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Figure 1: RoboKit is a high-performance, general-purpose optimization toolkit for diverse robot
tasks. We showcase representative examples; in the first row, from left to right: whole-body grasp-
ing, trajectory optimization, whole-body retargeting, and rendering-based calibration.

Abstract: We present RoboKit, a high-performance, general-purpose toolkit for
parallel differentiable optimization in robotics, built on three principles: (i) Per-
formance and flexibility: GPU-parallel multi-seed solvers pair sampling with ver-
satile optimizers, running 2-60x faster than task-specific baselines across seven
tasks; (ii) Geometry, rendering and physics: hybrid and coarse-to-fine represen-
tations accelerate collision, differentiable rendering and simulation, optimizing
4096 grasps in 2.97 s; (iii) Integration with learning: costs are differentiable and
simulation is parallel, so RoboKit both distills optimization into policies and trains
RL; distilled policies run 9-240x faster at comparable accuracy, and RL reaches
a GPU baseline’s scores up to 2.1 x sooner on the same simulator.
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1 Introduction

While today’s robot learning embraces end-to-end policies trained at scale, classical optimization is
quietly everywhere. It is invoked as a low-level skill during teleoperation and deployment [1, 2, 3, 4,
5]; it drives large-scale data generation [6, 7, 8, 9, 10]; it plans through physics in the loop [11, 12];
and its objectives are distilled directly into policies [13, 14, 15, 16]. In this paper, we ask how to
better extend the value of optimization, accelerated by modern GPUs, to robot learning.

To this end, we present RoboKit, a performant, general-purpose toolkit supporting diverse tasks,
including inverse kinematics (IK), trajectory optimization, motion retargeting, grasp synthesis,
rendering-based calibration, and physics-based control. Three principles shape its design: (i) Per-
formance and flexibility: it should be fast enough to keep pace with scaling, yet flexible enough to
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open new research directions; (ii) Geometry, rendering and physics: it should support geometry-
aware tasks, differentiable rendering and simulation, which connect perception and action; and (iii)
Integration with learning: its objectives and solvers should plug seamlessly into learning frame-
works such as PyTorch.

Performance and flexibility. RoboKit implements a classical optimization framework in Warp [17],
pairing multi-seed sampling with diverse optimizers: first-order, quasi-Newton, Gauss-Newton, and
sampling-based methods. With well-tuned engineering, it solves over 10 x faster than PyRoKi [4] on
pure kinematic tasks. Unlike prior frameworks [5, 4], these optimizers let us pick a suitable solver
per task (Gauss-Newton for IK, L-BFGS for trajectory optimization), and a composable library of
cost terms supports combined tasks such as geometry-aware retargeting.

Geometry, rendering and physics. Tasks beyond pure kinematics demand fine-grained geometry
and differentiable rendering. RoboKit makes both first-class and accelerates them with voxel-SDF
geometry, optional near-surface mesh refinement, and coarse-to-fine rendering. Using voxel SDFs,
it synthesizes 4,096 grasps in 2.97s versus 178.45s for Dex1B [7] with higher success rate, and
it calibrates 57x faster than EasyHEC [18] on its easy split (1.23 vs 70.4s), converging where
EasyHEC fails. These capabilities are absent from prior frameworks. With physics in the loop, its
MPPI [19] planner raises SPIDER’s [12] ADD-AUC from 51.3 to 65.8 on OakInk while running
5.6 faster, and RL on the same physics reaches mjlab’s [20] scores up to 2.1 x sooner.

Integration with learning. Every cost term is PyTorch-native and differentiable end to end, plugging
directly into learning. We further study when a learned policy beats the solver and develop a general
distillation framework combining offline and online learning. Policies also train with RL directly on
RoboKit’s parallel physics.

Our contributions are threefold:

* A high-performance parallel optimization toolkit implemented in Warp, with the freedom to mix
solvers and cost terms per task.

* Accelerated geometry, rendering and physics, extending optimization to contact-rich, rendering-
based and physics-in-the-loop tasks beyond kinematics.

* Differentiable operators that plug into learning frameworks, with a general distillation framework
for embedding optimization into policies.

2 Related Work

IK & Trajectory Optimization. Inverse kinematics seeks a joint configuration reaching a target
end-effector pose. Early closed-form solvers [21, 22] relied on restrictive assumptions, so recent
work [23, 24, 25, 4] favors iterative optimization for its flexibility, support for secondary objectives,
and collision handling across embodiments. Trajectory optimization [26, 1, 2, 4] extends this over
time; since each timestep couples mainly to its neighbors, the resulting sparse problems benefit from
sparse linear algebra.

Motion Retargeting. Motion retargeting adapts existing motion data to new embodiments and is
widely studied for both humanoid whole-body motion and dexterous manipulation. For humanoids,
joint- and IK-based methods are common, but morphological differences cause artifacts such as foot
sliding and penetration, motivating learning-based [27], physics-augmented [28, 29], and contact-
aware [30, 31] formulations. Hand retargeting is more challenging due to dense contacts and highly
articulated kinematics; approaches include direct joint mapping [32, 33], keypoint-based IK [34, 35,
36, 37], inverse dynamics [38], and functional pose equivalence [39, 40]. Physics-based simulation
and learning from demonstrations improve plausibility [41] but are highly sensitive to retargeting
quality, and standardized contact-aware methods remain lacking; SPIDER [12] scales physics-based
retargeting with sampling in simulation, while ManipTrans [42] and DexMachina [43] learn RL
policies that transfer bimanual demonstrations.



Table 1: Feature and task coverage of representative optimization tools. v v denotes two-level
coarse-to-fine support.

Features Tasks

Hybrid . . Sim. Traj. Hand Humanoid Grasp Render.
Method Geometry Rendering - Physics MPC IK Opt. Retarget. Retarget. Synth. Calib.
pink [25], mink [24] X X X X v X X X X X
TrajOpt [58] X X X X v v X X X X
Dex-Retargeting [1] X X X X v X v X X X
Geo-Retargeting [15] X X X X v X v X X X
GMR [2] X X X X v X X v X X
PyRoKi [4] X X X X v Vv v v X X
cuRobo [5] v X X X v v X X X X
DIAL-MPC [11] X X v v o x X X X X X
SPIDER [12] X X v v o X X v v X X
RoboKit (Ours) vV vV v ooV v v v v v

Grasp Synthesis. Dexterous grasp synthesis aims to generate stable grasp configurations for multi-
fingered hands. Early approaches rely on analytic grasp metrics and optimization-based sampling
with known object models [44, 45], but scale poorly to high-DoF hands. Learning-based methods
have since become dominant: imitation learning trains on large-scale datasets from human demon-
strations [46, 47], force-closure optimization [48, 49], or differentiable simulation [6], enabling
scalable supervision [50, 49, 51], while reinforcement learning learns closed-loop policies that are
robust across objects [52, 53, 54, 55]. BODex [56] scales optimization-based synthesis with GPU-
parallel bilevel optimization. Still, scalable, human-like, and cross-embodiment grasp generation
remains an open challenge [57].

