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Common approaches for 3D multi-view pose estimation

» Motivation
a) Our proposed sparse interleaved input, where each view selects asingle temporally interleaved image as input to
leverage spatio-temporal information across views fully;
b) illustration of dense, full-framemulti-view input;

c) keypoint interpolation input, which enhances the output frame rate;

d) 1llustration of single-view image input
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[llustration of frame rate enhancement through interleaved multi-view input.

Synchronous Sampling Bottleneck Traditional multi-view systems rely on synchronous frame capture, which

1s limited by the hardware frame rate (F) of individual cameras, failing to capture high-frequency motion.

Spatio-Temporal Information Waste Existing paradigms treat multi-view inputs as redundant spatial snapshots,
overlooking the potential to use temporal phase differences (interleaved sampling) to reconstruct higher-resolution
signals.

Real-Time Latency Trade-off:

Current 3D pose methods often require waiting for a full set of multi-view

frames to be captured, creating a computational "dead time" that hinders low-latency, real-time applications.
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> 1. DenseWarper
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* A sliding window 1s used to sample sparse interleaved images, with a 2D pose estimation model generating

initial heatmaps for each view.

* Missing information is filled to create uncorrected heatmaps. These are then spatially fused and corrected using

an epipolar geometry-based method, yielding a spatially fused heatmap.
* Deformable convolutions are then applied for temporal fusion.

* Finally, the resulting spatiotemporally enriched heatmap 1s processed via triangulation to obtain accurate 3D

keypoints.
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> 1. DenseWarper

a) Epipolar geometry-based spatial heatmap fusion architecture
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(a) lustration of the Point-L ine
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(b) Epipolar Geometry-based Spatial Heatmap Fusion

(a) Geometric interpretation of the point-line relationship for keypoints across different views;

(b) the pipeline for spatial heatmap fusion based on epipolar geometry. For an inaccurate heatmap point q, we
use accurate points q’ from other views to correct it. First, we compute the corresponding epipolar lines in the
other two heatmaps. Then, we identify the maximum response along the line associated with q and add these
values to the original response at q in its heatmap. This process yields a spatially corrected heatmap. In the
figure, non-diagonal heatmaps with masking represent the target heatmaps for correction, all processed
according to this method
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> 1. DenseWarper

a) The structure of the temporal fusion module
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Figure 4: The structure of the temporal fusion module (Warper). We perform temporal correction based on the initial corrected heatmaps
obtained from multi-view spatial fusion. For each heatmap in a target time frame (i.e., non-diagonal heatmaps in the figure), we compute
its difference with the corresponding accurate heatmap in the same view (the diagonal heatmap) and apply a temporal pose feature learning
maodule to correct the heatmaps along the temporal dimension further. We feed the computed differences into a stack of 3 x 3 residual blocks,
followed by five 3 x 3 convolutional layers with dilation rates d € {3, 6, 12, 18, 24}. Each convolutional layer predicts a set of five offsets

D':d}(pn} for each pixel location p,,, which are used to rewarp pose heatmap B. The five rewarped heatmaps are then summed, and the
resulting tensor is used to predict the target heatmap.



2. Method

ICLR 2026

» 2. Heatmap Fusion

a) Heatmaps
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> 1. Dataset and Evaluation Metric

* Human3.6M. Human3.6M is a large-scale benchmark dataset widely used for 3D human pose estimation in
controlled indoor environments. It consists of 3.6 million frames recorded from four synchronized high-resolution
cameras capturing 11 professional actors (6 male, 5 female) performing 15 distinct activities, including walking,
sitting, and object interactions

e MPI-INF-3DHP. The MPI-INF-3DHP dataset is a comprehensive resource for multi-view 3D human pose
estimation, featuring annotated frames from indoor and everyday settings. It includes 8 actors (4 male, 4 female),
each performing 8 activity sets, such as walking, sitting, complex exercises, and dynamic actions. With diverse

scenarios and multi-view recordings, the dataset enables robust environment.

The MPJPE measures 3D pose accuracy via mean Euclidean distance between predicted (P =
{p1,...,ps}) and ground truth (P = {p;,...,ps}) joints:

J
1 .
MPJPE = 7 E 16 — pill2 (11)
T =1

where || - ||2 is Euclidean norm.
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> 2. Main Results in Human3.6M

METHOD INPUT AVG
Dir. Disc. Eat. Greet. Phone. Photo. Pose. Pur  Sit.  SitD. Smoke. Wait, Walk., WalkD. WalkT.

