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A. Training Data Generation
A.1. Function and Object Taxonomy

List of functions. To obtain our taxonomy of functions,
we first take the function lists defined by [6, 9] and ask
GPT-4 [10] to expand them. Our prompt is a simple “Given
this list of functions, generate more options for object func-
tions.” We manually process this list by simplifying synony-
mous functions into the most generic function to reduce re-
dundancy, e.g., “slice-with” and “chop-with” get absorbed
into “cut-with“, or “skewer-with” and “bore-with” get ab-
sorbed into “pierce-with”. The final list of 24 functions is
shown in Table 6.
Finding object categories given a function. To generate
a list of object categories suitable for the chosen functions,
we use the prompting strategy shown in Figure 7. We com-
bine the common and uncommon lists and remove object
names that are synonyms or that would require significant
improvisation to achieve a certain function well.

A.2. Functional Part Description Generation
Using LLMs, we have created a list of functions and a
list of object categories that can carry out those functions.
Given an object category and a function, we now require a
means to generate part names and descriptions to prompt the
grounded VLM. To obtain a list of functional part names,
we use the prompting strategy shown in Figure 8. This
produces a list of parts for each (object category,
function) pair, which we manually filter based on the
most precise part. More specifically, if GPT generates
“blade” and “point” for (knife, pierce-with), we
will choose “point.” Querying different functions for the
same object may result in the same functional part descrip-
tion being output multiple times with small variability. To
combine these descriptions, we simply prompt GPT-4 to
summarize them into one.

A.3. Objaverse Dataset Filtering
The Objaverse [1] dataset does not come with high-quality
labels, making it challenging to use as a training dataset for
tasks that require semantic object understanding. There is

the Objaverse-LVIS split, but it is a small subset of the com-
plete Objaverse, and the labels are noisy. To address this,
Caption3D [8] proposes a technique for generating captions
for ≈ 600K of the assets in Objaverse based on a com-
bination of VLMs and LLMs. However, these captions are
still insufficient for our purpose because they do not contain
explicit category labels.

For each caption from Caption3D, we propose to filter
it by comparing it with our list of object categories from
Appendix A.1. However, doing this naively using a large
language model like Llama [2] would require about 100M
model inferences, making this intractable. To resolve this
and make the procedure more efficient, we propose summa-
rizing each caption into a single noun using Llama3 with the
prompting strategy described in Figure 9. After converting
the list of captions into a list of nouns, we use Llama3 word
embedding distance to determine whether the noun belongs
to the list of categories we generated in Appendix A.1. Last,
we ask Llama to verify the matches from word embedding
as a final pass.

A.4. CogVLM Prompting and Aggregation
We use the descriptions generated in Appendix A.2 to
prompt the cogvlm-grounding-generalist-v1.1
variant of CogVLM [14], which has been tuned for referring
expression comprehension. Specifically, given a prompt
like “What are the exact bounding boxes of <expr> in
the provided picture?”, where <expr> can be a noun or
a descriptive phrase, the model is tuned to produce a text
sequence describing a bounding box. Because of the sam-
pling inherent to language transformer model inference, the
bounding boxes vary across trials. Our procedure to label
functional parts using CogVLM outputs consists of the fol-
lowing steps:
1. Render 19 views per object that shows it from various

angles, including from above and below.
2. For each functional part description and each view, query

CogVLM for four trials to obtain the bounding box
pseudo-labels. For small parts like points or tips, we do
a second iteration that zooms into the initial bounding
boxes to improve precision.
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Figure 1.Examples of pseudo-labeled functional parts in point clouds and images using CogVLM [14].Using the procedure outlined
in Appendix A.4, we pseudo-label images with masks for the object functional parts. Notably, this pipeline has the ability to generate part
labels for non-convex object parts, such as a mug's rim, and for parts that lack clear edge boundaries, such as a teapot's spout. Point clouds
are shown in views that best capture the aggregated functional part labels.

