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Abstract. Exploiting foundation models (e.g., CLIP) to build a ver-
satile keypoint detector has gained increasing attention. Most existing
models accept either the text prompt (e.g., “the nose of a cat”), or the
visual prompt (e.g., support image with keypoint annotations), to detect
the corresponding keypoints in query image, thereby, exhibiting either
zero-shot or few-shot detection ability. However, the research on mul-
timodal prompting is still underexplored, and the prompt diversity in
semantics and language is far from opened. For example, how to handle
unseen text prompts for novel keypoint detection and the diverse text
prompts like “Can you detect the nose and ears of a cat?” In this work,
we open the prompt diversity in three aspects: modality, semantics (seen
vs. unseen), and language, to enable a more general zero- and few-shot
keypoint detection (Z-FSKD). We propose a novel OpenKD model which
leverages a multimodal prototype set to support both visual and textual
prompting. Further, to infer the keypoint location of unseen texts, we add
the auxiliary keypoints and texts interpolated in visual and textual do-
mains into training, which improves the spatial reasoning of our model
and significantly enhances zero-shot novel keypoint detection. We also
find large language model (LLM) is a good parser, which achieves over
96% accuracy when parsing keypoints from texts. With LLM, OpenKD
can handle diverse text prompts. Experimental results show that our
method achieves state-of-the-art performance on Z-FSKD and initiates
new ways of dealing with unseen text and diverse texts. The source code
and data are available at https://github.com/AlanLuSun/OpenkKD.

1 Introduction

Keypoint detection is a fundamental research problem in computer vision and
has numerous applications such as pose estimation for humans [6}8,|12}33}[37,
52| and animals [2}5},23}34], action recognition [30,/47], and fine-grained image
classification [39455]. Over the past decade, significant advancements have been
made in deep keypoint detection. However, most existing methods are tailored
to close-set detection and struggle to predict novel body parts and species with
limited data. Thus, it necessitates such a zero- or few-shot keypoint detection:
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Fig. 1: Illustration of multimodal prompting for keypoint detection. Our model can
successfully detect keypoints given visual prompts formed by support images and key-
points (a), text prompts (b), or both (c¢). Graph (d) shows our model well combines the
advantages of different modalities, mitigating the weakness induced by either modality.

after being trained on a diverse dataset, the model can quickly recognize novel or
base keypoints in unseen species given only zero, one or a few labelled samples.
On the one hand, researchers have recently explored few-shot keypoint de-
tection (FSKD) [27-29//53]. The FSKD inspired by few-shot learning
is general and offers higher flexibility of detecting a varying number of
keypoints in a query image, given the prompts formed by support image with
keypoint annotations. In this regard, the support set is namely visual prompt,
which is required when evaluating new classes. On the other hand, in the era of
foundation model, the vision-language model (e.g., CLIP [35]) injects new life to
detecting keypoints, enabling zero-shot keypoint detection (ZSKD) . Com-
pared to FSKD, ZSKD does not need support image with annotations, instead,
using the text prompt to instruct the model to detect the specified keypoints in
query image. In this case, the support set is text prompt. Though impressive for
the pioneering FSKD and ZSKD models, we identify an important issue limiting
the progress: the prompt diversity for current keypoint detection methods is far
from opened, especially in the aspects of modality, semantics, and language.
Modality diversity. Most existing keypoint detection models cannot sup-
port multimodal prompts, e.g., image, text, or both (see Fig. . Multimodal
prompting is more friendly in real-world interaction, and coherent with the hu-
man concept recognition. We not only see the objects, but also describe objects
with language. Our work extends existing FSKD and ZSKD, building a more
general zero- and few-shot keypoint detection by leveraging a multimodal proto-
type set and aligning the visual keypoint features towards the textual features.
While straightforward, our method enables one to study the advantages of re-
spective modality data and exploit them for better model training and testing.
Semantic diversity. Considering keypoints between seen and unseen species,
there exist large similarity yet difference in semantics. A strong advantage of text
prompt is that the keypoints with the same semantics share high similarity in lan-
guage across species, which enables excellent ZSKD on base keypoints. However,
if the text has different semantics, significant domain gap arises. For instance,
“the eye of a cat” vs. “the eye of a dog” has cosine similarity of 0.93 using CLIP
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Fig. 2: Examples of keypoint detection under diverse text prompting. With LLM, our
method can deal with diverse texts, showing potential for real-world applications. The
circles and crosses refer to predictions and GT, respectively. A keypoint is regarded as
a correct detection if falling in the white shadow area that signifies PCK@O.1.

text embeddings, whereas for “the eye of a cat” vs. “the knee of a dog” it drops
to 0.77. We observe that the keypoint detectors cannot perform well if text is
unseen during training. To bridge the gap, we propose to open the semantic di-
versity by adding auxiliary keypoints and texts into training, where the auxiliary
texts are reasoned by LLM given the base keypoints. To ease the reasoning error,
we ask LLM a good question using chain of thought . We also propose a novel
sampling strategy with false text control to improve the matching between aux-
iliary keypoints and texts. With them together, our model significantly improves
ZSKD on novel keypoints.

