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Fig.1: Speed—accuracy overview of Fast SAM 3D Body. Top left: Qualitative
results on in-the-wild images show our framework preserves high-fidelity reconstruction.
Top right: Our method achieves up to a 10.25x end-to-end speedup over SAM 3D
Body and replaces the iterative MHR-to-SMPL bottleneck with a 10,000x
faster neural mapping (log scale for visual clarity). Bottom: Our system enables real-
time humanoid robot control from a single RGB stream at ~65ms per frame on an
NVIDIA RTX 5090.

Abstract. SAM 3D Body (3DB) achieves state-of-the-art accuracy in
monocular 3D human mesh recovery, yet its inference latency of sev-
eral seconds per image precludes real-time application. We present Fast
SAM 3D Body, a training-free acceleration framework that reformu-
lates the 3DB inference pathway to achieve interactive rates. By decou-
pling serial spatial dependencies and applying architecture-aware prun-
ing, we enable parallelized multi-crop feature extraction and streamlined
transformer decoding. Moreover, to extract the joint-level kinematics

t Joint corresponding authors.
Code is available at: https://github.com/yangtiming/Fast-SAM-3D-Body
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(SMPL) compatible with existing humanoid control and policy learn-
ing frameworks, we replace the iterative mesh fitting with a direct feed-
forward mapping, accelerating this specific conversion by over 10,000x.
Overall, our framework delivers up to a 10.25x end-to-end speedup while
maintaining largely on-par reconstruction fidelity, even surpassing 3DB
on benchmarks such as LSPET. We demonstrate its utility by deploying
Fast SAM 3D Body in a vision-only teleoperation system that—unlike
methods reliant on wearable IMUs—enables real-time humanoid con-
trol and the direct collection of manipulation policies from a single RGB
stream.

Keywords: Human Mesh Recovery - Acceleration - Humanoid Control

1 Introduction

Monocular 3D human mesh recovery (HMR)—estimating the 3D pose and shape
of a person from a single RGB image—is a foundational capability for augmented
reality, biomechanics, and human-robot interaction. For these applications, real-
time responsiveness is as critical as accuracy; high-fidelity reconstructions are of
limited utility if they cannot keep pace with human motion or provide immediate
feedback for control loops. While the recent adoption of large vision backbones
and expressive body models |1}/3}/5/[31] has significantly advanced reconstruction
accuracy, it has done so at the cost of immense computational overhead.

A prime exemplar of this trade-off is SAM 3D Body (3DB) [43]. While
3DB achieves state-of-the-art performance, the computational intensity of its
multi-stage pipeline—robust detection [22|, sequential encoding [36], and itera-
tive MHR~to-SMPL conversion [8]—bounds inference to sub-FPS speeds. Prior
acceleration efforts [41/6}/11}|29}/37,/46/47] primarily redesign ViT architectures.
Because these methods optimize only isolated neural components, they are not
designed to resolve the cross-stage dependencies and intensive post-processing
required by comprehensive pipelines like 3DB, thus falling short of real-time end-
to-end speeds. Furthermore, applying such architectural modifications requires
extensive retraining, which risks degrading the exceptional generalization ability
provided by 3DB’s pre-trained backbones. Bridging this gap demands a holistic
reformulation of the inference pathway—one that streamlines these compound
dependencies to unlock real-time performance through a training-free approach
that keeps 3DB’s pretrained weights frozen, training only a lightweight MHR-
to-SMPL MLP and pose denoiser.

To this end, we present Fast SAM 3D Body, a training-free acceleration
framework that holistically reformulates the 3DB pipeline. As shown in Fig.
rather than redesigning the model architecture, we preserve 3DB’s robust gen-
eralization ability while unlocking real-time performance through three method-
ological shifts: (i) Spatial Dependency Decoupling: We circumvent the base-
line’s serial body-to-hand decoding bottleneck by introducing a lightweight 2D
pose prior [16]. By analytically deriving extremity bounding boxes from coarse
keypoints, we decouple spatial localization from the main decoder, directly un-
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locking parallelized, multi-crop feature extraction in a single batched forward
pass. (ii) Compute-Aware Decoding: We prune redundant prompt queries
and bypass iterative self-refinement. This yields a deterministic execution graph,
unlocking low-level hardware compilation (via torch.compile and TensorRT)
without sacrificing dynamic expressivity. (iii) Neural Kinematic Projection:
Because standard humanoid control, teleoperation pipelines, and policy learning
frameworks widely adopt the SMPL representation, projecting expressive MHR
surfaces into this kinematic manifold is a prerequisite for downstream actuation.
To bridge this topological gap, we replace the iterative MHR-to-SMPL conver-
sion with a lightweight feedforward mapping, directly projecting MHR features
into the actuatable joint space.
In summary, our key contributions are as follows:

