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Abstract. Recent multi-view 3D human pose estimation methods de-
compose the problem into per-image 2D pose detection and 3D lift-
ing stages, which can naturally scale to multi-frame input and achieve
strong results by leveraging temporal context. However, this 2D-3D lift-
ing paradigm introduces two levels of geometric inconsistency: (i) projec-
tion inconsistency, i.e., the detected 2D keypoints may disagree with the
2D projections of the inferred 3D pose, and (ii) cross-view inconsistency,
i.e., 2D poses across views are mutually inconsistent because off-the-shelf
detectors operate independently per camera, so there may exist no sin-
gle 3D pose whose projections match all detections. We observe that 2D
detection errors closely follow a Gaussian distribution, meaning that de-
tector outputs can be naturally viewed as noisy samples from a diffusion
forward process. Based on this insight, we propose CoDePose, a coupled
2D-3D denoising diffusion framework that jointly performs multi-view
denoising of the detected 2D poses and estimates the underlying 3D
pose. As training proceeds, the generated joint distribution progressively
approaches the real data distribution, leading to increased projection and
cross-view consistency and more reliable 3D estimation. Unlike existing
diffusion-based methods that condition on fixed 2D detections, CoDe-
Pose refines the 2D observations during the reverse process, preventing
2D detection errors and cross-view inconsistencies from being reinforced
throughout the whole 3D pose generation. Experimental results on Hu-
man3.6M show that CoDePose achieves 12.1 mm MPJPE, a 19.9% im-
provement over the previous state-of-the-art method. Cross-dataset eval-
uation on HumanEva and MPI-INF-3DHP further demonstrates strong
generalization.
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1 Introduction

Recent multi-view 3D human pose estimation methods decompose the problem
into per-image 2D pose detection followed by 3D lifting [24.33,/34]. By operating
on compact 2D pose sequences rather than raw images, these methods naturally
scale to multi-frame input and achieve strong results by leveraging temporal
context [2,/16}|17]. However, this 2D-3D lifting paradigm introduces two levels of
geometric inconsistency. First, projection inconsistency: occlusion, motion blur,
and background clutter cause per-view 2D detections to deviate from the true
2D projections of the underlying 3D pose. Second, cross-view inconsistency: off-
the-shelf detectors such as CPN [4] and ViTPose |28| process each camera view
independently, producing cross-view 2D predictions that are mutually inconsis-
tent, so there may exist no single 3D pose whose projections match all detections.
Existing multi-view fusion methods [5}16,/17] work around these issues through
confidence weighting and outlier dropping, but do not explicitly correct the 2D
inputs themselves.

To address the above limitations, a natural idea is to build a coupled model
that simultaneously denoises multi-view 2D poses and estimates the 3D pose:
joint multi-view 2D denoising can enforce cross-view consistency, while the cou-
pled 2D-3D modeling can enforce projection consistency. We observe that 2D
detection errors closely follow a Gaussian distribution (Fig. , meaning that de-
tector outputs can be naturally viewed as noisy samples from a diffusion forward
process applied to the ground-truth 2D projections. This motivates CoDePose
(Fig. , a coupled 2D-3D denoising diffusion framework that jointly performs
multi-view denoising of the detected 2D poses and estimates the underlying
3D pose. As training proceeds, the generated joint distribution progressively
approaches the real data distribution, leading to increased projection and cross-
view consistency and more reliable 3D estimation. Unlike existing diffusion-based
methods that condition on fixed 2D inputs, CoDePose refines the 2D obser-
vations during the reverse process, preventing detection errors and cross-view
inconsistencies from being reinforced throughout generation. A key distinction
from traditional diffusion models, which start all dimensions from pure noise at
inference, is that CoDePose adopts an asymmetric initialization for inference:
the 2D dimensions are initialized directly from detector outputs while only the
3D dimensions start from pure Gaussian noise. The reason is that as 2D detec-
tion errors follow a Gaussian distribution with small variance, the 2D detections
can be naturally viewed as noisy samples from the diffusion trajectory close to
2D ground truth. This asymmetry allows the reverse process to converge rapidly,
achieving accurate reconstruction in a single DDIM denoising step. To handle
hard cases where complex noise patterns make 2D denoising difficult, we further
introduce a per-joint uncertainty head and a body-coordinate consistency loss
to enhance projection and cross-view consistency, respectively.

