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Instruction: Please generate a story following this 
theme: a boy breaks up with girlfriend, goes back to 
his home with personal luggage and gets drunk.

Agent: Sure, I found it is suitable to use style sad, 
tired and drunk from our script database.

Agent: I have retrieved the top-k samples from 
our sad, tired and drunk database.

Agent: I am now generating long-term scripts 
based on Retrieval-Augmented Generation. Here 
are the final retrieved keyframes and I will parse 
them into condition labels and feed them into the 
Finite State Machine to drive the humanoid:

1. Carry a heavy luggage 2. Pickup luggage

3. Put luggage on table

4. Tired and rest

5. Sad and cry

7. Idle drunkenly6. Drink a wine

8. Walk drunkenly9. Side-lie sadly

Figure 1. SIMS enables physically simulated characters to perform diverse skills within complex 3D scenes given long-term daily narratives
and scene inputs. Our character could perform versatile skills, including Locomotions, Human Scene Interactions and Dynamic Object
Interactions with diverse styles while accomplishing physically plausible contacts and obstacle avoidance. Left: a dialogue-based retrieval-
augmented script generation process. Right: a skillful humanoid performing diverse stylized interactions in a 3D scene.

Abstract

Simulating stylized human-scene interactions (HSI) in phys-
ical environments is a challenging yet fascinating task.
Prior works emphasize long-term execution but fall short
in achieving both diverse style and physical plausibility.
To tackle this challenge, we introduce a novel hierarchi-
cal framework named SIMS that seamlessly bridges high-
level script-driven intent with a low-level control policy,
enabling more expressive and diverse human-scene inter-
actions. Specifically, we employ Large Language Mod-
els with Retrieval-Augmented Generation (RAG) to gen-
erate coherent and diverse long-form scripts, providing a
rich foundation for motion planning. A versatile multi-
condition physics-based control policy is also developed,
which leverages text embeddings from the generated scripts
to encode stylistic cues, simultaneously perceiving envi-
ronmental geometries and accomplishing task goals. By
integrating the retrieval-augmented script generation with
the multi-condition controller, our approach provides a
unified solution for generating stylized HSI motions. We

*†: equal advising.

further introduce a comprehensive planning dataset pro-
duced by RAG and a stylized motion dataset featuring
diverse locomotions and interactions. Extensive experi-
ments demonstrate SIMS’s effectiveness in executing vari-
ous tasks and generalizing across different scenarios, sig-
nificantly outperforming previous methods. Project page:
https://wenjiawang0312.github.io/projects/sims/.

1. Introduction

Developing skillful characters with a broad repertoire of
motor skills, such as walking, sitting, and reaching—while
facilitating rich interactions with their environments has
long been a desirable goal for animation, robotics, and
VR/AR applications. In particular, achieving long-term,
stylized, and physically plausible interactions with diverse
styles and intricate details is crucial for bringing characters
and narratives to life.

Motion generation has been a popular research topic re-
cent years [32, 49, 52, 60]. Concerning human-scene inter-
actions, previous works [12, 35, 43, 46, 58, 59] have ex-
plored long-term motion generation for kinematics-based
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Method Physical-Plausibe Planner Controller Incorporated Skills
Automatic Style-Diversity Text-Aware Scene-Aware Skill-Scalability Walk Sit Lie GetUp Reach Idle Carry

NSM[35] ✗ ✗ ✗ ✗ ✓ ✗ ✓ ✓ ✗ ✓ ✗ ✓ ✓

SAMP[12] ✗ ✗ ✗ ✗ ✓ ✗ ✓ ✓ ✗ ✓ ✗ ✗ ✗

Humanise[46] ✗ ✗ ✗ ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✗ ✗

AffordMotion[47] ✗ ✗ ✗ ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✗ ✗

TesMo[54] ✗ ✗ ✗ ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✗ ✗

InterScene[26] ✓ ✓ ✗ ✗ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗

UniHSI[50] ✓ ✓ ✗ ✗ ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✗ ✗

SIMS (ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 1. Comparision of Kinematics-Based(upper 5) and Physics-Based(lower 3) Long-term Human Scene Interaction methods.

human-scene interactions. However, they typically suffer
from severe physical artifacts such as penetration and foot
skating. To address these issues, recent studies [13, 17, 26,
27, 36, 50, 51, 55] have started incorporating physics simu-
lators, i.e., [23] to produce more physically plausible mo-
tions. Despite these advancements, the frameworks are lim-
ited to a small number of specific skills and task objectives,
lacking diversity. Moreover, their planning results are often
simplistic by following chronological lists [26, 51] or focus-
ing solely on contacts [50]. This stands in contrast to real-
world situations where body language in human motion and
interactions directly convey a large number of emotional or
stylized states. For example, a person sitting on a chair with
their head down and supporting it with their hands often
conveys a sense of depression.