Optimization Libraries. Existing toolkits each cover only part of the design space. CPU IK solvers
such as TracIK [23], pink [25], and mink [24] stay IK-centered; TrajOpt [58] adds collision-aware
motion generation; Movelt [59], Drake [60] and Crocoddyl [61] offer general planning and optimal-
control stacks on CPU, and VAMP [62] vectorizes sampling-based planning; and GPU motion plan-
ners like cuRobo [5, 63] offer higher throughput. However, such motion-planning libraries typically
target collision avoidance rather than contact-rich tasks like grasping. Sampling-based MPC frame-
works such as MJPC [64] and DIAL-MPC [11] optimize through physics, but target control alone.
Retargeting tools [1, 26] target hands or humanoids, while PyRoKi [4] unifies these tasks into a sin-
gle system across diverse robots, though it remains limited to kinematics-oriented tasks and primitive
geometries. In contrast, RoboKit combines a GPU-parallel solver, accelerated geometry, rendering
and physics, and PyTorch integration in a single framework, and is the only one to cover all of these
tasks (Tab. 1).

3 Method

RoboK:it is built on three components: (i) a parallel solver (Sec. 3.1) that pairs GPU-parallel multi-
seed sampling with diverse optimizers (first-order, quasi-Newton, Gauss-Newton, and sampling-
based) to produce high-quality solutions at scale; (ii) an accelerated structure (Sec. 3.2) that makes
geometry, differentiable rendering and physics first-class via hybrid and coarse-to-fine representa-
tions; and (iii) policy distillation (Sec. 3.3) that distills optimization into fast policies. An overview
of our framework is presented in Fig. 2.

3.1 Parallel Solver

Variables. The core variable is the joint configuration ¢ € R¢ (d degrees of freedom), indexed over
time as g; for trajectories. We support fixed, revolute, prismatic, and mimic joints, and SE(3)/SO(3)
Lie-group variables for poses. A differentiable forward kinematics maps ¢ and base pose “T, to
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Figure 2: Method Overview. RoboKit has three components: a parallel solver over differentiable
objectives, an acceleration structure for geometry, rendering and physics, and policy distillation via
offline and online learning.

joint poses “T; = FK(q);, with spatial or body Jacobians. We also allow auxiliary variables such
as scale factors, common in retargeting to reduce the morphology gap.

Solver. Our solver is task-agnostic and implemented in Warp, a GPU programming framework. It
pairs (i) a high-level particle-based sampling solver with flexible sampling, gathering, distribution-
fitting [65], and resampling schedules, and (ii) a library of low-level optimizers, including first-
order (gradient descent, Adam), quasi-Newton (limited-memory BFGS, L-BFGS), Gauss-Newton
or Levenberg—Marquardt (LM), and sampling-based methods such as MPPI [19], letting us pick the
best solver per task (e.g., Gauss-Newton for IK, L-BFGS for trajectory optimization). Since Warp
lacks native sparse Jacobians, we add coordinate-format (COQ) sparse Jacobian support for all cost
terms to scale to large variable dimensions. Curvature-based steps typically converge within 16—
64 iterations; combined with large-scale parallel sampling, this yields a high-performance pipeline
(Tab. 2).

Objectives. We provide pre-built objective terms covering tasks from inverse kinematics to grasp
synthesis, and support user-defined costs; analytic terms include analytical Jacobians, and the solver
minimizes the sum of squared residuals. Terms can be combined, weighted, and reused, and also
serve as supervision for online distillation. For example, the pose-matching cost penalizes the rela-
tive pose error cpose = log (wT; ! thgt) € se(3) via the logarithm map; see the supplementary for
the full list. Objectives can also score physics rollouts in MuJoCo Warp [66], which sampling-based
optimizers minimize without gradients.

3.2 Accelerated Structure

Geometry, rendering and physics dominate the per-iteration cost of contact-rich, calibration and
simulation tasks. We accelerate them with four structures that exploit spatial locality and a coarse-
to-fine schedule.

Hybrid Voxel SDF and Mesh. Querying a mesh SDF traverses a BVH and is expensive across
thousands of sphere centers per iteration. A precomputed voxel SDF is cheap but its gradient is
biased near the surface, where contact reasoning is most sensitive. We therefore pair each object O
with a baked voxel SDF V (a grid padded by ¢ beyond its bounding box) and its source mesh M,
reading the cheap voxel field and refining to the exact mesh only inside a near-surface band:

SDF(“¢;, M), SDF(“¢;, V) <,

SDF(“¢;, 0) =
(Yes, 0) {SDF(wci,V), otherwise,

with 7 = bh, where h is the voxel size and b is the configurable refinement-band width in voxels
(default b = 4). Far points cost an O(1) voxel sample; near-contact points keep mesh-level accuracy
and an exact normal 7.

Coarse-to-Fine Collision Queries. The robot is approximated by per-link collision spheres (as in
cuRobo [5]). We additionally wrap each link / in one coarse bounding sphere (center ¢y, radius
R,) that contains all of its collision spheres. Mirroring the hybrid query above, the effective distance



SDF fed to the collision cost runs the exact per-sphere query only when the link is near the scene,
and reuses the single broad-phase query otherwise:

— SDF (*¢;, O), SDF(“cy, O) < Ry + e,
SDF(“¢;,0) = ("ei, 0) (Mer, O) < Be

SDF(Y¢¢, ©), otherwise.
A link with SDF(*¢p, O) > Ry + € keeps all of its spheres beyond the safety margin e, so the cost
is inactive and one broad query prunes the whole link, which is especially effective for hands and
articulated arms.

Coarse-to-Fine Rendering. Rendering-based calibration matches rendered robot masks to obser-
vations, a non-convex silhouette objective. We use a resolution pyramid: early stages render at low
resolution with many seeds and a strongly blurred, smoother cost with fewer local minima so sam-
pling escapes poor basins cheaply; later stages raise resolution, prune to the best seeds via beam
selection, and remove the blur for sub-pixel refinement. A single-level full-resolution solver fails
under large initialization error, whereas the pyramid converges to sub-degree accuracy.

Coarse-to-Fine Physics. Sampling-based MPC and RL spend most of their time stepping the sim-
ulator. Early iterations run a coarse scene model, with larger timesteps, fewer solver iterations and
fewer collision pairs; later ones switch to full physics.

3.3 Policy Learning

Policy distillation transfers the solver’s knowledge to a policy through two complementary
paradigms: offline and online distillation.

Offline Distillation. We run the solver over a distribution of task instances to generate solved
configurations. Since poorly converged or infeasible solutions degrade learning, we optionally filter
to keep only high-quality demonstrations, e.g., by thresholding the optimization cost or verifying
physical plausibility in simulation; this is critical for hard tasks like grasping. Given the filtered
dataset D = {(0;, q})}, we train a policy mg(0) via supervised learning:

ACofﬂine(e) = E(o,q*)ND |:H7T9(0) - q*||21| :

Online Distillation. Online distillation trains the policy directly from optimization objectives with-
out a fixed dataset, backpropagating gradients to the policy weights:

1
L:online (9) = ]Eofvp(o) [2 ZHWk Ck (7T9 (O); 0) HZ] B
k

where ¢y (g; o) is the k-th unweighted residual vector and W is its diagonal residual-weight matrix,
including the task gain. Gradients flow through these differentiable residuals to the policy; the solver
is never unrolled or differentiated. Operating on-policy, it provides exact gradients and draws fresh
samples each iteration, typically outperforming offline distillation and generalizing better.

Integrating Offline and Online. Online distillation performs better but depends on task complex-
ity. For simple tasks like position-only retargeting it suffices alone; for contact-rich tasks like grasp
synthesis, pure online training converges to poor local minima, so we warm up with offline su-
pervised learning on filtered demonstrations before online fine-tuning. This hybrid recipe mirrors
imitation and reinforcement learning practice, but benefits from the stable gradients of differentiable
kinematic objectives.

