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Abstract. Establishing reliable correspondences across diverse object005 005

instances is fundamental to robust 3D understanding and generalizable006 006

manipulation. However, existing methods are often inconsistent across007 007

geometries or vulnerable to non-canonicalized poses, making correspon-008 008

dence transfer unreliable. To address this, we propose XSemanticFlow,009 009

which learns correspondences from pure semantic features. Given per-010 010

object semantic feature fields, XSemanticFlow applies hierarchical intra-011 011

object self-attention and inter-object cross-attention to predict soft cor-012 012

respondence maps. By restricting cross-attention strictly to semantic to-013 013

kens, XSemanticFlow avoids geometric overfitting, enabling it to predict014 014

generalizable correspondences across different topologies and produce015 015

aligned feature fields. This enables XSemanticFlow to learn effectively016 016

through self-supervised cross-pose alignment on large-scale unlabeled017 017

shapes, followed by supervised cross-instance finetuning on a cosegmen-018 018

tation dataset containing labeled object pairs from PartNet. We eval-019 019

uate our method on both 3D understanding and manipulation tasks.020 020

For 3D understanding, XSemanticFlow improves self-segmentation with021 021

SE(3) augmentations by +19.1 mIoU and +20.6 accuracy, and cross-022 022

instance cosegmentation by +10.9 mIoU and +12.5 accuracy over base-023 023

lines, demonstrating stronger transform consistency and semantic align-024 024

ment. For manipulation, XSemanticFlow provides a reliable alternative025 025

to recent video-generation-based pipelines for zero-shot manipulation.026 026

Rather than relying on synthesized visual plans, we directly transfer con-027 027

tact regions and end-effector trajectories from a single reference demon-028 028

stration to novel instances, bypassing the brittle video generation failures029 029

common in contact-critical tasks.030 030

1 Introduction031 031

Establishing reliable correspondences across diverse 3D object instances is a032 032

foundational capability for both visual understanding and robotic manipulation.033 033

Given two objects that differ in shape, scale, and topology, a system that can034 034

reliably map every surface point on one to its functional counterpart on the035 035

other unlocks a wide range of downstream tasks: transferring part labels with-036 036

out per-instance annotation and remapping entire manipulation demonstrations037 037

onto novel objects without retraining a policy [1,20,31,32]. In this sense, corre-038 038

spondence prediction serves as a general-purpose primitive; once the predicted039 039

correspondence field is accurate enough, many category-level perception and040 040
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Fig. 1: XSemanticFlow for semantic correspondences and manipulation
transfer. (a) Given a source and a query object, XSemanticFlow takes PartField [16]
features and performs hierarchical self-/cross-attention in semantic space to produce
aligned dense features and soft correspondences. (b) Cross-instance cosegmentation via
label transfer using the aligned field. (c) Zero-shot demonstration remapping: corre-
spondences transfer contact points and end-effector trajectories from a single reference
demonstration to new object instances.

control problems reduce to simple correspondence lookups in an aligned feature041 041

space.042 042

Recent advances in vision foundation models have made promising progress043 043

toward this goal. 2D foundation models [3, 4, 11, 19, 24, 25, 27] provide powerful044 044

open-vocabulary semantic descriptors that have been widely used for correspon-045 045

dence bootstrapping. In 3D, methods [16,17,26,36] learn part-aware embeddings046 046

to capture semantics in 3D structures. However, these existing feature matching047 047

methods are often inconsistent across diverse 3D geometries and highly vulner-048 048

able to non-canonicalized object poses. Because these embeddings are not ex-049 049

plicitly forced to align across instances, the same functional object part can lead050 050

to embeddings which occupy drastically different regions in the feature space on051 051

different objects, making semantic correspondence transfer unreliable.052 052

To address this, we propose XSemanticFlow, which learns correspondences053 053

between object instances from purely semantic features. Given per-object seman-054 054
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tic feature fields, XSemanticFlow applies hierarchical intra-object self-attention055 055

to reason about local part structures, and inter-object cross-attention to predict056 056

soft correspondence maps between different geometries. The key design choice057 057

in our matching module is that it uses only semantic tokens, restricting the058 058

cross-attention layers from accessing absolute geometric coordinates. By strictly059 059

limiting cross-attention to semantic features, XSemanticFlow avoids geometric060 060

overfitting during large-scale pre-training. This formulation forces the correspon-061 061

dences to follow functional semantics rather than spatial patterns, enabling the062 062

model to predict generalizable soft correspondence maps across different topolo-063 063