Language diversity. Following zero-shot image classification by CLIP ,
existing ZSKD also constructs simple text prompts based on templates, e.g.,
“(keypoint)” or “the (keypoint) of a (category) in the photo”, where (-) is replaced
by class names. In real-world interaction, humans tend to question in diverse
styles, which results in diverse text prompts. For example, “Please locate the
right-back leg on cat”, “Can you find the left eye, right ear and nose in image?”,
etc. A natural question is how to handle the diverse text prompting? To address
this, we propose a simple yet effective approach, whose key idea is to borrow
the large language model (LLM) such as GPT3.5 [4] or Vicuna [9}/58] to parse
the diverse texts via prompt engineering. After extracting the keypoint type and
object category, they will be synthesized into simple text prompts to instruct the
detection model. As such, the diverse text prompting can be transformed into
simple text prompting, which sheds light on opening language diversity (Fig. .

To summarize, in this paper, we propose an OpenKD model with several
intriguing features: 1) supporting both visual and textual prompts, 2) having the
potential to handle unseen texts and diverse texts, and 3) maintaining strong
generality and performance on ZSKD and FSKD. We report that LLM is capable
of being a reasoner for text interpolation, and a good language parser for parsing
diverse texts. We also contribute four diverse text prompt sets for the popular
Animal pose dataset , AwA , CUB , and NABird for fair evaluations.
To our best knowledge, we are the first to open semantics and language diversity
of text prompts for keypoint detection.
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2 Related Work

Keypoint Detection has been widely studied ranging from the traditional
interest points [10,/25] to deep corner detection [57], semi-supervised [18,31, 46|
and fully-supervised keypoint estimation [6}8}/12}33,37,40,51,52]. There are two
major classes of methods for deep keypoint localization: i) direct coordinates
based regression [7,/41] and ii) heatmap based regression. In contrast to existing
heatmap based models dedicated to specific body parts, e.g., top-down [12}16,37]
and bottom-up pose estimators [6,8l/33], our OpenKD model offers more flexible
keypoint detection, breaking the limitation of keypoint types to be detected.
Few-shot Keypoint Detection is more versatile and data-efficient compared
to the supervised paradigms. Similar to standard few-shot learning (FSL) [44],
FSKD also takes episodes for training and evaluation. Many well-known FSL
methods such as ProtoNet [36], RelationNet [38], LwoF [15] and MAML [13]
have been extended to the field of keypoint detection [3,[14,27] and serve as base-
lines. Recently, Lu and Koniusz 27| formalize the comprehensive FSKD settings
and model the localization uncertainty of keypoints. Further, they propose a
lightweight FSKD model [28] and explore FSKD under transductive setting and
occlusions [29|. Bohdal et al. [3] propose a dataset-of-datasets, benchmarking
the FSL algorithms universal to various vision tasks. FSKD also inspires class-
agnostic animal pose estimation [27,28,50]. Compared to existing FSKD, our
work pushes further by opening the text prompting, which enables more versa-
tile keypoint detection. Moreover, text prompts can complement visual prompts,
delivering better performance of detecting base keypoints on unseen species.
Zero-shot Keypoint Detection becomes feasible thanks to the great progress
of vision-language pre-training (e.g., CLIP [35] and BLIP [22]). Since CLIP
was pre-trained on internet-scale image-text pairs that contain more semantic
concepts than other datasets, CLIP can provide semantically rich features for
various downstream tasks [32,/56,59], showing strong zero-shot transfer ability.
Recently, CLAMP [56] adapts CLIP for animal pose estimation in feature-
aware and spatial-aware aspects; Approach [54] also employs CLIP as backbone
and proposes language-driven keypoint detection. Compared to FSKD which
still requires one or more annotations, ZSKD merely demands cheap language
descriptions, which make it intriguing for keypoint detection. Nevertheless, most
existing ZSKD works cannot support multimodal prompts and their prompt
diversity is limited. To address these issues, we propose an OpenKD model which
further opens modality, semantics, and language. To handle unseen texts, we
propose to generate auxiliary keypoint-text pairs which significantly help reason
novel keypoints on unseen species. Moreover, we contribute a simple yet effective
language parsing module to handle diverse text prompts.
Foundation Models include a broad set of models pre-trained over large-scale
datasets, including LLMs (e.g., GPT3.5 [4]), VLMs (e.g., CLIP [35]), and Mul-
timodal models (e.g., GPT4 [1]). Transferring the knowledge from these foun-
dation models to specific tasks in a cost-effective way is popular in computer
vision [191/2426,541/56]. Thus, we follow this trend and leverage LLM like GPT3.5
(relatively cheap) to perform reasoning and parsing for keypoints.
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3 Method