4 Experiments

We address three questions in experiments: (1) How well does our optimization framework perform?
(2) How effective are policies learned with RoboKit? (3) Which design choices matter? We answer
these questions below.



Table 2: Quantitative comparison of RoboKit ag
pendix for metric definitions.

ainst baselines across seven tasks. See the ap-

(a) Batched IK on the 7-DoF Franka Panda.
PyRoK:i [4] Ours (opt)
Batch Time (ms) Succ. (%) Pos. Err (mm) Ori. Err (rad) Time (ms) Succ. (%) Pos. Err (mm) Ori. Err (rad)
1 9.08 100.00  1.74 x 10™* 1.88 x 10~7 0.65 100.00  1.23 x 10™* 1.68 x 10~ 7
10 14.52 100.00  3.80 x 1072 4.86 x 10~° 0.61 100.00 1.15x 1072 1.90 x 10~°
100 16.04 100.00  1.91 x 1072 2.13 x 1077 0.81 100.00  1.08 x 103 1.20 x 10~
1000 48.19 99.88 1.47 x 1073 1.01 x 10~ 3.41 99.94 4.04 x 107% 4.15x 1077
2000 86.20 99.89  1.57x 1073 1.05 x 1076 7.12 99.91 3.28 x 10=% 4.03 x 10~ 7
(b) Motion Planning for the Franka arm.
Method Success Plan Mean Plan P98  Motion Time  Path Length Max Jerk Mean Vel = Max Acc
(%) (ms) | (ms) | (s) 4 (rad) | (rad/s3) | (rad/s) (rad/s?) |
cuRobo [5] 99.57 56.6 214.5 1.181 3.145 146.2 0.698 11.567
Ours (opt) 99.65 16.3 40.5 1.189 3.131 118.1 0.766 11.941
(c) Online hand retargeting for Shadow Hand. (d) Online humanoid retargeting for G1.
Time Pos. PinchOpen Acc. Time MPIJPE WA-MPJPE Acc.
Method Method
(ms) | (mm) | (%) 1(%) 1 (rad/s?) | (ms)] (cm) | (cm) | (rad/s?) |
Dex-Ret. (pos) [1] 3.66 28.13 375 652 744 GMR [2] 7.91 9.26 9.21 20.06
Dex-Ret. (DexPilot) [1] 15.71 15.69 969 852 4.23 Ours (opt) 2.00 8.08 5.57 16.98
PyRoKi [4] 33.19 10.76 35.7 94.3 31.02
Ours (opt) 1.25 6.05 99.7 923 5.82
(e) Grasp synthesis. (f) Hand-eye calibration on Panda (realistic).
Time SR Q1 Pen. Time Trans. Rot.
Method Method
®4 (%) 1 T (mm) | ®4 (cm) | ©) 4
Dex1B [7] 178.45 23.63 0.109 1.06 EasyHEC [18] 458.5 96.43 12.66
Ours (opt) 2.97 46.83 0.077 0.70 Ours (opt) 2.0 1.10 0.54

(g) Physics-based dexterous retargeting on five hands (SPIDER’s MuJoCo comparison); time per frame.

OaklInk (143 trials) GigaHands (75 trials)
Method Time ADD-AUC  Succ. Pos. Rot. Time ADD-AUC  Succ. Pos. Rot.
(ms) | (%) 1 (%) (em)] ()} (ms)] (%) (%1 (m{ )
SPIDER [12] 610 51.3 59 4.38 34.8 125 50.3 77 4.05 16.0
Ours (opt) 109 65.8 86 3.17 15.2 57 63.7 84 4.11 9.5

4.1 Experimental Settings

We evaluate RoboKit on six kinematic tasks and one physics-based task, reusing established bench-
marks: the cuRobo [5] benchmark for inverse kinematics and trajectory optimization (7-DoF Franka
Panda), Dex-Retargeting [1] data for hand motion retargeting (Shadow Hand), AMASS [67] for hu-
man motion retargeting (Unitree G1), Dex1B [7] for grasp synthesis (MANO on DexGraspNet [6]),

the EasyHEC [18] benchmark for rendering-based c

alibration (Panda), and SPIDER’s [12] MuJoCo

comparison for physics-based dexterous retargeting (five hands on Oaklnk and GigaHands), and

mjlab’s [20] RL tasks for policy learning (Gol, G1

and a Yam arm), a GPU framework in the line

of Isaac Gym [68] and MuJoCo Playground [69]. We report solve time alongside the task-specific

success and accuracy metrics defined in each table.

All benchmark comparisons (Tab. 2) run on a

single NVIDIA RTX 4090 GPU; timings are averaged over 5 runs (3 for human retargeting, one
pass over all frames for hand retargeting) after a warmup.
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Figure 3: Qualitative results of the learned policies on trajectory optimization, hand and full-body
retargeting, and dexterous grasp synthesis.

4.2 Parallel Solver Performance

We compare RoboKit against optimization baselines across all seven tasks (Tab. 2); it is consistently
the fastest, with task-specific tradeoffs in accuracy and solution quality.

(a) Inverse Kinematics. Against PyRoKi [4] both methods use Levenberg—Marquardt, 64 initial
seeds refined to 4, and a 16-iteration budget. The resulting speedup (e.g., 7.1 vs 86.2ms at batch
2000) reflects implementation and solver-setting differences: our Warp [17] backend removes the
per-iteration framework overhead of JAX, especially at large batches, while reaching the same near-
100% success and comparable accuracy.

(b) Trajectory Optimization. We adopt the strong cuRobo [5] benchmark and, like it, optimize with
L-BFGS. Both methods are judged on goal reach, world and self-collision, dynamic limits, and
joint limits with the benchmark’s 0.2 rad tolerance. RoboKit is faster (0.016 vs 0.057 s plan time,
and a far lower 98th-percentile time), maintains a comparable success rate, and yields a shorter
joint path and lower jerk, at the cost of slightly longer motion time. We omit PyRoKi here: its
LM solver is prohibitively slow in this setting, and it performs trajectory optimization without time
reparameterization, so its motion-level metrics are not directly comparable. Note that the obstacles
here are primitive boxes, so our hybrid geometry acceleration (Sec. 3.2) is not exercised; the gains
come purely from the solver and engineering.

(c) Hand Retargeting. Dex-Retargeting [1] optimizes a single objective at a time (position or vector),
whereas RoboKit and PyRoK:i jointly satisfy both. Even against these single-objective specialists,
RoboKit attains lower position error, and is 26.6 x faster than PyRoKi at a higher pinch success rate.

(d) Human Retargeting. Against GMR [2], we retarget human motion from the AMASS dataset [67]
to the G1 humanoid; RoboKit cuts the per-frame time by about 4 x (2.00 vs 7.91 ms) while lowering
both MPJPE and WA-MPIJPE.

(e) Grasp Synthesis. RoboKit optimizes 4,096 grasps using voxel-SDF geometry in 2.97 s, versus
178.45 s for Dex1B [7] (60x faster). Optimization uses a precomputed voxel field; all grasps are
scored using the object mesh. It has higher success (46.83% vs 23.63%) and lower penetration (0.70
vs 1.06 mm), while Dex1B achieves higher Q1 (0.109 vs 0.077). Mesh results and the geometry
ablation appear in Tab. 11 and Tab. 5d.

