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Abstract

Robot policy learning is dominated by zeroth-order methods such as PPO, which treat the simulator as a black box
and pay for it with enormous sample counts. First-order policy learning differentiates through the dynamics, but on
contact-rich whole-body control it has rarely worked: its gradients explode. A recent world-model method showed that
derivative information can make humanoid motion tracking far more efficient, using surrogate gradients of a learned
model. We show that exact gradients of the simulator itself do better, once two obstacles are removed. Exact gradients
contain rare unbounded samples, because contact dynamics is not differentiable everywhere and its derivative diverges
near some events; and they are expensive, because the simulator’s adjoint has to replay the contact solve.
∇Mimic bounds these samples with median-relative per-sample gradient clipping at every step of the backward

pass, and reuses each costly simulated window by multistep regression onto gradient-derived action targets, which
bounds every action target independently of the gradient scale. NablaEngine, a differentiable GPU simulation engine
for the Unitree G1, removes the cost: it computes MuJoCo’s full contact dynamics with fused per-world kernels and the
adjoint of a whole control step as a single megakernel, with analytic gradients that match float64 finite differences,
11.5× faster than the available MuJoCo Warp adjoint.

On whole-body tracking of all 40 LAFAN1 clips with one policy on one GPU, ∇Mimic reaches the score reported
by the state-of-the-art world-model method, 0.82, in 8 minutes, where that method reports reaching it within 1.2 h, and
levels off at about 0.91, above the 0.866 that method reports at 3 h. SHAC, the standard first-order baseline, stops
on exploding gradients within minutes; with its guard relaxed it needs 2.6 h to reach the same score. We release
NablaEngine and ∇Mimic as open-source infrastructure for first-order humanoid policy learning.

1 Introduction
Motion tracking has become a central task in humanoid learning. A tracking policy imitates reference motions in
physics, so any human motion that can be retargeted to a robot becomes a behavior it can execute. The idea goes back to
DeepMimic and its successors in character animation [42, 59, 72], and has moved to real humanoids [25, 27, 31, 79, 88].
Two developments made it a foundation rather than a single skill. Large motion datasets of better quality, from AMASS
and LAFAN1 to BONES-SEED, together with robot retargets of them, now cover hours of diverse motion [7, 24, 44, 47].
And a single general tracker trained on such data can serve as the low-level policy of larger systems: its encoder–decoder
structure provides a motion interface for teleoperation, generation and downstream tasks [9, 41, 43].

Almost all of these trackers are trained with zeroth-order policy gradient methods, chiefly PPO [64], which need only
rewards from a black-box simulator and pay for it with enormous sample counts. Massively parallel GPU simulation
[21, 22, 48] made the samples cheap, yet a whole-body tracking policy still takes hours to days of GPU time, and this
cost bounds how far the approach can scale.

First-order policy learning differentiates the return through the dynamics, so every simulated step contributes an
update direction instead of a scalar reward [12, 15, 71, 82]. On contact-rich whole-body control this promise has rarely
held: gradients through stiff contact dynamics explode [50, 71]. SHAC [82], the standard first-order method, is no
exception. On whole-body tracking with the Unitree G1, every SHAC run hits exploding gradients and stops within
minutes (Section 4.1).

Policy learning through the derivatives of a learned dynamics model has a long history, from stochastic value
gradients and model-augmented actor-critic to Dreamer and to tracking controllers for physics-based characters

∗Project page: https://sailab.ai/nablamimic/. Code: https://github.com/OamIcs/NablaMimic (∇Mimic) and https://github.com/OamIcs/
NablaEngine (NablaEngine).
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Figure 1. ∇Mimic trains a high-quality tracking policy in minutes. (a) LAFAN1 (all 40 clips): normalized return against training wall
clock (linear) on one RTX PRO 6000, mean ± sd over 3 seeds. ∇Mimic reaches 0.82, the score of SuperMimic, in 8 min; SuperMimic
reports reaching it within 1.2 h on one H100 [40, §4.1]. PPO trained on the same engine stays below it after 6 h. (b) Simulation time
per 20 ms control step for 4096 worlds on the same GPU (log scale): forward step, with Isaac Lab on PhysX (its own G1 asset and
task defaults) and MJX (the same model), and gradient of one step; multiples relative to NablaEngine.

[10, 16, 23, 28, 38, 83]. SuperMimic [40] recently brought this approach to humanoid whole-body tracking at scale: it
differentiates through a learned world model instead of a simulator and trains a tracking policy far faster than PPO. We
read SuperMimic’s result differently: not as evidence for world models, but as evidence for derivatives. The gain comes
from using the dynamics’ derivatives at all; the world model is the price SuperMimic pays to make those derivatives
bounded and cheap. This raises the question of what that price buys, and whether it has to be paid. A world model
supplies surrogate gradients: smooth, bounded and cheap, but derivatives of a different system. A simulator supplies
exact gradients: derivatives of the simulated system itself, but with rare unbounded samples, because contact dynamics
is not differentiable everywhere and its derivative diverges near some events, and expensive, because the simulator’s
adjoint has to replay the contact solve (Section 4).

The question is therefore not whether exact gradients beat surrogate ones as they are, but what it takes to use them.
This paper removes both obstacles. ∇Mimic handles the samples: it bounds the rare extreme gradients per sample and
turns the rest into action targets whose step size is fixed in physical units, so that no single sample can take over an
update (Section 5). NablaEngine handles the cost: a differentiable GPU engine specialized to the G1, with the adjoint
of a whole control step as a single megakernel, whose exact gradient costs less than an extra forward step (Section 6).

On all 40 LAFAN1 clips, with one policy and one GPU, ∇Mimic reaches SuperMimic’s score of 0.82 in 8 minutes,
where SuperMimic reports 1.2 h, and levels off at about 0.91, with no seed falling on any clip from 31 minutes on
(Fig. 1). An open-source world-model tracker run in the same physics on the same GPU takes twice as long to reach
0.82 and ends at 0.882. PPO on the same engine stays below 0.82 for 6 h. The engine behind this simulates 18.8 h of
robot motion per second of wall clock (Fig. 1b). Motion tracking suits exact gradients, since its reward is dense and
points toward the reference almost everywhere; for sparse rewards, a longer gradient window trades reliance on the
critic against accumulated extreme gradients (Section 4.2).

Contributions.
1. A paired measurement of exact and world-model gradients along the same trajectories: the two agree on the bulk

of every batch and part ways only in its largest samples, where the exact derivative can be unbounded. This locates
the failure of prior first-order methods on whole-body control in single samples, not in the gradient as a whole.

2. ∇Mimic, a first-order policy learning method that is stable on exact contact gradients at the scale of thousands of
parallel environments, with each component ablated.

3. NablaEngine, an open-source differentiable simulation engine for the Unitree G1 whose analytic gradients match
float64 finite differences.

4. Humanoid motion tracking at the level of the world-model state of the art without a world model, on one GPU:
the LAFAN1 score of 0.82 in 8 minutes, where SuperMimic reports 1.2 h.

∇Mimic and NablaEngine are open source; the links are on the first page.
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2 Related work
Zeroth-order motion tracking. Physics-based motion imitation with RL was established by DeepMimic [59], and
universal trackers such as PHC [42] imitate thousands of clips from datasets such as AMASS [47] with one policy. On
real humanoids, H2O and OmniH2O [25, 26], ASAP [27], GMT [9] and others [79, 84] track retargeted human motion
on the Unitree G1. BeyondMimic [41] tracks agile LAFAN1 motions [24, 44] with one compact PPO formulation
and shared hyperparameters, and SONIC [43] scales PPO tracking to 700 h of motion capture and 21k GPU-hours
(128 GPUs for 7 days). These trackers use zeroth-order methods, chiefly PPO [64]. We use BeyondMimic’s PPO
configuration as our zeroth-order baseline.

First-order policy learning in differentiable simulators. Full-horizon BPTT through differentiable simulators
[12, 15, 30] suffers from chaotic, exploding gradients [50], and gradients through stiff contact can be biased or
high-variance [56, 70, 71]. PODS [51] regresses the policy onto gradient-improved actions. SHAC [82] introduced
short windows [78] with a TD(𝜆) critic; successors adapt the horizon (AHAC; 18), add maximum entropy (SAPO; 80),
combine analytic gradients with PPO (GI-PPO, RPO; 68, 92) or decouple rendering from the gradient (D.Va; 85). On
legged robots, policies transferred to hardware were trained with smoothed foot contact [6, 65], a simplified surrogate
for the backward pass [69], or an exact forward pass with a smoothed contact sensitivity in the backward pass [32].
DiffMimic [62] tracks single clips in Brax without a critic. BCG [3] combines SHAC and an ADD imitation reward [91]
on the smoothed-contact simulator of Schwarke et al. with contact-local randomized bundling, and trains G1 trackers for
four LAFAN1 clips with 64 environments. These works use 32–1024 environments; we use 4096 BPTT windows per
update on full contact dynamics.

Gradients through learned models. SVG, MAAC and Dreamer optimize policies through learned dynamics [10, 23, 28].
PWM [19] and Ma et al. [45] report that learned models can give smoother optimization landscapes than the true
dynamics, and Amigo et al. [4] roll out in the simulator and backpropagate through a learned model. For physics-based
characters, SuperTrack [16], ControlVAE [83] and Lei et al. [38] train tracking controllers through learned dynamics.
SuperMimic [40] trains one world model online with the policy and reports the state of the art on LAFAN1 and
BONES-SEED [7]. Their gradients are those of a learned surrogate; ours are of the simulator itself.

Differentiable and GPU simulators. GPU simulation [48, 55, 63, 86, 87] made samples cheap for zeroth-order
methods. Among differentiable engines, DiffTaichi and Warp generate adjoint kernels [30, 46], and dflex [81] and
Rewarped [80] use penalty contacts. Brax and MJX [15, 21] use JAX autodiff; MJX is forward mode only on our
model [53]. Nimble [77] differentiates LCP contact analytically, and Dojo, Simple and Ostrich [29, 35, 37] apply the
implicit function theorem at the contact solution. DiffMJX [58] studies gradients of MuJoCo’s soft contacts [74, 75].
Analytic rigid-body derivatives [8] and articulated-body adjoints [61] avoid generic autodiff. MuJoCo Warp [22] is
not differentiable in any release; an adjoint exists in an open pull request [14]. Newton [73] and Genesis [17] have
differentiable modes, which hold the contact normal fixed [54] or leave some collision operations without gradients,
respectively. Kernel fusion for RL simulation [20, 66] and the run-to-run non-determinism of GPU simulators [89]
have been studied before. NablaEngine gives exact, deterministic adjoints of MuJoCo’s dynamics for one robot at high
throughput.

Clipping and regression onto action targets. Norm clipping of BPTT gradients goes back to Pascanu et al. [57].
Per-sample clipping is standard in private SGD [1], with median-relative [5] and quantile thresholds [49]; clipping
helps under heavy-tailed noise and gradient-dependent smoothness [67, 90] but is biased in general [34]. We apply it to
the action cotangents inside BPTT, as a heuristic outside these guarantees. Regressing a policy onto improved actions
follows trajectory-optimization teachers [39, 52], MPO [2], AWR [60] and target-based surrogates [36, 76]. We keep
PODS’s target regression and add what whole-body contact at thousands of parallel environments requires: per-sample
median-relative clipping inside BPTT, without which our training diverges or stalls, and a step size fixed in radians by
the batch RMS of the clipped gradients (Sections 5.1 and 5.2).

3 Background
Task. Whole-body motion tracking on the Unitree G1 (29 actuated joints), mjlab model [87]. Control runs at 50 Hz
with 4 physics substeps of 5 ms. The policy observes a 10-frame history of noisy proprioception (joint positions and
velocities, base angular velocity, gravity direction, previous action), the next 10 reference frames, and the orientation of
the reference anchor body (torso) relative to the robot’s, which needs the IMU but no global position. The reward is
BeyondMimic’s tracking reward in SuperMimic’s setting [40, 41]: exponential kernels on the position, orientation and
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Table 1. Exact and surrogate gradients: bias, unbounded derivatives and cost.

Exact gradient (simulator) Surrogate gradient (world model)

Bias no model error: derivative of the simulated system derivative of a different, learned system
Unbounded derivatives near non-differentiable events none (a smooth network)
Cost per update high (simulator adjoint) low (one network pass)

velocities of 14 bodies and on the anchor pose, with action-rate and joint-limit penalties. An episode terminates when
the root height error exceeds 0.25 m or the tilt error exceeds 0.8. Appendix A gives the full definitions.

