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Figure 1: Overview of the proposed method. Scene-aware human motion prediction (HMP) requires
resolving future-motion ambiguity. (a) Previous methods handle this ambiguity implicitly, relying on
motion—scene distance or gaze without an explicit interaction target; geometry alone is ambiguous
when several objects lie at similar distances, and gaze requires extra sensing. (b) Given the same
observed motion, a person may approach a bag, sit on the sofa or chair, or freely navigate the room.
SGIP resolves this by predicting an explicit scene-grounded interaction prior, a distribution over
candidate scene tokens covering both object instances and free space, from the observed motion and
3D scene alone. Distilled at training time from an intent-aware teacher that combines semantic and
geometric scores, the prior places the highest probability on the sofa token, which conditions both
trajectory and full-body pose prediction to correctly anticipate walking toward and sitting on the sofa,
with no extra sensing at inference.

Abstract

Human motion prediction (HMP) aims to forecast future movement from an ob-
served motion sequence, and recent methods have incorporated 3D scene geometry
and object semantics to improve long-term plausibility. However, the destination
of future motion remains ambiguous in cluttered scenes: the same observed motion
can lead to different interaction targets or navigation modes. Existing methods
either handle this ambiguity implicitly or rely on auxiliary signals like gaze that
are hard to obtain in practice. To address this, we propose SGIP, which explicitly
predicts where in the scene future motion will be grounded across both objects
and open navigation regions, and uses it to condition future trajectory and full-
body pose prediction. This scene-grounded interaction prior is learned via intent
distillation: at training time only, a teacher model scores candidate scene regions
by combining an LLM prompted with a textual description of the person’s intent
with geometric motion-scene features. A student model learns to reproduce these
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scores from only the observed motion and 3D scene, making intent and LLM
unnecessary at test time. Across multiple benchmark datasets, SGIP outperforms
prior scene-aware baselines on both trajectory and pose accuracy in a realistic
deployment setting where neither gaze nor intent is available at inference, demon-
strating the effectiveness of the proposed framework. The project page is available
athttps://sgip2026.github.io|

1 Introduction

Human motion prediction (HMP) aims to forecast future human poses and trajectories from an
observed motion sequence, and is essential for autonomous systems, embodied agents, and human—
robot collaboration [17} 140, 41]. While early approaches largely modeled motion dynamics in
isolation [41}45], recent HMP has shifted toward 3D scenes, where predictions must respect both
the physical layout and the semantic affordances of the environment [20, |56]]. These scene-aware
methods improve long-term plausibility by incorporating human—object context, future contact, and
gaze-based intention cues [10} 40, 144, 66l

However, future motion in such scenes is inherently ambiguous: the same observed motion can
correspond to multiple valid ways of interacting with or navigating through the scene. For example, a
person approaching a dining area may sit on one of several chairs or pass through the space toward
another room; each possibility induces a different trajectory, body orientation, and contact pattern.
Prior work has attempted to resolve this ambiguity by relying on auxiliary cues such as gaze [40, 66]
or manually specified interaction targets [19,/59]]. However, such cues require specialized sensors
or per-frame supervision and are difficult to obtain in deployment. A practical HMP model should
therefore make scene-aware predictions from the observed motion and 3D scene alone (Figure|[T)).

To address this, we propose SGIP, which makes scene-interaction reasoning an explicit, supervisable
target by predicting a scene-grounded interaction prior, a distribution over candidate scene tokens
covering both interactive objects and navigable regions. SGIP predicts this prior from the observed
motion and 3D scene alone, and uses it to condition future trajectory and full-body pose prediction.
However, learning the prior directly from observation is challenging since the observed motion
alone often does not specify a clear interaction target. We address this through privileged intent
distillation. At training time, we leverage a textual description of the person’s intent (e.g., “take some
rest”), which is practical to obtain through a vision-language model rather than requiring per-sample
human annotation. A teacher prompts a large language model with this intent to score how well each
candidate scene region aligns with the person’s goal. Yet textual intent alone is insufficient when a
scene contains multiple instances of the same object class, where the LLM cannot distinguish which
specific instance the person is heading toward. We therefore combine the LLM’s semantic score with
a geometric compatibility score derived from motion—scene distance and orientation, which uses the
observed motion to disambiguate between same-class instances. Together, these form the teacher’s
intent-conditioned distribution over scene tokens. At inference, where neither textual intent nor an
LLM is available, a lightweight MLP-based student reproduces this distribution from motion and
scene alone, inheriting the teacher’s intent-aware scene-interaction reasoning through distillation.

Our contributions are summarized as follows: (1) We introduce a scene-grounded interaction prior,
an explicit distribution over candidate scene tokens covering both object-centric interactions and
free-space navigation, that turns scene-interaction reasoning into a supervisable target. (2) We propose
a privileged intent distillation framework in which textual intent and an LLM supervise a teacher at
training, while the student reproduces the resulting prior from motion and scene alone, requiring no
language model or auxiliary cue at inference. (3) On GIMO and PROX, the observation-only student
consistently improves trajectory and pose accuracy over scene-aware baselines without auxiliary cues,
with the privileged teacher additionally serving as a performance ceiling.

2 Related Work

2.1 Human Motion Prediction

Human motion prediction (HMP) forecasts future human poses or trajectories from observed motion
and underpins applications such as autonomous driving, human-robot collaboration, and animation [3}
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131129,1411 145, 50]]. Architectures span recurrent 13} 45]], graph-based [[11} 137,141, [52], and attention-
or Transformer-based [2} 142,162} 63] formulations, with probabilistic variants (VAEs, flows, GANSs,
diffusion) modeling multi-future ambiguity [4} 16,19, 43|51, 167]]. Yet motion-only predictors overlook
the surrounding 3D environment and frequently violate scene constraints in deployment. Scene-
aware HMP addresses this by injecting scene context, evolving from 2D image- or bounding-box-
based formulations [7, [10] to point-cloud fusion [26} |44} [73]], typically built on PointNet-style
backbones [47, 48] with diverse scene-grounded predictors [14} 57, [61]]; gaze further serves as a
behavioral proxy for intent in cluttered scenes [40, 66 [73]]. Recent methods derive intention features
from gaze to drive separate trajectory and pose branches [38], or model human—human and human—
scene interactions in dynamic multi-person environments [53] captured in datasets such as HIK [54]
and HOI-M? [69]. A complementary line synthesizes scene-aware motion conditioned on object
affordances [20), 132,133} 36} 156] or textual action descriptions and activity labels [8 58, 59]], rather
than forecasting motion from observed histories.

2.2 Language Models for Scene and Motion Understanding

Large language models (LLMs) have recently been used to inject commonsense knowledge into 3D
scene and motion tasks. Motion—language alignment models adapt LLMs to translate textual de-
scriptions into human motion sequences [31]], and scene-aware variants further ground the generated
motion in 3D environments through textual scene or activity descriptions [8} 58,159, 65]]. Closely
related, several methods route language conditions through explicit affordance or intent representa-
tions as intermediate structure between language and motion [12} (16, |60], reflecting a broader shift
toward semantically structured intermediates rather than direct text-to-motion mapping. Beyond
generation, LLMs serve as reasoners for 3D scene and human—scene understanding by aligning
object semantics with language [24, 25 [70], and as grounding modules that connect language goals
to spatial affordances for embodied agents [[1]. A complementary line of work treats LLMs as judges
or rubric-based scorers [[72], where natural-language criteria elicit interpretable, score-level outputs
over candidate options. Despite this flexibility, deploying LLMs at inference incurs substantial
computational and latency cost, which is poorly suited to real-time motion forecasting in deployment.

2.3 Privileged Information and Knowledge Distillation

A natural alternative is to use such expensive or hard-to-obtain supervision only at training time.
Learning with privileged information [39} 55] formalizes this setting by exploiting signals available
during training but absent at inference, while knowledge distillation [22} |49] transfers such infor-
mation from a teacher to a more deployable student through output- or intermediate-feature-level
imitation. A concrete realization in vision is modality hallucination or modality distillation, where
a privileged modality (e.g., depth or optical flow) supervises a student that operates from a single
observable modality at inference [[15} 23, |71]]; in human trajectory forecasting, multi-modal teachers
have similarly been distilled into students that observe fewer modalities [30]]. In the context of human
motion in 3D scenes, behavioral or semantic cues such as gaze [40l 166, [73]], language goals [8}159],
or explicitly stated intent [[16] can disambiguate human—scene behavior but are rarely accessible
in practical deployment, making them natural candidates for privileged supervision. We adopt this
paradigm with two privileged training-time signals—textual intent and an LLM-based rubric scorer—
and distill the resulting scene-grounded interaction prior into an observation-only student, rather
than transferring gaze- or language-conditioned motion outputs as in prior distillation.

