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Supplementary Material

In this Supplementary Material, we provide additional
experiments and method details that were not included in
the main paper due to space constraints. The reader is en-
couraged to watch our supplementary video which includes
temporal results of our method, comparison with baselines
and ablation results.

S.1. Kinematic to Simulation HOI States

Following prior work [2–5, 9, 16], for the human, we con-
vert SMPL-H [10] parameters into the humanoid URDF [8]
format with position states. Specifically, the humanoid
URDF is instantiated using the SMPL-H body shape β,
which determines the humanoid skeleton. The humanoid’s
degree-of-freedom (DoF) states are obtained directly from
the SMPL-H body pose parameters θ. Similarly, the hu-
manoid’s global translation and global orientation are taken
from the corresponding SMPL-H global transformation.
For the object, the parameters used in simulation are iden-
tical to those in the kinematic reconstruction, both repre-
sented as a 6DoF pose. We use IsaacGym [6] as our physics
simulator. The hyperparameters and the physical parame-
ters of objects are shown in Table S.1.

S.2. Detailed Reward Functions

In this section, we discuss the detailed form of the rewards
used when training our policy.
Human Motion Reward. The human motion reward, rh

t ,
encourages accurate reproduction of the reference human
pose, translation, linear velocity, and angular velocity:
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Object Motion Reward. Similarly, the object motion re-
ward, ro

t , enforces that the object orientation, position and
linear velocity is consistent with the corresponding quanti-
ties of the reference object motion:
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Hyperparameter Value

Sim dt 1/60s
Control dt 1/30s
Number of envs 1024

Number of substeps 2
Number of pos iterations 4
Number of vel iterations 0
Contact offset 0.02
Rest offset 0.0
Max depenetration velocity 100

Ground restitution 0.7
Object & ground friction 0.9
Object contact restitution 0.1
Object contact damping 1000
Object contact stiffness 30000
Object contact rest offset 0.015
Object density 500
Object max convex hulls 64

Table S.1. Simulation hyperparameters used in Isaac Gym [6].
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Contact Reward. We incorporate a contact-consistency
cost, rc

t , that measures discrepancies between predicted and
reference contact states for both hands. We want to high-
light that our policy utilizes the minimum contact guidance,
i.e., binary hand contacts, without the need for annotations
of contact points, nor other contact region. Our method can
automatically obtain and update the reliable contact points.
For the reference hand contact label ĉt, we give the left hand
and right hand a binary label respectively, by identifying
whether the hand vertices’ minimum distance toward the
object is smaller than 1cm, from the ground truth mesh. We
obtain the hand contact state ct in simulation through the
force sensor on the humanoid hand.

The contact points are defined as pairs between the hand
joints and the objectvertices that are in contact. Since the re-
sults from kinematic reconstruction are noisy, the estimated



contact points are typically inconsistent and not reliable.
Therefore, we set the contact points to be undefined when
we start the RL training and we anticipate to obtain better
contact points during training. With our adaptive sampling
and the mechanism of dual propagation with kinematics up-
date, we can identify the successful rollouts with good con-
tacts. The update of the contact points means that we keep
track of the contact points of these successful rollouts (i.e.,
the index of the object vertices closest to every hand joint).
Overall, we have:
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Here, pcht and pcot are the positions of a paired hand joint and
object vertex respectively that are in contact, while λc, λcp

are hyperparameters controling the reward weights. The
second term is considered only when the contact points have
been updated.
Interaction Distance (Proximity) Reward. The interac-
tion distance (proximity) reward, rd

t , encourages the human-
object spatial relationship to match the kinematic reference:

rd
t = exp

(
− λdEd,t

)
, Ed,t = ∥dt − d̂t∥22. (11)

Here, dt is calculated using the minimum distance of every
human joint towards the object vertices and λd is a reward
hyperparameter.

Finally, as is standard in related work [5, 13, 16], we also
include an energy-based reward. This term is common in
prior approaches, but we include it here for completeness.
Energy Reward. The energy reward, re

t , penalizes abrupt
motion and sudden contact forces, encouraging smoother
and more stable human-object interactions. The energy
terms are defined as:
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where ah,t denotes human joint accelerations, ao,t the ob-
ject acceleration, and ft the contact forces on human rigid
bodies. The final energy reward is:
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weights of the corresponding terms. All the reward weights
are shown in Table S.2.

Reward Weight Value
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λd 5
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Table S.2. Reward weights in our RL training.

Hyperparameter Value

Action distribution 153D Continuous
Discount factor γ 0.99
Generalized advantage estimation λ 0.95
Entropy regularization coefficient 0.0
Optimizer Adam [1]
Learning rate (Actor) 2e-5
Learning rate (Critic) 1e-4
Minibatch size 16384
Horizon length H 32
Action bounds loss coefficient 10
Maximum episode length 300
Number of epochs 2000

Table S.3. Hyperparameters used in our RL training.