* A training-free acceleration framework that holistically reformulates the multi-
stage SAM 3D Body pipeline, achieving up to a 10.9x end-to-end speedup
while maintaining largely on-par reconstruction fidelity, even surpassing 3DB
on benchmarks such as LSPET.

* A learned feedforward MHR-to-SMPL projection module that replaces hun-
dreds of iterative optimization steps, accelerating cross-topology mesh conver-
sion by over 10,000x without compromising millimeter-level precision.

* We demonstrate the successful deployment of this framework in a vision-only,
single-RGB teleoperation system that—unlike methods reliant on cumbersome
wearable IMUs—enables real-time humanoid robot control and the direct col-
lection of deployable whole-body manipulation policies.

2 Related Work

Human Mesh Recovery. Monocular HMR has transitioned from body-only re-
gression |7},9,(18/23,/30L|40] to high-fidelity full-body estimation including hands
and facial expression [1},3.[5,/34]. While part-specific methods [32}/33] offer spe-
cialized accuracy for the extremities, they often lack the holistic context re-
quired for global trajectory estimation and temporal coherence [21},35}/41]. This
evolution toward expressive, unified models has necessitated large vision back-
bones, which—while significantly improving reconstruction quality—has made
real-time deployment computationally expensive. 3DB [43] represents the current
state-of-the-art in this trajectory. By leveraging a promptable encoder—decoder
architecture and the expressive MHR [8] representation, it achieves unprece-
dented recovery. However, the rigor of its multi-stage design—incorporating
dense detection, sequential multi-crop feature extraction, and iterative kinematic
fitting—accumulates latency. Our work resolves these bottlenecks through holis-
tic reformulations that enable real-time execution while retaining 3DB’s robust
generalization in a training-free manner.

Parametric Human Body Models. SMPL [26] remains a widely adopted repre-
sentation for HMR, parameterizing pose and shape via learned blend shapes and
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linear blend skinning. Recently, MHR [8] introduced a decoupled parameteriza-
tion that separates skeletal structure from soft-tissue deformation. However, be-
cause standard evaluation benchmarks and existing robotic control frameworks
(e.g., humanoid teleoperation pipelines) are built speci cally around the SMPL
skeletal topology, models predicting MHR must topologically translate their out-
puts for practical use. In 3DB, this cross-topology translation is performed via a
computationally intensive hierarchical iterative optimization (Eqg. ( that con-
stitutes the primary pipeline bottleneck. We obviate this costly optimization by
introducing a lightweight feedforward mapping (Eq. @) that achieves real-time
inter-model projection with accuracy on par with iterative tting.

E cient Human Mesh Recovery. E orts to reduce HMR inference costs have
largely focused on two independent directions. The rst is architectural re-
design, including lighter encoder decoders|[4], e cient attention [11},/46/47], and
token/layer pruning [2/5]29,37]. While e ective, these methods typically ad-
dress only the vision backbone and require extensive retraining. The second
direction is system-level optimization such as graph compilation and pipeline
parallelism [1Q,15| 24] which has proven successful in 2D pose estimation but
remains under-explored for multi-stage 3D pipelines. High- delity mesh recov-
ery presents a unique "compound latency" pro le, where detection, multi-crop
encoding, and topology conversion all contribute to sub-real-time rates. Our
work uni es these directions, applying holistic optimizations across all inference
stages without retraining, thus preserving the "in-the-wild" robustness of the
underlying state-of-the-art model.

