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(a) Input Image (b) AJAHR (Our:;) (c) BEDLAM-CLIFF [52] (d) HMR2.0 [10] 7 (e) TokenHMR [9j
Figure 1. Examples of Human Mesh Recovery for Amputee and Non-Amputee Individuals. Column (a) shows input images: the top
row includes a non-amputee (left) and an amputee (right), while the bottom row shows an amputee. Our method AJAHR (b) accurately
handles both cases, whereas (c), (d), and (e) often misinterpret amputated limbs as intact and infer implausible poses in missing regions.

Abstract 1. Introduction

Human pose information is essential for understanding
human behavior and enabling effective human-computer in-
teraction. Its importance is evident in applications such as
sports [4, 40], AR/VR [2] and surveillance [7]. In com-
puter vision, Human Mesh Recovery (HMR) from a single
RGB image offers a cost-effective solution without requir-

Existing human mesh recovery methods assume a standard
human body structure, overlooking diverse anatomical con-
ditions such as limb loss. This assumption introduces bias
when applied to individuals with amputations—a limita-
tion further exacerbated by the scarcity of suitable datasets.
To address this gap, we propose Amputated Joint Aware . < ’ A
3D Human Mesh Recovery (AJAHR), which is an adap- ing additional sensors. Although this apprpz}ch is mmple,
tive pose estimation framework that improves mesh recon- it has derponstrated strong performance, (.h'lV-lIlg gontlnued
struction for individuals with limb loss. Our model in- research n the field. Our study fOHOWS .th1s dlre.:cgon:

tegrates a body-part amputation classifier; jointly trained .Desplte rece.nt.advancements, a mgmﬁcant limitation re-
with the mesh recovery network, to detect potential ampu- mains: most existing methods are trained on datasets com-

tations. We also introduce Amputee 3D (A3D), which is a posed exclusively of non-amputees, implicitly assuming a
standard human body structure. As a result, they tend to

produce biased pose estimations when applied to anatom-
ically diverse conditions—such as limb loss—often hallu-

synthetic dataset offering a wide range of amputee poses
for robust training. While maintaining competitive perfor-

mance on non-amputees, our approach achieves state-of- i A o
the-art results for amputated individuals. Additional mate- cinating unrealistic poses or body shapes for the missing

rials can be found at: https://choiinie.github limbs, rather than accurately reflecting the amputated re-
io/project_AJAHR/ gions. This highlights the need for more inclusive HMR

models that generalize across a wider range of body types.
Prior work has explored model inclusivity by examining
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the lack of representation in human-related motion datasets
and addressing associated bias in pose estimation. Olug-
bade et al. [27] highlighted that among 704 publicly avail-
able datasets, none include individuals with disabilities per-
forming activities such as sports or daily tasks. In paral-
lel, studies such as Zhou et al. [48] and WheelPose [14]
have identified biases in 2D human pose estimation models
trained on general human movement datasets.

Inspired by recent findings and limitations, we present
AJAHR—an adaptive framework improving mesh recov-
ery in individuals with limb amputations—an area largely
overlooked in prior HMR research. Addressing this sce-
nario presents unique challenges: training data with real
amputees is extremely scarce, making it difficult to learn
body configurations that deviate from standard anatomy. As
noted by [27], collecting such data—whether in controlled
studio environments or in the wild—raises significant eth-
ical and logistical concerns, including safety risks, privacy
issues, and high acquisition costs. Moreover, amputation-
induced joint absence can be easily confused with occlu-
sions. In the latter case, the joint exists but is merely hidden
from view—posing ambiguity for models relying solely on
image cues. AJAHR integrates a body-part amputation clas-
sifier that is jointly trained with the mesh recovery network,
allowing the model to distinguish between amputees and
non-amputees and produce pose estimates tailored to each
body condition.

As shown in Fig. |, existing methods often hallucinate
unrealistic body parts or fail to represent amputated poses
accurately, revealing their limited generalization capability.
To the best of our knowledge, no prior dataset or framework
has been specifically designed to address this scenario. To
fill this gap, we construct Amputee 3D (A3D), a synthetic
dataset generated through a controlled data pipeline that of-
fers diverse amputee pose samples for training. Addition-
ally, we compile ITW-amputee, a real-world evaluation set
consisting of in-the-wild images of individuals with limb
loss collected from online sources. This dataset serves as
a benchmark to assess generalization performance on real-
world amputee cases, making our contributions a crucial
step toward inclusive HMR.

