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ABSTRACT

In multi-view 3D human pose estimation, models typically rely on images cap-
tured simultaneously from different camera views to predict a pose at a specific
moment. While providing accurate spatial information, this traditional approach
often overlooks the rich temporal dependencies between adjacent frames. We
propose a novel 3D human pose estimation input method: the sparse interleaved
input to address this. This method leverages images captured from different cam-
era views at various time points (e.g., View 1 at time ¢ and View 2 at time ¢ + §),
allowing our model to capture rich spatio-temporal information and effectively
boost performance. More importantly, this approach offers two key advantages:
First, it can theoretically increase the output pose frame rate by N times with
N cameras, thereby breaking through single-view frame rate limitations and en-
hancing the temporal resolution of the production. Second, using a sparse subset
of available frames, our method can reduce data redundancy and simultaneously
achieve better performance. We introduce the DenseWarper model, which lever-
ages epipolar geometry for efficient spatio-temporal heatmap exchange. We con-
ducted extensive experiments on the Human3.6M and MPI-INF-3DHP datasets.
Results demonstrate that our method, utilizing only sparse interleaved images as
input, outperforms traditional dense multi-view input approaches and achieves
state-of-the-art performance. The source code for this work is available at
https://github.com/1inglil724/DenseWarper—-ICLR2026.

1 INTRODUCTION

3D Human Pose Estimation (3DHPE) (Li et al., 2023} |Baumgartner & Klatt, 2023} [Bridgeman et al.,
2019; |Qiu et al.l [2019b; |[Zheng et al., [2020; |Li et al.|, 2025; |2024a)) has broad applications in fields
such as dance synthesis (Wang et al., 2024a; |Yin et al., [2024; [Wang et al., 2024b)), action recogni-
tion (Karim et al., | 2024; |Manakitsa et al.} 2024} L1 et al., 2024b), and virtual reality (Lampropoulos
& Kinshuk), [2024; de Lurdes Calisto & Sarkar, [2024). Especially in multi-view settings, utilizing
images captured by multiple synchronized cameras can provide more accurate and stable pose esti-
mation results than single-view methods (Hyla, 2016} [Bridgeman et al., 2019; [Zheng et al.l [2021aj
Pavllo et al., [2019b). However, existing methods commonly adopt a single-moment dense input
paradigm, where the model must receive synchronized images from all views at each time step to
predict the pose. Although this approach provides sufficient spatial information, its single-moment
input structure presents three key bottlenecks: redundant computational overhead, insufficient uti-
lization of temporal information (Xu et al.,2024b; Xie et al., 2024)), and the inability to break through
camera frame rate limitations. This inefficient input mode leads to unnecessary computational waste
and temporal information discontinuity (Han et al., [2024} |Liu et al., 2020al).
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Figure 1: Common approaches for 3D multi-view pose estimation. (a) Our proposed sparse interleaved input, where each view selects a
single temporally interleaved image as input to leverage spatio-temporal information across views fully; (b) illustration of dense, full-frame
multi-view input; (c) keypoint interpolation input, which enhances the output frame rate; and (d) illustration of single-view image input.

We propose a novel 3D human pose estimation input paradigm to solve this challenge: sparse in-
terleaved input. This method breaks the limitations of traditional synchronous input by cleverly
using images captured from different camera views at various time points as input. More specifi-
cally, Camera 1 captures an image at time ¢, followed by Camera 2 at ¢ + J, and so forth, with the
sequence culminating in Camera N at ¢ + (N — 1) x 4. This innovative method brings two core ad-
vantages. First, it efficiently utilizes spatio-temporal information and can be mathematically viewed
as a joint spatio-temporal sampling. The method cleverly leverages the temporal phase differences
of multi-view inputs to reconstruct a higher-frequency pose output signal in the temporal dimension.
Second, it fundamentally breaks through the single-camera frame rate limitation. Specifically, for N
fixed-frame-rate cameras with a fixed sampling rate of F', the sampling interval is IV x . Due to the
interleaved sampling between views, the pose output interval is J, which raises the camera’s effec-
tive sampling rate to /N x F', opening up a new path for 3D tasks requiring high temporal resolution.
To solve the computational latency problem in practical applications, we adopt a sliding window
optimization strategy, allowing the model to sample and process data instantly without waiting for
all cameras to complete their interleaved sampling, achieving efficient and real-time processing.

To achieve this goal, we designed an end-to-end framework named DenseWarper. This framework
can efficiently convert sparse interleaved inputs into dense outputs with high spatio-temporal consis-
tency. DenseWarper includes two core modules: spatial rectification and temporal fusion modules.
First, we use a spatial transformation module based on epipolar geometry to spatially rectify and
fuse 2D heatmaps, generating a preliminary dense heatmap. Next, we use a temporal fusion module
based on deformable convolution to learn and complete the temporal information in the heatmaps
implicitly. Finally, a precise 3D pose can be obtained through triangulation.

Our main contributions are as follows:

Pioneering Task Paradigm: We are the first to propose and define the 3D pose estimation task based
on sparse interleaved multi-view input. We provide a novel paradigm for efficiently utilizing spatio-
temporal information and potentially inspiring research in other multi-view 3D perception tasks.

DenseWarper Framework: We designed DenseWarper, which uses an innovative spatio-temporal
fusion mechanism to convert sparse interleaved inputs into dense pose outputs with high spatio-
temporal consistency. It breaks the frame rate limitations of traditional 3D tasks and, combined with
the sliding window strategy, achieves low-latency processing.

Rigorous Experimental Validation and Benchmark Establishment: We conducted comprehensive
experiments on the Human3.6M (lonescu et al., |2013) and MPI-INF-3DHP (Mehta et al., [2017)
datasets. We reproduced numerous state-of-the-art 3D pose estimation algorithms and tested their
performance on the MPI-INF-3DHP dataset. Using a unified benchmark for the 2D part, we fill
a gap in testing benchmarks on MPI-INF-3DHP, providing a rigorous and reliable reference for
algorithms in this field.
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Figure 2: Overview of the DenseWarper architecture. A sliding window is 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 is processed via triangulation to obtain accurate 3D keypoints.