First-order policy learning. The return of a window of 𝐻 steps starting from state 𝑠0 is

𝐽 (𝜃) =
∑︁
𝑡<𝐻

𝛾𝑡 𝑟 (𝑠𝑡 , 𝑎𝑡 ) + 𝛾𝐻𝑉𝜙 (𝑠𝐻 ), 𝑎𝑡 = 𝜋𝜃 (𝑜𝑡 ), 𝑠𝑡+1 = 𝑓 (𝑠𝑡 , 𝑎𝑡 ). (1)

When 𝑓 is differentiable, ∇𝜃 𝐽 follows by backpropagation through time, a pathwise gradient. Unlike the likelihood-ratio
gradient of PPO, it uses the derivatives of 𝑓 , so its quality depends on them (Section 4).

4 Exact and surrogate gradients
A first-order method uses the derivatives of the dynamics, which a zeroth-order method ignores. It is therefore commonly
expected to extract more information from each sample, and to be the better choice whenever these derivatives are
available. The record says otherwise: methods that use the simulator’s own derivatives have failed on whole-body
control, while a method that uses the derivatives of a learned imitation of the simulator succeeded. This section explains
the paradox. The derivatives of contact-rich dynamics are unusable as they are, the systems that make them well behaved
describe something other than the target dynamics, and computing them costs time. We discuss these trade-offs and the
challenges they pose; the rest of the paper addresses them.

Two sources of gradient. To discuss these trade-offs we introduce two terms (a surrogate gradient here is the gradient
of a surrogate dynamics, not of a surrogate loss). We call a policy gradient exact when it contains the analytic derivatives
of the system the policy is trained and evaluated in: here, when the dynamics 𝑓 in Eq. (1) is the simulator itself. We call
it surrogate when 𝑓 is replaced by another, more tractable system, so that the gradient contains that system’s derivatives.
The surrogate can be a learned dynamics model 𝑓 , as in model-based policy optimization [10, 16, 23, 28, 40], or a
simplified differentiable simulator that softens contact, for example by penalty springs of limited stiffness in place of
rigid contact [15, 81, 82]. The two are the ends of an axis rather than a dichotomy: a simulator with softened contact lies
between them, and at the two geometric events where the derivative of the step does not exist, NablaEngine’s training
gradient holds the undefined term fixed; there is no exact value to depart from there, and everywhere else the two are bit
for bit the same (Section 6). Below we compare the two ends: the exact gradients of NablaEngine and the surrogate
gradients of a learned world model, the surrogate SuperMimic showed to work for humanoid tracking.

Neither exactness nor boundedness is what learning needs. What it needs is learning signal: the part of a gradient
that improves the return at the scale of one policy update. Two trade-offs decide how much of it each source delivers per
unit of compute (Table 1).

Unbounded exact, bounded surrogate. An exact gradient has no bias, but contact-rich dynamics is not differentiable
everywhere. Where contacts appear or vanish, actuators saturate or the solver’s active set changes, the derivative jumps
or is undefined. Near some of these events it is unbounded. Computed faithfully, it can be infinite. We measured this on
the G1 (Appendix B):

• when the feet nearly touch, the derivative of the self-contact normal grows as the inverse of their distance; on
training windows the gradient grew by up to 4.9 × 1021 through a window, and 32 rows were not finite;

• for nearly parallel capsules (crossed feet), one control step amplified the gradient by up to 3.6 × 108, and repeated
steps overflowed to non-finite values in 40 of 172 such states.

A surrogate gradient, in contrast, is bounded everywhere. For a world model that is a multilayer perceptron with weight
matrices𝑊1, . . . ,𝑊𝑛 and an activation with Lipschitz constant 𝑐 (SiLU, as in SuperMimic, has 𝑐 ≈ 1.1), the Jacobian of
one predicted step satisfies 


 𝜕 𝑓

𝜕 (𝑠, 𝑎)





2
≤ 𝐿 = 𝑐 𝑛−1

𝑛∏
𝑙=1
∥𝑊𝑙 ∥2 (2)
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at every state, and the action gradient of an 𝐻-step window is bounded by a constant that depends only on 𝐿, 𝐻 and the
reward. The bound can be loose and grows with 𝐻, but it is uniform: no state makes it infinite. A simulator’s step
Jacobian has no such bound. The surrogate gradient, however, describes a different system than the one being simulated,
so it is biased.

Same bulk, different tail. The two gradients agree on the bulk of the batch and part ways only at the extremes. Each on
its own rollouts, they have similar tails. With the policy of a SuperMimic reproduction, the same objective and 32-step
windows, the 99.9th percentile of the per-sample action-gradient norm is 25–37 times the median on both routes, and the
maximum a few hundred to about 1,350 times, with no consistent ordering between them. A paired comparison along
the same trajectory shows where the two differ. We ran the same policy in NablaEngine and, at every recorded state and
action, computed the action gradient once with the engine’s Jacobian and once with the world model’s Jacobian at that
state, everything else identical. The two agree closely on most samples (Spearman correlation of the norms 0.94–0.95,
median cosine 0.90–0.91, at two checkpoints) and almost perfectly on small gradients (cosine 0.96–0.98 for the smallest
10%). Agreement falls as the exact gradient grows: for the largest 0.1% of exact gradients, the world model’s gradient
has only 0.35–0.43 of the norm (median), a median cosine of 0.39–0.67, and in some samples points the opposite way.
The world model does not create large gradients of its own: where its gradient is largest, the exact one is large as well.

The difference is therefore one of tails, not of bias. Along the same trajectory the world model damps the exact tail
(99.9th percentile 16–21 against 24–31 times the median). And with exact derivatives the unbounded events reappear:
without NablaEngine’s rules for them, single samples reach 6.5 × 1024 times the median and some are not finite. Such
samples are rare, but one of them dominates a batch-mean gradient. A few samples carry huge or infinite values and no
learning signal; the rest of the batch is as good as the surrogate’s, and unbiased.

More exactness is not more signal. Making the derivative of force-saturated actuators exact changed about 20% of
per-state gradients but did not improve learning: −0.023 after 1 h (3 seeds, within two seed standard deviations), and no
difference together with the self-contact rule below or after 3 h. Training with the plain exact derivative everywhere,
without either of NablaEngine’s rules and with MuJoCo Warp’s actuator convention, gives the same result as the rules:
0.867 against 0.869 after 1.5 h, the same time to 0.82 and the same update rate (residual recipe, 3 seeds).

Bias versus cost. A world model is cheap to evaluate and to differentiate: one network pass, independent of contact
complexity. SuperMimic reports that its world model runs more than 10× faster than MuJoCo Warp at the batch sizes
used in practice and 62× faster at 64k parallel environments, and that its training needs over 1000× fewer GPU-hours
than SONIC’s cluster-scale PPO pipeline [40]. The simulators that robot learning commonly uses are slower still on
this robot. One control step of 4096 G1 worlds takes 5.8 ms in MuJoCo Warp, 12.9 ms in Isaac Lab with Newton and
27.5–54.1 ms with PhysX, 34.7 ms in MuJoCo C on a 16-thread CPU and 255 ms in MJX, all forward only (one RTX
PRO 6000; Table 5). Few of them provide a gradient of the full contact dynamics at all: PhysX does not, MuJoCo C
offers finite differences, MJX only forward-mode derivatives on this model, and MuJoCo Warp only through an open
pull request.

Per policy update, one SuperMimic iteration takes about 0.1 s on an H100 (estimated from its paper, Appendix E).
The same first-order recipe as ours on the MuJoCo Warp adjoint takes 1.63 s per update, 16×more. Even on NablaEngine
an update takes 0.37 s, still more than the world model. Exact gradients make up for it in the number of updates:
∇Mimic reaches 0.82 after 3.2k updates, about 1/13 of the roughly 41k iterations SuperMimic needs (estimated from
its paper; Appendix E gives the estimate and an alternative reading). This is how we read SuperMimic’s result. Per
update, training on exact gradients needs far fewer: 3.2k updates against about 41k. Counted in transitions, ∇Mimic
reaches 0.82 after 8.8 × 108 simulated transitions, while SuperMimic’s iterations of 4096 × 32 imagined steps amount
to 5.4 × 109, or 2.1 × 109 under the alternative reading: a factor of 2.5 to 6 fewer, each of ours simulated rather than
imagined. Per second, at the cost of the simulators available at the time, the surrogate made faster progress. The world
model won on price.

What exact gradients need. Both trade-offs point at the same two requirements, and at how to meet them differently
from a world model. A surrogate pays one bias, on every sample, to buy two things at once: bounded derivatives and a
cheap update. We buy them separately. Boundedness costs a bias confined to the norms of the samples that are cut, with
their directions and the rest of the batch left exact; this is the job of ∇Mimic (Section 5). Cheapness costs engineering,
not bias: the adjoint has to come down to where the higher learning signal per update pays off in wall clock; this is the
job of NablaEngine (Section 6). Applied to the world-model gradients of a public SuperMimic reproduction, ∇Mimic’s
components did not give a lasting gain: with per-sample clipping the return after 2.7 h was 0.80 against 0.79 without it,
and with clipping and action targets together training collapsed after 1.5 h (one seed each).
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Figure 2. Exploding gradients sit in single samples. Per-sample action-gradient norms of SHAC on exact gradients (one seed, raw,
before any clipping). (a) Distribution within one update batch of 131,072 samples, relative to the batch median: an ordinary update
and the update in which SHAC’s guard stops training, where one sample lies at 2.2 × 109 times the median. (b) Median, 99.9th
percentile and maximum per update: the bulk stays flat, only the maximum explodes.

4.1 Prior first-order methods explode
SHAC [82] uses exact gradients the way surrogate-gradient methods use theirs: one global gradient-norm clip and a
guard that stops training when the norm exceeds 106. On whole-body G1 tracking at our scale, every SHAC run hits
exploding gradients and trips this guard: all 3 seeds on NablaEngine within 0.06 h (746–1568 updates), at a return of
0.37 ± 0.09, and on MuJoCo Warp within 0.36 h. The explosion comes from a single sample, not from the batch, and
this is why a global norm clip cannot save it: one sample at 109 times the median either trips the guard or, if clipped
globally, scales every other sample’s gradient to nothing. Up to the halt, the median, 99th and 99.9th percentiles of
the per-sample action gradient norms stay flat; in the halting update the largest per-sample gradient is 2.2 × 109 to
1.8 × 1010 times the median in each of three instrumented runs, and this one sample trips the guard. When it appears is
random: the instrumented runs halted after 326 to 8361 updates. Figure 2 shows this for one seed.

4.2 When first-order methods fit
Dense rewards. Exact gradients are most useful when the reward is dense and smooth in the state. Motion tracking is
such a task: the reward at every step is a sum of exponential kernels of tracking errors, so its gradient points toward the
reference everywhere except at contact events, and those are what per-sample clipping handles.

Horizon trade-off. With sparse rewards and long-range dependencies the picture changes, and the window length 𝐻
sets a second trade-off. A long window lets the gradient reach a distant reward and relies less on the critic 𝑉𝜙, whose
estimate is biased. But the tail of the gradient grows with every step it is backpropagated through (Fig. 3): over 32
steps the 99.9th percentile grows several-fold and, for SHAC’s raw gradients, the maximum by eight to nine orders of
magnitude. With the same policy, exact and world-model gradients grow alike, so the accumulation is a property of long
chains of Jacobians, not of contact alone. A world model does not escape this trade-off; it only starts from a lighter tail.

A short window keeps the gradient clean but leaves more to the critic. Section 5.4 measures this trade-off for
tracking. For tasks whose reward lies seconds away, whether differentiability can be exploited depends on this trade-off,
and first-order methods may not pay off.

5 ∇Mimic
We design ∇Mimic to learn from exact gradients as they are, with their rare extreme samples and a scale that varies by
orders of magnitude (Section 4). It is a windowed first-order actor-critic built around two components: per-sample
clipping and multistep regression onto gradient-derived action targets. The two are a pair. The action targets fix the size
of every update in radians, and clipping keeps any single sample from spending that budget alone: without clipping, one
extreme sample moves its target by about 15 rad and every other sample’s by almost nothing; with it, no sample moves
more than 0.13 rad (Section 5.3). Each update simulates a batch of BPTT training windows of 𝐻 steps on NablaEngine,
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Figure 3. The tail of the per-sample action gradient grows with the number of steps it is backpropagated through, while its median
stays flat: (a) 99.9th percentile and (b) maximum, each relative to the median. SHAC: raw exact gradients, 3 seeds, all recorded
updates. Same policy: a SuperMimic reproduction’s policy, the same objective and 32-step windows, exact (NablaEngine) and
world-model gradients, no clipping.

backpropagates the window return (Eq. (1)) through the analytic adjoint, and updates the actor from the resulting action
gradients. Algorithm 1 summarizes one update. Each component has its own subsection and ablation (Fig. 4, Table 2).