Our contributions can be summarized as follows:

1. We introduce and address the first-ever human mesh
recovery problem for amputated individuals.

We propose AJAHR, an adaptive HMR model that de-
tects amputated individuals while ensuring stable pose
estimation for both amputees and non-amputees.

. We construct a new dataset, A3D, for human mesh
recovery of amputated individuals and introduce a
method to synthesize datasets tailored for this task.
Our approach preserves competitive performance on
non-amputees while achieving state-of-the-art results
on amputee datasets.

2.
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2. Related Work

Inclusiveness in Human Mesh Recovery. Human mesh
recovery research has primarily focused on improving pose
accuracy in occluded conditions [20, 45, 47] or leveraging
motion capture datasets like AMASS [25] and MOYO [33]
to enhance pose priors across various postures [0, 9, 16].
While these methods improve accuracy, they largely fo-
cus on individuals with typical anatomical structures, over-
looking anatomical diversity. To improve inclusivity, some
studies have specifically explored individuals with physical
disabilities [14, 48]. For instance, WheelPose [14] intro-
duced a synthesis pipeline for wheelchair users, while Zhou
et al. [48] reconstructed prosthetic limbs as intact limbs to
enable robust pose estimation. However, human pose esti-
mation or human mesh recovery for individuals with limb
amputations remains unexplored. To address this gap, we
introduce a synthesis pipeline for amputee pose data and
analyze model adaptability to missing body parts.

Monocular 3D Human Mesh Recovery. 3D human mesh
recovery from a single RGB image involves extracting vi-
sual features to reconstruct a parametric human body. Ex-
isting methods are broadly categorized into regression- and
optimization-based approaches. Regression-based meth-
ods [10, 16, 20, 22, 32, 34] directly predict body model pa-
rameters [24, 28, 41] in a single forward pass, enabling real-
time inference. Optimization-based methods [6, 21, 29, 30]
estimate these parameters by fitting the SMPL model to 2D
cues such as keypoints and silhouettes, and iteratively refine
predictions using additional image information. Despite
strong performance, most methods are trained on datasets
without disabled individuals, resulting in pose priors that
generalize poorly to amputees. To address this, we adopt
TokenHMR [9] as our baseline, which reframes pose esti-
mation as a token classification task to mitigate bias and in-
corporate structured priors. Building on this framework, we
integrate pose priors for individuals with limb amputations,
improving prediction accuracy for missing body regions.

3. Proposed Method

3.1. Preliminaries

Body Model. The SMPL [24] is a low-dimensional, dif-
ferentiable parametric body model that represents the hu-
man body. The model takes as an input the pose parameters
6 € R?4*3x3 and shape parameters 3 € R'°. As an output,
the model generates the human body mesh, M, which con-
sists of V- € RN*3 where N=6890 represents the number
of vertices. The 3D joints, J3p, are obtained by combining
the pre-trained joint regressor with the vertices.

Representation of Amputation under the SMPL. The

SMPL model has a kinematic tree structure, where 24 joints
are organized in a parent-child relationship. As it is pre-
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Figure 2. Overview of AJAHR Architecture. The proposed model takes typical human pose datasets and the A3D dataset—a synthetic

dataset of amputated individuals (see Sec. 3.2)—as input. It employs BPAC-Net, a body-part amputation classifier (see Sec. 3.3

.1), to detect

limb absence and uses this information to guide mesh recovery for both amputees and non-amputees. Based on the predicted body-part
status, the model connects to different pre-trained tokenizers (see Sec. 3.3.2), which remain frozen during training while the rest of the

model is optimized accordingly.

Dataset Year Type Annot. SMPL GT Amputee # Images
WheelPose [14] 2024 Image 2D X X -
BEDLAM [5]* 2023 Video 3D+2D v X 18M
EMDB [18]* 2023 Video 3D+2D v X 105K
3DPW [37]* 2018 Video 3D+2D v X 53K
Human3.6M [15]* 2015 Video 3D+2D X X 3.6M
MSCOCO [23] 2014 Image 2D X X 200K
MPII [3] 2014 Image 2D X X 25K
Ours (A3D) 2025 Image 3D+2D v v 1.0M

Table 1. Comparison of datasets. * indicates that the number of
images refers to frames extracted from videos.

trained and not directly trainable, we leverage this structure
to represent amputations without modifying the model. Our
method encodes amputations by setting the pose parame-
ter 6 of the amputated parent joint and all its descendants
to a zero matrix. When these parameters are passed into
the SMPL model, the corresponding vertices collapse into
a single location near the amputated joint, effectively simu-
lating limb absence. The generated vertices are then multi-
plied by a pre-trained joint regressor to obtain 3D joint po-
sitions, resulting in the child joints of the amputated region
shifting toward the amputated parent due to the hierarchi-
cal structure of the body model. For details, please refer to
Supplementary Sec. B.