3. Aggregate all trials and views onto a point cloud of 100K
randomly sampled points on the object's surface. Ev-
ery time a given point in the point cloud gets labeled
by a bounding box in a different view, we increment
its score. The �nal numbers are normalized to be in 0-
1. For prompts that speci�cally ask for the labeling of
edges, we multiply the point cloud with the per-point
edge probabilities from SED-net [7], a method for de-
composing point clouds into primitives.

4. Given this point cloud, for any rendered image of the ob-
ject, we can project the point cloud into 2D and produce
a binary mask with Otsu's method [12] and a series of
binary dilation/erosion steps to close holes in the mask.

Example outputs of this procedure are shown in Figure 1.

B. Additional Training and Evaluation Details

B.1. Ground­Truth Generation

In this section, we provide additional details for deriv-
ing ground-truth 2D dense correspondences from 3D align-
ment. Given two object meshes that can perform the same
function, we obtain their 3D functional alignment and the
3D bounding boxes for the functional parts using the pro-
cedure in Section 3.2 of the main paper. Given rendered
imagesI 1; I 2 of the two assets, we �rst �nd 2D pixels
P1; P2 that would back-project to 3D points within the la-
beled functional part bounding boxes. The set of pixelsP1

and P2 represent the functional part segmentation on the
two images. Then, we perform minimum cost matching
where the cost between two pixelsp1 2 P1 andp2 2 P2 is
measured by the distance between their back-projected 3D
locations. In particular, we use the Hungarian algorithm.
However, since the Hungarian algorithm requires one-to-
one matches, we subsample the set betweenP1 andP2 that
has more pixels using furthest point sampling. The output
of the Hungarian algorithm constitutes the ground-truth 2D

dense functional correspondences.
Practically, we randomly sample rendered images from

the top 5 out of 30 views where the functional part is most
visible. We do so for six trials and repeat the procedure
above to obtain 2D ground-truth annotations for the six view
pairs for each pair of assets. Among these trials, ambiguity
in the correspondence de�nition may arise due to 3D sym-
metries. We disambiguate this based on the objects' orien-
tation when projected in the 2D images. For instance, for
two rims in 2D, the top (in 2D, relative to the sides of the
image) of one rim should align with the top of the other rim.
We believe this is appropriate as it is the �rst investigation
of this problem setting. In future work, we aim to re�ne
the task and model to capture such ambiguity. As such,
we manually �lter the derived 2D annotations based on the
ground-truth dense visualizations to disambiguate and en-
sure high quality.

B.2. Additional Technical Details

Model training. For training our full models, we found that
sampling points solely on the functional part for the spatial
contrastive loss helped performance. However, when train-
ing the model with spatial loss only, we found that sampling
points on the whole object helped more.

Feature representation complexity. We experimented
with LoRA [4] �netuning of DINOv2 and FiLM [13] lay-
ers for text conditioning. Despite the increased training cost
of LoRA, we did not observe consistent improvements (e.g.
normalized distance increased from 0.172 to 0.181).

Evaluation details. Metrics are computed at �xed pix-
els because the input images are center-cropped (all ob-
jects have similar sizes), making it equivalent to normal-
izing with respect to a percentage of bounding box sizes as
in prior work. For the SD-DINO baseline, we follow their
standard resolutions and scale the input images accordingly.



Model
Correspondence Label Transfer Correspondence Discovery

Normalized Dist (_) PCK@23p (" ) PCK@10p (" ) Best F1@23p (" ) Best F1@10p (" ) AP@23p (" ) AP@10p (" )
within / across within / across within / across within / across within / across within / across within / across

Synthetic Evaluation Dataset

Chance 0.317 / 0.309 0.162 / 0.166 0.047 / 0.046 0.382 / 0.421 0.163 / 0.178 0.234 / 0.260 0.085 / 0.095

DINO [11] 0.132 / 0.225 0.589 / 0.347 0.283 / 0.126 0.708 / 0.557 0.425 / 0.257 0.555 / 0.352 0.265 / 0.108
SD [15] 0.221 / 0.275 0.423 / 0.278 0.210 / 0.112 0.528 / 0.471 0.295 / 0.220 0.322 / 0.258 0.153 / 0.087
SD-DINO [15] 0.154 / 0.240 0.553 / 0.347 0.284 / 0.141 0.642 / 0.550 0.406 / 0.284 0.443 / 0.324 0.239 / 0.129

