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Abstract

Category-agnostic pose estimation (CAPE) has tradition-
ally relied on support images with annotated keypoints, a
process that is often cumbersome and may fail to fully cap-
ture the necessary correspondences across diverse object
categories. Recent efforts have explored the use of text
queries, leveraging their enhanced stability and general-
ization capabilities. However, existing approaches often
remain constrained by their reliance on support queries,
their failure to fully utilize the rich priors embedded in pre-
trained large language models, and the limitations imposed
by their parametric distribution assumptions. To address
these challenges, we introduce CapeLLM, the first multi-
modal large language model (MLLM) designed for CAPE.
Our method only employs query image and detailed text
descriptions as an input to estimate category-agnostic key-
points. Our method encompasses effective training strate-
gies and carefully designed instructions for applying the
MLLM to CAPE. Moreover, we propose an inference mech-
anism that further enhances the reasoning process for un-
seen keypoints. while flexibly modeling their underlying
spatial distribution and uncertainty, allowing for adaptive
refinement based on contextual cues. We conducted exten-
sive experiments to apply the MLLM to CAPE effectively,
focusing not only on the model architecture and prompt
design but also on ensuring robustness across input vari-
ations. Our approach sets a new state-of-the-art on the
MP-100 benchmark in the 1-shot and even 5-shot setting,
marking a significant advancement in the field of category-
agnostic pose estimation. Code is available here.

1. Introduction

Traditional pose estimation typically focuses on a single

category, such as human [30, 37, 40], vehicle [23, 24], or

animal [13, 41]. However, category-specific pose estima-
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Figure 1. Architectural Comparison. Prior methods (top) are

support-dependent approaches requiring support images and key-

point annotations, but ours (bottom) is support-free approach tak-

ing only text description of the keypoints in stead of the supports.

tion lacks generalizability and cannot be applied to objects

beyond the training set.

Category-Agnostic Pose Estimation (CAPE) methods

address this issue [3, 9, 20, 25, 26, 28, 39]. These meth-

ods predict keypoint positions of novel objects by employ-

ing the existing input image (called “query image”) with a

set of supports. Typically, the support data comprises a pair:

an image that belongs to the same category as the query but

has a different pose from it, coupled with its corresponding

keypoint annotations.

Most of works in CAPE adopt a two-stage architec-

ture [28] that incorporates maximizing the similarity be-

tween query and support features and a process to refine the
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similarity to enhance performance consistency. Recently,

the types of support data have been diversified. Skeletal

structures, representing the connections between keypoints,

are used as additional clues to figure out the keypoint loca-

tion, achieving not only higher accuracy but also robustness

against occlusions [9]. Another type of support is to replace

traditional support information with a textual one, such as a

sequence of keypoint names [26], obtaining some freedom

from the inherent reliance on the supports and therefore out-

performing the conventional designs [9, 28, 39].

However, employing the support information comes with

inherent drawbacks. Since this method aligns support and

query images that differ in many aspects aside from belong-

ing to the same category, inadequate generalization during

training can cause the performance of the model to vary

depending on the quality of the support data, even with

the same query image. In addition to the inconsistency,

it is often impractical to update the annotations whenever

a new set of categories emerges. To mitigate this issue,

CapeX [26] incorporated a text-based approach, where key-

point names are used instead of the support images. While

this design choice enhanced the flexibility, CapeX is still

heavily reliant on the skeletal representations. This poses

a conundrum: Can text be the sole source of conditioning

for CAPE, completely eliminating the need for additional

auxiliary queries?

In this work, we answer this question with a positive by

overcoming these challenges by introducing a Multimodal

Large Language Model (MLLM) to CAPE. Our contribu-

tions can be summarized as follows:

• We introduce CapeLLM, the first support-free framework

in CAPE with advanced query-text comprehension capa-

bilities, leveraging an MLLM.

• We elucidate the design choices of using MLLMs for

CAPE, from the design of the user query to specific train-

ing strategies. Interestingly, we reveal that tailored in-

structions are the key to unleashing the capabilities of

MLLMs in CAPE.

• We propose dynamic round training, enabling spatial rea-

soning across multiple target poses.

