
Appendix

In this appendix, we provide additional detailed implemen-
tations, qualitative comparisons and ablation studies in Sec-
tion A, Section B and Section C.

A. Detailed Implementations

We utilize Stable-Diffusion [18] V1-5 with ControlNet pre-
trained specifically on skeleton image conditions so that we
can further unleash its diffusion priors. The denoising U-
Net has 25 blocks in total, with a middle block and 12 in-
put and output blocks each. The ControlNet takes 12 input
blocks as a parallel branch, connected with zero convolu-
tion layers as the output layer. The latent code z0 is in 32
× 32 and is downsampled to 16 × 16 and 8 × 8 resolu-
tions. During the upsampling process in output blocks, we
extract cross-attention maps in the shape of 8 × 8 and 16 ×
16 and concatenate them with corresponding feature maps
in channel dimension. Finally, we use linear layers to merge
the pyramid multi-layer feature maps into 2048 × 8 × 8 for
subsequent regression processing. For the teacher model,
we employ the same framework as the student.

As for the ablation study of various backbones, we fol-
low [2, 13] to initially extract an early-stage image feature
in 64 × 64. Note that for convolution-based backbones
(e.g., ResNet50 [7] and HRNet-W48 [19]), we use a con-
volution kernel with 2 strides and a max-pooling layer to
downsample the image, while for transformer-based back-
bones (e.g., ViT-L [3] and Swin-V2-L [14]) we apply patch
embedding layers. We set the patch size to 4 for Swin-V2-L
and 16 for ViT-L, considering the latter’s substantial com-
putational cost. We further quantify the amount of model
parameters as illustrated in Table A. With the well-designed
implementation of LoRA [8], we significantly reduce the
trainable parameters while effectively maintaining the dif-
fusion prior in the pre-trained models. In comparison with
ViT-L, our backbone achieves superior results with reduced
computational expenses.

We apply a pose parameter decoder pre-trained on a huge
SMPL dataset AMASS [15]. The framework of our VQ-
VAE is built with linear layers and we take the pose param-
eters in rotation matrix representation as input in the shape
of 24 × 9. The codebook class number is 2048 and the to-
ken dim is 256. During the pre-train stage, we supervise
the results with the reconstruction loss following [17]. We
also utilize Exponential Weighted Average on codebook op-
timization inspired by [6]. As for the inference stage, the
regressor will provide 48 tokens to the decoder and finally
retrieve the SMPL pose parameters Θ ∈ R24×3.

For traninig loss, we set λ2D, λ3D, λSMPL to 5.0, 2.0 and
1.0 respectively. λNKR is set to 0.1. We speed up training by
using distributed training with Pytorch [16] using 8 Nvidia
GeForce RTX 4090 GPUs.

Table A. Comparison on model parameters. We quantify the
amount of total parameters and trainable parameters across dif-
ferent backbone configurations in the entire pipeline. Given the
implementation of LoRA [8], our DPMesh achieves remarkable
results with a minimal fraction of weights finetuned, demonstrat-
ing its efficiency and effectiveness.

Backbone Total Params. Trainable Params. MPJPE↓
ResNet50 [7] 39.7M 39.0M 76.1
HRNet-W48 [19] 77.8M 77.1M 75.6
ViT-L [3] 1257.2M 1256.4M 73.1
Swin-V2-L [14] 211.2M 210.3M 73.5
DPMesh (Ours) 1426.3M 408.9M 70.9