CogVLM [14] + DINO 0.126 / 0.188 0.596 / 0.387 0.281 / 0.138 0.840 / 0.651 0.519 / 0.303 0.749 / 0.525 0.362 / 0.160
CogVLM [14] + SD-DINO 0.135 / 0.188 0.578 / 0.404 0.292 / 0.161 0.825 / 0.683 0.554 / 0.368 0.717 / 0.551 0.400 / 0.216
ManipVQA-P [5] + DINO 0.181 / 0.230 0.493 / 0.323 0.232 / 0.113 0.737 / 0.548 0.437 / 0.242 0.608 / 0.387 0.284 / 0.110
ManipVQA-F [5] + DINO 0.234 / 0.278 0.352 / 0.244 0.152 / 0.084 0.650 / 0.508 0.374 / 0.222 0.444 / 0.300 0.193 / 0.081

Ours (functional only) 0.187 / 0.235 0.412 / 0.266 0.154 / 0.084 0.723 / 0.551 0.358 / 0.212 0.617 / 0.412 0.220 / 0.094
Ours (spatial only) 0.128 / 0.217 0.674/ 0.436 0.385/ 0.201 0.686 / 0.597 0.469 / 0.353 0.493 / 0.398 0.295 / 0.198
Ours (full without mask loss) 0.112/ 0.180 0.680/ 0.454 0.377/ 0.203 0.878/ 0.750 0.643/ 0.442 0.823/ 0.662 0.537/ 0.306
Ours (full with mask loss) 0.122/ 0.180 0.655 / 0.451 0.367 / 0.199 0.879/ 0.757 0.645/ 0.443 0.820/ 0.661 0.528/ 0.297

Real Evaluation Dataset

Chance 0.311 / 0.313 0.170 / 0.170 0.044 / 0.046 0.431 / 0.413 0.171 / 0.165 0.262 / 0.243 0.090 / 0.086

DINO [11] 0.130 / 0.230 0.570 / 0.356 0.252 / 0.129 0.734 / 0.542 0.434 / 0.250 0.577 / 0.320 0.275 / 0.095
SD [15] 0.204 / 0.277 0.411 / 0.276 0.192 / 0.106 0.587 / 0.477 0.308 / 0.215 0.355 / 0.263 0.148 / 0.086
SD-DINO [15] 0.151 / 0.243 0.514 / 0.344 0.244 / 0.137 0.679 / 0.544 0.400 / 0.270 0.468 / 0.303 0.224 / 0.116

CogVLM [14] + DINO 0.142 / 0.182 0.544 / 0.407 0.239 / 0.147 0.782 / 0.667 0.465 / 0.314 0.686 / 0.521 0.312 / 0.161
CogVLM [14] + SD-DINO 0.154 / 0.186 0.506 / 0.402 0.234 / 0.158 0.762 / 0.683 0.462 / 0.360 0.618 / 0.540 0.295 / 0.219
ManipVQA-P [5] + DINO 0.148 / 0.222 0.534 / 0.354 0.234 / 0.127 0.719 / 0.563 0.415 / 0.256 0.577 / 0.370 0.260 / 0.112
ManipVQA-F [5] + DINO 0.236 / 0.263 0.405 / 0.279 0.174 / 0.095 0.714 / 0.531 0.412 / 0.239 0.509 / 0.323 0.231 / 0.093

