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Figure 1. Zero-shot 3D Keypoint Detection. Without any ground truth labels or supervised training, our method leverages the point-level
reasoning embedded within MLLMs to extract and name salient keypoints on 3D models. The figure illustrates how our approach achieves
competitive performance compared to CLIP-DINOiser [50] baselines, highlighting the potential of integrating language models with vision

tasks for enhanced 3D shape understanding.

Abstract

We propose a novel zero-shot approach for keypoint detec-
tion on 3D shapes. Point-level reasoning on visual data
is challenging as it requires precise localization capabil-
ity, posing problems even for powerful models like DINO
or CLIP. Traditional methods for 3D keypoint detection rely
heavily on annotated 3D datasets and extensive supervised
training, limiting their scalability and applicability to new
categories or domains. In contrast, our method utilizes the
rich knowledge embedded within Multi-Modal Large Lan-
guage Models (MLLMs). Specifically, we demonstrate, for
the first time, that pixel-level annotations used to train re-
cent MLLMs can be exploited for both extracting and nam-
ing salient keypoints on 3D models without any ground truth
labels or supervision. Experimental evaluations demon-
strate that our approach achieves competitive performance

on standard benchmarks compared to supervised methods,
despite not requiring any 3D keypoint annotations during
training. Our results highlight the potential of integrat-
ing language models for localized 3D shape understanding.
This work opens new avenues for cross-modal learning and
underscores the effectiveness of MLLMs in contributing to
3D computer vision challenges.

1. Introduction

Multimodal Large Language Models (MLLMs) have been
shown to seamlessly integrate visual and text representa-
tions with great success [3, 27-29, 34, 59]. Models like
GPT-4 with vision capabilities, OFA [48], and Flamingo [3]
have demonstrated the ability to process visual and textual
data, leading to advancements in vision-language under-
standing. Furthermore, related efforts have been made to
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endow MLLMs with 3D or spatial reasoning [18, 51, 58].
When trained at scale, these MLLMs enable tackling a wide
array of complex tasks, ranging from comprehensive im-
age or 3D shape description to answering detailed questions
about visual content.

Unfortunately, despite this tremendous progress, existing
MLLMs still struggle with tasks that require precise points
or pixel-level reasoning, such as localization, counting, or
salient keypoint detection [8, 37, 56]. This type of reason-
ing focuses on understanding and interpreting visual input
at a fine-grained level using text. In general, we can ob-
serve an increased level of difficulty when going from com-
plete objects to object parts and, finally, to specific points or
small regions. Even advanced models like GPT-40 [34] and
Claude Sonnet 3.5 [4], which have demonstrated impressive
capabilities in various computer vision tasks, still struggle
with point-level understanding.

This challenge arises because point-level reasoning re-
quires models to accurately identify and analyze local de-
tails, such as landmarks on a face, joints in a human pose,
or intricate components in a 3D shape. However, the archi-
tectures, training methods, and dataset annotations of most
existing approaches are primarily designed to capture global
visual properties and potentially link them to textual de-
scriptions. Since text captions are most often crawled from
the Internet, and thus rarely contain precise point or region-
level annotations, point-level reasoning capabilities of most
MLLMs remain very limited.

Addressing this problem necessitates a shift in how mod-
els are designed and trained. One potential solution is to use
more powerful visual encoders trained on real-world data
encompassing a variety of global and local features. Inter-
estingly, scaling alone to more crawled data or model com-
plexity does not seem to alleviate this problem [35]. In con-
trast, very recently, a family of MLLMs has been introduced
that was trained with specially-designed auxiliary training
data and tasks aimed at pixel-level image annotations
alongside global image captions [12]. When trained with
this additional data source, the resulting model (dubbed
Molmo) exhibits impressive localized reasoning abilities
(counting, localization, etc.) surpassing other MLLMs.

Inspired by these recent developments, we propose in-
vestigating MLLMs endowed with point-level reasoning in
the context of 3D shape understanding and specifically for
zero-shot keypoint detection. Given a 3D model from an
arbitrary category, our main task is to localize and name
salient keypoints on this model. Traditional methods for
3D keypoint detection heavily rely on annotated 3D datasets
and extensive supervised training [5, 49, 55]. This severely
limits their applicability to specific data-rich object cate-
gories. At the same time, recent general-purpose 3D LLMs
are typically trained with explicit objectives that align 3D
data representations with vision-language models [18], en-

abling global tasks like classification. However, since they

are based on standard vision-language models with limited

localization capabilities, none of these methods can accu-
rately perform 3D keypoint localization based on a language
prompt, see the supplementary material for more details.