S.3. Algorithmic details

In this section, we provide more details of our algorithm. In
our implementation, we store the kinematics, contact points
and rollout information in a buffer with 3 slots for each
frame. In our adaptive sampling, the sampling rate of a cer-
tain frame is proportional to the average length of stored
rollouts in its slots. During RL training, for the kinemat-
ics buffer used for initialization, if a rollout passes a certain
frame, it will replace the associated kinematic in the buffer
if the remaining length is 10 frames longer than the shortest
length in the slots or if the difference is within 10 frames but
the rollout has a higher reward than stored rollout rewards.
When the kinematics get updated, we also update with the
associated rollout length, contact point and rewards. Since
the calculation of rollout length is different for forward and
backward process, we have different buffers for the forward
and backward process. For each direction we have buffers,
one for the direction itself and one for the inter-direction
update. We also have another separate buffer used for the
tracking target for different direction. The conditions for
inter-direction cross update and tracking target update are
stricter than the intra-direction update. Please see Algo-
rithm 1 for a quick summary, or Algorithms 2 and 3 for
more details. The input parameters γ, Lvalid 1, Lvalid 2, m,
n1, n2, and Traverse RSI Epochs are 0.99, 25, 40, 10, 30,



Algorithm 1 Adaptive Sampling and Kinematics Update

1: Input: Noisy kinematic sequence K of length T ,
threshold m, discount factor γ, valid length threshold
Lvalid, pre-trained policy πpre

2: Output: Kinematic Buffer B, trained policy π
3: Initialize B, where each frame t has 3 slots storing
{K[t],None, 0, 0} for {Kin, CP, L,R}

4: Initialize policy π ← πpre
5: for epoch = 1, 2, . . . do
6: Sample tstart ∈ {1, . . . , T} with P (t) ∝∑3

s=1 B[t][s].L ▷ Adaptive sampling
7: Sample sstart ∈ {1, 2, 3} with P (s) ∝ B[tstart][s].L
8: Kininit ← B[tstart][sstart].Kin
9: Execute rollout initialized from Kininit at frame tstart

using π, terminating at tend
10: Let τ be the collected trajectory with step rewards
11: if tend− tstart ≤ Lvalid then U ← {tstart} else U ← τ
12: for each frame t ∈ U do ▷ Buffer update
13: Lnew ← |tend − t|
14: Rnew ←

∑Lnew
k=0 γ

krt+k

15: Obtain physics state Kinnew and contact point
CPnew from simulation at frame t

16: smin ← argmins B[t][s].L ▷ Get the worst slot
17: Retrieve {Lmin, Rmin} from B[t][smin]
18: if (Lnew > Lmin + m) or (Lmin < Lnew ≤

Lmin +m and Rnew > Rmin) then
19: B[t][smin]← {Kinnew, CPnew, Lnew, Rnew}
20: end if
21: end for
22: end for

60, and 30, respectively.

S.4. Comparison using InterTrack

InterTrack [15] is a state of the art template-free 4D HOI
reconstruction method. For our pipeline, this can be used
as an alternative to VisTracker for providing the input kine-
matic reconstruction. One challenge with InterTrack is that
it produces time-varying scales for both the human and the
object, giving inconsistent shapes across time. This is prob-
lematic for simulation, which requires fixed human and ob-
ject scales. Regardless, we evaluated InterTrack as initial-
ization in Table S.4. We report results on 9 clips from BE-
HAVE. The results are consistently worse compared to us-
ing VisTracker, which we attribute to the aforementioned
time-varying scale. However, we observe the same trend,
where our method using InterTrack initializations performs
better than InterMimic with InterTrack input.

Method InterTrack VisTracker
SR-B↑ SR-F↑ SR-B↑ SR-F↑

InterMimic (direct) 0 3.7 0 7.6
InterMimic (ft) 11.1 27.4 22.2 34.2
Ours 44.4 60.5 66.7 73.6

Table S.4. Comparison with InterTrack Reconstruction. We
report results on 9 sequences from BEHAVE.

S.5. Training Details
Our method adopts a single-sequence optimiza-
tion paradigm [7, 13] instead of a universal phys-
ical tracker [5, 16]. The control policy π is
trained using PPO [12] with the policy gradient
L(ψ) = Et[min(rt(ψ)At, clip(rt(ψ), 1 − ϵ, 1 + ϵ)At)].
Here, ψ are the parameters of π, and rt(ψ) quantifies the
difference in action likelihoods between the updated and
old policies. ϵ is a small constant, and At is the advantage
estimate given by the generalized advantage estimator
GAE(λ) [11]. The training parameters are shown in
Table S.3. Each sequence takes about 16 hours on a A6000
GPU for training.