3.1 Model Architecture

Following the general few-shot learning [36138}/44], Z-FSKD model is evaluated
on episodes, each of which includes a support set and a query set. The query
set is comprised of query images, while the support set gives the prompts. If the
visual prompts, i.e., K support images with keypoint annotations (K > 1), are
given, then the problem is defined as K-shot detection. If only the text prompt
(i.e., the language description) is given, then K = 0 thus the problem becomes
zero-shot detection. The goal of Z-FSKD is to detect the corresponding keypoints
in query image given the prompts, whether visual prompt, text prompt, or both.
Such an approach allows the model to effectively respond to diverse inputs.
The overview of our model inference is shown in Fig. 3] which mainly in-
cludes four stages: i) image/text feature extraction, ii) feature adaptation, iii)
keypoint prototype set building, iv) correlation, decoding and heatamp fusion.
The overview of our model training is shown in Fig. [ which includes the novel
approaches for performance improvement.
Image/Text Feature Extraction Since the input of our model involves vision
and language two different modalities, we wish the features extracted from image
and text have smaller modality gap, so that the text can somewhat correlate
with image regions of the same semantics. Such a property helps the model find
keypoint locations in query image. To this end, we resort to CLIP 35| pre-trained
on large-scale image-text pairs. The CLIP includes image and text encoders.
The text encoder is generally a transformer [43] while the image encoder can
be CNN [21] or ViT [11]. We empirically found that the CLIP image encoder
based on RN50 [17},35], a CNN model, gives high efficiency in consideration of
both performance and cost. Thus, we choose it as the default backbone. When
extracting the image features, original CLIP image encoder only retains the
classification token x,ss and discards image tokens X by attention pooling as

Xelass = AvgPool(X),  Xjjae = Attention(Xciass Wq, XWy, XW,)W,. (1)

While it is natural for image-text matching, we require the image tokens to
recover the spatial locations of keypoints. Thus, we propose to obtain the image
tokens via a projection composed by W, and W, as

X' = XW,W,. (2)

In this way, we can not only handle the channel inconsistency between raw image
tokens X and text features, but also reuse the projection layers W, and W,,.

For brevity, we assume that per input episode contains one query image I9,
one support image I* with N annotated keypoints, and N keypoint texts. With
Eq. 2} both the support and query images can be encoded and projected as the
support and query feature maps as X® = 7, (I*) and X9 = F,(I%) in deep feature
space R!X4 via a shared CLIP image encoder F,. Further, with the CLIP text
encoder Fi, the IV texts are firstly tokenized, then encoded as the text features
t, € R™*4 where n = 1,2, .-, N; and m is sequence length.
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Fig. 3: The sketch of model inference. Our OpenKD allows testing under visual prompt,
text prompt, or both. For clarification, we show the “both” case (i.e., 1-shot with
text testing). We firstly extract the deep features of texts, support and query images
via CLIP, and then adapt both modalities of features via residual refinement. After
extracting the visual keypoint prototype (VKP) and textual counterpart, we build the
prototype set to perform class-agnostic correlation and heatmap decoding. Finally, we
fuse the heatmaps induced by two modalities (i.e., M1 & M2) to obtain predictions.

Feature Adaptation As CLIP provides general yet transferrable features, we
adapt it to a new multimodal feature space suitable for keypoint detection.
Inspired by residual learning [17], we propose two adaptation nets A, and Ay to
respectively refine the obtained image and text features in a residual way:
X=X+ A (X)), XU:=XU+ A (XY,  ty, :=t, + At (t,). (3)
The adaptation net A is highly scalable and can be based on transformer [43] or
bottleneck as refinement blocks. We found that A4 can adapt features well.

Keypoint Prototype Set Once we obtain the adapted features of support im-
age and text prompts, i.e., X® and t,,, we propose to convert them into keypoint
prototypes, which are unified in a keypoint prototype set.

