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Figure 1. Diverse HOI motions for complex tasks generated by PrimHOI. Given an unseen high-level task description, our PrimHOI
plans and generates diverse HOI motions that fulfill task requirements through spatial and temporal composition of generalizable interaction
primitives. These primitives capture repetitive local contact patterns from everyday interactions, enabling systematic reuse across different
scenarios. PrimHOT achieves zero-shot transfer to unseen HOI tasks without requiring task-specific training data.

Abstract

Synthesizing realistic Human-Object Interaction (HOI) mo-
tions is essential for creating believable digital characters
and intelligent robots. Existing approaches rely on data-
intensive learning models that struggle with the compo-
sitional structure of daily HOI motions, particularly for
complex multi-object manipulation tasks. The exponential
growth of possible interaction scenarios makes comprehen-
sive data collection prohibitively expensive. The funda-
mental challenge is synthesizing unseen, complex HOI se-
quences without extensive task-specific training data. Here
we show that PrimHOI generates complex HOI motions

through spatial and temporal composition of generalizable
interaction primitives defined by relative geometry. Our ap-
proach demonstrates that repetitive local contact patterns—
grasping, clamping, and supporting—serve as reusable
building blocks for diverse interaction sequences. Unlike
previous data-driven methods requiring end-to-end training
for each task variant, PrimHOI achieves zero-shot trans-
fer to unseen scenarios through hierarchical primitive plan-
ning. Experimental validation demonstrates substantial im-
provements in adaptability, diversity, and motion quality
compared to existing approaches.

11491



1. Introduction

Synthesizing diverse, realistic HOI motions from simple
instructions is essential for character animation [2, 8, 9,
12, 15, 16, 22, 28, 44, 45] and embodied AI applica-
tions [13, 32, 61, 62]. Current approaches map seman-
tic descriptions to HOI motions [20, 26, 48, 56, 57], but
struggle with the nuanced complexity of everyday interac-
tions that require coordinated, interdependent object ma-
nipulation. Consider a seemingly simple task: picking up
two boxes and opening a door. This requires one hand to
be freed for door operation while the other manages both
boxes, possibly with torso assistance. Such interactions de-
mand both spatial composition—coordinating object posi-
tions and states—and temporal composition—sequencing
actions over time, as shown in Fig. 1. Current methods
struggle with these intricate motions as they face chal-
lenges in capturing inter-element dependencies, while the
exponentially growing space of possible interactions makes
comprehensive data collection prohibitively expensive. In
contrast, humans excel at adapting prior skills to novel
tasks through systematic generalization [18, 23,27, 42, 54],
reusing knowledge by recognizing similarities between fa-
miliar and new situations. This observation raises a funda-
mental question: how can we represent and reuse prior HOI
knowledge as adaptable primitives for unseen tasks?

Recent studies have explored compositional motion gen-
eration through spatial composition of part-level motions [4,
17, 30] and temporal composition of motion segments [3,
10, 11, 24, 53]. However, these approaches focus pri-
marily on spatial or temporal composition alone, leaving
spatiotemporal compositional HOI generation largely un-
explored. While UniUSI [57] and InterDreamer [57] have
made initial attempts at compositional HOI generation, they
are limited by either static object constraints or restrictive
whole-body representations that prevent flexible object dy-
namics and precise local interaction control.

Motivated by these limitations, we propose a new ap-
proach based on the insight that repetitive geometric pat-
terns emerge in localized regions of interaction [5, 44,
63]. Rather than relying on whole-body representations,
we observe that simple interaction types like support or
clamp can be reused across various body parts or objects
while maintaining consistent geometric relationships (see
Fig. 1). We formalize these consistent patterns as interac-
tion primitives—reusable building blocks that capture es-
sential geometric and semantic information of local interac-
tions. This primitive-based representation enables decom-
position of complex HOI tasks into learnable components
that can be flexibly combined for unseen scenarios.

