
7 Appendix385

7.1 Blender Simulation Parameters386

We provide additional details on the Blender scene setup and parameters used to generate our com-387

bined shirt dataset (including both hanging in-air and on-table configurations). The ratios of shirt388

features are selected to loosely reflect the distribution of shirts we test on the real system. Rendering389

50 scenes with these parameters takes 10 hours on an NVIDIA RTX 4090 GPU.390

Blender 4.2 Simulated Shirt Scene Dataset Parameters
Scene Parameters

Shirt Hanging in Air Scenes 1000 scenes
Shirt on Table Scenes 500 scenes
Cameras Rendered per Scene 3 cameras
Fabric Quality Steps 10
Render Quality 64

Shirt Parameters
Mesh Vertex Density 2922
Shirt Thickness 0.4 mm
Sleeve Length Ratio in Dataset 65% short sleeve, 35% long sleeve
Neck Type Ratio in Dataset 80% U-Neck, 20%V-Neck
Collar Hem Ratio in Dataset 80% collar hems, 20% without collar hems
Bottom Hem Ratio in Dataset 70% without bottom bodice hems, 30% bottom bodice hems
Shirt Stiffness Range Uniformly sampled between [7, 15]
Shirt Damping Range Uniformly sampled between [5, 7]

Table 2: Scene parameters used for dataset generation in Blender 4.2.

7.2 Folding with Confidence-Based State Machine391

We allow the robot to choose the most appropriate folding pick points based on which points it392

can confidently identify and grasp. Figure 7 shows the four different folding strategies (shoulder to393

shoulder, bottom to bottom, sleeve to sleeve, sleeve to bottom). Bottom refers to the bottom corner394

of the shirt, and sleeve refers to the bottom edge of the sleeve. The system starts by picking the shirt395

up from the table (looking for high-confidence correspondence regions), and all subsequent grasps396

are performed in air.397

At each grasp attempt, the robot can query from three canonical regions (shoulder, sleeve, bottom)398

using our distributional dense correspondence network to generate confidence-weighted heatmaps.399

A grasp is executed only if both the correspondence confidence and grasp affordance (for hanging400

grasps) exceed predefined thresholds. Grasp success is validated by our tactile classifier (confirming401

fabric contact). If no grasp is attempted or the grasp attempt fails, the robot rotates the garment by402

30◦ and re-evaluates. In cases where symmetry matters (e.g. grabbing the sleeve and end on same403

side of the shirt), we use the heuristic that the opposite corner features would be the lowest point, and404

therefore we mask out the bottom. If no pixel meets the threshold requirements, the robot grasps the405

lowest available high affordance point to change configurations and encourage the cloth to unfurl.406

The very first grasp attempt is done on the table. If no high correspondence point is found within the407

robot’s workspace, the robot’s fallback strategy is to grasp the highest point. All subsequent grasps408

are performed in air. The robot continues switching arms until it has two successful grasps.409
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Once the shirt is grasped by two keypoints, the robot pulls the shirt until it is tensioned. We use410

shear as measured by marker tracking on the tactile sensor as an indication for when the shirt is in411

tension. Then, the robot brings the lifted shirt to one end of the workspace, lowers it to the table,412

lowers the grippers to the other end of the table while resting half the shirt, then folds the shirt over413

as the grippers return to the first side of the workspace. The robot uses vision to align the corners in414

the final folding motion.415

Even with the confidence-based state machine, however, irrecoverable failure modes still occur.416

Figure 8 shows examples of these cases. Correspondence failures that result in grasps of internal417

points on the shirt (such as the body), grasping the correct feature but on the opposite side of the418

shirt, and grasping too many layers of fabric are some examples of failures that occur while folding.419

Recoverable failures include affordance failures leading to insufficient cloth in the grip and the cloth420

slipping out of the grip. Our tactile classifier informs the system if each grasp is successful. We use421

vision to ensure that the cloth is still in grip after moving the grippers.422
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Figure 7: Confidence-based state machine for folding strategy. The robot dynamically chooses
between folding strategies based on which points are visible and graspable. The initial grasp occurs
on table, where the fallback strategy for low confidence is grasping the highest point. All subsequent
grasps are attempted in air. The robot only attempts a grasp if correspondence confidence and grasp
affordance exceed predefined thresholds. If no point is graspable, the robot rotates. If the robot
completes a full rotation, the new fallback option is grabbing the lowest graspable point to help
unfurl the cloth. Once two successful grasps are made, the robot tensions the cloth and folds.
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Figure 8: Irrecoverable Failure Modes of Folding. Though the confidence-based state machine
is able to recover from mistakes in folding, some cases are unaccounted for and irrecoverable in
the system. Incorrect correspondence grasps, picking the correct feature but on the wrong side, and
grasping too much cloth are some of the failure cases.