For visual prompt, recall that keypoint labels are provided along with the
support image. Thus, one can aggregate the the local features for each support
keypoint p,, by using pixelwise weighted summation between feature map X*® and
Gaussian heatmap H(p,; o), yielding the visual keypoint representation (VKR)
as ®,, € RZ. The o is the standard deviation that controls the Gaussian spread. If
K support images are given, namely in few-shot case, the VKRs of the same type
of keypoints ®}, , will be averaged to build the visual keypoint prototype (VKP)
vy = %Zk ®;, .. Analogously, one can develop textual keypoint prototype
(TKP) ¥ by text features if provided with multiple texts per keypoint. Finally,
one can build the keypoint prototype set as 7 = 7V U T*, where 7V = {®¥}}
is the VKPs and 7° = {®¥!} is the TKPs. In this way, prompts of different
modalities can be summarized as keypoint prototypes in a shared d dimensional
feature space, which enables our model to flexibly handle various modalities.
Moreover, each prototype in set 7 can guide the model to induce a keypoint
heatmap, establishing the zero- and few-shot keypoint detection.
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Fig. 4: Model training and text interpolation. (a) In addition to multi-group heatmap
regression, we improve model performance by introducing intra- and inter-modality
contrastive learning and the novel auxiliary keypoint and text learning. (b) We exploit
LLM for auxiliary texts interpolation and explore incorporating visual keypoint features
for text selection in order to mitigate the noisy texts or false texts.

Correlation, Decoding and Fusion To discover the corresponding keypoints
in query image I9, each keypoint prototype ¥,,, either VKP ¥Y or TKP W
is required to be correlated with the query feature map X<. To this end, we
leverage a correlation module C which takes both ¥,, and X9 as input to produce
the attentive feature maps A, = C(¥,,X9), where A, € R>*!*4 and n =
1,2,--- ,N. For the correlation module C, we explored multiple variants and
found that the simple cross correlation already yields high performance, i.e.,
A, =X90 W¥,,, where ® denotes the channel-wise multiplication.

Subsequently, a class-agnostic decoder D is devised to convert each attentive
feature map into a keypoint heatmap, i.e., H, = D(A,,), where H,, € R**!. For
heatmap regression based keypoint localization, the higher resolution of heatmap
can greatly reduce the coordinate decoding error. Thus, a lightweight upsampling
module U is adopted to further refine heatmaps, i.e., H, := U(H,,).

Since each modality of prototypes can induce one group of heatmaps, con-
sidering visual and textual modalities, we have two groups of heatmaps HY =
{HY}N | and H* = {H!})_,. In testing phase, we fuse the upsampled multi-
group heatmaps as the final output H € RV>*uxul (3 is upsampling factor):

H=(H"+H")/2 (4)

During training phase, inspired by HigherHRNet , we perform group-specific
supervision for heatmaps as

Lip = (|HY — H||3 + |[H' — H*[|3)/2, (5)

where H* denotes the groundtruth heatmap that encodes the query keypoint.

Improving Model by Contrastive Learning Since the keypoint prototype
directly impacts performance, we aim for its representativeness to be as good
as possible. The same type of keypoints should have higher invariance across
species, e.g., the ear of cat, dog, and cow, while different types are required to
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be sufficiently discriminative such that our model can distinguish the ambiguous
texts or fine-grained texts such as “the left ear” wvs. “the right ear”. To this end,
we propose to introduce a contrative loss over TKPs. If randomly sampling
two species (s,s’) at a time and each species pertaining to an episode, we have
pairwise sets of TKPs, i.e., TP ={¥,} and T} ={¥/, }, which can form similarity
matrix as

cos(Wq, ¥) - cos(¥q, ¥ly)

cos(Wn, W) - cos(¥n, Py)

where cos(+,-) denotes the cosine similarity. Then, the contrastive loss within
textual modality Ly becomes

’ 1 ’ ’
Ly = =(Llog(softmax(J(77, 75)/7))),  Lww = 5(Le™ + L5777, (7)

where I is the identity matrix and (-,-) denotes inner product. Since CLIP is
trained via image-level alignment instead of keypoint-level alignment with text,
we wish VKPs and TKPs were aligned so that we can exploit their respective ad-
vantages to help each other. This motivates us to propose the second contrastive
loss between VKPs and TKPs. Similar to Eq. [7] we build £,;. We find that the
visual-textual alignment improves 1-shot testing, but unintentionally degrades
0-shot performance slightly. We discover the principle behind this is better clus-
tering effects of textual keypoint representations than visual ones. To address
this issue, we perform stop gradient on TKPs in Ly, thus enforcing the VKPs to
align towards TKPs. We also find adding £, does not further improve scores.
We conjecture that after aligning VKPs to TKPs via Ly, the visual features
will also improve discrimination along with textual features as Ly is applied.

Optimization By incorporating the heatmap regression loss Ly, intra- and
inter-modality contrastive loss Ly and Ly, we have the overall loss as £ =
A Lip + 2Ly + AzLyt. We set the loss weight A; =1, Ay = A3 = 0.002.