2 PROBLEM FORMULATION

Sparse Interleaved Multi-view Images. In this study, we introduce the concept of “Sparse In-
terleaved Multi-View Images” to describe a sequence of sparsely sampled images from multiple
viewpoints in a multi-view setting. Specifically, we define them as a collection of sparsely sampled
images from multiple viewpoints, represented as:

where M is the number of viewpoints V' = {Vl, Vg, cey VM}, N is the total number of frames, and
1 is the index of the input group. Each group I; contains one image from each viewpoint, ranging
from the {M - (i — 1) + 1}-th frame of viewpoint V7 to the {M - i}-th frame of viewpoint Vs. Here,
the i-th group is denoted as:

I, — {13{”‘1>+1,13j‘“‘”+2, N .,I%j}, )

M(z 1)+j c RHxWx3

where I, represents the image from viewpoint V; with frame number

M- (i— 1) + 7. This structure ensures each time frame contains only one image from a specific
view, creating an interleaved sparse input.

Taking M = 4 as an example, the sparse interleaved inputs for the first two frame groups are
I, = {IV1 I }and I, = {I‘5/ ,I‘7,3,I‘8/4}.

Target for Modehng. Traditional multi-view 3D human pose estimation tasks rely on densely
synchronized multi-view images as input. In contrast, our approach leverages sparse interleaved
multi-view image sequences D.

The objective of our model is to predict a set of 3D skeletons S = {51, Ss,...,Sy} € RVNX/*3,
where each S; € R7*3 represents the 3D pose coordinates at the i-th frame for .J keypoints. We aim
to achieve pose estimation performance comparable to dense full-frame input. Formally, we define
the mapping as follows:

f:T(D,®,0) =S, 3)
where ® denotes the 3D pose estimation model designed for sparse interleaved inputs, ¢ represents
the camera parameters, S € RN*/*3 ig the resulting set of 3D skeletons, and .J represents the
number of keypoints.

For each specific interleaved input group I;, such as Iy = {I ‘1/1 i ‘2,2 i ‘3/3, I {‘;4 }, the model produces a
corresponding set of 3D skeletons {57, Sa, S3, 54}, where each skeleton S,, corresponds to the pose
at the n-th frame. This can be expressed mathematically as:

U T({Ii\/{‘(i_l)ﬂ}jﬂipq’ﬁ) ={Sm-ti—1)+1>- - -»Sm-i}, 4)

where IM (=DH ¢ REXW 3 g the image from view V; at the frame number M - (i — 1) + j, and

Su. (l,l)ﬂ represents the predicted 3D pose coordmates for that time frame.

Sliding Window Mechanism. In conventional methods, a new input group I, must wait for all M
views to complete sampling. For instance, with M = 4, the second group I = (I{, , I, , I, I}),)
cannot be processed until I, is available.
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Figure 3: Epipolar geometry-based spatial heatmap fusion architecture. (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 g, we use
accurate points ¢’ 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 g and add these values to the original response at g 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.

The sliding window method allows immediate processing once any view finishes sampling by
reusing previously computed heatmaps. For example, after V; samples I 51, a new input can be

formed as: s s 4 s
!
12 = {IV2 ) IV3 ) IV47 IV1 }a
where I, , I}, , I, are already processed and cached.

This mechanism enables real-time incremental processing of sparse interleaved inputs without wait-
ing for all views. A caching mechanism simultaneously allows for the reuse of computed heatmaps,
thereby reducing latency and computational cost while maintaining estimation accuracy.

3 DENSEWARPER

Figure |Z| illustrates our overall network structure, where our core module, DenseWarper, consists of
two main components. First, the sparse interleaved heatmaps are input into a spatial fusion module
based on epipolar geometry, producing an initially rectified dense 2D heatmap. Next, these initially
rectified heatmaps are processed through a temporal correction module, the warping module, which
integrates pose information from time frames to generate a dense heatmap with enhanced spatio-
temporal consistency. Finally, we utilize the Triangulation method (Iskakov et al., [2019b}; [Remelli
to spatially reconstruct all rectified heatmaps, thereby obtaining the 3D human pose.
Section [3.1] introduces the concepts related to epipolar geometry and multi-view spatial heatmap
fusion; Section [3.2]discusses the temporal fusion process using Warper.

3.1 HEATMAP FUSION WITH EPIPOLAR GEOMETRY

3.1.1 BASIC CONCEPT OF EPIPOLAR GEOMETRY

Epipolar Geometry. It describes the geometric relationship between the corresponding points that
two cameras observe in a 3D scene. Readers can refer to (Hartley & Zisserman), [2003). This rela-
tionship is established by the epipolar constraint and the fundamental matrix (He et al., 2020; |Xu &
Zhang| 2013}, [Zhang} [T998), which are widely used in tasks such as multi-view 3D reconstruction.

Let a 3D point Q € R*, with its fourth dimension set to 1, be projected onto the image planes of
two cameras V; and Vs, with 2D projections q € R3 and q' € R? respectively, where the third
dimension of them is 1. The projection matrices P and P’ map Q onto each image plane can be
denoted as:

q=PQ, J =PQ ©)

According to epipolar geometry, the corresponding points q and q’ satisfy the epipolar constraint,
defined by a fundamental matrix F € R3*3 as follows:

q"Fq=0. (©6)
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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
module 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

o(® (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.

This constraint indicates that, given a point q in the first view, its corresponding point q’ must lie
on the epipolar line I’ = Fq in the second view, thus reducing the correspondence search from a 2D
region to a 1D line.

Application in Multi-View Fusion. In the DenseWarper model, we aim to use the Sampson dis-
tance to correct the heatmaps of missing time frames within each view, thereby fully leveraging
the information across different views. The appendix explains our framework’s epipolar geometry
principles and Sampson distance metric.

3.1.2 HEATMAP FUSION

As shown in Figure [2] we can obtain the corresponding heatmaps based on the RGB image input
(Gul[2022; |Zhang et al., 2021} L1 et al., 2020). We define the first set of sparse interleaved heatmaps
as {Hj, (z),H{, (¢),...,H}! (x)}. For ease of discussion, all subsequent formulations will be

based on the first heatmap set, where HT‘}] («) represents the heatmap for view V; in the n-th frame

at location x, where j € [1, M]. To supplement the missing information, we first replicate each
heatmap HY, (x) across the disappeared frames for each view, resulting in an expanded set H of
replicated heatmaps.

Thus, the expanded set H of heatmaps is formulated as:
H = {{Hy, (z),Hy, (z),..., Hy, (w)},{szg(x) HY, (2),
VH, (2)}, - {HY, (2), By (@), Hy, (2)})

where each original heatmap HY, () is replicated M — 1 times to fill the blank in view V.