3.2. Amputee Dataset Synthesis

Overview. Training a pose estimator for individuals
with limb amputations requires annotated amputee images.
However, collecting such data is costly and raises concerns
regarding safety, accessibility, and diversity. In addition,
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state-of-the-art generative models (e.g., GPT-4 [1], Control-
Net [44]) still fall short in producing sufficient high-quality
amputee images for our purposes. To address these limi-
tations, we synthesize amputee data through a multi-stage
pipeline that generates diverse amputee instances with var-
ious ethnic appearances and realistic backgrounds. This
pipeline includes an index selection module to simulate am-
putated body parts in the SMPL representation, and a con-
troller module that handles texture assignment for gender
and ethnic diversity. See Supplementary Sec. A for archi-
tectural design and implementation details.

Synthesizing Amputee Representations. We leverage off-
the-shelf models designed for recovering human mesh from
a single RGB image using the SMPL body model to create
synthetic representations of individuals with limb amputa-
tions, where amputated parts are represented using a zero
pose. Additionally, we enhance visual diversity by incorpo-
rating skin and clothing textures from BEDLAM [5] assets,
which reflect a range of human appearances and contribute
to comprehensive representation.

Generating Background Images. To ensure generaliza-
tion, we utilized both indoor and in-the-wild pose images
from diverse environments. To obtain clean background
images, we applied a two-stage removal process to bench-
mark datasets [3, 15, 23]: a segmentation model [19] was
used to detect and mask human regions, which were then
inpainted using LaMa [31], a model designed for object
removal. This process generated approximately 3K back-
grounds from MSCOCO [23] and 1K from MPII [3]. For
Human3.6M [15], which consists of scenes captured from



four fixed camera viewpoints in a controlled multi-view en-
vironment, we extracted one background image per view-
point, resulting in a total of four. Finally, we projected
the synthesized amputee meshes onto these cleared back-
grounds using weak perspective projection.

A3D: Amputee 3D Pose Dataset. Through our synthetic
data pipeline, we generated over one million high-quality
images simulating various amputation scenarios. These im-
ages reflect a diverse range of poses, clothing, and back-
grounds, contributing to both generalization and robustness
in training. Inspired by BEDLAM [5], we designed our
dataset to reflect balanced demographic diversity: African,
Asian, and Indian each account for 20% of the man-
nequin population, while Hispanic, Middle Eastern, South-
east Asian, and White each comprise 10%. To reflect a wide
range of amputation types, we simulated limb loss across
multiple body parts—including hand, forearm, full arm, an-
kle, knee, and full leg—based on poses commonly observed
in benchmark datasets of non-amputee subjects. Alongside
the images, we provide full annotations, including SMPL
parameters, 3D and 2D joint coordinates, and detailed am-
putation region labels, all aligned with ground truth (GT).
As shown in Tab. 1 shows that our dataset is sufficiently
large and serves as the first dataset tailored for the amputee
domain. During training, we leverage 2D keypoints, 3D
keypoints, and SMPL parameters as supervision signals.
For 2D keypoints, we follow standard practices by setting
the coordinates of joints in non-visible regions—whether
due to amputation or occlusion (i.e., the missing joint and
its child joints)—to (0, 0), thereby excluding them from 2D
supervision. In contrast, 3D keypoints and SMPL param-
eters corresponding to amputated regions are still used as
supervision signals, allowing the model to learn representa-
tions for structurally absent but semantically defined joints.
This distinction between modality-specific supervision han-
dling for occlusion and amputation enables accurate learn-
ing based on the SMPL framework without requiring archi-
tectural modifications or additional retraining.

