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Abstract

Synthesizing realistic human-object interaction (HOI) is es-

sential for 3D computer vision and robotics, underpinning

animation and embodied control. Existing approaches of-

ten require manually specified intermediate waypoints and

place all optimization objectives on a single network, which

increases complexity, reduces flexibility, and leads to errors

such as unsynchronized human and object motion or pen-

etration. To address these issues, we propose Decoupled

Generative Modeling for Human-Object Interaction Syn-

thesis (DecHOI), which separates path planning and ac-

tion synthesis. A trajectory generator first produces human

and object trajectories without prescribed waypoints, and

an action generator conditions on these paths to synthe-

size detailed motions. To further improve contact realism,

we employ adversarial training with a discriminator that

focuses on the dynamics of distal joints. The framework

also models a moving counterpart and supports responsive,

long-sequence planning in dynamic scenes, while preserv-

ing plan consistency. Across two benchmarks, FullBody-

Manipulation and 3D-FUTURE, DecHOI surpasses prior

methods on most quantitative metrics and qualitative eval-

uations, and perceptual studies likewise prefer our results.

1. Introduction

Realistic human-object interaction synthesis (HOI) is a fun-

damental task with broad impact in computer vision and

robotics [2, 3, 5, 26, 46]. These capabilities form the ba-

sis of modern 3D systems, enabling human motion ani-

mation and humanoid control [27, 48, 56]. Synthesizing

interaction requires perceiving the pose of the object and

awareness of the target goal, followed by the generation

of a plausible sequence of human joint configurations that

performs the required manipulation safely and intention-

ally [1, 47, 50, 51]. Recent approaches [24, 43] rely on

interpretable natural language instructions to specify tasks,

yet producing interactions that are faithful to the prompt
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Figure 1. Overview of DecHOI for dynamic human-object interac-

tion synthesis. The framework decouples trajectory planning and

interaction synthesis, enabling collision detection and responsive

re-planning for realistic, contact-consistent motion.

while keeping realism and diversity remains a difficult chal-

lenge. Prior methods [24, 43] generate 4D motion se-

quences of humans and objects by conditioning a diffusion

model on path waypoints and text instructions. While these

methods provide a strong foundation for interaction mod-

eling that is capable of producing desired behaviors, this

design introduces two challenges: i) reliance on specified

intermediate waypoints that the human must follow, and ii)

high optimization complexity from assigning the entire ob-

jective to a single denoising network. Specifically, for the

first challenge, at inference time, the user must manually

provide not only the start and goal points but also interme-

diate waypoints. Such reliance on externally supplied con-

straints narrows the model’s generative scope and reduces

autonomy, while introducing procedural burden for the user.

For the second challenge, HOI requires the model to simul-

taneously resolve the motion of both the human and the ob-

ject in every frame. Assigning all objectives to a single net-

work elevates optimization complexity and risks practical

intractability. The resulting complexity often produces un-

synchronized interactions, such as hovering or penetration

of objects, which harms plausibility and degrades overall

quality. These observations motivate us to design a new in-

termediate representation that is simple, flexible, informa-

tive, and still enables interactions that remain faithful to the
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instruction and plausible for HOI generation.

To this end, we propose Decoupled Generative Modeling

for Human-Object Interaction Synthesis (DecHOI), a novel

framework that generates trajectories and motions as sep-

arate processes. In DecHOI, a trajectory generator (TG)

first produces human and object trajectories, and an ac-

tion generator (AG) then synthesizes detailed actions con-

ditioned on the generated paths. This decoupling allows the

TG to produce diverse and accurate paths without reliance

on specified waypoints, while the AG focuses exclusively

on human actions and object motion, capturing more fine-

grained details. Partitioning the model into two lightweight

expert networks reduces the optimization complexity for

each branch and mitigates unsynchronized interactions.

Another key factor for human-level interaction is precise

hand and foot control [13, 28]. To improve the robustness of

hand and foot contact and reduce undesired penetration, we

introduce adversarial training applied to the object and to

the distal joints. A compact discriminator focuses on hand-

object interaction signals and foot dynamics, shaping the

learning distribution and enabling realistic control.

For applications, the previous model [24] enables 3D

scene-aware long-sequence interaction synthesis but re-

mains restricted to static environments. To overcome this

limitation, our framework models a moving counterpart and

equips the human agent to either avoid the counterpart or

wait, allowing it to respond to dynamic environments. This

improves practicality in dynamic scenes by aligning actions

with the plan and adapting to moving obstacles.

To validate the effectiveness of DecHOI, we evaluated

our method on the FullBodyManipulation [23] and ob-

served superior performance on most quantitative metrics

and qualitative assessments. We also report results on un-

seen objects from the 3D-FUTURE [9], demonstrating ro-

bustness and generalizability. For long-sequence interac-

tion synthesis, we present scenarios in indoor environments

furnished with diverse objects, where the human agent in-

teracts with a moving counterpart and reaches various goal

points by either avoiding the counterpart or waiting. The

summary of our contributions is as follows.

• We propose DecHOI, a decoupled framework that sepa-

rates trajectory generation from fine-grained action syn-

thesis, reducing optimization complexity and removing

the need for manual intermediate waypoints.

• We improve coordination between distal joints and an ob-

ject through adversarial training with a compact discrim-

inator, thereby reducing interpenetration.

• We enable responsive planning with a long-sequence

planner that dynamically adapts to moving counterparts,

supporting scene-aware interaction.

• Experiments conducted on various benchmarks demon-

strate that DecHOI achieves state-of-the-art performance,

surpassing previous methods in terms of realism, accu-

racy, and diversity.

2. Related Work

2.1. Human Action Generation

Human action generation aims to synthesize realistic 3D

motion sequences from conditioning signals such as text

descriptions, action labels, and joint-level constraints [8,

19, 30, 55, 57]. T2M [11] samples a motion length from

text and then synthesizes the motion with a temporal VAE

over motion snippet codes. MDM [39] adapts classifier-

free diffusion [15] with a transformer backbone for high-

fidelity motion, and PriorMDM [36] treats a pre-trained dif-

fusion model as a generative prior to enable controllable

composition. ACMDM [29] uses absolute global joint co-

ordinates in a streamlined transformer diffusion model, im-

proving fidelity and text alignment. OmniControl [44] adds

spatial constraints for any joint at any time using analytic

guidance with a learned realism prior, while MoMask [12]

enables text-guided temporal inpainting via masked gen-

eration with hierarchical motion tokens. However, these

works primarily address single human motion and neither

manipulate objects nor perceive or adapt to the surround-

ing scene [25, 41, 42]. In contrast, we target scene-aware

human-object interaction that avoids obstacles and manipu-

lates objects in accordance with the specified intent.

2.2. Human-Object Interaction Synthesis

Human-object interaction synthesis (HOI) takes text in-

structions or object state as input and generates purposeful

3D human-object motion [18, 37, 49, 54]. For example,

OMOMO [23] conditions on full per-frame object motion

and enforces contact by integrating hand kinematics during

whole body generation. CHOIS [24] and HOIFHLI [43]

show that per-frame object conditioning is unnecessary be-

cause language instruction paired with sparse 3D object

waypoints, together with the initial human and object states,

stabilizes intended behaviors. As a complementary effort,

CG-HOI [7] jointly generates human and object motion

with contact cues, using contact-guided conditioning to im-

prove realism. Despite these gains, a single network that

models trajectory, pose, and contact is still hard to opti-

mize and often produces desynchronization and contact ar-

tifacts. We instead decouple trajectory and action genera-

tion and apply contact-aware adversarial training, yielding

robust synchronized HOI.