)

Due to incomplete alignment, the replicated heatmaps introduce spatial-temporal offsets, which can
be corrected using epipolar geometry. This approach aligns each replicated heatmap with precise
spatial information from other views. Since features at low-probability locations along the epipolar
line contribute minimally to cross-view fusion, exact correspondences between views are unnec-
essary. Instead, we select the maximum probability point along the epipolar line as the matching
point, which is a reasonable simplification, as accurate correspondences typically yield the highest
response. For instance, as shown in Figure [3] for each position ;, we compute the epipolar lines in
the other views and fuse the maximum responses along these lines with the response at x.

Specifically, for each replicated heatmap H?(z) in view v, we use the corresponding heatmap from
another view u (u # v) to provide the correct spatial information. The correction process for each
heatmap H! () in view v at the n-th frame is defined by:

(1-=2)
M u

M

H (2) = AH(2) + max H(2'),

—z'ept (@)

®)
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Table 1: MPJPE Comparison with state-of-art pose estimation methods on Human3.6M (mm) using ground-truth and detected 2Dposes. Input
types: Single-view (Single), Multi-view full-frame (Full), Multi-view interpolated (Interp). Best in bold.

METHOD INPUT ACTIONS AVG

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

2D—Ground Truth (GT)

GLA-GCN (T=243) (Yu et al.|[2023b) Single 266 272 292 254 282 317 295 270 378 400 299 270 205 273 208 285
KTP-Former (T=243) (Peng et al.|[2024} Single 22.7 234 21.8 225 242 299 257 229 303 369 244 233 173 243 182 245
Adafuse (Zhang et al. 20217 Full 263 254 224 239 229 226 241 244 237 216 24.0 239 231 239 22.8 237
Adafuse + MCC (Su et al.[2021) Interp 26.0 256 222 236 223 239 238 243 244 233 244 239 223 249 224 23.8
Adafuse + SLERP (Chen et al.{2022} Interp 26.1 252 223 236 22.7 224 238 243 236 214 238 238 229 23.7 225 235
Adafuse Sparse  27.3 274 236 263 243 241 250 273 244 227 250 253 266 264 260 254
PPT (Ma et al.|[2022} Full 232 263 220 229 252 231 238 285 312 252 274 236 265 234 250 252
PPT + MCC (Ma et al.112022|ISu et al.12021) Interp 235 275 215 219 247 290 230 237 306 341 266 222 224 276 240 255
PPT + SLERP (Ma et al.|2022|Chen et al.|2022} Interp ~ 23.0 260 21.6 216 249 27.1 228 233 282 324 249 221 231 26.2 247 248
PPT Sparse 244 27.1 228 246 258 242 258 282 311 258 282 252 284 274 282 264
Ours Sparse 232 225 210 219 205 212 205 220 212 197 214 205 221 21.8 207 213
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  37.7 39.7 359 377 42.1 48.0 387 392 525 562 41.3 40.0 268 39.6 276 402
FinePose (T=243) (Xu et al.||2024a} Single - - - - - - - - - - - - - - - 40.2
Adafuse Full 350 37.1 322 349 35.2 36.6 330 346 405 413 372 353 338 374 33.1 35.8
Adafuse + MCC Interp 319 369 30.1 328 334 320 320 324 374 488 339 337 324 365 31,6 344
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 - - - - - - - - - - - - - - - 354
Ours Sparse  32.0 352 300 324 330 344 302 323 389 401 355 329 314 360 304 336
2D—SimpleBaseline
GLA-GCN (T=243) Single 41.1 429 405 393 442 528 425 409 541 606 445 404 322 448 352 437
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 29.1 287 409 409 329 314 231 31.6 224 314
Adafuse Full 283 299 253 295 26.9 264 270 28.1 287 321 27.8 288 267 29.6 25.5 28.1
Adafuse + MCC Interp 27.6 300 251 294 26.5 269 264 279 292 323 27.9 28.5 264 29.9 254 28.0
Adafuse + SLERP Interp 283 300 253 305 26.9 264 269 281 287 321 27.7 28.8 268 29.6 255 28.1
Adafuse Sparse 299 30.6 26.1 312 279 274 277 302 297 323 285 298 308 31.0 290 295
Algebraic (Iskakov et al.|[2019a} Full 19.8 230 203 499 219 217 183 205 234 586 22.1 484 230 225 241 275
Volumetric (Iskakov et al.{2019a} Full 188 21.7 19.6 50.1 212 210 184 202 218 57.1 215 484 225 21.7 225 267
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 21.6 229 312 216 232 217 234 198 223

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. 1" rep-
resents 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.

Table 2: 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.

METHOD INPUT ACTIONS AVG

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

2D—SimpleBaseline-P-MPJPE

GLA-GCN (T=243) (Yu et al.12023b} Single  32.1 351 332 320 354 409 331 334 435 500 365 325 255 37.1 27.1 352
KTP-Former (T=243) (Peng et al.;2024] Single 286 31.1 283 289 327 349 290 292 399 473 335 290 224 32.5 239 314
FinePose (T=243) (Xu et al.|2024a, Single 248 263 247 240 270 281 224 238 337 333 274 246 192 258 185 256
Adafuse (Zhang et al.[[2021 Full 21.0 224 191 209 208 202 194 200 222 231 213 201 194 221 18.1 207
Adafuse + MCC {Zhang et al.|2021||Su et al.[2021} Interp 205 22.6 188 210 205 21.0 191 194 226 233 216 201 194 225 184 207
Adafuse + SLERP (Zhang et al.[2021{Chen et al.[2022) Interp 209 224 19.0 222 208 202 193 199 222 230 212 201 193 222 18.1 20.7
Adafuse (Zhang et al.|[2021 Sparse  22.5 22.6 19.7 225 21.5 209 200 205 225 234 217 206 233 23.4 209  21.7
Sgraformer (Zhang et al.|[2024) Full 199 201 181 182 208 203 17.1 177 230 262 219 18.6  17.7 20.7 179 199
Ours Sparse 203 229 17.8 182 17.9 190 156 174 213 273 189 182 190 20.5 16.6 194

where I:I{A(a:) represents the corrected heatmap at location z in view u, A is a balancing parameter
between the current and other views, and p“(z) denotes the epipolar line of x in view w. M is the

number of camera views. The term max H?”(2’) represents the maximum response along the
z'ep* ()
epipolar line in view w.