Building on this insight, we introduce PrimHOT, a hier-
archical HOI generation framework that orchestrates inter-
action primitives to accomplish complex tasks from high-
level descriptions. Our approach operates through three key

stages: high-level planning that decomposes tasks into se-
quences of interaction primitives using our symbolic rea-
soning framework PDDL-HOI, key pose generation that in-
stantiates these primitives into specific human-object con-
figurations, and intermediate motion generation that cre-
ates smooth transitions between key poses. We repre-
sent planning problems as subgoal graphs—compositional
symbolic structures where nodes represent manipulable ob-
jects and manipulators, while edges encode physical con-
straints based on interaction primitives. To generate action
sequences, we develop PDDL-HOI by extending PDDL-
Stream [14] and leverage Large Language Model (LLM)-
based task translation to convert high-level descriptions into
executable plans. For motion generation, we sample contact
points using primitive contact models [25], optimize human
poses with pose priors [33], and guide intermediate motion
generation [55] using planned object trajectories.

Our contributions are as follows:
We introduce interaction primitives—a generalizable rep-
resentation of HOI patterns based on relative geometry
between objects and body parts. This representation en-
ables flexible reuse across different body parts and ob-
jects, allowing complex interactions to be decomposed
into learnable, transferable components.
We develop PDDL-HOI, a symbolic planning framework
that leverages our primitive representation to enable sys-
tematic composition of interaction sequences. Combined
with LLM-based task translation, this approach supports
diverse and complex HOI scenarios through zero-shot
generalization.
We present a complete hierarchical synthesis pipeline that
generates realistic HOI motions from high-level task de-
scriptions. Our method demonstrates strong generaliza-
tion capabilities, synthesizing novel multi-object interac-
tions without requiring task-specific training data.

2. Related Work

Guided Human Motion Generation Generating human
motion from limited guidance such as text [19, 20, 26, 28,
39, 48, 51, 58], object trajectories [25], and spatial con-
straints [21, 30, 43, 47, 49, 55] has broad applications in
animation and robotics. Early approaches like TEMOS [39]
employed cVAEs for text-to-motion mapping, while recent
methods like MDM [46] leverage diffusion models for im-
proved distribution modeling. For precise spatial control,
OmniControl [55] adapts spatial and ControlNet [59] guid-
ance during diffusion, and ProgMoGen [30] achieves fine-
grained control through latent optimization.

Extending these approaches to HOI motion gener-
ation introduces additional complexity due to coordi-
nated human-object dynamics. IMoS [15] generates text-
conditioned human motion and attaches objects to hands
but lacks lower-body coordination. OMOMO [25] synthe-
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Figure 2. Overview of PrimHOI. (a) High-Level planning: Given a task description, an LLM translates it into a PDDL problem. Our
PDDL-HOI defines actions (e.g., GraspToClamp) with preconditions and effects, and generates valid body part combinations for interaction
primitives. The symbolic planner produces an action sequence 7; with corresponding subgoals. (b) Low-Level generation includes two
components. Key pose generation: For each subgoal, we sample contact points from interaction primitives (e.g., grasp, clamp, support),
then optimize human poses to satisfy these contact constraints, generating key poses C},. Intermediate motion generation: We plan object
trajectories between key poses and generate human motion guided by contact trajectories. A post-optimization step refines the motion to
ensure smoothness, eliminate penetrations, and maintain consistency with subgoal constraints.

sizes human motion from given object trajectories, while
CHOIS [26] extends this with text-based control. Recent
works [12, 37] integrate affordance prediction to reduce ex-
plicit trajectory guidance. However, these data-driven ap-
proaches struggle with long-horizon, multi-object scenarios
that require complex spatiotemporal reasoning beyond what
can be captured in training data.

Compositional Human Motion Generation To address
the limitations of end-to-end approaches, compositional
methods enhance systematic generalization by decompos-
ing complex motions into reusable components [6, 31, 41].
These approaches operate through two primary strategies:
temporal composition, which sequences motion segments
over time, and spatial composition, which coordinates con-
current body part movements.