To address the aforementioned challenges, we propose a
novel framework terms SIMS, (Smultating stylIzed huMan
Scene interactions). Specifically, SIMS utilizes an LLM [1]
as a powerful high-level motion planner and physical poli-
cies as low-level controllers equipped with diverse motor
skills. Inspired by Retrieval-Augmented Generation [18], to
generate semantically rich scripts, we develop a method of
first creating a short script database and then retrieving and
generating longer scripts. Each short script includes sev-
eral keyframes detailing stylized interactions that the low-
level control policy can effectively execute. We then re-
trieve the top-k short scripts via the CLIP [33] similarity
between short script summaries and the user-provided story
themes. Finally, we prompt the LLM to retrieve and gen-
erate stylized long-term scripts based on the short script
inputs. Given the planned keyframes, a low-level control
policy is employed to obtain the detailed body motions in
the physical simulator, producing natural, diverse, and high-
quality interactions. To ensure stylized motions are adapt-
able to various furniture shapes within a complex indoor
environment, we propose a multi-condition control policy
that is attuned to scene geometries, task goal observations,
and text embeddings from the CLIP model [33] for high-
fidelity motion generation. Our multi-condition design not
only facilitates effective scene perception but also captures
fine-grained body movements, enabling a better grasp of
stylized motor skills, i.e., the policy learns to perform more
skills during imitation learning. Compared to previous poli-

cies [13, 26] that lack style control and UniHSI [50], which
relies on accurate references, our approach supports flexible
multi-condition control while mitigating mode collapse in
AMP-based methods [30]. We incorporate a finite state ma-
chine (FSM) to manage multiple policies guided by speci-
fied keyframes, enabling the synthesis of physics-based an-
imation that aligns with real-world distributions while im-
proving scalability. To address the scarcity of motion data in
the field of stylized motion generation, we collected and an-
notated captions and style labels from five existing motion
capture datasets. Additionally, we capture a new dataset
named ViconStyle to supplement the limitations in both the
categories and quantity of stylized motion data.

We conduct an extensive evaluation of our method to val-
idate its effectiveness. To provide a more comprehensive
overview, we compare five SOTA kinematics-based [12, 35,
46, 47, 54] and two physics-based [26, 50] long-term HSI
methods with SIMS to explain our task setting in Tab. 1.
Our method, SIMS, surpasses existing approaches with a
fully automatic framework that integrates style diversity,
text awareness, scene awareness, and physics plausibility
for realistic human-scene interactions. Unlike prior meth-
ods, it supports easy extension, ensuring scalability and
adaptability. SIMS also achieves the most comprehensive
skill coverage, making it a state-of-the-art solution for ver-
satile and controllable motion synthesis.

In summary, our contributions are threefold:
1. We propose a framework for physically simulated char-

acters to perform stylized 3D interactions using RAG-
based script generation and a multi-condition control
policy that encodes style from text while adapting to the
environment, featuring: (a) Stylized Control: A script
planner for coherent storytelling and a text-conditioned
controller for expressive, style-consistent motion. (b)
Automatic Generation: A planner that generates exe-
cutable keyframes from theme descriptions. (c) Scala-
bility: New skills and styles can be integrated by updat-
ing the script database and training a new policy.

2. We provide a comprehensive dataset of restructured mo-
tion clips with captions, emotional labels, and a short
script database for stylized interactions.

3. Our method outperforms previous approaches across
multiple metrics, achieving high-quality, diverse, and
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physically plausible long-term motion generation.

2. Related Works
Kinematic-based Human Scene Interaction Synthesiz-
ing realistic human behavior has been a long-standing chal-
lenge. While most methods enhance the quality and diver-
sity of humanoid movements [3, 15, 20, 40–42, 56, 60], they
often overlook scene interactions. Recently, there’s been
growing interest in integrating human-scene interactions,
crucial for applications like embodied AI and virtual reality.
Many previous approaches [3, 12, 16, 35, 43, 46, 47, 54, 57,
58] rely on data-driven kinematic models [6, 9, 37, 44, 45]
for static or dynamic interactions. However, these often lack
physical plausibility, resulting in artifacts like penetration,
floating, and sliding, and require additional post-processing,
limiting real-time use.

Physics-based Human-Scene Interaction While previ-
ous physics-based animation approaches mainly focused on
human motion alone [5, 14, 29–31]. InterPhys [13] presents
a framework extending AMP to include character and ob-
ject dynamics, using a scene-conditioned discriminator for
superior performance compared to previous methods. Addi-
tionally, InterScene [26] effectively synthesizes physically
plausible long-term human motions in complex 3D scenes
by decomposing interactions into Interacting and Navigat-
ing processes. This method uses reusable controllers trained
in simple environments to generalize across diverse scenar-
ios. With the development of LLMs, UniHSI [50] intro-
duces a unified framework for human-object interaction via
language commands, featuring an LLM Planner and Uni-
fied Controller, which reduces training labor with LLM-
generated plans. The effectiveness of this approach is eval-
uated using the ScenePlan dataset.

