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Figure 1. SceneMI synthesizes physically plausible transitions (colored in purple) that simultaneously satisfy keyframe constraints (colored
in blue) and environmental affordances in challenging scenarios. The model exhibits robust generalization with noisy keyframes in
phone-scanned scenes from real-world data, GIMO [90] (third figure). SceneMI can further assist realistic 3D human-scene interaction
reconstruction only from monocular video inputs (rightmost figure).

Abstract

Modeling human-scene interactions (HSI) is essential for
understanding and simulating everyday human behaviors.
Recent approaches utilizing generative modeling have made
progress in this domain; however, they are limited in con-
trollability and flexibility for real-world applications. To
address these challenges, we propose reformulating the HSI
modeling problem as Scene-aware Motion In-betweening—a
more tractable and practical task. We introduce SceneMI, a
framework that supports several practical applications, in-
cluding keyframe-guided character animation in 3D scenes
and enhancing the motion quality of imperfect HSI data.
SceneMI employs dual scene descriptors to comprehensively
encode global and local scene context. Furthermore, our
framework leverages the inherent denoising nature of diffu-
sion models to generalize on noisy keyframes. Experimental
results demonstrate SceneMI’s effectiveness in scene-aware
keyframe in-betweening and generalization to the real-world
GIMO dataset, where motions and scenes are acquired by
noisy IMU sensors and smartphones. We further showcase
SceneMI’s applicability in HSI reconstruction from monocu-
lar videos. Project page: http://inwoohwang.me/SceneMI

*Most work done during an internship at Snap Research NYC, Snap Inc.
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1. Introduction

Modeling dynamic human motions in everyday environ-
ments is challenging due to the inherent complexity of
understanding and replicating human-scene interactions
(HSI). Various studies have approached this challenge by
learning the data distribution of human motions in scenes
through generative modeling based on textual descrip-
tions [29, 71, 79], action categories [30, 43, 70], or past
motion sequences [23, 45, 67, 90]. Despite these advances,
these methods commonly lack controllability in motions and
find limited flexibility in real applications. This motivates
our task in this work—scene-aware motion in-betweening,
which aims to synthesize natural motion transitions between
specific keyframes in 3D scenes while adapting to environ-
mental constraints, such as avoiding obstacles. The availabil-
ity of keyframe context effectively reduces task complexity
while supporting several applications in real scenarios. For
instance, animators can directly incorporate scene informa-
tion to create 3D character animations from keyframes, as
shown in Figure 1. Additionally, this technique reliably
decreases motion artifacts in existing real-world HSI data
(Tab. 4) and enhances HSI reconstruction from monocular
videos (Fig. 5).

Motion in-betweening has been extensively studied for
isolated human motions [10, 20, 21, 21, 58, 85]. However,
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trivially applying these approaches within 3D scenes often
leads to undesirable body-scene penetrations. While some
existing scene-aware approaches model goal pose reach-
ing [67, 70] as a subsystem component, they typically em-
ploy conditional VAEs to capture scene and pose constraints,
resulting in limited expressivity and scalability. Another
challenge lies in the imperfection of keyframes and scenes
in real-world scenarios—such as keyframes captured from
noisy motion capture sensors and variations of scenes ac-
quired by different devices.

In this work, we propose SceneMI, a conditional diffusion
model tailored for scene-aware motion in-betweening. We
extract hierarchical scene features: the global scene is repre-
sented by a coarse occupancy voxel grid, while local scenes
are encoded as Basis Point Set (BPS) features computed at
keyframe time steps based on selected surface body markers.
This scene encoding effectively captures the high-level scene
layout and spatial context anchored on immediate keyframes,
preventing overfitting on specific local scene geometries. We
apply imputation to keyframes to effectively encode the tem-
poral location of keyframes within the motion sequence. We
particularly leverage the inherent denoising capabilities of
diffusion models to handle noisy keyframes. During infer-
ence, noisy keyframes guide the denoising sampling from
steps T until T ∗ (a hyperparameter). For the remaining steps
(from T ∗ − 1 to 1), the full motion sequences, including
noisy key poses, are iteratively denoised.

