State Space Models for Articulated 3D Mesh Generation and Reconstruction

Supplementary Material

1. Appendix: Contents

In the following Appendices, we describe the details on the
implementation, network and evaluation of MambaDiff3D
(Sec. 2) and Mamba-HMR (Sec. 3). Additionally, we dis-
cuss the limitations of our technique in Sec. 4.

2. Appendix: MambaDiff3D

2.1. Network architecture and ablation setting

Our diffusion model for 3D generation is inspired by U-ViT
[3] and its variants [38, 41]. It takes in the noisy 3D coor-
dinates of surface vertices x; € R™¥*3 and predicts noise
e € RN>X3 (Fig. 1). Our MambaDiff3D consists of L + 1
layers of Mamba blocks and input/output MLP layers. Each
Mamba block contains hidden layers with d channels. The
input MLP layer converts x; into d-dimensional embedding
features and the output MLP layer converts the Mamba-
processed features into €. The time embedding corre-
sponding to timestep t, is incorporated to every Mamba
block by summation.

The Mamba blocks are categorized into the first half
shallow group with L/2 blocks, a mid block and a second
half deep group with L /2 blocks. Skip connections are used
to connect the blocks in the first group to those in the second
group. To consider the consistencies of features flowing in-
side Mamba blocks, we design to use the same serialization
technique for the layers connected by a skip connection in
the shallow and deep group. This means at most we use
L/2 + 1 serialization strategies. All of our MambaDiff3D
models shown in this paper use d = 256 and L = 12, which
means they have 13 layers in total. When we use a distinct
strategy at every layer, we will have 7 different serialization
strategies in our model.

Table 1 shows the ablation studies on the vertex seri-
alization strategy. “SMPL connectivity”, “part-IUV” and
“TPose XYZ” indicate the serialization strategies derived
from the template mesh’s default vertex ordering, Dense-
pose body part IUV maps and 3D coordinates of a T-posed
template mesh, respectively. “SMPL connectivity x 1” and
“part-IUV x1” indicate the models using a single serializa-
tion. “part-IUV %27, “part-IUV x4 and “part-IUV x7”
are the models with two, four and seven different serializa-
tion strategies derived from the Densepose part IUV maps,
respectively. “SMPL x 1 +IUV x 17, “SMPL x 1 + TPose
x 17 and “SMPL x 1 + TPose x 6” mixes the different
types of strategies and use the template mesh’s default ver-
tex ordering at the mid block.

Table 1. Ablation on serialization

Serialization INNA |
SMPL connectivity x 1 60.0
part-IUV x 1 54.4
part-IUV x 2 53.7
part-IUV x 4 53.7
part-IUV x 7 53.0

SMPL x 1 +IUV x 1 53.5
SMPL x 1 + TPose x 1 53.1
SMPL x 1 + TPose x 6 53.5

2.2. Comparison of network components

Table 2 and Fig. 2 shows qualitative results of uncondi-
tional 3D human generation. As illustrated in Fig. 2, Mesh-
Mamba can generate 3D human mesh models in diverse
body shapes and poses. As shown in Table 2, transformer
and Mamba blocks perform significantly better than MLPs
and GNNs which led to unsuccessful training and produced
locally very noisy surface results. Also, training was not
successful with Random ordering. The generation result
with the single serialization strategy based on Default or-
dering exhibits noise around the arms and head.

Table 2. Ablation studies on network layer blocks.

Block INNA |
MLP 73.7
GNN 74.2
Transformer 53.6
Mamba 53.1

2.3. Combining surface vertices and normals

Instead of generating 3D positions at vertices or Jacobians
at triangles, we perform generation of position and normal
at each vertex. Then, inspired by the techniques that trans-
fer details in the gradient domain [5, 26, 36], we combine
surface normals and positions by solving a Poisson sys-
tem. This allows for smoother reconstruction by remov-
ing noise in vertices, while maintaining surface details and
global shape structure (Fig. 3).

Specifically, in a similar manner as in [26], the gradient
at each triangle m is obtained by combining smoothed ver-
tex positions and surface normals in the gradient domain:
G,, = R,,T,,, where T,, € R3*3 is the Jacobian of
the generated vertices after smoothing and R,, € R3*3
is the relative rotation between the generated normals and
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Figure 1. Network architectures of MambaDiff3D

those obtained from smoothed vertices. These gradients are
then plugged in to the Poisson system [1, 32] to stich to-
gether into a whole mesh. Note that the right hand side
of the Poisson system does not change for the mesh with
the same connectivity. Thus, we can reuse the factorization
of the system, thereby maintaining the overall generation
time without a large overhead [1, 32]. Differently from pre-
vious approaches [1], our approach is not end-to-end i.e,
the generation and the surface reconstruction by solving the
Poisson system are done independently where no gradient
is flowing from the Poisson system to the MambaDiff3D
model during training.