Temporal composition methods focus on creating coher-
ent motion sequences from discrete segments. TEACH [3]
and Multi-Act [24] learn smooth transitions between mo-
tion primitives, while UniHSI [50, 53] employs LLM-based
planning to generate contact point sequences for scene in-
teraction. InterDreamer [57] extends this to HOI generation
using LLM for high-level planning and text-to-action mod-
ules for low-level synthesis. Recent work by Wu et al. [52]
combines LLM planning with scene parsing for temporal
sequencing and ensures physical plausibility through RL.

Complementing temporal approaches, spatial compo-
sition methods coordinate simultaneous body part move-
ments. SINC [4] uses GPT-3 to assign motion factors to dif-

ferent body parts but struggles with conflicting concurrent
motions. CoMo [17] addresses this limitation by decom-
posing motions into distinct part-level codes, while Prog-
MoGen [30] breaks high-level tasks into atomic constraints
for flexible motion editing. STMC [40] provides a uni-
fied framework combining both temporal and spatial com-
position through separate denoising and compositional re-
denoising processes.

While these advances have significantly improved mo-
tion generation capabilities, most focus on either spatial
or temporal composition in isolation, primarily for single-
person scenarios. The challenge of spatiotemporal com-
positional HOI generation—where multiple objects must
be manipulated through coordinated spatial and tempo-
ral reasoning—remains largely unexplored. Our work ad-
dresses this gap by introducing interaction primitives that
enable systematic decomposition and flexible recombina-
tion of both spatial and temporal HOI components for com-
plex multi-object scenarios.

3. The PrimHOI Framework

PrimHOI synthesizes complex Human-Object Interaction
(HOI) motion sequences from high-level task descriptions.
Given a natural language task 7' (e.g., “pick up two boxes
and open the door”), initial object layout Ly, and human
pose z'_,, our goal is to generate a complete motion se-
quence z = {2, 29} that accomplishes the specified task.
Here, 2" represents the human motion in SMPLX format,
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2@ denotes object trajectories, and Ly = {2¢_,}oco Spec-
ifies initial poses for the set of objects O.

Directly generating x from high-level descriptions poses
significant challenges due to the inherent complexity of
HOI motions.  These tasks require coordinated han-
dling of both spatial composition—managing multi-part
interactions across different body regions—and temporal
composition—sequencing multiple sub-tasks over extended
horizons. To address this complexity, we decompose the
motion into subgoals based on interaction primitives, where
each primitive defines a local contact pattern (e.g., support,
grasp, clamp, dual-support) between body parts and objects.

We represent subgoals as graphs sg that describe in-
teraction predicates between objects and body parts (see
Fig. 2). Each element corresponds to an interaction prim-
itive P; = {om, f,a}, where o,, is an object, f specifies
the contact type (e.g., grasped, clamped), and « represents
the interacting body part or object. The set A = {a} en-
compasses all manipulator parts including body parts and
objects O that can interact with other objects.

Following this subgoal-driven approach, we introduce an
intermediate planning process to generate subgoals from the
task description 7. This expands our problem to jointly
sampling motion z and plan 7 from P(z,7|T, Cy), which
we decompose as:

z,m ~ Px,n|T,Cy) = P(x|m,Co)P(x|T,Cp). (1)

Our three-stage pipeline first generates a high-level plan
m = {sg,}X_, using PDDL-style planning with LLM,
leveraging domain knowledge from PDDL-HOI to define
the planning space. Subsequently, subgoals are trans-
lated into specific contact positions and keyframe poses
{Ci}i—,, where Cy, = {Ly, ). ,_,} represents object lay-
out and human pose at the beginning of segment k. Fi-
nally, intermediate motion generation bridges consecutive
key poses, with L, = {27 ,_o},0 € O and t denoting the
frame index within segment k.

3.1. Interaction Primitive Generation

Our approach relies on four manually classified interaction
primitives that capture fundamental contact patterns in HOI
motions, as illustrated in Fig. 3a: support, grasp, clamp, and
dual support. These primitives serve as building blocks for
representing complex manipulation behaviors through their
spatial and temporal combinations.