3.3. Architecture of AJAHR

Overview. As illustrated in Fig. 2, AJAHR adopts a Vi-
sion Transformer (ViT) [8] based architecture inspired by
HMR2.0 [10] and TokenHMR [9]. Input images are en-
coded into embedding tokens via a ViT encoder and then
refined through a Transformer decoder [36] featuring two
cross-attention pathways. First, a predefined zero-pose pa-
rameter token attends to the image feature tokens to initial-
ize the pose representation. Second, the classifier-generated
token undergoes additional cross-attention within the de-
coder, allowing semantic cues from the classifier to guide
the pose regression. Additionally, BPAC-Net classifies the
amputation status of the body by taking the input image and
its corresponding 2D keypoints as input. During training,
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ground-truth 2D keypoints are used, while at inference time,
predicted keypoints from the ViTPose [42] detector are em-
ployed.

The output tokens from the transformer decoder [36] are
split into four branches, each corresponding to a major body
region—Ileft arm, right arm, left leg, and right leg. Each
branch performs amputation classification by determining
whether any child joints within its region, based on the
SMPL kinematic tree, are amputated or non-amputated. In
one branch, a bridge MLP transforms the decoder output to
match the dimensionality of the codebook, producing log-
its for each codebook entry. Applying the softmax function
yields a probability distribution that serves as soft weights
over the pre-trained codebook, each entry representing a la-
tent pose component. The pre-trained codebook consists of
two types: one trained on both amputee and non-amputee
datasets, and another trained only on non-amputee data.
Based on the amputation status predicted by BPAC-Net, a
tokenizer-switching strategy selects the appropriate code-
book. The selected codebook is then aggregated via multi-
plication using the token distribution as weights, resulting
in the final predicted pose parameter, 6. The other three
branches independently regress the global rotation (g), body
shape parameters (3), and camera translation (¢) through
separate regression heads. Finally, the predicted parameters
are passed to SMPL for mesh reconstruction.

We follow the TokenHMR [9] paradigm by pretraining
the tokenizer separately. Specifically, the codebook and de-
coder are trained in advance, and then frozen during pose
estimation training.

3.3.1. Body Part Amputation Classifier (BPAC-Net)

The proposed BPAC-Net serves three key roles:
(1) Loss Adjustment: Enhancing learning on amputee data
by increasing loss for amputated regions. (2) Implicit
Learning Assistance: BPAC-Net features undergo cross-
attention with the transformer decoder [36] to improve pose
estimation for amputated parts. (3) Visualization: Enforc-
ing zero values in SMPL pose parameters for amputated
joints to ensure accurate visual representation.

To address the ambiguity of missing or occluded limbs
in RGB images, we incorporate 2D keypoint heatmaps as
additional visual cues. For each amputee and non-amputee
image, we incorporate its corresponding keypoint heatmap
as an additional visual cue by concatenating the RGB input
I € RHEXWX3 yith the keypoints K € R7*Wx*J along
the channel dimension to form X = concat(/, K'). These
combined inputs are fed into ®(-), which integrates ResNet-
32 [13] and CBAM [38] to extract spatial and semantical
feature maps F = ®(X) € Rhxwxe,

The extracted features are passed to four parallel
classification heads H, and one feature alignment head
Hioken- Four classification heads, denoted as H, €
{HL HRur> Hireys HR,., }» are responsible for pre-

arm) arm)?
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Figure 3. Tokenizing for diverse pose prior. The input 6 con-
sists of SMPL pose parameters from amputees in the A3D dataset
and non-amputees in AMASS [25] and MOYO [33]. This allows
the tokenizer to encode amputee pose information into the code-
book, enabling the trained decoder to incorporate pose priors for
both amputees and non-amputees, thereby improving its ability to
reconstruct diverse human poses.

dicting the amputation status of each limb. For each body
part p € {Larm, Rarm, Lieg; Rieg}, the corresponding
classification head outputs a part-specific logit feature vec-
tor hy, = H,(F) € R Here, h,, € R* represents the logits
for four classes corresponding to each limb, as shown in the
head components of BPAC-Net in Fig. 2. These predictions
are then compared to the ground-truth amputation or non-
amputation labels /b using a cross-entropy loss function.
To enable the tokenizer switching strategy, we deter-
mine whether any of the predicted classes correspond to
an amputated state. Each classification head H,, outputs a
logit vector h, € R?*, where class 0 corresponds to a non-
amputated limb, and classes 1, 2, and 3 represent amputa-
tion types specific to the body part that the head is respon-
sible for. A binary decision ¢, € {0, 1} is obtained as:

{

The values obtained for the four parts are con-
catenated to form the 4-dimensional vector ¢
[GLarms TRarms ULiegs QRleQ]T, representing the predicted
amputation status for each limb.