7.3 Dense Correspondence Network Parameters423

The mapping function f that generates the dense descriptor space is implemented as a 34-layer424

ResNet (pretrained on ImageNet) with a stride of 8 for computational efficiency (as in [26]). Bilinear425

upsampling is applied to the network’s feature maps to align the output descriptor maps with the426

input image size (540×960 pixels). We train each of our final networks for approximately 10,000427

iterations, which takes under 2 hours on an NVIDIA RTX 4090 GPU.428

Hyperparamter Tuning We conducted a series of hyperparameter experiments to optimize the per-429

formance of our dense correspondence network. A key parameter was the descriptor dimension d,430

which controls the capacity of the embedding space. As shown in Figure 9, we tested dimensions431

of 3, 9, 16, and 25. A descriptor size of d = 16 consistently outperformed smaller and larger al-432

ternatives, striking a balance between sufficient representational capacity and generalization. Lower433

dimensions (e.g., d = 3) lacked expressivity, while higher dimensions (e.g., d = 25) did not offer434

noticeable improvements and introduced potential overfitting. Additionally, larger networks require435

more computation time.436

We also evaluated the effect of σ, the standard deviation of the Gaussian used for the distributional437

loss target. Figure 10 shows performance across σ values of 1, 2, 10, and 20. While σ = 1 yielded438

sharper distributions and slightly better accuracy in simulation, we found that larger σ networks439

generalized better to real-world data. We hypothesize that broader Gaussians produce smoother gra-440

dients across the descriptor space, which in turn leads to more stable and consistent correspondence441

predictions. This smoothing effect could help mitigate sensitivity to local noise, masking artifacts,442

or out-of-distribution lighting. Sharper distributions (from smaller σ) can lead the network to overfit443

to high-frequency details in the simulated data, which don’t transfer well to real-world images.444

Model and Dataset Design Choices During early testing, we also experimented with several archi-445

tectural variations. We evaluated higher-resolution ResNets and a DINOv2 backbone for the map-446

ping function f , but found that DINOv2 performed significantly worse given our limited dataset447

size, and the higher-resolution ResNets did not yield noticeable improvements in correspondence448

accuracy. Additionally, our initial training dataset lacked hem and seam details, which led to poor449

differentiation between sleeve and torso ends when applied to real garments. Including these struc-450

tural details in later dataset versions improved real-world performance. To improve confidence451

estimation, we attempted to train a separate confidence head using the dense descriptor outputs as452

input; however, this approach did not reliably predict correspondence accuracy.453
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Figure 9: Cumulative pixel match error across different descriptor dimensions (d) evaluated
on the simulated test set. The network was trained on a combined dataset of hanging and table
shirts. A descriptor size of d = 16 provides the best trade-off between representational capacity and
generalization, outperforming both smaller (d = 3, d = 9) and larger (d = 25) dimensions.
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Figure 10: Cumulative pixel match error for different Gaussian σ values used in the distri-
butional loss target. The network was trained on a combined dataset of hanging and table shirts.
Smaller σ values (e.g., σ = 1) produce sharper distributions and yield slightly better accuracy in
simulation, but larger σ values improve generalization to real-world data by promoting smoother
gradients in the descriptor space.