2.3. Path-conditioned HOI

Path-conditioned HOI first specifies a long-term trajectory

via waypoints, object paths, or scene-level guidance, and

then synthesizes it at the motion level [4, 22, 52]. CHOIS

generates synchronized long-horizon human-object motion

in 3D scenes by conditioning diffusion on sparse object
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Figure 2. Architecture of DecHOI showing the decoupled trajectory and action generation process. Conditioned on the text instruction,

geometry, current human and object poses, and a goal point, the trajectory generator plans paths, while the action generator produces joint

motions on these paths to yield synchronized, contact-aware interactions. The right panels detail the Trajectory and Action Generators.

waypoints obtained from Habitat [35, 38] for the given

start and target positions. NIFTY [21] couples an object-

conditioned motion diffusion model with a learned inter-

action field that evaluates distances to a feasible interaction

manifold and guides sampling toward contact-consistent be-

haviors. OMOMO [23] takes per-frame object motion data

as input and synthesizes manipulation by denoising, in-

corporating hand motion to maintain contact during whole

body generation. However, in inference, these formulations

retain a fixed plan or guidance and therefore do not adapt to

external scene changes. By contrast, our method updates

the plan, enabling adaptation to external scene changes

while preserving high-level intent.

3. Method

Given an instruction, current human and object poses, and

a goal point, our framework synthesizes an interaction that

moves the object to the goal as instructed. As illustrated in

Fig. 2, we adopt a decoupled generation architecture with

a trajectory generator and an action generator (Sec. 3.2) to

reduce reliance on explicit waypoints and simplify the op-

timization objective. To improve contact realism and re-

duce interpenetration, we employ adversarial training with

a compact discriminator that focuses on the dynamics of

distal joints (Sec. 3.3). In Sec. 3.4, we present the over-

all optimization procedure and the inference-time guidance

strategies for our method.

3.1. Background: Denoising Diffusion Model

Denoising Diffusion Probabilistic Models (DDPMs) [16,

39] are generative models that learn to approximate com-

plex data distributions by gradually adding noise and then

removing it. This paradigm has become dominant in recent

work on human action generation [29, 36, 39, 44] and in-

teraction synthesis [23, 24, 43, 45]. The forward process

progressively corrupts a clean sample x0 by adding Gaus-

sian noise over N steps, defined as:

q(xn | x0) = N
(

xn;
√
ᾱnx0, (1− ᾱn)I

)

, (1)

where αn = 1 − βn and ᾱn =
∏n

s=1 αs. The forward

process is a Markov chain with Gaussian transitions. As

n increases, xn converges to an isotropic Gaussian. The

reverse process learns to invert this noising procedure with

a parameterized model pθ that progressively denoises xn to

recover clean data:

pθ(xn−1 | xn, c) = N
(

xn−1;µθ(xn, n, c), σ
2
nI
)

, (2)

where c denotes conditioning inputs such as text embed-

dings, object geometry, or start and goal states. Following

prior formulations [24, 43], our denoising network predicts

the clean sequence rather than the noise:

L = E
x0,n∼[1,N ]∥x̂0 − x0∥1. (3)

Predicting x̂0 has been found to yield better results for

motion data and allows guidance losses to be applied at each

denoising step.

3.2. Decoupled Generative Modeling

Jointly estimating and optimizing human and object poses

is non-trivial for a single network to handle. We address

this challenge with decoupled generative modeling that sep-

arates trajectory generation from action generation. At the

start of the pipeline the inputs are the object pose sequence

Po ∈ R
T×12 with T frames, where each frame contains the

global 3D position and a 9-parameter relative rotation ma-

trix, and the human pose sequence Ph ∈ R
T×Dh , where

Dh comprises global joint coordinates and per-joint 6D ro-

tation parameters. To ensure accurate interaction and in-

struction following, inputs also include object geometry

3



B ∈ R
1024×3 represented as a Basis Point Set (BPS) [33]

and a text instruction.

Trajectory Generator. We formulate the trajectory gener-

ator (TG) as a conditional denoising diffusion model [16].

Given an input sequence, we apply a forward noising pro-

cess for N steps following a Markov chain. For condition-

ing, the human and object poses of the start frame remain

clean, and the object position in the end frame is also kept

clean to set the goal point. Then these noisy data are con-

catenated with the geometry embedding Fobj ∈ R
D, com-

puted by a simple MLP encoder from B. We obtain the

conditioning input X ∈ R
T×(12+Dh+D) for the denois-

ing network. A transformer-based denoising network of TG

generates both global object and human trajectories that are

faithful to the instruction. For example, given the instruc-

tion “Lift the chair, move the chair, and put down the chair,”

the object trajectory rises in the early part of the sequence

and descends as it approaches the goal point. To learn this

alignment, we incorporate a text embedding Ftext ∈ R
D ob-

tained from a CLIP encoder [34] into the model inputs. In

contrast to prior methods [24, 43] that condition by con-

catenating the embedding along the sequence dimension,

we use a cross-attention layer to apply the conditioning ex-

plicitly, which yields stronger alignment between text and

motion features. Afterward, the TG yields continuous 3D

paths for the object T̂o ∈ R
T×3 and the human T̂h ∈ R

T×3.

Action Generator. Once reliable human and object trajec-

tories have been generated, we use them as richer condi-

tions. The action generator (AG) receives the same input

X as the trajectory generator (TG), except that the noisy

global positions of the object and the human root in all

T frames are replaced with the trajectories produced by

TG. This dense conditioning provides stronger priors and

reduces the complexity of the learning objective. AG is

a lightweight diffusion model that employs a transformer-

based denoising network with the same architecture as TG.

Given the conditioned noisy input, it generates the full pose

of the object P̂o ∈ R
T×12 and the pose of the human joints

P̂h ∈ R
T×Dh . The human pose generated is then used for

parametric human modeling, and we apply SMPL-X [32] to

reconstruct the human mesh and pose.

3.3. Adversarial Training for Distal Joints

Realistic human-object interaction (HOI) requires not only

plausible motion but also reliable contact [6, 10, 20]. Lan-

guage instructions such as “Lift the chair” or “Kick the

box” rely on distal joints in the hands and feet. Existing

models often cause the hands and feet to drift into empty

space or intersect objects [28, 46, 53]. To address these is-

sues, we introduce an adversarial training mechanism that

regularizes contact by focusing on the distal joints.

In general, the most reliable cue to decide whether an

input is real or fake is the distance between the object sur-
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Figure 3. Adversarial module of DecHOI, where a hand and foot-

focused discriminator contrasts real and generated interactions to

enhance contact realism.

face and the distal joints [6, 17, 28, 40]. In ground truth,

these distances are small due to complete contact, whereas

generated results often exhibit larger gaps. Optimizing the

generator so that the discriminator cannot distinguish real

from fake therefore acts as a regularizer that drives contact

toward completeness. Motivated by this observation, we de-

sign a compact discriminator D that differentiates real and

fake using distal joint kinematics together with object ge-

ometry. As shown in Fig. 3, D receives global coordinates

of the hands H ∈ R
T×2×3 and feet F ∈ R

T×2×3 over

all T frames, obtained by forward kinematics from the 6D

joint rotations. In addition, we sample M points from the

geometry of the object B to obtain B′ ∈ R
T×M×3 and ap-

ply the relative rotation and translation for each frame. For

real data, we feed clean inputs x, and for fake data, we use

the outputs x̂ produced by AG. The discriminator is trained

with the following loss:

LD =
1

T

T
∑

t=1

(

[1− s
(r)
t ]+ + [1 + s

(f)
t ]+

)

,

s
(r)
t = D(x)t, s

(f)
t = D(x̂)t,

(4)

where s
(r)
t and s

(f)
t denote the scores for real and fake

data at frame t. After completing the discriminator training

stage, we train AG to fool the discriminator by minimizing

the following generator objective:

LG = − 1

T

T
∑

t=1

s
(f)
t . (5)

Through adversarial training, the network enforces

higher contact fidelity and synthesizes realistic interactions.

