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Abstract

Referential gestures, pointing, indicating, and orienting the body
toward objects in shared space, are fundamental to embodied com-
munication. For virtual agents and physical robots operating in
human environments, the ability to generate spatially grounded
gestures is essential for disambiguation, instruction, and collabora-
tive interaction. Yet, research on communicative gesture generation
has largely focused on co-speech beat and iconic gestures, trained
on corpora in which spatial grounding is absent or incidental. This
lack of active research on referential gestures can be attributed
to three key factors: datasets that pair gestures with 3D scene
context are scarce, referential gesture generation lacks task formu-
lation, and metrics for evaluating spatial grounding do not exist.
In this work, we address all three gaps by introducing the MM-
Conv Referential Gesture Generation Challenge. Specifically, the
benchmark consists of three components: (i) a paired data release of
3,000 pointing-annotated clips from MM-Conv and SGS-HSI, with
pointing-quality annotations and scene-disjoint splits; (ii) a task
formulation that requires systems to produce spatially grounded
reference gestures aligned with speech, without oracle apex timing
or motion templates; (iii) a spatio-temporal evaluation protocol
decomposing referential gesture quality into temporal alignment,
spatial accuracy, and referent recall. We present a modular baseline
based on OmniControl and position the benchmark as the founda-
tion for the scene-aware gesture generation challenge at the 1st
Workshop on Human-Scene Interaction at ECCV 2026. We envision
this challenge as a testbed for the next generation of referential
gesture synthesis works.
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1 Introduction

Embodied agents operating in shared environments, virtual avatars,
social robots or AR assistants must produce communicative behav-
ior that is grounded in physical space. When a person says “put the
cup on that one” while pointing at a table, the meaning of the utter-
ance lives jointly in the speech, the speaker’s body and the physical
space. A gesture generation model that reproduces realistic motion
but lacks spatial grounding to produce referential gestures is miss-
ing a capability central for embodied communication: indicating
something about the scene.

Current co-speech gesture generation mostly focuses on the
distribution-matching problem in motion synthesis: models are
trained to reproduce the statistical properties of human motion,
and evaluated accordingly with metrics such as Fréchet Gesture
Distance [24] and diversity, as established by the GENEA Chal-
lenge [13] for community-wide benchmarking of co-speech ges-
ture generation. For beat and iconic gestures, where the goal is
natural-looking motion synchronized with speech, this is appropri-
ate. Referential gestures pose a fundamentally different problem.
A pointing gesture directed at the wrong object can score well un-
der distributional metrics while being a complete communicative
failure. This mirrors a broader challenge in motion generation: in
reinforcement learning approaches like Adversarial Motion Priors,
a discriminator enforces distributional realism while task-specific
rewards impose grounding constraints; gesture generation lacks
the latter. Evaluating referential gestures therefore requires com-
plementing distributional fidelity with task success: did the gesture
indicate the intended object?

The shift has been blocked by three missing pieces: datasets
pairing human gesture with 3D scene context, a task formulation
for scene-aware referential gesture generation, and metrics that
measure spatial grounding in gestures. This paper addresses all
three. We build on MM-Conv [8], whose referring expressions are
each annotated with a ground-truth referent in a 3D scene graph,
thereby turning “does the motion look plausible” into “would a
listener find the right object”

The benchmark comprises three core components:

(1) A paired datarelease: approximately 2K pointing-annotated
clips from MM-Conv’s naturalistic dialogue, and 1K clean
single-target pointing clips from SGS-HSI with shared actors
(§3).

(2) A task formulation treating referential gesture as an end-
to-end problem: systems receive speech, text, and scene con-
text, and must determine when to gesture, where to point,



HSI ’26, October 2026, Malmé, Sweden

and how to move, without oracle timing or spatial targets
(§4.1).
(3) A spatio-temporal evaluation protocol decomposing ref-

erential gesture quality into three axes (§4.3):

o Axis 1a, temporal alignment. Did the gesture peak at the
communicatively appropriate moment?

o Axis 1b, spatial accuracy. At the system’s chosen moment,
did the pose point at the right place?

o Axis 2, referent recall. Did the pose uniquely indicate the
intended object among scene-graph distractors?

The product of Axes 1a and 1b yields a combined spatio-temporal
grounding (STG) score that prevents accuracy inflation: a gesture
that accidentally passes through the correct pointing vector at
the wrong time scores near zero. Furthermore, submissions are
evaluated through both objective metrics (eg. FGD) and perceptual
studies rating motion quality and semantic appropriateness.