Ours (functional only) 0.179 / 0.206 0.405 / 0.313 0.152 / 0.103 0.730 / 0.627 0.356 / 0.260 0.599 / 0.511 0.199 / 0.132
Ours (spatial only) 0.129/ 0.227 0.631/ 0.421 0.343/ 0.192 0.708 / 0.564 0.470 / 0.316 0.501 / 0.344 0.295 / 0.145
Ours (full without mask loss) 0.122/ 0.161 0.639/ 0.477 0.352/ 0.216 0.835/ 0.756 0.589/ 0.441 0.741/ 0.675 0.469/ 0.304
Ours (full with mask loss) 0.132 /0.160 0.603 / 0.469 0.321 / 0.208 0.857/ 0.792 0.611/ 0.467 0.773/ 0.716 0.485/ 0.321

Table 1.Quantitative evaluation by within- and across-category pairs.We further break down Table 1 in the main paper by within- and
across-category performance for all the metrics. Additional result for CogVLM + SD-DINO is also included. Off-the-shelf self-supervised
features tend to perform worse at cross-category generalization compared to our full model.

Evaluation with predicted functional part masks. Be-
low, we explain the evaluation protocol for models that in-
volve a functional part mask prediction (e.g., CogVLM [14]
+ DINO, ManipVQA [5] + DINO, and our full model with
mask loss). In label transfer, for each pixelpi

1 on imageI 1,
we restrict its most similar matchpj ( i )

2 on I 2 to be within
the predicted functional part mask ofI 2. In correspondence
discovery, predicted part masks are produced for both im-
ages. We restrict matches to only happen between the two
predicted masks and between their complements. Matches
that fall within the two predicted part masks are prioritized
in the ranking explained in Section 5.1 of the main paper.

Dense correspondence visualization. The dense label
transfer visualizations use the ground-truth mask for the
source image but the predicted mask for the target image.
For each pixel on the target image's functional part mask,
we �nd its most similar match in the source image's func-
tional part mask to produce the label transfer color map.

B.3. Computational Costs

Rendering multi-view images on selected Objaverse [1] as-
sets takes one day with four 2080 Ti GPUs. Functional part
pseudo-labeling takes one week on eight A6000 GPUs, as
CogVLM [14] inference is slow and memory-intensive. We
emphasize that rendering and pseudo-labeling are only done
once and scale signi�cantly better than human annotation.
Our model can be trained on a single NVIDIA GeForce
RTX 3090 in � 2 days for 100 epochs. These compu-
tational demands are fairly standard and are justi�ed by
the capability to trade off compute for expensive and time-
consuming human annotation.

C. Additional Quantitative Results

C.1. Within­ and Cross­Category Comparison

Since the evaluation dataset contains both within-category
pairs and across-category pairs, we further separate the met-
rics in Table 1 in the main paper into within-category re-
sults and across-category results in Table 1. In general,



all the models and baselines perform better on within-
category cases than on across-category cases. This illus-
trates the inherent dif�culty of cross-category generaliza-
tion. In addition, the performance margin between off-the-
shelf self-supervised features and our model is often larger
on the across-category pairs. On average, DINOv2 per-
forms 46.3% worse on cross-category pairs, while ours is
33.3% worse. This serves as evidence that off-the-shelf self-
supervised features struggle more with cross-category gen-
eralization. Last, without any functional part information,
our spatial-only model performs competitively on within-
category pairs on label transfer metrics but is worse on
across-category pairs.

C.2. Scaling Experiments

In this section, we show scaling experiments where we re-
place the backbone in our full model with mask loss with
DINOv2 [11] of different ViT sizes. The results are shown
in Table 2. As the ViT size increases, we generally ob-
serve an improvement in the evaluation metrics. In addi-
tion, when we reduce the stride size from 14 pixels to 7, the
model performance also improves, especially in correspon-
dence discovery. This demonstrates that both higher spatial
resolution and higher backbone capacity can improve the
performance of our approach.

Note that due to computational resource constraints, DI-
NOv2 with ViT-G was only trained for 30 epochs, and ViT-
B with half stride was trained for 80 epochs, while other
models were trained for 100 epochs. Compared to ViT-B,
using ViT-S is� 1:6 times faster, using half stride is� 2:6
times slower, using ViT-L is� 2:1 times slower, and using
ViT-G is � 5:8 times slower.