3.4. Training and Inference

Objectives for Training. During optimization, the tra-

jectory generator (TG) and the action generator (AG) are

trained with distinct objectives. TG focuses exclusively

on planning trajectories. Given the input X , it produces

T̂0 = {T̂o, T̂h} and is trained to reconstruct the clean tra-

jectory representation T0 = {To, Th} with an L1 objective.

The loss is defined as:

4



Condition Matching Human Motion Quality Interaction Quality GT Difference

Methods Ts↓ Te↓ Hfeet↓ FS↓ Rprec↑ FID↓ DIV→ Cprec↑ Crec↑ CF1↑ Phand↓ Pbody↓ MPJPE↓ Troot↓ Tobj↓ Oobj↓
Lin-OMOMO [23] - - 10.04 0.44 0.45 16.81 6.65 0.75 0.56 0.59 0.70 0.65 17.45 29.20 75.65 -

Pred-OMOMO [23] 2.34 9.66 6.99 0.38 0.63 13.01 6.68 0.67 0.48 0.52 0.59 0.60 23.63 49.12 51.86 1.23

CHOIS [24] 1.92 8.01 6.15 0.41 0.68 1.58 8.31 0.74 0.53 0.58 0.66 0.61 18.86 44.04 51.86 1.23

HOIFHLI [43] 1.73 7.65 4.77 0.38 0.62 2.06 8.55 0.77 0.61 0.64 0.58 0.61 19.31 40.87 50.96 1.18

Ours (DecHOI) 1.59 6.91 4.42 0.38 0.72 0.33 8.86 0.80 0.64 0.67 0.53 0.54 15.27 25.47 22.96 0.86

Table 1. Quantitative comparison on the FullBodyManipulation [23] with CHOIS [24], HOIFHLI [43], and OMOMO [23] variants (Lin-

OMOMO and Pred-OMOMO) across four categories of evaluation metrics. Arrows indicate direction: (↑) means higher is better, (↓)

means lower is better, and (→) means closer to the real data value is better. The real-data DIV reference is 9.02.

Condition Matching Human Motion Quality Interaction Quality

Methods Ts↓ Te↓ Hfeet↓ FS↓ Rprec↑ FID↓ C% Phand↓
Lin-OMOMO [23] - - 7.92 0.48 0.57 8.85 0.26 0.20

Pred-OMOMO [23] 4.72 10.92 6.61 0.45 0.59 5.16 0.40 0.17

CHOIS [24] 5.75 10.28 4.20 0.42 0.61 2.04 0.46 0.18

Ours (DecHOI) 4.27 8.43 4.06 0.41 0.69 1.01 0.48 0.15

Table 2. Quantitative results on the 3D-FUTURE [9]. DecHOI

achieves better trajectory accuracy, motion stability, and contact

realism than CHOIS [24] and OMOMO [23] baselines.

LTG = ET0,n∼[1,N ]∥T̂0 − T0∥1. (6)

AG receives the same input X as TG, while the trajecto-

ries are kept clean. AG is trained to reconstruct the entire

motion P0 = {Po, Ph} from which the generator predicts

P̂0 = {P̂o, P̂h}. The reconstruction objective is:

LAG = EP0,n∼[1,N ]∥P̂0 − P0∥1. (7)

To further stabilize the reconstruction of the distal joints,

we add a forward kinematic loss. Using the predicted rel-

ative joint rotations, we compute global hand positions Ĥ0

and global foot positions F̂0 from the pelvis root. These are

supervised by clean distal joint positions H0 and F0 with:

LFK = ∥Ĥ0 −H0∥1 + ∥F̂0 − F0∥1. (8)

The total objective for training the generators combines

the reconstruction and adversarial terms:

L = λTGLTG + λAGLAG + λFKLFK + λGLG, (9)

where λTG, λAG, λFK, and λG are scalar weights that bal-

ance the contributions of the terms.

Inference-time Guidance. Inspired by previous work [24],

our model applies reconstruction guidance to regularize the

generation process. This design injects constraints at each

denoising step without retraining the network for a specific

purpose, which permits flexible control over the outputs.

The process is formally represented as:

P̃0 = P̂0 − αΣn∇Pn
F(P̂0), (10)

where F is a regularization objective and α controls the per-

turbation strength. In our implementation, F encourages

precise contact by penalizing distances between distal joints

and the object surface, and stabilizes stance by minimizing

deviations of foot joints from the ground plane to prevent

hovering and penetration. Additional details are provided

in the supplementary material.

4. Experiments

4.1. Datasets

Our experiments utilize two datasets designed to cap-

ture realistic human-object interactions across diverse in-

door environments, following the evaluation setup in prior

work [24]. i) FullBodyManipulation [23]: Comprising

about 10 hours of synchronized human-object motion se-

quences, this dataset covers 15 distinct rigid objects. We

consider only rigid body interactions and therefore exclude

sequences with articulated objects. Motion data from 15

subjects are used for training, with data from two additional

subjects reserved for testing, ensuring a consistent evalu-

ation protocol. ii) 3D-FUTURE [9]: Containing a broad

range of 3D furniture models. This dataset offers substantial

geometric diversity. To evaluate generalization to unseen

appearances and shapes, we substitute the 17 test objects

in FullBodyManipulation with unseen 3D-FUTURE mod-

els of the same categories, enabling systematic assessment

on previously unobserved instances.

4.2. Evaluation Metrics

Condition Matching. This metric evaluates how accu-

rately the generated motion aligns with the specified object

conditions. We measure the Euclidean distance between the

predicted and target object start and end positions Ts and Te

in the scene, reported in centimeters (cm).

Human Motion Quality. We evaluate realism and plau-

sibility with five metrics: foot height (Hfeet), foot slid-

ing (FS), R-precision (Rprec), Fréchet Inception Distance

(FID) [14], and Diversity (DIV ). Hfeet is the mean foot-

to-ground height. FS measures horizontal foot displace-

ment during stance, following [24]. Both are reported in

centimeters. Rprec (top-3) scores text-motion alignment.

FID compares generated and ground-truth motion distri-

butions in a learned feature space. DIV quantifies variation

across samples under the same condition.

Interaction Quality. This category evaluates interaction

accuracy and naturalness. We report hand-object contact

precision (Cprec), recall (Crec), F1 (CF1), and percent (C%)

as an overall contact reliability measure. We also report

hand-object (Phand) and body-object (Pbody) penetration to

quantify interpenetration depth (cm).

5
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Figure 4. Qualitative comparison of DecHOI with CHOIS [24] and HOIFHLI [43] on the FullBodyManipulation [23]. DecHOI produces

stable contacts, smooth motion, and accurate object trajectories, while prior methods show drift, penetration, or inconsistent coordination

between human and object motions.

Ground Truth Difference. This metric quantifies the de-

viation of generated motions from ground truth motions in

both spatial and rotational domains. We report mean per-

joint position error (MPJPE), root translation error (Troot),

and object translation error (Tobj) as Euclidean distances

in centimeters. Orientation consistency is evaluated with

object orientation errors (Oobj), computed as the Frobenius

norm of rotation differences.

4.3. Quantitative Analysis

We quantitatively evaluate our approach against

CHOIS [24], HOIFHLI [43], and two OMOMO [23]

variants (Lin- and Pred-OMOMO) implemented following

CHOIS on two datasets: FullBodyManipulation [23] and

3D-FUTURE [9]. Because our method does not require

specified intermediate waypoints, we evaluate all baselines

without intermediate waypoint inputs to ensure a fair

comparison. Note that Lin-OMOMO uses ground truth for

all object-related signals, so metrics that are not applicable

under this setting are reported as (–).

