InterPrior: Scaling Generative Control for Physics-Based
Human-Object Interactions

Supplementary Material

In this supplementary, we provide additional details of our
InterPrior framework with extended experiments:

(i) Sec. A describes the organization of the demo video.

(ii) Sec. B details the overall simulation configuration.

(iii) Sec. C provides additional information on our goal
representation, e.g., how snapshot, trajectory, and
contact goals are constructed at training and evalu-
ation time with the masks.

(iv) Sec. D gives a comprehensive explanation on: (I) the
detailed formulation of the reference-free hand re-
ward; (II) the losses used for variational distillation
and latent shaping, and (IIT) RL finetuning.

(v) Sec. E specifies additional implementation details,
including network architectures, training schedules,
and how we apply data augmentation to expert train-
ing, as well as additional techniques we use during
G1 training for sim-to-sim experiments.

(vi) Sec. F presents further qualitative results, e.g., the
integration of InterPrior with kinematic HOI gener-
ators, additional details of metrics, and failure cases.

(vii) Sec. G examines the limitations of our current system
and its potential societal implications.
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A. Demo Video

The demo video on the webpage visualizes behaviors pro-
duced by InterPrior across settings detailed in the follow-

ing. All sequences are rendered from the physics simula-
tor [42, 63] using the same SMPL [33, 52] and G1 [65]
model as for training. No post-processing is applied other
than camera selection and cropping for visualization.

Core Capability. We show examples of snapshot, trajec-
tory, and contact-conditioned control corresponding to the
scenarios illustrated in Figure | of the main paper, for ob-
jects with diverse shapes.

Failure Recovery and Regrasping. We visualize rollouts
perturbed or initialized from failure states. The video high-
lights re-approaching, re-grasping, and recovery from falls
as described in Sec. 3.4.

Long-Horizon Multi-Goal Chains. We include long se-
quences where three canonicalized sub-goals are chained
(Sec. 4, “Chain” tasks) and the policy must transition
smoothly between different interaction while maintaining
task success.

Diverse Task Execution from the Same Goal. We show
that our model is able to control the simulated human
achieving the same task with different execution.

Baseline Comparison. We demonstrate that InterPrior
achieves superior performance compared to existing base-
line methods [59, 60, 88].

Novel Interaction Generalization. We visualize qualita-
tive results on BEHAVE [3] and HODome [96], as a com-
plementary to Figure 5 and Figure 7 in the main paper.
Interaction with multiple objects. We showcase that In-
terPrior supports human interactions with multiple objects,
without requiring any task-specific training.

Sim-to-Sim for G1. We include more examples of the G1
humanoid with sim-to-sim transfer, as a complementary to
Figure 6, for controlling a humanoid only based on object
future snapshot goal.

Sim-to-Real for G1. Our work, ULTRA [17], extends
InterPrior with additional perception modules and enables
perception-in-the-loop loco-manipulation on the Unitree
G1. More details are available on the webpage.
Interactive Steering Control. Finally, we show real-time
keyboard control where a user steers high-level goals and
InterPrior produces coherent whole-body motion online.

B. Simulation

All experiments are performed in IsaacGym [42] with the
GPU PhysX backend. Control policies run at 30Hz, while
the simulator is stepped at 60Hz with two internal substeps
per control step. The main simulation hyperparameters are
summarized in Table A.


https://sirui-xu.github.io/InterPrior/
https://ultra-humanoid.github.io

Table A. Simulation hyperparameters used in IsaacGym [42]. We
largely follow the settings from prior work [72, 88].

Hyperparameter ‘ Value
Simulation step At 1/60s
Control step At 1/30s
Physics substeps per control step | 2
Position solver iterations 4
Velocity solver iterations 1
Contact offset 0.02
Rest offset 0.0
Max depenetration velocity 100
Object & ground restitution 0.7
Object & ground friction 0.9
Object density 200
Max convex hulls per object 64
Object rest offset 0.01

We introduce a small object rest offset to reduce human-
object interpenetration, especially for thin geometries. Al-
though this slightly enlarges the effective collision bound-
ary, it avoids the substantial cost associated with increasing
solver accuracy to compensate for collision handling.