C.3. Sensitivity Analysis of Loss Weights

We further ablate the spatial and mask loss weights in Ta-
ble 3. Varying� spatial has an effect, but the model does not
appear to be highly sensitive, making it easy to converge on
� spatial = 10 to achieve the best result. On the other hand,
we observe low variance when increasing� mask. The bene-
�ts of the mask loss are illustrated in Figure 3.

C.4. Functional Part Prediction Accuracy

Some of the methods we evaluate generate functional
part segmentation predictions. Accordingly, we compare
their segmentation accuracies in Table 4. Speci�cally,
ManipVQA-P and ManipVQA-F [5] refer to segmentations
produced by ManipVQA using part label prompts and func-
tion name prompts, respectively. For CogVLM [14] on
2D images, predictions are generated from single-image
inputs into CogVLM, aggregated across four trials via K-
Means clustering. These three methods produce bounding
boxes, which are further multiplied with the object masks.
CogVLM [14] with 3D aggregation follows the pipeline il-

lustrated in Figure 3 in the main paper. Since our full model
with mask loss incorporates a functional part mask predic-
tion module, we also evaluate its segmentation performance
as part of this comparison.

To evaluate these methods, we use ground-truth part
masks generated by our evaluation pipeline on both the syn-
thetic Objaverse [1] data and the real HANDAL [3] data.
Speci�cally, for each(object, function) pair, we
label a 3D bounding box, and any pixel that projects to a
3D point within this bounding box is classi�ed as part of
the functional region. As shown in Table 4, both CogVLM
methods and our learned model have good accuracy. Note
that the pseudo-labeling pipeline can produce very �ne-
grained parts like small tips or edges that do not necessarily
align with the human annotations. As such, the main advan-
tage of the 3D aggregation pipeline is illustrated in Figure 1.
In addition, on the real HANDAL data, our model's predic-
tions perform better than the CogVLM model, which has
state-of-the-art referring expression detection capabilities.

C.5. Ranking Scheme.

We designed our feature similarity and cycle consistency-
based ranking scheme in Section 5.1 of the main text to en-
able strong performance across all methods. To show its im-
pact, we include results from a simpler version using only
feature similarity in Table 5. The ordering is consistent with
the main text, but all methods perform worse. This con�rms
that all methods bene�t from the improved ranking scheme
and that our �ndings are not sensitive to this.

D. Additional Qualitative Results

Additional dense label transfer results on the synthetic Ob-
javerse dataset, which further validate the effectiveness of
our approach, are presented in Figure 2. These results high-
light the strong performance of our model in transferring
functional part labels across diverse object categories.

More qualitative discovery results on the synthetic Ob-
javerse dataset are shown in Figure 5, and more qualitative
discovery results on the real HANDAL dataset are shown in
Figure 6. We compare our model with the DINO [11] and
CogVLM [14] + DINO baselines. In line with the conclu-
sion in Section 5.4 of the main text, our model can focus
on the functionally relevant part and produce more spatially
precise correspondences.

Lastly, we show qualitative evidence for the potential
bene�ts of the optional mask loss in Figure 3. In cases
where the predicted functional part mask is accurate, the
mask loss can prevent incorrect matches outside function-
ally relevant regions.



Model
Correspondence Label Transfer Correspondence Discovery

Normalized Dist (_) PCK@23p (" ) PCK@10p (" ) Best F1@23p (" ) Best F1@10p (" ) AP@23p (" ) AP@10p (" )

Synthetic Evaluation Dataset

DINOv2 ViT-S 0.171 0.476 0.218 0.768 0.466 0.676 0.325
DINOv2 ViT-B 0.172 0.480 0.223 0.774 0.471 0.684 0.330
DINOv2 ViT-B w/ half stride 0.166 0.494 0.229 0.799 0.508 0.721 0.373
DINOv2 ViT-L 0.164 0.493 0.233 0.789 0.490 0.705 0.351
DINOv2 ViT-G 0.161 0.505 0.239 0.792 0.498 0.711 0.361