For each interaction primitive P, we generate ob-
ject contact points {p¢}¥ using a diffusion-based model
P({p¢}F|V), where V. € RE*3 represents the object
mesh vertices and ¢ indexes individual contact points. This
data-driven approach learns contextually appropriate con-
tact locations from training data, ensuring generated con-
tacts align with natural interaction patterns.
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(a) Interaction primitives (b) Body contact points

Figure 3. Contact representations used in PrimHOI. (a) The
four interaction primitives that serve as building blocks for com-
plex manipulation behaviors: support, grasp, clamp, and dual sup-
port. Each primitive defines a specific contact pattern between
body parts and objects, with contact points shown relative to ob-
ject surfaces. Grasp includes two contact points (wrist and hand)
to capture grasping direction, while clamp and dual support each
involve two contact points, and support requires only one contact
point. (b) Body contact points (red dots) are strategically selected
from mocap markers and manual curation, with each body part
shown in a different color to illustrate the discrete vocabulary of
candidate contact locations.

On the body side, we define a discrete set of candidate
contact points {p/} selected from mocap markers [60] and
manual curation, as shown in Fig. 3b. While this vocabulary
is finite, it provides sufficient expressiveness to cover the
wide range of contact configurations encountered in com-
mon manipulation tasks, striking a balance between com-
putational efficiency and representational power.

3.2. High-Level Planning

The high-level planning process transforms natural lan-
guage task descriptions into structured sequences of interac-
tion subgoals, as depicted in Fig. 2. We adapt the Planning
Domain Definition Language (PDDL) [1] and its extension
PDDLStream [14] to create PDDL-HOI, our specialized
HOI planning language that integrates symbolic planning
with constraint sampling.

Leveraging LLM capabilities [29, 36, 57], task
descriptions are translated into PDDL problem for-
mats where interaction primitives become predicates
describing interaction states. For example, predi-
cates (Grasped boxl righthand) and (Clamped
boxl chest left_elbow) jointly describe a state
where box1 is simultaneously grasped and clamped.
Actions represent state transitions that modify these
predicates—the action GraspToClamp transitions an ob-
ject to a clamped state, but only when preconditions are sat-
isfied (e.g., clamp parts are empty and the object is already
grasped).

To generate diverse planning solutions, we incorporate
PDDLStream’s streams concept. By removing predicates
that specify which body parts perform specific primitives,
the planner dynamically samples valid body part assign-
ments during planning, enabling varied manipulation strate-
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gies for the same task. This process produces multiple plan
candidates {m;}¥, from initial condition Cy, each repre-
senting different sequences of subgoal predicates that di-
rectly transfer to subgoal graphs. Additional details are pro-
vided in Appendix A.1.

3.3. Low-Level Generation

The low-level generation creates detailed motion sequences
from abstract high-level plans through two main steps: gen-
erating key poses and producing intermediate motion con-
necting these poses. This process is formulated as:

Pz | Co) = P(z | {Cr}izy)
{CkHe 2

P{Ci}iz1 | {591 }k=1, Co),

3.3.1. Key-pose Generation

We transform planned subgoal graphs {sgk}kK:1 into spe-
cific key poses {C’k}szl sequentially from initial pose Cy:

PO, | 15001, Co) = 50 P(Cronr | 50141, Cr), (3)

For each key pose C);, we consider contact point loca-
tions on objects, object placement, and natural body pose
maintenance [33]. Contact points on object surfaces are
sampled using the primitive contact model P({p?}¥|Vo).
When multiple primitives involve the same object, they are
grouped into interaction primitive groups, and compatible
contact configurations are selected to avoid conflicts.