In our experiment, SceneMI is trained exclusively on
the TRUMANS dataset [31], a large-scale HSI dataset with
motion capture data and hand-crafted indoor scenes. For
evaluation, beyond analysis on TRUMANS, we test the pre-
trained model on out-of-domain human-scene interactions
from the GIMO dataset [90], where motions are captured
using inaccurate IMU sensors and scenes are scanned by
smartphones in real-world environments. Empirical results
demonstrate that SceneMI generalizes well across different
scene types and key pose qualities, excelling at synthesizing
smooth transitions. Additionally, SceneMI reliably reduces
foot skating by 37.5% (from 0.261 to 0.163) and jittering by
56.5% (from 0.573 to 0.249), which are artifacts prevalent
in the GIMO dataset. To further explore SceneMI’s applica-
bility, we develop a framework to reconstruct human-scene
interactions from monocular videos using image-to-3D tech-
niques [75, 78] and human pose estimation [13]. Our results
show that SceneMI significantly enhances interaction natu-
ralness and reduces penetration when applied to synthetic
3D scenes and keyframes.

In summary, this work formally studies the problem of
scene-aware motion in-betweening for the first time and
explores its application in various HSI scenarios. This is
realized by a simple diffusion-based model, SceneMI, which
efficiently encodes scene contexts at global and local scales,
with specialized denoising procedures to accommodate noisy

keyframes. Our comprehensive analysis across different
scene resources and motion quality, including real-world
data, demonstrates SceneMI’s motion in-betweening capa-
bility and scalability. Additionally, we highlight SceneMI’s
applicability in reconstructing HSI from monocular video.

2. Related works
2.1. Human Motion Synthesis
Advancements in data-driven approaches have led to ap-
pealing breakthroughs in human motion synthesis. Beyond
achieving high-quality and realistic motion outputs, many
applications are designed to generate motions adaptable
to various conditions, such as action categories [8, 15, 24,
52, 64], text [4, 16–19, 28, 44, 53, 54, 64, 80, 81, 83], au-
dio [1, 14, 37, 42, 57, 61, 65], interacting objects [3, 6, 12,
36, 40, 41, 63, 76, 87], and scenes [7, 25, 27, 29, 30, 38,
43, 47, 48, 62, 71, 72, 79, 88]. Recently, there has been
growing interest in trajectory-based controllable motion gen-
eration. For instance, PriorMDM [60] fine-tuned an existing
motion diffusion model MDM [64] to support end-effector
trajectory control. GMD [60] incorporated classifier-free
guidance into a diffusion model to enable root joint-based
controllable generation. OmniControl [74] expanded this
capability to arbitrary joint trajectories using a combination
of ControlNet [82] and inference-time guidance. The recent
ControlMM [55] approach, based on masked motion model-
ing, further enables multi-joint trajectory-based controllable
motion generation.

Human-Scene Interaction Modeling. Despite promis-
ing progress in motion synthesis, modeling realistic human
movements within environmental scenes remains challeng-
ing. Reinforcement learning-based methods [23, 25, 86, 89]
have demonstrated the ability to produce goal-oriented loco-
motion by learning policies with carefully designed reward
functions. UniHSI [73] leverages large language models for
detailed motion planning to capture complex human-scene
interactions. Another line of research adopts data-driven
deep learning models. The complexity of this task often
necessitates a hierarchical approach: first generating paths
and start/end poses, followed by full motion synthesis [68–
70]. The latest advances include end-to-end generative mod-
els. HUMANISE [71] and LINGO [29] attempt to generate
3D human motions in scenes from text prompts using dif-
fusion models, while TRUMANS [30] experiments with
an autoregressive diffusion model conditioned on action la-
bels. SceneDiffuser [25] combines diffusion models with
reinforcement learning, extending motion dynamics from
a start pose within scenes. Nevertheless, existing works
lack motion controllability and practical applicability, such
as recognizing human-scene interactions from real-world
demonstrations or aiding in their reconstruction.
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2.2. Motion In-betweening
Motion in-betweening synthesizes complete motion se-
quences from keyframes positioned at specific time steps.
While traditional approaches use spline interpolation such
as Bézier curves [39, 49, 59], these methods often require
extensive post-processing adjustments. Earlier research
framed this task as motion planning [2, 5], employing search
and optimization over motion graphs [35]. However, these
approaches typically demand intensive computational re-
sources to maintain and search large databases during infer-
ence. Deep learning has transformed this field. Given the
temporal nature of motion data, RNNs have been widely
adopted for in-betweening [20, 21, 85]. Transformer archi-
tectures have further improved the modeling of long-term
dependencies [11, 34, 50, 58], exemplified by Qin et al. [58],
which developed a two-stage Transformer generating both
rough and refined transitions. While most approaches treat
motion in-betweening as deterministic, recent work has ex-
plored generative methods. CondMDI [10] leverages diffu-
sion models to produce natural, diverse transitions that align
with sparse keyframes and optional text instructions. Despite
these advancements, a key limitation remains: most exist-
ing methods overlook environmental factors that influence
motion behavior and assume precise keyframes, which is
impractical for real-world inputs.