Comparison with Previous HSI Methods We compare
five kinematics-based SOTA and two physics-based long-
term HSI methods with SIMS to explain our task set-
ting in Tab. 1. NSM [35] and SAMP [12] use goal po-
sitions for planning. Humanise [46], AffordMotion [47],
and TeSMo [54] utilize text-based control for human mo-
tion, with the latter two leveraging textual annotations from
datasets like HumanML3D [11], enabling some details in
motion expression. All five kinematics-based methods rely
on continuous keyframe control, requiring frequent user in-
put updates. In contrast, InterScene [26] automates control
by setting long-term keyframes for FSM to switch skills,
and UniHSI [50] applies long-term keyframes of body-
object contacts. Our planning uses RAG to generate long-
term scripts, and enable automation and diversity. For HSI
skills, we focus on 2 locomotion skills: walk and idle, 4
common human scene interaction skills: sit, lie, get up, and
touch, and 1 dynamic object interaction skill: carry. Re-
garding control extensibility, only InterScene and our ap-

proach allow training solely for new skills without retrain-
ing the entire controller. In Supp.Mat, we demonstrate how
to easily involve new interaction skills with specific styles
into our framework.

3. Method
We present SIMS as a hierarchical character animation sys-
tem that leverages LLMs for high-level long-term script
planning, multi-condition policies for low-level character
control, and a finite state machine to bridge two levels. In
Sec. 3.1, we first describe the construction of short script
databases. Sec. 3.2 then describes the generation of stylized
long-term scripts using Retrieval-Augmented Script Gen-
eration (RASG). Finally, Sec. 3.3 explains the training of
multi-condition policies and their scheduling through the fi-
nite state machine based on key frames. The supplementary
material demonstrates our system’s extensibility in adding
new scene interaction skills.

3.1. Short Script Database Construction
A short script p consists of a sequence of key frames
{f0, f1, ..., fN}. Each key frame f = (s, o, c, e) speci-
fies (1) a skill s to execute, (2) a target object o to inter-
act with, (3) captions c that describes motion attributes, and
(4) the emotion or style e the motion expresses. Inspired
by filmmaking, the short script uses only a few key frames
to represent a short daily human-scene interaction segment.
We add a concise one-sentence summary u that encapsu-
lates the core style or emotion and interaction events of
the short script. We further separate the style or emotion
keyword as a distinctive label d, as a conclusion of the
keyframe style labels. hus, the final formation of the short
script is p = [{f0, f1, ..., fN}, u, d], serving as the founda-
tional building block in the database. We prompt a Large
Language Model (LLM) [1] to generate a wide range of
short scripts by providing it with the available skills, text
captions, specific styles, and available objects. The LLM
is tasked not only with creating coherent and lifelike key
frame sequences but also with generating matching sum-
maries u. These short scripts are further categorized based
on their distinct emotion or style labels for better modular
organization. To enable retrieval, we employ CLIP [33] to
extract embeddings from the summaries of the short scripts.
The extracted embeddings act as keys for efficient and pre-
cise retrieval within the database.

3.2. Retrieval Augmented Script Generation
Long-term script generation with LLMs faces challenges
such as redundancy, lack of diversity, and insufficient guid-
ance in maintaining coherent narratives. Previous works,
such as [50], focus on generating limited keyframes with
minimal diversity, which constrains their ability to cre-
ate engaging and robust long-term stories. Inspired by
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Figure 2. (a) Our main pipeline. We prompt LLMs to generate new short scripts following their emotion and interaction logic. The retrieval
process includes 2 stages. We first retrieve the top-k short script with semantics similarity, then ask LLM to retrieve useful samples from the
short scripts and concatenate them as a fluent long-term story. In the Finite State Machine. We parse skills, captions, and scene geometry
from each keyframe into task goals, language embeddings, and heightmap conditions to drive the low-level physical control policy. (c) The
multi-condition physics policy. We divide common skills into 3 categories: Lococmotion, HSI, and DOI. Skills in the same category share
similar task observations and reward computations.

Retrieval-Augmented Generation (RAG) [18], we propose
a novel Retrieval-Augmented Script Generation (RASG)
method to address these issues.

To enhance long-term script generation, the LLM re-
trieves and builds upon the pre-generated short scripts based
on user themes in the following steps:

1) The LLM identifies M styles most relevant to the
theme, narrowing down the potential scope of retrieval. 2)
Semantic Similarity Retrieval: The user-provided theme
sentence is extracted as a CLIP feature, which serves as the
retrieval query. By computing the cosine distance between
query and keys, the LLM retrieves top-k of short scripts
for each style. Resulting in M × k summaries being re-
trieved for further processing. 3) Summary Filtering and
Long Script Creation: The retrieved summaries are passed
to the LLM. Then, based on the given scene layout, the
LLM selects and combines suitable summaries into a co-
hesive narrative by logically concatenating keyframes.