Object poses {z},,,_} are sampled from an object
placement prior P(s,|{p?} = {p?}¥) that aligns body and
object contact points, where s, = x}, ;1 ,_ for brevity. We
use a Mixture of Gaussians for this prior, placing objects
near frequently used body regions. The body pose xZ 1,60
is then optimized with body prior regularization to align
with contact points while incorporating normal constraints
for certain primitives:

P(Cry1 | 59, Cr) = P($Z+1,t:0 | {pél}vxz,t:O)

o
Pi»So

P(so | {pi'} = {p?})P({p7} " Vo),

Piesgk

“4)

3.3.2. Intermediate Motion Generation

After obtaining consecutive key poses, we generate inter-
mediate HOI motion segments to produce the complete se-
quence:

K

Pz [ {Ci}i}) =
k=0

P(zF | Chy1,Cr), (5

where z¥ = {xg, x’,?b} represents the motion segment be-
tween key poses Cj, and C 1.

The generation process operates in two stages. First,
object trajectories are planned using A* algorithm with
SDF-based collision checking as P(z|Ck, Cry1), en-
suring smooth transitions and collision avoidance. Sec-
ond, given the inferred contact point sequence {P?,t}teTk
from object trajectories, human motion is generated us-
ing a spatial-guided diffusion model (OmniControl [55]) as
P(zy{p}}teti: Cks Cry1). The complete formulation is:

Pz}, | Cri1,Cr) = P(ay|{pi}enc, Crs Crgr)
F({pi}tETkmg? Ok? Ck-i-l)P(xlé‘Ckv Ck+1)7

where F({p!}|z%, C), Cx11) infers body contact points by
maintaining consistent contact positions relative to objects.
We refer readers to Appendix A.2 for additional details.

(6)

3.4. Post-refinement Process

While the initial generative HOI motion provides a plausi-
ble sequence, it may lack precise adherence to physical con-
straints and contact accuracy. To enhance realism and cor-
rectness, we apply a post-optimization process to refine the
human motion [30, 55, 57]. This optimization maintains in-
teraction primitive constraints while minimizing collisions
and penetrations.

The optimization objective E,,¢ comprises six comple-
mentary terms: contact closeness (Econtact ), contact normal
alignment (E}o;ma1), body-object collision penalty (Econi),
body self-penetration prevention (}ene), temporal smooth-
ness (Fiemp), and body pose regularization (Fpyior) [33].
The complete optimization objective is formulated as:

Eopt = AcontactEcontact + AnormalEnormal + )\colliEcolli

(N
+ /\peneEpene + /\tempEtemp + Ar)l‘icyrE})riol“>

where the A\ terms control the relative importance of each
constraint. Specific formulations of these loss terms are de-
tailed in Appendix A.3.

4. Experiments

We evaluate PrimHOTI’s ability to generate compositional
HOI motions through systematic assessment of both high-
level planning and low-level motion generation capabilities.
Unlike prior text-to-motion approaches [37, 56], our focus
centers on achieving generalization to novel task compo-
sitions using modular interaction primitives. Our evalua-
tion encompasses quantitative metrics for high-level plan-
ning (Sec. 4.2) and low-level generation (Sec. 4.3), comple-
mented by qualitative analysis (Sec. 4.4). Additional exper-
imental details and results are provided in the supplemen-
tary material.

4.1. Implementation Details

We adapt PDDLStream [14] for symbolic planning in
PDDL-HOI, enabling structured reasoning about interac-
tion sequences. The diffusion-based contact generation
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model from OMOMO [25] is modified to predict individ-
ual contact points rather than temporal sequences, with
normalization applied to enhance generalization across di-
verse object geometries. Contact data collection follows a
multi-source approach: clamp primitives utilize data from
OMOMO [7], grasp primitives draw from BEHAVE [25],
while support and dual support primitives employ analyti-
cal functions.

For human motion generation guided by contact con-
straints, we retrain OmniControl [55] with enhanced lo-
cal control capabilities, termed LocalControl. Since Om-
niControl does not directly accept contact point guidance,
we train a regressor mapping SMPL-X keypoints to our se-
lected contact points (Fig. 3b), enabling gradient and real-
ism guidance integration. Body pose optimization incorpo-
rates DPoser [33] as a diffusion-based prior that accommo-
dates incomplete keypoint targets. Complete implementa-
tion details are provided in Appendix A.