Inherited components. We keep the data path of SHAC and SuperMimic [40, 82] unchanged, so that our comparison
isolates the source and handling of the gradient: window start states come from a replay of states visited by a separate
data collector that runs the current policy, the collector’s resets are sampled by return-based bins after BeyondMimic
[41], and a critic 𝑉𝜙 fit with TD(𝜆) bootstraps the window return. Exact gradients make the replay unnecessary: simply
continuing each window from where the previous one ended raises the return by about 0.02 in both recipes (Table 2).
We keep the replay in this paper so that the comparison with SHAC and SuperMimic isolates the gradient; the simpler
data path is also the better one.

Policy averaging. The policy we evaluate and deploy is an exponential moving average of the actor’s weights; training
uses the live actor. Its decay grows with the number of averaging steps 𝑛,

𝛽𝑛 = min
(
0.999,

1 + 𝑛
10 + 𝑛

)
, (3)

so early in training the average follows the fast-moving actor closely, and later it averages over about a thousand updates.

Fall handling. A fall ends the episode and bootstraps nothing, so the window return loses the rest of the episode; the
environment then resets and the rest of the window, a new episode, still counts toward 𝐽, with no gradient through the
reset. SuperMimic’s survival weight instead drops everything after the first episode end in a window [40]. The critic is
fit on the state each transition starts from, and a smooth termination penalty starts before the termination thresholds (ℎ
on the height error, 𝜃max on the tilt), so the gradient sees an approaching fall:

𝑟pen = −𝑊 Δ𝑡

[(
relu(𝑑𝑧 − 𝑑𝑧,0)

ℎ − 𝑑𝑧,0

)2
+
(

relu(𝑑𝜃 − 𝑑𝜃,0)
𝜃max − 𝑑𝜃,0

)2
]

(4)

with 𝑊 = 2, 𝑑𝑧,0 = 0.08, 𝑑𝜃,0 = 0.10. Fall handling is not what separates ∇Mimic from the baselines: in the earlier
recipe with SuperMimic’s masking, removing all of it, the penalty included, changed the return by less than 0.01 at
matched wall clock (3 seeds, both action parameterizations).

Effect of averaging and unmasked windows. Together, policy averaging and continuing the window after a reset
halve the time to SuperMimic’s score of 0.82, from 0.34 h to 0.15 h, and raise the return at 3 h from 0.875 to 0.913 (3
seeds each, both with a 500-update learning-rate warmup). Without averaging, removing the mask alone gives +0.007
at 1.5 h and at 3 h. The component ablations of this section use the earlier recipe (masked, no averaging).
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Algorithm 1: One ∇Mimic update.
Input: actor 𝜋𝜃 , critic 𝑉𝜙 , FIFO replay D, collector environments, window length 𝐻, clip factor 𝜅, step size 𝛿,

regression steps 𝑀 (values in Table 10)
// Data collection (forward only)

1 Step the collector with 𝜋𝜃 and action noise; sample collector resets by return-based bins; push visited states toD
// BPTT training windows on NablaEngine

2 Sample a batch of window start states 𝑠0 from D
3 for 𝑡 = 0, . . . , 𝐻 − 1 do
4 𝑎𝑡 ← 𝜋𝜃 (𝑜𝑡 ) with action noise
5 𝑠𝑡+1 ← 𝑓 (𝑠𝑡 , 𝑎𝑡 ) (forward pass with tape)
6 𝑟𝑡 ← 𝑟 (𝑠𝑡 , 𝑎𝑡 ) + 𝑟pen (Eq. (4)); after an episode end, reset the environment and continue the window from

the reset state
7 𝐽 ← ∑

𝑡<𝐻 𝛾
𝑡𝑟𝑡 + 𝛾𝐻𝑉𝜙 (𝑠𝐻 ) (Eq. (1))

// Backward pass with in-backward clipping
8 for 𝑡 = 𝐻 − 1, . . . , 0 do
9 Propagate the cotangent through step 𝑡 with the analytic adjoint

10 Clip each sample’s action cotangent to 𝜅 times the batch median norm (Eq. (5)) before it propagates further
11 Clip the window’s action gradients 𝑔𝑡 = 𝜕𝐽/𝜕𝑎𝑡 again with Eq. (5)
// Gradient-derived action targets

12 𝑦𝑡 ← 𝑎𝑡 + 𝛿 𝑔𝑡/RMS(𝑔) (Eq. (6))
13 for 𝑚 = 1, . . . , 𝑀 do
14 Sample a minibatch of pairs (𝑜𝑡 , 𝑦𝑡 ); take one step of the separate Adam on ∥𝜋𝜃 (𝑜𝑡 ) − 𝑦𝑡 ∥2

15 Update the averaged policy 𝜃 ← 𝛽𝑛𝜃 + (1 − 𝛽𝑛) 𝜃 (Eq. (3))
// Critic

16 Fit 𝑉𝜙 with TD(𝜆) on pre-transition states

5.1 Per-sample median-relative clipping
The extreme exact gradients of Section 4 live in individual samples: a few environments near contact events carry
action cotangents orders of magnitude above the rest and dominate a batch-mean gradient. A global norm clip, as in
SHAC, rescales the whole batch and destroys the learning signal of every other sample. ∇Mimic instead clips the action
cotangent of each sample, the gradient of the window return with respect to the action 𝑎𝑡 of one environment at one
step, to 𝜅 times the batch median norm. This happens at every step of the backward pass, before the cotangent flows
into the policy and from there into earlier states, and again on the window’s action gradients; the cotangent that flows
directly through the dynamics from one state to the previous one is left to the engine’s rules for unbounded derivatives
(Section 6):

𝑔𝑖 ← 𝑔𝑖 ·min
(
1,
𝜅 ·median 𝑗 ∥𝑔 𝑗 ∥

∥𝑔𝑖 ∥

)
, 𝜅 = 3. (5)

The median is the reference because it is the one statistic the explosion never moves: in Fig. 2b the median and the 99.9th
percentile stay flat through the update that halts SHAC, and only the maximum leaves. A median-relative threshold
therefore follows the gradient scale over training, needs no absolute value to tune, and never cuts the backward chain.
With 𝜅 = 3, clipping rescales 9–21% of the (step, environment) pairs per update; it preserves their direction and changes
only their norm. The samples that matter are far fewer: those at 104 to 106 times the median, the tail of Fig. 2a, one of
which is enough to take over a batch-mean update. The tail does not go away as training proceeds: in an instrumented
∇Mimic run, the largest per-sample action gradient is typically 104 to 105 times the batch median at every stage, and up
to 1.9 × 106 times; over about 92,000 updates (3 seeds) no gradient was non-finite. Clipping is not free: the gradients of
the clipped samples are biased. It trades this bias for stability.

Without clipping, one of three seeds diverges after 0.54 h and the other two reach 0.562, against 0.855 for the control
(Fig. 4a). Clipping is what makes exact gradients usable at all. Its threshold matters much less: with 𝜅 = 1, 10 or 30
every seed trains and ends 0.015 to 0.02 below 𝜅 = 3 after 1.5 h; without clipping all three seeds diverge (residual recipe,
3 seeds each; Table 11). Where it acts matters for speed: clipping only the window’s action gradients, not the cotangents
inside the backward pass, gives the same return after 1.5 h (0.868 against 0.869) but reaches 0.82 about 11 minutes later
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Figure 4. One panel per component of ∇Mimic: the control (blue) against the recipe with that component changed (gray), LAFAN1,
mean ± sd over 3 seeds. (a) Per-sample clipping: without it one seed diverges and the others stay far below. (b) Multistep regression:
one Adam step per window learns more slowly. (c) Window length: 𝐻 = 32 plateaus lower. (d) Residual actions learn faster and
plateau higher than absolute actions.

Table 2. Component ablations on LAFAN1: one change to the recipe at a time, 3 seeds each, against a 3-seed control at matched wall
clock (about 1.6 h on one RTX PRO 6000, where the control is still rising and differences are largest; Appendix I gives the full
curves). Change in normalized return for the absolute-action recipe (control 0.855), on which the ablations were first run (Fig. 4), and
for the residual-action recipe of ∇Mimic (control 0.867). Full tables in Appendix I.

Change Absolute actions Residual actions (∇Mimic)

No per-sample clipping −0.293 (1 of 3 seeds diverged) all 3 seeds diverged
No multistep regression (one Adam step per window) −0.049 −0.044
𝐻 = 32 instead of 64 −0.036 −0.042a

Residual instead of absolute actions (a parameterization) +0.009 —
No replay starts (continued windows) +0.019 +0.018

a Mean of 3 seeds; a fourth seed collapsed and is listed separately in Table 16.

in every seed.

5.2 Multistep regression with gradient-derived action targets
Every exact gradient is expensive: it costs a simulated window and its adjoint. A world-model method can afford to use
each imagined window for one gradient step and discard it; we want to extract as much as possible from each simulated
window. Taking several gradient steps on the same window, however, would move the policy beyond the region in which
that gradient describes the return, and the gradient’s scale, which varies by orders of magnitude over training and across
the batch, would set the step size. We therefore adopt policy optimization by differentiable simulation (PODS) [51]: the
gradient defines targets in action space, and the policy is fit to them by several steps of regression. ∇Mimic turns the
clipped action gradient 𝑔𝑡 of each window step into a target action

𝑦𝑡 = 𝑎𝑡 + 𝛿 ·
𝑔𝑡

RMS(𝑔) , (6)

so that the RMS setpoint change over the batch is 𝛿, in radians and decaying with the learning-rate schedule, and
regresses the policy onto the targets with 𝑀 minibatch steps under a separate Adam optimizer [33] (settings in Table 10).
The multistep regression reuses each simulated window several times, while the regression stops pulling once the policy
reaches 𝑦: the bounded targets regularize each update in physical units, without line search or KL term (Section 5.3).
With one regression step and a matched learning rate the update reduces to a direct gradient step [51, Eq. 10; 85,
Thm. 1]; the difference lies in the multistep regression, the physical step size and the separate optimizer state.

Replacing the multistep regression by one Adam step per window on the raw gradient lowers the return to 0.806
(−0.049) and slows learning throughout (Fig. 4b).
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5.3 Clipping and multistep regression together: bounded targets
The two components bound the update in complementary ways. Let 𝑔𝑖 be the clipped action gradient of sample 𝑖 (one
step of one window, 𝑑 = 29 joints), 𝑚 the batch median of ∥𝑔𝑖 ∥ and 𝑁 the number of samples. The target of sample 𝑖
moves its setpoints by 𝛿 𝑔𝑖/RMS(𝑔) (Eq. (6)), where the RMS runs over all samples and joints, so the per-joint RMS
change of sample 𝑖 is

𝛿 ∥𝑔𝑖 ∥√
𝑑 RMS(𝑔)

. (7)

With clipping, ∥𝑔𝑖 ∥ ≤ 𝜅𝑚, and at least half of the samples have ∥𝑔𝑖 ∥ ≥ 𝑚, so RMS(𝑔) ≥ 𝑚/
√

2𝑑. Every sample’s
per-joint RMS change is then at most

√
2 𝜅 𝛿 (0.13 rad with our settings), whatever the scale of the gradients: each

sample’s target stays within a bounded distance of its current action. The bound holds for the targets the policy is
regressed onto, and the regression inherits it as a regularizer. In practice the policy moves far less: after the regression
steps of an update, the typical environment’s setpoints change by 0.002 to 0.01 rad (per-joint RMS), and the largest
change in any environment over a whole training run is 0.11 rad. Without clipping, a single sample with norm 𝐺 far
above the others gives RMS(𝑔) ≈ 𝐺/

√
𝑁𝑑; that sample’s target moves by about 𝛿

√
𝑁 (about 15 rad for our batch size),

and the targets of all other samples barely move. The step-size budget of the whole batch goes to one sample, and the
learning signal of the rest is lost. The multistep regression fixes the size of the step; clipping keeps any single sample
from taking it over.

5.4 Window length
The window length sets the horizon trade-off of Section 4.2: longer windows rely less on the critic, shorter ones
accumulate fewer extreme gradients (Fig. 3) and cost less per update. Halving the window to 𝐻 = 32 lowers the return
to 0.818 (−0.036) at matched wall clock and by 0.043 at matched updates (3 seeds; Fig. 4c). The sweep on the residual
recipe shows both ends of the trade-off (return after 1.5 h, 3 seeds each; Table 11). Short windows fail through the critic:
at 𝐻 = 16 every seed diverges within minutes, the critic’s value running away, and at 𝐻 = 32 one of four seeds collapses
the same way while the others reach 0.815–0.841. Long windows are stable but slow: 𝐻 = 128 doubles the backward
pass of each update, completes half as many updates and reaches 0.839. 𝐻 = 64 (0.869, no collapse in any run) lies
between the two.