Real Evaluation Dataset

DINOv2 ViT-S 0.162 0.494 0.229 0.788 0.481 0.697 0.335
DINOv2 ViT-B 0.153 0.501 0.235 0.808 0.502 0.730 0.360
DINOv2 ViT-B w/ half stride 0.150 0.519 0.247 0.821 0.525 0.751 0.403
DINOv2 ViT-L 0.152 0.515 0.244 0.809 0.514 0.730 0.377
DINOv2 ViT-G 0.146 0.523 0.252 0.808 0.507 0.729 0.370

Table 2. Quantitative evaluation of our model trained with different backbones. In general, performance increases when the vision
transformer backbone becomes larger or when the stride size is reduced.

Loss Weights
Correspondence Label Transfer Correspondence Discovery

Normalized Dist (_) PCK@23p (" ) PCK@10p (" ) Best F1@23p (" ) Best F1@10p (" ) AP@23p (" ) AP@10p (" )

Synthetic Evaluation Dataset

� spatial = 1 , � mask = 1 0.193 0.402 0.161 0.707 0.367 0.601 0.224
� spatial = 5 , � mask = 1 0.177 0.458 0.207 0.761 0.445 0.664 0.304
� spatial = 10 , � mask = 1 0.172 0.480 0.223 0.774 0.471 0.684 0.330
� spatial = 10 , � mask = 5 0.173 0.477 0.222 0.775 0.471 0.685 0.330
� spatial = 10 , � mask = 10 0.170 0.478 0.221 0.778 0.470 0.687 0.329

Real Evaluation Dataset

� spatial = 1 , � mask = 1 0.169 0.443 0.175 0.759 0.405 0.671 0.260
� spatial = 5 , � mask = 1 0.158 0.492 0.223 0.793 0.481 0.713 0.345
� spatial = 10 , � mask = 1 0.153 0.501 0.235 0.808 0.502 0.730 0.360
� spatial = 10 , � mask = 5 0.155 0.499 0.232 0.804 0.497 0.729 0.359
� spatial = 10 , � mask = 10 0.154 0.501 0.231 0.800 0.495 0.719 0.353

Table 3. Quantitative evaluation of varying loss weights.Model performance improves with increasing spatial loss weight (up to 10)
and remains stable with different mask loss weights.

Method IoU on Objaverse IoU on HANDAL

ManipVQA-P [5] 0.453 0.276
ManipVQA-F [5] 0.240 0.146
CogVLM [14] on 2D images 0.656 0.597
CogVLM [14] w/ 3D aggregation 0.635 N/A
Our model prediction 0.628 0.636

Table 4. Quantitative evaluation of functional part segmenta-
tion accuracy. This table compares the accuracy of functional part
segmentation produced by different methods. Both CogVLM [14]
and the predictions of the distilled model demonstrate strong per-
formance in this task. Note that the pipeline described in Figure 3
in the main paper was applied only to the Objaverse dataset; there-
fore, results for CogVLM [14] with 3D aggregation are omitted
for the HANDAL dataset.

E. Discussion

Differences with FunKPoint [6]. The concept of func-
tional correspondence was previously introduced by [6].

Model Best F1@23p (" ) Best F1@10p (" ) AP@23p (" ) AP@10p (" )

DINO 0.573 0.277 0.376 0.128
CogVLM + DINO 0.672 0.329 0.551 0.184
Ours (full with mask loss) 0.767 0.465 0.679 0.325

Table 5. Correspondence discovery evaluation using only fea-
ture similarity. Compared with Table 1 in the main paper, using
only feature similarity in the ranking scheme achieves worse per-
formance overall but preserves relative performance among meth-
ods.

However, our formulation is different in three key aspects.
First, our problem requires dense functional correspon-

dences to be established, whereas [6] de�nes �ve sparse
keypoints. The manual de�nition of semantic keypoints
at the function type level is not guaranteed to be well-
de�ned across all object categories. Consequently, we ob-
serve inconsistencies and labeling ambiguities in the sparse
keypoint annotations. In addition, establishing dense cor-
respondences requires �ne-grained and precise reasoning
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