3 Proposed Method

SGIP is a two-branch teacher—student framework (Figure [). The teacher fuses an LLM-based rubric
score with a geometric compatibility score into an intent-conditioned interaction prior, and a student
approximates this prior from motion and scene alone, serving as the deployed model. Section
formalizes the problem; Section [3.2] defines the scene-grounded interaction prior and its teacher and
student forms; Section[3.3|describes how the prior conditions trajectory and full-body pose prediction;
and Section [3.4]describes the distillation procedure. Implementation details (VLM and LLM calls,
hyperparameters, training schedule) are deferred to Appendices
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Figure 2: Overall pipeline of SGIP. A privileged teacher branch (top, training only) constructs
an intent-conditioned prior 77 over candidate grounding tokens by fusing an LLM-based rubric
score with a geometric compatibility score, with a Pose Refiner further intent-aligning the teacher’s
pose. An observation-only student branch (bottom) predicts 7 from motion Mj.; and scene .S alone
via a scoring head F&“ (a permutation-equivariant MLP), trained via prior distillation £XP and

motion-level distillation £¥P. The selected token then conditions the motion predictor (right) that
outputs future trajectory and full-body pose.
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3.1 Problem Formulation

We are given an observed motion sequence M;.;, = {z1,..., 2}, where each frame x, = (r,,0,)
consists of root motion r, = (t,, R,), with translation ¢, € R? and orientation R, € SO(3),
together with SMPL-X body pose 6. [46]. The surroundlng 3D environment is a point cloud
S e RV*3. Our goal is to predict the future motion Y; 1.7 = {&441,..., 27} over a horizon
AT =T — t. To make scene-interaction reasoning explicit, we extract a set of candidate grounding
tokens C = C° U C", where C° contains object instances and C™ is a single scene-global token
representing object-agnostic navigable regions. Since multiple tokens in C can afford plausible futures
from the same observed motion, we introduce a scene-grounded interaction prior 7 over C:

m=plz=1| My, S), i€C, D

where the latent z indexes the token on which future motion is grounded.

At training time, we obtain a textual intent Z (e.g., “fake some rest”) by applying a frozen
vision-language model (VLM) to training videos and corresponding 3D motion visualizations (Ap-
pendix . The intent and an LLM-based rubric scorer construct a privileged teacher prior 77/,
which is distilled into the observation-only student prior 75. The most probable token under 7
conditions the motion predictor, augmented at training with prior- and motion-level distillation losses
against the teacher. At inference, Z, the VLM, and the LLM are discarded.

3.2 Scene-Grounded Interaction Prior

We model future-motion grounding as a categorical distribution 7 over the candidate set C, and
construct two views of this distribution: a privileged reacher prior 77 that exploits intent and an
LLM at training time, and an observation-only student prior 7 that approximates 7/ from motion
and scene alone at inference.

Token representations. Object instances C°® are extracted via zero-shot 3D instance segmenta-
tion [27]] on S. We retain object candidates that intersect a 120° forward-facing cone whose axis
bisects the observed head- and torso-facing directions, aggregated over the observation window. This
pruning uses only the observed motion (no gaze) and is shared by the teacher, the student, and all
SGIP ablations (Appendix [D.2).



Each token ¢; = (¢;, e;, m;) consists of three representations that capture complementary aspects of
the token:

G = [Poeo(Ci), Prei(ci, Mit)] (geometric descriptor), 2)
e; =Ec(c) (token embedding), 3)
m; C S (point-cloud mask). 4)

¢, captures where the token is and how the observed motion approaches it, which identifies the specific
instance among same-class candidates being headed toward; e; is a learned semantic representation
of the interaction the token affords; and m; provides its 3D shape, grounding physically plausible
body configurations at the target. The observed motion sequence is encoded into a single embedding
h%, = B, (M) € R for branch b € {T, S}, where E%, denotes the branch’s motion encoder.

Teacher prior: combining semantic and geometric evidence. At training, the teacher constructs
77 by combining two complementary scores. A semantic relevance score obtained from an LLM
rates each candidate against the textual intent Z:

sbic — TILM(Z,¢;), i€C, 5)

where the LLM is queried with a fixed prompt scoring two criteria—intent affordance (how well a
candidate semantically supports the intent) and intent usability (how easily the intent can be realized
using that candidate, given the scene). The rubric, LLM call, and output validation are given in
Appendix [E.3] and the intent taxonomies in Appendix[E.2]

A geometric compatibility score aggregates fixed directional alignments between the observed motion
and each candidate (details in Appendix [D.5)):

57" = Wrace aligNgyee (@i, M1:t) + Whody AligNyogy (@i Mi:r) + Wiine aligyine (s, Mi).  (6)
The two scores are complementary. The LLM captures intent—class affordance (a chair affords sitting)
but cannot disambiguate among multiple instances of the same class within a scene; the geometric
score grounds the semantic prior in the observed motion, identifying which specific instance is being
approached. We fuse them via temperature softmax with fusion weight o and temperature 7:
™, = bri 260 .
Yiec exp((s?‘ "+ as] )/7)

This yields an intent-conditioned prior that the student is trained to match.

Student prior: observation-only approximation. At inference, neither Z nor the LLM is available,
so the student reproduces 7 from motion and the geometric token descriptors alone through a learnable

. d
scoring head F§

d
i grd /1 S :
> jecexp g (hg, ¢;)
Because C varies in size across scenes and tokens have no canonical order, F§rd is implemented
as a permutation-equivariant MLP over candidates [68]. The student is trained to match 77 via
knowledge distillation (Section [3.4), inheriting the teacher’s intent-aware grounding without any
auxiliary signal at inference.

3.3 Prior-Conditioned Motion Prediction

Given the prior 7° from branch b € {7, S}, the motion predictor D’ produces future motion
Ytb+1;T = {r? 1T 6? 1.7} conditioned on the most probable grounding token,

- b
i; = arg max T, 9
b g ieC 79 ( )

whose embedding e;; and point-cloud mask m;» are read off from the selected token ¢;». For multi-

future prediction, we separately decode the top-K tokens ranked by 7 while keeping the observed
motion, scene, and model parameters fixed. Only the selected token’s embedding and mask change,
yielding K token-conditioned future motions without stochastic sampling or privileged inputs. As
shown on the right side of Figure [2} D follows a two-stage trajectory-then-pose paradigm [40].



Trajectory branch. The trajectory branch first encodes the 3D scene S into per-point features via a
scene encoder F, then cross-attends the motion embedding hY, to these features while conditioning
on the selected token’s embedding e;, which steers the predicted path toward the chosen interaction

target (Appendix [F2):
P = tra_]( M S €ir). (10)

The predicted trajectory then induces a spatial importance map P® aggregating path proximity,
forward-facing alignment, and proximity to the selected token’s region:

P’ = fouial(Pfy 10 S m ). (11)

Pose branch. P? is added as a bias to the pose branch’s scene-attention logits, keeping body pose
consistent with the planned path and interaction target:

éf—i—l:T pose(hj\lart—&-l Tvsv Pb)' (12)

Architectural details ( fypatial, €ncoders, attention blocks) are in Appendix@ For the teacher only, a
pose refiner Refine that leverages 7 is applied to recover intent-conditioned pose semantics beyond
motion reconstruction (e.g., distinguishing sitting from standing in front of the same chair); details
are in Appendix [F3]

3.4 Privileged Intent Distillation

To deploy the teacher’s intent-aware reasoning at inference, we distill it into the student via two
complementary signals: prior distillation aligns where future motion is grounded (77 — 7¥), and

motion-level distillation aligns how the model moves toward that target (Y7 — Y'5).

Prior distillation. We align 7 with 77 via forward KL divergence:
LEP = Dy, (sg[n 7] || 75) Zﬂ'Tlog e (13)
ieC

where sg[-] stops gradients to 777 . The mass-covering forward direction forces the student to cover
every token the teacher considers, preserving the full intent-conditioned grounding structure rather
than only its top-1 and preventing mode collapse.

Motion-level distillation. We distill the teacher’s motion via L; loss on trajectory and pose:
’C}IED = )‘tl’ajH"A‘iLl:T - Sg['f‘ltl:T] H1 + )‘p056’|éts+1:T - Sg[OZFl:T} ||1’ (14)

where étT+1;T is the refined teacher pose, and Ay, Apose balance the two terms. Crucially, since the
teacher pose is refined with intent, the intent-conditioned pose semantics (e.g., sitting versus standing
in front of the same chair) can be distilled into the student.

Training schedule. The teacher is trained first with its motion loss £, and additional Refine-
specific terms (Appendix [G). The student then freezes the entire teacher and optimizes

L5 =L5 4+ X, LEP + Ay KD (15)

where L3, shares the form of £ .