Even in the presence of a powerful MLLM, we note that
localization or keypoint detection from images to 3D envi-
ronments presents a significant challenge. Since both detec-
tions and point-level captions tend to be noisy, developing
a robust approach requires reliable multi-view aggregation,
backprojection, and filtering mechanisms. In this paper, we
propose a comprehensive zero-shot 3D keypoint detection
method that exploits the point-level reasoning capabilities
of recent MLLMs [12] while integrating 3D consistency
and being completely category agnostic. To the best of our
knowledge, ours is the first robust method for zero-shot 3D
keypoint detection.

Furthermore, we analyze the 3D understanding encoded
in Molmo through our method by leveraging Schelling
Points and evaluating the describability of keypoints.
Through this study, we characterize the strengths and limita-
tions of the 3D awareness imparted to models through train-
ing with pixel-level annotations. Our evaluations demon-
strate that, despite not having access to ground truth data,
our method can predict points similar to those identified
by human annotators by selecting appropriate text prompts.
These two tasks could serve as valuable evaluations for the
point-level reasoning capability of multi-layered language
models (MLLMs).

Additionally, we developed two text-image baselines for
detecting 3D keypoints from text prompts and conducted
comparisons with these baselines.

To summarize, our main contributions are as follows:

* Identify the challenge of zero-shot point-level reasoning
in 3D computer vision.

* Propose the first zero-shot 3D keypoint detection method
that operates without 3D annotations or training and ap-
plies to arbitrary shape categories, establishing a baseline
for zero-shot 3D keypoint detection in this new area.

* Evaluate several MLLMs in our context, highlighting the
importance of auxiliary point-level training to solve the
task at hand.

2. Related Work
2.1. Multimodal Large Language Models

The remarkable success of vision-language models like
CLIP [36] and large language models like GPT-3 [7] has
motivated the integration of multimodal capabilities into
large language models for visual understanding. Multi-
modal Large Language Models (MLLMs) have been ex-
tended to process images alongside text, achieving remark-
able success in vision-language tasks [3, 27-29, 34, 59].
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Figure 2. ZeroKey Pipeline. Our proposed ZeroKey employs MLLM Molmo for zero-shot keypoint detection on 3D objects by 1)
rendering multiple views for a given shape, 2) leveraging MLLM reasoning in each view using point-specific prompts, and 3) aggregating
the results through clustering, eliminating the need for annotated training data for 3D keypoint detection.

Notable models such as GPT-4 with vision capabilities,
MiniGPT-4 [59], LLaVA [28, 29], Flamingo [3], and BLIP
[27] have demonstrated advanced abilities in integrating vi-
sual and textual information, enabling tasks ranging from
detailed image captioning to complex visual reasoning.
These models leverage large-scale pre-training on exten-
sive image-text datasets to capture both global semantics
and fine-grained details in 2D images. Despite their suc-
cess with 2D data, extending these capabilities to 3D data
remains a significant challenge due to the elevated cost and
complexity of collecting large amounts of high-quality 3D
data. Consequently, there is no dominant MLLLM capable
of processing 3D data with natural language understanding.
To address this gap, recent efforts have focused on align-
ing models trained on small amounts of 3D data with large
vision-language models. For instance, ULIP [52] seeks to
align 3D models with vision-language representations to
enhance cross-modal understanding. Similarly, Hong et al.
[18] propose training a 3D Large Language Model by lever-
aging a pre-trained vision-language model, aiming to bridge
the modality gap and facilitate better 3D comprehension
through multimodal learning. While these “3D LLMSs” are
promising, the granularity we are targeting in work at the
point-level 3D reasoning is still beyond their capabilities
[18, 52]. See the supplementary material for more details.

