28.75
UniPose ResNet-50 Original 800×800 69.40 66.49 64.44 63.95 63.28 65.51

COCO), varied photo styles (e.g., Human-Art), or a large number of species categories (e.g., Ani-
malKindom). However, for some datasets such as Onehand10K for human hand, MacaquePose for
macaque animals, and Keypoint-5 for furniture, each only containing single-object scenes featuring
limited categories, we randomly sample 2, 000 training images from each for model training.

C EXPERIMENTS

C.1 EXPERIMENTAL SETUP

Dataset. We conduct our experiments in two settings: 1) MP-100 Dataset (Xu et al., 2022a): We
employ the MP-100 dataset to conduct a fair evaluation of UniPose’s generalization capabilities
against previous visual prompt-based approaches. This dataset comprises approximately 17K im-
ages and 18K instances spanning 100 different categories. The number of keypoints varies across
categories, ranging from 8 to 68. To facilitate model training and evaluation, the dataset is di-
vided into five splits. Each split ensures that the training, validation, and test categories are non-
overlapping, i.e., the categories for evaluation are not accessed during training. 2) Unified Dataset
- UniKPT (See Table. 1): we employ UniKPT to train UniPose and subsequently evaluate it on 12
datasets’ evaluation sets, i.e.,. COCO, Human-Art, AP-10K, MacaquePose (Macaque), 300W, One-
Hand10K (Hand), Animal Kingdom (AK), Vinegar Fly (Fly), Desert Locust (Locust), Keypoint-5
(KPT-5), Deepfashion2 (D2), and Carfusion. Notably, it’s essential to mention that due to the lack
of official train/val/test splits in AnimalWeb and APT-36K, we exclusively employ them for training
purposes and refrain from conducting comparisons with other methods.

Evaluation Metric. 1) PCK Metric for MP-100 Dataset: we employ the Probability of Correct
Keypoint (PCK) (Yang & Ramanan, 2012) as the quantitative metric. The threshold for PCK is set
to 0.2 following POMNet (Xu et al., 2022a) and Capeformer (Shi et al., 2023). 2) AP and PCK
Metrics for the unified dataset UniKPT: In accordance with the standard settings specific to each
dataset, we employ two evaluation metrics, i.e., OKS-based Average Precision (AP) (Lin et al.,
2014) and PCK with a threshold of 0.2.

Implementation details. We use the exact same training details as all the end-to-end models (Yang
et al., 2022a; Shi et al., 2022). Specifically, we augment the training images through random crop-
ping, flipping, and resizing. The shorter sides are kept within [480, 800], while the longer sides are
less than or equal to 1333. We utilize the AdamW optimizer with a weight decay of 1e-4. Our
models are trained on 8 Nvidia A100 GPUs with a batch size of 16. During testing, the images are
resized with shorter sides of 800 and longer sides less than or equal to 1333.

C.2 MORE RESULTS

Compared with Expert Models. We present the complete results on three mainstream datasets,
i.e.. COCO in Fig. 13, Human-Art in Fig. 14 and AP-10K in Fig. 15. The results demonstrate
that UniPose establishes a new state-of-the-art benchmark among end-to-end models. Remarkably,
UniPose also achieves results that are comparable to those of SOTA top-down methods.

Compared with Open-Vocabulary Detection Model. We compare UniPose with the state-of-the-
art open-vocabulary object detector, Grounding-DINO, with a specific focus on instance-level and
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Table 13: Comparisons with state-of-the-art methods on COCO val2017 dataset. † denotes the
flipping test.

Method Backbone AP AP50 AP75 APM APL

T
D

HRNet† HRNet-w32 74.4 90.5 81.9 70.8 81.0
HRNet† HRNet-w48 75.1 90.6 82.2 71.5 81.8
ViTPose-S† ViT-S (MAE) 73.8 90.3 81.3 67.1 75.8
ViTPose-L† ViT-L (MAE) 78.3 91.4 85.2 71.0 81.1
ViTPose++-L† ViT-L (MAE) 78.6 91.4 85.4 71.5 81.3

E
2E

PETR Swin-L 73.1 90.7 80.9 67.2 81.7
ED-Pose Swin-T 73.6 90.9 80.6 68.3 81.3
ED-Pose Swin-L 74.3 91.5 81.6 68.6 82.6

UniPose (Text) Swin-T 74.4 90.7 81.0 68.8 82.1
UniPose (Image) Swin-T 74.3 90.6 81.0 68.8 81.8
UniPose (Text) Swin-L 76.8 91.9 83.8 71.6 84.8
UniPose (Image) Swin-L 76.6 91.8 83.6 71.5 84.5

HRNet, ViTPose, PETR, ED-Pose: COCO, 58K training data
ViTPose++: COCO+ COCO-W + MPII + AIC + AP-10K + APT-36K, 387K training data
UniPose: UniKPT, 226K training data

Table 14: Comparisons with state-of-the-art methods on Human-Art val dataset. † denotes the
flipping test.