5.5 Residual actions
The policy outputs an offset to the reference joint pose; the PD setpoint is reference plus offset. An untrained policy then
already follows the reference pose, so learning refines a correction instead of reproducing the motion from scratch. The
action-rate penalty is applied to the commanded setpoints, so the reward, and hence the task, is identical to predicting
absolute setpoints; only the parameterization changes. Residual actions learn faster (Fig. 4d) and plateau higher: in the
earlier recipe (masked, no averaging), they reach 0.82 in 0.34 h instead of 0.50 h with absolute actions, and 0.874 in
1.8 h instead of 0.864 at 3 h.

6 NablaEngine
NablaEngine is a differentiable simulation engine for the Unitree G1 that makes exact gradients cheap. It computes the
dynamics of MuJoCo [75] for this robot, including the full contact model with all 502 contact pairs and the Newton
constraint solver, and their analytic derivatives. It is specialized to one robot by design: fixing the kinematic tree, the
contact pairs and the actuator layout at compile time is what lets one warp hold a world’s step in registers and shared
memory, and what makes the adjoint cheaper than another forward step. Its design rests on three ideas.

One world per warp, a megakernel for the adjoint. NablaEngine specializes the step to one robot and maps each
world to one warp. Within a kernel, the world’s state stays in shared memory and registers. The forward step runs as
two fused kernels per substep, 8 physics kernels per 20 ms control step. The adjoint of a whole control step is a single
megakernel: one warp per world reads the tape and runs the derivatives of all four substeps in reverse without leaving
the kernel. (The forward step is split into two kernels per substep for occupancy; Appendix B.)

A hand-derived adjoint. The backward pass is derived by hand for every stage: kinematics, collision, the constraint
solve and integration. The constraint solve is differentiated through its optimality conditions, not through the solver’s
iterations, with the discrete decisions (contact set, active constraints, actuator clamps) held fixed. The forward pass
writes a compact tape, and the adjoint replays it in reverse. The result is the derivative of the discrete step: it matches
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Table 3. Time per 20 ms control step for 4096 G1 worlds, ms (median over three processes).

RTX PRO 6000 H100 RTX 3090 V100

Forward step
NablaEngine 1.21 1.70 3.28 5.79
MuJoCo Warp 5.84 8.65 12.5 18.4

Step and its gradient
NablaEngine 1.78 2.73 5.26 10.6
MuJoCo Warp with adjoint pull request 20.5 25.0 43.0 63.2

float64 finite differences of MuJoCo to 10−5 in median relative error, and the forward step matches float64 MuJoCo to
8.5 × 10−7 (Appendix C); the forward pass is bitwise deterministic.

Bounded where the derivative is not. Near two non-differentiable events of the G1’s geometry the exact derivative
is unbounded (Section 4): self-contact at vanishing distance and nearly parallel capsules. For training, NablaEngine
freezes the corresponding geometric derivatives below a small threshold (1 mm, about 2◦), and on force-saturated
actuators it keeps the actuator damping term, which the exact derivative drops; making the latter exact does not improve
learning (Section 4). Away from these events the training gradient equals the exact gradient bit for bit. These rules
are part of the method, not an approximation of it: they define the gradient where the exact derivative is undefined or
infinite and leave it untouched elsewhere. Appendix B gives the details.

Speed. Table 3 compares NablaEngine with MuJoCo Warp [22], the GPU implementation of the same dynamics. A
forward step is 4.8× faster on an RTX PRO 6000; a step with its gradient is 11.5× faster than the open pull request that
adds an adjoint to MuJoCo Warp [14], the only adjoint of MuJoCo’s full contact dynamics on a GPU; MJX differentiates
this model in forward mode only, and the other engines of Table 5 provide no gradient of it. On NablaEngine the
gradient costs less than another forward step: a step with its gradient takes 1.78 ms against 1.21 ms for the step alone, so
the entire adjoint, contact solve included, adds 0.57 ms. One RTX PRO 6000 simulates 3.39 M control steps per second,
about 18.8 h of robot motion per second of wall clock. Other engines and GPUs are in Appendix B.

7 Experiments
Component ablations sit next to each component in Section 5; this section reports the main comparison against the other
gradient sources and separates the engine’s contribution from the algorithm’s.

7.1 Setup
We train one policy on all 40 LAFAN1 clips [24] retargeted to the G1 [44] (264,705 frames, 2.45 h of motion). Each
clip is evaluated once from its first frame on MuJoCo Warp with a deterministic actor and no randomization or noise.
The score is the full-clip normalized return as defined by Liao et al. [40, §4]: the tracking reward minus the action-rate
and joint-limit penalties, summed over the whole clip and divided by its maximum, so that a fall forfeits the rest of the
clip; it is averaged over the 40 clips (Appendix G). Evaluation runs on MuJoCo Warp rather than on the training engine,
so every score is also a transfer of the policy to the reference implementation of the same dynamics. Wall clock counts
training only, without start-up compilation or evaluation. Each run uses one RTX PRO 6000 unless stated, and each
configuration three seeds (mean ± sd). Seeds that diverge or collapse are reported separately and not averaged. A seed
sets the network initialization and all random draws (action and observation noise, resets and randomization); the engine
itself is deterministic.

The baselines cover the alternatives to our gradient source. SuperMimic [40], the surrogate-gradient state of the art,
enters with the numbers its paper states (one H100), since its implementation is not public; the reproduction we use
for the gradient analysis of Section 4 is described in Appendix E and is not a baseline. PPO [64] on NablaEngine is
the zeroth-order reference, once in BeyondMimic’s configuration [41] and once with SuperMimic’s actor and reset
sampling. SHAC [82] is the first-order reference (Section 4.1). InstantTrack [11], an open-source implementation of
SuperMimic’s method (a learned world model and backpropagation through it) with policy averaging, residual actions
and an optimized GPU training loop, is a much stronger reproduction of SuperMimic than our own (Appendix E), and
the strongest public one we know of. It is therefore the surrogate-gradient baseline we run: we train it with its own
code and evaluate it with its own evaluator, whose reward, termination and normalization match ours, in our physics
(self-collision on, 10 solver iterations) on the same GPU, 3 seeds.

11



Table 4. LAFAN1, all 40 clips: normalized return at equal training wall clock, time to SuperMimic’s score of 0.82 (first crossing of
the mean curve), and clips with a fall at the end of training. Ours: one RTX PRO 6000 per run, mean ± sd over 3 seeds unless noted.
All runs except SuperMimic and InstantTrack (MuJoCo Warp) train on NablaEngine.

Method 0.5 h 1 h 2 h 3 h To 0.82 Falls (/40)

∇Mimic 0.866± 0.006 0.885± 0.011 0.899± 0.016 0.910± 0.004 0.13 h 0.0
InstantTrack, our physicsd 0.848± 0.014 0.869± 0.006 0.877± 0.001 0.882± 0.007 0.30 h 0.0
∇Mimic, earlier recipee 0.824± 0.008 0.854± 0.005 0.872± 0.001 0.875± 0.001 0.34 h 0.0
∇Mimic, absolute actionse 0.821± 0.007 0.844± 0.004 0.861± 0.001 0.864± 0.001 0.50 h 0.0
PPO, BeyondMimic configurationa 0.465 0.529 0.641 0.638 not reached 8
PPO, SuperMimic actor and resetsa 0.428 0.489 0.586 0.658 not reached 3
SHAC (changed guards) 0.724± 0.019 0.790± 0.019 0.807± 0.008 0.816± 0.005 2.6 h per seedc 2.0
SHAC (published guard) stopped at 0.06 h by its gradient guard (return 0.373± 0.093) not reached 23.0
SuperMimic (stated)b n/s n/s n/s n/s within 1.2 h n/s
a One seed, 6 h budget; falls at 6 h. b One H100, as stated in Liao et al. [40, §4.1]; n/s: not stated. c Per-seed crossings 2.4–3.1 h; the mean curve
reaches 0.816 at 3 h. d Its own code and evaluator; trained in our physics on the same GPU. e Masked windows, no policy averaging (Section 5).

7.2 Main result: minutes instead of hours
∇Mimic reaches SuperMimic’s LAFAN1 score of 0.82 in 8 min on one GPU (per seed 0.12 ± 0.01 h; Fig. 1a).
SuperMimic’s implementation is not public, so the comparison is with the number its paper states: 0.82 within 1.2 h on
one H100 [40, §4.1]. On the same GPU type, the absolute-action version of ∇Mimic, in the earlier recipe, reaches 0.82
in 0.41 h (Appendix I). Our wall clock counts training only. InstantTrack, run in the same physics on the same GPU,
reaches 0.82 in 0.30 h, well within SuperMimic’s stated time. Its optimized training loop completes 20,700 iterations
per hour, 2.2× as many as ∇Mimic’s updates; per policy update the gap is larger. One ∇Mimic update builds the action
targets of one 64-step exact-gradient window and regresses onto them in 8 minibatch steps; one InstantTrack iteration
takes one Adam step on the gradient of a 32-step window through its world model, after 500 iterations that train only the
world model. ∇Mimic reaches 0.82 after 1,250 updates and InstantTrack after 5,000 policy steps; 0.866 after 4,250
against 15,500.

Training does not stop there. The return levels off at about 0.91: 0.910 at 3 h, against InstantTrack’s 0.882 and
SuperMimic’s best reported 0.866. No seed falls on any clip from 31 min on, and the three seeds agree to a standard
deviation of 0.004 at 3 h. Runs of 6 h (with a 500-update warmup, Table 11) confirm the plateau: the 3-seed mean stays
between 0.905 and 0.907 in every hour from 2 to 6 h. No run diverged; the collapses in Table 2 occur only in variants
that remove clipping or change the window. The policies of the earlier recipe hold up beyond the nominal protocol:
under the training-time randomization and observation noise, external pushes and random start frames, ∇Mimic keeps
the highest return in every condition and the highest success rate in all but whole-clip pushes of 1 m/s (Appendix H),
and its seed mean is above that of SHAC with changed guards on every one of the 40 clips.

The other gradient sources on the same engine are far behind. PPO with BeyondMimic’s configuration reaches
0.64 after 3 h and 0.70 after 6 h, even though NablaEngine makes each PPO iteration 2.9× faster than stock MuJoCo
Warp (0.123 vs 0.355 s): cheaper samples do not close the gap, the gradient does. In transitions, ∇Mimic reaches
0.82 after 3.1 × 108; PPO consumes 1.7 × 1010 in 6 h without reaching it. This matches the independent PPO result in
SuperMimic’s paper: PPO-Sim reaches 0.60, 0.70 and 0.72 after 18 h on 1, 4 and 8 H100s. SHAC stops on its gradient
guard at 0.06 h; with the guard relaxed so that exploding updates are clipped instead of halting training, it keeps learning
and crosses 0.82 after 2.4 to 3.1 h per seed (mean curve 0.816 at 3 h), 18 to 24× later than ∇Mimic on the same engine.
Table 4 gives the numbers; all curves and the cost to reach 0.82 are in Appendix I.

Is it the gradient or the recipe? The recipe does not explain the gain by itself. Applied to the world-model gradients
of the SuperMimic reproduction, per-sample clipping leaves the return after 2.7 h at 0.80 against 0.79 without it, and
clipping with multistep regression together collapses after 1.5 h (Section 4). Applied to exact gradients, the same
components turn a method that halts within minutes into one that reaches 0.82 in 8 minutes. The components are what
make exact gradients usable; the gradient is what they make usable.

7.3 Same algorithm, two simulators
Is the speed-up the engine’s or the algorithm’s? Training the absolute-action version of ∇Mimic on the MuJoCo Warp
adjoint, with NablaEngine’s rules for unbounded derivatives ported to it, answers this: per update the two curves overlap
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Figure 5. The engine changes speed, not learning. ∇Mimic (absolute actions) on NablaEngine and on the MuJoCo Warp adjoint
with the engine’s gradient semantics, 3 seeds each (mean ± sd) on the same GPU, LAFAN1. (a) Per policy update the curves overlap.
(b) Per hour of training, NablaEngine is faster.

(Fig. 5a; at matched updates the 3-seed means differ by at most about 0.02, in either direction); per hour NablaEngine is
4.7× ahead (2.02 h vs 0.43 h to 4k updates; 4.4× per update, 1.63 vs 0.37 s). The engine changes speed, not learning.