gies and produce aligned feature fields via weighted feature propagation.064 064

To effectively train this architecture, we propose a three-stage training recipe065 065

using both large-scale unannotated shapes and labeled data. First, we fine-tune066 066

the backbone feature extractor for SE(3) invariance. Next, we use large-scale067 067

unlabeled shapes from Objaverse-v1 [5] to perform self-supervised cross-pose068 068

alignment via random SE(3) transforms and a spatial correspondence loss. Fi-069 069

nally, we perform supervised cross-instance finetuning on PartNet-Coseg, a070 070

cosegmentation dataset containing labeled object pairs from PartNet [18]. Be-071 071

cause exact point-to-point mappings are undefined across distinct geometries,072 072

this final stage drives cross-instance semantic alignment using canonical pose073 073

spatial targets and a triplet relative-consistency loss.074 074

We evaluate our method on both 3D understanding and physical manip-075 075

ulation tasks. For 3D understanding, we measure SE(3) consistency via self-076 076

segmentation on PartNet-Coseg, where XSemanticFlow improves mIoU by077 077

+19.1 points and Accuracy by +20.6 points over [16], demonstrating stronger078 078

transform-consistent representations. We also evaluate semantic consistency across079 079

instances through cosegmentation on PartNet-Coseg, where XSemanticFlow080 080

improves CoSeg-mIoU by +10.9 points and CoSeg-Acc by +12.5 points, showing081 081

the learned field aligns reliably across diverse geometries. For manipulation, XSe-082 082

manticFlow enables zero-shot demonstration remapping across physical tasks,083 083

including threading a mug onto a rack, watering a plant, and precisely pour-084 084

ing granular blocks. By transferring contact regions and end-effector trajectories085 085

from a single reference demonstration to novel instances via contact-aware spa-086 086

tial alignment, we avoid the need for per-target demonstration video generation.087 087

This approach overcomes the common bottleneck of video generation quality088 088

in video-based zero-shot planning, resulting in higher execution success rates on089 089

contact-critical tasks compared to state-of-the-art zero-shot baselines [7,13]. The090 090

main contributions of this paper are as follows:091 091

– We propose XSemanticFlow, which learns correspondences across instances092 092

using purely semantic hierarchical cross-attention to avoid geometric over-093 093

fitting and generalize across topologies.094 094

– We introduce a three-stage training recipe that combines foundational SE(3)095 095

fine-tuning, self-supervised cross-pose alignment on unlabeled shapes, and096 096

supervised cross-instance alignment using canonical pose spatial targets.097 097
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– On self-segmentation, XSemanticFlow improves mIoU by +19.1 points and098 098

accuracy by +20.6 points over 3D segmentation baselines [16,26,36], demon-099 099

strating strong SE(3) transform consistency.100 100

– On cross-instance cosegmentation, XSemanticFlow improves mIoU by +10.9101 101

points and accuracy by +12.5 points over baselines [16, 26, 36], enabling102 102

reliable label transfer for 3D understanding.103 103

– We apply the learned field to zero-shot demonstration remapping, transfer-104 104

ring a single reference manipulation trajectory to novel object instances. This105 105

contact-aware spatial alignment improves upon video-model-based zero-shot106 106

baselines [7, 13] by avoiding video generation failures.107 107

2 Related Works108 108

Correspondences through feature matching. Traditional 3D segmentation109 109

works [18, 21, 22, 34, 35, 38] target closed-vocabulary 3D understanding by pre-110 110

dicting semantic part labels with supervised 3D segmentation networks. These111 111

methods primarily output discrete labels and typically require category-specific112 112

supervision, and therefore do not directly provide a reliable correspondence field113 113

that generalizes across unseen geometries and poses. Recently, advances in vision-114 114

language foundation models enables open-vocabulary semantic descriptors ex-115 115

tractions for matching and alignment [3, 4, 11, 19, 24, 25, 27]. While these repre-116 116

sentations provide powerful semantics and enable correspondence bootstrapping117 117

in 2D, they do not explicitly enforce 3D consistencies. Features can drift under118 118

viewpoint, scale, or occlusion, and lifting 2D descriptors into 3D often produces119 119

fragmented, instance-dependent fields. PartField [16] improves 3D consistency120 120

of semantic featuring by distilling multi-view 2D foundation-model part propos-121 121

als and available 3D part annotations into a continuous, queryable 3D feature122 122

field, optimized with a triplet-based contrastive objective that encourages points123 123