We also experimented with incorporating depth information alongside RGB inputs but observed no454

significant gains. This suggests that in our cloth manipulation tasks, texture and color cues domi-455

nate the correspondence signal, and depth alone does not meaningfully contribute to distinguishing456

garment regions.457

We found that adding artificial occlusions to training images did not seem to impact performance458

with simulated images (Figure 11), suggesting that the network was robust to minor occlusions.459

However, training with occlusions significantly improved performance on real systems, likely due460

to masking artifacts.461

We compare performance of networks trained on exclusively hanging or table scenes to networks462

trained on a combined dataset (Figure 11, 12). The combined network performs marginally worse463

in both test sets compared to the specialized networks, but does not have significant performance464

loss. We found that simplifying table configurations during training to be more representative of465

16



0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Pixel match error (fraction of image), L2 (pixel distance)

0.0

0.2

0.4

0.6

0.8

1.0

Fr
ac

tio
n 

of
 im

ag
es

Test Set

Hanging Dataset
Hanging Dataset with Occlusions
Combined Dataset
Combined Dataset with Occlusions

0.0 0.1 0.2 0.3 0.4 0.5
Pixel match error (masked), L2 (pixel distance)

0.0

0.2

0.4

0.6

0.8

1.0

Fr
ac

tio
n 

of
 im

ag
es

Hanging Dataset
Hanging Dataset with Occlusions
Combined Dataset
Combined Dataset with Occlusions

Figure 11: Cumulative pixel match error on hanging shirts for networks trained on hanging
and combined (hanging and table) datasets with and without occlusions. The networks all per-
form similarly in simulation, but we found that on real data, occlusions and the specialized hanging
network both performed better.
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Figure 12: Cumulative pixel match error on shirts on a table for networks trained on table,
hanging, and combined (hanging and table) datasets. As hypothesized, the specialty table net-
work performs the best, followed by the network trained with the combined dataset. The hanging
network is able to generalize its understanding to shirts on tables, but to a lesser degree of accuracy.

those used in related works was necessary for improving the combined network’s performance. The466

harder table training set had few distinguishing features, making correspondences more difficult to467

learn.468
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7.4 Dense Correspondence Evaluation469

We evaluate the real-world performance of our dense correspondence network using the color-coded470

regional classifications defined in Figure 13. In both folding and hanging scenarios, multiple grasp471

points can lead to the successful execution of a given strategy. Instead of requiring exact pixel-472

level matches, we divide the shirt into five regions and consider a trial successful if the network’s473

high-confidence grasp prediction falls within the correct region on the physical shirt.474

Figure 13: Shirt region classification used for real-world evaluation. During real-world evalua-
tion of the dense correspondence network, a predicted grasp is considered correct if it falls within
the same region as the predefined, ground-truth label.

We use a confidence threshold of 6 × 10−6 across networks, selected based on qualitative inspec-475

tion of confidence outputs. Individual pixel confidences peak at approximately 9 × 10−6. Low476

confidence classifications are considered incorrect, but safe. To test in the forward direction (query-477

ing on the deformed shirt), we label query points while collecting images. In the inverse direction478

(querying from the canonical), we query collar, shoulder, sleeve, and bottom points and visualize479

high confidence matches across all images in the dataset. Points that can be verified or rejected by a480

human are included in evaluation. Note that not every point is visible in the inverse queries, making481

low-confidence the ideal option.482

We evaluate the accuracy of our dense correspondence network—trained on the combined hang-483

ing in-air and table configurations—when picking from the table by determining whether the high-484

confidence first grasp point the system chooses is within the appropriate region, as defined in Fig-485

ure 13. We conduct 20 trials to evaluate the network’s correspondence prediction success. The486

configurations of the shirt when picked from the table demonstrate a similar, if not more difficult,487

deformation as in [5] and [28]. Our method shows a comparable success rate to prior works, with488

the added capability of choosing grasp points from a highly deformed shirt hanging in air.489

The dataset simulated in Blender offers much flexibility in rendering a wide range of shirt geometries490

and details, including variations in body and sleeve length and shirt details. However, features such491

as hoods, turtleneck collars, buttons, and sleeveless shirts are not simulated. We assess our dense492

object network’s zero-shot generalization capabilities to out-of-distribution shirts in the inverse di-493

rection. Notably, previously unseen visual features such as hoods, turtlenecks, and button-up collars494

do not seem to degrade the network’s ability to distinguish the collar regions from the sleeves or495

bottoms of the shirts. Similarly, color-blocked patterns and buttons do not confuse the network,496

likely due to the wide range of textures and colors present in the simulated training data. Occasional497

misclassifications occur with sleeveless shirts and vests, where the network incorrectly predicts the498