(f) Rendering-Based Calibration. We evaluate the realistic setting matching our introduction
(35cm/45° initial error with sensor and calibration noise). The coarse-to-fine pyramid (Sec. 3.2)
reaches 1.10cm in 2.0s, while EasyHEC [18] does not converge (96.43cm). On the easy split
(10 cm/15° initial error, no added noise), where both reach under 0.3 cm, we are 57 x faster (1.23 s
vs 70.4s).



Table 3: Distilled policy performance across four tasks.

(a) Trajectory optimization. (b) Hand retargeting.
Time SR Pos. Rot. Time SR Pos. Vec.
Method Smooth. Method
ms)L ()T (ecm) (°) (ms){ (%)t (mm)| (mm)]
Ours (opt) 150.61 96.72 1.04 1.49 0.256 Ours (opt) 5.22 99.72 7.79 8.81
Ours (distilled) 0.63 9590 1.08 2.32  0.588 Ours (distilled) 0.44 100.0 4.80 6.5
(c) Humanoid retargeting. (d) Grasp synthesis.
Time Pos. Ori. Time SR Q1 Pen.
Method Method
(ms) | (cm) | (rad) | ms)L (%) 1 T (cm) |
Ours (opt) 10.86 7.15 0.1613 UGG [73] - 43.6 0.026 0.43
Ours (distilled) 0.72 9.92 0.1936 Dex1B [7] 1.71 63.7 0.075 0.29
Ours (opt) 14.87 31.25  0.110 0.99

Ours (distilled) 1.71 71.3 0.089 0.18

Table 4: RL training against mjlab [20] on the same MuJoCo Warp physics: minutes to reach 95%
/ 100% of mjlab’s final score, median over seeds.

Method Gol Gl Gol Gl Gl Yam
Flat Flat Rough Rough Tracking Lift

mjlab [20] 7.6/37.6 18.5/47.2 20.0/45.6 77.6/102.1 49.0/51.1 7.4/16.8

Ours 3.2/17.7 9.2/26.7 12.7/34.4 46.4/74.6 21.9/29.3 3.8/8.7

(g) Physics-Based Retargeting. Following SPIDER [12], we retarget human hand—object motion to
five dexterous hands by sampling-based MPC in MuJoCo Warp [70, 66], on 7 OakInk [71] tasks
and 3 GigaHands [72] clips with five seeds each; only the optimizer differs from SPIDER. RoboKit
raises ADD-AUC from 51.3 to 65.8 on Oaklnk and from 50.3 to 63.7 on GigaHands, and is 5.6 X
and 2.2x faster.

4.3 Policy Learning Performance

We evaluate policies distilled across four tasks, excluding inverse kinematics, which optimization
already solves trivially; results are in Tab. 3 (distilled rows in blue) and Fig. 3. Overall, distilled poli-
cies run 9-240x faster than optimization at competitive accuracy, enabling real-time deployment.
All methods use offline training.

Policies vs. our optimizer, and vs. learned grasping baselines (UGG, Dex1B). Trajectory and human-
retargeting times are per frame. Optimizer rows follow each policy’s evaluation protocol on an RTX
A5000, which differs from Tab. 2.

Per-task results follow. (a) Trajectory optimization: the policy amortizes the solver into a 239x
faster forward pass (0.63 vs. 150.61 ms/frame) at matched success, with only a slight smoothness
drop. (b) Hand retargeting: sub-millisecond inference that also improves accuracy over the op-
timizer (position error 7.79 — 4.80 mm), as in-distribution training escapes the local minima the
optimizer settles into. (¢) Human retargeting: a 15x speedup (0.72 vs. 10.86 ms/frame) with only a
modest accuracy drop. (d) Grasp synthesis: our distilled policy achieves higher success and lower
penetration than UGG [73], Dex1B [7], and the optimizer, with competitive grasp quality. Beyond
distillation, RoboKit trains RL policies on mjlab’s tasks with the same physics (Tab. 4), reaching
mjlab’s final score 1.3—2.1 X sooner.

4.4 Ablation Study

Offline vs. Online Distillation. Online (Supervised) learns fresh RoboKit-optimized targets,
whereas Online (Direct Grad.) directly minimizes the task objective. On the simpler hand-
retargeting task, pure online distillation wins, as on-policy sampling yields more accurate gradients
(Tab. 5a); here we sample random hand configurations rather than DexYCB motions so the gap is



Table 5: Ablation study of distillation, demonstration filtering, and geometry.

(a) Offline vs. online (hand retargeting). (b) Offline vs. hybrid (grasp).
SR Pos. Err Vec. Err SR Ql Pen. Err
Method Method
(%)t (mm)| (mm) | (%)t T (mm) |
Offline 100.0 4.71 7.86 Offline 57.91 0.118 3.51
Online (Supervised) 100.0 4.34 6.87 Offline + Online 65.48 0.126 2.13
Online (Direct Grad.) 100.0 2.71 6.59
(c) Demonstration filtering (grasp). (d) Geometry (grasp): voxel-only, scored on the mesh.
SR Q1 Pen. Err Time SR Pen.
Method Geometr;
(%) 1 T (mm) | Y (O (%)t (mm) |
Offline (w/o. filtering) 23.83 0.079 6.82 Mesh SDF (BVH) 16.61 48.49 0.55
Offline 57.91 0.118 3.51 Voxel SDF (Ours) 297 46.83 0.70

visible. On the harder grasp task, pure online training diverges in the non-convex landscape, so
we warm-start offline and fine-tune online; this hybrid recipe yields the best success, quality, and
penetration (Tab. 5b).

Effect of Demonstration Filtering. Training offline on unfiltered solver outputs underperforms
even the optimizer; simulation-based filtering to keep only successful grasps roughly doubles suc-
cess and nearly halves penetration (Tab. 5c¢), confirming that data quality is critical for contact-rich
tasks.

Geometry Representation. Holding the solver fixed, Tuple 6: Solver component ablation on the
replacing exact mesh-BVH queries with a precom- 7_DoF Franka Panda.
puted voxel SDF cuts grasp-optimization time about

5.6x at comparable success and negligible penetra- Variant (Tin)“l (;1;
tion change (Tab. 5d). ms ol

. Full 1.82 100.0
Solver Components. Table 6 isolates the solver’s wlo Warp 139.59 100.0
components on Franka IK. PyTorch kernels slow w/o Anal. Jac 17.93 100.0
solves 77x (1.82 — 139.59 ms) and numerical Ja- w/o Particle 1.64 72.6

cobians 10x, both at 100% success; removing multi-
seed sampling barely saves time but drops success to 72.6%.

5 Conclusion

We presented RoboKit, a high-performance, general-purpose toolkit for parallel differentiable opti-
mization in robotics. Built in Warp with versatile optimizers, it runs 2—60x faster than task-specific
baselines; it makes geometry, differentiable rendering and physics first-class; and its differentiable
costs and parallel simulation plug into learning, distilling optimization into policies that run 9-240 x
faster at comparable accuracy. We hope RoboKit offers a practical foundation for real-time manip-
ulation, teleoperation, and learning-from-demonstration.