from the same proposed part to embed closely while separating others. Never-124 124

theless, [16] does not explicitly enforce alignment of embeddings across different125 125

object instances or non-canonicalized poses, which limits its direct application126 126

in cross-object reasoning and manipulation. In contrast, our method learns to127 127

align two 3D feature fields directly; it propagates semantics across objects using128 128

semantic-only cross-attention and trains with cross-pose and cross-object ob-129 129

jectives, yielding semantic correspondences that generalize across geometry and130 130

pose variations.131 131

Zero-shot manipulation. Motivated by recent advances in large language132 132

models and vision-language models [15,23,30], there is growing interest in solv-133 133

ing manipulation through zero-shot generalization. A prominent direction trains134 134

vision-language-action (VLA) policies [8,10,12,29] on large collections of robot135 135

trajectories to directly map observations and language into actions. While pow-136 136

erful, the scalability of VLAs is often limited by the cost and coverage of high-137 137

quality physical interaction data compared to web-scale supervision. An alter-138 138

native line leverages VLMs as high-level planners that generate symbolic pro-139 139

grams or spatial plans rather than continuous motor commands [6, 9, 14, 37],140 140
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improving task decomposition and generalization but frequently struggling with141 141

fine-grained 3D localization and geometric reasoning required for precise contact.142 142

Recent advances [7, 13] improve zero-shot manipulation success rate by in-143 143

troducing explicit geometric grounding from generated videos. [13] extracts144 144

actionable 3D object flow from generated task-solving videos using off-the-shelf145 145

perception modules, then translates the flow into executable robot actions via146 146

grasp proposals and trajectory optimization. [7] extends video-based planning147 147

to long-horizon settings with a closed-loop VLM planner that monitors execu-148 148

tion and triggers re-planning, while grounding low-level actions through tracked149 149

object keypoints and extracted human hand poses from generated rollouts to150 150

maintain stable execution under occlusion and depth noise. Complementary to151 151

these geometry-grounded video planning systems, our method introduces seman-152 152

tic reasoning and cross-instance alignment that better solves task configurations153 153

which are challenging for video generation. Given a single high-quality refer-154 154

ence demonstration video at a reference configuration, we can use semantically155 155

aligned correspondences to remap robot execution trajectories to novel object156 156

instances and configurations.157 157

3 Method158 158

Given two 3D geometries MA and MB from the same semantic category, our159 159

goal is to learn correspondences that generalize across instances. We build upon160 160

the PartField backbone [16] and introduce XSemanticFlow, a hierarchical trans-161 161

former that produces aligned feature fields by explicitly decoupling geometric162 162

coordinates from the correspondence prediction. The resulting dense field can163 163

then be directly leveraged towards downstream cosegmentation and zero-shot164 164

manipulation tasks.165 165

3.1 Network Architecture166 166

Given MA and MB , PartField [16] triplane features are first extracted. This167 167

representation allows querying a semantic feature at any coordinate via bilin-168 168

ear interpolation. To process the geometry efficiently, XSemanticFlow predicts169 169

correspondences by transforming the unaligned backbone features into a shared170 170

subspace through a sequence of purely semantic operations. The network consists171 171

of the following modules, illustrated in Figure 1(a):172 172

1. Meta-Point Sampling and Local Feature Aggregation. We first sam-173 173

ple a set of representative surface meta-points. For each meta-point, we per-174 174

form local attention over its K nearest neighbors in Euclidean space. How-175 175

ever, to prevent geometric overfitting, the aggregation attention weights over176 176

these neighbors are computed using only their semantic features from [16].177 177

2. Self-Attention for Intra-Object Aggregation. To reason about intra-178 178

object structural dependencies, the aggregated meta-point tokens undergo179 179

standard multi-head self-attention. This operation is performed globally among180 180
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all meta-points belonging to the same object. Consistent with our semantic-181 181

only design principle, this block applies no positional encoding, forcing the182 182

network to construct the object’s internal layout purely through semantic183 183

relationships.184 184

3. Cross-Attention for Inter-Object Propagation. To establish corre-185 185

spondence across different geometries, we apply cross-attention between the186 186

meta-points of the distinct objects. The inter-object attention weights are187 187

computed by matching the self-attended semantic queries of one object188 188

against the keys of the other. Because this mechanism relies solely on se-189 189

mantic similarity, it is completely blind to absolute geometric coordinates.190 190