3. Methodology
Given a 3D scene G, a sparse set of key poses s ∈ RN×D

with key pose indicator m ∈ {0, 1}N , our goal is to syn-
thesize a complete motion sequence x = {xn} ∈ RN×D

that satisfies both the key poses and the environmental con-
straints of the 3D scene. Here, N represents the total number
of poses in the full sequence, with each pose represented
by a D-dimensional feature vector. The mask mn ∈ m
indicates whether nth frame contains a key pose (mn = 1) or
non-key pose (mn = 0), with a total of k =

∑
nmn ≪ N

key poses.

Motion and Shape Representation Each pose feature
vector comprises global joint positions J ∈ R22×3 (include
root translation γ ∈ R3), 6D root orientation ϕ ∈ R6, and
local SMPL [46] pose parameters ψ ∈ R21×6. These com-
ponents collectively form a 201-dimensional pose feature
representation. To account for body volume variations, we
extract human shape features b ∈ R7 as distances between a
set of representative joint pairs, for example [root, head],
[left shoulder, right shoulder].

3.1. Scene Encoding
We need to provide a compact yet descriptive scene represen-
tation as the condition of our motion in-betweening module.
As shown in Fig. 2 (middle block), we adopt distinct strate-

gies to encode scenes at global and local scales. The global
scene feature cg encapsulates the expansive scene layout,
providing crucial information for navigating the overall mo-
tion trajectory. The local scene features cl encode spatial
information centered around individual keyframes, enabling
fine-grained interactions with the environment. Together,
these features c = [cg, cl] provide a comprehensive environ-
mental context that guides motion in-betweening, which also
presents strong generalization capability to out-of-domain
3D scenes.

Global Scene Features The global scene features rep-
resent the overall spatial context of the entire scene as
an occupancy voxel grid at a coarse resolution of cg ∈
{0, 1}dx×dy×dz with 0.1m per voxel, where a value of 1
indicates an occupied voxel and 0 represents an unoccupied
space. The center and orientation of this grid are initialized
by the root position and orientation in the first frame. To
effectively encode these global scene features, we employ
a Vision Transformer (ViT) model, following the approach
in [30]. This global scene encoder processes inputs with
dimensions 48× 24× 48 and results in a 512-dimensional
feature vector. The global scene encoder is jointly trained
with the rest of the framework.

Keyframe-centered Local Scene Features We extract
local scene features using the Basis Point Set (BPS) [56]
approach surrounding the keyframe poses. First, we deter-
mine 64 anchor points on the T-posed SMPL mesh surface
via farthest-point sampling, creating a structured abstraction
of the body shape geometry. These anchor vertex indices
remain fixed across all keyframe poses throughout our exper-
iments. For each keyframe, we calculate the nearest point
from the 3D scene to each indexed anchor point on the body
mesh. The resulting ordered offset vectors—relative po-
sitions to these nearby points—serve as the BPS features
cnl ∈ R64×3 for the immediate local scene surrounding each
keyframe. These features are embedded through an MLP and
then concatenated with key pose features at their correspond-
ing frames. Compared to traditional geometry representation,
BPS features specifically target scene context close to the
human body while remaining agnostic to point order, mesh
topology, and resolution, thereby enhancing generalizability
on different scene sources.