3 Method

3.1 Preliminaries: SAM 3D Body (3DB) Pipeline

3DB [43] recovers full-body 3D human meshes from a single RGB image using
a promptable encoder decoder built on the expressive MHR|[8] representation.
While highly accurate, 3DB's inference pipeline su ers from structural latencies,
which we outline below as the primary targets for our acceleration framework.

Detection and Encoding. Given an image | 2 R'"W3 | a detector extracts
body bounding boxes fhgl, , while a eld-of-view estimator predicts camera
intrinsics K 2 R 33 . Each cropped region hogy 2 RSS2  passes through a
vision backbone to extract dense features:

F=Enc(l pogy) 2 R""P

where h=w=S=p, p is the patch size, and D is the embedding dimension. These
features are optionally fused with Fourier-encoded pixel rays derived from K.
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Tokenized Transformer Decoding. The body decoder processes a concatenated
sequence of learnable query tokens representing the initial MHR state, spatial
prompts, and keypoints:

T=[t mhr; T prompt + Tkp2d s Tkp3ds T hand 12 RMP
During the L-layer decoding, these tokens cross-attend to the image features F.

A de ning characteristic of 3DB is its intermediate prediction mechanism: after
every layer °, the output token tg])hr decodes intermediate MHR parameters
and camera estimates. Forward kinematics yields 3D joints § and projected
2D keypoints 3(221 which dynamically update the positional encodings for the

subsequent layer:
(+1) _— 0 . (+1) _— ° :
Pkp2d - 2 jzd , Pkp3d - 3d 3030
where »4; 34 are learned linear projections andJ() is the pelvis location.

Sequential Hand Decoding and Re nement. Following body decoding, hand bound-
ing boxes are predicted by a dedicated head. Each hand crop is independently
encoded and decoded to yield re ned hand MHR parameters, which are merged
with the body. To ensure joint alignment, the merged 2D keypoints are fed back
as spatial prompts for a complete second forward pass through the body decoder.

Iterative MHR-to-SMPL Conversion. Because standard benchmarks evaluate
in the SMPL [26] topology, the predicted MHR mesh undergoes a hierarchical
iterative optimization [8]:

Asmpl =argmin Vg V smpl() 2+R( ); 1)

where Ve is the MHR mesh predicted by the decoder, Vgmp () is the SMPL
mesh, and R comprises anatomical regularizers. This cross-topology tting re-
quires hundreds of steps per person.

3.2 Acceleration

We address the compound latencies of the 3DB pipeline through a series of al-
gorithmic reformulations. Rather than treating pipeline stages in isolation, we
holistically resolve cross-stage dependencies, transform dynamic execution into
deterministic graphs, and bypass optimization bottlenecks. The reformulations
targeting the 3DB inference pathway itself require no weight changes; the MHR-
to-SMPL conversion [8] independent of 3DB itself and needed only for down-
stream kinematic control is instead replaced with a learned topological projec-
tion, leaving all 3DB weights frozen. Fig. 2 illustrates our streamlined pipeline,
and Fig. 3 provides a detailed stage-by-stage comparison with the original 3DB.
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Fig. 2: Overview of the Fast SAM 3D Body pipeline. A pose detector predicts 2D

body keypoints from which body and hand coarse bboxes are derived simultaneously,
enabling all crops to be encoded in a single batched backbone pass. A lightweight FOV
estimator predicts camera intrinsics. The body and hand decoders process the resulting
features, and their outputs are merged to produce the nal MHR mesh.

Decoupled Spatial Priors In the original 3DB architecture, hand detection

is intrinsically entangled with the body decoder, creating a major serial depen-
dency: hand crops cannot be spatially resolved until the body decoding con-
cludes. We circumvent this bottleneck by introducing a lightweight spatial prior.
By predicting coarse 2D body keypoints via a single-stage pose detector in an
initial pass, we analytically derive the bounding boxes for extremities prior to
any transformer execution. Speci cally, the hand bounding box Rang is deter-
ministically computed as:

—_ S. S. S. S .
Phand = Xw 30 Yw i Xwt 5 Ywt 5 )

where (Xw; Yw) is the predicted wrist keypoint location and s = min(w pody ; Nbody )=
is a scale factor derived from the global body dimensions. Crucially, because the
high-capacity downstream decoder is robust to minor spatial shifts, these initial
keypoints do not require sub-pixel precision; they merely need to establish a reli-
able bounding region. This decoupling entirely abstracts the spatial preparation
of extremities away from the main decoder, directly enabling batched multi-crop
feature extraction while drastically reducing initial detection latency.