8 Limitations and future work
One robot, the Unitree G1, on flat ground is the scope of this version; the kernel design, one world per warp with a
hand-derived adjoint of the whole control step, carries to other robots with their own compile-time specialization, and
uneven terrain needs height fields and further collision types. Our results are on LAFAN1 in simulation: we have not
yet trained on larger motion libraries or deployed the policies on hardware. The gradient holds the discrete decisions of
the contact solve fixed, so it is the exact derivative of the step almost everywhere rather than a smoothed gradient across
contact changes. Per-sample clipping rescales the norms of 9–21% of the samples per update, preserving their direction.
SuperMimic enters with its stated numbers, and the H100 run of Appendix I puts the two on the same GPU type; speed
comparisons between simulators are made within one GPU type. Extending NablaEngine to more robots and terrains,
scaling ∇Mimic to large motion libraries and transferring the policies to real robots are the natural next steps.

9 Conclusion
First-order policy learning has long promised far more informative updates than zeroth-order methods, but on contact-rich
whole-body control two things held it back: rare unbounded samples in the gradient, and the cost of computing it.
NablaEngine removes the second for the Unitree G1: it computes the full MuJoCo dynamics of the robot, all 502
contact pairs included, with analytic gradients that match float64 finite differences, and its adjoint costs less than another
forward step. ∇Mimic removes the first: per-sample median-relative clipping bounds the rare extreme samples, and
multistep regression onto gradient-derived action targets reuses each costly sample with action targets whose size does
not depend on their scale. Together they train a single policy that tracks all 40 LAFAN1 clips and reaches the score of
the world-model state of the art in 8 minutes on one GPU.

Cutting the cost of a tracking policy from hours to minutes makes training on far larger and more diverse motion
corpora practical, and can thereby accelerate the scaling of humanoid foundation models.
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A Task details
Data. The 40 LAFAN1 clips [24] are the Unitree G1 retarget of the LAFAN1 Retargeting Dataset [44] (its g1/ folder),
used without modification. At load time the 30 FPS clips are resampled to the 50 Hz control rate (linear interpolation for
root position and joint angles, spherical linear interpolation for the root orientation), and body poses and velocities are
computed by forward kinematics on the robot model.

Reward. The reward follows BeyondMimic [41] with the weights and widths of SuperMimic [40, Table A.2]. Tracking
terms have the form 𝑤 exp(−𝑒/𝜎2), with 𝑒 the squared error (orientation: squared rotation angle), averaged over the
bodies for the body terms. The body terms are evaluated over 14 bodies, with the reference re-anchored to the robot’s
torso in horizontal position and yaw; the anchor terms use the torso itself.

Term 𝜎 𝑤

Body position 0.3 1.0
Body orientation 0.4 1.0
Body linear velocity 1.0 1.0
Body angular velocity 3.14 1.0
Anchor position 0.3 0.5
Anchor orientation 0.4 0.5
Action rate (penalty) – −0.1
Joint limits (penalty) – −2.0
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Every term is multiplied by the control period Δ𝑡 = 0.02 s, so the per-step tracking reward is at most 0.1. During training
only, ∇Mimic adds the termination penalty of Table 10; evaluation uses the reward above.

Observations. The actor sees a history of the last 10 proprioception vectors (93 dimensions each): 29 joint positions
relative to the default pose, 29 joint velocities, base angular velocity, gravity direction in the base frame and the previous
action. Uniform noise of SuperMimic’s Table A.1 is added during training. The goal consists of the next 10 reference
frames, each with 68 features expressed in the reference’s own frame (joint positions and velocities, gravity direction,
root angular velocity, root linear velocity in the heading frame, root height), plus the reference anchor’s orientation
relative to the robot’s anchor (6 dimensions, two rotation-matrix columns), as in BeyondMimic’s variant without state
estimation. The critic is privileged: it sees noise-free proprioception, the goal, root errors and the randomization
parameters.

Domain randomization. Per episode, following SuperMimic’s Table A.3: foot frictionU[0.3, 1.2], joint encoder bias
U[−0.01, 0.01] rad and a torso center-of-mass offset. None is applied at evaluation.

B Engine details
Model. NablaEngine simulates the mjlab Unitree G1 model [87]: a free base and 29 actuated hinge joints, 31 bodies,
and 502 contact pairs among capsules, spheres and the floor, self-collision included. The dynamics follow MuJoCo [75]:

• recursive Newton–Euler and composite rigid-body algorithms;

• MuJoCo’s soft-constraint contact model (solref/solimp) with pyramidal friction cones;

• joint limits, dof friction loss and actuator force limits;

• Newton’s method with exact line search, 10 iterations, tolerance 10−8;

• the implicitfast integrator, 4 substeps of 5 ms per 20 ms control step, with the control held;

• PD position actuators.
Per-world foot friction and torso center-of-mass offsets support domain randomization.

Kernel structure. One world maps to one thread block of 32 threads (one warp). Within each kernel the world’s
state stays in shared memory and registers (6.9 kB and 8.2 kB per world for the two forward kernels), and the model’s
constants sit in GPU constant memory. Each substep runs two forward kernels:

• the first computes kinematics, the bias and mass terms, actuator forces, collision and the constraint rows;

• the second runs the Newton solve and the integration.
A control step is therefore 8 physics kernels for all worlds; the handoff between the two kernels (mass matrix, forces,
constraint rows and contact Jacobians, about 33 kB per world) and the state between substeps pass through global
memory. Up to 11–12 worlds are resident per SM on the RTX PRO 6000 and the H100. The whole control step can also
run as one kernel, but it needs the full per-world state (31.9 kB) in shared memory, fits fewer worlds per SM, and is
slower (forward with tape, 4096 worlds, kernel time: 2.76 vs 1.23 ms on the RTX PRO 6000, 4.37 vs 1.76 ms on the
H100, 6.79 vs 3.13 ms on the RTX 3090, 10.88 vs 5.98 ms on the V100). The adjoint of a control step is one kernel:
one warp per world reads the tape and runs the derivatives of all four substeps in reverse, with the per-world adjoint state
in shared memory.

Tape and adjoint. For the gradient, the forward pass also writes a tape of 1,472 float32 values per world and substep:
23.6 kB per world and control step, or 96.5 MB at 4096 worlds. The adjoint replays the contact set, constraint rows and
solver state from it and runs every stage in reverse:

• integration;

• the constraint solve, differentiated through its optimality conditions with the discrete decisions (contact set, active
constraints, actuator clamps) held fixed;

• collision;

• kinematics and dynamics.
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Constraint-solve adjoint. Per substep, with state (𝑞, 𝑣) and control 𝑢, let 𝑀 (𝑞) be the mass matrix, 𝑐(𝑞, 𝑣) the bias
force, 𝜏(𝑞, 𝑣, 𝑢) the actuator force and 𝑎0 = 𝑀−1 (𝜏 − 𝑐) the unconstrained acceleration. The constraint solve returns

𝑎★ = arg min
𝑎

1
2 (𝑎 − 𝑎0)⊤𝑀 (𝑎 − 𝑎0) +

∑︁
𝑒

𝑠𝑒 (𝐽𝑒𝑎 − 𝑟𝑒), (8)

over constraint rows 𝑒 (joint limits and the edges of the pyramidal contact cones), with Jacobians 𝐽𝑒 (𝑞), reference
accelerations 𝑟𝑒 (𝑞, 𝑣) = −𝑏𝑒𝐽𝑒𝑣 − 𝑘𝑒𝜄𝑒𝑑𝑒, and the penalty 𝑠𝑒 (𝑥) = 1

2𝐷𝑒𝑥
2 on the active side of row 𝑒 and 0 otherwise

(𝐷𝑒 from the impedance 𝜄𝑒 (𝑑𝑒)). With the active set A held fixed, the optimality condition

𝐹 (𝑎, 𝜃) = 𝑀 (𝑎 − 𝑎0) +
∑︁
𝑒∈A

𝐷𝑒𝐽
⊤
𝑒 (𝐽𝑒𝑎 − 𝑟𝑒) = 0, 𝜃 = (𝑞, 𝑣, 𝑢), (9)

is smooth in both arguments, and 𝜕𝐹/𝜕𝑎 = 𝐻 = 𝑀 +∑𝑒∈A 𝐷𝑒𝐽
⊤
𝑒 𝐽𝑒 is symmetric positive definite. By the implicit

function theorem, d𝑎★/d𝜃 = −𝐻−1 𝜕𝐹/𝜕𝜃, so for an output cotangent 𝑎̄

𝜆 = 𝐻−1𝑎̄, 𝜃 = −∇𝜃

[
𝜆⊤𝐹 (𝑎★, 𝜃)

]
(𝑎★, 𝜆 held constant). (10)

Since 𝑀𝑎0 = 𝜏 − 𝑐,
𝜆⊤𝐹 = 𝜆⊤ID(𝑞, 𝑣, 𝑎★) − 𝜆⊤𝜏(𝑞, 𝑣, 𝑢) +

∑︁
𝑒∈A

𝐷𝑒 (𝐽𝑒𝜆) (𝐽𝑒𝑎★ − 𝑟𝑒), (11)

where ID(𝑞, 𝑣, 𝑎) = 𝑀 (𝑞)𝑎 + 𝑐(𝑞, 𝑣) is inverse dynamics. 𝜃 is therefore the sum of three gradients of scalars:
• inverse dynamics contracted with 𝜆, which is one reverse pass of recursive Newton–Euler;

• the actuator law contracted with 𝜆, which is zero for force-clamped actuators in exact mode;

• the constraint term, which depends on 𝑞 through 𝐽𝑒, 𝑑𝑒 and the contact frame and is differentiated through the
collision geometry (contact point, normal, distance).

The implicitfast integrator (𝑄𝑎adv = 𝑀𝑎★ with𝑄 = 𝑀 + ℎ𝐾𝑣 , 𝑣′ = 𝑣 + ℎ𝑎adv, 𝑞′ = 𝑞 ⊕ ℎ𝑣′) is differentiated directly:
𝑦 = 𝑄−1𝑎̄adv and 𝑎̄★ = 𝑀𝑦, plus the 𝑞-dependence of 𝑀 through ∇𝑞 [𝑦⊤𝑀 (𝑞) (𝑎★ − 𝑎adv)]. A control step chains the 4
substeps in reverse with 𝑢 held, summing 𝑢̄. Held fixed are:

• the contact set and the collision branch;

• the active set A, with each pyramid edge separately;

• the actuator clamps.
The derivative is that of the optimality conditions at the returned iterate 𝑎★, not of the solver iterations; the warm start
receives no gradient.

Gradient modes. Exact mode (clamp_kv= 1, normal= 0) is the derivative of the discrete step. The training default
(clamp_kv= 0, normal= 3) keeps the actuator damping term on force-clamped actuators, freezes the derivative of a
self-contact normal when the two geoms’ core distance (between sphere centers or capsule axes) is below 1 mm, and
holds the segment parameters of near-parallel capsule pairs (below about 2◦) fixed. On held-out states the two modes
have the same median gradient errors on groups G0, G5 and G6; on G4, the states with clamped actuators, the truth has
no clamp_kv= 0 counterpart.

Unbounded derivatives. Two geometric events of the G1 make the exact derivative of the step unbounded.
• Self-contact at vanishing distance. The derivative of the contact normal scales as the inverse of the distance

between the two geoms’ cores. One state with nearly touching feet had a step Jacobian norm of about 3 × 108.
On 24 training windows of 𝐻 = 64 (2048 environments each), the gradient grew by more than 106 through 5
windows, by up to 4.9 × 1021, and 32 rows were not finite. With the normal’s derivative frozen below 1 mm, 1 of
24 windows grew by more than 106 (at most 2.2 × 106) and no row was non-finite.

• Nearly parallel capsules. The closest points of two capsule segments are ill-conditioned, roughly as 1/sin2 𝜃.
On 172 constructed foot-crossing states, the exact rule amplified a vector–Jacobian product by up to 3.6 × 108

per control step (median 29); repeated over 64 steps, 40 of the 172 states overflowed to non-finite values. With
the segment parameters held fixed below about 2◦, the amplification was at most 109 and no state overflowed;
ordinary held-out states reach at most 273.
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Other events (contact on or off, a constraint row at the edge of its zone, actuator saturation, the solver at its iteration
limit) make the derivative jump rather than diverge. The training default removes the two unbounded terms and, on
force-saturated actuators, keeps the actuator damping term (Appendix B, gradient modes); on held-out states without
these events it equals the exact gradient bit for bit.