3.2. Scene-aware Motion In-betweening
We employ diffusion models for motion in-betweening,
which consist of a forward diffuse process and a reverse
denoising process. Beginning with a conditional data dis-
tribution p(x0|τ), where the conditions are the set of scene
context c, and body shape b, τ = {c,b}, and the denoised
variable is the clean pose x0 = x, the forward process
progressively corrupts original data samples until reaching
diffusion step T . Noisy samples at timestep t are defined
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Figure 2. Overview of SceneMI. Given the input 3D scene, we extract global voxelized features cg , and local BPS features cnl based on key
pose meshes. During training, key poses within the motion sequence are imputed based on the indicator mask m. The model integrates these
scene features (cl and cg), body shape features b, and the diffusion timestep t to synthesize the full motion sequence x that satisfy both the
keyframe and scene constraints.

as xt =
√
ᾱtx0 +

√
1− ᾱtϵ, where ᾱt is determined by

the diffusion noise schedule and ϵ is sampled from an i.i.d.
Gaussian distribution. In the reverse process, the denoising
model Dθ synthesize clean data samples by recursively re-
fining from pure Gaussian noise q(xT ) ∼ N (0, I). This
process is conditioned on both the timestep t and the corre-
sponding conditional features τ . The denoiser Dθ is trained
to reconstruct the original data x0:

Lsimple = Ex0∼p(x0|τ),t∼[1,T ]

[
∥x0 −Dθ(xt, t, τ))∥22

]
(1)

Model Architecture. Our model employs a U-Net based
architecture with Adaptive Group Normalization (AdaGN)
and 1D convolution, which has demonstrated strong perfor-
mance in global motion representation [33]. AdaGN dynam-
ically adapts normalization, enhancing the model’s ability to
capture motion dynamics, while 1D convolution facilitates
the learning of sequential motion data. The details for the
architecture are provided in the supplementary material.

Training Procedure During training, we first randomly
sample a diffusion timestep t ∼ U({1, ..., T}). Then,
k ∼ U({2, ..., N}) keyframes are randomly selected from
the motion sequence, including the start and end frames,
forming a binary mask m ∈ {0, 1}N where mn = 1 indi-
cates a keyframe location. Using this mask m, we perform
imputation on the noisy sample xt by substituting the feature

values at keyframe locations with their corresponding clean
values from x0 , as follows:

x′
t = m⊙ x0 + (1−m)⊙ xt

where ⊙ denotes element-wise multiplication. And we re-
tain local scene features cl, which are visible from selected
keyframes:

c′l = m⊙ cl

The motion-related features are obtained by concate-
nating the features of x̃t = spatialconcat(x′

t, c
′
l,m).

These features are further concatenated with body shape
features b and global scene features cg along the temporal
dimension. Subsequently, the embeddings of diffusion steps
(i.e., t) are added to all input features, as illustrated in Fig. 2.
During training, we randomly mask out cg with a probability
of 10% to enable classifier-free guidance during inference.

In addition to the reconstruction loss Lsimple defined in
Eq. 1, our denoiserDθ is trained with additional losses on the
global joint positions and joint velocities to enhance realism,
which are obtained through forward kinematics (FK) of the
predicted SMPL parameters, as following:

Ljoints = ∥FK(x0)− FK(Dθ(xt, t, τ))∥2 , (2)

Lvel = ∥diff(FK(x0))− diff(FK(Dθ(xt, t, τ)))∥2 . (3)

Overall, the final learning objective is:

L = Lsimple + λjointsLjoints + λvelLvel. (4)
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Inference At inference, the goal is to synthesize the dense
motion sequence x0 from the keyframes s, along with the
given keyframe indices m, where sn = xn

0 if mn = 1. We
directly calculate the global feature cg and the keyframe-
centered local features c′l. At each sampling step, we impute
the keyframe features following the same procedure used
during training.

x′
t = m⊙ s+ (1−m)⊙ xt.

Then we concatenate all motion-related features x̃t =
spatialconcat(x′

t, c
′
l,m) and apply classifier-free guid-

ance with scale w to the denoiser output:

x̂0 = w · Dθ(x̃t, t,b, cg) + (1−w) · Dθ(x̃t, t,b, ∅)

3.2.1. Handling Noisy Keyframes
In real-world scenarios, when the keyframe poses are cap-
tured by less accurate mocap sensors or extracted from
videos, directly using noisy keyposes for motion inbetween-
ing would compromise the output motion quality. Fortu-
nately, diffusion models inherently add noise to motion data
during the forward process, and the models learn to remove
this noise during the reverse process. As suggested by Mo-
tionMix [24] and Rohm [84], the noise in imperfect motions
could be analogous to the added noise in the diffusion pro-
cess at certain timesteps. Motivated by this insight, we divide
the diffusion/sampling timesteps into two ranges: [T, T ∗+1]
and [T ∗, 1]. From early diffusion timestep T to T ∗ + 1,
the prediction of x0 is guided by noisy keyposes snoisy for
keyframe alignment, while for the remaining timesteps (T ∗

to 1), both keyframes and in-betweening frames are itera-
tively denoised by Dθ.