Static Graph Reformulation A critical bottleneck in expressive HMR pipelines

is the dynamic, data-dependent nature of their execution. 3DB's reliance on
asynchronous crop generation and dynamic token updating creates an unpre-
dictable computation graph, incurring severe kernel launch and memory allo-
cation overheads. We restructure the inference pathway into a static execution
graph. Depending on the target hardware ecosystem, we utilize two parallel
compilation strategies: (i) compiling the backbone into a TensorRT FP16 engine
with dynamic batching, which fuses operations and executes asynchronously; or
(ii) leveraging native static compilation to capture the forward pass as a CUDA
Graph, allowing for deterministic replay with near-zero launch overhead. We
apply an identical compilation strategy to the FOV estimator, purposely select-
ing its most compact model variant at the lowest resolution, as our empirical
ablations indicate the FOV task saturates early at this capacity.
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Compute-Aware Decoder Pruning The transformer decoder is the most
complex component to optimize, involving the interplay of cross-attention layers,
intermediate predictions, and feedback loops. We apply several complementary
theoretical and structural strategies.

Intermediate prediction pruning. The original decoder executes a full interme-
diate prediction (IntermPred) after every layer * < L, requiring costly forward
kinematics, skinning, and camera projection each time. However, we posit that
early transformer layers primarily capture low-level semantic correlations, mak-
ing full kinematic projection mathematically redundant at these initial stages.

that gates this execution. For any layer © 2 S, the expensive IntermPred is
bypassed gntirely; the keypoint token positional encodings Ifk’gzlé and P(k,;lg
simply retain their cached values from the most recent update, preserving the

feedback signal without redundant recomputation.

Disabling keypoint-prompted re nement. The self-prompting re nement pass, in
which predicted 2D keypoints are fed back as prompts for a second decoder
forward pass, is removed at inference. Because our spatial priors are already ac-
curately decoupled, eliminating this entire additional decoder evaluation results
in no measurable degradation in reconstruction accuracy.

Pipeline Restructuring The original pipeline processes body and hand crops
sequentially through three independent backbone forward passes, with hand
crops prepared on the CPU. We consolidate this into a single batched pass.

GPU-native hand crop preprocessing. We eliminate the GPU CPU GPU round
trip per hand by constructing di erentiable sampling grids directly from the
analytically derived bounding box coordinates. Both crops are extracted in a
single bilinear interpolation pass on the GPU, removing data transfer overhead.

Merged body hand batching. Since the spatial prior provides body and hand
bounding boxes simultaneously, all three crops can be prepared in parallel with-
out waiting for the body decoder output. We concatenate them into a single
batch and execute one backbone forward pass:

[Foody; FL; FR]I=ENC [lpoay; IL; IR] : (2)

The resulting feature maps are split and fed to the body and hand decoders,
respectively, reducing backbone evaluations from three to one per person.

Operator-level optimizations. We apply a series of micro-optimizations through-
out the pipeline, including replacing generic library calls with graph-traceable
specialized operators, vectorizing per-joint loops, and caching frequently accessed
parameters to eliminate redundant CPU GPU synchronizations.
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Original (SAM 3D Body) \ Ours (Fast SAM 3D Body)
Input: Image | Output: MHR parameters n
Detect bj  Detect(l) bj b ;br Detect(l)
Encode F poqy  Enc(Crop(l; b i) [Fpody : FL:FRI
Enc(GPUCrop(l; b isbLibR))
Body " BodyDec(F body ) " BodyDec(F body )
Hands b | :bg ProjectWist( b “L: "R HandDec([F LiFRD
FL Enc(CPUCrop(; b L)
FR Enc(CPUCrop(l; b R))
"L HandDec(F L)
"R HandDec(F R)
Merge ™ Merge( YN "R) " Merge( T 'R
Re ne " BodyDec(F body ¢ J2d)
Convert n smpl  lterFit( bl " smpl ! @]

Fig. 3: Inference pipeline comparison. Original 3DB pipeline with serial execution
(left) and our accelerated variant with batched execution (right).