We present a reference baseline (§4.4): a modular OmniControl-
based pipeline that uses a learned IK module and phrase-anchored
timing. The benchmark is designed to extend to more challenging
scene-grounding conditions in future iterations (§5).

2 Related Work

Co-speech gesture generation. Recent work has driven rapid progress

on speech-conditioned motion synthesis, with diffusion [2, 7] and
flow-matching models [15] trained on corpora such as BEAT2 [14]
producing increasingly natural co-speech gestures. Progress has fo-
cused on semantic and prosodic alignment, producing gestures that
match the rhythm and content of speech, while spatial grounding
in the surrounding environment remains largely unaddressed.

Scene-aware human motion. Human-scene interaction (HSI) and
human-object interaction (HOI) have received significant atten-
tion [19, 20, 23, 25], with a focus on contact, affordance, and phys-
ically plausible motion. Wang et al. [21] use a dense skeleton-to-
scene distance field to guide language-conditioned motion gener-
ation. Ghosh et al. [10] synthesize scene-aware motion through
geometry-grounded token planning, demonstrating effective spatial
reasoning for 3D motion generation in indoor environments. These
approaches ground motion in physical contact and affordance but
do not address the communicative function of gestures in scenes.

Referential grounding. Referring expression [1, 3, 4] and instruc-
tion following [18] benchmarks have established the task of linking
language to scene objects. MM-Conv [8] extended this to sponta-
neous multimodal dialogue with synchronized motion and gaze.
Dogan et al. [9] address referential ambiguity in human-robot inter-
action through semantic disambiguation strategies. 3D Embodied
Reference Understanding tasks [16, 17] combine pointing gestures
with language for object identification in ScanNet [5] scenes, and
show that gesture substantially improves grounding accuracy. We
address the inverse problem: rather than recovering the referent
from an observed gesture, we evaluate whether generated pointing
gestures indicate the intended object.

3 Corpus and Data Sources

The benchmark release comprises two paired data sources that
share actors and capture conditions but differ in scene structure.
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MM-Conv [8] is the primary evaluation data: approximately 2,000
pointing gesture ranges drawn from 6.7 hours of dyadic VR inter-
action across five AI2-THOR [12] indoor rooms, each centered on a
referring expression accompanied by a detectable pointing gesture.
Each clip is annotated with word-level speech transcripts, full-body
SMPL-X motion capture at 30 fps, the ground-truth referent, the
dominant pointing hand, and the full scene graph (object identities,
3D bounding boxes, and positions; typically ~50 candidate objects
per scene). Expressions span exact noun phrases, partitive/attribute
noun phrases, and pronominals (“that one,” “this one”), reflecting
the natural distribution in spontaneous dialogue.

SGS-HSI is a paired synthetic resource: 1,138 clips recorded with
pointing motion directed at 3D targets, retargeted to the MM-Conv
actors, with referential expressions synthesized with the actors’
voices. Each clip has a single annotated target coordinate and apex
frame, but no surrounding scene graph. SGS-HSI provides clean
supervision for the geometric primitive of pointing at an arbitrary
3D coordinate, uncluttered by distractors or referential ambiguity.

All sources are available in SMPL-x format. Participants may use
any subset, though the declaration of training data is mandatory.

Spatial coverage. MM-Conv contributes room-scale geometry:
targets reach up to 5.86 m from the speaker (mean 3.02 m, 95th
percentile 5.19 m). SGS-HSI concentrates in the close-to-mid-range
volume (mean distance 2.20 m, max 2.85 m).

Phrase metadata. Referring-expression phrase intervals from the
original MM-Conv corpus are released alongside the training data.
These are not provided for the test set and are not consumed by
the scorer.

4 Benchmark

4.1 Task Formulation
We define Track A in this release.

Track A, target-aimed pointing. Given (i) a spoken utterance
with word-level timing, (ii) a 3D target coordinate, and (iii) the
dominant pointing hand, generate SMPL-X motion containing a
pointing gesture directed at the target. No apex frame is provided;
the system must determine when the gesture peak occurs. Evaluable
on both MM-Conv and SGS-HSL

Track A serves as a basis for further releases in referential gesture
generation.

4.2 Scene-Disjoint Splits

Evaluation uses a scene-disjoint split to test generalization to un-
seen environments. One room is held out as the test set; the re-
maining four rooms are released as training data. Participants may
further subdivide the training rooms into train/validation splits as
needed for their methods.