To learn motion inbetweening with noisy keyframes, we
first create a noisy motion dataset xnoisy

0 from clean motions
x0 by adding unitary Gaussian noise scaled by a random fac-
tor l ∼ U(0, 1.0). During training, we restrict the imputation
operation to only occur until timestep T ∗:

x′
t =

{
m⊙ xnoisy

0 + (1−m)⊙ xt, t ∈ [T, T ∗ + 1]

xt, t ∈ [T ∗, 1]

The training objective is to predict the clean motion x0.
During inference, we apply the same imputation strategy

to noisy keyframes snoisy for sampling:

x′
t =

{
m⊙ snoisy + (1−m)⊙ xt, t ∈ [T, T ∗ + 1]

xt, t ∈ [T ∗, 1]

Empirically, we experiment with different T ∗ values (see
Table 3) and find T ∗ = 20 performs the best, where the total
diffusion step T = 1000.

4. Experiments
We provide a comprehensive evaluation of our approach
in three settings: motion in-betweening with noise-free

keyframes and in-domain 3D scenes in Sec. 4.1, out-of-
domain noisy keyframes and real-world scenes in Sec. 4.2,
and applications for refining noisy human-scene interactions
in Sec. 4.3.

Dataset. For training, we utilized TRUMANS [30], the
largest high-quality motion capture dataset (30 FPS) with
hand-crafted scene geometry. Motion sequences were seg-
mented into N = 121 frames, with 10% randomly selected
for the test set. To train for noisy keyframe handling, we
added zero-mean noise with a standard deviation determined
by noise level l, defined as (l◦, l◦, l cm) for the ground-
truth SMPL parameters(ϕ, ψ, γ) except the start and end
frames. For evaluation, we tested our approach on both
noise-free and synthetic noisy TRUMANS test sets. To
further assess out-of-domain generalization robustness, we
evaluated performance on the real-world GIMO dataset [90]
and demonstrated video-based HSI reconstruction using the
PROX dataset [22].

Implementation Details. We implement our pipeline us-
ing PyTorch [51] and train our model on a single NVIDIA
RTX 3090 GPU. During training, we use T = 1000 diffu-
sion timesteps and set λjoints = 2.0 and λvel = 10.0, with
T ∗ = 20 for the noisy setting. During inference, we use
a guidance scale of w = 2.5 with T = 1000 diffusion
sampling steps.

Evaluation Metrics. We evaluate motion in-betweening
results using three sets of metrics that assess motion nat-
uralness, motion alignment, and human-scene interaction
plausibility. For motion naturalness, we calculate the Frechet
Inception Distance (FID), which measures the distributional
distance between high-level features of completed motions
and ground truth data. We also quantify foot skating and jerk
(the rate of change of acceleration) as indicators of motion
naturalness. For motion alignment, we compute the mean
joint position error at keyframe locations (MPJE Key) and
across the full sequence (MPJE All). To evaluate HSI plau-
sibility, we report the collision frame ratio—proportion of
frames containing human-scene collisions relative to the total
sequence length, and the penetration max—average maxi-
mum collision distance across each interaction sequence.

Baselines. Since scene-aware motion in-betweening has
not been formally investigated in previous works, we adapt
several state-of-the-art approaches from related fields as our
baselines. These include diffusion models for scene-agnostic
motion synthesis (MDM [64] and StableMoFusion [26]),
motion in-betweening methods (OmniControl [74] and
CondMDI [10]), and scene-aware motion synthesis ap-
proaches (SceneDiffuser [25] and Wang et al. [66]). Base-
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Method FID ↓ Foot
Skating ↓