2.4. Learning from a limited mount of data

Figure 4 compares the mesh generation results of Mam-
baDiff3D and the transformer-based method when training
on a smaller amount of data (using 4.6K training meshes).
The transformer-based model generates a human mesh with
arm shrinkage, resulting in large area distortions around
wrists. In contrast, MeshMamba better preserves the lo-
cal and global structure of the shape. We also colorized
the maximum area distortion at each triangle (Fig 4 right)
and plotted the percentages of triangles sorted by area dis-
tortions. As shown, MeshMamba produces fewer triangles
with large distortions. This suggests that MeshMamba can
be effectively trained under less-data settings by incorpo-
rating inductive biases encoded in the mesh serialization.
Notably, serializing the vertices using the same vertex seri-
alization for the transformer results in worse outcomes with

significant distortions, possibly because altering the order
of vertices differently for each layer makes the training of
self-attention more difficult.

2.5. Additional qualitative comparison of genera-
tion results

We visualized additional generation results of MambaD-
iff3D and NRDF [9] in Figs. 10 and 11. We selected the first
batches with 10 generated samples. We found that NRDF
produces diverse but sometimes unrealistic results for un-
conditional generation. MambaDiff3D results are more bal-
anced than previous studies and it can produce diverse yet
realistic poses.

In Fig. 5, we also tested the serialization techniques
based on z-ordering in a 3D grid as in PCM [40] and random
ordering commonly used in point cloud generation [23].
These approaches produced noisy distorted results, as they
neglect pose changes; for example, raising hands would
lead to different serializations, disrupting mamba process-
ing and losing correspondences.

2.6. Appendix: Additional qualitative results

Figures 12-15 visualizes additional examples of generation
and reconstruction results produced by MambaDiff3D. We
also provided shape interpolation results using MambaD-
iff3D in Figs. 16 and 17.
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Figure 2. Qualitative comparisons network components on uncon-
ditional 3D mesh generation.

3. Appendix: Mamba-HMR

3.1. Network architectures

Network model The network architecture of Mamba-HMR
follows Mesh transformer [19] where we essentially re-
place their transformer blocks with Mamba blocks. Our
Mamba-HMR feeds CNN image features to Mamba as joint
queries and vertex queries, along with position embedding.
The key difference from previous vertex-based approaches
[7, 15, 16, 21] is that Mamba-HMR does not necessarily
need upsamplers and its Mamba-blocks directly output a
full-resolution mesh, which leads to a large reduction in
model parameters. The camera model and the way calcu-
lating vertex positions are same as METRO [19]. Like our
MambaDiff3D, Mamba-HMR consists of the shallow, mid
and deep Mamba block groups and uses skip connections,

except that we do not input time embeddings. The weights
in the Mamba blocks are randomly initialized.

We employ HRNet-w48 [33] and rtmpose-1 [11] as our
CNN backbone, initialized with the weights pre-trained on
the 2D human pose detection tasks. “HR48” in Table 3 and
4 indicates the HRNet-w48 backbone model which inputs
a 256 x 192 resolution input image and extracts an 8 x 6
feature map, which is pre-trained on the COCO dataset.
“HR48wb” in Table 4 indicates the HRNet-w48 backbone
model that uses a 384 x 288 image as input and extracts
an 12 x 9 feature map, which is pre-trained on the COCO-
whole body dataset [13]. rtmpose-1 is pre-trained on 14 2D
human pose detection dataset [12].

3.2. Further details and comparison results

We provide here more comparison results against the ap-
proaches those that are not trained on diverse datasets.
Body-only reconstruction We trained our human mesh re-
covery model using publicly available datasets, adopting the
mixed dataset training strategies as outlined in [19, 39]. The
datasets used in this paper include Human3.6M [10], MPI-
INF-3DHP [24], COCO [20], MPII [2] and LSPET [14].
For training, we utilized the 3D joint labels from Human
3.6M and 2D keypoint labels from all the datasets. We
use 3DPW [35] for fine-tuning our model on 3DPW fol-
lowing [7, 18, 19]. We conduct evaluation on Human3.6M
and 3DPW.