Determinism. Each world’s whole step runs in one warp with a fixed assignment of work to lanes, and worlds never
interact. Reductions are warp shuffles in a fixed order, with no floating-point atomics. The operations the adjoint replays
from the tape use explicitly rounded arithmetic, so the replay equals the forward pass bit for bit. Outputs and gradients
are bitwise identical from run to run: across three processes on 8192 held-out states (V100), and across repeated calls
within a process in the verification suite (V100, H100).

Timing protocol. Times are per 20 ms control step for 4096 worlds, on held-out states. Each value is the median over
three processes. Every simulator runs in its own standard configuration, and speed-ups are always within one GPU. Isaac
Lab rows use Isaac Lab’s own G1 asset and task defaults; Isaac Sim requires an RT-core GPU, so they are not available
on the H100 and V100. The MuJoCo C reference runs on one AMD EPYC 9555 (16 threads) with MuJoCo’s own
thread pool. The MuJoCo Warp gradient times are those of the open adjoint pull request [14] as published; its public
follow-up fixes [13], which the accuracy tables also report, change the cost by less than 2%. The MuJoCo Warp training
run of Section 7.3 uses the pull request with these fixes and with NablaEngine’s training gradient rules ported to it.

All engines. Table 5 lists forward times of other GPU engines in their standard configurations, Table 6 the step-and-
gradient times and Fig. 6 their split.

Table 5. Forward time per control step, 4096 worlds, ms (process medians, held-out states). n/s: not supported, because Isaac Sim
requires an RT-core GPU. Speed-ups hold within one GPU.

Engine RTX PRO 6000 H100 RTX 3090 V100

NablaEngine 1.21 1.70 3.28 5.79
MuJoCo Warp 3.17.0 5.84 8.65 12.5 18.4
Genesis 1.4.5 13.45 16.36 36.73 139.11
MJX 3.17 (same model) 255 216 510 710
MJX 3.17 (Menagerie G1, fewer contacts) 50.7 58.4 129.2 150.7
Isaac Lab 3.0, Newton (3 box colliders) 12.9 n/s 35.15 n/s
Isaac Lab 3.0, PhysX (3 box colliders) 27.5 n/s 45.16 n/s
Isaac Lab 3.0, PhysX (38 shapes, self-collision) 54.1 n/s 87.45 n/s
MuJoCo C 3.17 (CPU, float64; AMD EPYC 9555, 16 threads) 34.7

Table 6. One control step and its gradient from the input state, 4096 worlds, ms.

RTX PRO 6000 H100 RTX 3090 V100

NablaEngine (forward with tape + adjoint) 1.78 2.73 5.26 10.6
MuJoCo Warp + PR #1535 (adjoint graph) 20.5 25.0 43.0 63.2
Speed-up 11.5× 9.2× 8.2× 6.0×

C Full accuracy tables
Held-out benchmark: four corpora of 4096 states each (16,384 in total). The truth is MuJoCo 3.17 C in float64, with
the same model and per-world randomization, the Newton solver at tolerance 10−13 and up to 2000 iterations, and
one control step from each state. Gradient errors are relative errors of vector–Jacobian products with three stored
random output directions per state (i.i.d. standard-normal entries, fixed seed, unnormalized), against float64 central
finite differences at step 10−6, floored per state at the truth’s own precision (the difference between the finite differences
at steps 10−7 and 10−6, typically about 10−7).

Groups. Group labels come from MuJoCo C alone, per control step (any substep). A state is smooth if none of the
following occurs: a self-contact core distance below 5 mm; a contact flip (the contact set changes, or a distance below
10−6 m); a kink (a constraint row at the edge of its zone, |𝑥𝑒 |/( |𝐽𝑒𝑎 | + |𝑟𝑒 |) < 10−4); a contact frame near its basis
switch; the solver at its iteration limit.
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Figure 6. Gradient time per control step for 4096 worlds, split into the forward pass with tape (dark) and the backward pass (light),
for NablaEngine and MuJoCo Warp with the open pull request [14]. The two parts are timed separately, so their sum can differ from
the single-call times in Table 6.

• G0: smooth, no clamped actuator.

• G4: smooth, a clamped actuator (PD force at or beyond its range).

• G5: smooth, an active joint-limit row, no clamped actuator.

• G6: smooth, a contact between two robot geoms (self contact), no clamped actuator.
Accuracy is verified on every state at which a derivative exists: smooth states with and without self-contact, active joint
limits and clamped actuators. At non-smooth states the derivative of the step jumps or is undefined and finite differences
measure nothing there; what matters at those states is that no output is non-finite, which holds on all 16,384 states. G5
and G6 are subsets of G0. The forward errors use every state of a group on which the model is valid. Gradient errors
use up to 64 states per group and corpus (seed 0), 256 per group pooled. Section 6 reports the forward error over all
states and the gradient error on G0. With either gradient mode, NablaEngine produced no non-finite output or gradient
on any of the 16,384 states. Both modes share one forward pass, which is bitwise identical.

MuJoCo C finite differences are forward differences with step 10−6, chained over the four substeps. Versions:
MuJoCo Warp [22] and MJX [21] 3.17.0, Genesis [17] 1.4.5. The open pull request is etaoxing [14], the follow-up fix
etaoxing [13].

D Hyperparameters and baselines
Sensitivity. Table 11 varies one setting of the residual recipe at a time. In the final recipe, a 500-update learning-rate
warmup instead of 100 trains more slowly (0.82 after 9.3 instead of 7.9 min) but converges slightly better (0.913 against
0.910 at 2.99 h, 3 seeds each).

Network architecture. The actor follows SuperMimic’s encoder–decoder design [40]. A motion encoder maps the next
10 reference frames (68 features each) through an MLP with hidden widths 2048–1024–512–256 to a 32-dimensional
latent code with a tanh output. A decoder with the same hidden widths maps the latent code, the 10-frame proprioception
history (93 features per frame) and the 6-dimensional anchor orientation to the 29 joint offsets. The critic is an MLP
with hidden widths 256–128 on privileged inputs (Appendix A).

The design encodes the reference motion into a compact latent space and lets the decoder act as a general motor
policy conditioned on that code. This is the structure along which tracking policies are scaled toward foundation models
for humanoid control: the latent code is the interface through which motion generators, teleoperation or downstream
policies command the tracker, and the same decoder serves all motions [9, 41, 43]. We keep it, rather than a monolithic
MLP, so that a policy trained with ∇Mimic can be used the same way.

Baselines.
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Table 7. Accuracy on held-out states against MuJoCo C 3.17 in float64. Forward: median relative qvel error. Gradient: median
relative VJP error against float64 central finite differences, for position / velocity / action. The truth itself is known to about 10−7.

Gradient (median relative VJP error)

Engine Position Velocity Action

NablaEngine 3.6 × 10−5 1.0 × 10−5 1.9 × 10−6

MJX, forward-mode Jacobian 9.6 × 10−5 2.1 × 10−5 2.9 × 10−6

MuJoCo C finite differences (step 10−6) 6.7 × 10−4 1.5 × 10−4 7.8 × 10−6

Genesis (velocity only) — 2.3 × 10−1 —
MuJoCo Warp, open pull request 0.29 0.34 0.015
MuJoCo Warp, with the follow-up fix
(etaoxing/mujoco_warp#1)a

5.3 × 10−5 1.0 × 10−5 2.1 × 10−6

Forward (median relative qvel error)

NablaEngine 8.5 × 10−7

MuJoCo Warp 1.3 × 10−6

MJX 2.9 × 10−6

Genesis 5.5 × 10−2

a etaoxing [13].

Table 8. Forward error per group, 10 solver iterations: median / 99th percentile of the relative qvel error, and in parentheses the 99th
percentile of the qpos error (rad). States per group: G0 13,480, G4 476, G5 5,645, G6 5,668. MuJoCo C in float64 with 10 iterations
has median 0 and 99th percentile at most 1.9 × 10−15 in every group.

G0 G4 G5 G6

NablaEngine 8.6e-7 / 4.7e-6 (5.4e-7) 4.6e-7 / 6.6e-6 (1.8e-6) 8.4e-7 / 5.5e-6 (6.5e-7) 9.4e-7 / 6.9e-6 (1.0e-6)
MuJoCo Warp 1.3e-6 / 8.8e-6 (1.1e-6) 6.3e-7 / 7.2e-6 (1.5e-6) 1.2e-6 / 6.8e-6 (9.2e-7) 1.3e-6 / 8.8e-6 (9.9e-7)
MuJoCo Warp, open PR 1.3e-6 / 9.3e-6 (1.2e-6) 6.4e-7 / 1.0e-5 (3.4e-6) 1.2e-6 / 8.6e-6 (1.2e-6) 1.4e-6 / 1.1e-5 (1.4e-6)
MJX (float32) 2.7e-6 / 6.3e-4 (7.2e-5) 1.3e-6 / 4.2e-4 (1.1e-4) 2.6e-6 / 5.1e-4 (6.1e-5) 5.5e-6 / 6.6e-4 (7.3e-5)
Genesis (float32) 4.9e-2 / 4.8e-1 (6.0e-2) 5.7e-2 / 5.4e-1 (1.4e-1) 4.9e-2 / 4.8e-1 (6.1e-2) 1.0e-1 / 5.1e-1 (7.1e-2)

Reference: MuJoCo Warp against itself, run to run
3.1e-7 / 3.2e-6 (4.3e-7) 3.0e-7 / 2.2e-6 (8.0e-7) 3.4e-7 / 3.3e-6 (3.8e-7) 3.4e-7 / 3.5e-6 (3.9e-7)

• PPO, BeyondMimic configuration [41, 64]: on NablaEngine (forward only), 4096 environments × 24 steps
per iteration, 5 epochs × 4 minibatches, lr 10−3 (adaptive, KL 0.01), clip 0.2, entropy 0.005, 𝛾 = 0.99, 𝜆 = 0.95,
MLP 512–256–128, BeyondMimic’s adaptive sampling; 6 h budget.

• PPO, SuperMimic actor and reset sampling: as above with 8192 environments, SuperMimic’s encoder–decoder
actor (2048–1024–512–256) and critic (256–128), and return-based reset sampling; 6 h budget.

• SHAC [82]: see Appendix F.
All baselines use the same environment, observation and evaluation reward as ∇Mimic. The smooth termination penalty
(Eq. (4)) is part of our recipe and does not account for the gaps: removing all of fall handling, the penalty included,
changes the return of ∇Mimic by less than 0.01 at matched wall clock (3 seeds, both recipes).

E SuperMimic reproduction and cost estimate
Reproduction. The gradient analysis of Section 4 uses a public reproduction of SuperMimic (https://github.com/
CuboiLeo/SuperMimic-Reproduced) with the hyperparameters stated in its paper: windows of 32 imagined steps for
4096 rollouts per update, an update-to-data ratio of 0.4, and a world model that is an MLP with three hidden layers of
2048 units and SiLU activations, predicting the change of the canonicalized state from the state, the action and the
simulation context. Its policy observes the anchor orientation of the reference as ours does. We trained one run on an
RTX PRO 6000 and evaluated its policy with our protocol (Appendix G); it reaches a full-clip return of 0.789 after
2.88 h. It follows the hyperparameters SuperMimic states and serves one purpose: to provide world models and policies
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Table 9. Gradient error per group and input block, 10 solver iterations, 256 states per group: median floored relative VJP error for
position / velocity / action. Exact and default denote NablaEngine’s gradient modes. “n/c”: not comparable (the truth is the exact
derivative and has no counterpart of the default mode on clamped actuators); “—”: not supported.

G0 G4 G5 G6

NablaEngine, exact 3.6e-5 / 1.0e-5 / 1.9e-6 4.3e-5 / 1.3e-5 / 2.0e-6 3.8e-5 / 1.1e-5 / 1.8e-6 3.1e-5 / 1.0e-5 / 2.3e-6
NablaEngine, default same as exact n/c same as exact same as exact
MJX, forward-mode Jacobian 9.6e-5 / 2.1e-5 / 2.9e-6 1.2e-4 / 2.3e-5 / 3.0e-6 9.4e-5 / 2.0e-5 / 3.1e-6 1.0e-4 / 2.5e-5 / 4.8e-6
MuJoCo C, finite differences 6.7e-4 / 1.5e-4 / 7.8e-6 7.1e-4 / 1.8e-4 / 7.2e-6 6.6e-4 / 1.5e-4 / 7.9e-6 5.5e-4 / 1.3e-4 / 7.8e-6
Genesis (velocity only) — / 2.3e-1 / — — / 3.4e-1 / — — / 2.7e-1 / — — / 3.4e-1 / —
MuJoCo Warp, open PR 2.9e-1 / 3.4e-1 / 1.5e-2 5.0e-1 / 4.8e-1 / 8.9e-2 3.1e-1 / 3.5e-1 / 1.8e-2 3.5e-1 / 4.0e-1 / 1.9e-2
MuJoCo Warp, follow-up fix 5.3e-5 / 1.0e-5 / 2.1e-6 n/c 5.1e-5 / 1.1e-5 / 1.9e-6 4.5e-5 / 1.0e-5 / 2.3e-6

Table 10. ∇Mimic hyperparameters.