2.2. Keypoint Detection

Keypoint detection has been extensively studied in 3D due
to its significance in shape representation, matching, and ab-
straction applications [9, 13, 21, 41, 44, 47, 53]. However,
the definition of a keypoint has remained task-specific and
subjective. Even human annotations of keypoints often dif-
fer, as highlighted in [10, 54]. Recent work [17] has shown
that image diffusion models can develop an unsupervised
understanding of keypoints as salient features. Additionally,

it was demonstrated in [42] that the CLIP foundation model
[36] can reasonably interpret keypoints with appropriate vi-
sual prompts. This paper investigates the understanding of
keypoints as foundational elements of objects and shapes
within recent multimodal large language models (MLLMs).

2.3. Lifting from 2D to 3D

A number of studies have explored multi-view approaches
to enhance 3D data analysis by leveraging 2D representa-
tions [11, 14, 16, 22, 23, 25, 30, 32, 33, 46]. A key chal-
lenge in this area is combining features from different view-
points to represent local 3D points or voxels while preserv-
ing essential geometric details. Some methods address this
by averaging features across views [23, 25], propagating
labels between views [46], or learning from reconstructed
neighboring points [22]. Others organize points within a
unified grid structure [31] or merge multi-view features
with 3D voxel information [11, 19]. VointNet [15] oper-
ates within the Voint cloud framework, retaining the orig-
inal point cloud’s compactness and descriptive 3D proper-
ties. It employs learned aggregation of multi-view features
applied independently to each point. Recently, there’s a
growing trend of utilizing foundational models with zero-
shot understanding capabilities—such as the Segment Any-
thing Model [24]—to achieve zero-shot 3D comprehension
by lifting 2D predictions into 3D space [1, 2, 20, 40]. Our
work differs from the Zero-shot 3D segmentation in that our
final goal is a fine-grained single 3D point representing an
unseen text query on an unseen new 3D object. As we show
below, existing vision-language models struggle with this
task, thus necessitating a novel adapted solution.

3. Motivation

Localization and naming of points in an image or a 3D
shape is an extremely challenging problem. Solving such
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a problem requires a localized understanding of the visual
data and tight integration between text. Vision-Language
Models (VLMs) are thus a strong candidate to tackle this
problem. However, as mentioned above, most such models
are trained using global or object-level semantics which are
insufficient for point localization tasks. Furthermore, the re-
cent MLLMs that incorporate 3D data [18, 51, 58] are typi-
cally trained with explicit alignment against pre-trained tra-
ditional vision-language models, and thus inherit their lim-
itations in point-level reasoning. As a result, such models
are unable to solve the zero-shot keypoint detection prob-
lem, which is the main focus of our work.

Existing methods for the 3D keypoint detection problem
typically formulate the problem as either a supervised learn-
ing task, by exploiting the ground truth annotations, e.g., in
the KeypointNet dataset [54]. Alternatively, several few-
shot approaches have been developed, e.g., [49], which are
based on transferring known keypoints to new instances.

Rather than training an entirely new 3D model, our goal
is to exploit the improved point-level reasoning capabilities
of very recent VLMs and demonstrate their utility in 3D
shape understanding tasks. We base our approach on the
recent open-source MOLMO model [12], which incorpo-
rated a specially designed pixel-level annotation task into
its training. Thanks to a well-chosen design and this addi-
tional curated dataset the model has been shown to perform
significantly better than even the largest closed-source mod-
els in localized image understanding.

Our key motivation is to evaluate the effectiveness of
such a model in the context of 3D shape understanding and
specifically for zero-shot keypoint detection. We first intro-
duce the problem of zero-shot keypoint detection and nam-
ing. Then, we develop a pipeline based on prompting the
model and multi-view aggregation. We show that the re-
sulting approach leads to unprecedented localized 3D shape
understanding, opening the door to a range of applications.
In this paper, we present the very first baseline for solving
the zero-shot 3D keypoint detection problem. We leverage
the powerful 2D spatially-aware VLM, Molmo [12], to gen-
erate precise 2D keypoint predictions from several points of
view. These points are back-projected into a 3D shape, and
after aggregation, we obtain a 3D keypoint prediction.