We used the following three standard metrics for eval-
uation: MPJPE, PA-MPJPE and MPVE. Mean-Per-Joint-
Position-Error (MPJPE) measures the Euclidean distances
between the ground truth and the predicted joints. The PA-
MPJPE metric, where PA stands for Procrustes Analysis,
measures the reconstruction error after removing the effects
of scale and rotation. Mean-Per-Vertex-Error (MPVE) mea-
sures the Euclidean distances between the ground truth and
the predicted vertices.

Mamba-HMR is compared against seminal vertex-based
transformer approaches: METRO [19], Graphormer [18]
and FastMETRO [7]. In addition, we compared our
method against more recent advanced approaches such as
PointHMR [15] and HMDiff [21]. These methods regress a
coarse mesh with 431 vertices using a transformer and up-
sample them to 6890 vertices using MLPs(sparse matrices
[7] or linear layers [19]).

In Table 3, we compare our Mamba-HMR with the
transformer-based baseline techniques on 3DPW and Hu-
man 3.6M. Mamba-HMR, with the smallest number of
model parameters, outperforms seminal works in this field
[7, 18, 19]. Notably Mamba-HMR equipped with rtmpose-1
performs better than FastMetro with ResNet50 by approx-
imately 3pts on most of the metrics and 8pts on MVE,
while running at a similar inference time. Our Mesh-
Mamba is also competitive with advanced approaches such
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as PointHMR and HMdiff. In fact, Mamba-HMR with the
HRNet-w48 backbone is better than these approaches by 1-
2pts on 3DPW. Furthermore, Mamba-HMR demonstrates
better zero-shot transfer capability to 3DPW than METRO,
likely due to its use of knowledge about local and global
structure, which is extracted from a template body mesh and
then encoded into mesh serialization.

Whole-body reconstruction In the first setting, Mamba-
HMR is compared against previous whole-body mesh
recovery approaches trained on a small number of
whole-body dataset such as Pixie [8], Frankmocap [30],
hand4whole [25] and OSX [17]. In this experiment, we
train Mamba-HMR and OSX [17] on Human3.6M [10]
and COCO [20], for the consistency of training setting.
We compare against these approaches on EHF [28] and
AGORA [27] without fine-tuning on them—we used EHF
and AGORA in evaluation, not in training. EHF is an in-
door dataset consisting of 100 images with corresponding
SMPL-X labels. AGORA is a synthetic image dataset that
includes severe occlusion and truncations. Our approach
utilizes its validation set with 1K validation images with

around 8K instances for evaluation, referenced as AGORA-
val.

Tables 4 present the comparisons of whole-body mesh
recovery methods on EHF and AGORA-val. On EHF and
AGORA-val under no-fine tuning settings, our method is
comparable to previous techniques. Although our method
is inferior to the approaches which use separate image en-
coders for hands and face on the hand metrics, Mamba-
HMR is better on the “All” metrics, indicating that its re-
construction results is high-quality overall.

In the second setting, we compare Mamba-HMR with
SMPLer-X which is trained on diverse dataset. Here
we train Mamba-HMR on COCO, Human3.6M, Bedlam
(60K), Agora and UBody following [4, 6, 34].

As shown on Table 5, our AGORA-val PA-MVE and
MVE scores are comparable to SMPLer-X-L. It is slightly
worse than the SMPLer-X model trained on 32 dataset,
whereas we use five dataset. For EHF, it is comparable to
SMPLER-X-LS5 that uses five dataset in training, but still a
gap exists when they use more dataset, indicating some gen-
eralization issues still remain when tested on new dataset
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Figure 5. Generation results based on the serialization approaches used in point cloud diffusion models.

Table 3. Comparisons with vertex transformer approaches which inputs image features on 3DPW and Human 3.6M.