Method Backbone AP AP50 AP75 APM APL

T
D

HRNet† HRNet-w32 39.9 54.5 42.0 46.6 61.3
HRNet† HRNet-w48 41.7 55.3 44.2 48.1 61.7
ViTPose-S† ViT-S (MAE) 38.1 53.2 40.5 44.8 60.2
ViTPose-L† ViT-L (MAE) 45.9 59.2 48.7 52.5 65.6

E
2E

ED-Pose Swin-T 71.3 85.6 77.0 37.2 75.9

UniPose (Text) Swin-T 72.5 86.7 77.6 39.5 76.7
UniPose (Image) Swin-T 72.1 86.5 77.0 39.3 76.4
UniPose (Text) Swin-L 75.9 89.6 81.7 42.6 80.1
UniPose (Image) Swin-L 75.5 89.5 81.5 42.2 79.7

HRNet, ViTPose: Human-Art, 58K training data
ED-Pose: COCO + Human-Art + AP-10K + APT-36K, 154K training data
UniPose: UniKPT, 226K training data

keypoint-level detection in Fig. 16. For instance detection, the original Grounding-DINO performs
admirably on COCO since it has knowledge of the person categories. However, its performance
sharply drops when the image style shifts to artificial scenes and when detecting the 54 different an-
imal categories. After fine-tuning Grounding-DINO using the keypoint detection datasets, its detec-
tion performance on Human-Art and AP-10K has significantly improved. UniPose has also achieved
comparable detection performance to the fine-tuned Grounding-DINO model. For keypoint detec-
tion, while Grounding-DINO fails to localize fine-grained keypoint, UniPose successfully addresses
these challenges, achieving significant performance across all datasets.

C.3 FAILURE CASE ANALYSIS

In Fig. 8, we show three kinds of failure cases in our method. First, due to multi-object and multi-
keypoint contrastive learning with textual prompts, the classification scores of instances and key-
points may be imbalance across different categories. It will cause that it is hard to set a certain
threshold for precise detection. From the left figure of Fig. 8(a), we set a higher threshold to demon-
strate the outputs, and some objects are missing; we set a lower threshold, which will lead to some
redundant detection. Second, despite the fact that we collected as many categories as possible, there
are some keypoints of soft objects (e.g., marine organisms shown in Fig. 8(b)) that are still difficult to
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Table 15: Comparisons with state-of-the-art methods on AP-10K val dataset. † denotes the flipping
test. All the top-down methods are based on ground-truth boxes.

Method Backbone AP AP50 AP75 APM APL

T
D

HRNet† HRNet-w32 72.2 93.9 78.7 55.5 73.0
HRNet† HRNet-w48 73.1 93.7 80.4 57.4 73.8
ViTPose-S++† ViT-S (MAE) 71.4 93.3 78.4 47.6 71.8
ViTPose-L++† ViT-L (MAE) 80.4 97.6 88.5 52.7 80.8

E
2E

ED-Pose Swin-T 45.5 57.4 50.2 31.0 46.5

UniPose (Text) Swin-T 74.0 91.7 81.5 47.8 74.7
UniPose (Image) Swin-T 73.6 91.9 80.6 47.2 74.2
UniPose (Text) Swin-L 79.2 95.7 87.2 58.3 79.8
UniPose (Image) Swin-L 79.0 95.7 86.8 57.0 79.6

HRNet: AP-10K, 58K training data
ED-Pose: COCO + Human-Art + AP-10K + APT-36K, 154K training data
ViTPose++: COCO+ COCO-W + MPII + AIC + AP-10K + APT-36K, 387K training data
UniPose: UniKPT, 226K training data

Table 16: Comparisons with the state-of-the-art open-vocabulary object detector, focusing on
instance-level and keypoint-level detection. ‡ denotes the fine-tuning of GroundingDINO using
the keypoint detection datasets. Notably, we limit the instance-level comparison to APM (medium
objects) and APL (large objects), as small objects do not have keypoints annotated.