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate SGIP on GIMO [73]], a real-world indoor dataset with full-body SMPL-X
motion and reconstructed 3D scenes, following the standard scene-aware HMP protocol [40, 166/ [73]:
the model observes a motion prefix in a 3D scene and predicts the future global trajectory and full-
body pose. We additionally evaluate on PROX [[18]], which has no gaze annotations, so gaze-using
baselines are evaluated without gaze. For both datasets, training-time pseudo-intents are extracted



Table 1: Main comparison on GIMO and PROX. The “Auxiliary Cue” column denotes auxiliary
signals beyond M + S: g=gaze, Z=textual intent. {: diagnostic privileged branch on GIMO (not
deployed); *: our gaze-free re-evaluation of gaze-using baselines; {: gaze-free variant reported in the
original paper. SGIP results on GIMO are mean=std over 5 seeds. Bold/underline: best/second-best
within block.

| Method Auxiliary Cue Traj-path | Traj-dest | MPJPE-path | MPJPE-dest |
| Models with additional or privileged cues
LTD [41]] w/ gaze g 655 801 155.6 202.0
SPGSN [37] w/ gaze g 702 982 156.0 202.0
AuxFormer [62] w/ gaze g 622 746 161.5 201.1
BiFu [73] g 661 727 167.8 205.0
SIF3D [40] g 590 666 156.6 195.7
GAP3DS [66] g 575 623 141.2 171.4
© |HuMo3D [38] g 543 651 146.1 185.5
2 |SGIP! . g 528 635 149.9 190.6
© SGHJEriv s 485 556 151.2 187.8
| Observation-only models
LTD [41] - 673 890 156.4 203.0
SPGSN [37] - 700 893 157.0 202.2
AuxFormer [62] - 732 902 165.1 202.4
SIF3D* [40] - 700 823 164.2 199.6
GAP3DS™ [66] - 642 701 170.1 206.4
HuMo3D* [38] - 642 731 178.3 210.1
SGIP - 549 (£5.0) 681 (+7.6) 153.1 (£1.8) 195.1 (£2.6)
LTD [41] - 677 753 223.4 226.6
% | SPGSN [37] - 595 663 286.3 271.3
g AuxFormer [62]] - 553 727 199.2 240.8
A& | SIF3D* [40Q] - 488 659 228.5 2174
SGIP - 470 576 194.6 197.7

offline by a frozen VLM with dataset-specific taxonomies (Appendix [E.T), and SGIP is trained and
evaluated separately on each. We further compare SGIP in multi-human, dynamic scenes on HIK [54]]
and HOI-M?* [69] following the HUMOF protocol [53]]; these results are reported in Appendix

Baselines. Pose-only baselines (LTD [41]], SPGSN [37]], AuxFormer [62]]) forecast from body dynam-
ics alone. Scene- and gaze-aware baselines (BiFu [73], SIF3D [40], GAP3DS [66], HuMo3D [38]])
condition on the scene with gaze; to match our deployment assumption, we also report their gaze-free
variants. We additionally compare SGIP with a conditional diffusion-based motion generation model
adapted to HMP in Appendix We report the deployed student as SGIP and the privileged teacher

as SGIP;riv (diagnostic only); in the privileged variants, intent (s™°" + «s§°) or gaze (proximity
and alignment of each candidate to the final-frame 3D gaze point) enters only through the candidate

scores, so all variants share the same predictor (Appendix [B.4).

Metrics. Traj-path/Traj-dest measure global trajectory error averaged over the horizon and at the
final frame, and MPJPE-path/MPJPE-dest the mean per-joint position error [28l41] on the same
horizons [40, 66, (73]. For multi-future evaluation, we report minADE@ K/minFDE@ K over K
predictions, FDE@minADE (the final error of the prediction with minimum ADE), and the average
pairwise distance (APD) for diversity.

Implementation. Object tokens are obtained via Openlns3D [27]]; intents are extracted with Qwen3-
VL-8B [5] and rubric scores with Qwen3-14B [[64], both run once offline and cached. After a one-time
preprocessing of a static scene (61.7 s), the student runs at 132.8 ms per observation (7.5 FPS) on one
RTX 3090, below the 500 ms observation interval of GIMO (Appendix [B.8).

4.2 Main Results

Among observation-only models, SGIP achieves the best result on all four metrics on both GIMO
and PROX (Table[I)), indicating that the gains do not stem from GIMO-specific tuning. Against the
strongest observation-only baseline in each metric, SGIP reduces Traj-path by 93 mm on GIMO



Table 2: Multi-future evaluation on GIMO. SGIP separately decodes its top-K grounding tokens;
root-trajectory errors and APD are in meters (Appendix [B.3).

K APD{ minADE@QK | minFDE@QK | FDE@minADE |

1 - 0.549 0.681 0.681
2 0.884 0.517 0.601 0.605
3 0.927 0.467 0.523 0.571
"1 (a) GT Interaction Object "1 (b) Alternative Interaction Object
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Figure 3: Multimodal futures from 7. We condition the same fixed student predictor DS on two
different grounding tokens drawn from 7°: (a) the ground-truth interaction object (green dashed
circle), and (b) an alternative high-probability token of 75 (red dashed circle). Each panel visualizes
the resulting predicted trajectory (top-down view) and the final interaction pose; only the selected
token (m;, e;) fed into D® varies.

(549 vs. 642 mm) and Traj-dest by 83 mm on PROX (576 vs. 659 mm). Pose-only methods exhibit
large trajectory errors (673—732 mm Traj-path on GIMO), and scene-aware baselines still trail SGIP:
scene-level conditioning alone does not resolve which object the future motion engages, and gaze
encodes where the subject looks rather than what the subject intends to do. We attribute the gains
to (1) the explicit grounding prior, whose selected token provides a spatial mask and semantic
embedding that anchor the predictor to a specific target, yielding the largest gains on trajectory
metrics where grounding ambiguity dominates; and (2) privileged intent distillation, which transfers

intent-aware grounding and motion structure to the student, with SGIPITJriv serving as a supervision
upper bound rather than a deployable model.

Privileged cues. With the same predictor, intent yields lower trajectory error than gaze (485/556 vs.
528/635 mm), indicating that knowing what the person intends is more informative for grounding
than knowing where they look. GAP3DS remains stronger in privileged pose error (141.2/171.4 vs.
149.9/190.6 mm with gaze) because it feeds an explicitly generated interaction pose to its decoder,
whereas SGIP’s cue only determines where the interaction occurs (Appendix [B.4).

4.3 Multi-Future Evaluation

We decode the top-K tokens of s separately, K € {1, 2, 3}, with the observed motion, scene, and
model parameters fixed. Increasing K from 1 to 3 reduces minADE/minFDE from 0.549/0.681 to
0.467/0.523 m and FDE@minADE from 0.681 to 0.571 m, while APD reaches 0.927 m (Table |Z[):
lower-ranked tokens provide distinct alternatives, some closer to the ground truth than the top-1,
and each alternative is associated with a ranked, interpretable scene token rather than obtained
by stochastic sampling. Because FDE@minADE also decreases, the alternative that is closest on
average also ends closer to the ground-truth destination, so the gain does not merely come from
spreading predictions over more of the scene. As Figureillustrates, conditioning D on another
high-probability token yields a distinct, scene-consistent trajectory and arrival pose, i.e., DS has
learned a token-conditional motion distribution. A comparison with a conditional diffusion model
under the same budget of three predictions is reported in Appendix

4.4 Ablation Studies

Distillation components. Without distillation, the student performs poorly on trajectory (Table [3a)),
confirming that scene conditioning alone does not resolve grounding ambiguity; prior distillation
LXD yields the largest single-component gain, reducing Traj-path/dest from 740/838 to 574/688 mm.
Applying LXP alone degrades trajectory accuracy below the no-distillation baseline, which we



Table 3: Ablations on GIMO (5 seeds). (a) Distillation components LED (prior) and E{ED (motion).
(b) Hard vs. soft top-k token aggregation at inference with the same trained student. (c¢) Top-1
accuracy (%) on the GIMO-annotated target for teacher-side priors (R: rubric, G: geometry) and for
the same student head distilled from different targets; bold marks the best within each group.

(a) Distillation components. (b) Hard vs. soft top-k.
KD Traj | MPIPE | Aggregation Traj | MPIJPE |
z Y path dest path dest path dest path  dest
740 838 169.1 204.8 Hard (top-1) 549 681 153.1 195.1
v 856 896 164.1 198.9 Soft (top-2) 584 736 158.3 2103
574 688 151.8 198.6 Soft (top-3) 715 877 176.5 2102

NN

v 549 681 153.1 195.1

(c¢) Grounding accuracy (Acc@1, %).

Teacher-side prior Student (identical head), distillation target
R G G+R(x")  None KL(R) KL(G) KL(G+R)
Acc@1 54 51 86 41 48 51 76

attribute to grounding misalignment: the teacher’s output is conditioned on its token %, while a
student without prior supervision selects an inconsistent 7, so imitating the teacher’s motion pulls
predictions toward incompatible targets. Consistently, the two branches agree on only 43% of Top-1
tokens under £XP alone versus 70% once £LXP is added (Appendix [B.2). Prior distillation is thus a
prerequisite for output-level distillation, which then further reduces trajectory error.