Experiments on Human3.6M show that CoDePose achieves 12.1 mm MPJPE,
a 19.9% improvement over the previous state-of-the-art method [2] (15.1 mm)
and a 10.4% improvement over 3D-only diffusion baseline (13.5 mm). Thanks to
the asymmetric initialization, the reverse process converges in a single DDIM step
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(12.15 mm). CoDePose also generalizes well across datasets, reducing MPJPE by
6.5% on HumanEva and 22.2% on MPI-INF-3DHP compared to FusionFormer.
Our contributions can be summarized as:

— A coupled 2D-3D denoising diffusion framework that jointly denoises multi-
view 2D detections and predicts 3D pose, enforcing projection consistency
through coupled 2D-3D modeling and cross-view consistency through joint
multi-view denoising.

— An asymmetric noise strategy that initializes the 2D component from detec-
tor outputs at inference, enabling fast convergence in a single DDIM denois-
ing step.

— State-of-the-art results on Human3.6M with strong cross-dataset generaliza-
tion on HumanEva and MPI-INF-3DHP.

Discussion. Existing diffusion-based lifting methods [1}/7,23] also employ iter-
ative denoising for 3D pose estimation, but keep 2D poses as a fixed external
condition that is never included in the diffusion state, so detection errors persist
throughout the reverse process. In contrast, CoDePose incorporates 2D poses
into the diffusion state, enabling joint refinement of 2D observations and 3D
pose generation so that both types of inconsistency are progressively resolved.

2 Related Work

Multi-view 3D pose estimation. Multi-view setups resolve depth ambigu-
ity through geometric constraints across cameras. Image-based methods operate
on raw pixels and typically require known camera extrinsics: early works use
differentiable triangulation [13}/14], epipolar constraints [9,/21,32], volumetric
fusion [27], or cross-view feature aggregation [11}[18][22,/29], but scale poorly
to multi-frame settings due to the cost of processing image features over time.
Lifting-based methods instead operate on compact 2D pose sequences that natu-
rally accommodate temporal context. Among camera-free approaches, FLEX [8]
uses viewpoint-independent bone-angle representations but accumulates errors
at distal joints; TransFusion [17] fuses cross-view features via epipolar-guided
attention; MTF-Transformer [24] adaptively fuses multi-view and temporal fea-
tures; SVTFormer [31] models intra-view joint and temporal relations before
cross-view fusion; MVGFormer [16] injects multi-view geometric priors into at-
tention; FusionFormer [2] proposes a unified feature fusion transformer; Po-
seIRM |3| applies invariant risk minimization for cross-camera generalization;
and MV-SSM |5] replaces transformers with state-space models. All lifting-based
methods produce deterministic outputs and consume 2D detections without cor-
recting them.

Di [udion models for 3D pose estimation. DDPMs |10] learn to reverse
a noise-corruption process, producing samples that match a target distribution.
D3DP [23] first applied diffusion to 3D pose estimation, generating multiple 3D
hypotheses from Gaussian noise conditioned on 2D keypoints and aggregating
them via joint-wise reprojection. DiffPose |7] and DDHPose |1]| disentangle bone
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Fig. 1: Overview of CoDePose. During training, the forward process corrupts ground-
truth 3D poses and 2D projections independently. The denoiser f takes the concate-
nated noisy state and produces three outputs: denoised 3D pose, re ned 2D projections,
and per-joint uncertainty. Cross-view fusion exchanges information across V =4 cameras
through an encoder-decoder transformer. At inference, the 3D component starts from
Gaussian noise while the 2D component is initialized with detector outputs; DDIM
reverse sampling recovers the nal 3D pose in S=5 steps.

length and direction for more structured denoising. In these methods, 2D poses
serve as xed conditions; none include 2D poses in the di usion state. CoDePose
samples in coupled 2D-3D space with an uncertainty head embedded in the
denoiser and supervised by 2D reconstruction error; see Supplementary Material
for multi-hypothesis and uncertainty-aware baselines.