4. Method

Problem Setting and Overview. We consider the Zero-
Shot Keypoint Detection problem for 3D shapes. Specifi-
cally, given a 3D shape, we aim to automatically generate
a set of salient points corresponding to the shape’s seman-
tic parts. Our solution comprises three main components:
first, we prompt a MLLM with the shape, asking the model
to generate a list of names for possible candidate keypoints.
Then, for each candidate, we ask the model to detect the
precise coordinates of the point in a given image. Finally,

we back-project those detected points into 3D and aggregate
them to get the location of 3D keypoints in a given shape.

4.1. Generating Text Candidates for Salient Points

To detect points using a MLLM, we first need to assign
names to these points. The definition of keypoints can vary
depending on the application. However, these points are
typically common to a given shape, salient, and carry signif-
icant semantic meaning. This information can be retrieved
from MLLMs by prompting the model with the shape class
in text form or by using an image of the shape when the
MLLM supports multimodal input. Given the shape class
label ¢, we prompt the MLLM to generate a list of candidate
keypoint names: K = {ki,ks,...,kn}, where N is the
number of keypoints generated. For example, for the class
“airplane,” the MLLM might generate keypoint names such
as “nose,” “wing tip,” and “tail.” In our experiments, we
utilize GPT-40 [34] as our MLLM backbone for this step.
We prompt it with a front-facing rendering of the 3D model
along with the request text: “List possible salient key points
(in text).” The GPT-40 model is instructed to provide a can-
didate list of possible names for keypoints in JSON format.

4.2. Prompting Molmo to Detect 2D Keypoints

To detect the precise 2D coordinates of each candidate key-
point, we utilize Molmo [12], a state-of-the-art MLLM ca-
pable of localizing points in images based on natural lan-
guage prompts. Given a set of candidate keypoint names
K = {ki,ko,...,kn} and a set of images (views) of the
3D shape V = {V1, Vs, ...,V }, we prompt Molmo to
detect the location of each keypoint in each image. We de-
fine the detection function as:

pi; =Molmo(V;, k;),i=1,...,N;j=1,....M, (1)

where p; ; € R? are the 2D coordinates of keypoint k; in
image V; as predicted by Molmo. The prompt to Molmo
consists of the image V ; and the instruction to localize the
keypoint k;. For example:

“Point to the left wing tip in this image.”

This leverages Molmo’s capability to understand natural
language instructions and perform point-level localization.

4.3. Zero-Shot 3D Keypoint Detection

After obtaining the 2D keypoint detections from Molmo, we
reconstruct the 3D coordinates of each keypoint in shape by
back-projecting the 2D points into 3D space and aggregat-
ing the results from multiple views. Fig. 3 shows aggre-
gated points from different numbers of views.

Back-Projection of 2D Keypoints. Given the camera pro-
jection matrices {C; }Jle corresponding to each image V,

22092



(a) 6 Views (b) 26 Views (c) 46 Views

Figure 3. The number of rendered views versus the detected key-
points after aggregation. This figure shows how varying the num-
ber of rendered views affects the total number of keypoints de-
tected by ZeroKey. The prompt here is “corner of the table”.

we can back-project the 2D points p; ; into 3D space. As-
suming a pinhole camera model, each camera projection
matrix C; maps 3D points P € R3 to 2D points p € R%:
pi,jNCjPi,ja ’L:L,N, jzl,...,M, (2)
where ~ denotes equality up to scale. To back-project p;_;
into 3D space, we compute the ray r; ;(¢) corresponding to
pijasr; ;(t) = C;l(pm-, t), where t represents the depth
along the ray. We intersect the ray with the 3D shape S
to find the 3D point P; ; = Intersect(r; ;,S). During the
rasterization process, we cache the depth ¢ for each pixel
and utilize that information for back-projection, eliminating
the need for expensive intersection calculations.
Soft Voting Weights. To handle sharp angular intersections
and stabilize the mapping process, we back-projecta h x h
patch S; ; in the region centered at p; ;. We exclude all pix-
els that do not intersect with the mesh, then compute the
mean of the back-projected points within the patch to ob-
tain a stable back-projection of P; ;. We also assign a soft-
voting weight W ; to each P; ; derived from the Gaussian
kernel centered at p; ;:

2
W.; = Z L eXP<—Hpm 2_Up2m7nH >7

Pm,n €Ny ; ov2m
3)

where N; ; = {Pm,n|Pi,j € Sm,n}. The point P; ; gains
higher weights when its corresponding pixel p; ; in the
patch S,, ,, is closer to the center pixel p,, . The o is set
to % in our implementation.