shirt bottom as a sleeve when queried from the canonical shirt. We note, however, this error is499

also observed in some in-distribution examples. Overall, despite the unseen shirt types, our net-500
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work demonstrates a general visual understanding of the shirt structure and effectively generalizes501

to styles beyond those seen in training. See Figure 14 for examples.502

Figure 14: Examples of out-of-distribution shirts tested. We assess the zero-shot out-of-
distribution generalization capabilities of our network by testing its predictions in the inverse di-
rection on unseen shirt styles. In general, features such as hoods, turtleneck collars, and buttons not
present in the simulated training dataset do not degrade the network’s performance, as it is still able
to classify shirt features accurately. Some misclassifications do occur with sleeveless shirts, as the
network predicts the bottom of the shirt as the end of the sleeve. Overall, the network successfully
generalizes to previously unseen shirt styles, demonstrating a visual understanding of the shirt struc-
ture.

7.5 Visuotactile Grasp Affordance503

Depth 
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Figure 15: Visuotactile grasp affordance training in simulation. We generate affordance labels
for entire images in simulation by evaluating grasp feasibility based on reachability with a side grasp,
collision avoidance, and fabric layer count (restricted to two or fewer). We adapt the affordance data
generation pipeline introduced in [16] to our simulation environment to obtain the affordance labels.

We compute per-pixel grasp affordance labels in simulation using an adapted version of the method504

from [16]. In our case, the goal is to identify viable side grasps for grasping shirts rather than edge505

grasps for towels, so we modify the criteria accordingly. Specifically, we remove the edge constraint506

used in the original formulation and allow up to two fabric layers instead of one. Affordance labels507

are computed by evaluating whether a candidate grasp point (1) is reachable by the right arm, (2)508
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avoids collision with the cloth during the approach, and (3) results in no more than two layers of509

fabric between the gripper fingers. Figure 15 shows examples of the resulting simulation affordance510

labels. The network took under 2 hours to train on the simulated network on a Titan X Pascal GPU.511

Collecting 8000 grasps on the robot supervised with our tactile classifier took approximately 14512

hours. Figure 16 compares affordance predictions from networks trained in simulation and on real513

robot grasps.514

Figure 16: Fine-tuned visuotactile grasp affordance compared to baselines. The model
trained in simulation (left, Sim2Real) is overly conservative, often failing to identify viable grasp
points—particularly near the bottom of the shirt. In contrast, the model trained only on real robot
grasps (middle, Real2Real) is overconfident in unexplored regions and is sensitive to misclassified
grasps where the robot contacts fabric inside the shirt, rather than the intended target region, without
regularization from the network trained in simulation.

7.6 Human Video Demonstrations515

In order to extract grasp points from human video demonstrations, we trained a custom gesture516

recognizer based on MediaPipe’s GestureRecognizer framework. This network allows us to track517

transitions between open and grasping hands and tracks the hand skeleton. We identify grasp events518

as frames in which both hands are in a grasping pose, and extract the first frame of these segments519

as key frames. The index fingertip of the lower hand is then used as a query point for our dense cor-520

respondence model to localize the intended grasp location on a canonical garment image (Figure 6).521

We apply a Segment Anything-based mask [38] to isolate the garment in the demonstration image.522

While the full pipeline enables generalization across different users and environments, its success523

rate is currently limited. The gesture recognizer can misclassify ambiguous hand poses and the524

off-the-shelf skeleton tracker occasionally fails to accurately localize the hands. Additionally, the525

dense correspondence model struggles in frames where the hand occludes the target grasp point. To526
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mitigate occlusion, we select a frame a few steps prior to the grasp, but in many cases, the cloth527

shifts between these frames, leading to inaccurate grasp localization. This pipeline is outside of the528

primary focus of our work, but rather a demonstration of the potential for using dense descriptors to529

interface with unconstrained human video data. With more focused development, these limitations530

could likely be addressed—for example, by training a more robust, domain-specific gesture recog-531

nizer or incorporating occlusion-aware correspondence networks. Despite its current limitations,532

this approach illustrates how our descriptor representation enables pick point extraction directly533

from raw demonstrations—a key step toward scaling data collection for garment manipulation.534
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