C. Goal Formulation

This section details the construction of snapshot, trajectory,
and contact goals and the associated masks used. Specifi-
cally, a goal state y, shares the same structure as the obser-
vation x4, and a binary mask m, indicates which compo-
nents of y, are provided to the policy.

C.1. Horizon for Goals

Short-Horizon Preview. We use a small set of offsets K =
{1,2,4,16} to provide short-horizon previews relative to
the current timestep ¢. For each offset k € K, we construct
a goal pair (Y, Mt+k)-

Long-Horizon Snapshot. A long-horizon offset sam-
pled by L € [1,128] defines a single far-future goal
(Y¢r»Myyr). During training, L is initialized randomly
at the start of each episode and then decremented each
timestep, being resampled once it reaches zero. Although
termed a long-horizon snapshot, its value naturally de-
creases at each step and may temporarily fall below the
short-horizon offsets.

C.2. Stochastic Mask Sampling during Training

During training, masks are not tied to specific tasks (snap-
shot; trajectory; contact). Instead, we randomly decide
which parts of the future state are revealed to the policy,
so that the policy is exposed to a wide variety of partial and

sparse goals, following [59]. We operate at the level of rigid
bodies, including objects with following three rules:
Body-Wise Masking. Visibility is enforced at the body
level. For each rigid body, we maintain a single binary vari-
able. If it is false, all all state features associated with that
body at time ¢-+k are masked out, positions, orientations,
and linear and angular velocities. The same rule applies to
the entries in the interaction vectors D, and the contact
state Cy,k, defined in Sect. 3.1, which are masked or re-
vealed together.

Independent Sampling in Rigid Bodies. At each horizon
offset k, each body is sampled independently according to
a fixed Bernoulli distribution: human-state and interaction
components are revealed with probability 0.1, and object
components with probability 0.5. This procedure produces
diverse, randomly constructed combinations of visible and
masked human, object, and contact features, rather than re-
lying on any task-specific mask templates.

Temporal Consistency of Masks. To avoid flickering
visibility, masks evolve over time with a high probability
of staying the same and a small probability of being re-
sampled. Concretely, for £k > 1 we define a first-order
Markov process:

My = mitr—1,
o Bernoulli(p;), with probability preser.

with probability 1 — preset,

Here preser = 0.01 ensures that once a body is masked or
unmasked, it tends to remain in that state for multiple steps,
while occasional resets still diversify the masks. The visi-
bility probabilities p,;, follow the design above.

C.3. Task Definition for Inference

During inference, masks are constructed according to the
target task. For a given task, the visibility pattern remains
fixed throughout the rollout. The only exception is the
multi-goal chaining setting, where we resample a new mask
whenever the controller transitions to the next sub-goal.
Snapshot-Conditioned Control. We unmask the long-
horizon snapshot. We still apply the consistent per-body
sampling to determine which body or object components
are revealed. All short-horizon preview are fully masked.
Trajectory-Conditioned Control. We unmask the short-
horizon preview. Following the same per-body sampling,
we reveal only a subset of the joint or object components.
The long-horizon snapshot goal is retained.
Contact-Conditioned Control. Contact goals are imple-
mented as a special case of snapshot conditioning in which
we reveal only contact-related information. Specifically, we
unmask the contact entries of C}, the associated signed-
distance fields D; (defined in Sec. 3.1), and the relevant
human body parts. To avoid ambiguity in the target, we
additionally unmask the object pose in the snapshot frame.



Multi-Goal Chaining. For multi-goal chains, we extract
data by concatenating different data sequences. Specifi-
cally, we canonicalize each subsequent first frame with re-
spect to the previous last frame. Canonicalization is per-
formed by aligning the human root position (excluding
height), and heading, i.e., rotation around the vertical z—axis
only, rather than the full SO(3) orientation. Because this
transformation is applied with respect to the human frame
only, the object frame may become partially misaligned af-
ter canonicalization. As a result, we do not expect the pol-
icy to perfectly satisfy all chained goals, especially when
object-relative alignment becomes extremely inconsistent.
Nevertheless, the presence of a long horizon makes the pol-
icy possibly compensate for canonicalization artifacts.