S.6. Evaluation Details
Why different values of our method on 3D metrics in
comparison with VisTracker [14] and InterMimic [16].
For comparison with VisTracker (Table 1), results on 3D
metrics are evaluated on the successful segments of our
physical tracker. In terms of fairness, failure cases of our
physical tracker can be reliably detected, and in such cases
the kinematic estimate can be used as a fallback. For com-
parison with InterMimic (Table 2), results on 3D metrics
are evaluated on intersection of successful segments of our
physical tracker and InterMimic. We follow this choice be-
cause it is meaningless to evaluate on failure rollouts (e.g.,
object drop, humanoid fall down). We report the successful
frames on BEHAVE and InterCap dataset in Table S.5 for
the comparison of our method with VisTracker, and in S.6
our method with InterMimic.
Early Termination and Failure Detection. Following In-
terMimic [16], the early termination during training and the
failure during evaluation are triggered whenever any of the
following conditions occur: (i) object points deviate from
their reference kinematics by more than 0.5 m on average,
(ii) required body-object contact is lost for over 10 consecu-
tive frames, (iii) the humanoid root joint is under the height
of 0.15 m, (iv) the humanoid joints are, on average, more
than 0.5 meters from their reference kinematics. The refer-
ence kinematics here denotes the kinematic reconstruction
results because we do not want the policy to have access to
ground-truth kinematics before evaluation on 3D metrics.



Algorithm 2 Adaptive Sampling and Kinematics Update (Part 1)

1: Input: Noisy kinematic sequence K of length T , discount factor γ, valid length thresholds Lvalid 1, Lvalid 2, pre-trained
policy πpre, thresholds m,n1, n2

2: Output: Initialization self Forward Buffer BFself, Backward Buffer BBself, Tracking Target Buffers BF
track, BB

track, policies
πF , πB

3: Initialize self buffers BFself and BBself, where each frame t has 3 slots storing {K[t],None, 0, 0} for {Kin, CP, L,R} ▷
kinematics, contact points, rollout length and reward

4: Initialize cross buffers BFcross and BBcross, where each frame t has 3 slots storing {K[t],None, 0} for {Kin, CP, L} ▷
prepared for intra-direction update

5: Initialize tracking buffers BFtrack and BBtrack, where each frame t has 1 slot storing K[t] for Kin
6: Initialize flags AdaptiveModeF ← False and AdaptiveModeB ← False
7: Initialize policies πF ← πpre and πB ← πpre
8: for epoch = 1, 2, . . . do
9: for direction d ∈ {F,B} in parallel do

10: if not AdaptiveModed and epoch > Traverse RSI Epochs and
∑T

t=1

∑3
s=1 I(Bdself[t][s].L > Lvalid 1) > 3 then

▷ I(·) is indicator
11: AdaptiveModed ← True
12: end if
13: if not AdaptiveModed then
14: Sample tstart uniformly without replacement from {1, 2, . . . , T} ▷ Traverse RSI
15: Kininit ← K[tstart]
16: else
17: Sample tstart with probability ∝

∑3
s=1 Bdself[tstart][s].L ▷ Adaptive sampling

18: Sample sstart ∈ {1, 2, 3} with probability ∝ Bdself[tstart][s].L
19: Kininit ← Bdself[tstart][sstart].Kin
20: end if
21: Execute rollout initialized from Kininit at frame tstart using πd, terminating at tend
22: Let τ be the collected trajectory with step rewards
23: if not (AdaptiveModed and tend − tstart > Lvalid 2) then U ← {tstart} else U ← τ
24: for each frame t ∈ U do ▷ Intra-direction update
25: Obtain physics state Kinnew and contact point CPnew from simulation at frame t
26: Lself

new ← |tend − t| ▷ Update self buffer

27: Rnew ←
∑Lself

new
k=0 γ

krt+k

28: sself
min ← argmins Bdself[t][s].L

29: Retrieve {Lself
min, R

self
min} from Bdself[t][s

self
min]

30: if (Lself
new > Lself

min +m) or (Lself
min < Lself

new ≤ Lself
min +m and Rnew > Rself

min) then
31: Bdself[t][s

self
min]← {Kinnew, CPnew, L

self
new, Rnew}

32: end if
33: Lcross

new ← |t− tstart| ▷ Update cross buffer
34: scross

min ← argmins Bdcross[t][s].L
35: Retrieve Lcross

min from Bdcross[t][s
cross
min ]

36: if Lcross
new > Lcross

min then
37: Bdcross[t][s

cross
min ]← {Kinnew, CPnew, L

cross
new }

38: end if
39: end for
40: end for

For condition (ii), we only consider hand-object contact be-
cause we only incorporate reference hand contact label in
our method and InterMimic finetune.
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