Item Setting

Environments 4096 BPTT training windows per update
Window length 𝐻 = 64 simulated steps (1.28 s)
Discount, TD 𝛾 = 0.99, 𝜆 = 0.95
Actor encoder–decoder MLP 2048–1024–512–256; anchor orientation into the decoder
Critic MLP 256–128, fit on the pre-transition state
Actions residual: offset to the reference joint pose
Learning rate 2 × 10−4, 100-update warmup, cosine decay to 0.1× over 16,000 updates
Action targets RMS setpoint change 0.03 rad (decays to 0.3× with the LR); 8 regression steps

of 16,384 samples; separate Adam, lr 6 × 10−4

Per-sample clipping 𝜅 = 3× batch median of the action-cotangent norm
Termination penalty 𝑊 = 2, 𝑑𝑧0 = 0.08, 𝑑𝜃0 = 0.10
Episode ends reset and continue the window; a fall bootstraps nothing (no survival mask)
Policy averaging EMA of the actor, decay min(0.999, (1 + 𝑛)/(10 + 𝑛)); the averaged policy is evaluated
Window action noise 0.05
Start states replay of 1000 × 4096 states from a data collector (action noise 0.1, update-to-data 0.4)
Reset sampling return-based bins
Physics NablaEngine, 10 solver iterations, FP32; network matmuls TF32
Time per update 0.37 s on one RTX PRO 6000

at several stages of training on which exact and surrogate gradients can be compared along the same trajectories. It is
not a baseline, and its checkpoints at 0.44, 1.14, 1.83 and 2.88 h provide the policies and world models of Section 4.

Cost estimate. SuperMimic states 320,000 training iterations and that the world model and the policy are updated in
every iteration. Its BONES-SEED training curve, with a checkpoint every 4,000 iterations, ends at 9.37 h on one H100,
which gives about 34,000 iterations per hour, or about 0.1 s per iteration; we assume that LAFAN1 iterations cost the
same. Reaching 0.82 within 1.2 h then corresponds to about 41,000 iterations. If one instead counts policy updates at
the stated update-to-data ratio of 0.4, as the public reproduction does, these become about 16,000 updates of about
0.26 s each, and ∇Mimic’s 3,235 updates to 0.82 are about one fifth of them rather than one thirteenth.

F SHAC details
Both SHAC variants use the same environment, actor, critic, 4096 environments, learning-rate schedule and window
noise as ∇Mimic. SHAC’s algorithm:

• 𝐻 = 32 windows continued across updates, with no replay starts and no collector;

• the actor’s own window gradient, one Adam step per window;

• no per-sample clipping and no termination penalty;

• a TD(𝜆 = 0.95) critic, empirical observation normalization and uniform reset sampling.
SHAC (published guard) clips the actor gradient to global norm 1.0 and stops training at the first update whose norm
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Table 11. Sensitivity of the earlier residual recipe (masked, no policy averaging): full-clip normalized return after 1.5 h of training
on one RTX PRO 6000, mean ± sd over 3 seeds (4 for 𝐻 = 32). Recipe values in bold. Diverged: training stopped by the divergence
guard.

Setting Value Return after 1.5 h Note

Clipping threshold 𝜅 1 0.853 ± 0.008
3 0.869 ± 0.003
10 0.849 ± 0.011
30 0.849 ± 0.005
none — 3 of 3 diverged

Clipping location backward pass and targets 0.869 ± 0.003 0.82 reached at 0.34–0.43 h
targets only 0.868 ± 0.001 0.82 reached at 0.52–0.62 h

Gradient rules NablaEngine rules 0.869 ± 0.003
exact everywhere 0.867 ± 0.002

Window length 𝐻 16 — 3 of 3 diverged (critic value runaway)
32 0.815–0.841 1 of 4 collapsed (critic value runaway)
64 0.869 ± 0.003 about 14.3k updates
128 0.839 ± 0.004 about 7.9k updates

Windows per update 1024 0.865 ± 0.002 about 27.0k updates
2048 0.867 ± 0.004 about 20.3k updates
4096 0.869 ± 0.003 about 14.3k updates
8192 0.852 ± 0.002 about 8.6k updates

before clipping is not finite or exceeds 106, as in the published code. SHAC (changed guards) instead clips to global
norm 1.0 and then element-wise to 0.1, as SuperMimic does, and skips non-finite updates instead of stopping. Both run
on NablaEngine; the published-guard variant also runs on MuJoCo Warp with the engine’s gradient semantics. They
differ from ∇Mimic in several components at once, so they are baselines, not single-component ablations.

G Evaluation protocol
Each of the 40 LAFAN1 clips is played once from its first reference frame. Playback uses MuJoCo Warp with 10 solver
iterations, a deterministic actor (the mean action), no domain randomization and no observation or action noise. The
clip’s return is the sum of the per-step reward over its steps until the clip ends or the first termination (height error above
0.25 m or tilt above 0.8). The per-step reward is the six tracking terms minus the action-rate and joint-limit penalties.
The sum is divided by the clip’s maximum attainable tracking reward, and the score is the unweighted mean over the 40
clips. A clip with a fall therefore keeps the reward earned before the fall and scores zero afterwards. This matches the
normalized return defined by Liao et al. [40]. Failed clips are clips with a fall.

Every checkpoint of the first training hour is evaluated (every 250 updates), then every 1000 updates, plus the last.
Training wall clock excludes start-up compilation and all evaluation. Times to a score are first crossings of the 3-seed
mean curve, linearly interpolated between evaluations.

H Robustness
Table 12 evaluates the final policies under the training-time randomization and observation noise, under external pushes,
and from random start frames, on MuJoCo Warp with 10 solver iterations; its nominal condition reproduces the scores
of Table 4 (earlier-recipe row for ∇Mimic).

I Additional LAFAN1 results
Figure 7 shows every LAFAN1 run against wall clock, including the absolute-action variant of ∇Mimic, SHAC and both
PPO baselines, with the numbers stated by Liao et al. [40]. Table 13 lists all runs, including the H100 and MuJoCo
Warp runs and the 6 h PPO budgets. Table 14 gives the cost to reach 0.82, Tables 15 and 16 the full ablation results on
the absolute- and residual-action recipes, and Table 17 the training-loop cost per policy update.
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Table 12. Robustness on LAFAN1 (final checkpoints; ∇Mimic in the earlier recipe, masked and without policy averaging, and SHAC
with changed guards: mean of 3 seeds; PPO, BeyondMimic configuration: one seed). Return: normalized return; success: share of
clip runs without a fall; MPJPE: mean position error of the 14 tracked bodies with the reference re-anchored to the robot in horizontal
position and yaw, in cm. Randomization and noise as in training; pushes change the base’s horizontal velocity by the stated amount
every 1 to 3 s in a random direction; 10 s windows start at random frames. Four repeats per clip, eight windows per clip. Best return
and success per row in bold.

∇Mimic SHAC (changed guards) PPO

Condition Return Success MPJPE Return Success MPJPE Return Success MPJPE

Nominal 0.872 0.992 2.47 0.820 0.975 3.41 0.695 0.775 3.95
Randomization 0.864 0.990 2.53 0.805 0.956 3.45 0.688 0.775 3.98
Observation noise 0.868 1.000 2.54 0.803 0.965 3.50 0.711 0.825 4.04
Randomization + noise 0.857 0.992 2.61 0.793 0.946 3.56 0.677 0.762 4.03
Pushes 0.5 m/s 0.749 0.840 3.37 0.693 0.779 3.96 0.637 0.719 4.33
Pushes 1 m/s 0.478 0.377 4.36 0.407 0.237 4.56 0.467 0.444 4.82
Rand. + noise, 10 s windows 0.899 0.999 2.79 0.836 0.989 3.80 0.793 0.991 4.32
Pushes 1 m/s, 10 s windows 0.750 0.969 4.28 0.707 0.924 4.67 0.678 0.922 5.07

Table 13. LAFAN1: full-clip normalized return at equal training wall clock
Method Operator Training hardware Seeds n Budget (h) Return @0.5 h Return @1 h Return @2 h Return @3 h Return @6 h Time to 0.82 (h) Per-seed time to 0.82 (h) Final return (h) Failed clips at end (of 40)

∇Mimic (NablaEngine) NablaEngine RTX PRO 6000 (Blackwell) 3 3 0.866 ± 0.006 0.885 ± 0.011 0.899 ± 0.016 0.910 ± 0.004 — 0.13 0.12 ± 0.01 0.911 ± 0.002 (3.07 h) 0.0 ± 0.0
∇Mimic, absolute actions (NablaEngine) NablaEngine RTX PRO 6000 (Blackwell) 3 3 0.821 ± 0.007 0.844 ± 0.004 0.861 ± 0.001 0.864 ± 0.001 — 0.50 0.46 ± 0.09 0.865 ± 0.003 (3.14 h) 0.0 ± 0.0
∇Mimic, absolute actions (NablaEngine, H100)‡ NablaEngine H100 1 3 0.816 0.848 0.861 0.862 — 0.41 0.41 0.858 (3.10 h) 0
∇Mimic, absolute actions (MuJoCo Warp) MuJoCo Warp RTX PRO 6000 (Blackwell) 3 3 0.636 ± 0.024 0.742 ± 0.043 0.797 ± 0.014 0.826 ± 0.009 — 2.82 2.60 ± 0.16 (2 of 3 seeds reach it) 0.825 ± 0.011 (3.00 h) 0.7 ± 0.6
SHAC (Xu et al., 2022; published guard), our scale (NablaEngine) NablaEngine RTX PRO 6000 (Blackwell) 3 3 — — — — — not reached (best 0.373) — 0.373 ± 0.093 (0.06 h) 23.0 ± 3.6
SHAC (published guard), our scale (MuJoCo Warp)‡ MuJoCo Warp RTX PRO 6000 (Blackwell) 1 3 — — — — — not reached (best 0.484) — 0.484 (0.36 h) 17
SHAC (changed guards: non-finite updates skipped, element clip 0.1; NablaEngine) NablaEngine RTX PRO 6000 (Blackwell) 3 3 0.724 ± 0.019 0.790 ± 0.019 0.807 ± 0.008 0.816 ± 0.005 — mean curve does not reach it 2.64 ± 0.34 0.809 ± 0.018 (3.13 h) 2.0 ± 2.0
SHAC (changed guards; MuJoCo Warp)‡ MuJoCo Warp RTX PRO 6000 (Blackwell) 1 3 0.478 0.572 0.680 0.756 — not reached (best 0.760) — 0.760 (3.13 h) 4
PPO, BeyondMimic (NablaEngine)‡ NablaEngine (forward only) RTX PRO 6000 (Blackwell) 1 6 0.465 0.529 0.641 0.638 0.695 not reached (best 0.751) — 0.695 (6.00 h) 8
PPO, SuperMimic actor and reset sampling (NablaEngine)‡ NablaEngine (forward only) RTX PRO 6000 (Blackwell) 1 6 0.428 0.489 0.586 0.658 0.692 not reached (best 0.692) — 0.692 (6.00 h) 3
SuperMimic (paper, 1x H100)a learned world model H100 (1 GPU) — — — — — — — within 1.2 (stated) — — not reported
PPO-Sim (SuperMimic paper)b simulator (paper setting) H100 (1 / 4 / 8 GPUs) — 18 — — — — — not reached in 18 h (stated) — 0.60 / 0.70 / 0.72 (18 h; 1 / 4 / 8 GPUs) not reported

Appendix rows (earlier recipe)
∇Mimic, absolute actions, earlier recipe (no anchor-to-decoder)‡ NablaEngine RTX PRO 6000 (Blackwell) 1 3 0.797 0.842 0.859 0.863 — 0.47 0.47 0.865 (3.13 h) 0

‡ single seed (no seed variance; a seed-noise reference is given in the notes)
a stated: reaches 0.82 within 1.2 h on one H100
b stated: does not reach 0.82 within 18 h; final 0.60 / 0.70 / 0.72 on 1 / 4 / 8 GPUs
Failed clips = clips with a fall (training termination test) under the nominal evaluation.
Falls, ∇Mimic (NablaEngine) (3 seeds): no seed fails a clip at any evaluated checkpoint from update 4,750 (0.51 h) on (the last fall is at update 4,500: 1 failed clip on 1
seed); update 1,250 (0.14 h) is the first checkpoint with 0 of 40 failed clips on all seeds.
Falls, ∇Mimic, absolute actions (NablaEngine) (3 seeds): no seed fails a clip at any evaluated checkpoint from update 27,000 (2.88 h) on (the last fall is at update 26,000: 1
failed clip on 1 seed); update 7,000 (0.74 h) is the first checkpoint with 0 of 40 failed clips on all seeds.
’(n=k of N)’ in a cell: only k of the row’s N seeds have a value there (a seed cut at a divergence or not evaluated up to that hour yet); final and crossing columns use only
seeds evaluated up to the budget.
Training wall clock: training time only for our runs, SHAC and PPO (start-up compilation and all evaluation excluded); SuperMimic and PPO-Sim hours as stated in the
SuperMimic paper.
SuperMimic’s stated numbers are on H100 GPUs; every run of ours and of the baselines we trained is on one RTX PRO 6000 (Blackwell) unless the hardware column says
otherwise.
Evaluation GPU is A40 or RTX PRO 6000; the evaluation is deterministic, small cross-GPU floating-point differences are possible.
Seed-noise references (different protocols; neither is a test of a single-seed row): 1-h screen (5 solver iterations), MuJoCo Warp, RTX PRO 6000 (Blackwell): sd 0.0138 of
the full return over n=3 seeds; nominal evaluation on NablaEngine runs at matched updates: sd 0.0075 of the full return over n=3 seeds.