The feature alignment head, denoted as Hoken, produces
a global feature vector Hioken (F) € R¥280, which is directly
used as the cross-attention mechanism of the transformer
decoder [36]. The BPAC-Net classification loss is defined
as a sum over four limb-specific predictions:

‘Ccls = Z CE(h‘palb)v

PE{Larm,Rarm,Licg,Rieg}

0
1 otherwise.

0,

if arg max(h,) =

Yp =

(1

2

where C'E denotes the cross-entropy loss function. Details
of the amputation labels can be found in the BPAC-Net head
outputs in Fig. 2 and the Supplementary Sec. G.
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3.3.2. AJAHR-Tokenizer

Tokenizer Switching Strategy. In this study, we present
two versions of the tokenizer as depicted in Fig. 3: one
trained on a combined dataset of amputee and non-amputee
poses, and the other trained exclusively on non-amputee
poses. Once each tokenizer has been trained, the code-
book Cyg,nyp, Which can reconstruct both amputee and non-
amputee poses, and the codebook Con_amp, Specialized
for non-amputee poses, along with their corresponding de-
coders, are kept frozen. Then, following the tokenizer
switching strategy, the predicted binary indicator y from
BPAC-Net is applied to the output tokens of the transformer
decoder to infer the pose parameters as follows:

|

where 0 is composed of éamp, obtained from C,,,),, and

U(T) X Camp
U(T) X Cnon,amp

if [|g[l» > 0,
otherwise,

3)

Onon_amp, obtained from Cy,op,_qmyp, and is used for final
mesh reconstruction.

Training Objective for AJAHR-Tokenizer. As described
in Sec. 3.1, the AJAHR-Tokenizer predicts full-body pose
parameters 6 to reconstruct both amputee and non-amputee
poses. Directly assigning zero values to amputated joints in
3D rotation representations can induce numerical instability
(e.g., NaNs). To mitigate this, original pose parameters are
preserved during training, and zero masking is applied in
post-processing according to the predicted body-part status
9, from BPAC-Net, where 7, € {0, 1}* is a binary indicator
vector over 4 predefined body parts (1 denotes an amputated
part).

The AJAHR-Tokenizer is trained on a mix of large-scale
non-amputee pose data (AMASS [25], MOYO [33]) and
amputee-specific SMPL poses from the A3D dataset. To
ensure stable 3D rotation representation, each joint is en-
coded using the continuous 6D representation from [49].

The process encodes the pose parameters via an en-
coder E into latent features Z = E(0) = [z1, 22, ..., 2],
where z; € R% and S is the number of tokens. A learn-
able codebook C = {c,,}M_, is maintained, with each
code ¢,, € R and d denoting the dimensionality of the
code vectors. Each latent vector z; is quantized to its near-
est codebook entry:

Z; = arg cgllef(lj 2i — emll2s “)
producing the quantized set Z = [z, %o, . . ., Zs].

Following VQ-VAE [35] and TokenHMR [9], the total
loss combines three components: mixed reconstruction loss
Lmix, codebook (embedding) loss, and commitment loss.

»Ctolal = )\mixﬁmix + )\Lb”Sg[Z} - ZH% + )\com”Z - Sg[Z} ”%7
)



Method A3D TTW-amputee Method EMDB [13] 3DPW [37]
MVE| MPIPE| PA-MPJPE| | MVE| MPJPE| PA-MPJPE| MVE| MPIPE| PA-MPJPE| | MVE| MPJPE, PA-MPJPE|
HMR2.0 [10] 8935 96.75 86.14 11033 15443 121.83 HMR2.0 [10] 14141 117.66 75.89 9529 8164 53.95
BEDLAM-CLIFF [5,22] | 83.38  88.12 56.45 12809 150.12 117.74 BEDLAM-CLIFF [5,22] | 129.00  97.88 62.40 9932 7645 5121
TokenHMR [9] 7601 7470 49.94 13652 146.12 91.00 TokenHMR [9] 11326 93.77 58.98 9023 7287 47.17
AJAHR (Ours) 7342 7319 49.42 11642 129.25 77.18 AJAHR (Ours) 112.83 9174 58.62 9526 7177 44.94

Table 2. Results on Amputee Data.

Table 3. Results on Non-Amputee Data.