• We propose a flexible decoding strategy that can implic-

itly model a general probability distribution over key-

points, rather than a fixed parameteric model such as a

Gaussian

• We achieve state-of-the-art results on the MP-100 bench-

mark for CAPE, even outperforming the 5-shot accuracy

of the previous art [9].

2. Related Work

2.1. Category-Agnostic Pose Estimation
Approaches tackling CAPE can be broadly divided into two

strategies: structural modifications [3, 20, 25, 28, 39] and

changes in the information provided [9, 26]. The simplest

structure was first proposed, which predicts keypoint posi-

tions by matching support data with the query image [39].

This method connects different pieces of information using

cross-attention and outputs similarity scores. While intu-

itive, it suffers from significant overfitting to the training

data. To address this issue, an additional process was intro-

duced to refine the matching results. This enhancement re-

solves the problems of the previous one-stage architecture

and achieves higher performance by reducing dependence

on the initial matching outcomes [28].

Keeping the structure similar, performance can also be

improved by increasing the amount of provided informa-

tion. To consider interconnectivity among keypoints rather

than treating them as independent entities, skeleton data is

incorporated during training [9]. By simply adding con-

nection information, this approach not only achieved bet-

ter quantitative performance than before but also demon-

strated stable results in scenarios like occlusions. In addi-

tion to these methods, various approaches have been pro-

posed, such as extracting and utilizing meaningful infor-

mation from the provided support data [25], or defining

meta-points [3, 20] to link keypoints with similar semantics

across multiple categories. However, these methods have

not solved the fundamental problem that the models heav-

ily rely on the auxiliary information, inducing discrepancy

in prediction when changing the information, even with the

same query image.

Recently, CapeX [26] proposed to use text information

for replacing the support query. Instead of using support im-

ages and their corresponding annotations, keypoint names

for each category are defined as input and applied to the

model. Trained by minimizing image-text similarity us-

ing a text encoder [15], CapeX achieves competitive perfor-

mance. Although leveraging texts in CAPE was shown to

be promising, CapeX still relies on the skeletal information

proposed in a prior work [9]. Without it, the performance

of CapeX degrades heavily. Furthermore, due to the lim-

ited capability of the text encoder, only simple words were

used as cues, without leveraging the rich semantic informa-

tion embedded in language. On the other hand, as shown in

Table 1, CapeLLM effectively resolves both these issues by

leveraging MLLMs, enabling the used of detailed text de-

scriptions, while being completely free from other support

queries.

2.2. MLLMs for Visual Localization

MLLMs have been widely incorporated into vision tasks,

even in dense prediction tasks such as object detection and

segmentation [5, 14, 32, 33, 36], which were considered to

be challenging for large language models (LLMs) to solve.

Pix2Seq [5] introduces a novel perspective by transform-

ing conventional object recognition problems into language
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Method Category-Agnostic Support-free LLM-based

GraphCAPE [9] � × ×
CapeX [26] � � ×
CapeLLM (Ours) � � �

Table 1. Difference between prior methods and ours.

modeling tasks. By eliminating overly task-specific mod-

ules, it streamlines the model architecture and enables lan-

guage modeling by quantizing bounding boxes into input

sequences. VisionLLM [32] leverages LLMs to expand pre-

defined vision-centric assignments into open-ended ones.

[14, 33] use existing models as decoders instead of decod-

ing text outputs. They make the outputs of LLMs be suitable

for specific applications by employing foundation models in

each vision domain [12, 18]. A work that is closely related

to ours is LocLLM [31], which employs as input an im-

age and a text instruction composed of the keypoint name

and description. However, LocLLM is limited in that it is

category-specific. As will be shown in later chapters, di-

rectly incorporating this scheme into CAPE offers several

drawbacks1. To mitigate this issue, in the following, we in-

vestigate the optimal design choices for unleashing the ca-

pabilities of MLLM in CAPE.

3. CapeLLM
This section is structured as follows. In Sec. 3.1, we de-

scribe the model architecture for estimating novel keypoints

from given textual descriptions. Then, we present how to

design the keypoint names and their corresponding descrip-

tions in Sec. 3.2. Finally, in Sec. 3.3, we introduce two

distinct training strategies to endow the spatial reasoning

capabilities to CapeLLM.