3DPW (fine-tune)

3DPW

Human 3.6M #Vert

Method MVE| MPIJPE| PA-MPIPE| PA-MPIPE| MPIPE| PA-MPIPE| ['° fokens TlaYers #Param
METRO(Res50) [10] — — — — 56.5 406 315 431 12 1023M
METRO(HR64) [19] 88.2 77.1 479 63.0 54.0 36.7 137 431 12 230M

Mesh Graphormer [18] 877 74.7 45.6 — 512 34.5 136 431 12 226M

FastMETRO(Res50) [7]  90.6 77.9 483 — 53.9 37.3 353 431 12 48.4M

FastMETRO(HR64) [7]  84.1 735 44.6 — 522 337 143 431 12 153M
PointHMR [15] 85.5 739 44.9 — 48.3 329 — 431 — —
HMDiff [21] 82.4 7.7 44.5 — 493 324 18 431 — —

Ours (HR48) 83.6 732 447 528 496 35.9 303 1723 3 71.IM

Ours (HR48) w/o reg loss ~ — — — — 46.9 33.5 303 1723 1 71.1M

Ours (HR48) 80.5 71.7 438 532 49.7 36.2 272 6890 9 70.6M

Ours (rtmpose-1) 82.8 74.9 453 55.1 50.9 34.4 378 6890 9 48.7M

that is not used in training especially on extreme shapes and
poses. We expect that this gap could be closed by using
more training dataset in future.

3.3. Details on UBody training setting

As shown in Table 7, Mamba-HMR is evaluated on UBody
[17] comparing against the transformer-based parametric
approaches fine-tuned on UBody or trained on various
dataset, such as OSX [17], SMPLer-X [6] AiOS [34].
UBody is a dataset containing diverse real-life scenar-
ios from movies, TV shows, talk shows, sign language,
etc. Following the repository of UBody, we downsam-
ple the training set and test set to approximately 71K and
2.4K instances, respectively. The numbers of OSX [17],
SMPLer-X [6] and AiOS [34] in Table 7 are taken from
[34]. In the first setting, we train Mamba-HMR using Hu-
man3.6M [10] and COCO [20] with SMPL-X annotations
from [25]. Then, the model is fine-tuned on UBody. In the
second setting, Mamba-HMR is again trained on COCO,
Human3.6M, Bedlam (60K), Agora and UBody following
[4, 6, 34].

3.4. The runtime FPSs of Mamba-HMR

The runtime FPSs of Mamba-HMR are compared against
other human mesh recovery approaches for body-only and
whole-body settings as shown in Table 3 and 4. All tim-

ings of Table 3 were measured on an NVIDIA V100 GPU,
except for HMDiff [21] which used an RTX GPU. While
Mamba-HMR reconstructs a full-resolution SMPL mesh
with 6980 vertices or SMPL-X mesh with 10475 vertices,
it runs in (near) real-time around 30 FPS on both body-
only and whole-body settings, while achieving comparable
or superior mesh reconstruction accuracy to larger models
of previous works. In contrast, as previous whole-body
approaches rely on separate encoders for face and hands
[8, 25, 29, 30] or utilize a heavy backbone encoder and de-
coders [17], they are limited to around 5-15 FPS.

3.5. Training loss terms

Training loss Our training loss follows [18, 19] but is aug-
mented with local geometric losses such as the surface edge,
Laplacian and normal losses, Ledge, Liap and Lyormar for
regularization. These losses are vital for local shape preser-
vation in our dense mesh reconstruction (Figure 6 ).

The total loss is defined as:

L=XpLY + \ip(Lip + L}]cgsD) + A3p (Lap + Lfcg2D)
+ )\edgeLnge + )\laleap + )\normaanormal (l)
where LV, L3, L;‘]eg3D’ L3, and L}]eg2D are the vertex, 3D

joint, 3D regressed joint, 2D joint and 2D regressed joint
loss, respectively. AYp, Adps AJp » Aedges Alap a0 Apormal



Table 4. Comparisons with whole-body 3D mesh recovery approaches on EHF and AGORA-val. We train Mamba-HMR and OSX [17] on

Human3.6M [10] and COCO [20].

Method EHF MVE EHF PA-MVE AGORA-val PA-MVE FPS1  #Param Body image Hands&Face

All | Hands| Face] All] Hands| Face]l All] Hands| Facel Resolution Experts
ExPose [29] 717.1 51.6 350 545 12.8 5.8 88.0 12.1 4.8 6.25 — — yes
FrankMocap [30]  107.6 42.8 — 575 12.6 — 90.6 11.2 4.9 6.7 — — yes
PIXIE [8] 89.2 42.8 327 550 11.1 4.6 82.7 12.8 5.4 10.0 — — yes
Hand4Whole [25]  79.2 432 250 531 12.1 5.8 73.2 9.7 4.7 — — 256 x 192 yes