Following spatial correction, this process ensures that the expanded set H of heatmaps accurately
captures spatial information across multiple views. By compensating for missing frames, this ap-
proach enhances the model’s robustness and improves the quality of 3D pose estimation in sparse,
interleaved multi-view scenarios. Consequently, it enables the generation of a spatially rectified,
dense, full-frame heatmap input derived from the initial sparse, interleaved heatmaps.

3.2 WARPER: TEMPORAL POSE AGGREGATION

After performing epipolar geometry-based heatmap fusion as described in Section [3.1.2] we obtain
a set of partly corrected heatmaps Hﬁ/] (z) that integrate spatial information across multiple views
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V = {V;,Va,...,Var}. We introduce a Warper module designed to capture temporal pose infor-
mation from adjacent frames, further enhancing the temporal consistency of the sparse heatmaps
(Poppell [1994; Zhang et al., 2019).

For each view V; at a target frame n, whenn # M -i+j,n € [M -i, M -i+ (M — 1)], we compute
the difference between the corrected heatmap I:I(}J () and the heatmap from the sparse interleaved

nput z / x) to capture temporal changes between frames, w ich can be denoted as:
input FIy! ™ p poral changes b fi hich can be denoted
oy, (x) = Hy, (x) — Hy, . 9)

This difference is then passed through a series of 3 x 3 residual blocks to extract temporal features.
Following the residual blocks, we apply five 3 x 3 convolutional layers (Yu et al.|[2017) with dilation
rates d € {3, 6,12, 18,24}, allowing the model to predict a set of offset maps {0%) (z)}5_, for each
pixel x in the heatmap. These offsets are used to warp the target heatmap deformably (Dai et al.,
2017), aligning it with temporal features. The details of the Warper module are shown in Figure
Thus, for each spatially corrected heatmap H”j, we generate five temporally aligned warped
heatmaps by applying the offsets. These warped heatmaps are then aggregated by summation:

~T‘L/j = ZWarper( T\Z,O%)(x)% (10)
d=1

where Warper (-, 0% ) (x)) represents the warping operation that uses the offset 0% ) (z) to align each

pixel z in the heatmap. Notably, we trained a distinct warper model for each temporal mode.

This warping and aggregation process is applied to all interleaved frames in the sparse input set,
ensuring that each refined heatmap H"}] integrates both spatial and temporal information. The re-

sulting tensor captures comprehensive pose information across views and time frames, improving
the robustness and accuracy of 3D pose estimation under sparse interleaved multi-view settings.

4 EXPERIMENT

4.1 DATASET

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.
This dataset includes accurate 3D skeletal annotations obtained via a motion capture system
and full-body 3D scans of each actor, enabling precise analysis of both 2D and 3D poses.

MPI-INF-3DHP. The MPI-INF-3DHP dataset Table 3: Reconstruction Error (MPJPE in mm) on the MPI-INF-3DHP
is a comprehensive resource for multi-view Dataset. Input 2D pose sequences are obtained using a SlmpleBasglme

. L . detector. T" denotes the number of input frames. Best results are high-
3D human pose estimation, featuring annotated  jighted in bold.

frames from indoor and everyday settings. It

includes 8 actors (4 male, 4 female), each per- MPJPE (SimpleBascline2D)) _ Input Method | MPJPE |
. .. . . GLA-GCN (T=243) Single 75.00
forming 8 activity sets, such as walking, sit- KTP-Former (T=243) Single 67.59
: : H : Adafuse Full 78.57
thg, cqmplex exercises, and dyparplc actions. AdafaSce Interpolation -
With diverse scenarios and multi-view record- Adafuse + SLERP Interpolation 83.37
: : PPT Full 106.30
ings, the dataset qnables rpbust evaluation of PPT 4 MCC Interpolation §
models under varying conditions. PPT + SLERP Interpolation 11034
Ours sparse Interleaved 65.89

It is worth noting that the MPI-INF-3DHP
dataset has not been extensively trained with a 2D detector. We are the first to process and align
this dataset, and we will open-source all our models and codes in the experiments.
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Table 4: Model Parameter Count and Performance Efficiency. Performance Efficiency (MPJPE/mm per MB) is calculated as the ratio of
MPIJPE (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) | | Flops.(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 72.25 204.26 96.028 0.388
Sgraformer + Full 81.23 204.28 99.19 0.299
Ours 76.51 111 .36 44.51 0.291

4.2 EVALUATION METRICS.

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

J
1
MPIJPE = — D; — Di 11
5 ;:1 1Bi = pill2 (1)
where || - ||2 is Euclidean norm.

4.3 EXPERIMENTAL RESULTS

Results on the Human3.6M Dataset. We conducted extensive experiments on the Human3.6M
dataset using different 2D pose detectors to evaluate the effectiveness of our sparse interleaved ap-
proach. As shown in Table |1} our method consistently achieves new state-of-the-art performance
across various settings.

First, with ground truth (GT) 2D poses, our model achieves a minimum average MPJPE of 21.3mm.
This result is not only significantly better than all single-view methods (e.g., an improvement
of 25.2% over GLA-GCN’s 28.5mm) but also outperforms multi-view approaches like Adafuse
(23.7mm), yielding a performance gain of approximately 10.1%. Notably, our method achieves the
best performance on 12 out of 15 action categories, with a particularly low MPJPE of 19.7mm on
the challenging “SitDown” action, which is notably better than Adafuse’s 21.6mm.

Second, we used CPN and SimpleBaseline as 2D pose detectors to validate the model’s robustness in
real-world scenarios. With CPN, our method still achieves the best average MPJPE of 33.6mm, rep-
resenting a substantial 24.3% performance improvement over the single-view GLA-GCN (44.4mm).
Similarly, with SimpleBaseline, we achieve an impressive 22.3mm MPJPE, a significant improve-
ment of approximately 20.6% over Adafuse (28.1mm). Furthermore, our method achieves the best
result in 14 out of 15 action categories with this detector.

We also evaluated our model using the P-MPJPE metric, as shown in Table[2] which assesses the ac-
curacy of relative joint positions. With SimpleBaseline 2D inputs, our model’s average P-MPJPE is
only19.4mm, representing a 2.5% and 6.3% improvement over Sgraformer (19.9mm) and Adafuse
(20.7mm), respectively. Our method achieves the best P-MPJPE in 13 out of 15 action categories, for
instance, a remarkable 15.6mm on the “Pose” action, which is significantly better than Sgraformer’s
17.1mm. This result provides strong evidence that our sparse interleaved approach not only pre-
cisely reconstructs the absolute 3D pose but also accurately captures the intricate internal structure
and relative relationships of the human joints.