3.1. CapeLLM Model Architecture
Similar to prior works [17, 31], we utilize a pre-trained

visual encoder in conjunction with a language model. To

extract features across various categories, we adopt DINO-

v2 [21], which has been pre-trained on large-scale images

with a variety of classes, as our visual encoder. For the lan-

guage model, we select LLaMA3.1 [8], which has a power-

ful capability in a wide range of language tasks. The overall

architecture is schematically illustrated in Figure 2.

Our goal is to estimate keypoint coordinates of unseen

categories only grounded on a query image and a text se-

quence that contains detailed information about the key-

point. To achieve this, the input image x ∈ R
H×W×3 is

first divided into small patches, where H and W denote the

height and width of the image, respectively. The patch im-

ages are processed through the visual encoder fφ to obtain

the patch-processed image features Ṽ ∈ R
Nv×C , where

1See, e.g.Tab. 4.

Figure 2. CapeLLM Architecture. CapeLLM consists of two pre-

trained modules, visual encoder fφ and LLM gθ . The visual tokens

V from visual encoder fφ are fed into the LLM gθ with the text

tokens T . The decoding strategy predicts the keypoint coordinate

directly as text generation.

Nv is the number of patches and C is the dimension of

each patch. These patches are linearly transformed into

image tokens V ∈ R
Nv×D , via a simple learnable ma-

trix Wproj ∈ R
C×D in Eq (2):

Ṽ = fφ(x) (1)

V = ṼWproj, (2)

where D represents the dimension of each image token.

These image tokens are prepended to the the query text

token embeddings T ∈ R
Nt×D, where Nt denotes the num-

ber of text tokens, and then fed into the language model as

the final input tokens X ∈ R
N×D:

X = [V;T], (3)

where ; denotes concatenation of the two matrices along

the token dimension, and N = Nv +Nt.

The decoder-only LLM gθ processes the input X to pro-

duce the output token matrix Z which has the same shape

as X:

Z = gθ(X). (4)

Finally, following previous practices as in [17, 31], a

linear transformation with learnable parameters Wlogit ∈

22891



R
D×M outputs the final logits Y ∈ R

N×M for each token,

where M is the size of the vocabulary:

Y = ZWlogit. (5)

While there are different strategies to decode the final

predicted output of the keypoint, we choose a strategy

that endows maximal flexibility in the output distribution.

Specifically, we use a decodable floating-point representa-

tion by estimating with the following template: [0.abc,
0.def], as shown in Fig. 2. Here, each decimal point is

represented by a separate token.

Concretely, let y ∈ R be either of the two scalar values

that should be predicted. Then, CapeLLM approximates

this value by factorizing it over K = 3 digit tokens, i.e.

p(y|x) ≈ pφ,θ(Y1,Y2, . . . ,YK |x)

=

K∏

k=1

pφ,θ(Yk|x,Y1, . . . ,Yk−1). (6)

Then, one can show that (See Theorem 1 of [29]) CapeLLM

models a truncated conditional density up to a resolution of

10−K . This leads to vastly enhanced flexibility, as opposed

to the widely used Gaussian parametrization. See Sec. 4.4

for detailed empirical results.

3.2. Design of Instructions
Instructions exert a significant influence on MLLM’s per-

formance [6, 17, 35, 43]. In CAPE, the categories and key-

points in the training set differ from those in the test set. Ac-

cordingly, most of the previous approaches [3, 9, 20, 25, 28,

39] have utilized support sets and images with annotations,

and recent work [26] relies on keypoint names. We as-

sume that using only keypoint names to infer their positions

within images proves insufficient. To predict unseen key-

points, we opt for detailed descriptions of the keypoints and

integrate this information into the instructions. Since some

categories have densely defined keypoints, especially hu-

man faces, we manually design these descriptions to clearly

delineate the differences between them. In crafting the de-

scriptions, we avoid vague or ambiguous phrasing inten-

tionally, instead providing precise details about the spatial

positions and relationships among keypoints. For instance,

when describing the “front wheel” of a swivel chair, rather

than saying “starting from this wheel, the remaining wheels

are located clockwise,” we expressed it as “next to the fifth

wheel and in front of the second wheel.”. We provide fur-

ther details in Table 19.

