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Figure 1. The proposed GAP3DS: Gaze-informed Affordance for human pose Prediction in 3D Scenes. Compared to the state-of-the-
art SIF3D [41] utilizing the position of human gaze (yellow cross), GAP3DS is able to identify the intended object (green) and infer its
affordance, where both position and affordance information are used to guide the motion prediction. It therefore achieves more accurate
predicted poses, and performs significant gains for those poses where human-object interaction is expected (as highlighted in circled areas).

Abstract

Recent advances in human motion prediction (HMP) have
shifted focus from isolated motion data to integrating
human-scene correlations. In particular, the latest meth-
ods leverage human gaze points, using their spatial coordi-
nates to indicate intent—where a person might move within
a 3D environment. Despite promising trajectory results,
these methods often produce inaccurate poses by overlook-
ing the semantic implications of gaze, specifically the af-
fordances of observed objects, which indicate the possi-
ble interactions. To address this, we propose GAP3DS, an
affordance-aware HMP model that utilizes gaze-informed
object affordances to improve HMP in complex 3D envi-
ronments. GAP3DS incorporates a gaze-guided affordance
learner to identify relevant objects in the scene and infer
their affordances based on human gaze, thus contextualiz-
ing future human-object interactions. This affordance infor-
mation, enriched with visual features and gaze data, condi-
tions the generation of multiple human-object interaction
poses, which are subsequently decoded into final motion
predictions. Extensive experiments on two datasets demon-
strate that GAP3DS outperforms state-of-the-art methods in
both trajectory and pose accuracy, producing more physi-
cally consistent and contextually grounded predictions. For
more details and code, please refer to the project page.

†The corresponding author.

1. Introduction

Human motion prediction (HMP) aims to forecast future
human movements based on observed sequences of a per-
son’s action. It is a crucial task in fields such as autonomous
driving, and human-robot interaction, which facilitates the
seamless and immediate responses of intelligent systems to
human behaviors [8, 36, 41, 42, 45, 71, 73].

Standard HMP approaches have primarily relied on
single-modality data, i.e., predicting future sequences based
solely on human motion, without considering additional
contextual cues or external information [9, 32, 41, 42, 44,
45, 66]. Within this framework, researchers develop various
architectures, including RNNs [6, 14, 44], CNNs [35, 52],
and MLPs [18], to capture temporal dependencies and spa-
tial dynamics in motion data. Notably, Graph Convolutional
Networks (GCNs) [9, 36, 42, 67] have demonstrated par-
ticular effectiveness in HMP due to their ability to model
the human skeleton’s topological structure. Although these
single-modality methods have become standard, their iso-
lated approach limits their effectiveness in complex real-
world scenarios, where human actions are frequently influ-
enced by surrounding objects and environmental context.

Recent studies have increasingly focused on incorpo-
rating contextual cues—such as environmental structures
[20, 22, 65] and human gaze [41, 78]—to enhance the ac-
curacy and realism of motion prediction. Notably, [41] uti-
lizes real-captured point clouds to represent physical scenes
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and employs human gaze direction as an intent indicator to
guide predictions within 3D environments. By interpreting
gaze as a directional cue that suggests where a person is
likely to move, [41] achieves improved trajectory predic-
tions in 3D space. However, this approach lacks a nuanced
understanding of the affordances associated with the object
of focus [10, 40, 63], particularly regarding the specific ac-
tions a person intends to perform with that object. This
limitation often leads to physically implausible predictions,
where human-object interactions fail to align with semantic
consistency, as shown in Figure 1.

To address these limitations, we propose GAP3DS, an
affordance-aware human motion prediction (HMP) model
that enhances realism and accuracy in real-world 3D envi-
ronments. Unlike traditional methods that treat gaze as a
mere directional signal [41, 78], GAP3DS interprets gaze
to extract semantic insights, specifically by identifying the
affordances of objects within the user’s line of sight. Un-
derstanding both where a person is likely to move and what
actions they intend to perform with specific objects [24, 63]
provides a richer context for motion prediction. GAP3DS
begins with a gaze-guided affordance learner that identi-
fies relevant objects and infers their affordances to predict
potential human-object interactions. This step ensures that
GAP3DS links gaze with actionable intent, moving beyond
simple trajectory predictions. Next, the interactive pose
generator produces realistic human-object interaction poses
based on identified affordances and spatial orientation, ef-
fectively simulating the transitional phases of movement to
ensure physical coherence and alignment with real-world
constraints. This design helps to prevent issues like scene
intersections or unnatural poses often seen in simpler mod-
els. Ultimately, GAP3DS employs a dual-prompted motion
decoder comprising a trajectory and pose decoder, which
refines these interaction poses into a cohesive, continuous
motion sequence [41, 58]. This module ensures consistency
between the predicted motion, observed motion, and envi-
ronmental context, addressing the common issues of frag-
mented or unrealistic predictions found in previous meth-
ods. As a result, GAP3DS generates the physically plausi-
ble sequences that are contextually grounded and semanti-
cally aligned with the external scene.