Neural Kinematic Projection The iterative MHR-to-SMPL tting in Eq. (1)

is the slowest single stage, requiring hundreds of optimization iterations per
person. We obviate this cross-topology bottleneck with a lightweight feedforward
network f, that directly regresses the actuatable SMPL kinematic manifold from

the expressive MHR surface in a single pass.

Topology bridging. Since MHR and SMPL use di erent mesh topologies (N =
18;439 vs. N™' = 6;890 vertices), we rst project the predicted MHR vertices
onto the SMPL surface using precomputed barycentric coordinates:

V=BV ) 2 RN 3 )

where B maps each SMPL vertex to its corresponding MHR triangle via stored
face indices and barycentric weights. This operation is a single batched matrix
multiply with no iterative optimization.

Network architecture and input representation. We subsample Y, vertices from
V7, subtract the centroid, and atten the result into a vector x 2 R Vs | The net-
work f, is a three-layer MLP (3Vg, !512!1256!d ) with ReLU activations.
We set Vyp = 1,500, yielding an input dimension of 4;500 and approximately
2.5M parameters. The output d = 76 decomposes into global orientation (3),
body pose (63, covering 21 body joints; the two hand joints are handled by the
hand decoder and zeroed here), and shape coe cients (10):

Asmpl =f, (x): 4)
Training. We generate training pairs f(x ;; ;)g by running the original itera-
tive tting (Eqg. (1)) on a large set of 3DB predictions, where ; denotes the

converged SMPL parameters. We apply SMPL forward kinematics to'\smm to
obtain the predicted mesh\?smm , and train the MLP with:

Lconvert = v k\l) smpl Vkq + reg k " smpl k%: (5)
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Kinematic prior re nement. The per-frame regression output may contain anatom-
ically implausible poses €.g., kinematic artifacts). We train a lightweight denois-
ing MLP on clean AMASS [28] motion-capture sequences by adding synthetic
noise to ground-truth poses and supervising the network to recover the origi-
nal. At inference, the MLP takes the predicted SMPL body pose as input and
projects it onto the learned manifold of natural human poses. This single-frame
re nement adds negligible latency ( 0:1 ms) and improves the plausibility of the
converted output without a ecting benchmark metrics.

4 Experiments

4.1 Experimental Setup

Benchmarks and Metrics. We adopt the standard HMR evaluation suite
comprising three 3D error metrics PA-MPJPE(PA) [44], MPJPE [14], and
PVE [31], all reported in millimeters together with PCK@0.05 [44] for 2D align-
ment. These are evaluated on six benchmarks that span a wide range of capture
conditions: 3DPW [38], EMDB [19], RICH [13], Harmony4D [20], COCO [25],
and LSPET [17]. Since 3DB natively predicts MHR parameters, we convert
the predicted mesh to the SMPL [26] topology using the procedure described
in [8] before computing all 3D metrics on SMPL-annotated benchmarks. For
hand-speci c evaluation, we additionally report PA-MPVPE and F-scores (F@5,
F@15) on FreiHAND [48].

Evaluation Protocols. We report results under two complementary settings. In

the Oracle protocol, ground-truth bounding boxes isolate encoder-decoder accu-
racy from detection errors, following [43] for controlled comparison. In the Auto-
matic protocol, bounding boxes from a detector re ect end-to-end performance.
Speci cally, we evaluate the baseline 3DB with its original detector [22,36] and
our method with our proposed decoupled pose priors [16]. We report per-crop
FPS under Oracle and per-frame FPS under Automatic to detail speed-accuracy
trade-o s. For Harmony4D, we follow the leave-one-out split of [43].
Implementation Details. All experiments are conducted on a single NVIDIA

RTX 6000 Ada Generation GPU with a 16-core AMD Ryzen Threadripper PRO
3955WX CPU (3.9 GHz, 32 threads), using PyTorch 2.5.1 and CUDA 11.5. All
throughput numbers are reported with a batch size of one (single image at a
time) to re ect the latency-critical setting. The acceleration techniques described
in Sec. 3.2 are applied throughout; speci c design choices are validated in the
ablation studies below.