4. Sparse Correspondence Prediction. Beyond aligning features, the inter-191 191

object cross-attention block naturally yields a sparse meta-to-meta corre-192 192

spondence matrix WAB (and WBA) from the attention weights. This weight193 193

matrix explicitly captures the soft assignments between the meta-points of194 194

the two objects and is used directly to compute the spatial correspondence195 195

loss during training.196 196

5. Dense Feature Propagation. Finally, the cross-updated meta-point se-197 197

mantics are propagated back to the dense mesh vertices. For each dense198 198

point, we identify its K-nearest meta-points in Euclidean space. We then199 199

perform a localized, semantic-only attention step where the dense point’s200 200

semantic feature acts as the query, and the neighboring meta-points provide201 201

the keys and values. A final residual MLP decodes these attended features to202 202

refine the original backbone features into a fully aligned dense feature space.203 203

Because the resulting dense fields share a consistent semantic space, full-204 204

resolution point-to-point correspondences can be established downstream via205 205

simple nearest-neighbor feature matching.206 206

3.2 Training Procedure207 207

Learning generalizable semantic correspondences requires the predicted field to208 208

be stable under rigid pose changes of the same object and semantically consistent209 209

across different objects within a category. A major challenge in achieving this is210 210

the severe scarcity of fine-grained 3D part annotations [18], compared to large211 211

scale unlabeled 3D geometry data [5]. Furthermore, defining exact point-to-point212 212

ground truth mappings between structurally distinct instances is fundamentally213 213

ill-posed.214 214

To overcome this data bottleneck, we optimize XSemanticFlow using a three-215 215

stage training pipeline designed to maximize the utility of both abundant un-216 216

labeled 3D assets and scarce labeled datasets. Our core intuition is that the217 217

general mechanism of robust correspondence can be learned entirely via self-218 218

supervision: by applying synthetic SE(3) transformations to unlabeled shapes,219 219

we generate infinite training pairs with perfect spatial ground truth. Because220 220

our cross-attention module is restricted to semantic tokens, this self-supervised221 221

phase prevents geometric memorization and forces the network to learn a gener-222 222

alizable matching function. Once this robust matching capability is established,223 223

we require only a small set of labeled cross-instance pairs to explicitly align224 224
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the semantic feature spaces across different geometries without relying on strict225 225

point-to-point supervision.226 226

To preserve part-level relational structures across transformations and in-227 227

stances, we introduce a Triplet Relative Consistency Loss applied during both228 228

self-supervised and supervised training stages. Rather than constraining absolute229 229

feature values, this objective aligns intra-object feature distributions before and230 230

after feature propagation to the same object going through an SE(3) transform.231 231

For a sampled triplet of points (p1, p2, p3) on an object, we compute their pair-232 232

wise feature distances (e.g., cosine distance) in the raw feature space F , yielding233 233

a distance vector dF = [dF12, d
F
13, d

F
23]. We convert this into a probability distri-234 234

bution via softmax with temperature τ , PF = softmax(dF /τ). We identically235 235

compute the distribution PF̂ using the propagated features F̂ over transformed236 236

object. We then penalize the symmetric Kullback-Leibler divergence between237 237

these relational distributions across a set of randomly sampled triplets T :238 238

Ltriplet =
1

|T |
∑
t∈T

1

2

(
DKL(PF̂ ∥ PF ) +DKL(PF ∥ PF̂ )

)
(1)239 239

This ensures that the relative semantic distances between points on an object240 240

remain proportionally consistent before and after transformation.241 241

The complete three stage training pipeline is as follows:242 242

1. Backbone SE(3) Finetuning. Before training the correspondence module,243 243

we first fine-tune the frozen PartField [16] backbone to achieve foundational244 244

SE(3) invariance. This ensures that the base semantic features extracted245 245

from the input point clouds are robust to arbitrary rigid transformations246 246

before they are passed into the cross-attention layers.247 247

2. Self-Supervised Training on Objaverse. In the second stage, we freeze248 248

the fine-tuned PartField [16] backbone and train the XSemanticFlow mod-249 249

ules using self-supervision on Objaverse-v1 [5]. For each unannotated mesh,250 250

we generate two views by applying independent random SE(3) transforms.251 251

For a sampled point set QA, we compute its transformed counterpart QA,gt252 252

in the second view. We train the network using a spatial Correspondence253 253

Loss:254 254

Lcorr =
∥∥bmm(WAB ,QB)−QA,gt

∥∥2. (2)255 255

Because the exact geometry is identical across the two views, we also apply256 256

a Feature Loss minimizing the absolute distance between the propagated257 257

features F̂ and the ground-truth backbone features F :258 258

Lfeat = ∥F̂A − FA∥2. (3)259 259

Additionally, the Triplet Relative Consistency Loss (Ltriplet) is applied to260 260

ensure structural preservation within the identical geometry.261 261

3. Mixed Finetuning on Objaverse [5] and PartNet-Coseg. To en-262 262

sure the correspondences generalize across geometrically distinct instances,263 263

we fine-tune XSemanticFlow using a mixture of self-supervised pairs from264 264
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Objaverse-v1 and supervised cross-object pairs from PartNet-Coseg.265 265