D. Additional Details on Methodology

This section expands the reward and loss formulations, as
well as additional details for the three stages of our frame-
work: (I) InterMimic+ expert training (extending Sec. 3.2),
(II) variational distillation (extending Sec. 3.3), and (IIT)
RL post-training (extending Sec. 3.4).

D.1. InterMimic+: Full-Reference Imitation Ex-
pert

Reference-Free Reward for Expert. Here we introduce
the detailed formulation of the hand reward 7. Let p de-
note the position of the thumb fingertip and {p, };es the
positions of the other fingertips, with g7 and {q; }jes be-
ing their respective nearest surface points on the object.
We define unit bearing vectors from the object surface to-
ward the fingertips as ur = (pr—qr)/llPr—qr|l and
u; = (p;—q;)/llp; — q;ll, j € S. The reward is defined as

1 1-uju;
rn, = exp(—wpey ), where ey, = l—15 djes —3 *,and

wy, increases as the hand-object distance decreases, activat-
ing only when the reference indicates an upcoming interac-
tion. This reward encourages all five fingers to maximize
upcoming surface contact with the object.

D.2. InterPrior: Variational Distillation

Here we introduce the formulation for our proposed losses
for variational Distillation. Let p,, , and 3, ; denote the
prior’s mean and covariance at time ¢, i.e., N(up’t, 3 =
pw(zt | 10, Gi).

(I) Scale loss. We regularize the prior mean to lie on the
unit hypersphere. This is to prevent the output mean from
collapsing or exploding, with the use of latent normaliza-
tion:

L:scale = Et [(”prt”Q - 1)2] .

(IX) Temporal consistency loss. To obtain a smooth latent
prior over time, we use L to penalize changes in the prior
distribution across consecutive timesteps using the squared
2-Wasserstein distance between Gaussians.

(IIT) Goal reconstruction loss. The decoder includes an ad-
ditional head that predicts future goal features conditioned
on the latent. Let ¥, denote the predicted goal at offset
k and my the input mask used to construct the masked
residual goal. We train this head to complete the masked
entries of the goal, i.e., those that were hidden from the pol-
icy input. Formally, the goal reconstruction loss is

Loon = Eei[[|(1 = mes) © s — vern) |-

where © denotes element-wise multiplication and 1 is an
all-ones vector. This loss encourages the latent z; to capture
intent and context sufficient to reconstruct the missing parts
of the goal, given only the visible subset provided by the
mask. In practice, we reconstruct short future with k = 1.

D.3. InterPrior: Post-Training Beyond Reference

Get-Up Training. To learn the get-up behavior, in addition
to the new learnable token as discussed in Sec. 3.4, we intro-
duce an auxiliary reward that becomes active, with episodes
initialized from a fallen state. The reward encourages both
elevation of the pelvis and reorientation of the torso toward
an upright configuration:

peetup _ Wheight O'(ht — htarget) + Wupright O'(Ilt . nup)? (1)

where h; is the pelvis height, Rrger 15 set as 0.7, n; is the
torso’s up vector, ny, is the world up direction, and o()
denotes a clipped linear shaping function.

Distributed Training. To mitigate catastrophic forgetting,
we divide the parallel simulation environments into three
groups: (I) RL environments, optimized solely with the
post-training reward r-'T; (II) Distillation environments, op-
timized using the ELBO objective and supervised by the
expert policy, as described in Sec. 3.3. The policy param-
eters are shared across all environments. Gradients are ag-
gregated synchronously to update the shared policy.

Mask Prompt Engineering during Inference. To fur-
ther enhance robustness during inference without additional
learning, we apply lightweight mask-based prompting over
the goal specification G; (Sec. 3.1): (I) When following
a trajectory and the state lags behind, we remove the tra-
jectory goal but redefine the nearest waypoint as the snap-
shot goal. (II) For snapshot goals with distant target joints
(>1m), we retain only the root translation goal while mask-
ing out all other components, prompting locomotion be-
fore fine manipulation. (III) When human-object targets
are contradictory, e.g., both are moving but no grasp is es-
tablished, we set the human root goal to the current object
position while maintaining root height, masking all other
joints. This encourages natural re-approach and regrasping
behaviors. These inference-time edits operate solely on the
goal G, while the policy parameters remain fixed.