In the instructions, the answer is the keypoint coordi-

nates, represented as normalized floating-point values. Al-

though there are various coordinate representation meth-

ods, e.g., integer-valued binning [5], or deviations from an-

chors [22], these approaches can be cumbersome due to the

need for extra tokens or pre-defined anchors, while hamper-

ing flexibility. In contrast, we use the floating-point coordi-

nate representation [4, 31] as our solution, which not only is

simple and robust without the need to incorporate additional

tokens but also leads to implicit modeling of arbitrary prob-

ability distributions of keypoints. See Sec. 4.4 for details.

3.3. Training Strategy
Fixed round training To adapt the MLLM to the CAPE

task, we introduce Fixed and Dynamic-Round Training

strategies. Although the CAPE benchmark dataset, MP-

100, covers a wide array of categories, each category

contains only around 200 samples on average, which

is considerably lower compared to other benchmarks

(MSCOCO [16], MPII [2], AP-10K [41]). Therefore, the

approach of matching an individual image with just a subset

of keypoints, as used in LocLLM [31], proves to be insuffi-

cient. Instead, we form (image, keypoints) pairs where ev-

ery image is paired with all of its keypoints during training

(“Fixed-Round” strategy). Initially, we partition the key-

points (Kcategory) into groups of k. Each set of keypoints

is then combined with an image. It is important to note

that we permit the repetition of images until every keypoint

has been included in a pair. For example, in the bird cate-

gory (where Kbird=15), if we group the keypoints in sets of

5 (i.e., k=5), a single bird image will produce 3 pairs. This

approach guarantees that no keypoints are left unpaired dur-

ing the training phase. Based on these individual pairs, we

construct a multi-round conversation framework for model

training.

Dynamic round training In addition to the Fixed-Round

conversation method above, we also explore a “Dynamic-
Round” strategy. Although both methods involve pairing an

image with all the keypoints, the Dynamic-Round approach

differs in that the number of keypoints linked to an image

varies for each pair, unlike the fixed count of k in the Fixed-

Round method. This variability is intended to reinforce the

reasoning process by utilizing information from other key-

points during prediction. The performance variations stem-

ming from these two strategies are discussed in Section 4.3.

4. Experiment

4.1. Environment
Benchmark We utilize the MP-100 benchmark [39],

aligning with prior methods [3, 9, 20, 25, 26, 28, 39]. The

benchmark comprises 100 categories and approximately

20,000 images. These categories are split into train, val-

idation, and test sets in a 70/10/20 ratio without any cat-

egory overlap. To ensure and identify robustness on un-

seen categories, the dataset is organized into five different

splits, arranging each category to appear once in the test
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Figure 3. Qualitative results on MP-100. The support set is only used for GraphCAPE [9]

Evaluation dataset Model split1 split2 split3 split4 split5 Avg

Support-Query Pairs

GraphCAPE-S(1-shot) [9] 94.63 89.79 90.30 87.81 90.07 90.52

GraphCAPE-S(5-shot) [9] 95.81 90.78 90.94 90.42 92.27 92.04

CapeX [26] 95.29 91.08 88.94 89.83 92.96 91.62

CapeLLM (Ours) 97.01 92.40 90.58 90.90 92.11 92.60

Only Query Images
CapeX [26] 95.28 91.08 89.06 89.67 92.87 91.59

CapeLLM (Ours) 96.98 92.34 90.57 90.87 92.24 92.60

Table 2. PCK@0.2 on the MP-100 dataset. An method using support-set [9] is usually evaluated on support-query pairs(“Support-Query
Pairs”), which means the the same query image can be assigned to different support images to form a pair. On the contrary, “Only Query
Images” consists of unique queries, since it does not care about support-set.

set. The number of keypoints per category varies signifi-

cantly, ranging from 8 to 68. We discover that images in

some categories (e.g., “hand”) do not correctly correspond

to keypoints; we rectify these discrepancies before proceed-

ing with experiments. We use PCK@0.2 as a measure-

ment of accuracy and compare both quantitative and qual-

itative results with two models as representatives: Graph-

CAPE [9] and CapeX [26]. GraphCAPE [9] holds the high-

est 1-shot and 5-shot accuracy among models employing a

query-support paired architecture(as seen in upper side of

Figure 1). CapeX [26], based on the GraphCAPE frame-

work, is a text-based query architecture utilizing keypoint

names instead of support images and annotations. By con-

necting text features extracted via a text encoder[15] to im-
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age features, CapeX [26] records higher 1-shot performance

than GraphCAPE [9]. Because of their overwhelmingly su-

perior performance compared to other models, both quanti-

tatively and qualitatively, we set these two methods as our

baselines.