Hard vs. soft top-k aggregation. SGIP conditions the predictor on the single token selected
by the argmax of 7° (Eq.[9). A natural alternative is to aggregate the top-k tokens softly: their
masks and embeddings are averaged with the renormalized probabilities 72, i.e., . = >, 75 m;
ande =), 7S e; over the top-k set, and the same trained predictor consumes (772, €) in place of
(mx, eix,) (Appendix [B.9). As shown in Table[3b} soft aggregation degrades all four metrics, and
the degradation grows with k: Traj-path/dest increase from 549/681 to 584/736 mm with k£ = 2 and
to 715/877 mm with k& = 3, and MPJPE-dest rises from 195.1 to about 210 mm. When the top-ranked
tokens correspond to spatially separated targets (e.g., two chairs on opposite sides of a table), their
weighted mixture describes no physically existing target: the averaged embedding steers the trajectory
branch toward a location between the candidates, and the mixed mask spreads the spatial importance
map P (Eq. over several disjoint regions, so the pose branch is no longer anchored to a single
contact surface. Moreover, since the predictor is trained with hard tokens, the mixed conditioning lies
outside the distribution it has seen during training. This mode-averaging behavior is precisely what
explicit, discrete grounding is designed to avoid; the ambiguity among the top-ranked tokens is better
exploited by decoding them separately as alternative futures (Section[4.3)) than by blending them into
a single prediction.

Attribution of grounding accuracy. On the GIMO-annotated target (used only for evaluation),
fusing rubric and geometry (86%) clearly exceeds either alone (54%/51%; Table[3c). To separate
intent-conditioned supervision from the learnable head and candidate preprocessing, we train the
same student head with identical inputs, candidates, and architecture, varying only the distillation
target: it reaches 41% without prior distillation and 51% when distilling the geometry-only prior,
but 76% when distilling the fused, intent-conditioned prior. This 25-point gap under an identical
architecture isolates the contribution of intent-conditioned supervision (Appendix B.T).

4.5 Qualitative Results

Figure 4] compares SGIP with the gaze-free SIF3D* on three cluttered GIMO scenes. In the kitchen,
SGIP follows the ground-truth path toward the counter, whereas SIF3D* turns toward the refrigerator
side and ends at a different location. In the living room, SIF3D* stalls near its starting position
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Figure 4: Qualitative comparison on three GIMO scenes (Kitchen, Living Room, Seminar Room).
For each scene, the top row shows SGIP (ours) and the bottom row shows the gaze-free baseline
SIF3D*. Each row visualizes the predicted trajectory (top-down view), the final interaction frame,
and the full-body pose sequence. Yellow: observed motion; red: GT future; blue: predicted future.

between the table and chairs, while SGIP advances along the ground-truth direction toward the sofa.
In the seminar room, both methods move along the wall, but SIF3D* falls short of the destination,
whereas SGIP reaches the region where the ground-truth motion ends. The gap is largest when
several regions could plausibly attract the future motion: by committing to an explicit grounding
token, SGIP produces a trajectory and arrival pose consistent with a single target instead of drifting
between candidates, mirroring the trajectory gains in Table[I] Moreover, even when its prediction
departs from the recorded motion, SGIP commits to a different but reachable target and completes a
coherent interaction with it, yielding an intent-consistent alternative rather than an averaged or stalled
motion (Appendix [C.2). Appendix[C|also compares the SGIP teacher and student with SIF3D (with
and without gaze); videos are in the supplementary material.

5 Conclusion and Limitations

We presented SGIP, which makes human motion prediction explicitly grounded: it predicts where in
the scene the future motion will arrive—at an object instance or in an open navigation region—and
what it will interact with, and conditions trajectory and full-body pose prediction on this grounding.
The grounding is distilled from an LLM-guided, intent-aware teacher only at training time, so the
deployed model requires neither intent annotations nor an LLLM at inference. In this sense, SGIP
connects language-scale semantics to physical behavior: commonsense knowledge about what a
space affords is transferred into a lightweight predictor that operates on the observed motion and 3D
scene alone. On GIMO and PROX, SGIP outperforms scene-aware HMP baselines on both trajectory
and pose accuracy without gaze or intent at inference, and provides accurate, interpretable alternative
futures. We believe this matters beyond forecasting: robots that move in human living spaces must
understand what can be done where, and must retain this understanding in deployment, where no
language annotation is available; scene-grounded predictions of this kind could also turn recorded
human motion into a useful teacher for learning humanoid full-body locomotion.

Limitations. SGIP depends on the quality of candidate scene tokens (Appendix [B.6), requires a
one-time instance segmentation for each new scene (Appendix [B:8), and represents neighboring
humans as static tokens, which limits pose accuracy in multi-human scenes (Appendix [B.5)). Modeling
time-varying human and object states and sampling futures directly from the full predicted prior are
natural next steps.
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A Overview and Information Availability

This appendix is organized as follows. Appendix [B|reports additional quantitative results: the attribu-
tion of grounding accuracy (B.I), teacher—student token agreement (B.2), the multi-future protocol
and the comparison with diffusion-based generation (B.3), privileged-cue variants (B.4), comparisons
in multi-human, dynamic scenes (B.5), robustness to segmentation noise (B.6)), sensitivity to the
intent-extraction VLM (B.7), runtime (B.8)), and soft token aggregation (B.9). Appendix [C] pro-
vides additional qualitative results. Appendices [DHG]detail candidate-token construction, privileged
supervision, the architecture, and training. Appendix [H|discusses broader impacts.

Table [d] summarizes which inputs each component of SGIP observes. The VLM, the LLM, and the
privileged teacher are used only to construct training-time supervision; only the student is deployed.

Table 4: Information availability across SGIP components. ¢; = (¢;, e;, m;) denotes a candidate
token.

Component Used at Inputs

VLM intent extractor (offline) training only training video, 3D motion visualization, intent taxonomy
LLM rubric scorer (offline)  training only intent Z, candidate semantic labels, scene context
Privileged teacher training only M., S, {c;}, T, cached {s}}

Observation-only student training + inference M., S, {cl}

GT interaction target evaluation only never input to any network

The teacher never observes the ground-truth grounding token; it observes only the candidate tokens,
their semantic labels, the textual intent Z, and the geometric descriptors {¢; }. Distillation therefore
transfers intent-aware reasoning over candidate properties rather than ground-truth label leakage.

B Additional Quantitative Results

All SGIP results in this section are averaged over five random seeds unless stated otherwise. P/D
denote path/destination.

B.1 Attribution of Grounding Accuracy

Evaluation target. Grounding accuracy is measured against the GIMO-annotated interaction target,
which is used only for evaluation (Table d). We match each annotated target to OpenIns3D proposals
by IoU on point membership (threshold 0.5). After cone filtering, the matched target remains in the
candidate set for every evaluation sequence (Appendix [D.2)).

Matched controls. To separate the effect of intent-conditioned supervision from that of the learnable
head and candidate preprocessing (main Table[3c)), all student variants use the same grounding MLP,
input features, candidate sets, cone filtering, downstream architecture, and training protocol; only
the prior-distillation target changes. No prior KD removes £XP and trains the same head with the
remaining objectives; KL(R) and KL(G) distill the rubric-only and geometry-only priors (Eq. with
only one score), and KL(G+R) distills the fused teacher prior 77 . With the identical head, distilling
G yields 51% Acc@]1, whereas distilling G+ R yields 76%; the No-prior-KD result (41%) further
shows that the head alone does not account for the accuracy of the deployed student.

Rank distribution. Table [5] reports, for the fixed priors and the deployed student, the fraction
of sequences in which the annotated target is ranked at position k. The unimodal priors reflect
two complementary failure modes: the rubric score cannot disambiguate same-category instances
(e.g., several chairs), while the geometric score is intent-blind and confuses objects that are equally
reachable but not intent-compatible. Fusing both concentrates mass on the target (86% at rank 1),
and the distilled student retains most of this concentration (76%).
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Table 5: Rank distribution of the GIMO-annotated target (%). “Rank k” is the fraction of sequences
in which the target is ranked exactly at position k; “< 3” is their sum.

Prior Rank1 Rank2 Rank3 <3
Rubric only (R) 54 24 2 80
Geometry only (G) 51 16 11 78
Teacher 77 (G+R) 86 5 3 94
Student 7° 76 5 3 84

B.2 Teacher-Student Token Agreement

To test the grounding-misalignment explanation of Section [4.4] we measure exact Top-1 token
agreement i = 1 between the frozen teacher and the student. Agreement counts identical selections
regardless of whether the selected token matches the ground truth.

Table 6: Teacher—student Top-1 token agreement, student grounding accuracy, and trajectory error on
GIMO (mm).