FullBodyManipulation. As shown in Tab. 1, our model

surpasses all baselines on most metrics. OMOMO [23]

variants condition on object pose at every frame, yet un-

der our extremely limited inputs they underperform in over-

all human motion and interaction quality. Methods rely-

ing on sparse object conditioning [24, 43] also degrade

on contact-related measures once waypoints are removed,

as the reduced conditioning increases task complexity and

leads to unsynchronized interactions. In contrast, DecHOI

simplifies the problem through decoupled modeling, allow-

ing the trajectory generator to produce accurate paths with

low condition matching error and to attain competitive DIV

with reduced reliance on waypoints. The resulting inter-

actions exhibit higher realism and stronger alignment with

instructions, as reflected by improved FID and Rprec. Al-

though contact accuracy and penetration scores often trade

off against each other, our adversarial training achieves bal-

anced performance across both and produces realistic inter-

actions. Further analyses and ablations are provided in the

supplementary material.

3D-FUTURE. To further evaluate the generalization ca-

pability of our approach, we test it on unseen 3D-FUTURE

samples that share the same object categories as those in

the FullBodyManipulation test set. As shown in Tab. 2, our

method maintains consistent trends across metrics, achiev-

ing strong trajectory accuracy and high contact reliability.

Moreover, the improved FID indicates better alignment

between generated and GT motion distributions. These re-

sults demonstrate that DecHOI effectively synthesizes real-

istic and coherent human-object interactions even for previ-

ously unseen objects, highlighting its robust generalization

and broad applicability across diverse objects.

4.4. Qualitative Analysis

In Fig. 4, we present qualitative comparisons among

CHOIS [24], HOIFHLI [43], and our DecHOI on the Full-

BodyManipulation [23]. As illustrated in the four scenes,

DecHOI consistently produces more stable and realistic in-

teractions. For the largebox scene, CHOIS and HOIFHLI

yield unstable object motion, leading to box hovering and

hand-object penetration. In contrast, DecHOI maintains a

firmly grounded trajectory and cleaner contacts through sta-

ble global path modeling. In the plasticbox scene, baselines

exhibit severe penetration between the human body and the

object, along with misaligned hand contacts. In contrast,

our adversarial training on distal joints mitigates these fail-

ures and enhances contact realism. For the tripod scene,
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down.”
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“Lift the woodchair, move the woodchair, 

and then place the woodchair on the floor.”

Figure 5. Qualitative comparison of DecHOI and CHOIS [24] on

the 3D-FUTURE [9], showing generalization to unseen objects.

both struggle with fine manipulation as the object drifts

and rotates inconsistently, whereas our decoupled frame-

work suppresses such unsynchronized artifacts and achieves

more coherent motion. Lastly, in the woodchair scene, prior

works show noticeable mesh intersection and incomplete

contact, while DecHOI produces stable contacts and precise

spatial alignment between the hand and object. As shown

in Fig. 5, we further compare CHOIS and DecHOI on two

unseen objects from the 3D-FUTURE [9]: largetable and

woodchair. CHOIS often fails to adapt to these novel ge-

ometries, leading to human-object intersection and motion

instability, whereas our method preserves accurate contacts

and smooth motion, demonstrating strong generalization to

unseen shapes. More qualitative results and analysis are

provided in the supplementary material.

Additionally, Fig. 6 visualizes the loss landscape to com-

pare the training objective complexity of CHOIS, which

uses a single network, and DecHOI. The surface of CHOIS

appears noisy and highly rugged with many local minima,

indicating sensitivity to initialization and unstable training.

In contrast, DecHOI exhibits a smoother landscape with

fewer local minima and more stable convergence. These ob-

servations suggest that our decoupled modeling effectively

reduces overall optimization complexity.

4.5. Long-term Dynamic Planning

To evaluate long-term and dynamic human-object inter-

actions, we introduce DynaPlan, which supports respon-

sive planning and scene-aware interaction generation under

multi-agent conditions. We equip both the agent and the

moving counterpart with circular influence radii and detect

potential collisions when their regions intersect. When a

collision is detected, we re-plan with A*, adaptively choos-

ing either a short detour or waiting to maintain goal-directed

and collision-free motion while accounting for the future

path of the counterpart. To handle uncertainty in that future

path, we predict it with a pre-trained trajectory prediction

network [31]. We evaluate performance on about 190 long-

sequence indoor scenarios. Further details are provided in

the supplementary material.

C
H
O
IS

D
e
c
H

O
I 

(O
u

r
s)

beta
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alpha (dx)
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Figure 6. Visualization of training loss landscapes for DecHOI and

CHOIS [24], demonstrating reduced optimization complexity.

Condition Matching Human Motion Quality Interaction Quality

Methods Ts↓ Te↓ Hfeet↓ FS↓ C% Phand↓ Pbody↓ Po→s↓ Ph→s↓
CHOIS [24] 2.19 8.05 3.14 0.43 0.78 0.73 0.73 1.00 0.83

Ours (DecHOI) 1.90 7.98 2.85 0.45 0.76 0.65 0.63 0.72 0.65

Table 3. Quantitative results between CHOIS [24] and DecHOI

for responsive long-term interaction synthesis on the DynaPlan.

Quantitative Results. Tab. 3 summarizes the quantitative

results for long-sequence human-object interaction synthe-

sis on the DynaPlan. Compared to CHOIS [24], DecHOI

achieves lower trajectory errors Ts and Te, along with re-

duced instability, resulting in smoother and more stable mo-

tion over extended sequences. For interaction quality, De-

cHOI shows clear improvements across all penetration met-

rics, including Phand, Pbody, Po→s, and Ph→s. Here, Phand

and Pbody measure the penetration depth between the hu-

man mesh and manipulated objects, while Po→s and Ph→s

quantify collisions between the object or human and the sur-

rounding static scene. Lower values on most metrics in-

dicate that DecHOI effectively minimizes interpenetration

and maintains collision-free trajectories even in cluttered in-

door environments.

These performance gains stem from the decoupled struc-

ture of the trajectory and action generators, which sepa-

rates global path planning from detailed motion synthe-

sis, combined with contact-aware adversarial learning that

enforces spatial consistency throughout long-horizon inter-

actions. Overall, DecHOI demonstrates superior stability,

plausibility, and contact accuracy in dynamic multi-agent

settings, outperforming CHOIS quantitatively.

Qualitative Results. Fig. 7 visualizes DecHOI operating

in two long-term dynamic indoor scenes from DynaPlan.

In both scenes, the agent encounters a moving counterpart

along its original path and initiates reactive re-planning to

maintain safe, goal-directed motion. Throughout these se-

quences, the agent maintains a continuous and valid tra-

jectory with the manipulated object, and the action gener-

ator smoothly adapts joint motions to the updated trajec-

tories. These results highlight DecHOI’s ability to sustain

collision-free and consistent coordination between human

and object across extended dynamic environments.
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Collision Detected

Original Direction

Re-planned Direction

Figure 7. Visualization of DecHOI in long-sequence dynamic environments. The human agent (blue) adaptively re-plans its path when

encountering a moving obstacle (green), choosing between detour and waiting behaviors to maintain goal-directed, collision-free motion.

Condition Matching Human Motion Quality Interaction Quality

Methods Ts↓ Te↓ FS↓ Rprec↑ CF1↑ Phand↓ Pbody↓
Baseline 1.72 7.92 0.35 0.67 0.65 0.58 0.60

w/ adversarial 1.68 7.78 0.39 0.64 0.66 0.53 0.57

w/ cross-attention 1.75 7.82 0.38 0.70 0.54 0.56 0.56

Ours (DecHOI) 1.59 6.91 0.38 0.72 0.67 0.53 0.54

Table 4. Ablation results for DecHOI on the FullBodyManipula-

tion [23], evaluating the contribution of each component.