4.2 Comparison on Common Datasets

To comprehensively assess our pipeline, we report quantitative and qualitative
results on both body reconstruction and hand-speci ¢ reconstruction.

Body reconstruction Table 1 compares our Fast SAM 3D Body pipeline
against the original SAM 3D Body (3DB) [43] and a comprehensive set of recent
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Fig. 4. Qualitative comparison. The original SAM 3D Body (left) and our Fast
variant (right) yield visually comparable mesh reconstructions across diverse poses
and multi-person scenes on 3DPW [38] and EMDB [19].

Models | 3DPW (14) | EMDB (24) | RICH (24) |Harmony4D (24) | cOCO LSPET
PA# MPJPE# PVE# | PA# MPJPE# PVE# | PA# MPJPE# PVE# |PVE# MPJPE# PCK" PCK"

HMR2.0b 543 813 93.1/79.2 1185 140.648.7 96.0/ 110.9 86.1 53.3

CameraHMR 351 56.0 65.9/43.3 70.3 81.7| 34.0 55.7 64.4| 84.6 70.8 80.5 49.7

PromptHMR 36.1 587 69.4|410 717 84.5| 37.3 56.6 65.5| 91.9 78.0 79.2 55.6/

SMPLerX-H 46.60 767 918|645 927 1120|374 625 69.5

NLF-L+t 336 549 63.7|409 684 80.6(28.7Y 51.0Y 58.2Y|97.3 84.9 74.9 54.9'

WHAM 359 578 68.7|50.4  79.7 94.4

TRAM 356 59.3 69.6|45.7 74.4 86.6

GENMO 346 53.9 65.8 |425 73.0 84.8| 39.1 66.8 75.4

Oracle: evaluated with annotated bounding boxes

3DB 338 548 63.6 (382 617 725 (309 537 60.3|41.0 33.9 86.5 67.8

Ours 304 595 689 ‘37.3 64.3 74.4 ‘ 338 588 64.2 ‘ 46.9 41.9 86.5 ‘ 70.2

Automatic: evaluated with detected bounding boxes

3DB 26.8 576 685|369 679 715 339 554 60.6 | 44.1 373 85.1 66.5

Ours 29.7 589 68.0 ‘36.2 65.3 75.6 ‘33.8 58.7 64.1 ‘44.0 37.2 85.2 ‘ 67.1

Throughput: ! Fast (speedup )

Oracle per crop 19.0 (4.5) 18.4 (4.4) 18.3 (4.2) 18.7 (6.2) 19.7 (5.1) 19.7 (5.1)

Automatic per frame 16.6 (8.3) ‘ 18.3 (8.3) ‘ 18.2 (10.3) ‘ 16.5 (10.9) 16.3 (7.9) ‘ 17.6 (9.5)

Table 1: Comparison on common benchmarks. Oracle uses ground-truth boxes;
Automatic uses detected boxes. Bold: best, underline : second-best. y: public check-
point. : trained on RICH. Harmony4D: leave-one-out split [43]. PA = PA-MPJPE.

HMR methods, including both image-based approaches (HMR2.0b [9], Cam-
eraHMR [30], PromptHMR [40], SMPLer-X-H [3], NLF [34]) and video-based
methods (WHAM [35], TRAM [41], GenMo [21]).

Oracle evaluation (GT bbox provided). Our method largely preserves the re-
construction quality of the original 3DB while achieving 4 6 higher throughput
per crop. For instance, on 3DPW, our Fast variant accelerates the per-crop in-
ference by over 4:5 (reaching 9.0 FPS), while incurring an MPJPE increase of
under 5 mm; across datasets this trade-o grows with scene complexity, reaching
+8:0mm on the dense-contact Harmony4D benchmark. We note that the PA-
MPJPE metric, which factors out global alignment, often shows smaller degrada-
tion than MPJPE. This indicates that the simpli ed model maintains accurate
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