3.2 Training with Auxiliary Keypoints and Texts

Localizing the seen keypoints and texts is relatively easy to handle, but it be-
comes difficult if the unseen ones are encountered. Thus, we propose to add
auxiliary keypoints and texts interpolated from visual and textual domains into
training, which significantly improves the ability to detect novel keypoints.

Visual Interpolation Following [27]|, we generate the auxiliary keypoints in
visual domain via interpolation ZV(z; p1, p2), where z € (0, 1) is the interpolation
node and p; € R? are the end points that form an interpolation path. An off-
the-shelf saliency detector [49] is adopted to filter the auxiliary keypoints outside
of the foreground [27]. Via interpolation ZV in the visual domain, the auxiliary
keypoints p can boost the visual diversity of training keypoints.

Text Interpolation and Selection The ZV can assist the model in handling
unseen keypoints in visual prompt, but it helps little if prompting unseen texts.
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Consequently, we propose using text interpolation Z%(z;t(p1),t(p2),c) to miti-
gate this issue, where t(p;) are the names of end points p; and ¢ is the object
category. Thanks to great language processing ability of LLM (e.g., GPT3.5 [4]),
we propose to ask LLM a good question to reason the auxiliary keypoint texts
given base keypoints (Fig. [d{b)), e.g., to infer the keypoint text between “thigh”
and “paw” of a “cat”, we can design a vanilla prompt for the LLM as:

“Please give me three most common body parts/keypoints at 1/2 between thigh

and paw of a cat. Please answer in concise words.”
Apparently, we expect that the answers returned by LLM should include “knee”
or “elbow”. In practice, the keypoint types are usually more complex thus the
reasoning is challenging. To enhance reasoning, we improve the above vanilla
prompt into a more advanced one by using chain of thought (CoT) [48], whose
key idea is to firstly provide an example with analysis and then ask the question.
We provide the detailed prompts and examples in §A of Suppl.

Considering the LLM suffers from some randomness and might produce er-
roneous answers, we let LLM give three most possible answers for each interpo-
lation path and repeat this step R times, yielding a text pool with 3R texts, i.e.,
{#;}25,. As such, the GT text has higher chance to be included. Afterwards, we
need to select one interpolated text from the pool to form a pair with a visually
interpolated keypoint. To this end, a simple yet effective approach is to sample
from top-1 results of all repetitions. However, it does not use the visual features
for selection. An interesting approach is to use the correlation between visual
and text features for selection as follows:

j = argmax; cos(®,t;), =1, (8)

where & is the auxiliary keypoint feature of p, t; is text feature of ¢;, and ¢*
is the selected text. However, we found that sometimes it leads to performance
drop. We suspect it is because CLIP’s keypoint-text features are not fine-grained
aligned enough on those regions beyond annotations. Opposed to picking, we
observe such a correlation could be used to reject low-quality text if keypoint-text
similarity cos(<i>, f:i) is low. Consequently, we propose a more advanced sampling
with false text control (FTC). Namely, we sample the text within the range top-
1 but the text will be rejected if the similarity Cos(<i>7 t;) is below the threshold
a. In this way, we can form auxiliary keypoint-text pairs with higher quality
to enhance model training. We apply ZV to both support and query images to
generate support and query auxiliary keypoints p*® and p9, respectively. As in
Eq. |5, p? encodes GT heatmap supervising the heatmaps induced by p® and £*.

3.3 LLM is a Good Language Parser

To handle diverse text prompts in keypoint detection, unlike current fashion
of utilizing LLMs for text generation, we use LLM for text decomposition. For
example, if our model receives a diverse text prompt like “Can you localize the left
eye and nose of cat?”, we firstly leverage an LLM (e.g., GPT3.5 [4]) to perform
text parsing by providing it with a simple yet effective prompt as follows:
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Please extract the animal and keypoint keywords from the below text: “Can

you localize the left eye and nose of cat?”
Then, LLM returns the parsed texts regarding (keypoint) and (object), i.e., the
“left eye”, “nose”, and “cat” in the example. We directly utilize parsed results to
synthesize simple text prompts to instruct our model and predict all the keypoints
corresponding to the text. The problem of diverse text prompting becomes simple
text prompting, thus opening the language diversity for keypoint detection.