3 Method

3.1 Preliminaries

We review the standard di usion formulation for 3D pose estimation [1, 7, 23].
Given a clean 3D pose ¥ 2 R?2 with J joints, the forward process adds noise
over T timesteps:

a(x¢ jxo) =N Xg; pTXo; @a ol 1)

where ; = Qts=1 (1 s)and . follows a cosine schedule [20] witht=1;:::;T.
Following x-predict style di usion [15], a network f is trained to directly predict
Xo from (xy;c;t), where ¢ denotes the 2D conditioning signal. At inference,
DDIM [26] recovers 3D poses from noise.

Prior di usion-based pose methods [1,7,23] keep 2D input xed through-
out reverse sampling. When the 2D detector is inaccurate, detection errors are
reinforced at every denoising step rather than corrected.
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Fig. 2: Distribution of 2D detection errors (detector GT, in pixels) on Human3.6M
for ViTPose and CPN. Most ( 97%) errors follow a zero-mean Gaussian, supporting
the coupled di usion formulation: detector outputs can be treated as noisy samples
from the forward process.

3.2 Coupled 2D-3D Di usion

Observation and motivation. Most 2D detection errors closely follow a Gaus-

sian distribution (Fig. 2). Since x3& x 35 + with  N(O; et 1) for most
joints, detector output can be treated as a noisy sample from a di usion forward
process applied to the ground-truth 2D projection. Taken together, this obser-
vation motivates modeling 2D and 3D coordinates jointly in a coupled di usion
process. Although a small fraction of outliers (e.g., severe occlusion) deviate from
this assumption, we handle them via the uncertainty head (Sec. 3.4).

Coupled state. Rather than di using 3D coordinates alone, we extend the
di usion state to include both 3D and 2D coordinates. For V camera views, T
frames, and J joints, the coupled di usion state is:

X =[x o1 xEp] 2RTVIS @
where x§5 2 RT VI3 and xJ5 2 RTVJ2 . Since both components de-
scribe the same skeletal structure, they are di used jointly and share the same
joint topology.

Forward process. During training, both components are di used from
their respective ground truths with a shared noise schedule ;:

Mo =L O *TT 00 N@ ) =diagl % Bl @)
where ,p controls 2D noise magnitude relative to the 3D component; to balance
comparable noise levels between the two coordinate systems, we sefp =1 in
main experiments. The denoiser f predicts xj%tim from (Xjoi 5 C 1), where
c=x 9 is the detector output serving as conditioning.

Asymmetric inference. For e cient inference with fewer reverse steps, we
adopt DDIM [26] as our sampling strategy. Given a sampling step from t to
t>t9:

p__

_ p— q X}oint t R0

0 2 joint .
ko * 1 w0 P + ot (4)
t

tO

onint -
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where %%im =f (Xjoim s Ci 1) is the denoiser prediction at the current step,
t = (1 o= )1 t0)=(1 t), and controls stochasticity (=0 for
deterministic DDIM). The denoiser f is detailed in Sec. 3.3. Unlike standard
di usion models that initialize all dimensions from pure noise, we initialize the

reverse process asymmetrically:

xIp N@©;1); and x Jp=x%; -

where the 3D component starts from pure noise and the 2D component from
detector outputs. Because detector errors are approximately Gaussian for most
joints, x 92 can be viewed as an intermediate sample on the forward trajectory
near ground truth, avoiding train-test mismatch. As a consequence of this asym-
metry, the reverse process can converge in as few as a single DDIM step.

3.3 Cross-View Transformer Denoiser

To denoise the coupled 2D-3D state across multiple views, our cross-view trans-
former denoiser f (Fig. 1) follows a 3-stage architecture: per-view spatio-temporal
feature extraction, cross-view transformer fusion, and multi-head prediction.

Per-view feature extraction. Given a multi-view sequence, we process
each view independently with a PoseFormer-style [34] spatio-temporal Trans-
former. For view v, joint inputs are linearly projected to d-dimensional embed-
dings and augmented with learnable spatial positional embeddings. We apply L
spatial Transformer blocks within each frame to capture intra-frame kinematic
dependencies among J joints, aggregate joint tokens into a pose-level token per
frame, and apply L temporal Transformer blocks to model motion dynamics,
yielding per-view features h, 2 R™r 9 » .