To ensure executable permutations, we structure skills
into tuples, such as (sit, getup), (lie, getup), (idle), (walk,
carry), (walk, reach), etc. Notably, the walk skill can serve
as a transition motion between any skill tuples, enabling
seamless connections across sequences. We use this rule
to process the generated keyframes and add transitions for
interaction skills.

3.3. Multi-Condition Controller

Overview Once a long-term script generated, our goal
is to direct a simulated character to perform the key
frame sequence in complex 3D scenes. To train charac-
ters to complete tasks in a lifelike and stylized manner,
we adopt a goal-conditioned RL framework with a text-
conditioned discriminator [30]. At each time step t, the pol-
icy π(at|st,ht,gt, z) receives the humanoid proprioception
st ∈ S, an egocentric heightmap ht ∈ H, a task-specific
goal state gt ∈ G, and a language embedding z ∈ Z . The
goal gt specifies high-level task objectives that the character
should achieve, such as contacting with a certain furniture
or moving an object to a certain coordinate. The ht is the
egocentric heightmap around the character, representing the
surrounding geometries. The language embedding z spec-
ifies the style that the character should use to achieve the
desired task, such as walking excitedly or sitting with legs
crossed. The policy π then samples an action at ∈ A. Ap-
plying the action at, the environment performs state tran-
sition and the policy receives a reward rt. The objective
is to learn a policy that maximizes the expected discounted
return J(π) = Ep(τ |π)

[∑T−1
t=0 γtrt

]
, where T is the hor-

izontal length and γ ∈ [0, 1] defines the discount factor.
In order to train the policy π to perform the task using di-
verse motion styles, we utilize a reward function consisting
of two components: rt = λstylerstyle

t +λtaskrtask
t , where rstyle

t

is a style reward modeled by the text-conditioned motion
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discriminator, and rtask
t is a task-specific reward with coeffi-

cient λtask.
Finite State Machine As illustrated in Fig 2, our frame-
work integrates several reusable policies, serving as low-
level controllers. We have trained 7 policies: the Walk pol-
icy πw, Idle policy πi, Sit policy πs, Lie policy πl, Reach
policy πr, GetUp policy πg and Carry policy πc.

Based on these control policies, our FSM provides users
with 7 reusable skills Following [26], the FSM determines
when to transition between skills. For instance, it initiates
the next skill when the overlap time between the charac-
ter’s root and its target position exceeds a specific thresh-
old. This simple rule-based FSM allows users to achieve
desired long-term human motions in complex 3D scenes.
Compared to the recent work InterScene [26], our FSM con-
tains egocentric heightmaps by frame and text embedding
by skill, which could ensure scene understanding and se-
mantic control.
Language Condition To control policy language con-
straints, we build an embedding space where motion rep-
resentations are aligned with natural language descriptions.
Given a motion clip m̂ = (q̂1, . . . , q̂n), the motion encoder
z = Encm(m̂) maps the motion to a unit sphere embed-
ding ∥z∥ = 1, while corresponding text captions are pro-
cessed through a pre-trained CLIP [33] encoder Encl and
use fully connected layers to match the latent dimension-
ality. The training combines reconstruction and alignment
losses to ensure that motion and text embeddings effectively
correspond to each other. For further details on the network
architecture and training losses, please refer to the Supp.
Mat.
Scene Condition To enhance the humanoid’s navigation
and interaction capabilities, it is crucial to maintain envi-
ronmental awareness to prevent collisions. We draw inspi-
ration from methods such as [35, 43, 48, 50], which uti-
lize environmental sampling for humanoid observations. A
square, ego-centric heightmap is generated to capture the
elevation of surrounding objects. See in Fig. 2. Consis-
tent with UniHSI [50], we pre-generate pointclouds for each
scene. However, creating detailed pointclouds while pre-
serving surface intricacies is computationally intensive. To
enhance the humanoid’s understanding of complex surfaces
for sitting or lying, we pre-generate scene pointclouds by
voxelizing the objects within the bounding box range. The
egocentric heightmap is updated by calculating the near-
est object’s pointclouds only when the object is sufficiently
close to the humanoid’s root position. The heightmap is
a 12×12 grid with an adjacent distance of 0.15 meters. We
flatten the heightmap grid to a vector and concatenate it into
the observation.