Table 1 summarizes the split statistics. The test room contains
339 MM-Conv referring expressions, with spatial and linguistic
diversity comparable to the training rooms. By holding out an
entire environment rather than random samples, the benchmark
isolates the challenge of spatial generalization: models must ground
references in novel room layouts with unseen object arrangements.
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Table 1: Scene-disjoint split statistics on MM-Conv and SGS-
HSI.

Split Rooms MM-Conv SGS-HSI Total

Train 4 rooms 1,503 1,022 2,525
Test 1 room 339 116 455

4.3 Evaluation Protocol: Spatio-Temporal
Grounding

The protocol decomposes referential gesture quality into three
independently measurable axes. All scores are bounded in [0, 1].
The released scorer computes all axes automatically from submitted
SMPL-X motion; no apex frame or other metadata needs to be
declared by participants.

4.3.1 Axis 1a: Temporal alignment. Axis 1a measures whether the
system’s gesture peak coincides with the ground-truth (GT) ges-
ture. The GT hold region is defined kinematically from the forearm
extension profile of the original motion capture. A kinematic apex
detector (logistic regression over pooled per-frame body features)
identifies the gesture peak from the submitted motion. If the de-
tected peak falls within the GT hold, the system receives full credit;
peaks outside the hold are penalized with a Gaussian decay propor-
tional to temporal distance. On GT motion, the detector achieves a
mean Score, of 0.92, establishing the metric ceiling.

4.3.2  Axis 1b: Spatial accuracy. At the detected apex frame, we
measure how accurately the forearm pointing ray is directed at
the target. The scorer computes an extent-aware angular error that
accounts for object size via the target’s bounding box, and converts
it to a score via Gaussian decay (Gangle = 20°). On GT motion,
human pointing achieves Score;, ~ 0.81 with a median angular
error of ~10°.

4.3.3  Axis 2: Referent recall. Axis 2 measures whether the gener-
ated pose uniquely indicates the intended referent among scene-
graph distractors (~50 objects per scene). At the detected apex,
pose-derived angular features are used to rank all scene objects;
we report top-K recall. Challenge submissions are scored with a
geometric Heuristic ranker (ray angle, head direction, distance; no
learned parameters) to ensure full transparency. A learned ranker
is reported alongside for analysis. Axis 2 applies to MM-Conv clips
only; SGS-HSI lacks distractors.

Combined Spatio-Temporal Grounding (STG).. STG = Score;4%
Scoreyp. This multiplicative combination prevents accuracy infla-
tion: a gesture that accidentally passes through the correct pointing
vector at the wrong time scores near zero, as does a gesture with
perfect timing but poor spatial accuracy. Together with Axis 2, the
three-axis decomposition exposes where a system fails, timing, spa-
tial precision, or referent disambiguation, rather than collapsing
performance into a single scalar.

4.4 Reference Baseline

We present OmniControl-PT, a fully modular baseline where timing
and spatial placement are handled by separate components with
no joint learning.
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Table 2: Spatio-temporal grounding on the test split (455
clips). Scores reflect kinematically detected apex frames for
all methods. STG = Score;, X Score;;. FGD is computed against
EMAGE VAE.

Condition temporal T spatialT STGT Med. 6| FGD ]
GT MoCap 0.909 0.766 0.718 11.8° 0.961
OmniControl-PT 0.823 0.515 0.431 23.4° 5.612

Temporal: phrase-anchored heuristic. The apex frame is predicted
at a fixed offset before the end of the referring expression, calibrated
on training data (§ = 11 frames, ~367 ms at 30 fps) [11]. No learned
parameters.

Spatial: learned IK module. A small MLP maps the 3D target
coordinate and body shape parameters to predicted wrist and elbow
positions at the apex frame, providing spatial control hints to the
motion generator.

Motion generation. OmniControl [22], a diffusion-based model
with joint-level spatial guidance, is fine-tuned on the benchmark
training set following [6]. At inference, it receives the predicted
control hints and generates full SMPL-X motion without consuming
ground-truth data.

4.5 Results

Tables 2 and 3 report baseline results on the test split (455 clips). GT
MoCap establishes the metric ceiling, scored by the same kinematic
apex detector applied to all submissions; GT scores are below 1.0 be-
cause the detector does not perfectly recover annotated apex frames
from kinematics alone. OmniControl-PT consumes no ground-truth
motion or timing at inference and is scored identically to all sub-
missions.