Implementation Details CapeLLM consists of a visual

encoder, a projection layer, and an LLM. We choose DINO-

v2 [21] as our vision encoder. Inspired by [17], the projec-

tion layer linking the vision and the text part is implemented

as a linear layer. For the base language model, we use the

pre-trained decoder-only model, LLaMA3.1 [8]. We em-

ploy LoRA [10] to fully leverage the capabilities of large-

scale pre-trained models and adjust them to this task. Fol-

lowing the setting of [31], we also apply LoRA [10] to the

query/value projection of the attention layers in both the

visual encoder and the LLM, projecting them into the di-

mension of a rank 8. We selected AdamW as the optimizer

and set the learning rate to 5 × 10−4. The total number of

training epochs was set to 12, with a warm-up phase over

3% of the total training steps. Input images were resized

to 224×224 pixels, and the default number of rounds in-

cluded in each instruction was set to 4. We train our model

on a Linux server equipped with four RTX-A6000 GPUs;

instead of setting the batch size to 1 per GPU, we set the

accumulation steps to 32.

4.2. Main Results
Quantitative Results While GraphCAPE [9] configures

the test dataset with support-query pairs, our method is

completely support-free. For fair comparison, we make the

same pairs as GraphCAPE [9] and measure the performance

only using the queries in the pairs(“Support-Query Pairs”).

As shown in Table 2, our method outperforms the 1-shot

accuracy of GraphCAPE [9] over 1%p and further achieves

0.56%p higher accuracy than its 5-shot performance. Note

that the information provided for 5-shot CAPE is strictly

larger than in our case. Remarkably, this result demon-

strates that even without any support, it is possible to at-

tain superior results in CAPE. We also compare our model

with CapeX [26] using about 2,000 query images from each

split(“Only Query Images”). In Table 2. we achieve approx-

imately 1%p higher accuracy than CapeX [26], achieving

state-of-the-art.

Qualitative Results As can be seen in Figure 3, we

demonstrate that our CapeLLM is superior to conventional

methods [9, 26] across various categories. Specifically, in

animal body, remarkable improvements have been found in

end joints, such as knees and paws, which the preceding

approaches [9, 26] have struggled to predict. In other cat-

egories, prior methods [9, 26] show imprecise results. For

instance, GraphCAPE [9] fails due to differences of pose in

Figure 4. Qualitative results in diverse occlusions. There are di-

verse cases of occlusion: (a) Self-occlusion, (b) self-occlusion

with articulated pose, (c) occlusion-by-object, and (d) self-and-

object occlusion. CapeLLM performs robustly even in such chal-

lenging cases with occlusion.

the supports, and CapeX [26] confuses the front and rear

joints. Our method, however, not only produces more accu-

rate results than previous approaches [9, 26], but also works

as intended based on the given instructions. In Figure 4,

we further show several challenging cases where there ex-

ists sufficient occlusion in the input image. Remarkably,

CapeLLM performs robustly even under these challenging

scenarios, without the use of skeletal structure [9], which

are often used to explicitly enhance the robustness under

occlusion.

Method Training Inference Metric
Single Cumulative PCK0.15 PCK0.20 PCK0.25

LocLLM-style [31] -
� × 91.00 94.85 96.98

× � 90.56 93.39 95.03

Ours

Fixed
� × 95.26 96.98 97.90

× � 93.02 94.59 95.42

Dynamic
� × 94.31 96.05 97.26

× � 95.62 97.28 98.27

Table 3. Result of cumulative reasoning. Default config .

4.3. Cumulative Reasoning for Pose Estimation
Inspired by the previous works related to Chain-of-Thought

(CoT) [17, 34, 38], we investigate whether the informa-

tion from certain keypoints influences the estimation of oth-

ers. Specifically, we devise an inference mechanism, called

“Cumulative Reasoning”, for helping to predict keypoint

coordinates more precisely using the implicit capability of

MLLMs, and analyze its effectiveness comparing with de-

fault process, single-round inference (“Single” in Table 3).

For this reasoning task, the prompt employed for predict-

ing each keypoint is prepended to the prompt for the subse-

quent keypoints, thereby establishing a cumulative context.