Universal Goal Condition We consider 7 distinct scene
interaction skills. To reduce the development overhead of

diverse task-specific configurations, we implement all in-
teraction tasks based on 3 task templates: Loco (Walk and
Idle), HSI (Sit Lie, Reach and GetUp) and DOI (Carry).
The implementation details are as follows:
• Loco tasks require the humanoid to position its pelvis at

a target 2D location g ∈ R2 . For Walk, the location is
set ≥ 1m from the humanoid’s initial position, whereas
the location of Idle is identical to the humanoid’s current
position, encouraging pacing in place.

• HSI tasks require a specific body joint to contact with the
surface of a target object. We constrain the pelvis joint in
Sit, Lie, and GetUp, and use either the left or right hand
for Reach. The target location g ∈ R3 is determined by
the nearest 3D point on the object’s interactable surface.

• DOI tasks no longer constrain body joints, but encourage
the character to move the dynamic object’s root to a target
3D location. We use the bounding box coordinates of the
object gbbox ∈ R3×8 and the target location gtar ∈ R3 as
the goal condition g = {gbbox,gtar}.

Using sparse goal conditions can effectively train policies
to perform scene interaction tasks [8, 13, 26]. However, we
cannot control motion styles via these conditions. Tracking-
based methods [21, 39, 50, 53] enable fine-grained control
of each frame but require accurate stylized reference mo-
tions as dense input conditions. We employ a conditional
discriminator [5, 38] to inject text-based style control into
policies. Unlike motion [38] or one-hot [5] conditions, lan-
guage is a more intuitive interface for LLMs and users.

Policy Training We train 7 task-specific policies: (1)
Walk, (2) Idle, (3) Sit, (4) Lie, (5) Reach, (6) GetUp, and
(7) Carry. We provide Walk, Idle, Sit, Lie, Carry policies
with text conditions since these behaviors contain diverse
interaction styles that represent vivid emotions. For Reach
and GetUp, we do not use text conditions.
• Initialization. Following UniHSI [50], we create

the environment by randomly sampling objects from
3DFront [7]. For HSI skills, we initialize characters using
reference state initialization [28] and default pose initial-
ization with a random global rotation and location[26, 50]
nearby the object. For locomotion skills, we randomly
sampled on the whole ground plane while calculating the
collision with the objects. For DOI skills, we randomly
sample target position on the whole ground plane, and
initialize objects in the humanoid’s hands from reference
object motion. Notebly, we add Walk motion data to the
initiate reference state data during the training of all the
skills because we use Walk as the transition between dif-
ferent interactions.

• Rewards. See the detailed reward function in Supp.Mat.
• Reset and early termination conditions. Following

[30], we use a fixed episode length and fall detection as
early termination triggers. We also use early termination
when the task is accomplished for a certain time [26] or
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Datasets Loco HSI DOI
Walk Idle Sit Lie Getup Reach Carry

SAMP [12] 20.6 - 35.2 14.8 11.2 - -
COUCH [58] - - 36.4 - 23.4 - -

Circles [2] - - - - - 3.6 -
100Style [24] 203.1 - - - - - -
AMASS [22] 8.2 - - - - - 3.4

ViconStyle - 12.0 - 21.9 11.7 - 26.0

Table 2. Mixture of collected stylized motion datasets.

the contact forces are extremely large [50].

4. Experiments
4.1. Dataset
We show our collected mixture of 6 motion dataset in Tab. 2.
We show the skill for training and the motion duration in
minutes. The number with black bounding-box like 20.6 ,
means the 20.6 minutes of motion in this dataset do not have
style diversity, only counted as neutral. ViconStyle is our
captured dataset, which supplements for the quantity and
the category of stylized motions. See details in Supp.Mat.
We annotate all the motion clips with captions and style la-
bels. For each caption, we provide 5 synonymous sentences
with the help of LLM [1]. Besides neutral, we categorize
the emotion or style of the remaining motions into 8 cate-
gories: happy, angry, hurried, tired, sad, stressed, drunk,
and relaxed. We left-right-flip all the motions so we get
double the amount, and the captions are flipped concerning
body joint symmetry as well.

For 3D objects, we use the furniture and scene layouts
from the 3DFront [7] dataset for training. Since 3DFront
does not provide segmentation information, we voxelize the
object meshes and segment the point clouds based on nor-
mal vectors to get the affordance surface.

4.2. Motion Metrics
To evaluate motion diversity, we use two metrics from the
previous papers: Fréchet Inception Distance (FID) [5, 41]
and Average Pairwise Distance (APD) [5, 43]. FID mea-
sures the similarity between the distributions of generated
and real data in a feature space, reflecting the realism and
quality of the generated motions. Lower FID values indi-
cate closer alignment with real data. APD, on the other
hand, quantifies the diversity within the generated motions
by calculating the average pairwise distance between sam-
ples. Higher APD values indicate greater diversity in the
generated motions. We calculate FID and APD on joint ro-
tations and positions.