Aggregation of 3D Keypoints. For each of the N key-
points k;, we collect the set of back-projected 3D points
from all views: P, = {P;; | j = 1,...,M}. To obtain
the final 3D keypoint location P;, we aggregate the set P;.

A straightforward method is to compute the weighted mean

. 5 L WPy
of the pOlntS PZ = MiVV]

j=1 Vi

rization often produces unsatisfactory results. This occurs
because back-projection may become unstable when the an-
gle between the ray and the mesh intersection is sharp. In
such cases, the ray may intersect different parts of the ob-
ject, leading to inconsistencies. Molmo [12] can also gen-

However, naive summa-

erate multiple keypoints for one prompt, resulting in am-
biguity and inconsistencies in the summarized coordinates.
Patchify back projection can help to address the issue of
sharp angular intersections by providing a weight for each
back-projected point. One can also extract the confidence
weighting from Molmo’s feature map and apply it to the
predictions. Given that the predictions from Molmo can
produce multiple points for each prompt and may seem
noisy from different perspectives, we treat Molmo as a
black box in our approach. We aggregate all the points into
a single point cloud, which contains an unknown number
of key points. Subsequently, we apply hierarchical density-
based spatial clustering to this aggregated point cloud.
Filtering and Refinement. Specifically, we apply HDB-
SCAN to the set of predicted points P; obtained from multi-
ple views to identify dense clusters that represent consistent
predictions across views. HDBSCAN operates by defining
the mutual reachability distance dy, between two points P; ;
and P, ; as:

dm = max (corey (P; ;), corex(P; ), d(P;;,Pi;)), 4)

where corey (P, ;) is the core distance of point P; ;, defined
as the distance to its k-th nearest neighbor, and d(P; ;, P; ;)
is the Euclidean distance between points P; ; and P; ;. We
apply each point P; ; corresponding weights W ; obtained
from Eq.3. Throughout our experiments, we consistently
set minPts £k = 10. By employing the mutual reachability
distance with this fixed minPts parameter, we effectively fil-
ter out noise and robustly identify the most stable clusters
among the predicted points.

5. Practical 3D Understanding with MLLMs

Gauging to what extent MLLMs are able to reason about 3D
structures remains an underexplored question with signifi-
cant implications and applications. Molmo [12] has demon-
strated strong 2D spatial reasoning abilities. We find that
this reasoning generalizes to some degree to 3D. In this
section, we propose to probe Molmo’s 3D reasoning ca-
pabilities by leveraging Schelling points and describability.
Through this, we aim to characterize the strengths and lim-
itations of its 3D reasoning, specifically the strengths and
limitations of the 3D reasoning induced by training with
pixel-level annotations.

5.1. Schelling Points on 3D Surface

Schelling points, as introduced by Schelling [39], are spe-
cific focal points that people are likely to choose indepen-
dently due to their prominence. In visual perception, these
keypoints stand out due to distinct features. We hypothe-
size that the salient points people select often have clear,
widely understood names in language. Therefore, an ef-
fective MLLM should be able to better predict such salient
points by using its knowledge of both language and vision.
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Figure 4. We ask Molmo to describe the green point, and using this
as a prompt ZeroKey predicts the blue point. We show that salient
points, given by the Schelling Points paper [10], are more easily
describable and consistently retrievable than arbitrary points. Ar-
bitrary points can cause ZeroKey to not find any points at all.

To illustrate this idea, we analyze ZeroKey’s ability
to generate salient points that align with human-selected
Schelling points. Using a dataset [10] that captures human-
selected Schelling points, we prompt ZeroKey with natu-
ral language descriptions provided by ChatGPT, simulat-
ing natural language descriptions that humans might use.
This aims to replicate the human process of identifying and
naming keypoints based on visual and linguistic salience.
An illustration and the detailed settings can be found in the
supplementary material. Our findings show that ZeroKey’s
generated points align with high-density regions reported
by Chen et al. [10], suggesting that its 3D understanding of
shape corresponds, to some extent, with human perception.