Finetuning on Additional HOI Datasets. The same fine-
tuning mechanism naturally extends to absorbing new in-
teraction datasets. Given any additional HOI corpus (e.g.,
BEHAVE [3] or HODome [96] in Sec. 4), states from such
new dataset are treated as additional sources of long-horizon
goals and initializations for RL rollouts, while the distil-
lation group continues to regularize the policy toward the
original prior. This allows InterPrior to incrementally ac-
quire new object categories and interaction styles without
retraining from scratch.

E. Implementation Details

This section summarizes key implementation details, in-
cluding network configurations, hyperparameters, random-
ization settings used for expert training, and additional tech-
niques used during G1 training for sim-to-sim experiments.
PPO Setup. For both the expert and RL finetuning stages,
we use PPO with generalized advantage estimation (GAE)
and a clipped surrogate objective, and train with Adam. Fol-
lowing common practice [47], we keep the PPO discount
factor v, GAE parameter A, clip ratio, and entropy regular-
ization as shown in Table B, and apply gradient clipping.
InterMimic+: Full-Reference Imitation Expert. The In-
terMimic+ expert policy and critic are MLPs with three hid-
den layers of sizes (1024, 1024, 512), using ReL.U activa-
tions. Actor and critic are parameterized separately, and the
critic outputs a scalar value with full observation and refer-
ence as input. Please refer to [88] for more details.
InterPrior: Variational Distillation. The encoder and de-
coder used for variational distillation share the same MLP
backbone with hidden sizes (1024,1024,512). The prior
py is implemented as a 4-layer Transformer encoder with
4 attention heads, a latent dimension of 512, and a feedfor-
ward width of 1024. For the distillation objective (Sec. D),
we use unit weight for the action reconstruction loss, and
assign a weight of 10~ to all auxiliary terms (goal recon-
struction, scale loss, and temporal consistency loss). The
KL regularizer follows a [3-VAE style schedule: the KL
weight /3 is annealed from 10~3 to 1.0 over the course of
training. We first perform 500 epochs of warm-up using
only teacher-controlled rollouts, and then gradually increase
the fraction of student-controlled rollouts [53] until epoch
10, 000, at which point 95% of environments are driven by
the student policy while the remaining 5% always use the
teacher for fresh expert trajectories.

InterPrior: Post-Training Beyond Reference. For the
post-training stage, we retain the same loss weights used
for the distillation branch, and combine with the PPO loss
weights specified in Table B for the RL branches.
Inference Efficiency. The runtime breakdown is: observa-
tion 20.16,ms, physics 19.02,ms, policy inference 0.43,ms,
SDF 0.134,ms, and other overheads 0.057,ms, highlighting
the policy’s potential for real-world deployment.

Table B. Hyperparamters for training teacher and student policies.

Hyperparameters value
Discount factor 0.99
Generalized advantage estimation A | 0.95
Learning rate 2e-5
Action loss weight 1
Critic loss weight 5
Action bounds loss weight 10
Minibatch size 16384
Horizon length H 32
Maximum episode length 300

Table C. Additional reward terms for G1 used in Stage I expert
training. Here, T denotes the vector of joint torques with elemen-
twise limits [Tmin, Tmax|; g and g are joint degrees and veloc-
ities with limits [g,,,;,,, @may); @ is the control action at time ¢;
w and v are the base (root) angular and linear velocities; Fleet ig
the vertical ground-reaction force at the feet; v™*' is the tangential
(ground-plane) velocity of the feet; dp. is the horizontal distance
between the two feet, with desired bounds [dumin, dmax]; gy is
the projection of the gravity direction onto the foot frame’s ground
plane; 1(-) and Liermination are indicator functions. All norms || - ||

and || - ||2 are Euclidean.