Cross-view fusion. To fuse information across V cameras, we use a Trans-
former encoder decoder on the per-view feature sequences. The encoder con-
catenates fh,gY_; into a sequence of length V. T; and applies self-attention
for global cross-view and cross-frame interactions. The decoder uses each view
sequence as queries and attends to the encoder memory via cross-attention, al-
lowing each view to retrieve complementary evidence from other cameras. We
reshape the fused representation h back to the per-view layout for prediction.

Triple output heads. The fused features h are projected through three
independent heads:

R3p = 3p(h); Rop = 2p(h); "=sigmoid(  unc(h)); (6)

where each head is a temporal convolution followed by a linear projection. The
3D head outputs®3p 2 RV 73 in camera coordinates of the center frames; the
2D head outputs re ned projections 2,5 2 RY 72 ; and the uncertainty head
outputs per-joint condence ~2 [0;1] V7 . Sigmoid activation maps outputs
to [0; 1], with values near 1 indicating reliable 2D estimates and values near 0
agging unreliable joints. The uncertainty head suppresses a key side e ect of
coupled 2D 3D modeling: by down-weighting unreliable joints, it prevents outlier
detections from corrupting 3D reconstruction, which is essential for the coupled
formulation to outperform the 3D-only baseline (Sec. 4.3).
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3.4 Training Objective

The model is trained with a composite loss:
L =Wt I—3D + I—2D + uncl—unc +  cons Lcons ; (7)

where the components are de ned below.
3D and 2D regression losses. The 3D and 2D heads are supervised with
per-joint mean squared error:
1 X : N 1 X . N
Lao = 5 2 x 8 % L= 3 29 x 5 % (8)
j=1 =1

We set ,p=0:1 to prevent the 2D gradient from dominating (Sec. 4.3).
Uncertainty loss. The uncertainty head uses a self-calibrated target:

RO 0, o) g2 2.
Lunc = 3 exp k QZD X 20 k : ©)
=1
The target =exp(k Rp X 2}3 k?) approaches 1 for accurate 2D predictions

and decays toward 0 as error grows, providing a stable bootstrap: early in training

stays near 0, then increases as 2D predictions improve.

Cross-view consistency via body coordinate. CoDePose operates with-
out camera extrinsics, so the 3D head predicts a separate pose per view in its own
camera coordinate system. Predictions of the same person from di erent views
should represent the same physical pose but di er by an unknown rigid transfor-
mation determined by relative camera con guration; direct comparison in cam-
era coordinates is therefore meaningless. We instead construct a body coordinate
system purely from the predicted skeleton, replacing the camera-dependent rigid
transform with a canonical, view-invariant representation.

Let p; = kg)D denote the predicted 3D position of joint j. We take the Hip
(root) joint p wip as the origin and build an orthonormal basis in three steps.
First, the x-axis is the unit vector from the left hip to the right hip:

_ PrHp P LHp .
By = ————————— 10
* " Kpruip P LHip K (10)
Second, we compute a preliminary y-direction from the Spine joint toward the
Hip and orthogonalize it against e via Gram Schmidt:
e) (e 9 eey

- ked (e 9 ex)exk:

(11)

0 — .
€y =P spine P Hip: €y

Third, the z-axis completes the right-handed basis via the cross product:

e, =€y €y (12)
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The rotation matrix R = [e «; ey; e,]” together with pyj, de ne a canonical
body coordinate system invariant to camera viewpoint. Transforming each per-
view prediction into this common frame enables direct cross-view comparison.
The consistency loss is:
1 X 2
Lcons = ~ Ru(Rspu P Hip;u ) R v(Rspw P Hipyv ) s (13)
2 u6=v

where u and v index distinct views. This term acts as a consistency regularizer
rather than a hard geometric constraint: under heavy occlusion or extreme poses,
errors concentrate on distal joints while root and spine joints remain reliable,
so the body coordinate system can still be established. Because occlusion rarely
a ects all views simultaneously, remaining views together with the T; =27-frame
temporal input can recover many occluded joints. For extreme poses where the
hip spine direction becomes unreliable, we clamp lgons to prevent unstable gra-
dients from dominating training.