6 Limitations

RoboKit targets GPU-parallel workloads: for single-instance kinematics on CPU, kernel-launch
overhead dominates and a C++ solver would be faster. Its trajectory optimization has no graph-
search stage, which current benchmarks do not stress, and it lacks capabilities such as inverse dy-
namics.
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Appendix

In this supplementary material, we first detail the experimental settings, including the hardware,
per-task definitions and metrics, and baselines. Second, we provide additional experiments that
complement the paper. Third, we describe the implementation details, including the list of built-in
cost terms and the algorithm details. Finally, we present additional qualitative results. Please see
our video for an overview of our work and additional visualizations.

A Experimental Details

A.1 Hardware and Profiling

Our benchmark platform consists of a single NVIDIA RTX 4090 GPU paired with an Intel Xeon
Gold 5120 CPU @ 2.20GHz. Unless otherwise noted, all reported timings are averaged over 5
runs after warmup, which ensures that GPU kernels are compiled and cached before measurement.
Unless stated otherwise, time refers to the total wall-clock solve time for the full batch.

A.2 Task Definitions

We evaluate RoboKit on six kinematic tasks, one physics-based task, and RL training. For each task
we describe the dataset and embodiment, the optimization objective, and the evaluation protocol.

Inverse Kinematics. Following the cuRobo [5] benchmarks, we solve IK on a fixed-base 7-DoF
Franka Panda arm. The objective combines the pose-matching cost cpse for end-effector alignment
with the joint-limit cost cjmit. We report solve time, success rate (position error < 5mm and
orientation error < 0.05rad), and 98th-percentile position (mm) and orientation (rad) errors over
successful instances across batch sizes from 1 to 2000.

Trajectory Optimization. We generate collision-free reaching trajectories for the Franka arm in
cluttered scenes from MotionBenchMaker [74] and MPiNets [75], following the cuRobo [5] bench-
mark. The objective includes the goal pose-matching cost ¢pose, Smoothness cost Csmooth, joint-limit
cost cpmit, and collision-avoidance cost cqo1. A trajectory is counted as successful if it reaches the
goal (position error < 5mm and sin(6/2) < 0.05, where 6 is the orientation error) and satisfies
world/self-collision, joint-limit, and dynamic-limit checks on a 25 ms interpolation, using the orig-
inal benchmark’s 0.2 rad joint-limit tolerance. We report the mean planning time (Plan), its 98th
percentile (P98), the executed motion time after time-optimal parameterization (Motion), the total
joint-space path length (Path, in rad), maximum absolute joint jerk per trajectory (Max Jerk, rad/s®),
mean absolute joint velocity over frames and joints (Mean Vel, rad/s), and maximum absolute joint
acceleration per trajectory (Max Acc, rad/s?). Plan and P98 use external CUDA-synchronized wall-
clock solve time; all these metrics are aggregated over successful plans.

Hand Motion Retargeting. Following Dex-Retargeting [1], we retarget human hand motion to
the Shadow robot hand and evaluate online, one frame at a time, on 501 right-hand captures from
DexYCB [76]. The objective uses a keypoint position-alignment cost and a vector-alignment cost
together with joint-limit constraints, and a fixed scale factor accounts for morphological differences.
We report per-frame solve time, wrist-relative fingertip position error (Pos., mm), pinch and open
success (%), and mean joint acceleration (Acc., rad/s?). For the distilled-policy comparison against
GeoRT [15] (Tab. 9) we additionally report fingertip position error (Tip), its Procrustes-aligned
variant (PA-Tip), and the 95th-percentile tip error (P95), all in mm.

Human Motion Retargeting. We retarget full-body human motion from the SFU subset of
AMASS [67] (44 sequences) to the Unitree G1 humanoid, following GMR [2]. The objective ap-
plies pose-matching costs on key body links (hands, feet, and head) together with joint-limit con-
straints. We report per-frame solve time, root-relative limb position error (MPJPE, cm), world-frame
limb position error after one similarity alignment per 100-frame segment (WA-MPJPE, cm), as in
WHAM [77], and mean joint acceleration (Acc., rad/s?).
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Grasp Synthesis. We synthesize dexterous grasps for the MANO [78] hand on objects from the
test split of DexGraspNet [6], following Dex 1B [7]. The objective combines the collision-avoidance
cost cqo11, force-closure cost cg., a contact cost that encourages finger contact with the object surface,
and the joint-limit cost cjimit. We synthesize 4096 grasps (32 on each of 128 test scenes) with 24
seeds per grasp. Success requires pre-grasp penetration at most 5 mm and passing the ManiSkill [79]
grasp test under external forces, using Dex1B’s force threshold; we also report the e-metric grasp
quality (Q1) and the penetration depth (mm).

Rendering-Based Calibration. Following the EasyHEC [18] benchmark, we calibrate the hand-
eye transform of a Panda arm by matching rendered robot masks to observed silhouettes through
our coarse-to-fine rendering pipeline (Sec. 3.2). We evaluate the realistic setting with a 35 cm / 45°
initial error and added sensor and calibration noise, and report calibration time (s), translation error
(cm), and rotation error (°).

Physics-Based Retargeting. Following SPIDER’s [12] MuJoCo comparison, we track the human
hand—object motion of 7 bimanual Oaklnk tasks and 3 GigaHands clips with the Ability, Allegro,
Inspire, Schunk and XHand hands, five seeds each, using SPIDER’s released kinematic retargets,
scenes and configurations. Both methods run sampling-based MPC with the physics engine in the
loop; we score 218 of the 248 released trials (the other 30 fail SPIDER’s own export check). We
report the object’s ADD-AUC (area under the curve of the object-position error over 0—10 cm thresh-
olds, as SPIDER), success, and the object’s mean position (cm) and rotation (°) errors. SPIDER’s
accuracy is that of its released rollouts.

RL Training. We train PPO [80] policies on mjlab’s [20] tasks with 4096 parallel environments:
Gol and G1 velocity tracking on flat and rough terrain, G1 motion tracking, and Yam cube lifting.
RoboKit runs mjlab’s rewards, terminations, commands, curricula, randomization and observations
on its scenes, checked against mjlab on identical states. One evaluator scores both methods’ policies:
linear-velocity tracking, motion-tracking success, or time at the goal. We report wall-clock minutes
to reach 95% and 100% of mjlab’s mean final score, median over five seeds.

A.3 Baselines

We compare RoboKit against optimization-based and learned baselines, depending on the task.

PyRoKi [4] is a recent kinematics optimization library built on JAX that supports batched opti-
mization with automatic differentiation. It is our primary baseline for inverse kinematics and hand
motion retargeting.

cuRobo [5] is a CUDA-accelerated motion-generation framework that uses L-BFGS with particle-
based seeding. We compare against it on the batched IK benchmark (Tab. 7) and on trajectory
optimization.

Dex-Retargeting [1] is a widely used library for dexterous hand retargeting, offering a position-
based mode that matches joint positions and vector-based modes that align palm-to-fingertip vectors;
we compare against its position and DexPilot modes. It does not support batched optimization, so
we report single-instance results.

GMR [2] retargets human motion to humanoid robots using pose-matching objectives on keypoints
subject to joint limits. It is our baseline for human motion retargeting and also runs single-instance.

Dex1B [7] is a large-scale grasp-synthesis benchmark that generates dexterous grasps via optimiza-
tion with force-closure and contact objectives; we adopt its evaluation protocol and success crite-
ria. We additionally compare our distilled grasping policy against the learned baselines Dex1B and
UGG [73].

GeoRT [15] is a learned geometric hand-retargeting method, used as a learned baseline for the
distilled hand-retargeting policy.