Results on MPI-INF-3DHP. As shown in Table [3] Our method demonstrates generalization ca-
pabilities on the more challenging MPI-INF-3DHP dataset, which features diverse outdoor settings
and complex motions. With SimpleBaseline, we achieve 65.89mm MPJPE, substantially outper-
forming both single-view methods (GLA-GCN: 75.00mm, KTP-Former: 67.59mm) and multi-view
approaches (Adafuse: 78.57mm, PPT: 106.30mm). This advantage extends to comparisons with
interpolation-based methods (Adafuse+SLERP: 83.37mm, PPT+SLERP: 110.34mm), highlighting
the effectiveness of our sparse interleaved input strategy in challenging real-world scenarios.

Model Efficiency Analysis. As shown in Table ] our method exhibits significant advantages
across multiple performance indicators. First, with a parameter count of only 76.51M, it achieves
an effective balance between model capacity and performance, being considerably more lightweight
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and efficient than (FinePose) (269.23M). This demonstrates that our model attains high accuracy
with substantially fewer parameters. In terms of performance efficiency (MPJPE/mm per MB), our
method achieves an impressive value of 0.291, notably surpassing (GLA-GCN) (0.624) and (KTP-
Former) (0.367). This highlights the model’s ability to provide higher accuracy per unit of model
capacity. Although (FinePose) attains a slightly lower MPJPE, its excessive parameter count and
computational demand result in less favorable efficiency. Furthermore, our method achieves the
lowest average latency of 44.51 ms, which is significantly faster than (Adafuse) (96.03 ms) and
(FinePose) (82.24 ms), ensuring real-time responsiveness. In addition, our approach reaches a pro-
cessing speed four times that of the input FPS (4 f), further confirming its potential for real-time
pose estimation applications. Overall, our method is highly suitable for scenarios that require both
high performance and low latency.

Ablation Analysis. To validate the effectiveness of our key components, we conduct ablation studies
on both datasets using SimpleBaseline as the 2D detector. On Human3.6M, starting from a base-
line MPJPE of 36.06mm, the addition of spatial heatmap fusion improves performance to 31.54mm,
demonstrating the effectiveness of our epipolar geometry-based fusion strategy. Further, incorporat-
ing the Warper module reduces the MPJPE to 22.28 mm, yielding a 38.2% improvement compared
to the Spatial Fusion only baseline. The detailed results are presented in Table 5]

On the MPI-INF-3DHP dataset, our spatial fusion module reduces the error from 94.46mm to
88.63mm, while the complete model achieves a significantly lower error of 65.89mm, yielding an
overall improvement of 30.25%. These quantitative results substantiate the efficacy of both our
temporal and spatial fusion strategies across diverse datasets. The detailed experimental setup and
specifics are provided in the Appendix.

5 CONCLUSION

In this paper, we addressed Table 5: Ablation study results. We conducted ablation studies on the Human3.6M and MPI-
a fundamental limitation of 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
conventional 3D human pOSE€ baseline model. We have bolded the best results.

estimation:  the reliance on

. . Method Spatial Heatmap Fusion | Warper | Avg. |

dense, synchronized multi-view X 36.06
inputs. To this end, we pio- Ours (Human3.6M) v X 31.54
neered a sparse interleaved input v v | 2228
: . X X 94.46
paradigm that leverages the rich Ours (MPL-INF-3DHP) v X 2863
spatio-temporal  dependencies v v 65.89

often overlooked by traditional
methods. Our work makes two key contributions to the field. First, we introduced a new task
formulation by demonstrating that a high-frequency pose output can be accurately reconstructed
from sparse, temporally-interleaved inputs. Second, we designed the DenseWarper module, an
efficient end-to-end framework capable of transforming these sparse inputs into dense outputs with
high spatio-temporal coherence. Our extensive experiments on the Human3.6M and MPI-INF-
3DHP datasets rigorously validate that our approach surpasses conventional dense input methods
and achieves state-of-the-art performance. This breakthrough highlights our method’s ability to
challenge the long-held assumption of dense synchronized inputs fundamentally. Ultimately, our
research provides a compelling proof-of-concept for the future of resource-efficient, real-time 3D
perception, paving the way for applications in domains requiring high temporal resolution, such as
robotics and VR/AR.

Limitation. Our method has not been explored under non-uniform intervals or extremely low-
frame-rate camera sampling. For cases with extensive inter-camera sampling intervals, as shown in
Figure [5]in the appendix, our method may struggle to extract and recover spatio-temporal informa-
tion effectively. Consequently, our approach is, to a certain extent, dependent on the density of the
multi-view input stream, particularly in the temporal dimension.

Future Work. Our work opens up several promising directions for future research. First, we plan
to extend our sparse interleaved input paradigm to other multi-view 3D tasks, such as object detec-
tion, to explore its generalizability and provide new insights into these fields. Second, we will delve
deeper into the theoretical underpinnings of our novel input method, examining it from the perspec-
tive of interpretability. Future work will also focus on enhancing the model’s robustness under more
challenging conditions, including sparse and irregular sampling.
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A RELATED WORK

A.1 3D HUMAN POSE ESTIMATION

Early approaches to 3D human pose estimation relied heavily on direct regression from 2D images
to 3D coordinates (Li & Chan, 2014; 2015; [Moon et al., [2019; [Park et al., 2016; Pavlakos et al.,
2018a; [Tekin et al., 2016} [Wehrbein et al., 2021 [Luvizon et al., 2018} |2019; IMoon & Lee, [2020;
Pavlakos, Georgios and Zhou, Xiaowei and Derpanis, Konstantinos G. and Daniilidis, Kostas}, 2017}
Shen & Tang, [2024; Rommel et al.,|2024). With the advent of deep learning, two-stage methods be-
came prevalent, first detecting 2D keypoints and then lifting them to 3D space (Martinez et al., 2017}
Chen et al.||2021; |Hossain & Little, 2018} Liu et al.,2020b; |Pavllo et al., 2019a;|Zheng et al.,|2021bj
Li et al.l [2022; Zhang et al., 2022} Tang et al., [2023; |Shan et al.| 2023} |Cai1 et al., 2019; |Hu et al.,
20215 Liu et al.| [2020a; Xu & Takano, 2021;|Yu et al.,2023a; Zhao et al., | 2019a; |Zou & Tang, 2021}
Gong et al.| [2023} [Li et al., 2023} |Zhao et al., 2022} [Zhu et al., 2021)). Recent methods have incor-
porated additional constraints such as bone length consistency (Zhao et al., [2019b) and anatomical
priors (Pavlakos et al., [2018b)) to improve estimation accuracy. Furthermore, self-attention mecha-
nisms (Zheng et al.||2020) and graph neural networks (Zou et al.l|2020;|Zhao & Tulsiani, 2024) have
been introduced to capture long-range dependencies and structural relationships in human poses.