Experiments Use Classifier EMDB [ 18] 3DPW [37] A3D ITW-amputee
MVE| MPJPE| PA-MPJPE||MVE| MPJPE| PA-MPJPE||MVE| MPJPE| PA-MPJPE|MVE| MPJPE| PA-MPJPE|
(a) Noise Ratio : 100% v 117.71 96.22 60.97 99.03 75.64 49.31 91.30 91.21 71.31 144.08 147.41 88.08
Noise Ratio : 75% v 115.77 94.78 59.31 9791 73.31 46.88 89.12 89.32 69.74  |142.21 145.99 86.51
Noise Ratio : 50% v 115.31 94.12 59.22 97.43  72.77 45.87 88.76  88.98 69.32  |141.78 145.01 86.17
Noise Ratio : 25% v 114.82 94.03 58.88 97.31 72.08 45.08 87.98 88.37 68.71 140.09 144.24 85.21
(b) Image only v 131.81 109.98 74.21 113.71 87.09 59.54  1105.88 103.12 85.44  |152.21 154.55 92.71
Keypoint only v 118.21 96.12 61.71 100.87 74.87 46.91 90.12 89.21 70.77 |141.64 146.21 87.88
(¢) HMR2.0 [10] v 149.31 125.69 80.74 |100.21 89.74 56.91 104.72 104.75 94.32  |134.71 176.46 132.27
BEDLAM-CLIFF [5, 22] v 133.75 100.29 7324 |103.98 83.21 54.28 92.77 96.48 75.87 |147.51 166.07 126.90
(d) 160 Tokens v 117.38 98.12 61.94 |101.56 75.83 47.21 90.47 90.28 71.04 14478 14791 89.63
640 Tokens v 127.92 107.43 64.75 |106.67 77.69 50.36 93.81 96.92 75.08 |149.35 151.80 94.12
Ours v 114.52 93.73 58.01 97.02 7197 44.98 87.11 8791 68.01 |139.64 143.74 84.91
(e) Amputation Only (Single) 11570 93.75 59.08 96.32 7276 45.92 7471 74.51 49.93  |118.09 131.12 78.08
Non Amputation Only (Single) 113.09 92.07 57.97 9534 72.02 45.02 76.01 76.31 50.99  |120.81 134.71 81.82
Ours (Unified) 112.83 91.74 58.62 95.26 71.77 44.94 73.42 73.19 4942 |116.42 129.25 77.18

Table 4. Ablation Experiments on the Components of BPAC-Net and AJAHR Tokenizer. We compare the performance across (a)
ablation of BPAC-Net components, (b) evaluation of AJAHR with Gaussian noise-injected keypoints as input BPAC-Net, (c) joint training
of baseline methods with BPAC-Net, (d) comparison of AJAHR performance with 160 and 640 tokens and (e) a comparison between

single-tokenizer and tokenizer-switching strategies.

where sg[] is the stop-gradient operator. The mixed loss
Lmix measures {5 distance between predicted and ground-
truth mesh vertices V, 3D joints J3p, and pose parameters
. The loss weights are set to Apix = 100.0, A, = 1.0, and
Acom = 1.0. To prevent codebook collapse, we apply code-
book reset and exponential moving average (EMA) updates
as in prior work [9, 43]. Full training details are provided in
Supplementary Sec. H.

3.3.3. AJAHR Losses

The overall loss of AJAHR combines SMPL-related re-
gression terms with the amputation-aware classification loss
from BPAC-Net. Let 0, 5 and é, /3 be the ground-truth and
predicted SMPL pose and shape parameters, respectively.
Predicted 3D joint locations j3 p are obtained via a pre-
trained joint regressor from 9,7, and projected to 2D as
jg D, with ground-truth targets Jsp, Jop. The pose loss
L4(0,0) measures the £, distance in a stable (e.g., 6D) rota-
tion representation, and L£5(, B ) is the ¢5 distance between
shape coefficients. These are complemented by the 3D joint
loss L3p(Jsp, ng), 2D projection loss Lop(Jap, ng),
and BPAC-Net’s classification loss L5, all computed as {5
or cross-entropy losses. The overall 1oss £ yerqi 1s defined
as:

Coverall = )\9£0(97 é) + Aﬁﬁﬁ(/ga B)

+ XapLop(J2p, jQD) + A3pLsp(Jsp, j3D)

+ )\clsﬁcls-
(6)
We set the hyperparameter as follows: Ay = 1073, A\ =
5 - 10_4, A3p =5H- 10_2, Aop = 10_2, and A\ = 10~2.
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4. Experiments