EasyHEC [18] is a rendering-based hand-eye calibration method and serves as our baseline for
rendering-based calibration.
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SPIDER [12] retargets human hand—object motion to dexterous hands with sampling-based MPC
in MuJoCo Warp; it is our baseline for physics-based retargeting, run from its released code and
configurations.

DIAL-MPC [11] is a sampling-based MPC with diffusion-style annealing for torque-level legged
locomotion; it is our baseline for Go2 locomotion (Appendix B.3), run from its released code.

mjlab [20] is a GPU RL framework with Isaac Lab’s manager-based API on MuJoCo Warp; it is
our baseline for RL training (Tab. 4), run from its released tasks.

Pinocchio [81] and Pink [25] are widely used CPU-based Python IK libraries, which we use for the
single-instance IK comparison (Tab. 12).

B Additional Experiments

B.1 Batch Scaling

We evaluate batch scaling for IK, motion planning, hand and humanoid retargeting, and grasp syn-
thesis. We additionally report mean=std across 5 runs, together with IK success rates and solution

CITOrS.

Table 7: Batched IK runtime and accuracy on the 7-DoF Franka Panda.

Time SR Pos. Err Ori. Err

Batch Method (ms) %) (mm) (rad)

1 PyRoKi [4] 9.08 +0.72 100.00 £0.00  (1.7440.46) x 10~*  (1.88+1.13) x 107
1 cuRobo [5] 7.43 £0.10 100.00 £0.00  (2.13+£0.94) x 1073 (8.14 +4.33) x 106
1 Ours (opt) 0.65 & 0.02 100.00 £0.00  (1.2340.45) x 10~*  (1.68 £ 1.22) x 107
10 PyRoKi[4]  14.5240.70  100.00£0.00  (3.80£7.52) x 10~2  (4.86 %+ 9.66) x 10~°
10 cuRobo [5] 6.73 4 0.02 100.00 +£0.00  (3.16 & 1.52) x 10~3 (1.174+0.18) x 1075
10 Ours (opt) 0.61 & 0.02 100.00 £0.00  (1.154£2.26) x 1072 (1.90 4+ 3.74) x 10>
100 PyRoKi[4]  16.0440.27  100.00£0.00  (1.9142.46) x 1072 (2.13£3.33) x 105
100 cuRobo [5] 8.36 4 0.05 99.80 + 0.40 (4.9241.78) x 1073 (1.39 £ 0.09) x 10~°
100 Ours (opt) 0.81 4 0.01 100.00 £0.00  (1.08£0.71) x 10~3  (1.20 4 0.82) x 106
1000 PyRoKi[4]  48.19 4 1.30 99.88 +0.10 (1.474+0.83) x 1073 (1.01 £0.41) x 10~6
1000 cuRobo [5]  28.48 4+ 0.70 99.94 + 0.05 (4.394£0.24) x 1073 (1.40 £0.01) x 10~°
1000 Ours (opt) 3.41 £0.02 99.94 4+ 0.05 (4.04£1.53) x 107%  (4.1540.32) x 10~7
2000 PyRoKi[4]  86.20+0.73 99.89 + 0.07 (1.57£0.77) x 1073 (1.05 £0.45) x 10~6
2000 cuRobo [5]  50.27 £ 0.06 99.96 + 0.04 (4.2940.20) x 1073 (1.39 £0.00) x 10~5
2000 Ours (opt) 7.12 £0.02 99.91 + 0.04 (3.28+£0.30) x 10~%  (4.03+£0.25) x 10~ 7

Batched IK comparison with cuRobo. Table 7 extends the main-paper IK comparison with
cuRobo [5]. RoboKit is 7.1-11.5x faster than cuRobo, with comparable success rates and generally
lower errors. Time covers the full batch; success requires position error below 5 mm and orientation
error below 0.05 rad. Reported errors are per-run 98th percentiles over successful instances.
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Table 8: Batch latency in milliseconds (mean=+population std across 5 runs).

Batch Batch Batch Batch
Task Method 1 10 100 1000
Motion cuRobo 48.61 £ 1.06 57.69 + 1.19 335.66 + 1.99 n.m.
Motion Ours (opt) 13.27 £ 0.57 30.54 + 0.54 230.90 £ 0.04 n.m.
Hand Dex-Ret. (pos) 10.27 £0.12 - - -
Hand DexPilot 17.06 £ 0.33 - - -
Hand PyRoKi 17.72 £ 1.99 248.46 +1.11 648.33 £+ 3.47 1106.27 £+ 132.51
Hand Ours (opt) 1.37 £ 0.02 1.37 £ 0.01 1.64 +0.12 3.02 £ 0.09
Humanoid GMR 15.478 + 0.198 - - -
Humanoid Ours (opt) 2.212 + 0.002 2.293 + 0.003 3.034 4+ 0.050 13.129 + 0.123
Grasp Ours (LM-mesh) 201.67 £ 20.02 275.31 £ 8.70 592.86 + 3.62 4088.45 + 2.52

Batch latency across other tasks. Table 8 shows efficient scaling for online retargeting: increasing
the batch from 1 to 1000 raises RoboKit’s hand latency from 1.37 to 3.02 ms and humanoid latency
from 2.21 to 13.13 ms. RoboKit is faster than PyRoKi at every measured hand batch size, while
Dex-Retargeting and GMR lack batched APIs. With four trajectory candidates per query for both
methods, RoboKit is faster than cuRobo at every measured motion-planning batch size. Grasp
optimization processes 1000 initializations in 4.09 s.

Online timings are per frame across all streams; motion and grasp timings cover the full batch. These
latency sweeps use different workloads from Tab. 2. cuRobo’s graph search is disabled to retain four
candidates. A dash denotes an unavailable batched API; n.m. denotes an unmeasured batch size.

B.2 Comparison with Learned Policies

Beyond the optimization baselines in the main paper, we compare our distilled policies against ded-
icated learned methods. For hand motion retargeting, we evaluate against GeoRT [15] on DexYCB
data.

Table 9: Hand retargeting against GeoRT [15] on DexYCB.

Tip PA-Tip P95
Method
(mm) | (mm) | (mm) |
GeoRT [15] 374 9.5 58.5
Ours (distilled) 23.0 7.8 29.9

Comparison with learned policies. We report fingertip position error (Tip), Procrustes-aligned tip
error (PA-Tip), and the 95th-percentile tip error (P95), all in mm.

Our distilled policy, trained with geometry-aware retargeting costs, outperforms GeoRT on all three
metrics (Tab. 9), reducing the fingertip position error from 37.4 to 23.0 mm and the 95th-percentile
error from 58.5 to 29.9 mm. For grasp synthesis, our distilled policy already surpasses the learned
baselines UGG [73] and Dex1B [7] (see the main paper).

B.3 Comparison with DIAL-MPC

We compare against DIAL-MPC [11], a sampling-based MPC for torque-level legged locomotion,
on the three Go2 tasks of its Table I: velocity tracking with a trot gait, a sequence of 10 random
jumps, and climbing onto a crate 0.125-0.6 m tall (10 heights, two seeds each). Both methods use
DIAL-MPC’s released models, rewards and control settings. RoboKit uses one configuration for
all three tasks, with 0.6 x DIAL-MPC’s samples. We report the tracking error, DIAL-MPC’s jump
score, and crate success (all four feet on top, torso upright). Time is wall-clock per control step.
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Table 10: Locomotion MPC against DIAL-MPC [11] on Go2; time per control step.