Crucially, for cross-object pairs, exact per-point geometric correspondence266 266

is undefined, meaning the direct feature Lfeat cannot be used and is strictly267 267

masked out. Instead, we rely entirely on canonical-space Lcorr, with ground268 268

truth obtained by transforming query points into PartNet’s shared canoni-269 269

cal space, and the distribution-based Ltriplet to drive cross-instance semantic270 270

alignment without forcing absolute feature values to match.271 271

3.3 Downstream Application: Cosegmentation.272 272

For 3D understanding, XSemanticFlow enables cross-instance cosegmentation as273 273

illustrated in Figure 1(b). To produce these discrete part labels, we first perform274 274

agglomerative clustering on the target object’s features. Following [16], we in-275 275

corporate a face adjacency matrix during this step to ensure that the resulting276 276

clusters strictly respect the physical manifold of the mesh. Final part labels are277 277

then globally assigned by matching the source object’s labeled parts to the target278 278

object’s clusters using the Hungarian algorithm, driven by the aligned feature279 279

similarities provided by our semantic correspondence fields.280 280

3.4 Downstream Application: Zero-shot Demonstration Remapping.281 281

For physical manipulation, XSemanticFlow enables zero-shot demonstration remap-282 282

ping as illustrated in Figure 1(c). By transferring contact regions and end-effector283 283

trajectories from a single reference demonstration to novel instances, we avoid284 284

the brittle video generation failures common in video-model-based zero-shot ma-285 285

nipulation methods [7,13]. We utilize the semantic correspondences predicted by286 286

XSemanticFlow to remap and execute a contact-aware SE(3) trajectory align-287 287

ment. The remapping pipeline contains following steps:288 288

1. Scene Object Reconstruction. We first identify and reconstruct both289 289

the manipulated object (e.g., a mug) and the stationary anchor object (e.g.,290 290

a mug stand) in the demonstration and target scenes. We utilize open-291 291

vocabulary segmentation [2] and mesh reconstruction [28], followed by a292 292

pose estimator [33] to refine the 6-DoF mesh registration.293 293

2. Anchor Object Alignment. To ground the demonstration in the target294 294

environment, we query XSemanticFlow to find the semantic correspondence295 295

between the demonstration and target anchor objects. This yields a relative296 296

SE(3) transformation that structurally aligns the two scenes. Applying this297 297

transformation shifts and orients the entire base demonstration trajectory298 298

into the target scene’s coordinate frame.299 299

3. Manipulated Object Rotational Alignment. To ensure the manipu-300 300

lated object is oriented correctly for the task, we query XSemanticFlow be-301 301

tween the source object at its goal state and the target object. This provides302 302

a correspondence field from which we derive a relative semantic rotation303 303

Rsemantic that aligns the target object’s functional parts with the source’s304 304

goal orientation.305 305
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4. Contact Detection and Translation Refinement. By tracking the source306 306

object throughout the demonstration, we identify the earliest contact frame307 307

where it approaches the anchor within a strict distance threshold. Using XSe-308 308

manticFlow, we map these source contact vertices to their semantic equiv-309 309

alents on the target mesh. We apply the rotational offset Rsemantic to the310 310

target object first, and then compute a precise translation offset tdelta that311 311

perfectly aligns the centroid of the rotationally-aligned target contact region312 312

with the source’s contact region in the physical scene.313 313

5. Grasp and Trajectory Warping. Finally, the robot’s execution trajectory314 314

is synthesized in two distinct phases, separated by a contact alignment point315 315

selected as the closest point in the demonstration trajectory to the start-316 316

ing position of the manipulated object in the target scene. In the approach317 317

portion, the trajectory smoothly interpolates to correct the combined SE(3)318 318

offset—both the semantic rotation Rsemantic and the subsequent positional319 319

translation tdelta. In the replay portion, the robot follows the anchor-shifted320 320