5.2. Point Describability and Consistency

During our experiments, we observed that certain keypoints
were more difficult to retrieve than others. This was raised
when performing our quantitative analysis on the Keypoint-
Net dataset [54], which provides ground-truth keypoints for
various 3D models. The assignment of a concise and de-
scriptive text prompt to each ground truth point proved to
be part of the challenge. We noticed a correlation: when
a point was easy to name succinctly by a human observer,
ZeroKey was able to retrieve it more effectively. Based on
this intuition, we propose to study how describable different
points are and how consistently ZeroKey can retrieve them.

To quantify how “describable” a point is, we leverage
the distributions reported in the Schelling points paper [10].
Points with high-density values in the distributions reported
by [10] are considered more describable due to their inher-
ent semantic significance. We refer to such points as salient
points. The evaluation algorithm is described in the supple-
mentary material.

The qualitative results of our evaluation are showcased
in Fig. 4. We ask Molmo to describe the green dot, using
a simple prompt. We then give the prompt generated by
Molmo to Zerokey to predict a 3D location of the original
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Figure 5. We show through a quantitative study that “salient”
points are retrieved with higher accuracy than “non-salient” ones,
regardless of the distance threshold used.

point. For salient points, ZeroKey successfully leverages
Molmo’s prompt to relocate the queried point with high
accuracy. However, for non-salient (random) points, re-
trieval is significantly more challenging.ZeroKey may iden-
tify similar object parts (e.g., an airplane wing) or even
unrelated regions (e.g., an incorrect area on a teddy bear).
Additionally, we observed a fail state where for some non-
salient points Molmo was unable to give a good prompt,
resulting in ZeroKey affirming that no points matching the
prompt were present in the scene.

Fig. 5 presents the quantitative results on the whole
Schelling points dataset, showing that retrieval accuracy
is significantly higher for semantically meaningful points
than for arbitrary ones. This suggests that ZeroKey, guided
by Molmo’s descriptions, is better at reasoning about 3D
structure when a point carries strong linguistic significance.
These findings show that Molmo’s 3D understanding is
closely tied to the describability of keypoints.

6. Experiments

6.1. Setup and Dataset

We evaluate our method using the KeypointNet dataset. Our
evaluation strategy follows the approach of You et al. [55],
which computes the Intersection over Union (IoU) between
predicted keypoints and ground-truth keypoints from the
KeypointNet dataset, using varying distance thresholds. We
also stick to the same three classes of the dataset for evalu-
ation: airplane, chair, and table. Please refer to our supple-
mentary for the details.

6.2. Zero-Shot 3D Keypoint Detection Baseline

RedCircle. The Red Circle method [42] is one of the sim-
plest and most straightforward ways to highlight points in
the image based on a text query by randomly sampling
points and highlighting them with a red circle and picking
the one point with the highest CLIP similarity to the text
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Method IoU (in %)
Distance Thresholds | 0.001 | 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.10
HARRIS-3D [43] 0.15 0.76 2.19 3.96 6.16 8.88 | 11.91 | 15.13 | 18.63 | 22.10 | 25.69
SIFT-3D [38] 0.29 1.05 2.62 4.38 6.65 9.42 | 12.38 | 15.65 | 19.39 | 22.71 | 26.15
ISS [57] 0.49 1.10 2.69 4.67 7.27 | 10.14 | 13.29 | 16.56 | 20.02 | 23.58 | 27.20
USIP [26] 0.83 1.70 3.25 5.24 8.00 | 11.76 | 1598 | 20.63 | 25.56 | 30.20 | 33.67
D3FEAT [6] 2.36 3.86 7.27 | 10.37 | 13.37 | 17.12 | 21.41 | 26.12 | 30.39 | 34.82 | 38.41
UKPGAN [55] 3.95 6.54 | 1227 | 17.86 | 22.42 | 26.55 | 30.28 | 34.32 | 38.46 | 42.65 | 46.49
FSKD [5] 7.00 794 | 11.17 | 16.74 | 23.99 | 31.14 | 38.14 | 43.97 | 49.30 | 53.62 | 57.03
B2-3D [49] 12.41 | 20.29 | 35.55 | 46.25 | 52.74 | 57.72 | 61.61 | 64.19 | 66.56 | 68.55 | 70.57
PaliGemma 2 [45] 0.00 0.34 1.03 2.98 4.25 5.70 6.62 8.17 892 | 1149 | 11.65
RedCircle [42] 0.21 0.34 0.64 1.16 1.90 3.05 4.81 7.55 | 11.06 | 14.92 | 18.50
GPT-40 0.18 0.48 1.20 2.61 4.19 6.04 848 | 10.89 | 14.03 | 17.03 | 20.73
CLIP-DINOiser [50] | 0.73 1.41 3.00 4.94 7.31 9.80 | 12.66 | 15.52 | 18.52 | 21.76 | 25.56
StablePoints [17] 3.66 5.80 9.94 | 13.32 | 16.58 | 1991 | 23.48 | 27.26 | 31.28 | 34.89 | 38.22
ZeroKey (Ours) 9.12 | 13.16 | 24.01 | 37.43 | 4843 | 56.60 | 62.06 | 67.53 | 71.74 | 75.75 | 79.43