We follow [12, 50] that uses Success Rate and Contact
Error as the main metrics to measure the quality of inter-
actions quantitatively. Success Rate records the percentage
of trials that humanoids successfully complete the contact
within a certain threshold. We follow [13, 26, 50] to set

Methods Success Rate (%) ↑ Contact Error ↓
Sit Lie Reach Carry Sit Lie Reach Carry

InterPhys [13] 93.7 80.0 - 94.3 0.09 0.30 - 0.08
InterScene [26] 97.8 - - - 0.04 - - -
UniHSI[50] 94.3 81.5 97.5 - 0.032 0.061 0.016 -

SIMS 98.1 87.6 95.2 92.9 0.028 0.049 0.026 0.099
SIMS (+data) 98.4 89.6 - 96.4 0.033 0.048 - 0.085

Table 3. Comparision on Baseline Models. For fair comparison,
our Sit, Lie, and Reach policies are only trained on SAMP [12]
here. While our Carry policy is trained on the small amount of
carry motions from AMASS [22]. (+data) here represents our re-
sults trained on available motions from the mixture of 6 datasets.

the threshold of Sit as 20cm, Reach as 20cm, Lie as 30cm,
Carry as 20cm.

To evaluate the generation quality of long-term scripts,
we also involve user study and SBERT [34] Model, please
see the metrics in the corresponding part.

4.3. Comparison with SOTA methods

4.3.1. Physical Performance for Different Skills

Our method achieves better or comparable results across
various metrics in Tab. 3. Unlike previous physics-based
methods [13, 26, 50] which only care about contact but not
styles, our result is achieved on 4096 random text conditions
sampled from the datasets. The previous methods could be
viewed as just a specific situation of our model. Under this
background, we can see from Tab. 3 that our results are only
slightly lower than the best methods in Reach and Carry
skill. Since Interphys [13] have not released their code and
carry motion data, we only train on the small amount of
carry motion in AMASS [22] for Tab. 3.

4.3.2. Motion Diversity for Different Skills

We compare motion diversity in the Sit and Lie skills with
UniHSI [50] and our re-implemented Interphys [13]. All
experiments are conducted on a single RTX 4090 GPU, run-
ning 1024 sequences and aggregating the results over 10 tri-
als. For each sequence, the text condition is randomly sam-
pled from the dataset. To test UniHSI [50], we randomly
sample contact pairs from the provided chain of contacts
from the generated ScenePlan dataset. We measure the FID
between the generated motions and that of reference mo-
tions from SAMP [12]. The APD measures the diversity
among the generated motion sequences. As shown in Tab. 4,
our results significantly outperform UniHSI in both FID and
APD metrics. Our method achieves lower FID, indicating
motions produced from ours are closer to the distribution
of reference motions. Notably, the APD results highlight
that the motions generated by UniHSI are nearly identical,
demonstrating a lack of diversity. Our method also surpass
the re-implemented InterPhys [13].
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Theme2: A person relaxes at home during the 
weekend, drinks cokes, and reads books.

Summaries:
[‘The character walks to the stool tiredly and 
support his body with hand.’
‘The character walks tiredly to the sofa and lie.’]
[The character walks to the dinning table, drinks a 
wine and walks drunkenly]

Key Frames: 
[(walk, stool_1, tired, ‘head bowed and body bent 
while walking’), 
(touch, stool_1, neutral, ‘none’), 
(walk, multi_seat_sofa_0, tired, ‘head bowed and 
body bent while walking’)…]

Whole Story: On a leisurely weekend, John decided 
to take some time for himself at home. He walked 
slowly to the first stool, his head bowed and body 
bent, as if weighed down by the week’s fatigue. 
After a brief moment, he …

Theme4: A person gets fired from work, feel sad
but get a better job offer and becomes excited.

Summaries:
[‘The character carries an object depressingly and 
throw it on the ground.’
‘The character walks tiredly to the stool and sit.’]
‘The character stomps angrily and sit down to 
calm his mind’…]

Key Frames: 
[(carry, bookshelf_1, sad, ‘carry  an object 
depressingly’), 
…
(idle, none, angry, ‘stomp angrily’)…
(idle, none, happy, ‘wave to the air excitedly’)]

Whole Story: Emma walked out of the office 
building, clutching a small cardboard box filled with 
her belongings: a photo of her cat, a desk plant, 
and her favorite coffee mug. She had just been laid 
off after five years at the company…

Theme3: A person is happy at first, but he is 
told in the phone that he fails the job interview 
and becomes very depressed.