The baseline achieves STG = 0.431 against a GT ceiling of 0.718.
The gap decomposes across both axes: temporal alignment (0.823
vs. 0.909) reflects the phrase-anchored heuristic, which lands in the
GT hold on roughly 63% of clips; spatial accuracy (0.515 vs. 0.766)
reflects learned-IK imprecision compounded by OmniControl’s soft
enforcement of spatial hints, yielding a median angular error of
23.4° compared to 11.8° for human pointing.

On referent recall (Table 3), human pointing recovers the in-
tended referent in the top-10 candidates roughly two-thirds of the
time against ~50 scene objects—a 3.4X improvement over random.
The baseline preserves about half this signal at top-5 and two-thirds
at top-10, consistent with its ~2X larger angular error. Both the tem-
poral and spatial gaps are open targets for challenge participants.
A second baseline will be reported at the workshop.

5 Challenge

The benchmark serves as the basis for the scene-aware gesture gen-
eration challenge at the 1st Workshop on Human-Scene Interaction
at ECCV 2026.

Phase 1: AI2-THOR scenes (this release). Participants receive MM-
Conv training data from four rooms with full annotations, plus
SGS-HSI as auxiliary data. One room is held out as the test set.
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Table 3: Axis 2: referent recall on the test split. Top-K candi-
date recall over scene-graph distractors. Heuristic is a geo-
metric ranker; Learned is a 73K-parameter MLP. All methods
are evaluated at the kinematic-detector apex.

Condition Scorer Top-5T Top-10 T

Heuristic 44.1% 63.6%

GT MoC
oap Learned 51.0% 68.7%

Heuristic 21.6% 41.1%
OmniControl-PT
rna-ontro Learned  254%  45.2%

Submissions consist of generated SMPL-X motion, scored under
FGD, Axis 1a, 1b, STG and scene-based Axis 2 recall. Axis 2 scoring
uses the geometric Heuristic ranker (Table 3) to ensure full trans-
parency and reproducibility. Participants may use any external data
or pretrained models; all training sources must be declared with
the submission. Submission format and detailed instructions are
provided alongside the data release at https://huggingface.co/mm-
conv-scene-gesture.

Future extensions. The current benchmark uses controlled Al2-
THOR environments with canonical object arrangements. Future
iterations may extend to more complex real-world scene layouts and
integrate with referring expression grounding baselines for future
track evaluation, testing generalization to cluttered environments,
and automatic target inference.

No single-scalar ranking. The results will be reported for all axes
separately. Pareto-dominant submissions are highlighted. Percep-
tual evaluation will be conducted during the challenge to contextu-
alize objective scores and identify cases where motion scores well
on metrics but lacks communicative appropriateness.

Code and model release. The OmniControl-PT baseline will be
released at https://huggingface.co/mm-conv-scene-gesture along-
side the data release to ensure reproducibility and lower barriers to
participation. Submissions are scored server-side; the scorer is not
publicly released.

6 Conclusion

Gesture generation evaluation has been dominated by distributional
realism metrics because, until recently, the data required for other
metrics has been unavailable. MM-Conv’s referential annotations
close that gap. The spatio-temporal decomposition proposed here,
separating when the system gestures (Axis la), where it points
(Axis 1b), and what it indicates (Axis 2), turns those annotations
into complementary scoring functions whose divergence is itself
diagnostic of generator failure modes. By withholding oracle timing
from submissions, the benchmark evaluates referential gesture
generation rather than conditioned motion synthesis.

The OmniControl-PT baseline establishes a functional lower
bound: STG = 0.431 (at oangle = 20°) against a GT ceiling of 0.718,
with the gap split between timing (phrase-heuristic misses on natu-
ralistic MM-Conv dialogue) and spatial accuracy (soft constraint
enforcement and learned-IK imprecision). This decomposition is
the benchmark’s primary contribution to participants: knowing
where the gap is tells them where to direct their modeling effort.

Anna Deichler, Rishabh Dabral, Fethiye Irmak Dogan, Anindita Ghosh, and Jonas Beskow

The benchmark establishes a foundation for scene-aware gesture
evaluation on controlled environments with ground-truth scene
graphs. Future extensions to real-world scans will test transfer to
unstructured geometry, connecting the gesture generation commu-
nity with the broader 3D referential grounding literature.

Limitations. The extent-aware angle uses axis-aligned bounding
boxes, which overestimate extent for elongated objects at oblique
angles. Phrase-gesture association in MM-Conv is structurally nois-
ier than in single-target setups. Phrase metadata is available for
training only and may not align cleanly with clip-level gesture
boundaries. The current evaluation focuses on controlled envi-
ronments; extension to more complex real-world layouts will test
robustness to cluttered scenes and challenging spatial configura-
tions.
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