Jerk
(m/s3) ↓

MJPE Key
(m) ↓

MJPE All
(m) ↓

Collision Frame
Ratio ↓

Pene Max
(m) ↓

MDM [64] 1.422 0.316 0.972 0.568 0.576 0.317 0.112
StableMoFusion [26] 0.732 0.264 0.272 0.412 0.471 0.275 0.098
SceneDiffuser [25] 1.397 0.432 0.583 0.349 0.391 0.292 0.128
Wang et al. [66] 3.243 0.528 17.243 0.091 0.096 0.203 0.082
OmniControl [74] 0.371 0.294 0.274 0.217 0.294 0.211 0.081
CondMDI [10] 0.943 0.281 0.305 0.452 0.457 0.262 0.087

Ours 0.123 0.248 0.194 0.006 0.023 0.113 0.043
w/o scene-awareness cg, cl 0.136 0.251 0.103 0.012 0.059 0.131 0.049
w/o global feature cg 0.138 0.254 0.131 0.011 0.051 0.128 0.048
w/o local feature cl 0.125 0.245 0.196 0.008 0.036 0.119 0.045

Table 1. Quantitative scene-aware motion in-betweening results on TRUMANS dataset [30] with noise-free keyframes. Our method excels
in in-betweening within scene constraints across various metrics. The keyframe interval is set to r = 60 frames. Bold represents the best
value, and underlined represents the second-best.

MDM [66] OmniControl [76] CondMDI [9] Ours w/o scene-awareness Ours

Collision
Collision

Figure 3. Visual comparisons with baseline models on noise-free TRUMANS dataset.

lines that originally did not incorporate scene informa-
tion [10, 26, 64, 74] were re-trained with additional global
scene conditions. Detailed descriptions of all baseline imple-
mentations are provided in the supplementary material.

4.1. Evaluation on Noise-free TRUMANS
We first evaluate SceneMI on the TRUMANS [30] dataset
using the classical motion in-betweening setting with sur-
rounding environments, where keyframes are clean, and 3D
scenes belong to the same domain as the training data. In
our experiments, we employ a sparse keyframe interval of
60 frames, corresponding to 2-second motion sequences
between consecutive keyframes.

Comparison with Baselines. Table 1 presents the quan-
titative results. Our model demonstrates superior perfor-
mance across all evaluation metrics, achieving the highest
motion quality (FID of 0.123 compared to CondMDI), pre-
cise keyframe pose alignment (MJPE of 0.023 mm m), and
enhanced environmental awareness as evidenced by the low-
est collision frame ratio (0.113). In contrast, general motion
synthesis models such as MDM [64], StableMoFusion [26],
and SceneDiffuser [25] lack effective in-betweening capa-
bilities, particularly in keyframe alignment, as they primar-
ily focus on modeling motion distribution rather than in-
betweening functionality. Wang et al. [66] produce lower

Method Collision Frame
Ratio ↓

Collision Vertex
Ratio ↓

Pene. Max
(m) ↓

Ours w/o scene-aware 0.237 0.035 0.056
Ours 0.162 0.020 0.047

Table 2. Quantitative evaluation on the close-proximity human-
scene interaction frames from the TRUMANS [30].

motion quality (FID of 3.243) due to their reliance on CVAE
and global point cloud features, which have limited expres-
sivity. OmniControl[74] struggles to effectively incorporate
scene information, resulting in observable body-scene col-
lisions, as shown in Figure 3. Similarly, CondMDI [10]
exhibits inferior performance in both motion quality (FID of
0.943) and keyframe alignment (see Fig. 3), attributable to
its dependence on motion velocity features as model inputs,
which are rarely available in practical applications.

Ablation Analysis. We compared our model to ablated
variants that exclude global scene features cg, local scene
features cl, or both (i.e.,“w/o scene awareness“). We also
evaluated performance on close-proximity interaction frames
where the minimal distance between human and scene is less
than 8 cm, with results shown in Tab. 2. From Tab. 1 and
Tab. 2, we observed that scene-awareness effectively reduces
the collision ratio from 0.237 to 0.162 in interaction frames
and enhances alignment with ground-truth motions by over
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Method FID ↓ Foot
Skating ↓

Jerk
(m/s3) ↓

MJPE Key
(m) ↓

MJPE All
(m) ↓

Collision Frame
Ratio ↓

Pene. Max
(m) ↓

MDM [64] 5.149 0.761 22.169 0.285 0.279 0.151 0.056
OmniControl [74] 2.981 0.381 2.198 0.302 0.308 0.169 0.058
CondMDI [10] 3.136 0.317 0.296 0.354 0.349 0.187 0.059