To fairly evaluate our approach, we manually collect 100 diverse text tem-
plates which cover most scenarios for questions (§B of Suppl.). Take one as
an example: “Where is the (keypoint) for (object)?” Afterwards, we develop
four diverse text prompt sets for the popular Animal pose dataset [5], AwA [2],
CUB [45], and NABird [42]. Specifically, we accompany each object instance with
a diverse text prompt synthesized by randomly sampling one template and one
to N walid keypoints. Compared to traditional text prompts which only have N
variants, our constructed text prompt sets are more diverse, whose space could
be as large as 100 - (C} + C% + -+ + C¥) = 100 - 2V variants. For example, as
CUB has 11 keypoints, its space is larger than 10°. We randomly sample 1000
diverse texts from each dataset and evaluate the LLM’s parsing performance.
Table [5b| reports that GPT3.5 has over 96% accuracy in parsing keypoints from
text, which shows that LLM can be a good language parser.

4 Experiments

4.1 Experimental Settings

Datasets and Splits. 1) Animal pose dataset [5] has five mammal species cat,
dog, cow, horse, and sheep. Each animal species is alternately chosen as unseen
species for testing while the remaining four as seen species for training, which
yields five subproblems; 2) AwA [2] has 35 diverse animal species with 10064
images. For AwA, 25 species are for training and 10 for testing; 3) CUB [45]
consists of 200 bird species with 15 keypoint annotations. We use 100 species
for training, 50 for validation, and 50 for testing; 4) NABird [42] is larger than
CUB and has 555 categories. The species splits are 333, 111, and 111 for train-
ing, validation, and testing. To test model generalization, we follow [27] to split
keypoints into base and novel sets, and report the performance of both base and
novel keypoint detection on unseen species.

Metric. The percentage of correct keypoints (PCK) is used. A predicted key-
point is correct if its distance to GT d < p-max(wphyx, Abbx ), Where wphy and Appy
are the edges of object bounding box. Following [27], we set p to 0.1.
Implementation Details. The input image size for all models is 384 x 384. We
freeze the CLIP text encoder but finetune last two layers of image encoder. The
temperature 7 used in contrastive loss is 0.05. Same to [27], the visual auxiliary
keypoints are generated on pre-defined interpolation path, and we set z=0.5. For
the text interpolation, to reduce randomness, we use GPT3.5 to reason R = 3
times for all datasets except CUB with R = 10. Our model is trained with 40k
episodes. We report results using 1000 test episodes.
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Table 1: Main results on the Animal pose dataset. Each row shows the results tested
on the model trained in one setting. Each PCK score is the average of five subproblems.

4 Training settings 1-shot testing O-shot testing 1-shot w/ text
Kp Auz. kp Text Auz. text Novel Base Novel Base Novel Base

1V 21.36 50.84 1.26 1.93 16.16 32.81

2 v v 47.54 49.45 2.00 210 39.24 34.11

3 v 16.18 35.46 25.60 61.64 27.02 61.21

4 v 15.87 31.57 63.14 65.31 63.30 65.52

5 v v 21.46 52.15 22.42 61.07 23.88 60.49

6 v v v 50.32 54.39 63.37 65.59 63.19 64.93

Compared Methods. For few-shot keypoint detection (FSKD), as in previous
works, we compare the few-shot learning models such as ProtoNet 36|, Rela-
tionNet [38], and LwoF [15], and FSKD-dedicated works FSKD-R/-D |27]. For
zero-shot keypoint detection (ZSKD), we adopt the source code of CLAMP [56]
and compare it in our experiments for fairness. Moreover, we build a Baseline
sharing same backbone with our model but we do not use the specifically pro-
posed auxiliary texts, contrastive loss, etc. We denote our method as OpenKD.

4.2 Main Results

Firstly, we explore single-modal training and the impacts of whether or not to
add the auxiliary keypoints/texts (1st-4th row, Table[l). When only using main
keypoints (1st row) or main texts (3rd row), one can observe that the mod-
els perform well on base keypoints in 1-shot (50.84%) or O-shot (61.64%), but
fail to detect novel keypoints. However, if the model is trained by adding the
auxiliary keypoints (2nd row) or auxiliary texts (4th row), one can observe the
remarkable improvements on novel keypoint detection, e.g., 47.54% wvs. 21.36%
in 1-shot testing for the model trained by visual prompts (2nd row vs. 1st row);
and also 63.14% wvs. 25.60% in O-shot testing for the model trained by text
prompts (4th row ws. 3rd row). The significant gains confirm the benefits of
visual interpolation [27] and also highlight the effectiveness of our proposed tex-
tual interpolation. Secondly, we investigate multimodal training (5th-6th row,
Table . As one can see, our model performs well under multimodal training
(6th row), and greatly outperforms the model trained by multimodal prompts
without auxiliary keypoints and texts (5th row). The higher performance is due
to the fact that auxiliary keypoints and texts could boost the visual and textual
semantic diversity, thus enabling novel keypoint detection under 1-shot and 0-
shot setting. Thirdly, we observe that 0-shot testing on base keypoints is much
higher than 1-shot, which shows that the texts can be an excellent representa-
tion to guide keypoint detection. Lastly, we examine multimodal testing, i.e.,
performing I-shot with text testing, our model obtains 63.19% and 64.93% on
novel and base keypoints, which highlights that our model strongly combines the
advantages of both modalities, mitigating the weakness of individual modality.
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Table 2: Results on 1-shot keypoint detection for unseen species. The PCK scores on
novel and base keypoint detection are reported. +T means adding texts during testing.