Our main contributions are as follows: (1) We pro-
pose GAP3DS, an affordance-aware HMP model that lever-
ages gaze-informed object affordances, producing accurate
and contextually consistent predictions within 3D environ-
ments. (2) GAP3DS introduces a novel gaze-guided affor-
dance learner that interprets gaze as an indicator of human
intent, capturing both movement direction and intended
interaction, thus enhancing the predictive context for hu-
man motion. (3) Extensive experiments demonstrate that
GAP3DS surpasses state-of-the-art methods in trajectory
and pose accuracy, delivering physically plausible and se-

mantically consistent predictions.

2. Related Work
Human Motion Prediction (HMP) has been extensively
explored, with early approaches such as RNN-based mod-
els [14, 17, 44, 45] effectively capturing temporal depen-
dencies in motion sequences but often struggling with dis-
continuity and error accumulation over longer horizons. Re-
cent advancements with CNN [33], transformer [1, 2], and
GCN-based models [9, 36, 42] have improved prediction
accuracy and sequence coherence.

Despite these advancements, most models overlook the
crucial role of 3D environmental context in motion pre-
diction. Scene-aware models [3, 7, 43, 65, 78] attempt
to address this by emphasizing human-scene interactions.
For example, MDP [65] enhances contextual grounding by
modeling spatial relationships between humans and their
surroundings, resulting in more realistic trajectory and pose
predictions. Incorporating human gaze as an indicator of
intent further enriches prediction accuracy. Models such
as BiFU [78] refine predictions using gaze to navigate 3D
scenes, while SIF3D [41] introduces a multimodal frame-
work that leverages gaze information to improve prediction
outcomes. However, these methods generally treat gaze as a
simple spatial cue, missing the deeper semantic insights that
gaze can provide about human-object interactions. Our ap-
proach, GAP3DS, addresses this limitation by using gaze-
guided affordance learning to inform interaction-aware pre-
dictions, advancing HMP in real-world 3D settings.

Scene-aware Motion Synthesis focuses on generating
realistic human motions within 3D environments based on
specific instructions [7, 22, 78]. Recent advancements in-
clude whole-body grasping with small objects [54] and dy-
namic object interactions [37]. Techniques such as dif-
fusion models [23] and reinforcement learning [77] have
further refined adaptive interactions and navigation. Addi-
tionally, multimodal approaches that integrate scene context
with text have provided greater control over motion gener-
ation [27, 62, 77], with models like WANDR [11] utiliz-
ing intention functions for guided synthesis. Affordance-
informed methods, such as AffordMotion [63], bridge 3D
scene grounding and conditional motion synthesis by us-
ing affordances to guide interactions. Our approach builds
on these advances by learning the affordances of objects
targeted by human gaze, enabling motion predictions that
align more closely with human intent within 3D scenes.

Scene and Affordance Understanding. Scene un-
derstanding [10, 21, 72, 76] is critical for applications
in robotics [4] and embodied AI [60, 69, 70]. Affor-
dances [15], typically defined as the potential actions an
environment or object enables, play a key role in scene
understanding [29, 49, 68]. Early studies on affordances
focused on object manipulation from image-level observa-
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Figure 2. Illustration of the proposed GAP3DS. GAP3DS integrates three main components to generate affordance-aware human motion
predictions in 3D scenes. (1) Gaze-guided Affordance Learner leverages human gaze G to identify the intended object Ogaze and infer its
affordance Φaff = (ϕl

aff,ϕ
v
aff,ϕ

t
aff), with respect to the interaction location Φaff = (ϕl

aff, visual semantics ϕv
aff, and textual context ϕt

aff; (2)
Affordance-aware Pose Generator uses the predicted affordance ϕv

aff and ϕt
aff to produce interaction poses P̂∆L−w:∆L; (3) Dual-Prompted

Motion Decoder, taking the interactive location ϕl
aff and the generated interactive poses P̂∆L−w:∆L as the input, can achieve the translation

Û and orientation V̂ , as well as predicted poses Q̂, which are then used to predict the final future motions Ŷ 1:∆L.

tions [13, 16, 19, 30, 31, 38, 47, 48, 61, 79, 80], while
later research began to incorporate human-object interac-
tions [24, 34, 55, 64] to enhance 3D scene understand-
ing [5, 10, 21, 76].

Recent work has shifted toward explicit 3D affordance
representations, such as contact maps for grasping [25, 28,
39, 40] and distance maps for scene-aware motion synthe-
sis [63, 75]. Unlike traditional affordance learning methods
that apply affordances across an entire scene, our approach
uniquely leverages gaze-informed affordances to highlight
objects most relevant to human intention.