2D—Ground Truth (GT)

GLA-GCN (T=243) Single 266 272 292 254 282 317 295 270 378 400 299 270 205 273 208 285
KTP-Former (T=243 Single 227 234 218 225 242 299 257 229 303 369 244 233 173 243 182 245
; Full 263 254 224 239 29 226 241 244 237 216 240 239 231 239 0§ 237
Interp 260 256 222 236 223 239 238 243 244 233 244 239 223 249 204 238
Interp 261 252 223 236 227 224 238 243 236 214 238 238 29 237 205 235
Sparse 273 274 236 263 243 241 250 273 244 227 250 253 266 264 260 254
Full 232 263 220 229 252 231 238 285 312 252 274 236 265 234 250 252
Interp 235 275 215 219 247 290 230 237 306 341 266 222 24 2716 240 255
Interp 230 260 216 216 249 271 228 233 282 324 249 221 231 262 247 248
Sparse 244 271 228 246 258 242 258 282 311 258 282 252 284 274 282 264
Sparse 232 225 210 219 205 212 205 220 212 197 214 205 221 218 207 213
2D—CPN
GLA-GCN (T=243) Single 414 444 408 418 460 541 421 415 579 629 451 428 293 459 299 444
KTP-Former (T=243) Single 377 397 359 377 421 480 387 392 525 562 413 400 268 396 276 402
FinePose (T=243) (Xu et al [2024a] Single - - - - - - - - - - - - - - - 402
Adafuse Full 350 371 322 349 352 366 330 346 405 413 372 353 338 374 331 358
Adafuse + MCC Interp 319 369 301 328 334 320 320 324 374 488 339 337 324 365 316 344
Adafuse + SLERP Interp 344 368 319 340 346 357 323 341 402 410 367 348 334 368 324 353
Adafuse Sparse 359 372 333 362 367 372 331 369 418 410 376 358 370 382 351 369
Sgraformer (Zhang et al. {2024] Full = e i . - . " G = " - . . - 354
Ours ' Sparse 320 352 300 324 330 344 302 323 389 400 355 329 314 360 304 336
2D=SimpleBaseline
GLA-GCN (T=243) Single 411 429 405 393 442 528 425 409 541 606 445 404 322 448 352 437
KTP-Former (T=243) Single 354 369 343 347 396 434 363 350 475 574 394 354 275 387 294 381
FinePose (T=243) Single 317 323 287 297 336 349 291 287 409 409 329 314 231 316 224 314
Adafuse Full 283 299 253 205 269 264 27.0 281 287 321 278 288 267 296 255 28.1
Adafuse + MCC Interp 276 300 251 294 265 269 264 279 292 323 279 285 264 299 254 280
Adafuse + SLERP Interp 283 300 253 305 269 264 269 281 287 321 277 288 268 296 255 281
Adafuse Sparse 299 306 261 312 279 274 277 302 297 323 285 298 308 310 290 295
Algebraic (Iskakov et al 12019a Full 198 230 203 499 219 217 183 205 234 586 221 484 230 225 241 275
Volumetric fskakov etal a Full 188 217 196 501 212 210 184 202 218 571 215 484 225 217 225 267
Sgraformer Full 243 251 211 247 245 249 216 221 265 321 251 240 213 254 216 243
Ours Sparse 212 247 197 230 198 216 190 216 229 312 216 232 217 234 198 223

MPJPE Comparison with state-of-art pose estimation methods on Human3.6M (mm) using ground-
truth and detected 2Dposes. Best in bold
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» 2. Main Results in Human3.6M
METHOD INPUT ALTIINS AVG

Dir. Disc. Eat Greet. Phone. Photo. Pose. Pur.  Sit. SitD. Smoke. Wait Walk WalkD., WalkT.

20—SimpleBaseline-P-MPJIPE
GLA-GCN (T=243) (Yu et al 1202

KTP-Former (T=243) Mi

FinePose [T—"’ilf'-} "(u cLa A a

Single 321 351 332 320 354 409 331 334 435 500 365 325 255 1.1 271.1 352
Single 286 31.1 3283 289 327 349 290 292 399 473 335 200 224 325 239 314
Single 248 263 247 240 7.0 28.1 224 238 337 333 T4 246 192 5.8 185 256

Adafuse (Zhang et D071 Full 210 224 191 209 208 202 194 200 22 231 213 201 194 221 151 207
Adafuse + MCC Zhang et al 20213 L} Interp 205 226 188 210 205 210 191 194 226 233 216 201 194 225 124 207
Adafuse + SLERF Zhang et al 002 TfiChen et al £2022] Interp 209 224 190 222 208 202 193 199 222 230 212 201 193 22 181 207
Adafuse (Z han et al 02T Sparse 225 226 197 225 215 209 200 205 25 234 217 206 B3 234 209 217
Sgraformer (Zhang et al. Lol Full 199 201 181 182 208 203 171 177 230 262 219 186 117 207 179 199
Ours = Sparse 203 229 178 182 179 190 156 174 213 273 189 182 190 205 166 194