A.2 MULTI-VIEW 3D POSE ESTIMATION

Multi-view approaches have demonstrated superior performance to single-view methods due to
their ability to resolve depth ambiguity. Traditional methods typically use triangulation-based tech-
niques (Hartley & Zisserman, |2003}; (Q1u et al., 2019a; [Zhang et al., [2021} Mitra et al., 2020; |Shuai
et al.,|2022;Zhou et al.| 2023)) to reconstruct 3D poses from synchronized multi-view 2D detections.
Recent learning-based approaches have explored various ways to fuse multi-view information. Qiu
et al. (Qiu et al., 2019b) proposed cross-view fusion using epipolar geometry, while Remelli et
al. (Remelli et al.l [2020a) introduced a lightweight architecture for real-time multi-view pose esti-
mation. Rhodin et al. (Rhodin et al.,[2018) leveraged geometric consistency across views to improve
unsupervised learning of 3D pose estimation. However, these methods generally rely on dense, syn-
chronized multi-view inputs, which can be computationally expensive and may not fully utilize
temporal information.

A.3 TEMPORAL INFORMATION IN POSE ESTIMATION

Temporal information is crucial for robust pose estimation, particularly in challenging scenarios with
occlusions or motion blur. Previous work has explored various approaches to incorporate temporal
information, including recurrent neural networks (Hossain & Littlel [2018) and temporal convolu-
tions (Pavllo et al., |2019b). Recent works like Zheng et al. (Zheng et al., 2021a) have proposed
combining spatial and temporal attention mechanisms to capture motion dynamics better. However,
most existing methods process temporal information within a single view, potentially missing valu-
able cross-view temporal correlations. Approaches like (Sun et al., 2018) have attempted to bridge
this gap by incorporating temporal consistency constraints in multi-view settings.

A.4 SPARSE AND EFFICIENT VISION METHODS

Recent trends in computer vision have shown increasing interest in efficient processing methods.
Sparse convolutions (Graham et al., 2018) and attention mechanisms (Zhu et al., 2020) have been
proposed to reduce computational overhead while maintaining performance. In multi-view tasks,
sparse view selection (Zhang et al., 2020; Zhao & Tulsiani, [2024) and adaptive sampling strategies
have been explored, though primarily for static scene reconstruction rather than dynamic human
pose estimation. Notable works like (Jiang et al.| |2023) have introduced probabilistic frameworks
for efficient multi-view processing.

A.5 GEOMETRIC FEATURE WARPING

Our work builds upon recent advances in geometric feature warping, particularly in the context
of multi-view feature fusion. Epipolar geometry has been extensively used for cross-view feature

17



Published as a conference paper at ICLR 2026

alignment (He et al.l |2020), while deformable convolutions (Dai et al., |2017) have shown promise
in handling dynamic spatial transformations. Recent works (Chen et al., 2020) have explored the
integration of geometric constraints with learning-based feature warping. However, combining these
techniques for spatio-temporal feature warping in sparse multi-view scenarios remains largely un-

explored.

B CODES AND MODELS

We have organized the code for our method in the codes directory and compiled the checkpoint
files used in the experiments, as shown in Table [6} Upon publication of the paper, we will re-
lease the code and pretrained models. Detailed usage instructions for the code are provided in the
“/codes/DenseW arper/ READM E.md” file for reference.

Model Name Dataset Performance (Metric) Checkpoint Name Model Source

GLA-GCN(T=243) MPI-INF-3DHP MPJPE: 75.00 mm GLA-GCN_3DHP.bin Reproduced

KTP-Former(T=243) MPI-INF-3DHP MPIJPE: 67.59 mm KTP-Former_3DHP.bin Reproduced

Adafuse MPI-INF-3DHP MPIJPE: 78.57 mm Adafuse_3DHP.pth.tar Reproduced

Adafuse (Zhang et al.|2021) + MCC (Su et al.||2021) | MPI-INF-3DHP MPJPE: - mm MCC_3DHP.pth.tar Reproduced

Adatuse + SLERP (Chen et al.[[2022) MPI-INF-3DHP MPJPE: 83.37 mm - Reproduced

PPT MPI-INF-3DHP MPJPE: 106.30mm PPT_3DHP.pth.tar Reproduced

PPT + MCC MPI-INF-3DHP MPIJPE: - mm MCC_3DHP.pth.tar Reproduced

PPT + SLERP MPI-INF-3DHP MPJPE: 110.34 mm - Reproduced

Ours MPI-INF-3DHP MPJPE: 65.89 mm Ours_3DHP.pth.tar Reproduced
GLA-GCN(T=243) (CPN) Human3.6M MPJPE: 40.39 mm GLA-GCN_CPN.bin Original

FinePose(T=243) (CPN) Human3.6M MPIJPE: 40.20 mm - Reproduced
KTP-Former(T=243)(CPN) Human3.6M MPIPE: 40.18 mm KTP-Former_CPN.bin Original
Adafuse (CPN) Human3.6M MPJPE: 35.81 mm Adafuse_H36M.pth.tar Original
Adafuse + MCC (CPN) Human3.6M MPIJPE: 34.42 mm MCC_H36M.pth Original
Adafuse + SLERP (CPN) Human3.6M MPIJPE: 35.27 mm - Original

Sgraformer (CPN) Human3.6M MPJPE: 35.40 mm - Reproduced

Ours (CPN) Human3.6M MPJPE: 33.57 mm Ours_H36M.pth.tar Reproduced

GLA-GCN(T=243) (SimpleBaseline) Human3.6M MPJPE: 43.74 mm GLA-GCN.bin Reproduced

FinePose(T=243) (SimpleBaseline) Human3.6M MPIJPE: 31.40mm - Reproduced

KTP-Former(T=243)(SimpleBaseline) Human3.6M MPIPE: 38.08 mm KTP-Former.bin Reproduced
Adafuse (SimpleBaseline) Human3.6M MPJPE: 28.06 mm Adafuse_H36M.pth.tar Original
Adafuse + MCC (SimpleBaseline) Human3.6M MPIJPE: 27.95 mm MCC_H36M.pth Original
Adafuse + SLERP (SimpleBaseline) Human3.6M MPIJPE: 28.10 mm - Original

Sgraformer (SimpleBaseline) Human3.6M MPJPE: 24.32 mm - Reproduced

Ours (SimpleBaseline) Human3.6M MPJPE: 22.28 mm Ours_H36M.pth.tar Reproduced

Table 6: Pretrained Models List. We conducted extensive experiments on the Human3.6M and MPI-INF-3DHP benchmark datases using a
combination of open-source models and reproduced code. Here, “reproduced” means we reimplemented and retrained the model code, while
“original” indicates we used open-source models for testing.