Student loss ~ T-S Agree@1 GT Acc@1 Traj. P/D |

L£EP only 43% 41% 856/896
LEP only 70% 76% 574/688
LEDP 4 L¥D 70% 76% 549/681

Under E%}D alone, the teacher and student select different tokens in 57% of the sequences, so the
student imitates trajectories conditioned on a grounding it does not share. Adding £XP raises
agreement to 70% and accuracy to 76%. Once grounding is aligned, adding £%P further reduces
trajectory error from 574/688 to 549/681 mm without changing either grounding metric, i.e., motion-
level distillation helps only after prior distillation has aligned the two branches.

B.3 Multi-Future Protocol and Comparison with Diffusion-Based Generation

Metrics. Let {ﬁik)}le be the predicted global root positions of K futures and p. the ground truth,
7 =t+1,...,T. With ADE® = LS || — p_||, and FDE®) = |[p) — pp])s,

minADEQK = min ADE® minFDEQK = min FDE®), (16)

FDE@minADE = FDE*"),  k* = arg min ADE®), (17)

2 1
APD = — -— (k) — O 18
FDE@minADE evaluates whether the trajectory that is best on average also arrives at the right place,
which minFDE alone does not guarantee.

SGIP futures. SGIP decodes each of the top-K tokens of 7 separately; the observed motion,
scene, and model parameters are fixed and only the selected token’s mask and embedding change.
SGIP therefore produces K futures without privileged cues or stochastic sampling, each associated
with an interpretable scene token. Main Table reports SGIP for K € {1, 2, 3}. Diffusion-based
generation models offer an alternative route to multiple futures, obtaining them by stochastic sampling
rather than from an explicit distribution over scene tokens; below, we compare SGIP with such a
model under the same inputs and the same prediction budget.

AffordMotion adaptation. AffordMotion [60] is a two-stage conditional diffusion model that first
predicts a scene affordance map and then generates motion conditioned on it. Since it is designed
for language-guided motion generation rather than forecasting, we adapt it to HMP following
GAP3DS [66] by replacing the language condition with an encoding of the observed motion, so that
it receives the same inputs (M + S) as SGIP; both methods use the same GIMO split, windows,
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and evaluation code. For single-future evaluation, AffordMotion produces one diffusion sample per
sequence and SGIP decodes its Top-1 token; for K = 3, AffordMotion draws three independent
samples and SGIP decodes its Top-3 tokens.

Table 7: Comparison with the diffusion-based AffordMotion adapted to HMP. Both methods use
M + S at inference. Single-future errors are in mm; multi-future root-trajectory errors are in m.

Single future Multi-future (K = 3)
Method Traj. P/D | MPJPEP/D | minADE | minFDE | FDE@minADE |
AffordMotion  577/714 160.9/194.1 0.597 0.728 0.730
SGIP 549/681 153.1/195.1 0.467 0.523 0.571

Under the matched setting, SGIP achieves lower single-future trajectory errors and MPJPE-path, and
with three predictions it attains lower minADE, minFDE, and FDE@minADE than three diffusion
samples. Rather than relying on stochastic sampling, SGIP exposes an explicit distribution over
interpretable scene tokens, provides a deterministic Top-1 prediction, and generates controllable
alternatives by changing the selected token.

B.4 Privileged-Cue Variants

Cue interface. All privileged variants inject their cue only through scores over the same candidate
tokens, followed by the same Top-1 selection and the same token-conditioned predictor; no cue is

fed to the motion predictor directly. For intent, s7 = ¢ 4 a.s§*° (Eq.[7). For gaze, we use the
single 3D gaze point at the final observed frame and compute a proximity score sfaze'dm between
gaze-align
i

candidate c; and the gaze point and a directional-alignment score s
and head-to-candidate directions:

between the head-to-gaze

gaze-dist gaze-align
5 + Ao S5 , 19)

gaze-dist gaze-align
i + Ao 85 , (20)

g __ geo
5] =as; +MAgs

g+ _ T
8] =87+ Mgs

with \y = A, = 3 selected on the training split. The scores are normalized before selection.

Table 8: Privileged-cue variants on GIMO (mm). All variants share the same token-conditioned
predictor.

Variant Cue Traj. /D] MPIPE P/D |
SGIP (deployed) — 549/681 153.1/195.1
SGIP! .. gaze 528/635 149.9/190.6
SGIP¥riv intent 485/556 151.2/187.8
S GIPIE;.lV gaze+intent  475/539 149.7/180.8

Intent yields lower trajectory error than gaze, and combining both cues improves all four metrics
over either cue alone, consistent with intent providing semantic evidence about which target will be
engaged and gaze providing spatial evidence for localizing it. Because the cues act only through the
candidate scores, heterogeneous privileged cues can be combined without modifying the downstream
predictor.

B.5 Comparison in Multi-Human, Dynamic Scenes

GIMO and PROX contain a single person per scene. To examine SGIP in scenes where other
people move around the target, we compare it with HUMOF [53]], a forecasting model designed for
interactive social scenes, on HIK [54] and HOI-M? [69].

Protocol. We follow the target-centric forecasting setting of HUMOF [53]], in which each sample
predicts the future motion of one target person in a multi-person scene. For HIK [54]], recordings
A—C are used for training and D for testing, with 25 observed and 50 future frames at 25 FPS. For
HOI-M? [69], we use a subset of 9/3 train/test sequences (3,332/689 samples) with 30 observed and
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60 future frames at 30 FPS. We train HUMOF with its official implementation on the same samples
as SGIP, and evaluate both with the released Path/Pose metrics, using the last observed root of the
target as the local origin.

Inputs. HUMOF observes the temporal histories of neighboring humans (/) in addition to the
target history M and the scene S. SGIP uses only the target history and represents neighboring
humans and objects as static tokens at the last observed frame. Object tokens on HIK and HOI-M?
are constructed from native object annotations and geometry at the last observed frame. HIK uses
native action annotations as training-time intents for a Qwen3-14B text teacher. For HOI-M?3, Qwen3-
VL-8B infers intents from a video and a reference image identifying the target person; future frames
provide privileged teacher supervision.

Table 9: Comparison in multi-human, dynamic scenes on HIK and HOI-M? (mm). Both methods are
trained and evaluated on identical samples.

Path error Pose error
Dataset Method H| 05 1.0s 1.5s 2.0s mean| 0.5s 1.0s 1.5s 2.0s mean
HIK HUMOF [53] v | 969 231.3 400.3 546.6 2519| 73.5 99.3 116.7 123.7 90.6
SGIP X | 89.2 1309 167.7 205.7 127.1| 81.5 1149 130.7 138.8 103.1
HOLM? HUMOF [53] v [104.7 238.0 385.8 538.4 253.9|117.2 163.0 189.3 210.7 1489
) SGIP X [ 1349 280.7 437.4 583.0 291.1|121.1 159.2 179.1 200.9 145.0

Discussion. On HIK, SGIP achieves lower path error than HUMOF at every horizon, reducing
the mean from 251.9 to 127.1 mm without observing neighboring-human histories, while HUMOF,
which explicitly models these histories, attains lower pose error. On HOI-M3, SGIP obtains lower
pose error from 1.0 s onward and on average. These results indicate that the scene-grounded token
representation transfers to multi-human, dynamic scenes even without neighbor histories; modeling
time-varying human and object states is a natural extension.

B.6 Robustness to Segmentation Noise

Protocol. We corrupt the Openlns3D output at test time on all GIMO evaluation sequences
while keeping the trained model fixed. We perturb instance-mask logits with Gaussian noise
o € {0.5,1.0,2.0} and simulate under- and over-segmentation by merging the target with its nearest
object and splitting it into two contiguous instances, respectively. Gaussian results are averaged
over three corruption seeds; merge and split are deterministic. Target recall indicates whether a
target-derived candidate survives corruption and cone filtering. Target Acc@ 1 is computed over all
evaluation sequences, counting missing targets as incorrect; for merge/split, the merged candidate or
either fragment counts as target-derived.

Table 10: Segmentation-noise ablation on GIMO. Gaussian rows report mean=std over three corrup-
tion seeds; motion errors are in mm.