Time-dependent loss weighting. Predictions at low-noise timesteps are
more informative, so we upweight them:

Wi =min 1+ plt—; 3; (14)
t

where clipping at 3 prevents gradient explosion at small t where { ! 1.

4 Experiments

4.1 Setup

Dataset. We evaluate primarily on Human3.6M [12] following the standard
protocol: subjects S1, S5, S6, S7, S8 for training, S9 and S11 for testing, with
4-camera multi-view setups and the 17-joint skeleton. Temporal windows span
T¢ =27 frames. To assess transfer beyond the training domain, we further evalu-
ate cross-dataset generalization on HumanEva [25] and MPI-INF-3DHP [19].
2D input. Following FusionFormer [2], we employ CPN [4] for fair compar-
ison with 2D-to-3D lifting methods and ViTPose [28] for fair comparison with
end-to-end image-to-3D methods that bene t from stronger built-in detectors.
In both settings, x9&' serves as the conditioning signal throughout training and
inference. The 2D di usion component starts from ground-truth projections xgg
during training and from x ggt during inference, as described in Sec. 3.2.

Metrics. We report Mean Per Joint Position Error (MPJPE, mm) and
Procrustes-aligned MPJPE (P-MPJPE).

Implementation. We train 200 epochs with AdamW (learning rate 4 10 4,
weight decay 0.1) and exponential decay at 0.99 per epoch. Batch size is 600
across 12 Nvidia GeForce RTX 4090 GPUs. The per-view backbone uses L=2
spatial and temporal layers with joint embedding dimension d=32. We set =1
and ¢ons = 0:1. Diusion uses T =1000 training steps with a cosine schedule and
S=5 DDIM steps at inference ( =0). The 2D noise scale is ,p=1:0.
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Table 1: Per-action MPJPE (mm) on Human3.6M (S9 & S11, 4 cameras). * denotes
end-to-end image-to-3D methods that do not use a separate 2D estimator. T is the
number of input frames. ¥ denotes our 3D-only di usion baseline.

Method Input \Dir. Disc. Eat Greet Phone Photo Pose Purch. Sit SitD. Smoke Wait WalkD. Walk WalkT. \Avg.
Monocular methods

PoseFormer [34] (CPN, T=81) 415 44.8 39.8 425 465 51.6 421 420 533 60.7 455 433 46.1 318 32243

D3DP [23] (CPN, T=243) 37.3 39.5 35.6 37.8 41.3 48.2 39.1 37.6 499 528 412 39.2 394 272 27395

DDHPose [1] (CPN, T=243) 36.4 39.5 349 37.6 40.1 459 37.8 37.8 515 522 408 383 383 27.0 27.89.0

Di Pose [7] (CPN, T=243) 33.2 36.6 33.0 356 37.6 451 357 355 46.4 499 373 356 365 244 243269

MotionBERT [35] (CPN, T=243) 36.1 37.5 358 32.1 403 46.3 36.1 353 469 539 395 363 358 251 25375

Image-based multi-view methods

DeepFuse [11] *, T=1) 26.8 32.0 25.6 52.1 333 423 258 259 405 766 39.1 545 359 251 .37.5
Canonical Fusion [22] (*, T=1) 27.3 321 25.0 265 293 354 288 316 36.4 31.7 312 299 269 337 .30.2
Prob. Tri. [14] (*, T=1) 24.0 254 26.6 304 321 20.1 205 365 40.1 295 274 276 208 241 .07.8
Epipolar Trans. [9] (*, T=1) 25.7 27.7 23.7 248 269 314 249 265 288 31.7 282 264 236 283 .86.9
Crossview Fusion [21] (*, T=1) 24.0 26.7 232 243 248 228 241 286 321 269 310 256 250 28.0 .26.2

TransFusion [17] : 244 264 234 211 252 232 247 338 29.8 264 268 242 232 261 23258
Multi-PPT [18] *T=

Learnable Tri. [13] (*, T=1) 19.9 20.0 189 185 205 194 184 221 225 287 212 208 197 221