Methods Backbone Instance-level Keypoint-level Training Datasets Dataset Volume
APM APL AP APM APL

COCO val set
GroundingDINO (Text) Swin-T 70.8 82.0 3.1 2.8 3.2 O365,GoldG,Cap4M 1858K
GroundingDINO (Text) Swin-B 69.7 79.5 6.8 6.6 7.2 COCO,O365,GoldG,Cap4M,OpenImage,ODinW-35,RefCOCO -
GroundingDINO‡ (Text) Swin-T 71.2 83.4 1.8 1.7 1.9 COCO,Human-Art,AP-10K,APT-36K 1858K + 155K
UniPose (Text) Swin-T 71.1 80.2 74.2 68.8 82.1 COCO,Human-Art,AP-10K,APT-36K 155K
UniPose (Image) Swin-T 71.1 80.3 74.1 68.8 81.8 COCO,Human-Art,AP-10K,APT-36K 155K
Human-Art val set

GroundingDINO (Text) Swin-T 11.5 27.0 2.1 1.7 2.3 O365,GoldG,Cap4M 1858K
GroundingDINO (Text) Swin-B 13.3 27.9 4.4 3.7 4.5 COCO,O365,GoldG,Cap4M,OpenImage,ODinW-35,RefCOCO -
GroundingDINO‡ (Text) Swin-T 33.3 67.0 1.4 0.8 1.5 COCO,Human-Art,AP-10K,APT-36K 1858K + 155K
UniPose (Text) Swin-T 33.7 63.1 72.2 39.5 76.7 COCO,Human-Art,AP-10K,APT-36K 155K
UniPose (Image) Swin-T 34.0 63.0 71.8 39.3 76.4 COCO,Human-Art,AP-10K,APT-36K 155K
AP-10K val set

GroundingDINO (Text) Swin-T 5.1 13.7 1.3 0.6 1.3 O365,GoldG,Cap4M 1858K
GroundingDINO (Text) Swin-B 29.1 44.1 7.8 5.4 8.2 COCO,O365,GoldG,Cap4M,OpenImage,ODinW-35,RefCOCO -
GroundingDINO‡ (Text) Swin-T 56.5 79.7 0.7 0.4 1.0 COCO,Human-Art,AP-10K,APT-36K 1858K + 155K
UniPose (Text) Swin-T 54.5 78.8 73.2 45.6 74.3 COCO,Human-Art,AP-10K,APT-36K 155K
UniPose (Image) Swin-T 55.8 79.0 72.8 47.2 74.0 COCO,Human-Art,AP-10K,APT-36K 155K

define textually and visually, especially when only a single source image is inputted. These objects
also tend to have similar local features in their visual appearance and global structural features that
are not sufficiently distinct. Third, Although our method shows superiority in multi-object detection
scenarios, we find that recognition in places of extreme occlusion or heavily invisible keypoints,
which may lose either local or global visual structure information, is still challenging (see Fig. 8(c)).

D BROADER IMPACT AND LIMITATION

Broader Impact: Based on the proposed UniPose, we can provide 1) a keypoint generalist for any
category and keypoint, including articulated (e.g., human and animal), rigid (e.g., car and chair),
and soft (e.g., cloth and dress) objects, which has great potential to benefit various downstream
areas, such as robot automation, human-object interaction, and AR/VR; 2) a better fine-grained
text to local region alignment with structure and direction knowledge that can provide a text-region
similarity score for fine-grained visual perception and vision-language understanding; That is, the
similarity score can be used for evaluation or interpretability; 3) a user-friendly connector with
either natural language or visual prompts to first detect keypoints and then take them as user clicks
for fine-grained detection, segmentation, and tracking. To sum up, we hope this work could broaden
the way to fine-grained open-vocabulary and category-agnostic perception tasks from a keypoint
representation.
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(a) Imbalance threshold between precision and recall  

(b) Complex and flexible objects (e.g., marine organisms) (c) Heavy occlusions and invisibility

Figure 8: We show three types of failure cases in our method.

Limitation: In addition to the limitations described in this section C.3, we believe the main issue
currently lies in the data. Although this work has aggregated thirteen keypoint datasets, there are
three limitations. First, compared with the amount of training data for CLIP, we still have 1,000
times less data, leaving room for improvement in the performance and generalization of the model.
Second, some super-species with novel topologies that are not included (e.g., Kingdom Fungi and
Kingdom Plantae) make the model hard to generalize to these cases. Lastly, we did not consider
fine-grained detection and segmentation datasets (Shao et al., 2019; He et al., 2022a) to strengthen
the unified datasets. All the above issues will be left as future work.
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