Ours (T ∗ = 20) 0.118 0.247 0.198 0.013 0.012 0.108 0.042
T ∗ = 0 (w/o noise-awareness) 0.157 0.265 0.230 0.015 0.014 0.119 0.046
T ∗ = 10 0.123 0.253 0.199 0.013 0.013 0.110 0.044
T ∗ = 40 0.121 0.249 0.187 0.014 0.014 0.112 0.045
T ∗ = 60 0.122 0.250 0.189 0.015 0.015 0.114 0.045

Table 3. Quantitative scene-aware motion in-betweening results TRUMANS dataset [30] with synthetic noise. keyframes are provided,
using an interval of r = 3 and a noise level of l = 1. We intentionally used dense keyframes, which presents a more challenging scenario
than dealing with sparse, noisy keyframes. Bold represents the best value, and underlined represents the second-best.

50% (MJPE from 0.059 to 0.023 m). This observation is
consistent with the visualized generation results in Fig. 3.
Both global and local scene features enhance motion quality
and alignment, with global features playing more prominent
roles. Refer to the supplementary video for more results.

4.2. Robust Generalization to Noisy Data
Next, we demonstrated SceneMI’s ability to generalize from
synthetic to real-world noisy data. To enhance our model’s
robustness to noise, we trained exclusively on TRUMANS by
introducing synthetic noise and applying a diffusion process
divided into two ranges: [T, T ∗ + 1] and [T ∗, 1], with T ∗ =
20, as described in Section 3.2.1.

We first evaluated SceneMI’s performance on the noisy
TRUMANS test set, where synthetic noise was added to
keyframes. Then, we extended our evaluation to the real-
world GIMO dataset [90], which contains natural noise char-
acteristics arising from inaccurate motion capture sensors.
Additionally, GIMO’s scenes are scanned by smartphone,
which significantly differs from the synthetic scenes in TRU-
MANS that our model was trained on.

Evaluation on TRUMANS with Synthetic Noise. We
employed a dense keyframe interval of 3 frames, with a
maximum noise level l = 1 for evaluation. Dense, noisy
keyframes were intentionally used for motion in-betweening,
which typically presents a more challenging scenario than in-
betweening with sparse, noisy keyframes. Table 3 presents
the quantitative results. Our model consistently outperforms
baseline models across various metrics. Baseline models
that directly use noisy keyframes for motion in-betweening
face degraded motion quality (e.g., MDM with an FID of
5.149), even with denser keyframes compared to the noise-
free setting in Table 1. In comparison, our noise-aware
approach steadily produces high-quality motions (e.g., FID
of 0.118) while respecting both keyframes (MJPE of 0.012
m) and environmental constraints.

In addition, we validate our noise-aware design in Sec-
tion 3.2.1, and experiment with different T ∗ values, as shown
in Table 3. Noise awareness (T ∗ ̸= 0) consistently improves

Figure 4. SceneMI can perform motion in-betweening on the real-
world GIMO dataset [90], while maintaining the original semantics
in a scene-aware manner.

motion in-betweening performance on noisy keyframes.
When setting T ∗ = 20, our approach produces motions with
FID improved from 0.157 to 0.118, and jerk reduced from
0.230 to 0.198. Generally, a larger T ∗ yields smoother mo-
tion with reduced jerk; however, it also increases keyframe
error due to the randomness introduced by the diffusion sam-
pling process in the range [T ∗, 1]. We find T ∗ = 20 as a
sweet spot value, synthesizing high-quality motion while
preserving keyframe accuracy.

Generalization on Real-World HSI. To emphasize the
robust and generalizable performance of SceneMI under
noisy conditions, we evaluate our algorithm on the real-world
GIMO dataset. Figure 4 presents qualitative visualizations,
showing SceneMI generating in-betweening walking mo-
tions around indoor tables and chairs. Table 4 reports quan-
titative results for both baseline models and our approach,
including ablated versions. We omit keyframe MJPE and
FID scores due to the unavailability of ground-truth mo-
tion. Though exclusively trained on the TRUMANS dataset,
SceneMI demonstrates strong generalizability to the noisy
real-world keyframes in GIMO, outperforming baselines by
a large margin. Compared to the original GIMO dataset, the
in-betweening motions from SceneMI exhibit significantly
reduced foot skating (from 0.261 to 0.163) and jittering
(from 0.573 to 0.249), demonstrating SceneMI’s capability
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Method Foot Skating ↓ Accel (m/s2) ↓ Jerk (m/s3) ↓ Collision Frame Ratio ↓ Pene Max (m) ↓
Real-World Data (GIMO [90]) 0.261 0.347 0.573 0.057 0.048