3. Proposed Method
Figure 2 illustrates the overall procedure of GAP3DS, a
framework that enhances human motion prediction by using
gaze to infer object affordances in 3D scenes. Unlike pre-
vious methods that treat gaze as a simple directional cue,
GAP3DS interprets gaze as an indicator of interaction in-
tent, enabling predictions that are both physically plausible
and semantically aligned with real-world interactions.

3.1. Problem Setup
Given an observed motion sequence X1:L =
{x1,x2, . . . ,xL}, each pose frame xk = (tk, rk,pk)
at time step k consists of global translation tk ∈ R3,
global orientation rk ∈ SO(3), and body pose embedding
pk ∈ R32, allowing full body mesh reconstruction via the

SMPL-X model [51]. The surrounding 3D environment
is represented as a point cloud S ∈ RN×3, where N
denotes the number of sampled points, and we incorpo-
rate human gaze information, represented as a sequence
G = {g1, g2, . . . , gL} ∈ RL×3, where each gk is the 3D
intersection coordinate indicating the gaze target. With
the network parameter θ, our task is to predict the future
motion Ŷ 1:∆L = {x̂L+1, x̂L+2, . . . , x̂L+∆L}, Y 1:∆L

being the ground truth, for a horizon ∆L, formulated as:

argmax
θ

P (Y 1:∆L | X1:L,S,G; θ). (1)

3.2. Gaze-guided Affordance Learner (GAL)
GAL uses human gaze as a reliable indicator of interaction
intent, identifying the primary object of focus and extract-
ing its affordance attributes to enhance contextual under-
standing in motion prediction. While gaze may sometimes
drift [78], sustained focus on a specific object—such as a
chair—often signals an intent to engage with it.

To quantify gaze interaction with scenes, we compute
the distance matrix D ∈ RN×L between each gaze point
gj ∈ G and each scene point si ∈ S:

Dij = ∥si − gj∥2, (2)

where N and L denote the number of scene points and gaze
frames. We then apply a 3-layer 1D CNN, GazeNet (de-
tails in supp. mat.), to aggregate gaze data and generate an
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interaction map M ∈ RN×1:

M = GazeNet(D), (3)

where higher values in M indicate the regions of likely in-
teraction.

To determine the intended target, we encode the
scene into a compact feature representation Fscene =
SceneEncoder(S) and parse it into a set of objects O =
{O1,O2, . . . ,Om}, where m is the total number of objects
in the point clouds of scene. We employ the off-the-shelf
SoftGroup [59] to encode and parse the scene. The object
with the highest cumulative interaction score in M is se-
lected as the intended target Ogaze ∈ Rnb×3, with nb being
the number of point cloud of the object:

Ogaze = arg max
Oi∈O

∑
p∈Oi

M [p], (4)

where M [p] is the interaction score for each point p within
a object Oi. For the target Ogaze, AffordanceNet [12] is
used to derive visual features ϕv

aff ∈ Rnb×ce and textual
affordance attributes ϕt

aff ∈ R1×ch :

ϕv
aff,ϕ

t
aff = AffordanceNet(Ogaze). (5)

Here, ce and ch are the dimensions of visual and textual
affordance features.

The resulting affordance triplet Φaff = (ϕl
aff,ϕ

v
aff,ϕ

t
aff)

includes: ϕl
aff: The interaction map M serves as a spatial

anchor to guide trajectory prediction, and for the sake of
uniformity, it can also be expressed as ϕl

aff. ϕv
aff: Visual

characteristics (e.g., shape) of the object. ϕt
aff: High-level

semantics that describe the object’s affordances. Each com-
ponent provides complementary information to guide accu-
rate trajectory and pose predictions in the subsequent stage.

3.3. Affordance-aware Pose Generator (APG)
Human gaze often signals intent, guiding actions beyond
simple directional cues [78]. To generate interaction
poses that align with inferred affordance attributes, APG
employs a motion diffusion model, the affordance-aware
pose diffusion model. This model uses forward and re-
verse processes to create human-object interaction poses
P̂∆L−w:∆L, where w is the number of generated frames.
By conditioning pose generation on affordance cues, APG
ensures the resulting motion is both contextually and physi-
cally plausible, enhancing GAP3DS’s capacity for realistic,
intention-driven motion prediction in 3D environments.