4.2. High-Level Planning Evaluation

To validate our structured planning approach, we compare
PDDL-HOI against three baseline methods: GPT-4o (direct
task-to-plan generation), GPT-40 + Primitives (incorporat-
ing interaction primitive definitions as prior knowledge),
and GPT-40 + PDDL-HOI (our hybrid approach).

Evaluation Metrics We assess planning quality using
three complementary metrics: Success Rate measures the
proportion of plans that successfully complete the task,
Plan Efficiency quantifies the mean number of actions in
successful plans, and Solution Diversity counts the number

"#3$'%=/.%>")5%+;?@.@%+./.)"5"

o o o

"HS%08& Yo()*+,*-./

I"#$%0'%1*2"34*/5)*3%67*%5)"8

Table 1. High-level planning performance comparison across
task complexity levels. We evaluate each method on Task 1 and
Task 2 (5 trials each) and Task 3 (10 trials). Our GPT-40 + PDDL-
HOI approach demonstrates superior performance in success rate
and solution diversity, while maintaining competitive plan effi-
ciency across all complexity levels.

Task 1: Pick up two boxes from table

Method Success Rate Plan Efficiency Solution Diversity
GPT-40 4.0/5 5.7 1.6/5
GPT-40 + PDDL-HOI (ours) 5.0/5 4.6 2.0/5
Task 2: Carry long box passing the door
Method Success Rate Plan Efficiency Solution Diversity
GPT-40 5.0/5 4.0 1.2/5
GPT-40 + Primitives 5.0/5 4.2 1.8/5
GPT-40 + PDDL-HOI (ours) 5.0/5 4.0 2.0/5
Task 3: Pick up two boxes and open the door
Method Success Rate Plan Efficiency Solution Diversity
GPT-40 5.6/10 9.1 2.0/10
GPT-40 + Primitives 1.8/10 5.0 1.0/10
GPT-40 + PDDL-HOI (ours) 10/10 6.1 2.8/10

of different plans among successful ones (excluding left-
right symmetry). Human evaluators assessed these metrics
across three tasks (Tab. 1).

Task Design Three tasks include: Task 1 (one simple
task), Task 2 (requiring flexibility to carry the box on the
shoulder and hand for dual support), and Task 3 (requiring
longer planning capability additionally).

Results Analysis In Task 1, GPT-4o0 and GPT-40 +
PDDL-HOI performed comparably, although GPT’s plans

"#$'%,9246<#4.=%+96>.>%-+./.)"46*/

I"4$96& Vo()*+,*-./

"#$%&'%0*1"23*/4)*2

"#$%8&9%0'%1*2"34*/5)*3%67%5)"8%:* )#< !"#$%& %0*1"23*/4)*2%5647%8%)9/#%:*9)#;

(a) One part guided generation

(b) Multi-step guided generation

Figure 4. Evaluation of contact-guided motion generation capabilities. We compare (a) one-part guided generation and (b) multi-step
guided generation across different methods. Red/blue boxes highlight critical time frames that demonstrate our LocalControl method’s
superior performance in maintaining contact constraints and generating realistic motions.

11496



Table 2. Low-level motion generation performance across task
configurations. We compare LocalControl against baseline meth-
ods on four motion generation tasks. C.Err.-se denotes constraint
error at start/end positions, C.Err./g evaluates trajectory/goal con-
straints. Results demonstrate the necessity of intermediate trajec-
tory planning and multi-step generation for complex HOI motions.

Table 3. Performance comparison between OmniControl and
LocalControl on distribution-based metrics. We evaluate each
method using its corresponding training data configuration. Local-
Control achieves superior FID scores, particularly for dual-hand
guidance tasks, demonstrating the benefits of focusing on local
manipulation operations over global motion patterns.