4.6. Ablation Study

As shown in Tab. 4, we perform an ablation study on the

FullBodyManipulation [23] to analyze the effects of ad-

versarial training and text conditioning based on cross-

attention. The baseline, which uses only the decoupled gen-

erative modeling and concatenates text embeddings along

the sequence axis following prior work [24, 43], achieves

moderate performance but suffers from high penetration er-

rors and limited contact consistency. Introducing adversar-

ial training substantially reduces Phand and Pbody, indicating

improved realism and more stable interactions, although the

linguistic alignment measured by Rprec slightly decreases.

Conversely, adding cross-attention layers for text condition-

ing enhances Rprec by effectively capturing semantic intent,

but slightly degrades interaction quality due to weaker reg-

ularization. When both modules are combined in DecHOI,

the model achieves the best overall performance, simultane-

ously improving Rprec, CF1, and penetration metrics. These

results indicate that adversarial training enhances the ro-

bustness of distal joint interactions during object manipula-

tion, and that text conditioning based on cross-attention en-

ables more explicit transfer of semantic information across

modalities, leading to stronger alignment.

4.7. User Study
We conducted a user study to evaluate the perceptual

realism and text alignment of DecHOI compared with

CHOIS [24] and HOIFHLI [43]. For each comparison, a

total of 60 text-scene pairs, 30 per method, were randomly

sampled from our full test set, and 200 participants were

recruited via Amazon Mechanical Turk (AMT). Each par-

ticipant viewed two anonymized clips, each lasting about

CHOIS

HOIFHLI

Text Alignment

CHOIS

HOIFHLI

Interaction Quality

Prefer Ours Prefer Others

71.5 28.5

67.5 32.5

69.0

63.5

31.0

36.5

Figure 8. Stacked horizontal bars showing user preference

distributions for DecHOI compared with CHOIS [24] and

HOIFHLI [43] across two evaluation criteria: Text Alignment and

Interaction Quality.

four seconds, in random order and answered two questions:

i) which video better matches the text instruction (Text

Alignment), and ii) which video shows better human-object

interaction quality (Interaction Quality). Responses were

collected using a two-choice scale: Prefer Ours or Prefer

Others. As summarized in Fig. 8, DecHOI was consistently

preferred on both criteria across both baselines, confirming

that our decoupled framework yields motions that are se-

mantically faithful to textual instructions and more realistic,

stable, and natural than prior methods.

5. Conclusion

In this work, we propose a decoupled generative modeling

framework for human-object interaction synthesis that sep-

arates trajectory generation from fine-grained action gen-

eration. This formulation lowers optimization complexity

and enables the model to learn precise and stable motion,

which reduces temporal asynchrony and penetration. It also

removes the need for manually specified intermediate way-

points, improving practical applicability. Additionally, a

compact adversarial discriminator focused on distal joint

cues further improves interaction fidelity and strengthens

contact realism. We also present a dynamic planner that

delivers robust and adaptive path planning in long-horizon,

multi-agent settings, as demonstrated on the DynaPlan. Ex-

tensive quantitative and qualitative results show state-of-

the-art performance across major metrics, producing real-

istic and semantically aligned human-object interaction.
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Decoupled Generative Modeling for Human-Object Interaction Synthesis

Supplementary Material

Overview

In this supplementary material, we provide additional de-

tails and analyses to complement the main paper. Sec-

tion A summarizes the experimental setup, including key

implementation details and training and inference configu-

rations. Section B defines the evaluation protocols and met-

rics, while Section C introduces our reconstruction guid-

ance for improving hand-object contact and foot grounding.

Section D describes DynaPlan for collision-aware dynamic

planning, and Section E reports additional experiments, in-

cluding an ablation on the generator loss weight, compar-

isons under privileged waypoint supervision, and an oracle

trajectory study. Sections F to J detail the loss landscape

visualization, the implementation of the OMOMO variants,

the user study design, extended qualitative results, and lim-

itations and future directions.

A. Experimental Setup

A.1. Implementation Details

Our models are implemented in the PyTorch deep learn-

ing framework. All experiments are conducted on a sin-

gle NVIDIA RTX 3090 GPU with 24 GB of memory, and

training requires approximately 25 GPU hours. We opti-

mize the generators with the Adam optimizer [5] using a

learning rate of 1×10−4 and a batch size of 32, where each

training sample is a sequence with T = 120 frames. Dur-

ing training, input sequences shorter than T are zero-padded

to match the length. The transformer-based denoising net-

work consists of 4 attention heads and 4 layers. We train

the model for 580k steps and report results using the check-

point that achieves the best validation performance. The

diffusion process uses 1,000 noising steps during training,

and we employ the standard DDPM [4] sampling procedure

at inference time.

For adversarial training of the discriminator, we use the

same optimizer configuration as for the generators, but set

the learning rate to 2× 10−5. The discriminator is updated

once for every generator update. The loss balancing weights

for the trajectory generator, action generator, and forward

kinematics objectives are fixed to λTG = 0.1, λAG = 1.0,

and λFK = 1.0, respectively. The adversarial loss weight

λG is adjusted within the range [0.01, 0.05] during training.

In addition, to prevent error accumulation from the tra-

jectory generator (TG) propagating into the action generator

(AG), we provide clean trajectories for both the human and

the object as part of the noisy input to AG during training.

In other words, AG is conditioned on ground-truth trajec-

tories while the remaining components are corrupted with

noise, which is inspired by the teacher forcing strategy [12]

commonly used to mitigate error accumulation. Note that

during training TG receives noisy inputs for all frames ex-

cept the start and goal conditions. At inference time the

trajectories predicted by TG are then used as inputs to AG.

A.2. Inference Runtime and Resource Consumption

Methods Inference time (s) Inference VRAM (GB)

CHOIS [8] 2.00 1.9

HOIFHLI [13] 162.71 5.2

Ours (DecHOI) 3.41 2.1

Table 1. Inference runtime and GPU memory usage for

CHOIS [8], HOIFHLI [13], and our DecHOI.

In this section, we report the computational cost of De-

cHOI and the baselines used in our comparison. DecHOI

employs two lightweight denoising networks as specialized

experts for the decoupled generative modeling of trajecto-

ries and interactions. This design incurs a modest increase

in inference time compared to CHOIS [8], while remain-

ing significantly more efficient than HOIFHLI [13], which

relies on a generation pipeline with multi-stage for grasp

generation and refinement and therefore has substantially

higher inference time.

We further observe that DecHOI requires comparable or

even lower VRAM usage than the prior models. Consider-

ing the qualitative and quantitative improvements, the ad-

ditional inference cost of DecHOI is modest relative to the

overall computational budget. Moreover, when taking into

account the manual effort required to annotate intermediate

waypoints for the baselines, DecHOI offers a more practical

solution in realistic deployment scenarios.

B. Evaluation Details

For an accurate and fair comparison, all trajectories are ex-

pressed in a common global world frame, and all protocols

and thresholds used for metric computation follow the same

settings as CHOIS [8].

B.1. Condition Matching

We measure Ts and Te as the Euclidean distances between

the predicted and ground-truth object centroids at the start

frame and at the final target position, respectively. Since our

generator uses only the start and goal points, we evaluate

condition matching solely with Ts and Te.



B.2. Human Motion Quality

Foot height. Hfeet is the mean distance from the feet to

the floor. To obtain the floor level zfloor, we identify frames

where the toe joints move below a small speed threshold

(quasi-static stance), cluster their toe heights, and take the

lowest cluster as zfloor. All foot z-coordinates are then mea-

sured relative to this floor level when computing Hfeet and

foot sliding.