For simplicity, we denote the sequence P∆L−w:∆L at
noising step t as Zt. As t → ∞, Zt converges to an
isotropic Gaussian distribution. The forward process is:

q(Zt | Z0) = N (Zt;
√
ᾱtZ

0, (1− ᾱt)I), (6)

where ᾱt = cos2
(
t+0.008
1.008 · π

2

)
represents the cumulative α

at time step t.
In the affordance-guided reverse denoising process, APG

progressively denoises Zt. Following [56, 57, 74], we di-
rectly predict the denoised sample iteratively across reverse
steps rather than predicting noise. In each reverse step t,
the model predicts the denoised sample Z̄

0 from the cur-
rent state Zt, then adds Gaussian noise for the (t − 1)-th
step, simulating reverse diffusion. This process iteratively
refines the state from t = T down to t = 0, producing
the final clean sample Ẑ

0
. The reverse diffusion process is

conditioned on the visual feature ϕv
aff and textual affordance

ϕt
aff:

Z̄
0
= PoseGenerator(Zt,ϕv

aff,ϕ
t
aff), (7)

where the PoseGenerator is a dual-layer transformer de-
coder. After T denoising steps, APG produces a cohesive
pose sequence Ẑ

0
, namely P̂∆L−w:∆L.

3.4. Dual-Prompted Motion Decoder (DPM)
To ensure that the predicted motion is consistent with
the observed motion and the environmental context, and
to address issues of fragmentation and unrealistic motion,
we utilize interactive location ϕl

aff and interactive poses
P̂∆L−w:∆L to refine the poses into a cohesive, continuous
motion sequence.

For trajectory consistency, the interactive location ϕl
aff

serves as a prompt for global translation and orientation,
anchoring the motion trajectory within the scene layout.
Specifically, we adopt a standard transformer-based de-
coder, TrajDecoder [41], to combine the observed motion
sequence X1:L with the interactive location and scene con-
text, producing the global translation Û and orientation V̂ :

Û , V̂ = TrajDecoder
(
X1:L, [Fscene,ϕ

l
aff]

)
. (8)

Here, [, ] denotes a concatenation operation. For the fi-
nal pose result, interactive poses P̂∆L−w:∆L are used to
prompt refinement of the final pose sequence, ensuring that
predicted poses align with intended actions. The final pose
sequence Q̂ is decoded by PoseRef [41]:

Q̂ = PoseRef
(
X1:L, P̂∆L−w:∆L

)
. (9)

The combined predictions of Û , V̂ , and Q̂ are processed
through the SMPL-X [51] to reconstruct the human body,
with VPoser [51] refining the pose. The final continuous
motion sequence Ŷ is assembled by MotionGen [41]:

Ŷ = MotionGen(SMPL-X(Û , V̂ , Q̂,VPoser(Q̂))). (10)

By using the interactive location ϕl
aff and interactive poses

P̂∆L−w:∆L to guide both trajectory and pose prediction,
GAP3DS achieves contextually consistent future motion.
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Method GAL APG Trajectory Deviation (in mm) Pose MPJPE (in mm) Penetration Error [%] ↓
Traj-path↓ Traj-interact ↓ MPJPE-path ↓ MPJPE-interact ↓

AuxFormer [66] × × 688 893 173.5 205.4 6.65
BiFU [78] × × 661 727 167.8 205.0 3.73
MDP [65] × × 612 679 157.1 190.4 4.77

SIF3D [41] × × 590 666 156.6 195.7 4.59

AuxFormer [66] ✓ × 637 688 159.8 196.4 4.84
BiFU [78] ✓ × 650 696 165.1 198.9 3.79
MDP [65] ✓ × 601 658 157.0 190.8 4.56

SIF3D [41] ✓ × 583 656 155.1 194.6 3.61

AuxFormer [66] ✓ ✓ 621 672 156.1 193.1 3.64
BiFU [78] ✓ ✓ 630 677 160.9 194.1 3.60
MDP [65] ✓ ✓ 597 649 152.0 184.1 4.51

SIF3D [41] ✓ ✓ 580 644 150.2 186.1 3.24

GAP3DS ✓ ✓ 575 623 141.2 171.4 0.95

Table 1. Performance comparison on trajectory deviation, MPJPE, and penetration error in the GIMO dataset [78]. This table evaluates the
impact of the Gaze-guided Affordance Learner (GAL) and Affordance-aware Pose Generator (APG) on various baselines. By incorporating
both GAL and APG, GAP3DS achieves the best performance across all metrics, demonstrating its effectiveness in producing accurate,
physically consistent human motion predictions within 3D environments. Bold values indicate the best results.

4. Experiments
4.1. Experimental Setup
Datasets: (1) GIMO [78] consists of ≈ 129K frames
of high-quality human motion data with gaze information
in real-world 3D environments. It includes SMPL-X pose
representations across 14 scenes, each captured with a 3D
LiDAR sensor, producing detailed 3D point clouds with
10 20 objects and about 500K vertices per scene. Following
SIF3D [41], we down-sample sequences to 2fps and adopt
the official scene-based splits for training and testing. (2)
GTA-IM [3] provides 1M frames of human poses in indoor
settings, along with segmentation and camera pose data. It
features 50 unique characters in 10 indoor scenes, support-
ing diverse interaction activities valuable for human motion
analysis. We note that due to the space limitation, the result
of GTA-IM is reported in Supp.mat.