TERM EXPRESSION WEIGHT
Penalty:
Torque limits (7 ¢ [Tmin, Tmax)) 2
DoF position limits 1(q ¢ [dumins Gmax]) 5
Energy I ol 104
Termination Ltermination —30
Regularization:
DoF velocit q/13 4x1074
y qll2
Action rate lla.ll3 0.1
Torque T 2x 1073
q
Angular velocity [lw]? 0.01
Base velocity [[v]? 0.1
Foot slip L(FRe > 5.0) - /[Jofeet]| 0.03
1 -100 dieer — dimin, —0.5
Feet distance reward 2 CXII)< ma{dies = 51 0.5
+ 5 exp (=100 [max(dgeer — dinax 0)|)
Feet orientation llgfect|| 1

F. Additional Experimental Results

In this section, we introduce metric details, provide supple-
mentary qualitative results, and discuss failure cases.

Additional Details on Evaluation Metrics. For trajectory-
following tasks, we evaluate the policy at each timestep by
comparing the rollout state with the corresponding refer-
ence, and compute pose and object errors only over the
unmasked components. For snapshot goal-following tasks,
there is no time-aligned reference trajectory. Instead, we
compute the error between the rollout state and the snap-
shot goal at every timestep and report the minimum of this



Figure A. Additional qualitative comparisons with baseline method [59, 60] (Top). Our InterPrior shows higher success rate under the

same task goal.

Table D. Range of dynamics randomization. “default” refers to
the parameter value from the unitree G1 official 29DoF model.
Ugy is the planar (horizontal) push velocity.

Term Range / Value

Dynamics randomization

Friction coefficient U(1.0, 3.0)
Base CoM offset U(-0.05, 0.05) m
Base mass offset U(-3.0, 3.0) kg

P gain scaling U(0.8, 1.2) x default

D gain scaling U(0.8, 1.2) x default

External perturbation

Push robot interval = 4s, v, = 1m/s

distance over the rollout. This reflects whether the policy is
capable of reaching the target configuration.

Diverse Behaviors Under the Same Goal. Beyond the ex-
amples shown in the main paper, Figure B illustrates how
InterPrior behaves diversely given the same goal, showing
that our learned latent space is meaningful and is able to
capture diverse behaviors.

Integration with Kinematic HOI Generators. To demon-
strate that InterPrior’s generalization, we integrate it with
InterDiff [84] that produces physically unconstrained inter-
action trajectories. The integration proceeds as follows: (I)
the kinematic generator produces a 25 frames of human-
object poses given the past 15 frames following [84]; (II)
we convert these sequences into our goal representation by
extracting snapshot and trajectory goals; and (IIT) we feed
these goals into InterPrior. The result is shown in Figure C.

G. Discussion

Limitations and Future Work. InterPrior is still bounded
by the coverage and quality of its training data: highly cor-
rupted or unseen interaction patterns are not reliably recov-
ered, and in such cases the policy often defaults to con-
servative strategies, maintaining balance without fully solv-
ing the task. Our model is tailored to rigid object, and we

Figure B. Qualitative results given the same goal. Our framework
produces multiple valid yet distinct interaction trajectories.

Figure C. Qualitative results of InterPrior following the targets
generated by InterDiff [84] (ve//ovw and red dots). InterPrior adap-
tively completes the task without strictly adhering to the targets,
using only sparse inputs of wrist, feet, and object target.

still observe occasional artifacts such as shallow interpen-
etrations, foot skating, or failure cases such as object drop
over long rollouts. The current hand and contact represen-
tation is also not designed for fine-grained finger dexter-
ity or in-hand manipulation. Finally, our three-stage train-
ing introduces additional complexity and hyperparameters.
Future work includes expanding dataset diversity, incorpo-
rating richer hand models, and simplifying or unifying the
training scheme.

Societal and Ethical Considerations. InterPrior enables
more general-purpose, physically grounded humanoid con-
troller, which can be beneficial for animation, simulation,
and robotics, but also raises potential risks. More capable
humanoid controllers could be deployed in unsafe settings
or for applications that conflict with societal norms (e.g.,
surveillance or coercive scenarios). We therefore encourage
careful consideration of safety mechanisms, usage policies,
and ethical guidelines when applying this type of model be-
yond controlled research environments.
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