Table 1. Comparison of IoU between the predicted and ground-truth keypoints from KeypointNet using different methods across various
geodesic distance thresholds. The bold text indicates the best zero-shot methods, while the underlined text highlights the best methods.

query. We lift the prediction of this method to 3D using the
same lifting procedure used in our method to compare 3D
Zero-shot keypoint detection.

CLIP-DINOiser. The CLIP-DINOiser [50] combines the
strengths of CLIP and DINO to perform zero-shot object lo-
calization and segmentation based on text query in images.
To adapt the CLIP-DINOiser for zero-shot 3D keypoint de-
tection, we first apply the method to each view of the 3D
scene to obtain 2D keypoint predictions corresponding to
the text prompt. For each image, the CLIP-DINOiser pro-
duces a heatmap indicating the regions of interest related to
the query. We select the point with the highest activation
in the heatmap as the 2D keypoint prediction in that view.
We then lift these 2D keypoints to 3D using the same back-
projection technique described in our method.

StablePoint. In addition to the supervised and few-shot
methods, we also compared our approach with an unsuper-
vised baseline called StablePoint [17]. This method learns
keypoints by optimizing text embeddings from latent dif-
fusion models. The main idea is to identify text embed-
dings that guide the generative model to consistently focus
on compact regions within images, which are then used as
keypoints. Unlike our approach, this baseline does not re-
trieve keypoint according to a text prompt and operates fully
unsupervised. However, it does necessitate specifying the
exact number of keypoints we wish to detect. In our experi-
ments, we set the number of keypoints to match the number
of ground-truth points in the KeypointNet dataset.

GPT-4o. In this Baseline, we replace our model with GPT-
40 to observe variations in performance. Notably, we high-
light that MLLM s trained solely on image-level tasks fail to
provide useful signals for keypoint detection. In the GPT-40
version, we replace Molmo model in our method with the
latest GPT-40 (2024-08-06) and evaluate its performance on
point-level tasks. This comparison highlights the necessity
of specialized training or architectural features that support

fine-grained reasoning in visual contexts.

PaliGemma 2. The 3B Mix 224 variant of PaliGemma 2
is a versatile and lightweight MLLM based on the Gemma
language model [45]. It processes both images and text as
input and generates text as output. Designed for a range of
tasks—including short video captioning, visual question an-
swering, text reading, object detection, and object segmen-
tation—PaliGemma offers flexible multimodal capabilities.
In our work, we adapt PaliGemma’s object segmentation
functionality to identify points of interest. Given an im-
age and a text prompt, PaliGemma outputs a segmentation
mask around the relevant region. We then select the area
overlapped with the bounding box prediction as the detected
points and lift these 2D points to 3D using our method.

6.3. Quantitative and Qualitative Analysis

Our KeypointNet evaluation shows (see Table.l) that our
Zero-Shot method significantly outperforms MLLM-based
baselines (PaliGemma 2[45], GPT-40, CLIP-DINOiser
[50]) across all distance thresholds. This provides strong
evidence for our claim that the pixel-level annotations
used to train MLLMs can be leveraged to both extract
and name salient keypoints on 3D models without requir-
ing any ground truth labels or supervision. Furthermore,
our method achieves IoU levels comparable to those of
reference-based Few-Shot and fully supervised methods tai-
lored for this dataset, such as B2-3D [49]. Notably, after
a certain distance threshold, our approach surpasses even
few-shot methods, despite being zero-shot. The drop in
performance at smaller thresholds is expected, given the in-
herently semantic nature of our approach, which prioritizes
high-level understanding over fine-grained localization.
Side-by-side comparisons between ground truth key-
points and our Zero-Shot predictions, a figure of GPT-40
fails to precisely locate the keypoint, and a comparison
of our detected keypoints with those of other baselines is
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Figure 6. We compare against baselines CLIP-DINOiser and Red-
Circle. While both baselines identify some prominent regions,
they fall in accurately localizing keypoints according to the text
prompt. In contrast, our method precisely locates keypoints.