Baselines: We compare GAP3DS with 4 methods: Aux-
former [66], BiFu [78], MDP [65], and SIF3D [41]. Aux-
former [66] integrates spatial-temporal dependencies in an
auxiliary-adapted transformer framework to improve mo-
tion prediction. MDP [65] enhances human-scene interac-
tions by leveraging the mutual distance between the human
body and the surrounding environment. BiFU [78] incor-
porates gaze coordinates to predict future human activities,
offering insights into ego-centric interactions. SIF3D [41]
achieves state-of-the-art performance by implementing a
multimodal sense-informed predictor tailored for real-world
3D scenarios. Moreover, we discuss scene-aware motion
synthesis methods in Supp.mat, even if they are not directly
applicable to the HMP task.

Metrics: Following SIF3D [41], we evaluate GAP3DS
with three primary metrics: (1) Trajectory Metrics, where

Traj-path measures average trajectory deviation to assess
path alignment, and Traj-interaction evaluates final pose
accuracy for target-reaching precision; (2) Pose Metrics,
using Mean Per Joint Position Error (MPJPE)[36, 42],
with MPJPE-path measuring overall pose consistency, and
MPJPE-interaction assessing joint accuracy at the endpoint
to emphasize interaction precision; and (3) Penetration Er-
ror, calculated as the percentage of intersecting points be-
tween the human body and scene point cloud using the
Signed Distance Function (SDF)[50], to assess physical re-
alism by penalizing intersections with scene objects.

4.2. Main Results and Analysis
Table 1 showcases the effectiveness of GAP3DS com-
pared to baselines across multiple evaluation metrics, in-
cluding trajectory deviation, pose accuracy, and phys-
ical consistency. The scene-independent model Aux-
Former [66] demonstrates relatively low prediction ac-
curacy and higher penetration error, suggesting that its
lack of scene-awareness limits its capacity to generate
spatially aligned and contextually consistent predictions.
Scene-aware models, such as BiFU [78], MDP [65], and
SIF3D [41], achieve notable improvements in trajectory and
pose accuracy, with SIF3D outperforming others by lever-
aging gaze location as an indicator of human intent. How-
ever, even with gaze cues, SIF3D struggles to capture de-
tailed interaction information, as indicated by its MPJPE-
interact score. GAP3DS addresses this limitation through
its gaze-guided affordance learning, which provides a richer
semantic context for motion prediction. By integrating af-
fordances with gaze, GAP3DS achieves the lowest scores in
trajectory deviation, MPJPE, and penetration error, empha-
sizing its advantage in predicting accurate and physically
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Method Scene Bedroom Classroom Garden Kitchen Lab Livingroom Seminarroom
Time 0.5s 2.0s 5.0s 0.5s 2.0s 5.0s 0.5s 2.0s 5.0s 0.5s 2.0s 5.0s 0.5s 2.0s 5.0s 0.5s 2.0s 5.0s 0.5s 2.0s 5.0s

AuxFormer [66] Traj 185 541 1162 319 442 529 232 630 972 172 509 625 248 745 1113 151 621 1030 273 606 881
MPJPE 114.9 173.2 259.7 137.1 178.7 162.4 105.3 230.5 229.9 128.5 108.0 125.1 113.1 144.0 231.9 156.3 132.7 259.8 130.9 160.7 204.9

AuxFormer [66] Traj 179 471 766 282 392 472 183 547 666 165 468 537 236 672 863 146 587 864 248 579 623
w/ GAL & APG MPJPE 105.7 152.6 237.6 125.6 134.6 154.5 97.6 210.3 223.9 108.2 95.6 114.5 98.5 124.0 215.5 122.1 113.1 226.6 112.4 144.5 195.6

MDP [65] Traj 165 543 673 176 433 576 194 481 642 165 451 439 259 611 685 246 629 832 343 504 620
MPJPE 114.9 174.8 281.4 95.6 165.4 157.4 101.0 188.3 210.5 91.0 104.5 124.2 79.5 91.0 230.6 102.3 130.5 210.0 103.5 140.5 186.7

MDP [65] Traj 159 530 660 165 419 556 190 470 599 158 432 428 251 594 669 230 599 786 329 496 605
w/ GAL & APG MPJPE 104.2 159.9 253.6 93.1 157.2 145.7 93.3 183.6 199.9 90.8 99.5 106.7 82.4 92.4 216.7 99.4 124.5 204.2 102.1 135.6 181.0