Animal Pose Dataset

Setting Model AwA CUB NAB
Cat Dog Cow Horse Sheep Avg

ProtoNet 19.68 16.18 14.39 12.05 15.06 15.47 29.57 51.32 36.65
RelationNet 22.15 17.19 15.47 13.58 16.55 16.99 20.91 56.59 34.02
LwoF 22.47 19.39 16.82 16.40 16.94 18.40 28.54 54.75 34.19
Novel FSKD-R 46.05 40.66 37.55 38.09 31.50 38.77 51.81 77.90 54.01
FSKD-D 52.36 47.94 44.07 42.77 36.60 44.75 64.76 77.89 56.04
OpenKD 60.36 53.58 47.59 49.01 41.05 50.32 66.71 78.39 53.35
OpenKD+HT 69.26 66.81 62.40 63.21 54.27 63.19 79.02 73.29 53.40

ProtoNet 45.80 39.83 34.88 35.80 32.33 37.73 57.17 80.36 73.18
RelationNet 51.03 45.85 39.86 41.97 37.19 43.18 57.31 79.40 78.85
LwoF 50.056 44.64 43.47 43.35 37.84 43.87 63.87 81.96 81.39
Base FSKD-R 57.12 51.12 47.83 49.71 43.71 49.90 65.26 87.94 87.84
FSKD-D 56.38 51.29 48.24 49.77 43.95 49.93 66.39 87.71 86.99
OpenKD 63.61 55.43 51.18 53.87 47.86 54.39 74.22 87.45 85.11
OpenKD+T 70.47 65.09 62.84 66.46 59.81 64.93 84.50 91.81 91.23

Table 3: Results on the 0-shot keypoint detection for unseen species. CLAMP is the
variant trained by adding our interpolated auxiliary texts.

Animal Pose Dataset

Setting Model AwA CUB NAB
Cat Dog Cow Horse Sheep Avg

Baseline 25.64 24.29 25.29 18.14 25.51 23.77 28.95 34.94 30.00
CLAMP 20.90 24.06 27.07 16.86 20.73 21.92 38.96 37.09 18.18
CLAMPT 61.70 58.09 61.42 64.86 53.13 59.84 77.66 69.30 50.81
OpenKD 71.07 66.49 60.30 65.53 53.45 63.37 78.64 70.16 52.29

Baseline 58.69 56.62 56.58 60.00 51.35 56.65 73.45 87.12 71.25
CLAMP 60.71 54.04 62.58 62.73 57.30 59.47 84.16 90.97 79.10
CLAMP' 60.30 56.49 62.69 60.90 57.16 59.51 83.76 90.65 83.65
OpenKD 71.34 66.60 64.53 67.26 58.23 65.59 84.32 91.72 90.63

Novel

Base

Comparisons on FSKD and ZSKD: We comprehensively conduct the few-
shot keypoint detection across four datasets. Table 2| shows our OpenKD model
significantly outperforms compared methods in 15 out of 18 tasks in detecting
novel or base keypoints. Moreover, if adding the texts during testing, the per-
formance of our model further improves, yielding 63.19% on the Animal pose
dataset (63.19% wvs. 44.75% of prior-art FSKD-D) and 79.02% on AwA. We also
notice the improvements on CUB and NAB are modest, which might be due to
the auxiliary texts being relatively harder to reason, thus bringing lesser bene-
fit to few-shot model. For ZSKD (Table , again, our model outperforms other
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Fig. 5: Different clustering effects of two modalities on base keypoints in unseen species
(a) and statistical feature variance per keypoint (b).

Table 4: Ablation study. (a) Intra- and inter-modality contrastive loss. £}; denotes no
stop gradient on text features; (b) Text interpolation. Baseline': w/o using auxiliary
texts; CoT: chain of thought; Corr: Eq. [8f FTC: sampling with false text control (ours).