shown in Fig. 6. We observe that our method consistently
produces reasonable predictions, whereas MLLM-based
baselines often fail to generate adequate results. These find-
ings show the need for an MLLM backbone trained with
point-level tasks for precise keypoint detection, underscore
the potential of point-level reasoning as a powerful task for
MLLMs, suggesting that it may induce a more generalizable
understanding of vision and geometry compared to conven-
tional image-level tasks like detection and segmentation.

6.4. Ablation Studies

In this ablation study, we modify different components of
our method to gain deeper insights into the point-level rea-
soning abilities of MLLMs. Specifically, we compare the
effects of various text prompts, experiment with different
MLLM backbones, and evaluate the impact of aggregating
information from different numbers of views.
Global Text prompt We evaluate the effectiveness of a
point-specific text prompt. The original method utilizes
prompts tailored to specific points in the image, provid-
ing precise guidance to the model. In the ablated version,
we replace these point-specific text prompts with a global
prompt: “Point to all salient points in this image.” We
then compare the detected set of keypoints with the ground
truth to assess how this change affects the model’s ability
to localize specific points. This experiment helps us under-
stand the importance of prompt specificity in guiding the
MLLM’s attention to particular regions of the image.
Aggregation ablation Our original method aggregates key-
point information from 26 viewpoints to improve accuracy.
In the 6-views variant, we reduce the number of viewpoints
to 6. In another variant, we compare the performance of di-
rect average against HDBSCAN clustering for aggregating
detections. By evaluating these different aggregation strate-
gies, we aim to determine how the number of views and
the method of combining information influence the model’s
ability to accurately identify keypoints.

The ablation results shown in Fig.7 illustrate the rela-
tive performance compared with ZeroKey. The ability to

1.01 6—e—o—0¢—0¢—0o—0—0o—0o—0—o

a /
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Figure 7. Comparison of the performance across different config-
urations: (blue) our original method; (red) results with a Global
Text prompt; (orange, purple, brown) results using different ren-
dering; (green) results without HDBSCAN clustering. This figure
shows the impact of each modification on the overall performance.

achieve 80% performance with only 6 views indicates that
our method efficiently aggregates points. The poor perfor-
mance of direct averaging suggests the necessity of HDB-
SCAN clustering. Binary Back-projection applies a con-
stant weight of 1 for all points, rather than utilizing the
soft voting weights, which significantly hinders its perfor-
mance. Additionally, Replacing the shading with pointmap
color and mesh texture from the dataset does not improve
performance. This is because pointmap might be out-of-
distribution of Molmo’s training data. The poor quality of
texture from KeypointNet also limit its effectiveness.

7. Conclusion and Future Work

In this paper, we presented a novel zero-shot approach for
3D keypoint detection by harnessing the capabilities of re-
cent MLLMs trained with enhanced localized reasoning ca-
pabilities. Unlike traditional methods that rely heavily on
annotated 3D datasets and extensive supervised training,
our method leverages the pixel-level annotations inherent
in MLLMs to both extract and name salient keypoints with-
out any ground truth labels or supervision. Our evaluations
demonstrate the efficacy of our approach and suggest that
point-level reasoning is an effective way to endow MLLMs
with a robust understanding of vision and geometry.

We believe that this work opens the door to entirely
novel applications by providing a bridge between 3D data
and MLLMs with localized reasoning. This can help solve
downstream tasks such as shape manipulation, deformation,
and processing, which typically require significant domain
knowledge. Furthermore, this link can also help to enhance
the power of MLLMs by providing feedback thanks to mul-
tiview consistency from 3D data, thus potentially helping to
improve the robustness of their pixel-level understanding.
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