Task 1: One part move with one contact trajectory guidance

Method Success Max Acc.  C.Err.  Naturality
IK 6.2 0.062 0.43 6.5
ProgMoGen [30] 6.7 0.020 0.170 7.2
LocalControl (ours) 7.3 0.147 0.079 8.3

Original HumanML3D

Method Joints Guide FID | R-precision (top-3) 1 Diversity —
OmniControl Pelvis 0.322 0.691 9.545
OmniControl Left Wrist 0.304 0.680 9.436
OmniControl Right Wrist 0.299 0.692 9.519
OmniControl ~ Right + Left Wrist ~ 0.464 0.677 9.601

Task 2: Setting start and end of target positions for one part
Method

Success Max Acc. C.Err.-se Naturality

‘No-Walk’ HumanML3D
Method (ours) Contact Points Guide FID | R-precision (top-3) t Diversity —

ProgMoGen [30] w/o Traj 2.6 0.061 0.274 4.4
LocalControl wlo Traj 6.6 0.146 0.050 4.9
LocalControl w/ Traj (ours) 7.3 0.147 0.079 8.3

Task 3: One part move and goal contact (elbow) achieve
Method

Success Max Acc. C.Err/g Naturality

1K 6.3 0.077  0.136/0.097 6.5
ProgMoGen [30] 7.7 0.021 0.084/0.058 7.9
LocalControl (ours) 8.4 0.156  0.130/0.045 8.5

Task 4: Two-step motions

Method Success Max Acc.  C.Err.  Naturality
ProgMoGen [30] 5.1 0.023 0.241 6.0
LocalControl x1 6.3 0.234 0.153 6.2
LocalControl X2 (ours) 7.4 0.198 0.129 6.6

sometimes produced redundant steps, whereas GPT-40 +
PDDL-HOI provided clearer and more efficient plans. In
Task 2, both GPT-40 + Primitives and GPT-40 + PDDL-
HOI discovered additional solutions due to prior knowl-
edge. In the more complex Task 3, GPT-40 + Primitives
often failed due to misunderstandings of transition rules
in interaction primitives, despite occasionally finding the
most efficient solution (e.g., ’clamp under shoulder’). GPT-
4o generated tedious solutions involving unnecessary steps,
such as placing boxes before opening the door. Our GPT-
40 + PDDL-HOI achieved the highest success rate and
diversity, benefiting from clearly defined state transition
rules and diverse contact mode knowledge. More details
of planning results and data statistics can be found in Ap-
pendix B.1.

4.3. Low-Level Generation Evaluation

Since there are no publicly available baselines for our de-
signed compositional HOI tasks, we compare our method
with existing guided motion generation methods that use
interaction constraints but ignore specific object geome-
try [30, 55]. ProgMoGen [30] and an inverse kinematic
method (IK) with human pose regularization [33] and tem-
poral smoothness serve as comparison baselines.

Evaluation Metrics We use four metrics for evaluation:
Maximum Joint Acceleration [30] measures the smooth-

LocalControl Chest Contact 0.263 0.603 8.859
LocalControl ~ Left Hand Contact  0.292 0.610 8.653
LocalControl ~ Right Hand Contact 0.231 0.606 8.585
LocalControl ~ Left + Right Hand ~ 0.151 0.605 8.674

ness of joint movements; Constraint Error [30] assesses
how well the generated motion follows the guidance con-
straints. The two additional metrics Naturality and Suc-
cess are evaluated by humans ranging from 1.0 to 10.0 for
the naturality of human motion (adherence to human kine-
matics) and the level of success in completing the guid-
ance tasks respectively. Success considers whether the body
parts move from the start to the end following the trajectory
or maintain a static constrained point.

Experimental Results We evaluated four tasks to demon-
strate the robustness of our pipeline design, illustrated in
Fig. 4 and Tab. 2. Comparing LocalControl with ProgMo-
Gen [30] across all tasks, we observe that while ProgMo-
Gen achieves the best maximum acceleration (indicating
smoother motion), our method outperforms in most other
metrics. As shown in Fig. 4, ProgMoGen’s performance is
limited by the expressive power of the latent vector in its
optimization process [30].