BiFU [78] Traj 232 540 838 332 442 689 218 532 659 275 467 582 273 551 681 340 607 794 417 659 629
MPJPE 67.0 115.0 185.9 86.6 144.2 171.9 89.4 205.0 251.7 98.0 104.0 133.0 53.9 110.8 229.8 95.7 126.1 236.1 107.2 137.3 179.4

BiFU [78] Traj 212 529 644 298 413 663 222 527 644 266 489 591 270 534 664 310 563 767 402 631 622
w/ GAL & APG MPJPE 66.0 109.1 176.0 82.5 135.5 160.6 89.2 203.1 223.7 95.6 99.4 120.5 53.7 105.4 218.4 93.2 124.4 228.7 106.0 134.7 175.6

SIF3D [41] Traj 183 441 554 155 424 554 200 472 533 176 471 444 245 540 730 257 602 794 219 440 611
MPJPE 82.3 105.7 185.9 100.3 147.1 160.1 74.0 190.4 199.0 100.1 101.5 114.3 65.4 94.3 218.3 108.9 121.1 188.4 101.8 137.3 179.4

SIF3D [41] Traj 165 413 496 158 401 532 196 466 521 166 464 431 238 531 713 250 588 706 210 420 598
w/ GAL & APG MPJPE 81.1 99.5 179.5 93.2 135.3 146.0 73.6 185.5 189.1 98.6 96.4 103.0 64.9 93.4 214.5 102.6 115.2 185.9 100.9 134.5 173.5

Ours Traj 180.1 369 478 192 425 356 196 444 489 174 393 415 250 496 622 185 542 649 186 407 589
MPJPE 95.0 101.4 175.5 100.2 125.9 139.1 90.4 180.5 185.6 90.4 94.2 99.5 56.7 94.2 150.5 103.4 125.6 176.2 103.0 126.7 172.0

Table 2. Experimental results of trajectory deviation and pose MPJPE (in mm) across diverse scenarios on GIMO [78] dataset. Our
GAP3DS demonstrates strong performance across most scenarios, particularly excelling in longer-term forecasting.

consistent human motion within 3D environments.
Table 2 further evaluates each model’s performance

across different timestamps and diverse sub-scenarios, as-
sessing the robustness of each model in both short-term
and long-term prediction contexts. While baseline mod-
els generally maintain reasonable accuracy in short-term
predictions, their performance degrades over long-term
(5-second) forecasting, with declines in trajectory co-
herence and pose precision. GAP3DS consistently out-
performs baselines across both pose and trajectory met-
rics in all scenarios, particularly in long-term predictions
where its accuracy remains robust. This long-term consis-
tency is attributed to GAP3DS’s dual-prompted mechanism,
which combines interactive location as a trajectory anchor
with affordance-informed poses for enhanced motion re-
finement. Additionally, GAP3DS demonstrates notable
strengths in complex environments, such as kitchens and
bedrooms, where interactions are frequent and require fine-
grained predictive detail. Its ability to anticipate these com-
plex interactions effectively underscores the impact of inte-
grating affordance cues, which provide spatial and contex-
tual depth essential for navigating intricate settings. Over-
all, these results validate GAP3DS’s capability to generate
motion sequences that are not only accurate and realistic but
also contextually and physically aligned within challenging
3D environments.

Overall, GAP3DS demonstrates that affordance-aware
human motion prediction not only enhances trajectory and
pose accuracy but also ensures contextual relevance and
physical plausibility in challenging 3D environments.

4.3. Visualization Comparison

Figure 3 illustrates the advantages of GAP3DS over
SIF3D [41] in terms of interaction realism, trajectory fi-

delity, and physical consistency across various indoor sce-
narios. (1) In the kitchen scenario (subfigure a), GAP3DS
achieves precise alignment with target objects, generat-
ing realistic interaction poses, such as reaching towards
specific items or avoiding nearby obstacles. These poses
demonstrate GAP3DS’s capacity to adaptively shape mo-
tions based on the affordances of objects in the scene. In
contrast, SIF3D only approximates target positions with-
out creating meaningful interactions, often resulting in gen-
eralized or non-interactive motions, as highlighted by the
red boxes. (2) GAP3DS effectively maintains trajectory
alignment over extended sequences, showing robustness
in longer-term predictions. For example, in the living
room scenario (subfigure b), GAP3DS consistently fol-
lows the intended trajectory, reflecting the model’s abil-
ity to integrate contextual cues and maintain spatial coher-
ence throughout the sequence. By comparison, SIF3D fre-
quently deviates from the intended path as the sequence pro-
gresses, leading to drift and noticeable misalignment with
the target trajectory, as indicated in the yellow boxes. (3)
In terms of physical consistency and collision avoidance,
GAP3DS generates motion sequences that respect spatial
boundaries, avoiding collisions with scene objects. For in-
stance, in the bedroom scenario (subfigure c), GAP3DS
adjusts poses to prevent intersection with the bed, gen-
erating physically plausible interactions that respect envi-
ronmental constraints. Conversely, SIF3D often produces
poses that intersect with objects such as the bed frame, re-
sulting in physically implausible configurations, as illus-
trated in the green boxes.