Trot Seq. Jump Crate Climb
Method Track. Time Score Time Succ. Time
err. | (ms) | ) (ms) | (%) T (ms) |
DIAL-MPC [11] 0.0030 74.4 0.885 65.7 75 1354
Ours 0.0025 34.8 0.920 29.1 80 163

RoboKit matches or exceeds DIAL-MPC on all three tasks while running 2.1x, 2.3x and 8.3 %

faster (Tab. 10).

B.4 Grasp Synthesis Ablation

We compare mesh and SDF geometry representations for grasp synthesis on 4,096 grasps (128

scenes x 32 initializations).

Table 11: Grasp synthesis ablation on 4,096 grasps (meantpopulation std across 5 runs).

Time SR Pen.
Method ©) %) Ql (mm)
LM-mesh 16.605 4+ 0.029 48.49 + 0.56 0.0702 £ 0.0004 0.547 + 0.007
GD-mesh 18.412 + 0.378 41.89 +0.89 0.0683 £ 0.0013 1.441 £0.017
LM-sdf 2.973 +0.033 46.83 +0.41 0.0666 £ 0.0007 0.702 +0.014
GD-sdf 4.334 + 0.007 41.52+0.78 0.0657 £ 0.0012 1.485 £ 0.017

Grasp synthesis ablation. Values are mean=+population std across 5 runs, using the original full
evaluation. Time covers optimizer iterations; success requires pre-grasp penetration at most 5 mm
and passing the ManiSkill grasp test under external forces. LM uses 64 iterations and annealed GD
uses 6,000.

B.5 Comparison to CPU IK Baselines

We compare our solver against Pinocchio [81] and Pink [25], two widely-used CPU-based Python
IK libraries, using their official example scripts (Tab. 12).

Table 12: Comparison to CPU IK baselines on the 7-DoF Franka Panda arm.

Method Time SR Pos. Err Ori. Err
(ms) (%) (mm) (rad)
Pinocchio [81] 3.35 95.31 1.923 4.53 x 1073
Pink [25] 10.80 79.69 3.95 x 10~4 4.28 x 107
Ours (opt) 2.36 100 4.05 x 10~4 4.78 x 10~7

Comparison to CPU IK baselines. Our solver leverages the GPU for random seed sampling and the
Levenberg—Marquardt iterations. Both our method and Pink enforce joint-limit constraints, whereas
the default Pinocchio IK example does not. Thanks to multi-seed sampling, our method achieves
a 100% success rate, compared to 95.31% for Pinocchio and 79.69% for Pink, while also being
the fastest at 2.36 ms (1.4x faster than Pinocchio, 4.6 x faster than Pink). Solution accuracy is
comparable to Pink and roughly an order of magnitude better than Pinocchio in both position and
orientation error.
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C Implementation Details

C.1 Analytic Objectives

Table 13 summarizes the pre-built analytic objectives; we detail their mathematical formulations
below.

Table 13: Pre-built analytic objectives.

Analytic
Term Purpose Jacobian
Task Objectives
Pose Matching Match link SE(3) pose to target via log map v
Retargeting Pairwise link-to-keypoint alignment v
Contact Attraction Attract collision spheres to object contact points v
Force Closure Penalize net contact wrench for grasp equilibrium v
Mask Alignment Match rendered robot masks to observed silhouettes v
Safety & Collision
Collision Avoidance Penalize robot sphere penetration into mesh SDF v
Self-Collision Penalize inter-link sphere—sphere penetration v
Joint & Derivative Limits
Joint Limit Penalize joint positions outside mechanical bounds v
Velocity Limit Penalize joint velocities exceeding limits v
Acceleration/Jerk Limits Penalize trajectory joint derivatives outside bounds v
Regularization & Smoothness
Smoothness Penalize joint/base changes between consecutive steps v
EE Pose Smoothness Penalize EE SE(3) pose changes across trajectory v
Rest Pose Regularize joints toward a rest configuration v
Start Config Penalize deviation from initial trajectory config v
Base Damping Penalize floating-base motion from reference pose v
Performance
Manipulability Maximize Yoshikawa manipulability at target link v

All terms support batched evaluation. Mask alignment (x) combines analytical projection derivatives
with central-difference image gradients; the other listed terms use analytical Jacobians.

Mathematical Formulations The solver minimizes the sum of squared weighted residuals:
.1 2
min - > Wk erl@)])
k

where ¢ (q) is an unweighted residual vector and W}, = diag(ay, wy,) combines the task gain oy, €
(0, 1] with per-dimension residual weights wy,. Task inputs are omitted here for brevity.

Pose Matching Cost. The pose matching cost penalizes the SE(3) error between the current link
pose and a target:

Cpose(Q7 i» thgt) = log(wT;:L thgt) € Rﬁa
where log : SE(3) — se(3) is the logarithm map. The first three components are weighted by wyos
and the last three by w,,;. The analytical Jacobian is:

aCp ose
dq

where Jiog is the Jacobian of the SE(3) log map, Ad(-) is the adjoint representation, and S; is the
world-frame geometric Jacobian of link 7.

= — Jiog("Trgt “Ti) Ad(“T; ) S5,

Retargeting Cost. The retargeting cost measures pairwise correspondence between robot link posi-
tions {p},} and target keypoints {p}, }. For each pair (i, 5):

Cretarget(q) = (p; _p;') -8 (Iﬁ _pﬁ)’
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where s is a position scale factor. An optional angular term penalizes direction mismatch of the
displacement vectors.

Contact Attraction Cost. The contact attraction cost encourages robot collision spheres to reach
object contact points:

Ccontact (qa pobj) = I’IlaX(O, miin(”pObj - wci” - Ti))a

where “c; and r; are the world-frame center and radius of the ¢-th collision sphere. The Jacobian
propagates through only the closest active sphere via —d " 38%’ where d is the unit direction from
sphere to contact point.

Force Closure Cost. The force closure cost drives the net contact wrench toward zero, encouraging
the grasp to resist arbitrary external loads:

T
it gy
>k P X iy

where 7, is the object-surface unit normal at the k-th contact (queried dynamically from the object
geometry) and py, is the world-frame contact position. The first three components penalize net force

imbalance and the last three penalize net torque imbalance. With N, = 07 /Opx, the analytical
Jacobian is:

cre(q) = {

Opk
8ch Zk Ni dq

dq B k(%xﬁkerkxNk%L;)

Voxel queries differentiate the normalized trilinear SDF gradient analytically, and primitive queries
use analytical normal derivatives. Mesh queries return triangle face normals, so N = 0 within
the selected face. Derivatives are discontinuous at voxel-cell, face, and closest-object switches; no
finite-difference normal queries are used.

Mask Alignment Cost. For rendered and observed masks M™ and M*° at the current pyramid level,
including its configured blur, the per-pixel residual is:

— r o
Cmask,uv = My, — My,

For a camera-frame twist £, the image-motion Jacobian is:

aCmask uv a(u U)
——= = [0, M" O,MT" -
0¢ [ ] o€
The projection derivative is analytical; image gradients use central pixel differences, e.g., 0, M, =
(M} 41, — My_4,,)/2 for interior pixels. An SE(3) adjoint maps the camera-frame Jacobian to the
calibration variable’s tangent frame. Per-observation weights scale the squared residuals, and the
implementation accumulates .J ".J and .J " ¢ over pixels without storing the full Jacobian. Optional

valid depth observations add a Huber residual.