-

21.8 26,5 21.0 224 237 231 232 279 307 246 267 233 212 253 .84.4
.20.8
.39.5

18.6

=
]
11
e
ENDNNNDNNDWN

AdaFuse [32] (+, T=1) 17.8 195 17.6 20.7 193 168 189 202 257 201 19.2 205 17.2 205
MVP [29] (+, T=1)

Lifting-based multi-view methods

FLEX [8] (CPN, T=27) ;l 317

FLEX [8] (ResNet152, T=27) |23.1 28.8 26.8 28.1 316 37.1 257 314 365 39.6 350 295 356 268 2630.9
SGraFormer [30] (CPN, T=27) |26.5 283 23.0 259 27.2 310 254 272 286 33.8 286 256 30.1 27.1 26876
MTF-Transformer [24] ~ (CPN, T=27)  |23.1 254 24.7 245 27.9 283 239 246 30.7 357 258 242 284 228 23262
SVTFormer [31] (CPN, T=27) |24.5 275 232 244 258 287 238 264 300 32.7 260 239 275 228 2326.0
UPose3D [6] (CPN, T=27) 25.6
FusionFormer [2] (CPN, T=27) |222 253 22.9 236 260 27.0 224 239 30.4 339 256 228 263 223 22854
PoselRM [3] (CPN, T=27) |22.2 24.6 229 232 260 27.0 222 237 29.3 33.6 256 228 258 225 2285.1
FusionFormer [2] (ViTPose, T=27) |15.7 15.6 13.0 159 139 156 149 155 155 163 143 152 169 14.6 14651
3D-only di. ¥ (ViTPose, T=27) |12.8 137 12.7 150 130 164 129 147 151 171 132 142 161 126 12635
CoDePose (ours) (CPN, T=27) 212 238 230 225 266 257 214 246 305 31.6 252 226 261 221 22248

CoDePose (ours) (ViTPose, T=27) 117121108 13.2 11.3 140 11.2 125 123149 113 123 131 112 110 12.1

4.2 Comparison with State of the Art

Table 1 compares CoDePose with monocular, image-based, and lifting-based
multi-view methods on Human3.6M using both CPN and ViTPose as 2D inputs.

Comparison with lifting-based methods. When CPN detections are
used as input, CoDePose achieves 24.8 mm, outperforming all lifting-based meth-
ods, including PoselRM [3] (25.1 mm) and FusionFormer [2] (25.4 mm). With
ViTPose, CoDePose reaches 12.1 mm a 19.9% improvement over FusionFormer
(15.2 mm) with the same 2D input. Relative to our 3D-only di usion baseline
(13.5mm), coupled 2D-3D denoising reduces MPJPE by 1.4mm (10.4%), con-
rming that joint 2D-3D denoising bene ts 3D estimation beyond di usion alone.

Comparison with image-based methods. Despite operating on detected
2D keypoints, CoDePose (12.1 mm) surpasses all image-based methods in Tab. 1,
including MvP [29] (18.6 mm) and AdaFuse [32] (19.5 mm). Supplementary Ma-
terial provides an extended comparison of image-based and lifting-based tempo-
ral settings.

Generalization across datasets. Following FusionFormer [2], we netune
CoDePose pretrained on Human3.6M for 10 epochs on HumanEva [25] and MPI-
INF-3DHP [19]. Table 2 compares generalization with PoseFormer [34], MTF-
Transformer [24], and FusionFormer under the same protocol. CoDePose achieves
the best results on both datasets: 14.4mm on HumanEva and 4.2 mm on MPI-
INF-3DHP, outperforming FusionFormer by 6.5% and 22.2%, respectively. The
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Table 2: Cross-dataset generalization. All models are pretrained on Human3.6M and
netuned for 10 epochs. T denotes the number of input frames.

HumanEva MPI-INF-3DHP
Method
MPJPE # P-MPJPE # MPJPE # P-MPJPE #
PoseFormer [34] (T=27) 35.9 30.1 38.5 31.8
MTF-Trans. [24] (T =3) 22.8 18.2 14.6 10.9
FusionFormer [2] (T =3) 154 12.7 5.4 3.2
CoDePose (ours) (T=3) 14.4 11.6 4.2 2.6

Table 3: Component analysis. MPJPE (mm) when removing each component from
the full model. ViTPose, ,p=1:0.