and contact-aligned demonstration trajectory to complete the interaction.321 321

The initial grasp is correspondingly remapped to the semantically equiva-322 322

lent target vertices.323 323

4 Experiments324 324

We evaluate XSemanticFlow to answer two primary questions: (1) Does semantic-325 325

only cross-attention yield a feature field that is both robust to rigid transforma-326 326

tions and numerically aligned across geometrically distinct objects? (2) Can these327 327

learned correspondences serve as a reliable geometric primitive for the zero-shot328 328

transfer of complex robotic manipulation tasks? To answer the first question,329 329

we evaluate same-instance SE(3) consistency and cross-instance label transfer330 330

on the PartNet-Coseg dataset (Sec. 4.1). To address the second, we deploy331 331

XSemanticFlow in a zero-shot demonstration remapping pipeline, comparing its332 332

physical execution success against state-of-the-art video-based planning baselines333 333

(Sec. 4.2).334 334

4.1 Semantic Correspondence for 3D Cosegmentation335 335

In this section, we evaluate the quality of the predicted semantic-based corre-336 336

spondences to test whether the learned field is both transform-consistent and337 337

semantically aligned across distinct instances.338 338

Dataset and Evaluation Protocols. We construct PartNet-Coseg from339 339

PartNet [18] by sampling instance pairs within the same semantic category that340 340

share a matching set of part labels. We use the train split for supervision, and341 341

the validation and test splits for evaluation. We evaluate correspondence qual-342 342

ity under two protocols: same-object SE(3) consistency (PartNet-SE3) via343 343

self-segmentation, and cross-object cosegmentation (PartNet-Coseg) via label344 344

transfer between paired instances as discussed in Section 3.3. For both proto-345 345

cols, the input consists of a source point cloud with ground-truth part labels346 346
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Table 1: Semantic correspondence evaluation measured via self-segmentation
and cosegmentation on PartNet-Coseg. We report per-point accuracy (%) and mean
IoU (%) for same-instance self-segmentation under SE(3) augmentations (PartNet-
SE3) and cross-instance label transfer (PartNet-Coseg). The bottom block reports
ablations on XSemanticFlow.

PartNet-SE3 (Self-Segmentation) PartNet-Coseg (CoSegmentation)

Method Acc ↑ mIoU ↑ Acc ↑ mIoU ↑

PartField [16] 55.55 43.41 61.23 52.43
SAMesh [26] 46.17 41.55 56.11 45.52
SAMPart3D [36] 50.15 40.80 58.92 48.40
XSemanticFlow (ours) 76.18 62.47 73.75 63.32

w/o rot-invariant 72.51 61.62 68.86 58.74
w/o PartNet-Coseg 72.27 61.03 71.59 61.81
+ geo features 75.10 61.86 71.69 62.21

and a target point cloud. The output is the predicted part label assignment on347 347

the target. We evaluate these transferred predictions against the ground-truth348 348

target labels using two standard metrics: per-point accuracy, which measures349 349

the overall percentage of correctly classified points, and mean Intersection over350 350

Union (mIoU), which averages the overlap between predicted and ground-truth351 351

regions across all present part categories.352 352

Baselines. We compare XSemanticFlow against PartField [16], SAMesh [26],353 353

and SAMPart3D [36]. For each method, we obtain 3D part segments on both354 354

instances from the baseline methods, and then compute a per-part feature by av-355 355

eraging the method’s per-point/vertex descriptors within each segment. We then356 356

match parts across instances with the Hungarian algorithm using cosine distance357 357

between per-part features, and transfer source part labels to the matched target358 358

parts.359 359

Implementation Details. For all shapes, we sample surface points uniformly360 360

from the mesh and construct a set of meta-points for feature propagation. All361 361

models are optimized using AdamW. Following the three-stage procedure de-362 362

tailed in Sec. 3, we first fine-tune the PartField [16] backbone for 50 epochs to363 363

learn SE(3) invariance. Next, we freeze the backbone and train XSemanticFlow364 364

using self-supervision on Objaverse-v1 for 150 epochs. Finally, we fine-tune365 365

XSemanticFlow on a mixed batch of Objaverse-v1 and the PartNet-Coseg366 366

training split for 50 epochs.367 367

Results and Analysis. Table 1 summarizes the performance across both pro-368 368

tocols. On PartNet-SE3, XSemanticFlow yields a massive improvement over369 369

unaligned 3D semantic features from [16, 26, 36], increasing SelfSeg-mIoU from370 370