Foot sliding. For the ankles and toes, we accumulate hor-

izontal displacement between consecutive frames, but only

when each joint is near the floor, as:

T−1
∑

t=0

1(zj,t < Hj)dj,t(2− 2zj,t/Hj ), (1)

where 1(·) is the indicator function, zj,t is the height of

joint j at frame t, Hj is the joint specific height threshold

that defines the near floor region, and dj,t is the horizontal

displacement between frame t and t + 1. The index j runs

over the left and right ankles and toes. The accumulated

displacement is then averaged over time and across the four

joints.

R-Precision. For each text-motion pair, we compute feature

vectors for the text and candidate motions, then rank the

motions by cosine similarity to the text, following [2, 8].

Rprec (top-3) is the fraction of pairs for which the ground-

truth motion appears in the top-3 ranked motions, averaged

over all evaluation pairs.

FID. We compute motion features for all generated and real

sequences, fit a Gaussian to each set, and use the Fréchet

Inception Distance (FID) between the two Gaussians as the

FID score [3]. Lower FID indicates that the distribution of

generated motions is closer to that of real motions.

DIV. For each model, we collect motion features from all

generated results, sample random feature pairs, and average

their Euclidean distances to obtain DIV, following [2]. We

report a single DIV value per model, where values closer to

the DIV of real data indicate more realistic diversity.

B.3. Interaction Quality

Contact metrics. For each frame, we assign a binary con-

tact label based on the minimum distance between the hand

joints and the object surface: if the closest distance from ei-

ther hand joint to any object vertex is below 5 cm, the frame

is marked as in contact. Given ground-truth contact labels,

C% is the fraction of frames predicted in contact, Cprec and

Crec are precision and recall for the contact class, and CF1

is their F1 score.

Penetration metrics. We measure mesh interpenetration

using signed distance fields (SDFs). At every frame, we

map human and object vertices into the corresponding SDF

Hard Penetration No Contact

Better Contact

Worse Penetration

Worse Contact

Better Penetration

Ground Plane Ground Plane

Hovering Grounded

Better Foot Sliding

Worse Foot Height

Worse Foot Sliding

Better Foot Height

Figure 1. Visualization of trade-off relationships induced by the

metric definitions. The top row illustrates the trade-off between

foot related metrics, and the bottom row shows the relationship

between contact and penetration metrics.

frame and sample their signed distances, with negative val-

ues indicating penetration. We average the negative signed

distances into four scalars: Phand and Pbody for penetration

of hand and full-body vertices into the manipulated object,

and Po→s and Ph→s for penetration of the object and the

human into the static scene.

B.4. Ground Truth Difference

MPJPE. We report MPJPE as the mean Euclidean distance

between predicted and ground-truth joint positions [9], av-

eraged over all joints and frames in the same world frame.

Root and object translation error. Troot and Tobj are the

mean Euclidean distances between predicted and ground-

truth root joint positions and object centroids, respectively,

averaged over all frames.

Object orientation error. Oobj measures the discrepancy

between predicted and ground-truth object rotations. We

compute the mean Frobenius norm of the difference be-

tween the two rotation matrices per frame and average over

time.

B.5. Metrics Trade-off

Foot-Ground trade-off. Foot sliding (FS) assigns larger

penalties when Hfeet is small, as defined in Eq. B.2. Con-

sequently, as illustrated in the top row of Fig. 1, even large

horizontal displacements yield little or no foot sliding when

the feet remain high above the ground (hovering). In con-

trast, when the feet stay very close to the floor, even small

displacements are amplified in the FS score. This behavior

induces a trade-off between Hfeet and FS.

Contact-Penetration trade-off. As shown in the bottom

row of Fig. 1, the contact-relative score and the penetra-

tion score also exhibit a trade-off relationship. Since con-
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tact is determined based on the distance between each hand

joint and the nearest object vertex, severe penetration can

still yield a stable contact score. Conversely, when the hand

does not approach the object, the penetration score can be

favorable due to the absence of intersecting regions, while

the contact score becomes poor. Therefore, metrics with

such trade-off behavior should not be interpreted as a single

score in isolation but evaluated jointly.

C. Inference-time Reconstruction Guidance

To obtain robust and plausible motion during inference, we

apply reconstruction guidances following prior work [8].

First, to strengthen hand and foot contacts, we define a guid-

ance term that regularizes the distance between the distal

human joints and their nearest object vertices. For the hand

joints this term is written as:

Fcont = ∥Ml ⊙ |Hl − Vl|∥1 + ∥Mr ⊙ |Hr − Vr|∥1, (2)

where Hl and Hr denote the left and right hand joint po-

sitions and Vl and Vr are the corresponding closest object

vertices. The binary masks Ml and Mr indicate whether a

hand joint is in contact with the object and are obtained by

thresholding the hand to object distance with a threshold of

5 cm.

Second, to encourage stable foot grounding and a real-

istic stance, we introduce a guidance term that regularizes

the distance between the feet and the floor plane. Given the

positions of the left and right feet Fl and Fr, this term is

defined as:

Ffeet = ∥min(Fl, Fr)− h∥2, (3)

where h = 0.02 m is a threshold for foot height estimated

from the ground-truth motion. The error is computed only

along the vertical coordinate.

D. DynaPlan

Inspired by [8], we project each 3D indoor scene from

Replica [11] into a 2D grid layout, marking walkable re-

gions as traversable and expanding non-walkable regions

(e.g., walls and furniture) with a distance transform to en-

force a human scale safety margin. DynaPlan then performs

path planning for the agent and obstacle on this grid using

A*. After the paths are optimized, the resulting trajectories

are lifted back into the original 3D scene using the known

metric scale [8, 11], and resampled for the agent and obsta-

cles so they provide global plans and motion priors for full-

body HOI generation in a consistent 3D coordinate frame.

Fig. 2 visualizes the overall execution process of DynaPlan.

D.1. Obstacle Trajectory Modeling

Given obstacle start and goal points, the moving obstacle

follows a deterministic A*-based trajectory, advancing by

Figure 2. The green dot and circle denote the agent and Ragent, and

the red curve shows the re-planned path. When the obstacle (gray)

and its influence region (blue) enter Ragent, that area is given high

cost in the risk map and dynamic re-planning is triggered.

one grid cell at each time step t. DynaPlan uses a pre-

trained Social-STGCNN [10] to forecast future obstacle po-

sitions. Given the past Tobs obstacle positions, the model

predicts Tpred future positions. These predicted positions do

not control the obstacle. Instead, they are used only to con-

struct predictive risk regions that DynaPlan uses for plan-

ning.

D.2. Collision Detection

Given an agent start and goal points, DynaPlan first com-

putes an initial path using A*, minimizing the accumulated

Euclidean step length (
∑T

t=1 ∥xt − xt−1∥2). In addition,

we assign an influence radius to the agent and obstacle, and

declare a collision whenever the obstacle’s radius along its

path overlaps with that of the agent. For collision detection

we use only the predicted obstacle trajectories. Once a col-

lision is detected, the agent updates a risk map and calls A*

again to re-plan its path.

D.3. Dynamic Re-planning

When a potential collision is detected, DynaPlan performs

dynamic re-planning by updating the risk map based on the

current and predicted obstacle positions. For a grid location

x, the risk map R(x) is:

R(x) = exp

(

−
∥x− ot∥

2
2

2σ2

)

+

Tpred
∑

k=1

γk exp

(

−
∥x− ôt+k∥

2
2

2σ2

)

.

(4)

We use a Gaussian weight with σ = 1 to assign smaller

values to locations farther from the obstacle, and set γ ∈
(0, 1) so that predicted future positions contribute less than

the current position.
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Condition Matching Human Motion Quality Interaction Quality

Methods Ts↓ Te↓ FS↓ Rprec↑ CF1↑ Phand↓ Pbody↓

λG = 0.01 1.69 7.60 0.45 0.70 0.69 0.55 0.56

λG = 0.03 1.69 7.83 0.40 0.69 0.67 0.53 0.54

λG = 0.05 1.98 7.87 0.42 0.69 0.66 0.53 0.56

Ours (DecHOI) 1.59 6.91 0.38 0.72 0.67 0.53 0.54

Table 2. Ablation comparing fixed and adaptive λG settings shows

that the adaptive strategy yields a better overall balance.