B. More Qualitative Results

Robustness to noisy 2D key-points. We illustrate the pre-
diction of DPMesh under noisy key-points compared with
previous methods in Figure A. We draw the bounding box
according to the region encompassing visible key-points.
Given the complexities associated with individual interac-
tions and the absence of precise key-point hints, traditional
approaches may yield false predictions. However, by incor-
porating a robust diffusion backbone and the Noisy Key-
point Reasoning (NKR) approach, our DPMesh algorithm
achieves a marked improvement in accuracy.
Comparison on OCHuman [22]. We present addi-
tional qualitative assessments on OCHuman, an in-the-wild
dataset with substantial occlusion consisting of 8,110 metic-
ulously annotated human instances across 4,731 images.
Initially, we employ AlphaPose [4] as an off-the-shelf de-
tector to obtain coarse 2D key-points. Subsequently, we
estimate the mesh results with previous methods and our
DPMesh. As shown in Figure B, our DPMesh demonstrates
exceptional performance in tackling challenging occlusions
and complex human poses.
Comparison on CrowdPose [10]. The CrowdPose dataset
comprises 8,000 images characterized by dense occlusions
and complex crowd scenarios. We compare our DPMesh
with 3DCrowdNet [2], which is tailored for in-the-wild
crowded scenes and addresses 3D human mesh recovery is-
sues with a joint-based regressor. As shown in Figure C, our
DPMesh proficiently estimates the shape and pose of all in-
dividuals within the view, effectively handling ambiguous
person interactions and body truncations.

C. Additional Ablation Studies

Type of 2D spatial conditions. In conventional control-
lable generative models such as ControlNet [21], the input
human pose guidance is typically provided in the form of a
RGB skeleton image detected from Openpose [1]. Adher-
ing to the approach of ControlNet, we first extract image
features from the skeleton image using convolutional layers
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Figure A. Illustration of mesh recovery results under noisy 2D key-points. In occlusion and crowded scenes, there are 2D key-points
missed or inaccurately predicted. Compared with previous methods, our DPMesh with a well-designed Noisy Key-point Reasoning (NKR)
approach successfully recovers the correct human mesh.

and then concatenate the spatial feature with z0 as a spa-
tial condition. As summarized from Table B, we assume
that the heatmap guidance carries more information such
as the joint correspondence to different heatmap channels,
than a single skeleton image. Furthermore, noisy key-points
may lead to incorrect skeleton connections, which can neg-

atively impact performance. Therefore, our DPMesh uti-
lizes heatmap guidance to effectively introduce spatial con-
ditions.
Implementation of different mesh regressors. In order
to assess the efficacy of diffusion-based backbone, we ap-
ply recurrent linear layers (RLL) derived from [9] and cas-



3DCrowdNet JOTR DPMeshInput image 3DCrowdNet JOTR DPMeshInput image

Figure B. Qualitative comparison on OCHuman dataset [22]. In more challenging occlusion and crowded scenarios, our DPMesh
precisely predicts the human mesh, effectively disregarding interference from adjacent individuals.

Table B. Ablation study of spatial condition type. We study the
impact of different spatial guidance to denoising U-Net.

Conditions 3DPW 3DPW-OC

MPJPE↓ PA-MPJPE↓ MPJPE↓ PA-MPJPE↓
skeleton map 74.9 48.4 72.1 49.7
heatmap 73.6 47.4 70.9 48.6

cade transformer decoder learned from [13] as the SMPL
regressor. Results are presented in Table C. Without bells
and whistles, even with vanilla recurrent linear layers,
our diffusion-based feature extractor outperforms the per-
formance of JOTR [13], which carefully designs a con-

Table C. Ablation study of different SMPL regressors. We de-
ploy two distinct types of SMPL regressors (e.g., recurrent linear
layers (RLL) [9] and cascade transformer decoder (CTD) [13]) on
both ResNet50 [7] and our diffusion-based backbone to investigate
their respective performance contributions.

Settings 3DPW 3DPW-OC

MPJPE↓ PA-MPJPE↓ MPJPE↓ PA-MPJPE↓
ResNet+RLL 81.6 53.9 82.2 54.1
ResNet+CTD 80.2 52.4 78.9 52.8
Diffusion+RLL 75.4 49.0 72.5 50.0
Diffusion+CTD 73.6 47.4 70.9 48.0
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Figure C. Qualitative comparison on CrowdPose dataset [10]. We compare DPMesh with 3DCrowdNet which excels in managing
crowded environments. Our DPMesh yields superior outcomes in complex situations such as person-person ambiguity, occlusion with
camera distortion and intricate poses within crowds.