C EXPERIMENTAL DETAILS

C.1

EXPERIMENTAL SETTINGS

In our experiments, we proposed the DenseWarper module for spatiotemporal fusion. All mod-
els were trained using two RTX A100 GPUs. Table [/| provides a comprehensive overview of the
parameter settings used for training DenseWarper compared to other models.

Method Loss LR Epoch  Batch Optimizer
GLA-GCN(T=243) MPJPE 0.01 200 512 Ranger
KTP-Former(T=243)  WMPIPERMPIVEY 00008 200 1024 Adamw
temporal consistency loss
Adafuse MSE 0.0001 50 4 Adam
Adafuse + MCC MSE 0.0001 50 4 Adam
Adafuse + SLERP MSE 0.0001 50 4 Adam
PPT 2dSmoothLoss 0.001 200 32 Adam
PPT + MCC 2dSmoothLoss 0.001 200 32 Adam
PPT + SLERP 2dSmoothLoss 0.001 200 32 Adam
Ours 2dSmoothLoss 0.001 50 4 Adam

Table 7: Experimental parameter settings for comparative analysis with different models.
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C.2 OTHER EXPERIMENTAL DETAILS

Experimental Details on Human3.6M (Ionescu et al.,[2013).

In this dataset, we employed three types of 2D pose detection methods to evaluate the performance
of our models: GT, CPN (Chen et al.| 2018), and SimpleBaseline (Xiao et al., 2018)).

Among them, GT and CPN provide only the 2D coordinates of each keypoint, while SimpleBaseline
directly outputs heatmaps for each keypoint. To ensure consistency in data formats, we generated
heatmaps for the 2D coordinates of GT and CPN using a Gaussian distribution. Conversely, for
SimpleBaseline, we extracted the 2D coordinates by identifying the locations of the maximum values
in its heatmaps. This preprocessing ensures that GT, CPN, and SimpleBaseline data all have two
forms: 2D coordinates and heatmaps.

Regarding model inputs, KTP-Former (Peng et al., [2024) and GLA-GCN (Yu et al.,[2023b)) require
2D coordinates, while Adafuse and DenseWarper use heatmaps as input. In contrast, the PPT model
adopts an end-to-end architecture, taking only the raw images as input without relying on 2D pose
detection results.

This setup allows a comprehensive evaluation of the models under different input formats.
Experimental Details on MPI-INF-3DHP (Mehta et al.,[2017).

The processing method for this dataset is consistent with that of the Human3.6M dataset. We se-
lected the same 17 keypoints corresponding to those in Human3.6M and used four camera views,
specifically views 0, 2, 7, and 8.

For this dataset, we employed the SimpleBaseline method for 2D pose detection, using a model
trained in-house. SimpleBaseline generates heatmaps for each keypoint. To facilitate further pro-
cessing, we extracted the 2D coordinates by identifying the locations of the maximum values in the
heatmaps, thereby obtaining both 2D coordinates and heatmaps as input formats.

In terms of model inputs, KTP-Former and GLA-GCN take 2D coordinates as input, while Adafuse
and DenseWarper require heatmaps. The PPT (Ma et al.,, [2022) model, in contrast, employs an
end-to-end architecture that uses only raw images as input without relying on any 2D pose detection
results.

To ensure a fair comparison, all models were trained and tested using results derived from Simple-
Baseline.

D EPIPOLAR GEOMETRY

In the main text, we introduced the fundamental principles of epipolar geometry and the line-of-sight
methods that employ epipolar geometry for multi-view fusion. Here, we expand upon these topics
and provide a more detailed exposition.

I. MATHEMATICAL FOUNDATION OF EPIPOLAR GEOMETRY

Epipolar geometry defines the geometric relationships between two camera views, essential for
multi-view feature matching and reconstruction. Using the pinhole camera model, a 3D point
X = [X,Y, Z,1]T is projected onto the image plane as a 2D point q = [u, v, 1]7:

q =PX, (12)
where P = K[R | t] is the 3 X 4 projection matrix. The intrinsic matrix K defines focal lengths and

principal points, while the extrinsic parameters [R | t] describe the camera’s rotation and translation
in the world coordinate system.

Given two cameras with projection matrices P and P’, a 3D point X is projected onto the two
images as q and q':
q=PX, q =P'X. (13)

Eliminating X leads to the epipolar constraint:
q"Fq=0, (14)
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where F is the 3 x 3 fundamental matrix, encapsulating the geometric relationship between uncali-
brated cameras. If intrinsic parameters are known, the essential matrix E can be derived:

E=[t]xR, E=K'FK. (15)
Here, [t]x represents the skew-symmetric matrix of the translation vector t.

The epipolar geometry also defines epipoles and epipolar lines. The epipoles, e and €', are the
projections of one camera’s optical center onto the other’s image plane, satisfying Fe = 0 and
F e’ = 0. For a point q in the first image, the corresponding point q’ in the second must lie on the
epipolar line:

'=Fq, 1=F'q. (16)

This reduces the search space for matching points from 2D to 1D, significantly improving efficiency.

II. EPIPOLAR GEOMETRY FOR MULTI-VIEW FUSION

Epipolar geometry is crucial in multi-view fusion for feature matching, 3D reconstruction, and op-
timization:

1. Feature Matching: The epipolar constraint reduces the matching search space to epipolar lines,
filtering mismatches by validating ' " Fq = 0.