Con guration 2D GT di. 2p =0:1 Body coord. Unc. head MPJPE #
Full model X X X X 12.1
w/o di usion - - - - 16.7
3D-only baseline - - - 135
20 =0:1 X X X 12.4
Body coord. X X X 12.7
Unc. head X X X 14.1

gain on MPI-INF-3DHP is particularly notable given its indoor and outdoor
scenes that di er substantially from Human3.6M, indicating that coupled 2D-
3D di usion learns transferable representations.

4.3 Ablation Studies

To ensure consistent comparison across component removals, all ablations use
Human3.6M with ViTPose detections.

Component analysis. Table 3 evaluates each component by removing it
from the full model (12.1 mm). Replacing iterative denoising with single-pass
deterministic regression (w/o di usion) yields 16.7 mm (+4.6 mm), worse than
FusionFormer (15.1 mm). Diusion acts as a training-time curriculum over di-
verse noise levels, gradually aligning 2D and 3D components via a shared noise
schedule rather than forcing reconciliation in one forward pass.

Removing the uncertainty head causes the largest degradation (+2.0 mm, to
14.1 mm), even worse than the 3D-only baseline. Removing body-coordinate con-
sistency (+0.6 mm) weakens cross-view agreement. Setting,p=1:0 (+0.3mm)
lets the 2D gradient dominate; ,5=0:1 keeps 2D re nement auxiliary and fo-
cuses learning on 3D estimation. The roles of di usion, coupling, and stabilizer
modules are summarized in Sec. 4.4.

Asymmetric inference. As established in Sec. 3.2, detector errors approx-
imate Gaussian noise for most joints, so detector outputs lie on the forward
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Table 4. Symmetric vs. asymmetric inference initialization. MPJPE (mm) at di erent
DDIM steps S. ViTPose, 2p=1:0.

Initialization S=1 S=5 S=20
Symmetric (both from noise) 22.15 15.31 12.10
Asymmetric (ours) 12.15 12.07 12.06

Table 5: E ect of 2D noise scale ;p on MPJPE (mm). ViTPose, clean-GT start,
S=5, N=1.

2D MPJPE # P-MPJPE #

0.0 (no noise) 13.5 9.78
0.25 12.4 8.94
0.5 12.3 8.91
1.0 12.1 8.86
2.0 12.6 8.96

trajectory from 2D ground truth. Table 4 compares asymmetric initialization
(Eq. (5)) with symmetric initialization from pure noise. With su cient steps
(5=20), symmetric inference converges to comparable performance (12.10 mm
vs. 12.06 mm), con rming that the denoiser can recover 2D from scratch given
enough iterations. At low step counts, the gap widens: at S=1, symmetric yields
22.15mm versus 12.15 mm for asymmetric. Because detector outputs already lie
near ground truth on the forward trajectory, the 2D component requires minimal
correction, enabling accurate reconstruction in as few as a single DDIM step.

2D noise scale.  ,p controls corruption magnitude applied to ground-truth
2D projections during training. Table 5 shows that ,5=0 (no noise) degrades to
the 3D-only baseline (13.5 mm) because the denoiser never learns 2D re nement.
Performance improves with increasing ,p, peaking at 1.0 (12.1 mm). Because
both components share {, .p=1:0 aligns 2D and 3D noise magnitudes during
training. ,p=2:0 degrades performance (+0.5 mm).

DDIM sampling steps. Table 6 shows rapid convergence: even S=1
achieves 12.15mm, only 0.09 mm worse than S=20, thanks to asymmetric ini-
tialization placing the input near the data manifold from the rst step. Because
S=5 matches the accuracy of S=10 at half the computational cost, we adopt it
as the default inference setting.

Number of hypotheses. Di usion models support multi-hypothesis esti-
mation by generating multiple independent noise samples %, and averaging pre-
dictions. Table 6 shows that increasing N from 1 to 5 yields a marginal 0.05mm
gain, with no further improvement at N=10. This contrasts with monocular
di usion methods such as D3DP [23], where multi-hypothesis aggregation is
critical: monocular 2D-to-3D lifting is ill-posed and requires diverse hypotheses
to cover ambiguity. In our multi-view setting, V =4 camera observations already
provide strong geometric constraints that largely resolve depth ambiguity. Given
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Table 6: Ablation on DDIM sampling steps S and number of hypotheses N for ViT-
Pose ( 2p=1:0).