OSX-b [17] 78.1 58.3 279 528 16.2 6.1 724 11.2 4.7 16 185.7M 256 x 192 Decoder

OSX-1[17] 74.5 554 28.0 495 16.1 6.0 70.7 11.1 4.7 13.5  4225M 256 x 192 Decoder
Ours (rtmpose-1)  76.5 539 23,5 495 16.7 6.3 71.0 10.7 55 29.8 49.8M 256 x 192 no
Ours (HR48) 80.2 62.1 239 525 16.6 6.9 71.9 10.8 6.2 277  669M 256 x 192 no
Ours (HR48wb) 73.8 57.4 252 489 16.9 5.7 71.1 10.5 4.7 21.3 72.3M 384 x 288 no

Table 5. Comparisons to SMPLer-X on whole-body 3D mesh re-
covery on AGORA-val.

PA-MVE | (mm) MVE | (mm)
Method All Hands Face All Hands Face
SMPLer-X-L5 [6]  56.1 9.2 43 883 530 433
SMPLer-X-L20 [6] 48.6 8.9 40 807 510 413
SMPLer-X-L32 [6] 45.1 8.7 38 742 478 387
Ours 469 108 395 785 520 4l1.1

Table 6. Comparisons to SMPLer-X on whole-body 3D mesh re-
covery on EHF.

PA-MVE | (mm) MVE | (mm)
Method All  Hands Face All Hands Face
SMPLer-X-L5 [6] 539 147 59 895 578 299
SMPLer-X-L20 [6] 37.8 15.0 5.1 654 494 17.4
SMPLer-X-L32 [6] 37.1 14.1 50 624 471 17.0
Ours 473 17.8 58 729 544 235

Table 7. Comparisons with whole-body 3D mesh recovery ap-
proaches on UBody. { indicates fine-tuned on UBody. # indi-
cates trained on Human3.6M and COCO. b indicates trained on
Human3.6M, COCO, Bedlam, Agora and UBody.

PA-MVE | (mm) MVE | (mm)
Method All  Hands Face All Hands Face FPS
OSX-L [17] 424 108 24 924 477 249 14
OSX-L[17] 1 422 8.6 20 819 415 212 14
SMPLer-X-L [6] 332 10.6 28 615 433 231 24
SMPLer-X-L [6] 1 319 10.3 28 574 402 216 24
AiOS [34] 32.5 73 28  58.6 390 196 —
Multi-HMR-B [4] 314 9.8 6.1 65.1 331 226 23
NLF-L [31] 66.8 19.4 6.6 — — — 41
Ours # 453 107 33 107.6 497 317 22
Ours b 263 10.7 24 544 388 177 22
Ours } 259 9.7 2.1 517 339 159 22

are the weights for controlling the relative strengths of re-
spective terms.

3D vertex loss Let v € R™V*3 be the predicted vertex posi-
tions. The vertex loss LV is defined with a L1 loss function
as follows:

1
LV = (v = 9Ih) @

where v € R™V*3 is the ground truth vertex positions.
3D joint loss Similarly, the 3D joint loss L3, can be de-

fined from the output joint locations in image space and
model space, J3p as:

1 )
Lip = 5 (950 = Isp|l2) 3)

where J3p € R7*3 is the ground truth joint positions.
Regressed 3D joint loss The 3D joint locations can also be
calculated from the output mesh using a pre-computed joint
regressor matrix [19, 22]. Let J3;5 € R7*3 be the 3D joint
locations obtained with the pre-computed regressor. Then
the regressed 3D vertex loss L;']egBD is defined as follows:

1, e =
Liegsp = (955 = Jspll2) “

2D joint loss 2D supervisions are useful whenever 3D su-
pervision is not available, such as when the input is an in-
the-wild image. Given the 2D joint estimates Jop € R7*?
and the 2D regressed joints Jo5 € R7*2, the 2D joint loss
L, is defined by:

1

Lip = j(||JzD — Jopll2 + 1955 — =Japll2 (5)

where Jop € R7*? is the ground truth 2D joint locations.

The regularization terms are defined from the ground
truth and predicted SMPL or SMPL-X mesh vertices.
Edge loss The edge loss Leqge is defined as:

E
1 _
Lcdgc:E § ||ee_ee”1 (6)
e=1

where e, and e, are the predicted and ground truth of edge
length at edge e, respectively.
Laplacian loss The Laplacian loss Ly,;, is written as:

1 < .
Liap = 5 > lldi = dills ™

=1

where d; and d; are the predicted and ground truth of mean
curvature normal vector at vertex ¢ derived from the cotan-
gent Laplacian matrix, respectively.
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Figure 6. Ablation on training losses. Top: varying regularization
terms when using 6890 vertex tokens. Bottom: varying training
losses using 1723 vertex tokens.