Given a risk map R, the cost of a candidate path P is:

C(P | R) =

T
∑

t=1

(∥xt − xt−1∥2 + λRR(xt)) . (5)

We set λR = 4.0 to balance A* cost and risk cost.

To decide between detouring and waiting, DynaPlan

evaluates candidate waiting time steps ranging from zero

(detouring) to Tpred. For each waiting candidate, the agent

holds its position for the corresponding duration while the

obstacle progresses, and the risk map is updated accord-

ingly. A waiting time penalty is applied to discourage long

waits, by adding to the risk map cost an amount proportional

to the number of waiting time steps.

DynaPlan selects the candidate with the lowest score,

providing a lightweight, prediction-driven re-planning

mechanism that enables collision-aware navigation.

E. Additional Experiments

E.1. Ablation Study on Generator Weight

In this section, we investigate the effect of the generator

loss weight λG on the overall objective (Eq. 9) defined in

the main paper. Tab. 2 compares fixed settings where λG

is set to 0.01, 0.03, or 0.05 with an adaptive strategy that

dynamically adjusts λG between 0.01 and 0.05 according

to the performance of the discriminator D. When D be-

comes too strong, the adaptive scheme increases λG so that

the generator places more emphasis on fooling the discrim-

inator. When D influence weakens, the scheme decreases

λG to avoid over-regularization by the adversarial term.

With fixed values, training tends to drift toward an unbal-

anced regime where either the generator or the discrimina-

tor dominates, which often prevents the loss from converg-

ing. This lack of convergence not only degrades interaction

quality but also harms the overall synthesis performance,

leading to weaker condition matching and motion quality.

In contrast, the adaptive weighting maintains a better bal-

ance in the adversarial training, stabilizes convergence, and

yields the best performance across metrics. These results

demonstrate that adaptive generator loss weighting effec-

tively mitigates the inherent instability and bias of adver-

sarial training and enables more reliable optimization.

E.2. Effect of Privileged Waypoint

In the main paper, we evaluate DecHOI and prior waypoint-

based methods [8, 13] under a fair protocol where all mod-

els receive the same inputs. For completeness, we addition-

ally report an experiment on the FullBodyManipulation [7]

in which prior methods are evaluated under their original

waypoint supervised configuration. In this experiment, De-

cHOI still operates without any intermediate waypoints,

while the prior methods are given waypoints and are thus

evaluated in a privileged information setting. The quanti-

tative results of this comparison are summarized in Tab. 3.

Note that for all baselines we report scores reproduced using

the official released implementations, since several metrics

are not reported in the CHOIS and HOIFHLI papers (e.g.,

DIV and Pbody).

Both CHOIS [8] and HOIFHLI [13] benefit noticeably

from waypoint supervision. In particular, human motion

quality and GT difference metrics improve significantly.

The GT difference metrics are highly sensitive to way-

points, and for Tobj we observe improvements of up to a

factor of five, since waypoints directly specify object target

positions. For this reason, GT difference metrics are not

suitable for a direct comparison with DecHOI, which does

not receive any waypoint input.

In contrast, DecHOI achieves comparable or better per-

formance than the prior approaches on most metrics, even

without privileged conditions. Considering the trade-off

structure among metrics discussed in Sec. B.5, DecHOI

shows slightly better overall performance in terms of Hfeet

and FS and also provides improved text alignment, realism,

and diversity, enabled by our decoupled design. Moreover,

given the inherent trade-off between contact score and pen-

etration, DecHOI attains superior interaction quality than

prior work, despite operating without intermediate way-

points while the baselines use them. These results suggest

that DecHOI enables efficient and realistic interaction syn-

thesis under weaker input priors and that the proposed ad-

versarial training makes a clear contribution to improving

interaction quality.

E.3. Oracle Trajectory Ablation

We evaluate an oracle setting that bypasses the trajectory

generator (TG) and feeds the action generator (AG) with

ground-truth object and human trajectories {T GT
o , T GT

h }
for all T frames. The AG architecture, checkpoint, and

inference-time guidance are kept unchanged, and the con-

ditioning interface follows Sec. 3.2 (see Fig. 2) in the main

paper. This design disentangles the contributions of the TG

and AG, allowing us to assess the standalone performance

of the TG and to estimate the theoretical upper bound of

AG performance within the decoupled pipeline. We con-

duct this experiment on the FullBodyManipulation [7], and

report the results in Tab. 4.
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Condition Matching Human Motion Quality Interaction Quality GT Difference

Methods Ts↓ Te↓ Hfeet↓ FS↓ Rprec↑ FID↓ DIV→ Cprec↑ Crec↑ CF1↑ Phand↓ Pbody↓ MPJPE↓ Troot↓ Tobj↓ Oobj↓

CHOIS [8] 1.72 6.95 4.49 0.35 0.66 0.69 8.37 0.80 0.64 0.68 0.59 0.60 15.30 24.43 13.35 0.98

HOIFHLI [13] 1.64 8.05 4.91 0.36 0.62 1.51 8.85 0.79 0.65 0.67 0.60 0.58 15.93 23.31 10.98 1.10

Ours (DecHOI) 1.59 6.91 4.42 0.38 0.72 0.33 8.86 0.80 0.64 0.67 0.53 0.54 15.27 25.47 22.96 0.86

Table 3. Quantitative comparison on the FullBodyManipulation [7] in the privileged waypoint supervised setting, where DecHOI operates

without intermediate waypoints and CHOIS [8], HOIFHLI [13] receive sparse intermediate waypoints.

Human Motion Interaction

Methods Rprec ↑ FID ↓ DIV→ Cprec ↑ Crec ↑ CF1 ↑ Phand ↓ Pbody ↓

DecHOI 0.72 0.33 8.86 0.80 0.64 0.67 0.53 0.54

DecHOI (oracle) 0.66 0.15 8.97 0.82 0.65 0.69 0.56 0.57

Table 4. Oracle trajectory ablation study on the FullBodyManipu-

lation [7]. DecHOI (oracle) denotes a variant in which the trajec-

tory generator is replaced by ground truth trajectories.

Results and discussion. In this oracle configuration, met-

rics that quantify condition matching or deviation from the

conditioning trajectories are less informative, since the AG

is driven directly by ground-truth object and human paths.

We therefore focus our analysis on human motion qual-

ity and interaction quality. The oracle setting generally

achieves higher scores on most metrics, yet the gap relative

to the standard DecHOI that uses predicted trajectories re-

mains modest. On several metrics (Rprec, Phand, and Pbody),

the standard DecHOI even slightly outperforms the oracle,

and its overall performance is very strong when the typical

trade-offs between contact and penetration are taken into

account. This small performance difference indicates that

the TG generates realistic trajectories that closely follow

the distribution of ground-truth paths, and suggests that the

AG is not tightly constrained by the TG performance but

is capable of producing high quality interaction synthesis

independently.

F. Loss Landscape Visualization

We visualize the loss landscape around our converged

model by evaluating the training objective on a two-

dimensional subspace of the parameter space, following [6].

We fix a batch B drawn from the same distribution as

the training data, so that variations in the loss reflect only

changes in the model parameters. Let w0 be the vector ob-

tained by flattening and concatenating all trainable tensors

of the final trained model.

To explore the neighborhood of w0, we construct two

random perturbation directions. For each trainable tensor,

we sample Gaussian noise with the same shape, normalize it

to obtain a comparable scale across layers, and concatenate

these tensors to form the first direction dx. We repeat this

procedure to obtain a second direction d′y and orthogonalize

it with respect to dx using Gram-Schmidt to obtain the final

direction dy . This keeps the perturbations balanced across

layers and avoids a single layer dominating the change.