Table D. Ablation study of LoRA [8] implementation. We adjust
the LoRA rank hyperparameter and unlock more frozen layers in
pre-trained diffusion model (e.g., !: Weights are unlocked with
learnable LoRA matrices. %: Weights remain consistent with the
pre-trained model.). Results are evaluated on 3DPW-OC [20, 23].

LoRA rank ResBlock MPJPE↓ PA-MPJPE↓

8 % 73.2 50.1
64 ! 75.9 51.5
64 % 70.9 48.0

trastive learning loss for its cascade transformer decoder.
These findings indicate that our outstanding performance
is not severely dependent on the specific regressor em-
ployed, highlighting the versatility and effectiveness of the
diffusion-based backbone.
Influence of LoRA [8]. In order to preserve the diffusion

Table E. Ablation study on occluded parts. We conduct an abla-
tion study on our new metrics with cross-attention module (CAM)
and Noisy Key-point Reasoning (NKR).

Settings MPJPE↓ PA-MPJPE↓ OCC-MPJPE↓ OCC-PA-MPJPE↓
JOTR [27] 75.7 52.2 89.2 63.5

w/o CAM 73.7 50.6 89.4 61.0
w/o NKR 73.9 49.9 91.1 61.6

DPMesh 70.9 48.0 86.2 57.6

prior within the pre-trained model and minimize computa-
tional expenses, we utilize LoRA to finetune only a few pa-
rameters in U-Net. We study different LoRA ranks and un-
lock more blocks to optimize. As shown in Table D, lower
LoRA rank fails to thoroughly unleash the potential of dif-
fusion for visual perception tasks and further unfreezing
the ResBlocks may compromise the diffusion prior learned
from extensive data. Therefore, employing LoRA matrices



Table F. Comparison with more methods. We finetune DPMesh
with 3DPW training set and compare it with more SOTA methods.
DPMesh achieves a competitive result on 3DPW and significantly
outperforms them on occlusion benchmark.

Method 3DPW 3DPW-OC

MPJPE↓ PA-MPJPE↓ MPJPE↓ PA-MPJPE↓
HyBrIK [11] 71.6 41.8 90.8 58.8
NIKI [12] 71.3 40.6 85.5 53.5

DPMesh-ft 68.4 42.8 70.9 48.0

Table G. Comparison with HMDiff. Compared with step-by-step
diffusion framework, DPMesh exhibits superior performance, par-
ticularly on the 3DPW-PC benchmark.

Method 3DPW 3DPW-PC

MPJPE↓ PA-MPJPE↓ MPJPE↓ PA-MPJPE↓
HMDiff [5] 72.7 44.5 114.2 73.5
DPMesh (ours) 68.4 42.8 82.2 56.6

to simply unlock cross-attention blocks is appropriate for
this specific task, striking a balance between performance
and computational efficiency.
Evaluation on occluded joints. Our NKR focuses on deal-
ing with noisy guidance from erroneous key-points. Given
that these noisy key points only take a small fraction of the
total body, they may not have a significant impact on the
overall result. To further assess the NKR’s impact, we intro-
duce OCC-MPJPE↓ and OCC-PA-MPJPE↓ to evaluate
errors on occluded joints. As shown in Table E, the cross-
attention module and the Noisy Key-point module both are
effective on occluded key-points input.
More comparisons. We compare DPMesh with more
methods. For a fair comparison, when testing on the 3DPW
test split, we fine-tune our model with the 3DPW [20]
training set. As illustrated in Table F, DPMesh achieves
competitive performance on the 3DPW test split bench-
mark and significantly outperforms the occlusion bench-
mark. Furthermore, we compare our one-step DPMesh
with the step-by-step denoising framework HMDiff [5].
HMDiff is an optimization method that takes over 200
steps to recover human mesh. As shown in Table G,
DPMesh exhibits much better results on the 3DPW-PC
benchmark while also outperforming HMDiff on the 3DPW
test split.
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