Condition Target recall (%) Target Acc@1 (%) T Traj. P/D | MPIJPE P/D |

Clean 100.00 75.68 549.0/681.0 153.1/195.1
Gaussian, o0 = 0.5 100.00 + 0.00 69.37 + 1.56 559.0 4+ 14.7/708.0 £ 17.4 158.1 £1.1/211.1 £ 1.2
Gaussian, o = 1.0 99.10 4+ 1.56 65.77 + 1.56 545.0 + 15.0/690.0 £ 35.5 158.5 +0.9/212.1 £ 1.5
Gaussian, o = 2.0 81.08 + 4.68 53.15 + 1.56 581.0 +20.3/749.0 £ 34.1 158.1 +1.6/210.3 £ 0.4
Target—neighbor merge 100.00 56.76 661.0/875.0 159.2/211.3

Target two-way split 100.00 54.05 644.0/908.0 157.1/208.8

Under mild noise (¢ = 0.5), target recall remains 100% while Target Acc@1 decreases from 75.68%
t0 69.37% and trajectory error increases from 549/681 to 559/708 mm. Under severe noise (o = 2.0),
target recall and Target Acc@1 drop to 81.08% and 53.15%. Merge and split preserve a target-derived
candidate but raise destination error to 875 and 908 mm, since the merged or fragmented instance no
longer delineates the interaction surface. Severe and structural segmentation errors therefore cause
substantially larger degradation than mild mask corruption, which motivates the limitation discussed
in Section
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B.7 Sensitivity to the Intent-Extraction VLM

The main experiments use Qwen3-VL-8B [5]] to extract sequence-level intents for both GIMO and
PROX. We replace it with Qwen3-VL-4B and Idefics3-8B [35]], regenerate the intent labels, and
retrain the same teacher—student pipeline while keeping the dataset-specific taxonomy, candidate
tokens, architecture, optimization, and evaluation protocol fixed.

Table 11: Sensitivity to the VLM used for training-time intent. Agreement is the exact intent-category
agreement with Qwen3-VL-8B within each dataset (mm).

GIMO \ PROX
VLM Agreement Traj. P/D MPJPE P/D | Agreement Traj. P/D MPJPE P/D
Qwen3-VL-8B (default) - 549/681 153.1/195.1 - 470/576 194.6/197.7
Qwen3-VL-4B 90.7% 5277753 152.8/196.8 | 96.6% 459/570 195.0/209.5
Idefics3-8B 92.1% 584/723 154.9/190.6 | 97.0% 493/564 181.1/202.9

The alternative extractors agree with Qwen3-VL-8B on 90.7-92.1% of GIMO and 96.6-97.0% of
PROX sequences. No extractor consistently improves or degrades all metrics across both datasets,
indicating reasonable robustness to VLM scale and family, with larger variation in destination errors.

B.8 Runtime

We measure one-time scene preprocessing and per-observation student inference separately on a
single NVIDIA RTX 3090 with batch size 1 and FP32. Scene initialization, including point-cloud
loading, OpenIns3D instance segmentation, and construction of the static instance inventory, takes
61.73 £ 7.18 s per scene across the 19 GIMO scenes; the resulting masks and inventory are cached.

Table 12: Runtime on one RTX 3090 (batch size 1, FP32).

Stage Frequency Runtime

One-time preprocessing
Openlns3D scene initialization ~ once per scene 61.73 £7.18s

Online student inference
Motion-dependent descriptors per observation 59.72 £ 18.99 ms

Student prior + Top-1 selection  per observation 6.10 = 0.40 ms
Host-to-device transfer per observation 0.38 £0.07ms
Student motion prediction per observation 66.54 + 1.04 ms
Total online inference per observation  132.75 ms (7.53 FPS)

After scene initialization, SGIP requires 132.75 ms per observation, below the 500 ms observation
interval of the 2-FPS GIMO protocol, so it supports online prediction in a static scene; processing a
new scene incurs the initialization cost again. No VLM or LLM is invoked at inference.

B.9 Hard vs. Soft Grounding Token Aggregation

The motion predictor consumes a single grounding token ¢; via its mask m;: and embedding e;;
(Egs.[IOHI2). A natural alternative replaces the hard argmax (Eq.[9) with a probability-weighted
mixture of the top-k tokens:

m = Zﬁfmi, €= Zﬁfei, (21)
1€ 1€

where Ky = TopK,,(7®) and 77 = 77/, 755 D? then consumes (1, €) in place of
(m;x,e; ). The soft mask m enters the spatial importance map in place of m;: (Eq. . All
variants share the same trained student; only the token selection differs at inference.

Soft aggregation smooths the conditioning signal under ambiguity but dilutes the geometry of the
selected region by blending in less likely tokens. When the blended tokens lie in different parts of
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Figure 5: Qualitative comparison across SGIP branches and SIF3D. For one cluttered GIMO
test scene, given the same observed motion: top left, the privileged SGIP teacher (SGIP;riV, textual
intent); top right, the deployed observation-only SGIP student; bottom left, STIF3D [40] with gaze;
bottom right, SIF3D* without gaze. Each panel shows the top-down trajectory, the final interaction
frame, and the pose sequence. Yellow: observed motion; red: GT future; blue: predicted future.

the scene, € no longer corresponds to any single target and 1 covers several disjoint regions, so the
predicted trajectory tends toward an average of the candidate destinations and the arrival pose is not
anchored to one contact surface. Accordingly, the trajectory degradation in main Table [3b] grows as
more tokens are blended (k = 2 — 3). When multiple futures are desired, decoding the top-k tokens
separately (Section preserves the multimodal structure of 7 without blending.

C Additional Qualitative Results

C.1 Teacher, Student, and Gaze-Based Baselines

Figure [5| compares the two SGIP branches with SIF3D on the same scene. Without gaze, SIF3D
drifts toward an incorrect region and produces an inconsistent arrival pose; with gaze, it recovers the
rough direction but still over- or under-shoots the target, indicating that gaze alone does not fully
disambiguate the interaction target in cluttered scenes. Both SGIP branches ground the trajectory on
the correct target and produce a coherent arrival pose, and the observation-only student closely tracks
the privileged teacher despite using neither gaze nor textual intent at inference.

C.2 Intent-Consistent Alternative Interactions

Single-future metrics count every deviation from the recorded motion as an error, yet in cluttered
scenes the same observed motion often leaves several intentions open. Figure [6] shows cases in
which the student’s top-ranked token differs from the recorded target. Rather than drifting between
candidates, stopping short, or averaging several destinations, SGIP commits to an alternative object
that is reachable from the observed approach and that affords a common everyday activity, and it
completes the interaction with that object: the trajectory ends at the selected object and the arrival pose
is oriented toward it. Such predictions are consistent with an intent that the observation alone does
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(a) Seminar Room (b) Kitchen

Ground Truth Ours Ground Truth Ours

Figure 6: Intent-consistent alternative interactions on GIMO. For each scene, the recorded future
(red) and the SGIP prediction (blue) are shown as top-down trajectories (top) and final-frame poses
(bottom). (a) Seminar room: the recorded person goes to retrieve an eraser from the blackboard, while
SGIP selects a desk as its grounding target. (b) Kitchen: the ground-truth target is the cabinet, while
SGIP selects a pot on the dining table. These examples illustrate intent-aware grounding of plausible
alternative futures beyond the recorded interaction. In both cases, SGIP commits to a different but
reachable target and completes a coherent interaction with it.

not rule out, and they arise mainly when several targets are similarly compatible with the observed
approach and the observation window ends before the person commits to one of them. This behavior
follows from making grounding explicit: each prediction corresponds to one interpretable target
together with a physically coherent interaction, which is also why SGIP exposes ranked alternatives
(Section£.3) instead of a single averaged future.

D Candidate Grounding Tokens

This appendix details the construction of the candidate grounding token set C = C°% U C™ used by
the prior (Section [3.1)).

D.1 Object-Instance Tokens

Object instances are obtained by zero-shot 3D instance segmentation on the scene point cloud S
with OpenIns3D [27], producing per-instance point-cloud masks m; C S with semantic labels
(Figure[7). Same-category objects (e.g., two chairs) share a label but remain distinct tokens with
distinct masks; the geometric compatibility score (Appendix [D.3)) disambiguates among them. The
unfiltered inventory contains 14.68 £ 6.01 object tokens per GIMO evaluation scene.

D.2 Forward-Facing Cone Filtering

The cone is an SGIP-specific candidate-pruning step computed only from the observed motion; it uses
neither gaze nor target annotations. At each observed frame 7, we define a cone C(x-) originating at
the head whose axis bisects the head- and torso-facing directions, with a fixed aperture of 120°, and
take the union over the observation window:

C(Myy) = | Clar). (22)

An object token is retained if its mask intersects the aggregated cone, i.e., m; N C'(M;.;) # 0. Since
upcoming interactions are typically preceded by head and body alignment toward the target [21},[34]
[73]], the 120° cone approximates a broad forward-facing interaction region and removes rearward
objects that are unlikely to be immediate interaction targets. The teacher, the student, and all SGIP
ablations use the same filtered candidate set.

Because the filtered set depends on the observed motion, the number of retained candidates varies
across sequences. We first average sequence-level counts within each scene and then summarize
them across the 19 GIMO evaluation scenes (Table[I3). Together with the always-retained navigation
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(a) Bedroom (b) Lab

Figure 7: Zero-shot 3D instance segmentation by OpenIns3D [27] on two GIMO scenes. Each
color denotes a distinct object instance ¢; € C°%; same-category objects (e.g., multiple chairs) are
separated into distinct instances.

token (Appendix [D.3), this yields 13.60 + 4.62 grounding candidates on average, and the annotated
target remains in the filtered set for every evaluation sequence (100% target recall).