Note: Complete version with all baseline comparisons. Gray rows highlight our method. Action abbreviations:
Directions (Dir), Discussion (Disc), Sitting Down (SitD), Walking Dog (WalkD), Walking Together (WalkT).
Time frames (T=243) are shown where applicable. For the 2D pose estimation, we utilize ground truth, CPN
(Cascaded Pyramid Network), and SimpleBaseline to obtain the corresponding 2D pose sequences. T represents
the number of input time frames. MCC (Motion Consistency and Continuity) and SLERP (Spherical Linear
Interpolation) are keypoint interpolation methods. MCC is a neural network-based interpolation method while
SLERP is a traditional interpolation technique.

P-MPJPE Comparison on with state-of-art pose estimation methods on Human3.6M (mm) using the ground-
truth and detected 2D poses. Input types: Single-view (Single), Multi-view full-frame (Full), Multi-view
interpolated (Interp). Best in bold.
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> 3. Main Results in MPI

-3D-INF

MP JPE (SimpleBaseline(2D)) Input Method MPJPE |

GLA-GCN (T=243) Single 75.00
KTP-Former (T=243) Single 67.59
Adafuse Full 78.57

Adafuse + MCC Interpolation -
Adafuse + SLERP Interpolation 83.37
PPT Full 106.30

PPT + MCC Interpolation -
PPT + SLERP Interpolation 110.34
Ours sparse Interleaved 65.89

Reconstruction Error (MPJPE in mm) on the MPI-
INF-3DHP Dataset. Input 2D pose sequences are
obtained using a SimpleBaseline detector. T

denotes the number of input frames. Best results
are high lighted in bold.

Table 4: Model Parameter Count and Performance Efficiency. Performance Efficiency (MPJPE/mm per MB) 1s calculated as the ratio of
MPIPE (in mm) to model size (in MB). Smaller values of this metric indicate better trade-offs between performance (MPJPE) and model size
(MB), with more efficient models achieving lower MPJPE while maintaining smaller parameter sizes. The average latency specifically refers
to the computational time of a single model inference (in milliseconds).

Method Para.(M) | F_Inps.( GFLOPs)| Average Latency. (ms)| | Performance per MB (MPJPE/mm per MB) |
GLA-GCN (T=243) 69.99 51.13 24.10 0.624
KTP-Former (T=243) 103.85 51.64 24.11 0.367
FinePose (T=243) 269.23 287.32 82.24 0.117
Adafuse (T=1) 69.66 204.26 96.028 0.403
Adafuse + SLERP 69.66 204.26 96.03 0.403
Adafuse + MCC T35 204.26 96.028 0.388
Sgraformer + Full 81.23 204.28 99.19 0.299
Ours 76.51 111 .36 44.51 0.291
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> 4. Ablation Study

Method Spatial Heatmap Fusion

Avg. |

Ours (Human3.6M)

36.06
31.54
22.28

Ours (MPI-INF-3DHP)

SNENE S E NN

94.46
88.63
65.89

Input

Ground |
Truth

Ablation study results. We conducted ablation studies on
the Human3.6M and MPI-INF-3DHP datasets to
validate the effectiveness of the proposed space fusion
module based on epipolar geometry and the temporal
fusion module Warper. We use SimpleBaseline as 2D
baseline model. We have bolded the best results
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» 1. Conclusion
a) Paradigm Innovation: Pioneered a sparse interleaved input method that breaks the traditional reliance on dense,
synchronized multi-view data.
b) High-Frequency Output: Demonstrated that high-resolution 3D pose signals can be accurately reconstructed from
temporally staggered, low-frame-rate inputs.
c) DenseWarper Framework: Validated an efficient end-to-end module that achieves state-of-the-art performance on
Human3.6M and MPI-INF-3DHP benchmarks.
d) Impact: Provided a compelling proof-of-concept for resource-efficient, real-time 3D perception in robotics and
VR/AR.
> 2. Limation
a) Non-Uniform Intervals: The current model has not been fully explored under irregular or extremely sparse camera
sampling.
b) Temporal Density Dependency: Effectiveness may decrease when inter-camera intervals are excessively large,
making it harder to recover fine-grained spatio-temporal information.
> 3. Future Work
a) Generalizability: Extending the interleaved paradigm to other 3D tasks, such as multi-view object detection.
b) Theoretical Depth: Investigating the underlying interpretability and mathematical foundations of the novel input
method.
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