As detailed in Table 3, while the LocLLM [31]-style and

the fixed-training scheme result in decreased performance

(see the 2nd and 4th rows), dynamic-round training strategy

not only encourages the model to achieve better results than
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Figure 5. Distribution modeling for keypoints. “Gaussian” dis-

plays a fixed-variance Gaussian around the ground-truth target

point. “Ours” displays the distribution modeled by CapeLLM,

achieved by sampling multiple points, and using kernel density

estimation. In (a) animal face, (top) top left side of the left eye;

(mid) right side of the lip; (bottom) left side of the lip. In (b) an-
imal body, (top) root of tail; (mid) right back paw; (bottom) left
knee.

single-round inference by 1.2%p (see the last row), but also

outperforms the fixed-round strategy in Table 4. This exper-

iment suggests that CapeLLM can extract richer spatial and

relational cues based on the accumulated information from

other keypoints, which in turn enables it to reason about the

target keypoint’s position.

4.4. Implicit Distribution Modeling

Many previous CAPE methods are based on heatmap-based

learning, and most of them rely on parametric distribution

modeling, among them predominantly a Gaussian distri-

bution. It is also often the case that a fixed variance is

used [19], further constraining the situation. While such

a strategy is known to be robust than point estimates, it also

greatly limits the capacity of the neural network by con-

straining the output distribution. This strategy is also often

physically implausible, as the points to be estimated are of-

ten located near the edge of the support. While convolving

the point with a Gaussian would induce some probabilities

in all the nearby regions, it should ideally allocate the prob-

ability of 0 for out-of-bounds. (See Fig. 5 for several ex-

amples of this). On the other hand, CapeLLM generates the

output coordinates in an unconstrained fashion, which can

approximate the true posterior with arbitrary precision [29].

Using this property, we examine a density estimation for

keypoints based on our decoding process, (“decoding-based

method”) and compare this method with the prevalent Gaus-

sian modeling. As illustrated in Figure 5, leveraging the in-

herent randomness in the MLLM’s decoding strategy seems

to make the points located closer to the ground truth point.

Also, while the distribution of Gaussian modeling stretches

across the background, that of the decoding-based method

are kept within the foreground. This observation implies

that the decoding-based modeling can be another option to

build a density function of keypoint and resolve the inher-

ent constraints in the conventional method, such as fixed-

variance Gaussian [19].

Method Training PCK@0.05 PCK@0.2 mPCK

LocLLM-style [31] - 55.15 94.85 84.00

Ours
Fixed 78.43 96.98 91.98

Dynamic 76.55 96.05 90.92

Table 4. Result in different training strategies. Default config .

4.5. Ablation Studies
As CapeLLM is, to the best of our knowledge, the first work

that uses MLLM for CAPE, in this section, we conduct ex-

tensive ablation studies to reveal the crucial components

that lead to the superior performance of our method. We

further show that CapeLLM is robust to variations in the

input image resolution and the decoding strategy. Further

ablations are deferred to the appendix.

Training strategy To investigate the effectiveness of our

training schemes, we compare them with the training strat-

egy from LocLLM [31]. The key difference between these

strategies lies in the process to construct image–keypoint

pairs. Our findings reveal that our approaches outperform

the approach in LocLLM across all metrics. Notably, the

fixed-round training demonstrates an approximately 8%p

improvement in mPCK, indicating that explicitly connect-

ing all keypoints with a single image is more suitable for

leveraging MLLMs in CAPE. Here, we determine k value

in fixed-round training empirically; the corresponding re-

sults are provided in the Appendix.

Description Type PCK@0.05 PCK@0.2 mPCK

Vague 69.82 91.97 85.98

Spatial & Relational 78.43 96.98 91.98

Table 5. Comparison with vague descriptions. Our method .

Name Description PCK0.05 PCK0.20 PCK0.25

× × 78.43 96.98 97.90
� × 78.24 96.94 97.83

× � 70.11 96.67 97.69

� � 66.16 96.09 97.26

Table 6. Robustness to variation in input. Default config .
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In Training In Inference Metric
Random Replaced Detail Desc Replaced Removed PCK0.20 mPCK

× � × × 96.98 91.98
× × � × 95.28 86.66

× × × � 95.15 85.69

� � × × 96.65 89.87

� × � × 96.39 89.65

� × × � 96.07 88.84

Table 7. Performance with varying descriptions. Default config .