We then form a grid of coefficients α, β ∈ [−r, r] and,

for each pair (α, β), construct a perturbed parameter vector

w(α, β) = w0 + αdx + βdy , reshape it back to the original

tensor shapes, and evaluate the total loss on B. The guid-

ance term is omitted since it is used only at inference time

and is not part of the training objective. Plotting the result-

ing loss values over the (α, β) grid as contour and surface

plots provides a qualitative view of the local loss landscape

around w0 and indicates whether the optimization problem

near the solution is relatively simple with a smooth basin or

more complex with sharper curvature and narrower valleys.

G. OMOMO Implementation Details

We implement Lin-OMOMO and Pred-OMOMO within

the original OMOMO framework [7], following the variant

definitions introduced in CHOIS [8]. To match the condi-

tioning used in our experiments, our OMOMO variants are

provided only with the object start and goal states.

G.1. Lin-OMOMO

Lin-OMOMO uses the original OMOMO generator and

training setup. The object trajectory is defined by linearly

interpolating the object centroid between its start and goal

positions and is used as the object translation input in the

OMOMO conditioning stream. All centroid-related values

are updated accordingly. Since Lin-OMOMO only interpo-

lates the object centroids and keeps the orientation identical

to the ground-truth, we omit Oobj for Lin-OMOMO from

our reported results.

G.2. Pred-OMOMO

In Pred-OMOMO, the original OMOMO generator and

training configuration are kept intact, while the object mo-

tion is obtained from CHOIS. Given the object’s start and

goal conditions as input, CHOIS predicts the full trajec-

tory of object centroids and rotations. We use this pre-

dicted object motion as the input in the OMOMO condi-

tioning stream and update all related pose values to stay

in sync with these predictions. Because both the trajectory

of the object centroid and its rotations are supplied directly

by CHOIS, the object-level metrics Tobj and Oobj for Pred-

OMOMO are identical to those of CHOIS in our experi-

ments.
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Figure 3. Example 2AFC interface in which participants read a

text instruction and compare two anonymized clips to judge text

alignment and interaction quality.

H. User Study Details

We conducted a two-alternative forced-choice (2AFC) per-

ceptual study to evaluate two criteria of synthesized human-

object interactions: Text Alignment (how faithfully a clip

follows the natural-language instruction) and Interaction

Quality (the perceived realism and plausibility of contact,

including stable hand and foot contacts, few penetrations,

and minimal temporal jitter).

For each comparison round (DecHOI-CHOIS [8] and

DecHOI-HOIFHLI [13]), we randomly sampled 30 text-

scene pairs from the full test set without scene duplication,

yielding 60 clips in total. To ensure fairness, we shuffled

both the order of videos and the left-right placement of each

method in every trial, and fixed all video durations to 4 sec-

onds. As shown in Fig. 3, the interface presents the Text

Instruction at the top and two anonymized videos. Partici-

pants could replay videos and answer two questions. They

selected which clip better matched the instruction (Text

Alignment) and which clip exhibited better human-object

interaction quality (Interaction Quality). To avoid presenta-

tion bias, no method identifiers or cues were provided.

Using the results in Fig. 8 of the main paper, partici-

pants preferred DecHOI in 71.5% of trials versus CHOIS

and 67.5% versus HOIFHLI for Text Alignment, and in

69.0% of trials versus CHOIS and 63.5% versus HOIFHLI

for Interaction Quality. These trends are consistent with

our quantitative metrics and support the claim that decou-

pling trajectory and action generation improves both seman-

tic faithfulness and perceptual interaction quality.

I. Additional Qualitative Results

We provide additional qualitative results that complement

the examples in the main paper.

Fig. 4 extends Fig. 4 in the main paper by including ad-

ditional scenes from FullBodyManipulation [7], comparing

DecHOI against CHOIS [8] and HOIFHLI [13]. Across di-

verse instructions (e.g., lift-move-place, push and pull), De-

cHOI maintains stable hand-object contacts and grounded

object trajectories, exhibiting less penetration and hover-

ing. In contrast, the baselines show drift, temporal desyn-

chronization between human and object, or incomplete con-

tacts, especially during lift-place transitions and when ob-

jects change orientation.

Fig. 5 provides additional qualitative results that comple-

ment Fig.5 in the main paper, showcasing 3D-FUTURE [1]

objects that are unseen during training. DecHOI main-

tains precise hand-object contact locations, more coherent

placement motion, and consistent text to motion alignment,

whereas CHOIS often produces mesh intersections or un-

stable object poses. The qualitative patterns align with the

quantitative improvements reported for condition matching,

motion stability, and contact reliability on unseen shapes.

Fig. 6 complements Fig. 7 in the main paper with ad-

ditional long-horizon dynamic scenes from DynaPlan. We

visualize collision events together with the corresponding

re-planned direction. The dashed arrows indicate the orig-

inal direction of motion, which would be the optimal path

in free space, yet the agent re-routes around obstacles in-

stead of strictly following this direction. These behaviors

demonstrate that obstacle detection and dynamic planning

are applied effectively and suggest that the framework can

scale to more complex scenarios.

J. Limitations & Future Work

Our framework focuses on synthesizing human-object in-

teractions that involve manipulating rigid objects. In real

environments, however, many objects are deformable or ar-

ticulated. Handling such cases requires contact regions that

adapt over time to object parts whose positions change, and

in some scenarios it is necessary to model underlying phys-

ical effects such as friction, inertia, and gravity. Address-

ing these challenges would require more sophisticated rep-

resentations of articulated structure and dynamics. Incorpo-

rating recent articulation estimation networks as object pri-

ors is a promising direction, and systematically extending

our approach to deformable and articulated objects consti-

tutes an important avenue for future work.

In addition, the proposed DynaPlan module currently

supports dynamic planning and interaction synthesis for a

single manipulated object and a single moving obstacle.

Real-world scenarios often involve more complex environ-

ments, such as crowds of agents and multiple objects be-

ing manipulated simultaneously. Scaling to such settings

may require path planners that go beyond classical A* and

can reason about many interacting agents. Moreover, sup-

porting multiple manipulated objects would likely depend

on constructing richer datasets, for example by combining

motion capture with procedural composition of multi object

interactions. Exploring these extensions would be highly

valuable for broadening the applicability of our framework.
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“Lift the smalltable, walk, and 

put the smalltable down.”

“Lift the smallbox, move the smallbox, and 

put down the smallbox.”

“Lift the largebox, move the largebox, and 

put down the largebox.”
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down the tripod.”

“Kick the largebox, and set it back down.”

C
H

O
IS

Figure 4. Additional qualitative comparison of DecHOI with CHOIS [8] and HOIFHLI [13] on the FullBodyManipulation [7]. Also De-

cHOI produces stable contacts, smooth motion, and accurate object trajectories, while prior methods show drift, penetration, or inconsistent

coordination between human and object motions.
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“Lift the woodchair, move the woodchair, and 

put down the woodchair.”
“Push the smalltable, and set it back down.”

“Lift the floorlamp, move the floorlamp, and 

put down the floorlamp.”
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Figure 5. Additional qualitative comparison of DecHOI and CHOIS [8] on the 3D-FUTURE [1], demonstrating generalization to unseen

object categories such as woodchair, smalltable, and floorlamp.

Collision Detected

Original Direction

Re-planned Direction

Figure 6. Visualization of DecHOI in long-sequence dynamic environments. The human agent (blue) adaptively re-plans its path when

encountering a moving obstacle (green), often waiting briefly before detouring, and thereby maintaining goal-directed and collision-free

motion.
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