Normal loss The normal 10ss L, ormai 18 defined as:

1 F
Lnormal == f Z_l ||nm — ﬁm”l (8)

where n,,, and n,, are the predicted and ground truth of face
normal at triangle face m, respectively.

3.6. Ablation on the training losses

Figure 6 visualizes human mesh recovery results by vary-
ing the training losses. For reconstructing a full-resolution
dense mesh with 6890 vertex tokens, the regularization

Sparse upsampler

Linear upsampler

No upsampling

Figure 7. Comparisons against using a sparse upsampler [7] and
linear upsampler [19]. Mamba-HMR does not use an upsampler
and directly outputs a full resolution mesh. Methods using an up-
sampler faces difficulties in reconstructing ears and eyes for whole
body reconstruction based on a SMPL-X mesh model due to its
complex geometry and topology around the head.

terms are vital (Figure 6 top). When all the regularization
terms are removed, it results in a very noisy reconstruction.
Adding each regularization term improves the smoothness
and shape preservation of reconstructed meshes.

For reconstructing a down-sampled mesh with 1723 ver-
tex tokens, it is possible to reconstruct smoother meshes
without enforcing the regularization terms, as with the pre-
vious vertex transformer approaches [19]. This leads to
high accuracy on body joint prediction but the reconstructed
mesh is prone to large distortions especially around joints
(Fig. 6 bottom). By removing the loss for fitting the re-
gressed 3D joints, the geometry of a resulting mesh is main-
tained locally. However, the mesh does not properly align
with body joints. The incorporation of the regularization
terms remedy this issue and achieves comparable MPJPE
and PA-MPJPE scores.

3.7. Comparison of whole-body reconstruction re-
sults w/o VS. with upsampling

Figure 7 shows the comparisons against using a sparse up-
sampler [7] or linear upsampler [19]. Mamba-HMR does
not use an upsampler and directly outputs a full resolution
mesh. The methods using an upsampler faces difficulties
in reconstructing ears and eyes for whole-body reconstruc-
tion based on a SMPL-X mesh model due to its complex
geometry and topology around the head.

3.8. Additional qualitative results

Additional examples of reconstruction results produced by
Mamba-HMR are visualized in Figs. 8 and 9.

4. Appendix: Discussions and future work

As discussed in the main text, the strength of MeshMamba
is its efficiency and inference speed, while increasing the
number of vertex tokens to enable the generation and recon-
struction of dense 3D meshes. In Sections 2.4 and 3.7, we



also provide some analysis results on why MeshMamba can
achieve superior results to previous approaches. There, we
show that MeshMamba 1) can incorporate inductive biases
through its vertex serialization and 2) can eliminate the need
of an upsampling process that sometimes produces erro-
neous results. We believe that these aspects of MeshMamba
are especially beneficial for the situations where the train-
ing data is scarce such as the 3D domain. Furthermore, a
combination of MeshMamba with the gradient domain sur-
face integration and training losses that incorporates sur-
face normals is a promising strategy to obtain a smooth
yet detailed surface results. By leveraging MeshMamba,
MambaDiff3D outperformed other generative models in the
3D human generation task and Mamba-HMR showed its
strong performance on the whole body reconstruction task
under the fine-tuning setting by extending previous vertex-
transformer approaches.

MeshMamba still has limitations that could be addressed
in future research. First, it is currently limited to tight cloth-
ing with a fixed topology. We aim to tackle more challeng-
ing in-the-wild clothed human mesh recovery tasks [37] by
further increasing image and mesh resolution. Additionally,
investigating a way to incorporate hand and finger experts
into Mamba-HMR in a general and efficient manner would
be valuable attempts to further improve reconstruction of
finger poses and facial expressions. Second, its generaliza-
tion capability to new datasets not used in training is still
limited compared to approaches trained on diverse datasets
[6]. while MeshMamba possesses a relatively good zero-
shot transfer ability compared to nonparametric transformer
approaches, currently it may not match with that of para-
metric approaches or low-dimensional latent approaches.
Future work could explore a way to train MeshMamba on a
larger-scale dataset collections like in [6] and assess its gen-
eralization ability under such a larger-scale training setting.
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Figure 14. Unconditional 3D mesh generation results on GRAB
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