Summaries:
[‘The character touches the wardrobe to get a suit 
and walks to the dress-table to check appearance.’
‘The character receives a phone call and is told 
something bad, get depressed and sit on the sofa’.
‘The character walks anxiously around the room’…]

Key Frames: 
[(walk, wardrobe, happy, ‘walk excitedly’),
(touch, wardrobe, neutral, ‘none’),
(walk, dressing-table, happy, ‘walk excitedly’)…] 
(walk, armchair_1, neutral, ‘walk while talking on 
the phone with the right hand’…)]

Whole Story: On a hopeful afternoon, Jake walked 
with big steps toward the wardrobe, filled with 
excitement as he prepared for a potential 
celebration. He touched the wardrobe… touch

walk while making 
phone call

sit head bowed, 
sadly

walk with body 
bent, sadly

Theme1: A person is dressing up and feels 
excited about the picnic tomorrow.

Summaries:
[‘The character lies on the bed to have a relax and 
getup.’
‘The character touches the wardrobe to get a suit 
and walks to the dress-table to check 
appearance.’…]

Key Frames: 
[(lie, double_bed_0, relaxed, ‘side-lie to the right’), 
(getup, double_bed_0, neutral, ‘none’), 
(walk, wardrobe, happy, ‘walk excitedly’),
(touch, wardrobe, neutral, ‘none’),
(walk, dressing-table, happy, ‘walk excitedly’)…] 

Whole Story: On a cheerful morning, Sarah was 
filled with excitement as she thought about her 
upcoming picnic. She lay comfortably on her 
double bed, side-lying to the right, daydreaming 
about the adventures that awaited her… sit with elbows 

supporting bodywalk excitedlytouch
walk with arms 
open, childish

sit with body lean
backward

lie with elbows
supporting bodytouch sit with right hand

holding something
stomp angrilycarry an object 

with depression
sit with hands 
holding something wave happily

Figure 3. Long-term scripts with detailed keyframes and vivid final stories in two complex 3D scenes generated by our complete system.
Upper: character in the bedroom and living room. Lower: character in the living room, dining room, and study room. We briefly
demonstrate the retrieved summaries, key frames and part of the final long stories.

Method FID↓ APD↑
Sit Lie Carry Sit Lie Carry

InterPhys* [13] - - 81.0 - - 12.41±0.19
UniHSI [50] 153.84 211.22 - 1.14±0.01 1.35±0.02 -

SIMS 125.66 171.24 65.14 16.55±0.54 16.40±0.94 14.36±0.12

Table 4. Motion diversity results. InterPhys [13] is not released, so
we report our re-implemented version here. For fair comparison,
our Sit, Lie, and Reach policies are only trained on SAMP [12]
here. While the Carry policy and the re-implemented InterPhys
are both trained on the carry motions from ViconStyle.

Metrics UniHSI SIMS

Motion Physical Realism ↑ 2.6 3.4
Motion Diversity ↑ 2.9 3.6

Script Plot Engagement ↑ 2.4 3.0
Emotional Resonace ↑ 3.0 3.8

Table 5. User Study on SOTA long-term HSI methods. SIMS
outperforms the SOTA method UniHSI by a significant margin.

4.3.3. User Study on Different Long-Term HSI Methods

To further evaluate the control capabilities of the long-term
scripts, we conducted a user study on the rendered videos
generated from different methods. We use the same cate-
gory of interactions to drive the characters in the scenes.
30 participants were asked to rate the physical realism, mo-
tion diversity, split engagement and emotion resonace of the
videos produced by each method on a scale from 1 (poor)

Carry Idle Walk Sit Lie

Carry a heavy object 
with difficulty

Carry an object 
depressingly

Carry an object carefully Bent over with hands on 
knees

Stomping angrily with 
force

Waving arms excitedly Walk and keep balance 
with arms spread

Walk with head bowed 
and body bent

Walk with excitement Sit down with arms 
loosely and legs extended

Sit down with head down 
and hands on thighs

Sit down with arms over 
head and feet crossed

Lie down flat with legs 
bent

Lie to right-side with 
right hand supporting 
head

Lie down with right leg 
bent and elbows 
supporting body

Figure 4. Qualitative results for skills with different text condi-
tions.

to 5 (excellent). In Tab. 5, the results indicate that our ap-
proach significantly outperformed UniHSI, demonstrating
its effectiveness in both body motion superiority and script
superiority in the generated animations.

4.3.4. User Study on Different HSI Skills
Tab. 6 presents a user study where 21 participants rated
stylistic diversity and physical realism of skills learned by
existing methods from 1 (poor) to 5 (good). Results show
that SIMS outperforms most methods in both aspects. Al-
though InterPhys achieves slightly higher physical realism
on the Sit skill, it lags behind SIMS in diversity.
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Method Stylistic Diversity↑ Physical Realism↑
Walk Sit Lie Carry Walk Sit Lie Carry

InterPhys [12] 3.9 3.9 3.8 3.4 4.2 4.1 3.8 3.8
InterScene [25] 3.4 3.4 3.3 - 3.5 3.8 3.9 -
UniHSI [46] 3.5 3.3 3.3 - 3.1 3.6 2.7 -

SIMS 4.3 4.2 4.3 4.2 4.2 4.0 3.9 4.3

Table 6. User Study on SOTA HSI Skills.