2. Triangulation: Matched points are used to estimate the 3D position X via linear triangulation:

qx (PX)=0
{q' x (P’X) =0. {17

To refine accuracy, non-linear optimization minimizes the reprojection error:

n;;n; k= m (X, (18)

where 71, (X) projects X onto the k-th camera.

3. Optimization: Incorporating the epipolar constraint into the optimization objective ensures geo-
metric consistency:

m);n; lax — T2+ A (a) Fiya)” (19)

i<j
This enhances robustness against noise and improves multi-view consistency.

Epipolar geometry provides the theoretical foundation for effective feature alignment, matching, and
3D reconstruction, enabling precise multi-view fusion in computer vision applications.

4. Reprojection Distance. In multi-view matching tasks, the lines V1q and V2q’ may not intersect
precisely at the 3D point Q. To obtain the optimal estimate of Q, we define the reprojection distance
dReproj as the minimum sum of squared distances from the estimated 3D human keypoint Q to the
projections q and q':

By = min (0, PQ) + ¢ (. P'Q)). 20)

where d(-) denotes the Euclidean distance, and dreproj represents the reprojection error between q
and q'.

5. Sampson Distance. To simplify the calculation, we adopt an approximation of the reprojection
distance known as the Sampson distance, defined as:

q/TFq
(Fq)? + (FQ)? + (FTq)} + (FTq)5

where F is the fundamental matrix, and subscripts 1 and 2 refer to the first and second elements of a
vector, respectively. Sampson distance allows us to measure the geometric error between two points

without explicitly solving for the intermediate 3D point Q.

dSampson = 2n
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View 1
View 2

View 3

View 4

(a) Frame Interval: 1 (b) Frame Interval: 6 (c) Frame Interval: 12

Figure 5: Results of spatiotemporal heatmap fusion and correction using different frame intervals on the Human3.6M dataset. The camera

sampling interval in the Human3.6M dataset is 50ms. Panels (a), (b), and (c) represent the results of spatial heatmap fusion with frame intervals
of 1 frame, 6 frames, and 12 frames, respectively.
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Figure 6: Visualization results showing the effects during continuous motion.

Input
|
Ground |
Truth |
|
Ours IL

Figure 7: Visualization results demonstrating the effects during complex motion.
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Figure 8: Illustration of frame rate enhancement through interleaved multi-view input. The camera frame rate f = 1/5t, where §t represents
the camera sampling interval. With a fixed camera frame rate, the input frame rate can be effectively increased using interleaved multi-view
inputs, reaching up to M x f, where M denotes the number of camera viewpoints.

E SUPPLEMENTARY EXPERIMENTAL RESULTS

In the experiments, we further investigated the relationship between our epipolar geometry-based
spatial heatmap fusion module and the temporal frames of the cameras. Theoretically, as the tem-
poral frame interval increases (i.e., the camera sampling frequency decreases), the displacement of
the heatmap points to be calibrated becomes larger, making heatmap fusion more challenging. As
shown in Figure 5] the displacement of heatmaps from different views also increases under these
conditions. In our experiments, the camera frame rate was set to 50 fps, which enabled effective
heatmap fusion. This demonstrates that our method performs well under standard camera sampling
conditions.

Additionally, we visualized the results of our method by comparing the 3D skeletons estimated
from sparse interleaved inputs with the ground truth. The experimental results demonstrate that
our method achieves accurate 3D skeleton estimation, effectively leveraging both the temporal and
spatial information embedded in the sparse interleaved inputs. This validates the capability of our
approach to transform sparse inputs into dense outputs. Figures[6|and [7]respectively present visual-
izations of 3D skeletons for continuous actions and complex, challenging actions.

E.1 SPARSE INPUT FOR UPSAMPLING

As shown in Figure[8] when the staggered intervals of cameras with different viewpoints are control-
lable, we can achieve data upsampling on the coefficient input mode, and this method is applicable
to all 3D multi-view tasks.

E.2 QUANTITATIVE ANALYSIS OF DIFFERENT SAMPLING INTERVALS

To investigate how the sampling interval affects performance, we conducted a quantitative analysis,
with the results presented in Table [8] It can be observed that with a moderate time interval (e.g.,
when Frame Interval = 6), the input still has some degree of density, and the interleaved viewpoints
are able to provide effective spatial correction. As a result, the model performance does not de-
grade significantly. However, when the time interval is large (i.e., when the camera sampling rate is
low), the data density decreases, leading to sparsity. In such cases, the sparse interleaved sampling
paradigm becomes ineffective, and no effective correction is provided between different viewpoints.
Furthermore, due to the large time interval, the performance of the temporal fusion module is also
challenged. This experimental result suggests that our method is suitable for high frame rate, dense
input scenarios, which aligns with the motivation of our paper.
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E.3 MODEL PERFORMANCE UNDER NON-UNIFORM INTERVAL SCENARIOS

To address the concern regarding potential non-uniform intervals between different viewpoints, we
systematically sampled from the existing dataset to simulate input scenarios with irregular temporal
spacing.

Unlike the original uniform interval input (with a window size of Window Size = 4), we no longer
select input frames from a sequential window of size 4. Instead, we set the sampling window size
X to be greater than 4 (i.e., x > 4) to ensure that all four viewpoints are selected, with no two
viewpoints appearing at the same time frame. Specifically, we randomly and non-uniformly select
four viewpoints from a sequence of a time window size of x. This successfully simulates the case
where the time intervals between input viewpoints are non-uniform. We performed experiments
with x = 6, 10, 12, and the experimental results are shown in Table E}

The experimental results indicate that non-uniform intervals have a certain impact on model perfor-
mance. As the maximum non-uniform interval increases, the model performance degrades more,
which confirms our hypothesis that as the interval time increases, the temporal fusion module of
the model will be challenged. This is due to the randomness caused by the non-uniform interval
time paradigm. However, overall, even with larger maximum non-uniform intervals, our model still
achieves relatively good results.

Frame Interval Frame Interval =1  Frame Interval =6  Frame Interval = 12
Sampling Interval (ms) 20 120 240
Performance (MPJPE, mm) 22.3 39.92 69.84

Table 8: Quantitative Analysis of Different Sampling Intervals.

Window Size 4 6 10 12
Maximum Non-Uniform Interval (ms) 20 (Uniform Interval) 40 120 160
Performance (MPJPE, mm) 22.3 26.77 29.99 31.58

Table 9: Model Performance under Non-Uniform Interval Scenarios. In the original paper, the input interval is uniform and 20ms.
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