Setting MPJPE # P-MPJPE #
Vary S (x N=1)

S=1 12.15 8.93
S=2 12.10 8.89
S=5 12.07 8.86
S=10 12.07 8.85
S=20 12.06 8.85

Vary N (x S=b)

N=1 12.07 8.86
N=2 12.05 8.85
N=5 12.02 8.83
N=10 12.02 8.83

Table 7: E ect of camera views on MPJPE (mm). ViTPose detections with temporal
length T; =27.

Views MPJPE #

4 121
3 17.2
2 214

the negligible bene t of multi-hypothesis aggregation under these constraints, we
use N=1 by default for e ciency.

View scalability. Since standard benchmarks and practical deployments
alike typically involve at most four cameras, Table 7 reports 2-, 3-, and 4-view
settings; performance drops to 17.2 mm with 3 views and 21.4 mm with 2 views.

4.4 Robustness and E ciency Analysis

Attribution of performance gains. We decompose improvement as follows.
(1) Di usion. It provides a training-time curriculum over diverse noise levels;
removing di usion (Tab. 3) yields 16.7 mm (+4.6 mm). (2) Coupled 2D 3D

Table 8: Heavy-tailed 2D noise e ect on MPJPE (mm). Train/test detector pairs
under CPN-based setup.

Train Test MPJPE #

CPN CPN 24.8
CPN  Stud.-T 32.7
Stud.-T  Stud.-T 25.7
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Fig. 3: Error propagation under noisy 2D detections. One camera view contains sub-
stantially noisier 2D inputs (left). CoDePose corrects corrupted 2D observations during
coupled denoising rather than propagating them into the 3D prediction, maintaining
projection consistency across views.

Table 9: E ciency comparison on Human3.6M (ViTPose, T =27).

Method FLOPs Params MPJPE # FPS " Latency #

MTF-Transformer 1.83G 7.50M 15.1 82.41 12.13ms
Ours (S=1) 1.84G 7.23M 12.2 77.10 12.97ms
Ours (S=5) 9.23G 7.23M 12.1 15.19 65.82ms

design. (a) It re nes 2D poses, improving projection and cross-view consistency,

as detailed in the supplementary triangulation analysis. (b) Table 3 shows about
10% gain over the 3D-only baseline using 2D only as a xed condition (13.5mm
1'12.2mm). (c) It suppresses erroneous 2D detections rather than propagating
them, as shown in Fig. 3.(3) Uncertainty head and body-coordinate con-

sistency. Naive coupled design may propagate erroneous 2D predictions into 3D
estimation. The uncertainty head suppresses this e ect, and the body-coordinate
term stabilizes cross-view consistency; as analyzed in Sec. 4.3, these modules sta-
bilize the coupled framework rather than acting as independent add-ons.

Heavy-tailed and non-Gaussian noise. Because of data scarcity, we sim-
ulate failure-prone scenarios by injecting heavy-tailed Student-T noise ( =3).
Table 8 shows that CPN/Student-T train-test mismatch degrades performance
to 32.7 mm, while Student-T/Student-T recovers 25.7 mm, close to 24.8 mm un-
der CPN/CPN, indicating adaptation to non-Gaussian, heavy-tailed detection
errors when train and test distributions match.

Computational e ciency. Table 9 compares inference cost on Human3.6M.
With S=1 DDIM step, CoDePose has similar FLOPs and FPS to MTF [24] but
substantially lower MPJPE shown in Tab. 6. With S=5, we reach 12.1 mm at
higher compute. With batch size 200, pose-lifting throughput exceeds 1000 FPS;
in practice, image-to-2D pose estimation is the bottleneck.

4.5 Qualitative Comparison

Figure 4 shows qualitative comparisons on ten Human3.6M examples. Each panel
displays the input image, ground-truth 3D pose, CoDePose prediction, and MTF-
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