By comparing LocalControl with and without intermedi-
ate trajectory guidance in both quantitative and qualitative
results of Task 2, we demonstrate the necessity of planning
intermediate contact guidance. Without it, the intermediate
motion can be random, potentially causing severe collisions
between objects and humans. Finally, comparing single-run
and multi-run approaches in Task 4, we find that generating
the motion in two runs with the inferred intermediate key
pose leads to more accurate and natural results, highlight-
ing the importance of key pose inference to reduce error
accumulation over long sequences.

Model Comparison Analysis To evaluate the perfor-
mance of LocalControl compared with the original Omni-
Control [55], we provide results of FID, R-precision, and
Diversity using different training data versions (Tab. 3). For
the ‘No-Walk® HumanML3D, we disable the root’s trans-
lation and rotation variations. LocalControl’s FID out-
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Figure 5. Interactive primitive refinement and diversification.
Starting from a single frame generated by InterDiff [56], our inter-
action primitive model produces multiple refined solutions that ex-
hibit improved physical realism and increased diversity. Each ex-
ample demonstrates different plausible ways to complete the HOIs
while maintaining contact constraints.

performs OmniControl (especially for dual-hand guidance)
since there is less variation in the ‘No-Walk” HumanML3D,
allowing focus on learning local operations. For evaluat-
ing out-of-distribution motions such as multi-object inter-
actions, distribution-based FID becomes unreliable for nat-
uralness assessment, leading us to prioritize human evalua-
tion for our multi-object cases. We include details of human
evaluation and data statistics in Appendix B.2.

4.4. Ablations

Qualitative Results of Different Components To illus-
trate the generalization capabilities of our method, we
present a complete motion sequence for the novel task “Pick
up two boxes and open the door” in Fig. 6. Qualitative re-
sults for primitive contact generation and key pose gener-
ation are provided in Figs. 1 and 3 respectively. Finally,
we demonstrate the benefits of refining poses using our
learned local interaction model—interaction primitives. As
shown in Fig. 5, applying our generative interaction prim-
itive model to outputs from InterDiff [56] enhances physi-
cal realism and diversifies contact poses. In Appendix D.1,
we present additional qualitative results, including two ex-
tra plans and generated motions for other objects.

Additional Ablations We conducted ablations on the in-
teraction primitive model to evaluate the sampling proce-
dure and normalization modifications, as detailed in Ap-
pendix C.1. Additionally, since the post-optimization step
involves multiple terms, we provide a qualitative ablation
study in Appendix C.2 to assess the effect of each term.

5. Conclusion

We presented PrimHOI, a novel framework for synthe-
sizing complex daily-life HOI motions through symbolic
planning and generalizable interaction primitives. By de-
composing HOI generation into reusable submodules, our
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Figure 6. Synthesized motion sequence for the “pick up two
boxes and open door” task. PrimHOI generates a complete
motion sequence that demonstrates coordinated use of interaction
primitives throughout the task execution. Highlighted text annota-
tions indicate the specific interaction primitives (Grasp and Sup-
port) being employed at each step, showing how PrimHOTI seam-
lessly transitions between different contact states to accomplish
the complex multi-object manipulation task.

method demonstrates that symbolic planning can comple-
ment data-driven approaches to achieve systematic gener-
alization across different spatial configurations, diverse ob-
jects, and temporal compositions. While this modular de-
sign enables zero-shot transfer to out-of-distribution multi-
object scenarios, it also introduces challenges in recompos-
ing submodules into seamless motion due to the separation
of interdependent variables.

Capabilities and Limitations Our framework’s flexible
temporal and spatial composition enables strong generaliza-
tion despite using only four interaction primitives (Fig. 2).
Adding new primitives is straightforward, as demonstrated
in Appendix A.4, which also discusses motion diversity.
However, the inherent decomposition can introduce fail-
ures when interdependent variables are separated (Ap-
pendix D.3), and individual submodules have limitations
that affect motion quality (Appendix D.2). We discuss po-
tential improvements in Appendix E.
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