MDM [64] 0.329 0.491 0.828 0.132 0.114
OmniControl [74] 0.301 0.413 0.624 0.102 0.092
CondMDI [10] 0.312 0.359 0.498 0.091 0.083

Ours (full) 0.163 0.165 0.249 0.060 0.047
w/o scene awareness 0.192 0.163 0.245 0.082 0.051
w/o noise awareness 0.391 0.215 0.301 0.072 0.049

Table 4. Quantitative evaluation on real-world GIMO [90], which naturally contains noise arising from acquisition equipment, using an
interval of r = 15. Through motion in-betweening, our method demonstrates the ability to reduce foot skating and jerk that are prevalent in
the original motion data. Noise awareness plays a key role in improving motion quality while scene-awareness effectively reduces collisions.
Bold represents the best value, and underlined represents the second-best.

to improve imperfect HSI data.
Ablation analysis provides further insights into how

scene-awareness and noise-awareness contribute to perfor-
mance. Our results confirm our design motivation: noise-
awareness primarily enhances motion quality, while scene-
awareness effectively reduces the incidence of collision.

4.3. Application: Video-based HSI Reconstruction

We highlight SceneMI’s applicability and generalizability
by applying it to reconstructed geometry and estimated key-
poses from real-world monocular videos. Given one frame
from a monocular video, we first segment each instance [9]
and use off-the-shelf image-to-3D techniques [75, 78] to
reconstruct individual objects. This is followed by estimat-
ing depths [77] and camera parameters [32] for coordinate
calibration to properly place each object according to the
layout in the video frame. We then recover the human mesh
from the video stream [13] and place the motion sequence
in the reconstructed scene according to camera parameters.

Initially, only a partial scene can be reconstructed. Mo-
tions also contain severe jitters and foot skating due to occlu-
sion and depth ambiguity. Moreover, since scene geometry
and motions are obtained independently, they exhibit serious
collisions, as shown in Fig. 5 (top). To refine the results,
we uniformly select keyframes with 15-frame intervals and
apply SceneMI to re-generate the motion sequence within
synthetic scenes through keyframe in-betweening. The post-
processed motions are much smoother, containing fewer
motion artifacts and maintaining more plausible interactions
with scenes, as shown in Fig. 5 (bottom). Additionally,
we employ an autoregressive sampling strategy to synthe-
size long-duration sequences. By iteratively using the final
v = 60 frames of a prior episode as initial keyframes for
the subsequent segment, we synthesize continuous motion
sequences across a 23-second video (30 FPS, 690 frames),
as demonstrated in the supplemental videos.

To our knowledge, we are the first to build a complete
pipeline for 3D HSI reconstruction from monocular videos.
Since this is not the focus of the current work, we elaborate
the detailed procedure in the appendix.

Collision

Jitter

Figure 5. SceneMI can be applied to reconstructed scenes and
keyframes from video, facilitating realistic and physically plausible
human-scene interaction reconstruction from monocular video.

5. Conclusions

We propose SceneMI, a scene-aware motion in-betweening
framework for modeling human-scene interactions (HSI).
SceneMI synthesizes smooth and natural human motions by
processing both clean and noisy keyframes within surround-
ing geometric contexts. This capability enables practical
applications including keyframe-guided character animation
in 3D scenes and enhances motion quality from imperfect
HSI data captured via noisy sensors or video reconstructions.
Our experiments demonstrate that SceneMI not only excels
in classical in-betweening scenarios with scene constraints
but also robustly generalizes to real-world GIMO data. Ad-
ditionally, we showcase SceneMI’s versatility through a new
HSI reconstruction pipeline for monocular video.

Limitations. SceneMI can be improved in several aspects:
(i) it relies on full-pose keyframes, which limits flexibility
when only partial poses are available; (ii) scene-aware mo-
tion in-betweening conditioned on text input could enhance
controllability; and (iii) SceneMI models human-scene in-
teractions primarily through feature-level fusion, potentially
restricting the expressivity. Future work should consider
model-level fusion modeling to address these limitations.
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