43.41% to 62.47% (+19.06 points) and SelfSeg-Acc from 55.55% to 76.18%371 371

(+20.63 points). On PartNet-Coseg, XSemanticFlow improves CoSeg-mIoU372 372

from 52.43% to 63.32% (+10.89 points) and CoSeg-Acc from 61.23% to 73.75%373 373

(+12.52 points). Results from PartNet-SE3 suggests that raw PartField em-374 374

beddings are highly sensitive to rigid transformations, whereas XSemanticFlow375 375



ECCV 2026 Submission #2863 11

Source Object 
Labels

GT Target Object 
Labels

XSemanticFlow
Cosegmentation

Results
Source Semantic 

Features
Target Semantic 

Features

Target 
Canonicalization via 

Correspondences

PartField
Cosegmentation

Results

Fig. 2: Cross-instance cosegmentation via aligned semantic fields. Given a
source instance with part labels, XSemanticFlow transfers labels to a geometrically
distinct target via nearest-neighbor lookup in the aligned feature space.

learns substantially more transform-consistent representations through semantic-376 376

only matching and spatial anchoring. Figure 2 visualizes this cross-instance label377 377

transfer using the learned correspondences, showing that our method is both378 378

quantitatively and qualitatively better than [16].379 379

Ablations. We ablate key design choices that enable generalizable semantic380 380

correspondences, reporting mIoU on both PartNet-SE3 and PartNet-Coseg381 381

(Table 1, bottom block):382 382

1. w/o rotational invariant pre-training : shows that more rotationally robust383 383

PartField [16] features are both helpful for self-segmentation and for cross-384 384

instance semantic alignment.385 385

2. w/o PartNet-Coseg fine-tuning : demonstrates that supervised cross-object386 386

alignment improves correspondence quality beyond self-supervised training387 387

alone, with its removal dropping cross-instance CoSeg-mIoU from 63.32 to388 388

61.81.389 389

3. + geometric features in cross-attention: confirms that injecting positional390 390

and geometric signals into the attention block causes the model to overfit to391 391

geometric shortcuts, actively degrading correspondence generalization across392 392

both tasks.393 393

In summary, our ablation study validates the core architectural and training394 394

decisions of XSemanticFlow. The empirical results demonstrate that relying on395 395
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Demonstration 
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Remapping to 
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Configurations

1 2 3 4 5

1 2 3 4 5

1 2 3 4 5
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Fig. 3: Zero-shot trajectory remapping on Mug Hanging and Block Pouring
tasks. (a) Experiments on Mug Hanging task. (b) Experiments on Block Pouring task;
which is equivalent to Water Plant except the blocks as physical verification.

purely semantic cross-attention prevents geometric overfitting, while rotation-396 396

invariant pre-training is crucial for handling arbitrary object poses. Together397 397

with supervised cross-instance fine-tuning, these components synergize to yield398 398

the most robust correspondence transfer across diverse geometries and topolo-399 399

gies. We provide more ablations over training losses and self-supervised scaling400 400

in the supplement.401 401

4.2 Zero-Shot Demonstration Remapping402 402

To evaluate the functional utility of XSemanticFlow, we transfer a single suc-403 403

cessful manipulation demonstration on a source object to geometrically distinct404 404

target instances without retraining a policy or regenerating demonstration videos405 405

for each new object.406 406

Baselines and Tasks. We compare against two state-of-the-art video-based407 407

zero-shot manipulation frameworks, NovaFlow [13] and NovaPlan [7], since they408 408

represent the strongest prior art that grounds robot actions from generated roll-409 409

outs rather than requiring task-specific policy training. We evaluate zero-shot410 410

demonstration remapping on three tasks with increasing physical strictness:411 411

1. Mug Hanging : thread a mug handle onto a rack, requiring precise contact412 412

geometry. [13] originally generated demonstration videos using both start413 413

and goal images, which violates the standard zero-shot setting. Our evalua-414 414

tion protocol instead enforces a stricter zero-shot constraint. We provide a415 415

single reference demonstration generated using both images; however, for all416 416

subsequent evaluation trials on novel instances, neither our method nor the417 417

baselines are given access to goal images.418 418
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Fig. 4: Zero-Shot Demonstration Remapping Success Rates. We compare the
physical execution success of XSemanticFlow against video-based zero-shot manipula-
tion baselines (NovaPlan and NovaFlow) across three tasks. While baselines perform
adequately on the lenient Water Plant metric, their performance drops significantly on
tasks requiring precise spatial grounding. In Mug Hanging and the strict Block Pour-
ing physical verification task, XSemanticFlow drastically outperforms the baselines by
leveraging accurate contact-aware spatial alignment derived from our learned semantic
correspondence field.