4.4. Ablation Study
We show more ablation studies in Supp.Mat.

4.4.1. Generalizability on Different Text Conditions
The style of each skill is controlled by the input text con-
dition. To evaluate text generalization, we prompt GPT-
4 [1] to generate 3 unseen datasets with varying levels of
semantic similarity to the original training dataset: high,
only keywords are replaced with synonyms; medium, more
words are replaced; low, the entire sentence is rephrased. In
Tab. 7, as the similarity decreases, our policy still performs
tasks with comparable FID and success rates. This indicates
that the style control does not overfit the training texts and
could generalize to new captions (See Fig. 5). This ability
is primarily attributed to the continuous latent space of our
implemented MotionCLIP.

head bowed and 
body bent

exhausted

legs apart and straight
, lean back

legs wide, outstretched
, sitting back

lie flat

lie down, legs flatten carry the heavy 
object with difficulty

carry a heavy objectarms spread to keep 
balance

balance body with 
arms open

idlewalk sit lie carry

Figure 5. Demo on seen text conditions(1st row) and unseen text
conditions(2nd row).

Similarity FID↓ Success Rate (%)↑
Walk Sit Lie Carry Walk Sit Lie Carry

low 172.75 132.69 182.84 68.78 95.6 91.8 86.5 92.3
medium 164.68 127.13 198.97 70.84 97.8 94.1 87.5 92.5

high 163.38 122.48 188.99 70.16 98.4 95.7 89.1 92.8

origin 170.03 125.66 171.24 65.14 98.3 98.4 89.6 96.4

Table 7. Diversity on Different Text Conditions.

4.4.2. Scale Up on New Motion Datasets
To prove the reliable of the proposed datasets, and the gen-
erality of our text-conditioned policy, we report the Success
Rate and APD for Walk, Carry, Sit, and Lie skills in Tab. 8,
Tab. 9, and Tab. 10. From the tables, we could find that
with more data, Walk achieves a higher success rate mainly
because AMASS provides stable neutral walking and run-
ning motions. The APD changes little because 100Style
also contains neutral walking styles. For carry skill, since
ViconStyle is the first dataset containing stylized carrying
motion, both metrics increase by a large margin. For HSI

skills, sit and lie both become slightly better with the in-
troduction of COUCH and ViconStyle dataset. Couch pro-
vides more stylized sitting motions and ViconStyle provides
more stylized lying motions.

Datasets Success Rate(%)↑ APD↑
Walk Walk

100S 92.6 14.83±0.35
A+100S 95.1 14.88±0.29

Table 8. Dataset ablation on
Walk Skill. 100S: 100Style ,
A: AMASS.

Datasets Success Rate(%)↑ APD↑
carry carry

A 92.9 14.36±0.12
A+VS 96.4 14.92±0.23

Table 9. Dataset ablation on
Carry Skill. A: AMASS. VS:
ViconStyle.

Datasets Success Rate(%)↑ Contact error↓ APD↑
Sit Lie Sit Lie Sit Lie

S 95.5 86.9 0.040 0.055 16.43±0.90 16.40±0.94
S+C 96.9 - 0.014 - 16.52±0.47 -

S+C+VS - 89.7 - 0.030 - 16.84±1.28

Table 10. Dataset ablation on HSI Skills. S: SAMP [12], C:
Couch [58], VS: ViconStyle

4.5. Qualitative Results
We show 4 generated long narratives executed by our poli-
cies in two large indoor scenes. The details can be viewed
in Fig. 3. In Fig. 4, we also showed some qualitative sam-
ples for 5 skills: Carry, Idle, Walk, Sit, and Lie. We suggest
the readers to refer to the demonstration videos for a bet-
ter knowledge of our ability to generate long-term stylized
motions.

5. Conclusion
In this paper, we analyze and compare the current advance-
ments in long-term human-scene interaction tasks, high-
lighting the lack of generating animations that are both
physically plausible and stylistically expressive. To ad-
dress this, we propose a novel framework for synthe-
sizing long-term human-scene interactions by leveraging
Retrieval-Augmented Generation as high-level planners and
a multi-condition control policy as the low-level controller.
By incorporating both stylized script generation and a styl-
ized control policy, our approach facilitates the creation of
diverse, expressive, and physically coherent long-term ani-
mations. Furthermore, the processed datasets open up new
possibilities and directions for future research in this field.

6. Furture Work
In the future, it will be essential to collect more human mo-
tion data that captures realistic emotions and diverse styles.
Additionally, exploring humanoid models with articulated
fingers presents a promising avenue for research. Introduc-
ing multi-agent in HSI could also broaden the possibilities
for physical animations.
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