Table 13: Cone-filtered object candidates on GIMO. Sequence-level counts are first averaged within
each scene; values are mean+std across the 19 evaluation scenes.

Candidate set Object tokens ~ Retention (%)

Before cone filtering 14.68 +6.01 100.00
After cone filtering (120°)  12.60 +4.62  88.83 & 11.07

D.3 Navigation-Region Token

The navigation token C" represents object-agnostic free space (e.g., open floor, doorways, corridors).
Unlike object tokens, it is scene-global and is not cone-filtered, so that the prior can represent free-
space motion when the observed motion is not yet aligned with any specific object. Its mask is the
complement of all object masks within an interaction-relevant region.

D.4 Geometric Descriptor

The geometric descriptor concatenates two groups of features, ¢; = [Pgeo(¢;), Prai(ci, Mi.4)] € RF
with F' = 16. ¢geo(c;) encodes token-intrinsic spatial properties (centroid, oriented bounding-box
size, height above the floor, and vertical orientation of the contact normal). ¢ye1(c;, M1.+) encodes
motion-relative quantities at the last observed frame: the signed distance from the root to ¢;, the
root-to-token approach angle, root-horizontal alignment, face-normal alignment, and torso alignment.
Features are z-score normalized with training-set statistics.

D.5 Geometric Compatibility Score

Each alignment term in Eq. (6)) measures the cosine similarity between a motion-derived direction at
the last observed frame and the direction from the root toward token ¢;, normalized to [0, 1]: aligng,..
uses the head-facing direction, alignyq, the torso-facing direction, and aligny;,. the recent trajectory
direction. We fiX Wgee = 0.5, Whoay = 2, and wyine = 0.5 across all experiments, selected on a
held-out portion of the training split.

E Privileged Supervision

E.1 VLM-Based Intent Extraction
We label the intent of each training sequence with a frozen Qwen3-VL-8B [3]]. Because a person’s

intent is difficult to infer from a single viewpoint, the VLM jointly receives two videos of the full
training clip. On GIMO, these are the egocentric video, which conveys what the person looks at
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and immediate interaction targets, and a rendering of the person’s motion in the reconstructed
3D scene, which conveys where the action takes place. On PROX, which has no egocentric video,
the first input is the RGB video recorded by the static PROX camera. The prompt includes (i) the
definitions of the dataset’s intent categories, (ii) the role of each video, and (iii) an instruction to
answer unknown when no category applies. The predicted category is converted into a textual intent
T (e.g., “take some rest.”) that is used only by the privileged teacher. The VLM, the videos, and the
pseudo-intents are used only to construct training-time supervision.

E.2 Intent Taxonomies

GIMO (16 categories). sit, sleep, drink, eat, read, use, take, open, light, clean, dress, throw, cook,
write, fix, and unknown.

PROX (7 categories). sit-up, sit-down, lie, walk, touch, jump, and unknown.

Design principles. Categories are intended to be mutually exclusive while covering the main be-
havioral patterns of each dataset, and each corresponds to a unit action that is visually distinguishable
from the available views, so that the VLM can classify it from visual cues alone. The explicit unknown
class prevents ambiguous sequences from being forced into an incorrect category. Robustness to the
choice of VLM is reported in Appendix [B.7]

E.3 LLM-Based Rubric Scorer

Rubric. A reasoning LLM scores each candidate token ¢; on two integer criteria:

a; € {1,...,5}  (intent affordance: how well does ¢; semantically support Z?)
u; € {1,...,5}  (intent usability: given the scene, how easily can Z be realized using ¢;?)

The total st"P*i¢ = a; +u; € [2, 10] enters the temperature softmax of Eq. (7). Geometric alignment is
already available to the student through ¢; and h,, so the rubric deliberately focuses on intent-aware
semantic judgment, which is the teacher’s distinctive contribution.

LLM call. We use Qwen3-14B [64] with NF4 4-bit quantization and greedy decoding (temperature
0, top-p = 1, at most 4096 new tokens, fixed seed). The prompt enforces a two-stage output: a
natural-language rationale (used to encourage scoring consistency, not parsed as supervision) followed
by a strict JSON block listing per-token integer scores and the recomputed total. Each (sequence,
candidate set) pair is queried once and cached offline; no LLM call occurs during training updates or
inference.

JSON validation and exclusion. Each JSON block is validated against a schema that checks
per-criterion ranges and recomputes s?'P*¢ = a; +u; when the reported total disagrees. Out-of-range
scores, missing entries, or duplicate token identifiers trigger a single retry; duplicated score values
or repeated object names are legitimate (e.g., two chairs) and do not. The protocol was designed to
exclude the entire sample in the event of a JSON parsing failure, since removing individual tokens
could alter the candidate set and eliminate the target. In practice, no parsing failures occurred, and no

training samples were excluded (N = 0).

F Architecture Details

F.1 Encoders and Student Scoring Head

Motion encoder EY,. A 4-layer Transformer with hidden dimension 256 and 4 heads ingests the
per-frame SMPL-X state of M., and outputs the motion feature hl]’w.

Token encoder E¢. For each token c;, a shared PointNet++ [48] backbone (2 set-abstraction layers)
extracts a point-cloud feature from the points of m,;, which is concatenated with a semantic-label
embedding and a projection of ¢4, (c;) and passed through a two-layer MLP (GELU) to produce

€; € Rde, d. = 16.
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grd

Student scoring head F’g A permutation-equivariant set encoder over candidates. Given h$,

and {¢;}:

1. Per-token MLP: u; = MLPcana([¢ps; S/]) € R, d), = 256, GELU.
2. Masked mean and max pooling over candidates: w™" 4™* ¢ R

3. Context projection: ¢ = MLP ¢ ([™"; @™?]).

4. Per-token logit: F&(hS,, ¢;) = MLPpeaa([ui; &) € R.

The logits are normalized with a masked softmax over valid candidates (Eq. [8).

F.2 Motion Predictor

The motion predictor D? follows the trajectory-then-pose design of Section the student and the
teacher use the same architecture and differ only in the source of the selected token.

Scene encoding. The scene point cloud S is encoded by PointNet++ into per-point features Fg €
RN X d_

Trajectory predictor. Each block applies self-attention to the motion tokens H s, cross-attention
to the scene features, and an MLP fusion with the selected object’s time-indexed latent sequence:

H' = SelfAttn(Hyy), (23)
c™ = softmax(Q’K;/\/g) Vs, (24)
H™ = MLP([H',C™, E?']), (25)

where Q' = WoH', Ks = WikFg, and Vg = Wy Fs. Here, E J is produced by encoding the
selected object’s point cloud into a sequence of time-indexed latents, At each temporal position, the
corresponding object latent is concatenated with the attention features before MLP fusion. The same
object latent sequence is supplied to each trajectory block. A linear head maps the output of the last
block to the future root trajectory 7 1.7 (translation and orientation).

Spatial importance map. The predicted trajectory induces a spatial importance map over scene
points (Eq. [TT):

PP = f4q(S, ") + faie(S,7°) + Fantp (S, 7°) + Gobj fonj (S, Cigﬂzb), (26)

where fgiy iS a path-proximity prior, fqir a forward-facing alignment prior, fu, a learned spatial bias,
and fop; an object-direction alignment prior scaled by a learned coefficient. It computes the horizontal
cosine similarity between the root-to-scene-point and root-to-object-center directions, where ¢;; is
the centroid of the selected object’s point cloud. The gate dopj € {0, 1} equals 1 when a valid point
cloud for the selected object is available and 0 otherwise. This gate affects only the object-direction
term; the remaining spatial-prior terms are retained.

Pose predictor. The pose branch first injects the predicted trajectory into the motion tokens and

then performs scene cross-attention with P® € RAT*N as an additive bias:
E[ =Hy + Worin + I/Vtransi?ba (27)
" = SelfAttn(H), (28)
C™ = softmax(Q" K¢ /vd + P°)Vs, (29)
H™ =MLP([H",C"™]). (30)

A final decoder assembles the predicted poses and trajectory into the SMPL-X future motion )A/tljrl:T.

Configuration. We stack 3 trajectory blocks and 3 pose blocks with hidden dimension 256, 4
attention heads, and dropout 0.1.
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Comparison to gaze-conditioned decoders. Gaze-conditioned scene-aware HMP models [40, [66]]
inject a per-frame 3D gaze point as the scene-conditioning signal, which most directly affects the
trajectory branch. Our predictor instead consumes the selected token i}, inferred from (M., S)
through the prior and requiring no auxiliary signal at inference; the token participates in both branches
(its embedding in the trajectory branch and its mask through P’ in the pose branch), so the inferred
grounding shapes trajectory and pose jointly.