Training Datasets. To train the AJAHR-Tokenizer, we
used the training split of AMASS [25], MOYO [33],
and the pose data from our A3D dataset. Following
the TokenHMR [9] training protocol, the classifier and
pose-estimation modules were jointly optimized. For
AJAHR training, we employed BEDLAM [5], a syn-
thetic dataset with accurate ground-truth 3D annotations,
alongside standard datasets used in prior works [10, 20,
21], including Human3.6M [15], MPI-INF-3DHP [26],
COCO [23], and MPII [3]. Additionally, similar to
HMR2.0 [10], we incorporated in-the-wild 2D datasets,
such as InstaVariety [17], AVA [12], and AI Chal-
lenger [39]. Furthermore, we included our A3D dataset to
enhance training diversity. To ensure a fair comparison in
our experiments, we finetuned open-source models, includ-
ing CLIFF [22], HMR2.0b [10], and TokenHMR [9], us-
ing the same training data recipe and evaluated their perfor-
mance against ours. Additional implementation details of
AJAHR are provided in the Supplementary Sec. F.

Evaluation Dataset and Metrics. For tokenizer evalua-
tion, we use Mean Vertex Error (MVE) and Mean Per Joint
Position Error (MPJPE). Final pose accuracy is assessed
using MVE, MPJPE, and Procrustes-Aligned MPJPE (PA-
MPJPE), which calculates the average 3D joint distance
(in millimeters) after aligning the estimated and ground-
truth joint sets via Procrustes analysis [11]. Classifier per-
formance is evaluated via confusion matrices, from which
we derive metrics such as accuracy, precision, recall, and
F1 score. Experiments are conducted on the test splits of
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Figure 4. A qualitative comparison with other Human Mesh Recovery methods trained on the A3D Dataset. Unlike TokenHMR [9],
HMR2.0 [10], and BEDLAM-CLIFF [5, 22], which do not employ BPAC-Net to identify amputated regions, AJAHR leverages BPAC-Net

to explicitly represent these regions in the input images.

3DPW [37], EMDB [18], and our A3D dataset. To enable
fair model comparisons and verify real-world applicability,
we additionally evaluated the models on the In-the-Wild
Amputee (ITW-amputee) dataset. This dataset was built by
partially synthesizing web-crawled images using the A3D
pipeline and manually annotating them. It includes both
single- and multi-limb amputation cases captured in daily-
life, rehabilitation, and sports scenes.

4.1. Robust Generalization to Amputee and Non-
Amputee Subjects

In Tab. 2, all evaluation models utilize Ground Truth
(GT) labels for amputation regions to remove the corre-
sponding body parts from the estimated mesh before evalu-
ation. The integration of features extracted from BPAC-Net
with cross attention results in overall superior performance
compared to other human mesh recovery models. Notably,
on the ITW-amputee dataset, the proposed method outper-
forms TokenHMR [9]. This indicates that training on the
amputee dataset using the AJAHR-Tokenizer enhances the
model’s ability to reconstruct body poses specific to indi-
viduals with limb differences. In AJAHR, human mesh re-
covery is performed in the same manner for both amputee
and non-amputee subjects. In Tab. 3 presents the eval-
uation of human mesh recovery on non-amputee datasets
(BDPW [37], EMDB [18]). The results demonstrate that
the AJAHR model exhibits comparable performance in re-
constructing human meshes for non-amputee subjects. This
improvement can be attributed to the application of cross
attention, which enhances the model’s ability to reconstruct
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A3D (amputation)
Accuracy? Precisiont Recallt FI1
0.881 0.756 0922 0.820

3DOHS50K [46] (occlusion)
Accuracy? Precision? Recallt FI1
0.956 0.956 1.000  0.977

Method

Ours

Table 5. Amputation Classification Performance on A3D and
3DOHS50K. BPAC-Net accurately distinguishes amputation from
occlusion, showing consistent classification performance across
both synthetic and real-world occlusion scenarios.

body poses with greater precision, even for non-amputee
data. Furthermore, when considered alongside the results
in Tab. 2, these findings quantitatively confirm that the
AJAHR model is effective not only for amputee subjects
but also for non-amputee human mesh.