Table 14. Cost to reach SuperMimic’s LAFAN1 score of 0.82
Method Hardware n Time to 0.82 (h) Policy updates there Differentiable window steps Forward-only simulator steps Total simulator transitions Per-seed time to 0.82 (h)

∇Mimic (NablaEngine) RTX PRO 6000 (Blackwell) 3 0.13 1,151 updates 3.02e8 1.18e7 3.13e8 0.12 ± 0.01
∇Mimic, absolute actions (NablaEngine) RTX PRO 6000 (Blackwell) 3 0.50 4,650 updates 1.22e9 4.76e7 1.27e9 0.46 ± 0.09
∇Mimic, absolute actions (NablaEngine, H100)‡ H100 1 0.41 3,719 updates 9.75e8 3.81e7 1.01e9 0.41
∇Mimic, absolute actions (MuJoCo Warp) RTX PRO 6000 (Blackwell) 3 2.82 5,651 updates 1.48e9 5.79e7 1.54e9 2.60 ± 0.16 (2 of 3 seeds reach it)
SHAC (Xu et al., 2022; published guard), our scale (NablaEngine) RTX PRO 6000 (Blackwell) 3 not reached (best 0.373 at 0.06 h) — — — — —
SHAC (published guard), our scale (MuJoCo Warp)‡ RTX PRO 6000 (Blackwell) 1 not reached (best 0.484 at 0.36 h) — — — — —
PPO, BeyondMimic (NablaEngine)‡ RTX PRO 6000 (Blackwell) 1 not reached (best 0.751 at 5.75 h) — — — — —
PPO, SuperMimic actor and reset sampling (NablaEngine)‡ RTX PRO 6000 (Blackwell) 1 not reached (best 0.692 at 6.00 h) — — — — —

SuperMimic (paper, 1x H100)a H100 (1 GPU) — within 1.2 (stated) not stated — not stated not stated —

‡ single seed (no seed variance; a seed-noise reference is given in the notes)
a stated: reaches 0.82 within 1.2 h on one H100
Per-update step counts: ∇Mimic = 4096 x 64 = 262,144 differentiable window steps + 4096 / 0.4 = 10,240 forward-only collector steps; SHAC = 4096 x 32, no collector;
PPO = 4096 x 24 (BeyondMimic) or 8192 x 24 (SuperMimic actor and reset sampling) forward steps per iteration.
Hours are training time only for our runs (start-up compilation and evaluation excluded); SuperMimic’s hours are as stated in its paper.
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Figure 7. All LAFAN1 runs: full-clip normalized return against training wall clock. Lines are seed means with a ±1 sd band when at
least two seeds are evaluated. Every run trains on NablaEngine on one RTX PRO 6000. SuperMimic and PPO-Sim are the numbers
stated in Liao et al. [40, §4.1].

Table 15. Component ablations of ∇Mimic on the absolute-action recipe (LAFAN1, 3 seeds, ~1.5 h)
Change to the final recipe Component origin Seeds Matched at Return: control Return: variant Δ return Failed clips (of 40): control Failed clips (of 40): variant

No PODS action targets (one Adam step per window) ours 3 1.64 h (control checkpoints 1.14-1.63 h) 0.855 ± 0.001 0.806 ± 0.011 -0.049 0.1 ± 0.1 1.9 ± 0.8
No per-sample gradient clippinga ours 2 of 3 (s0 diverged at 0.54 h, update 5,060) 1.65 h (control checkpoints 1.18-1.66 h) 0.855 ± 0.001 0.562 ± 0.079 (n=2 of 3) -0.293 0.1 ± 0.1 10.9 ± 4.7 (n=2 of 3)
Residual actions instead of absolute setpointsb action parameterization 3 1.64 h (control checkpoints 1.14-1.63 h) 0.855 ± 0.001 0.864 ± 0.001 +0.009 0.1 ± 0.1 0.0 ± 0.0
Uniform resets instead of return-based reset sampling inherited: SuperMimic (reset sampling follows BeyondMimic) 3 1.65 h (control checkpoints 1.18-1.66 h) 0.855 ± 0.001 0.861 ± 0.003 +0.005 0.1 ± 0.1 0.1 ± 0.1
No replay starts (windows continue from the previous window’s end state) inherited: SuperMimic (replay-buffer starts) 3 1.62 h (control checkpoints 1.14-1.63 h) 0.855 ± 0.001 0.874 ± 0.002 +0.019 0.1 ± 0.1 0.0 ± 0.0
H=32 windows instead of H=64 ours 3 1.64 h (control checkpoints 1.14-1.63 h) 0.855 ± 0.001 0.818 ± 0.019 -0.036 0.1 ± 0.1 0.2 ± 0.2
H=32 windows instead of H=64, at matched updates ours 3 update 26,000 (control updates 22,000-26,000, 2.28-2.80 h) 0.862 ± 0.002 0.818 ± 0.019 -0.043 0.1 ± 0.1 0.2 ± 0.2

a additional seeds outside the 3-seed arm (not averaged): s3 diverged at 0.40 h, s4 completed
b additional seeds outside the 3-seed arm (not averaged): s3 completed, s4 completed
Component origin: ’ours’ = introduced by this work; ’inherited’ = taken from SuperMimic (whose return-based reset sampling follows BeyondMimic); residual actions
change the action parameterization rather than remove a component.
Seeds that diverged (non-finite loss) or collapsed (critic value runaway with finite numbers: critic loss above 1e3, return falling to near zero) are listed in the Seeds column
and left out of the mean; the variant cell then says ’(n=k of 3)’.
Seed-noise references (different protocols): 1-h screen (5 solver iterations), MuJoCo Warp, RTX PRO 6000 (Blackwell): sd 0.0138 of the full return over n=3 seeds;
nominal evaluation on NablaEngine runs at matched updates: sd 0.0075 of the full return over n=3 seeds.

Table 16. Component ablations of ∇Mimic on the residual-action recipe (LAFAN1, 3 seeds, ~1.5 h)
Change to the final recipe Component origin Seeds Matched at Return: control Return: variant Δ return Failed clips (of 40): control Failed clips (of 40): variant

No PODS action targets (one Adam step per window) ours 3 1.63 h (control checkpoints 1.14-1.58 h) 0.866 ± 0.002 0.822 ± 0.012 -0.044 0.1 ± 0.2 1.3 ± 0.8
No per-sample gradient clipping ours 0 of 3 (s0 diverged at 0.59 h, update 5,510; s1 diverged at 0.31 h, update 2,930; s2 diverged at 0.37 h, update 3,500) — — — — — —
Uniform resets instead of return-based reset samplinga inherited: SuperMimic (reset sampling follows BeyondMimic) 3 1.64 h (control checkpoints 1.14-1.58 h) 0.866 ± 0.002 0.811 ± 0.065 -0.055 0.1 ± 0.2 2.8 ± 3.0
No replay starts (windows continue from the previous window’s end state) inherited: SuperMimic (replay-buffer starts) 3 1.64 h (control checkpoints 1.14-1.58 h) 0.866 ± 0.002 0.884 ± 0.006 +0.018 0.1 ± 0.2 0.0 ± 0.0
H=32 windows instead of H=64b ours 3 of 4 (s2 collapsed (critic value runaway) at 1.10 h, update 17,080) 1.65 h (control checkpoints 1.15-1.66 h) 0.867 ± 0.002 0.824 ± 0.010 (n=3 of 4) -0.042 0.1 ± 0.2 0.4 ± 0.0 (n=3 of 4)
H=32 windows instead of H=64, at matched updatesc ours 3 of 4 (s2 collapsed (critic value runaway) at 1.10 h, update 17,080) update 25,583 (control updates 21,000-25,000, 2.18-2.63 h) 0.873 ± 0.002 0.824 ± 0.010 (n=3 of 4) -0.048 0.0 ± 0.0 0.4 ± 0.0 (n=3 of 4)

a a transient collapse falls inside the averaging window; the last checkpoints of all three seeds are 0.86-0.87
b additional seeds outside the 3-seed arm (not averaged): s3 completed
c additional seeds outside the 3-seed arm (not averaged): s3 completed
Component origin: ’ours’ = introduced by this work; ’inherited’ = taken from SuperMimic (whose return-based reset sampling follows BeyondMimic); residual actions
change the action parameterization rather than remove a component.
Seeds that diverged (non-finite loss) or collapsed (critic value runaway with finite numbers: critic loss above 1e3, return falling to near zero) are listed in the Seeds column
and left out of the mean; the variant cell then says ’(n=k of 3)’.
Seed-noise references (different protocols): 1-h screen (5 solver iterations), MuJoCo Warp, RTX PRO 6000 (Blackwell): sd 0.0138 of the full return over n=3 seeds;
nominal evaluation on NablaEngine runs at matched updates: sd 0.0075 of the full return over n=3 seeds.
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Table 17. Training-loop cost per policy update
Method Operator Hardware Seconds per policy update (median) Policy updates per hour (wall-clock slope) Differentiable steps per update Forward-only steps per update Simulated steps per second Engine speed-up vs MuJoCo Warp

∇Mimica NablaEngine RTX PRO 6000 (Blackwell) 0.374 9,491 262,144 10,240 729k 4.4x
∇Mimic, absolute actionsb NablaEngine RTX PRO 6000 (Blackwell) 0.373 9,383 262,144 10,240 729k 4.4x
∇Mimic, absolute actions, hoisted encoder (timing run)c NablaEngine RTX PRO 6000 (Blackwell) 0.369 — 262,144 10,240 738k 4.4x
∇Mimic, absolute actions MuJoCo Warp RTX PRO 6000 (Blackwell) 1.633 1,966 262,144 10,240 167k —

∇Mimic, absolute actions (H100) NablaEngine H100 0.382 9,275 262,144 10,240 712k 5.9x§

∇Mimic, absolute actions (H100)d MuJoCo Warp H100 2.258 — 262,144 10,240 121k —

SHAC, our scale NablaEngine RTX PRO 6000 (Blackwell) 0.196 18,365 131,072 0 669k 4.3x
SHAC, our scale MuJoCo Warp RTX PRO 6000 (Blackwell) 0.839 3,455 131,072 0 156k —

PPO, BeyondMimice NablaEngine (forward only) RTX PRO 6000 (Blackwell) 0.126 28,240 0 98,304 781k —
PPO, SuperMimic actor and reset samplingf NablaEngine (forward only) RTX PRO 6000 (Blackwell) 0.549 6,542 0 196,608 358k —

a residual actions
b final recipe
c speed reference for the final recipe’s encoder hoisting (bitwise-equivalent up to matmul rounding); 70-update timing run
d O64 recipe without anchor-to-decoder: a different recipe from the final engine runs; 30-update timing run
e per PPO iteration
f per PPO iteration
Simulated steps per second count differentiable window steps (forward + adjoint) and forward-only steps together.
The engine runs of the paper pin one engine release; earlier timing runs used the engine build of their day, so per-update times across rows mix engine versions with recipe
changes.
§ on a speed-up: the MuJoCo Warp timing comes from a run of a different recipe (named in its notes), so the speed-up mixes the operator with recipe changes; the
matched-recipe figure needs the final MuJoCo Warp run.
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