F.3 Teacher Pose Refiner

Architecture. The teacher-only pose refiner (Section adjusts the initial pose HNZ:Ll:T from Dg;se
using the textual intent Z and the selected token’s embedding:

BAZ;LT = Reﬁne(éﬁl:T, Z, eif,_>. 3D
To preserve the geometrically grounded trajectory, Refine keeps the predicted translation fixed and
allows only a small, zero-initialized orientation residual ARLLT, composed as R < R] - ART
in SO(3); this permits limited re-orientation (e.g., turning slightly toward an object before sitting)

without disrupting the global path. Since the student has no access to Z, Refine is teacher-only; the

student’s pose comes directly from leose.

Intent-alignment loss. Refine is supervised by an intent-alignment loss that pulls the refined pose
toward Z in a shared text—pose feature space:

Eintent—pose = Aend d(lﬁe (077:)7 ¢c (I)) + )\seq d('l/]G (02;1;1“); q/)c (I)) ’ (32)
where 1), is a text encoder, ¥y a pose-sequence encoder mapping body pose into the same latent
space, and d(-, -) a cosine distance. The first term enforces alignment at the destination frame, which
corresponds to the interaction state described by Z, while the second propagates intent semantics
across the sequence. The orientation residual is regularized by Ay ||ARZ:H:T ||, keeping orientation
close to the trajectory anchor. Values are listed in Table[T4]

G Training and Implementation Details

G.1 Losses

Motion reconstruction loss. For branch b € {7, S},

'C’?not = >\joint »Cjoint + )\vp »Cvposer + )\mpjpe £mpjpe + )\vel »Cvel + )\fool »Cfoot + )\sem »Csema (33)

comprising joint-level reconstruction on 3D joint positions, VPoser-latent regularization toward
the pose prior [46], non-root MPJPE, inter-frame velocity consistency, a foot-contact penalty that
suppresses sliding during ground contact, and semantic-prompt alignment; individual terms fol-
low [40, 66]].

Optimized parameters.

» Teacher trajectory pass: updates {E,, EZ, D7} with L]

mot*

» Teacher refinement pass: freezes {E7,, Eg , DT} and updates Refine (with AR”) using

traj
Linent-pose> POse reconstruction, and the residual penalty.

« Student: freezes the teacher and updates { ES,, ES, F£¢, DS} using £S5 (Eq. , treating
77 and YtJTrLT as stop-gradient targets.

G.2 Optimization and Inference

The trajectory and pose branches are jointly optimized with AdamW (initial learning rate 3 x 10~%,
weight decay 10~*) and an exponential learning-rate decay (7 = 0.98 per epoch), with batch size 8
and a training budget of up to 100 epochs.

At inference, the VLM, the LLM, textual intent, and the teacher are not used: given only M7.; and .S,
the student predicts S, selects s (Eq. @), and forecasts

}A/t‘—g‘rl:T = Ds(h‘l?/[7 S) mif‘sa 67'*). (34)

'S
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G.3 Hyperparameters

Table 14: Hyperparameters used in all GIMO and PROX experiments.

Group Hyperparameter Value
Candidate tokens cone aperture 120°
GT-proposal matching IoU (evaluation) 0.5
Teacher prior fusion weight o, temperature 7 (Eq. 0.79, 1.0
Wiace, Whody , Wiine (EQ.[6) 0.5,2,0.5
Gaze variant Ad, Aa 3,3
Encoders Eym 4-layer Transformer, d = 256, 4 heads
Ec¢ PointNet++ (2 SA layers), de = 16
descriptor dimension F' 16
Scoring head hidden size, MLPs 256; 2-layer MLPs, GELU
Motion predictor trajectory / pose blocks 3/3
hidden size, heads, dropout 256, 4, 0.1
Student loss Az Ay (Eq.[15) 1.0,0.5
)\traja Apnse ( q. l 10, 0.5
Motion loss Avel 0.2
Avps Ampjpe s Afoots Asem 1.0,1.0,0.1,0.1
Pose refiner Aend, Ve, Yo 0.1, (1536 — 256 — 256), (66 — 256 — 256)
Optimization optimizer, Ir, weight decay AdamW, 3 x 1074, 107*
schedule, batch size, epochs exponential (y=0.98), 8, 100

G.4 Compute, Seeds, Assets, and Code

All experiments run on a single NVIDIA RTX 3090 (24 GB). Each training stage takes approximately
2 hours. The VLM intent extraction and the LLM rubric scoring are run once per dataset and cached
(the LLM pass over the GIMO training set takes approximately 4 hours); no VLM or LLM call
occurs during training updates or inference. SGIP results are averaged over five random seeds (7,
42, 100, 984, 1004). We use GIMO [73], PROX [18]], HIK [54], and HOI-M? [69], together with
Openlns3D [27], Qwen3 [64]], Qwen3-VL [5]], and Idefics3 [35]], under their respective licenses and
terms of use for non-commercial research.

H Broader Impacts

Anticipating where a person will move and how they will interact with the scene can make assistive
robots and embodied agents safer and more responsive, and SGIP’s observation-only deployment
avoids gaze trackers or user-provided intent. The same capability could, however, be used to track
or anticipate people’s behavior without their consent. SGIP is trained on public research datasets of
consenting participants and does not identify individuals, but deployments that observe people should
obtain consent and comply with applicable privacy regulations. Predictions can also differ from a
person’s actual choice in ambiguous scenes (Appendix [C.2)), so safety-critical systems should not
rely on a single predicted future; the ranked alternatives of Section [4.3|can support more conservative
planning.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The claims in the abstract and introduction are supported by the method
(Section [3) and by the results in Section [4] (Tables [TH3)); the scope (observation-only
deployment, results on GIMO and PROX, comparisons in multi-human, dynamic scenes on
HIK and HOI-M?) is stated explicitly.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It s fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Section [5|discusses limitations (dependence on candidate-token quality, per-
scene instance segmentation, and static neighbor tokens in multi-human scenes), supported
by Appendices [B.8| and [B.3} the privileged pose gap and sensitivity to the intent-
extraction VLM are reported in Appendices[B.4and[B.7]

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A]
Justification: The paper does not include theoretical results.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper specifies the architecture in Section [3]and Appendix [} candidate
construction in Appendix [D] VLM/LLM supervision (models, decoding, rubric, validation)
in Appendix [E] losses, optimization, hyperparameters, and compute in Appendix [G] and the
protocols of all additional experiments in Appendix |Bj the source code and reproduction
scripts are also publicly released (see the next question).

Guidelines:

The answer NA means that the paper does not include experiments.

If the paper includes experiments, a NO answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The source code, training and evaluation scripts, and instructions with the exact
commands and environment needed to reproduce the main results are publicly available at
https://github.com/dhsoon02/SGIP. All datasets (GIMO, PROX, HIK, HOI-M3) are
available from their original sources under their respective licenses.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not
be possible, so NO is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]
Justification: Data splits, protocols, and training details are given in Section[d]and Appen-
dices [B]and [G] and the full configurations are included in the released code.
Guidelines:
* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:[Yes]

Justification: SGIP results are averaged over five random seeds, and Table |1| reports the
standard deviation on GIMO; corruption experiments report mean=std over three corruption
seeds (Table [10).
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8.

10.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer YES if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

e If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: All experiments use a single NVIDIA RTX 3090; training time, offline
VLM/LLM cost, and inference runtime are reported in Appendices|[G.4and[B.8]

Guidelines:

* The answer Na means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have reviewed the NeurIPS Code of Ethics and ensured that our research
conforms to it.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

o If the authors answer NO, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

31


https://neurips.cc/public/EthicsGuidelines

11.

12.

Answer: [Yes]

Justification: Positive and negative societal impacts, including privacy concerns of anticipat-
ing human behavior, are discussed in Appendix [H]

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or NO, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]
Justification: There is no high risk for misuse in the data or models.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All datasets (GIMO, PROX, HIK, HOI-MS) and models (Openlns3D, Qwen3,
Qwen3-VL) are cited, and their use under their respective licenses is stated in Appendix [G.4}

Guidelines:

* The answer NA means that the paper does not use existing assets.
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14.

15.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer:|[N/A]
Justification: There are no new assets introduced in the paper.
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]

Justification: The paper does not involve any crowdsourcing or new research with human
subjects; all human motion data comes from publicly released benchmarks (GIMO, PROX,
HIK, HOI-M?).

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
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Justification: The paper does not involve any crowdsourcing or new research with human
subjects; all human motion data comes from publicly released benchmarks (GIMO, PROX,
HIK, HOI-M?).

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [Yes]
Justification: LLMs are core methodological components used only at training time: Qwen3-
14B is the rubric-based scorer of the privileged teacher (Eq.[5] Appendix [E.3)), and Qwen3-

VL-8B extracts sequence-level intent labels (Appendix [E.T); Qwen3-VL-4B and Idefics3-8B
are used in the sensitivity study (Appendix [B.7).

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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