4.2. Qualitative Experiments

We conducted a qualitative evaluation on 640 test
images from the ITW-amputee dataset, comparing our
model against existing models fine-tuned on A3D. While
prior methods often failed to reconstruct amputated re-
gions—resulting in distorted overall poses—our model, as
shown in Fig. 4, successfully identified amputation regions
even in side-view images and aligned the reconstructed
mesh accurately with the person’s location in the image.
Notably, in front-view images, existing models frequently
misinterpreted amputated legs as folded limbs. In contrast,
our model accurately distinguished between amputated and
intact limbs, enabling anatomically consistent mesh recon-
struction. These results demonstrate its ability to recon-
struct amputee-specific body shapes and poses.
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Figure 5. Confusion Matrix of A3D Dataset Classification Results using BPAC-Net. 7., refers to non-amputee, and each label
represents the body part predicted by each head. The values are expressed as percentages based on the predicted label columns.

4.3. Evaluating the Effectiveness of BPAC-Net

We assess the role of BPAC-Net in enabling amputation-
aware mesh recovery through comprehensive experiments.
First, we investigate the sensitivity of the overall pipeline to
2D keypoint quality by injecting Gaussian noise at varying
levels. As shown in Tab. 4(a), performance degrades with
increasing noise, indicating that 2D detector quality—e.g.,
ViTPose [42]—affects both classification and reconstruc-
tion. However, the drop remains moderate, suggesting ro-
bustness to real-world keypoint imperfections. We then
compare single- and multi-modality inputs. Tab. 4(b) further
shows that combining image and keypoint inputs yields su-
perior classification performance over single-modality vari-
ants, supporting the effectiveness of our multi-modal de-
sign where spatial and appearance cues complement each
other. Next, we evaluate BPAC-Net’s generalization to
occlusion-heavy scenarios using the 3DOHS50K [46]. As
shown in Tab. 5, BPAC-Net distinguishes amputation from
occlusion with a high F1 score of 0.977, demonstrating ro-
bustness even when limb visibility is affected by occlusion
rather than absence. Finally, Fig. 5 shows the confusion
matrices for each BPAC-Net classifier head. Classification
is stable across all body parts, with the 7n,y, class achiev-
ing near-perfect accuracy. The Lower Left and Lower Right
heads show fewer misclassifications than their upper-body
counterparts, likely due to lower motion variability. These
results highlight the effectiveness and reliability of BPAC-
Net in conditioning the downstream pose recovery.

4.4. Necessity of complex model

As shown in Tab. 4(c), BPAC-Net built on a weak base-
line does not yield performance gains, confirming that re-
liable pose estimates are essential for effective amputa-
tion classification. Furthermore, as presented in Tab. 4(e),
using separate tokenizers for amputees and non-amputees
leads to improved performance compared to a unified to-
kenizer. While full-body tokenization may limit joint-level
interpretability, our dual-tokenizer strategy effectively com-
pensates for this limitation by leveraging amputation-aware
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cues derived from image and keypoint inputs. These re-
sults suggest that incorporating structural priors into tok-
enizer selection is beneficial when modeling subjects with
amputation characteristics.

4.5. Effect of Token Count on AJAHR Performance

Tab. 4(d) presents the results of training the AJAHR
model using AJAHR-Tokenizers with 160 and 640 tokens.
The results demonstrate that the configuration with 320 to-
kens (Ours) yields the highest performance. When the num-
ber of tokens is insufficient, the model fails to capture pose
variations across amputee and non-amputee individuals suf-
ficiently. In contrast, using an large number of tokens intro-
duces redundant information and increases token interfer-
ence, which leads to degradation in performance.

5. Conclusion

Existing 3D human mesh recovery models [9, 10, 22]

are not designed to handle limb amputations, often halluci-
nating missing limbs instead of recognizing actual absence.
To address this, we present AJAHR—the first framework
explicitly built for amputee mesh recovery. Our synthetic
data pipeline enables ethical training without real amputee
data, and our BPAC-Net-based architecture models ampu-
tation explicitly through regional classification and a tok-
enizer switching mechanism. Extensive experiments show
that AJAHR significantly outperforms prior methods on am-
putee data, while maintaining competitive performance on
standard benchmarks.
Limitations and future directions. AJAHR currently sup-
ports only joint-level amputations aligned with the SMPL
kinematic tree, and the A3D dataset models only actual
amputations, excluding prosthetics. Future extensions will
target prosthetic limbs and irregular patterns beyond joint
boundaries. From an application standpoint, the frame-
work can support Paralympic sports analysis and inclu-
sive AR/VR systems, enhancing accessibility for individ-
uals with diverse limb differences, such as partial amputa-
tions or missing fingers.
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