2. Water Plant : grasp a mug and tilt it over a plant. For hardware safety, no419 419

real liquid is used. Execution is counted as a success if the robot correctly420 420

positions and tilts the vessel directly over the target plant.421 421

3. Block Pouring : a strict physical verification variant of Water Plant where422 422

the vessel is filled with granular blocks. For an execution to be counted as a423 423

success, at least one block must make physical contact with the plant.424 424

Results and Analysis. On the Water Plant metric, all methods perform well,425 425

with NovaFlow [13] reaching 60% success and both NovaPlan [7] and XSeman-426 426

ticFlow reaching 90%. In contrast, Block Pouring is substantially harder because427 427

success requires physically grounded pouring as granular blocks must land in the428 428

pot. Small pose or contact errors in trajectory that pass Water Plant may cause429 429

failure in Block Pouring. Under this strict criterion, the baselines are vulnera-430 430

ble to the quality of generated videos. Both NovaFlow [13] and NovaPlan [7]431 431

achieve a 40% success rate while XSemanticFlow achieves 70% success rate.432 432

Similarly, in Mug Hanging, where video generation tends to fail without goal im-433 433

ages, NovaFlow [13] and NovaPlan [7] drop to 10% and 20% success respectively,434 434

while XSemanticFlow transfers a single high-quality reference demonstration via435 435

correspondence-based remapping to achieve 80% success.436 436

4.3 Failure Case Analysis437 437

Figure 5 illustrates major failure modes of XSemanticFlow. Figure 5(a)(i) illus-438 438

trates where feature alignment fails when instances within the same nominal439 439

class have different sets of semantic labels. Differences in sets of labels usually440 440
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(a) Cosegmentation Failures. (b) Zero-shot Remapping Failures.

1 2

3 4

Source Object 
Labels

GT Target Object 
Labels

XSemanticFlow
Cosegmentation

Results

(i)

(ii)

Fig. 5: Failure cases of XSemanticFlow. (a) Cosegmentation tends to fail on ob-
jects with mismatching label sets. (b) Trajectory remapping failure where the robot
fails to perform the planned pouring action due to joint limit.

induce ambiguous or missing correspondences, and forcing one-to-one matching441 441

can lead to incorrect assignments or collapsed clusters. Figure 5(a)(ii) shows an-442 442

other failure of cosegmentation by XSemanticFlow due to geometric symmetries.443 443

In these cases, multiple regions are equally plausible matches, such as the verti-444 444

cal and horizontal panels on the shelf become indistinguishable after an SE(3)445 445

transform. On the manipulation side, Figure 5(b) illustrates a failure where the446 446

robot cannot execute the full planned trajectory due to a collision with the cam-447 447

era pillar during the pouring action. XSemanticFlow currently does not support448 448

remapping with optimization against obstacles, and we leave it as future work.449 449

Figure 3 illustrates the demonstration video and the execution snapshots by450 450

XSemanticFlow in different configurations.451 451

5 Conclusion452 452

We introduced XSemanticFlow, a method for learning generalizable dense cor-453 453

respondences from semantic features across 3D object instances. By explicitly454 454

decoupling geometric coordinates from cross-attention, XSemanticFlow prevents455 455

positional shortcuts and forces correspondence discovery to rely on latent seman-456 456

tic signatures. A three-stage training procedure—foundational SE(3) backbone457 457

finetuning, self-supervised cross-pose training on large-scale unlabeled data, and458 458

mixed fine-tuning using canonical-pose spatial targets and a triplet consistency459 459

loss—yields dense features that are both pose-invariant and numerically consis-460 460

tent across geometrically diverse instances.461 461

We validated the learned correspondences on two complementary down-462 462

stream tasks. On cosegmentation (PartNet-Coseg), XSemanticFlow improves463 463

accuracy and mIoU over unaligned feature fields and coordinate-aware baselines.464 464

On zero-shot demonstration remapping—which subsumes both grasp transfer465 465

and trajectory warping—a single manipulation demonstration is successfully466 466

transferred to geometrically distinct instances within a category. Together, these467 467

results demonstrate that dense, semantically grounded correspondences serve as468 468

a general-purpose primitive for category-level 3D perception and manipulation.469 469
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