1-shot 0-shot . AwA CUB
AwA Novel Base Novel Base 0-shot testing Novel Base Novel Base
1: w/o CL 65.56 72.17 76.71 81.67 1: Baseline' (a) 34.31 83.53 36.89 88.85
2: Lo 66.05 72.35 78.28 84.00 2: A+w/o CoT 73.80 82.79 68.03 88.93
3: Log+Lo 66.70 73.91 77.10 83.85 3: A+CoT 78.30 84.32 68.68 88.98
4: Lop+Lovt 66.71 74.22 78.64 84.32 4: A+CoT+Corr 62.12 83.13 71.80 94.27
5: Lo+ Lvt+Lyy 66.27 74.08 78.60 83.42 5: A+CoT+FTC 78.64 84.32 70.16 91.72

(a) (v)

methods (in 17 out of 18 tasks). The improvement of CLAMP' on novel keypoint
detection strongly shows the benefits of adding auxiliary texts into training.

4.3 Model and Performance Analysis

Why 0-shot can outperform 1-shot? One may observe the 0-shot testing
scores on base keypoints are always higher than 1-shot testing. In this case, the
training texts are accurate (cf. auxiliary text is noisy) and have high seman-
tic similarity to testing texts. We dig more to visualize the corresponding text
and keypoint features. Fig. [5| shows that textual keypoint features enjoy better
clustering effects and lower variance than visual ones, which suggests textual
representations of base keypoints are better thus 0-shot yields higher scores.

Contrastive Learning (CL). After applying L, we observe the 0-shot per-
formance significantly improves, e.g. 84.00% vs. 81.67% (2nd row, Table , as
CL improves the discrimination between text features. However, when adding
visual-textual alignment (3rd row), 1-shot testing scores boost but slightly de-
creasing 0-shot scores. We suspect it is due to the imbalance of representation
quality between multimodal features. After adding stop gradient, it mitigates
negative impacts from “weak” modality, thus achieving higher scores (4th row).
We also observe Ly, does not further improve scores in our losses (5th row).

Text Interpolation. Table [4b|shows that using chain of thought (CoT) signifi-
cantly improves performance, especially on AwA (3rd row), as CoT improves the
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Table 5: (a) Study on repetition R; (b) Parsing results with GPT3.5 and Vicuna.

AwA CUB GPT3.5 Vicuna
R Dataset
Novel Base Novel Base Acc. kp Acc. obj Acc. kp Acc. obj
1 67.34 83.98 64.21 91.40 Animal 0.97 0.99 0.94 0.98

3 78.64(+11.3) 84.32 69.81(+5.60) 92.38 AwA 0.96 1.00 0.93 0.98
5 76.36(+9.02) 83.73 69.81(+5.60) 92.02 CUB 0.97 0.96 0.94 1.00
10 76.61(+9.27) 83.36 70.16(+5.95) 91.72 NABird 0.97 0.99 0.95 1.00

(a) (b)

Table 6: Diverse text prompting evaluation. Results are the average of three runs.

Method Animal Pose AwA CUB NAB Avg Drop

Novel Base Novel Base Novel Base Novel Base Novel Base

OpenKD  63.37 65.59 78.64 84.32 70.16 91.72 52.29 90.63 - -

No parsing 13.89 15.18 13.44 21.70 22.09 17.48 14.55 17.62 50.12] 65.07]
Vicuna 57.54 59.84 73.97 78.18 67.89 87.39 50.45 86.59 3.65] 5.06])
GPT3.5 61.45 62.82 76.23 80.07 69.39 90.65 52.21 89.14 1.29] 2.39]

quality of reasoned texts. After applying FTC, the scores strike a high balance in
all datasets (5-th row), as our FTC rejects low-quality texts and further reduces
noise after including visual features into decision. We also explore the repetition
R for text reasoning. Table [5a] shows the importance of setting R > 1.

Diverse Text Prompting. To evaluate our model under diverse text prompt-
ing, we randomly sample 1000 diverse texts from each dataset to conduct zero-
shot testing. As shown in Table[6] after coupling with GPT3.5, our model retains
the high performance even under diverse texts (with less than 3% drop). The
strong results compared to no parsing show that leveraging LLM as a parser to
handle language diversity is a possible solution. Moreover, we also found coupling
with GPT3.5 has higher performance compared to Vicuna, as GPT3.5 enjoys a
stronger keypoint text parsing ability, e.g., 96% vs. 93% in AwA (Table [5b)).

5 Conclusion

We propose to open the prompt diversity from the aspects of modality, semantics
and language, to enable a more general zero- and few-shot keypoint detection.
To this end, we build a versatile OpenKD model which supports both visual
and textual prompting. Moreover, to bridge the semantics gap between seen and
unseen texts, we propose a novel text interpolation and the selection strategy
with false text control, which significantly improves zero-shot novel keypoint
detection. We also discover that LLM is a good language parser. After coupling
with LLM, our model can handle diverse texts well. We hope the proposed
model, text interpolation and the parsing approach will provide useful insights for
versatile keypoint detection, thus we highly recommend it to vision community.
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