Collision Avoidance Cost. The robot is approximated by collision spheres s; = (¢;, r;), and each
object O by the hybrid voxel-SDF and mesh representation (Sec. 3.2), which gates an exact mesh
query to a near-surface band and otherwise reads a cheap baked voxel SDF:

Ceon(q) = maX(O, r; + € — SDF(“¢;, (9))7

where SDF (-, O) returns the signed distance to object O (negative inside), and € > 0 is a safety

margin. When multiple objects are present, SDF . = minp SDF(+, O). The Jacobian is fﬁ;'—%

when the constraint is active, where 7; is the outward surface normal and 68—(57‘ =v+w xYc; from
the spatial motion subspace.

Self-Collision Cost. For non-adjacent link pairs (3, j), the self-collision cost penalizes sphere over-
lap:
Cself(q) = max(O, i+ Tj +e— ||wci - wcj”)'

Ve, 9%e; )

The Jacobian uses the unit direction between sphere centers: —d;( g g
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Joint Limit Cost. The joint limit cost penalizes configurations exceeding mechanical bounds:

Climit (Q) = maX<07 q— qupper) + maX(O, Qlower — Q)

The Jacobian is a diagonal matrix of signs: 41 above the upper limit, —1 below the lower limit, and
0 otherwise. Hard QP constraints are also available: qiower — ¢ < Ag < Gupper — ¢-

Velocity Limit Cost. The velocity limit cost penalizes excessive joint velocities:
- q.max> .

Acceleration and Jerk Limit Costs. For derivative order p € {2, 3}, trajectory limits penalize

gt — qt—1
At

Cvel(qt, qi—1) = max (0,

when the limit is violated.

.. sign(q)
The Jacobian is Z£5;%

acceleration or jerk outside per-joint bounds [l;p ), u§-p )]:

2
1
U = a2 A ) = max(0. 47 -l di ).

The default five-point central stencils, ordered from k = —2 to 2, are:
B = H(-1,16,-30,16,-1), B =(-3,1,0,-1,3).

Boundary indices are clamped to the first or last frame, holding endpoint values. Each sparse Jaco-
bian entry is ot(? B8 ,ip ) /AtP, where o = —1 below the lower bound, +1 above the upper bound, and 0
otherwise; entries mapping to the same held frame add together. Forward-difference stencils are also

supported. Revolute-joint acceleration and jerk bounds have units rad/s? and rad/s3, respectively.

Smoothness Cost. The smoothness cost penalizes large joint changes between consecutive time
steps:

CSIIlOOth(Qt7 Qt—l) =dqt — qt-1-
For floating-base robots, an additional base term is log(*T} ; wT,;tl_l). The joint Jacobian is the
identity matrix; the base Jacobian is Jiog (Terror) - Ad(“'Th¢).

EE Pose Smoothness Cost. Penalizes changes in end-effector SE(3) poses between consecutive
trajectory frames:

Cee(t7 k) = log(wT];% wTk,tfl) € Rﬁa
for each end-effector k and consecutive frames ¢, t—1.

Rest Pose Cost. The rest pose cost regularizes joints toward a preferred configuration:

Crest(q) = ¢ — (rest-

-1

For floating-base robots, an additional term is log(“' T “T st

matrix.

). The joint Jacobian is the identity

Start Configuration Cost. For trajectory optimization, penalizes deviation of the first frame from
a specified initial configuration: cstart(90) = g0 — Ginit-

Base Damping Cost. Discourages floating-base motion from a reference pose:

caamp(“Ts) = log(“ T, “ Ty f) € RS.

ref

Manipulability Cost. Maximizes the Yoshikawa measure at a target link:

/ 1
m(Q) = det(']p J;;r)7 Cmanip(q) = mv

where J,, € R3*™ s the translational Jacobian at the target link. The analytical gradient uses the
cofactor matrix of J,J ; and the derivative of J,, through the kinematic chain via spatial adjoints.
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C.2 Algorithm Summary

We summarize the full RoboKit pipeline in three stages: parallel kinematic optimization (Algo-
rithm 1), offline policy distillation from filtered demonstrations (Algorithm 2), and online policy
fine-tuning through differentiable objectives (Algorithm 3). Algorithm 4 combines these stages se-
quentially: offline supervised training on filtered demonstrations initializes the policy, followed by
fine-tuning with the online objective on freshly sampled task instances.

Algorithm 1 Parallel Geometry-Aware Kinematic Solving

Require: Residuals and weights {(cx, W)}, task distribution p(0), number of particles M, LM
iterations Tp,¢, number of rounds R, top-K selection ratio

Ensure: Solution dataset D = {(0;, ¢%)}

1: for each task instance o; ~ p(o) do
M

2:  Sample M initial particles {q("™)}M_,
3: forr=1to Rdo
4: fort = 1to T, do
5: Evaluate weighted residuals r,(cm) = Wi cr(q™); 0;) for all k,m
6: Compute analytical sparse Jacobians J, ,Em)
7: Update each particle via Levenberg—Marquardt step
8: end for
9: Rank particles by cost: S(™ = 15~ ™12
10 Select top-K particles {q(")}E_,
11: if » < R and resampling enabled then
12: Resample M particles from top-K
13: end if
14:  end for

15:  Select best solution: ¢; = argmin,, S (m)
16:  Store (0;,¢) in D

17: end for

18: return D

Algorithm 2 Offline Policy Distillation

Require: Candidate dataset D from Algorithm 1, filtering criterion JF, policy 7y, learning rate 7,
training iterations T
Ensure: Policy my
1: Filter: D = {(0;,q}) € D | F(0i,q}) = True}
2: fort =1to T,z do
3:  Sample mini-batch (0, ¢*) ~ D
4:  Compute Lomine(0) = ||mo(0) — ¢*||?
5 Update 0 + 6 — 1 Vg Losine(0)
6: end for
7: return 7y

Algorithm 3 Online Policy Fine-Tuning

Require: Residuals and weights {(cx, W)}, task distribution p(0), pretrained policy 7 from Al-
gorithm 2, learning rate 7, training iterations 75,
Ensure: Policy my
1: fort =1toT,, do
2:  Sample task instances o ~ p(0)
3:  Predict § = mp(0)
4 Compute objective loss £(0) = 3 3, [|[Wi cu(q; 0) |13
5:  Update 0 < 6 —n'VL(0)
6: end for
7: return 7y
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Algorithm 4 Hybrid Policy Distillation (Offline Warm-Up, Online Fine-Tuning)

Require: Candidate dataset D from Algorithm 1, filtering criterion F, residuals and weights
{(ck, W)}, task distribution p(0), policy 7y, learning rate 7, offline iterations Tog, online iter-
ations 75,

Ensure: Policy my

1: Train 7y on filtered demonstrations using Algorithm 2 for T, iterations
2: Fine-tune the resulting 7y with the online objective using Algorithm 3 for 75, iterations
3: return 7y
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D Additional Visualization

We provide additional visualization in Fig. 4.

W
N
¥

Hand Motion Retargeting

Trajectory Optimization Human Motion Retargeting

Figure 4: Qualitative results of RoboKit across core tasks. A single composite figure showcasing
hand motion retargeting, grasp synthesis, trajectory optimization, and human motion retargeting.
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