We conclude that, GAP3DS brings significant improve-
ments over the state-of-the-art SIF3D [41], with produc-
ing accurate, contextually consistent trajectories, physically
plausible interactions, and more natural sequence.
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Figure 3. Visual comparison of GAP3DS with the state-of-the-art SIF3D [41] across various indoor scenarios: (a) kitchen, (b) living room,
and (c) bedroom. Each scene is shown from top view, side view, interactive pose view, and pose view. The purple human meshes denote the
ground truth, the brown meshes show model predictions, and the blue meshes represent historical motion sequences. GAP3DS exhibits
improved accuracy and natural motion prediction over SIF3D, particularly in trajectory alignment, collision avoidance, and generating
realistic human-object interactions within the scene.

4.4. Ablation Studies
We conduct extensive ablation studies to assess the contri-
butions of each core component in GAP3DS.

Gaze-guided Affordance Learner (GAL). Table 3a
highlights the role of GAL in enhancing GAP3DS’s per-
formance. Removing GAL results in a marked increase in
trajectory deviation and pose error, which underlines its es-
sential function in interpreting affordance cues from gaze
direction, thus refining motion accuracy.

Further analysis in Table 3b investigates the influence of
each attribute in the affordance triplet. The interactive loca-
tion is shown to have a stronger effect on trajectory align-
ment, providing crucial spatial context, while the visual and
textual attributes contribute to pose accuracy by capturing
interaction details. Together, these attributes complement
one another in accurate motion prediction.

Moreover, adapting GAL to baseline models (e.g., MDP
[65], BiFU [78], SIF3D [41]), as presented in Table 1 and
2, consistently enhances their trajectory and pose accuracy.
This demonstrates that gaze-informed affordances, as in-
troduced in GAL, not only strengthen GAP3DS but also
provide a flexible and valuable context for existing base-
line models, facilitating a more detailed understanding of
the scene and human intention.

Affordance-aware Pose Generator (APG). We evalu-
ate the influence of APG in generating interactive poses,

particularly in relation to pose accuracy. Removing APG,
as shown in Table 3a, significantly increases pose prediction
error, emphasizing its essential role in capturing interaction
details necessary for accurate final pose generation.

Further analysis of the number of interactive poses, pre-
sented in Table 3d, indicates that 3 interactive poses achieve
an optimal balance by enhancing pose detail without adding
redundancy. This setup not only improves pose accuracy
but also indirectly supports trajectory coherence by en-
abling smoother translations.

Lastly, we assess APG’s adaptability when integrated
into baseline models, as detailed in Table 1 and 2. The
addition of APG enhances pose accuracy, particularly in
frequent interaction scenarios. This improvement high-
lights APG’s effectiveness in establishing a solid founda-
tion for coherent human-object interactions that contribute
to smooth motion sequences.

Dual-Prompted Mechanism. We first study the impact
of the DPM decoder in improving GAP3DS’s performance.
Table 3a shows an immediate performance drop in both Traj
and MPJPE when we replace DPM with one basic decoder,
demonstrating DPM’s effectiveness for trajectory alignment
and pose accuracy. Table 3c further assesses the impact of
the dual-prompted mechanism performed on the DPM de-
coder. Four configurations are analyzed: (i) single pose-
prompt, where interactive poses alone guide the pose de-
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Components Traj-P Traj-I MPJPE-P MPJPE-I

w/o GAL 642 701 170.1 206.4
w/o APG 586 632 164.6 193.2
w/o DPM 582 632 144.2 175.7
full model 575 623 141.2 171.4

(a) Model components analysis. Traj-P is for Traj-
pose, Traj-I for Traj-interaction, MPJPE-P for MPJPE-
pose, and MPJPE-I for MPJPE-interaction metric. We
observe that GAL, APG, and DPM contributes to per-
formance, and the full model achievies the best result.

Afford. Type Traj-P Traj-I MPJPE-P MPJPE-I

w/o ail 587 668 146.7 174.2
w/o avs 578 627 152.1 186.4
w/o ats 577 627 154.2 189.0

full triplet 575 623 141.2 171.4

(b) Affordance triplets study. Combining all affor-
dance triplet components: location (ail), visual (avs),
and textual (ats) attributes, yields the best results, in-
dicating their complementary roles in enhancing both
trajectory alignment and interaction accuracy.