Choice of instructions To investigate the impact of in-

structions on the performance, we define two types of vari-

ations in the instruction: (1) change in the keypoint names

and descriptions, (2) the omission of keypoint description.

Initially, we consider a scenario in which vague keypoint

descriptions are provided, as mentioned in Sec. 3.2, and

convert descriptions with the ambiguous ones in training.

We find that incorporating detailed spatial and relational in-

formation among keypoints yields an improvement of up to

6%p in mPCK compared to the baseline (Table 5). This

finding highlights the critical role of learning spatial posi-

tioning and contextual relationships for accurately predict-

ing keypoint coordinates. We also assess the model’s stabil-

ity when confronted with input styles that differ from those

seen during training. By utilizing GPT-4o, we prompt it to

convert the keypoint names and descriptions in the test set

into a simplified format that preserves their original mean-

ing. According to Table 6, CapeLLM exhibits notably con-

sistent performance across these variations. Further, we

scrutinize two cases where the descriptions are excluded:

(1) employing a simple QA method to query keypoint coor-

dinates without any description, (2) where the description is

replaced with the statement “There is no description to refer

to.”. In all cases, CapeLLM maintains relatively stable per-

formance, and its robustness can be further enhanced when

taking advantage of the random substitution of descriptions

during training (Table 7).

Resolution PCK0.05 PCK0.20 PCK0.25

224×224 78.43 96.98 97.90

238×238 78.68 97.07 97.93

252×252 78.45 97.11 97.99
336×336 78.25 96.85 97.81

Table 8. Robustness to larger image resolution. Default config .

Larger image resolution We investigate how the per-

formance varies when varying the input image size to be

larger than the default 224×224 resolution. As presented

in Table 8, across many different input image sizes up to

336×336, CapeLLM retains its robust performance.

Decoding strategy As our decoding strategy is directly

based on LLM token decoding, we can leverage many dif-

ferent standard LLM sampling strategies to sample from

Decoding Strategy PCK@0.2 PCK@0.25 mPCK

Greedy Search 0.9698 0.9790 0.9198

Sampling 0.9606 0.9726 0.8958

Sampling (t=0.6) 0.9669 0.9776 0.9095

Top-3 Sampling 0.9707 0.9792 0.9200

Top-5 Sampling 0.9705 0.9791 0.9197

Nucleus Sampling (p=0.92) 0.9669 0.9777 0.9071

Contrastive Search (a=0.6) 0.9698 0.9790 0.9198

Table 9. Performance comparison of different decoding strategies.

Default config .

the posterior p(y|x) in (6). While we resort to greedy de-

coding for all of our main experiments for simplicity, we

explore different strategies in Tab. 9. Here, we observe

that CapeLLM is again robust to different sampling strate-

gies, achieving state-of-the-art performance in all cases.

We further find that with Top-k sampling, we are able to

achieve even better performance. This suggests that explor-

ing more advanced decoding strategies could further en-

hance CapeLLM, which we leave as an avenue for future

work.

5. Conclusion
We introduce CapeLLM, the first fully support-free
MLLM-based method for CAPE. By leveraging the
reasoning capabilities of a pre-trained LLM, CapeLLM
achieves state-of-the-art performance without requiring any
support images or annotations, fundamentally challenging
the paradigm of prior CAPE approaches. Our method
integrates MLLMs with a lightweight projection layer,
allowing seamless alignment between visual and textual
modalities. To fully harness MLLMs for CAPE, we design
structured keypoint instructions, providing explicit spatial
and relational descriptions that enable robust keypoint
estimation across unseen categories. Furthermore, we
introduce two novel training strategies—fixed-round
and dynamic-round training—which not only improve
category-agnostic keypoint prediction but also enhance
cumulative reasoning, allowing the model to refine its
predictions iteratively based on contextual information. We
believe CapeLLM serves as a foundational step toward the
broader application of MLLMs in spatial reasoning and
structured perception tasks. Future work can explore more
advanced decoding strategies, multi-modal extensions, and
scalability to real-world scenarios, paving the way for next-
generation keypoint estimation models driven by MLLMs.
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