Prom. Mech. Traj MPJPE

single pose-prom. 585 148.3
single afford-prom. 586 164.1

reverse-prom. 637 171.2
standard dual-prom. 575 141.2

(c) Dual-prompted mechanism. Using
interactive location for trajectory and
interactive poses for pose prediction,
achieves superior performance.

Inter. Pose Traj-P Traj-I MPJPE-P MPJPE-I

1 580 626 146.2 173.8
3 575 623 141.2 171.4
5 575 624 142.9 172.6
7 577 625 143.0 174.5

(d) Interactive poses number analysis. Generating 3
interactive poses provides the optimal balance between
spatial coherence and interaction precision, improving
both trajectory and pose accuracy without redundancy.

Scene Points 512 2048 8192 32768

Traj-P (mm) 631 592 575 575
MPJPE-P (mm) 166.4 156.2 141.2 141.0
VRAM (MB) 5420 6124 11249 21085

Speed (sample/s) 29.6 24.5 10.3 3.1

(e) Scene density and computation efficiency. Increas-
ing scene point density improves prediction accuracy
but comes at the cost of higher VRAM and slower pro-
cessing. A moderate density of 8192 points strikes a
balance between efficiency and accuracy.

SceneParser Traj MPJPE

SPFormer [46] 575 150.2
SphericalMask [53] 580 146.8

PointGroup [26] 576 143.3
SoftGroup [59] 575 141.2

(f) SceneParser analysis. High-quality
SceneParsers improve accuracy by cap-
turing finer object boundaries, though
GAP3DS maintains robustness even
with simpler SceneParser models.

Table 3. Ablation Studies for GAP3DS. All results are evaluated on the GIMO [78] testing set. Each subtable investigates the contributions
of individual model components, the affordance attributes, the effectiveness of dual-prompt mechanisms, the optimal number of interactive
poses, the trade-offs between scene density and computation efficiency, and the impact of segmentation quality on model performance.

coder; (ii) single affordance-prompt, where only interac-
tive location informs the trajectory decoder; (iii) reverse-
prompt, with interactive location guiding the pose decoder
and interactive poses prompting the trajectory; and (iv) the
standard dual-prompt setup, combining interactive location
for trajectory prediction with interactive poses for final pose
generation.

The findings reveal that: (1) Using only interactive lo-
cation improves trajectory alignment yet lacks pose details,
while relying solely on interactive poses enhances pose ac-
curacy at the expense of trajectory coherence. This indi-
cates that interactive location is more effective for global
motion guidance, while interactive poses provide critical
details for accurate human-object interactions; (2) Apply-
ing prompts in reverse (affordance for pose and interac-
tive poses for trajectory) results i lower accuracy across
both trajectory and pose, highlighting the specialized role
of each prompt; (3) The optimal configuration affirms the
dual-prompted mechanism’s effectiveness in harmonizing
trajectory and pose predictions, resulting in accurate and
physically consistent motion sequences.

Scene Density and Computation Efficiency. Table 3e
evaluates the impact of scene point density on GAP3DS’s
performance and computational efficiency. As scene point
density increases, GAP3DS demonstrates improved trajec-
tory and pose predictions, highlighting the value of denser
environmental representations for spatial awareness. How-
ever, this accuracy gain comes at the cost of increased
VRAM usage and slower processing speeds. Moderate
densities (8192) achieve an effective balance, enabling
GAP3DS to retain high performance without excessive
computational overhead, making it suitable for real-time ap-

plications while maintaining precision.
SceneParser Analysis. Table 3f study the impact of

SceneParser quality on GAP3DS’s performance. Given the
importance of clear object boundaries in informing mo-
tion and interaction, SceneParser quality directly affects
the model’s environmental understanding. Results indicate
that using high-resolution SceneParsers, such as SoftGroup
[59], enhances GAP3DS’s ability to accurately detect in-
teraction regions, leading to better trajectory alignment and
pose accuracy. Notably, GAP3DS demonstrates robustness
across varying segmentation qualities, maintaining certain
performance even with simpler SceneParsers.

5. Conclusion

In this paper, we present GAP3DS, an affordance-aware
model for human motion prediction in complex 3D en-
vironments. By leveraging gaze-guided affordance cues,
GAP3DS advances beyond traditional approaches that treat
gaze merely as a directional signal, enabling a deeper
understanding of interaction intent by identifying target
objects and interpreting their affordances. This capabil-
ity allows GAP3DS to generate human-object interaction
poses that are contextually accurate and physically coher-
ent, providing a strong foundation for final motion decod-
ing. Through extensive evaluations, GAP3DS consistently
outperforms state-of-the-art methods across key metrics,
achieving superior trajectory alignment, pose accuracy, and
collision avoidance. Our approach sets a new benchmark
for affordance-informed motion prediction, demonstrating
the importance of integrating semantic cues for generating
realistic, context-aware human motions in 3D scenes.
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