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Abstract
To assist humans in open-world environments, robots must accu-
rately interpret ambiguous instructions to locate desired objects.
Foundation model-based approaches excel at reference expres-
sion grounding and multimodal instruction understanding, but
lack a principled mechanism to model uncertainty in long-horizon
tasks. Conversely, Partially Observable Markov Decision Processes
(POMDPs) provide a systematic framework for planning under un-
certainty but are typically limited in modalities and environment
assumptions. To achieve the best of both worlds, we introduce
LanguagE and GeSture-Guided Object Search in Partially Observ-
able Environments (LEGS-POMDP), a modular POMDP system
that integrates language, gesture, and visual observations for open-
world object search. Unlike prior work, LEGS-POMDP explicitly
models two sources of partial observability: uncertainty over the
target object’s identity and its spatial location. Simulation results
show that multimodal fusion significantly outperforms unimodal
baselines, achieving an average success rate of 89% ± 7% across
challenging environments and object categories. Finally, we demon-
strate the full system on a quadruped mobile manipulator, where
real-world experiments qualitatively validate robust multimodal
perception and uncertainty reduction under ambiguous human
instructions.

CCS Concepts
• Human-centered computing→ Pointing; Text input; Gestu-
ral input; • Computer systems organization → Robotic compo-
nents; Real-time system architecture.
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Figure 1: Multimodal fusion and belief updates enable disambiguat-
ing human instructions and correct object identification.

1 Introduction
To assist humans in unstructured open-world environments, robots
must accurately understand and act upon ambiguous instructions
to find target objects. The human-instructed object search prob-
lem requires robots to both identify which object is being referred
to and determine where it is located, under uncertainty arising
from underspecified language, imprecise gestures, and noisy per-
ception. As illustrated in Figure 1, language alone may be vague,
gestures may indicate regions containing multiple candidates, and
sensor noise further compounds ambiguity. A key observation
is that different modalities are often complementary: gestures can
disambiguate vague language, while language can clarify impre-
cise gestures. Although humans naturally combine language and
gesture during communication, enabling robots to robustly inter-
pret such multimodal cues in partially observable environments
remains challenging. To achieve multimodal referring expression
understanding [30] in these settings, robots must jointly reason
over uncertainty in language, gesture, and visual perception.

Existing works in human-instructed object search are mostly in
two main groups, each with fundamental limitations in open-world
scenarios. Methods that use foundation models to ground multi-
modal input and produce actions [23, 28] lack explicit uncertainty
modeling and long-horizon sequential decision-making capabili-
ties and offer little formal guarantees and explainability. It is also
difficult to collect large-scale datasets of natural human referral ges-
tures [8, 12, 15, 28] for finetuning. Partially Observable Markov De-
cision Processes (POMDPs) are a formal sequential decision-making
framework that explicitly models uncertainty. However, previous
POMDP-based object search works mostly focus on tabletop set-
tings [50], use only language input, or make strict assumptions
about the environment [46, 52].
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To address these limitations, we introduce LanguagE and GeSture-
Guided Object Search in Partially Observable Environments (LEGS-
POMDP), a modular POMDP framework that integrates language,
gesture, and visual observations for open-world object search. LEGS-
POMDP explicitly models two sources of partial observability: un-
certainty over the human’s intent (target object identity) and uncer-
tainty over the environment (target object location). By maintaining
joint beliefs over object identity and location, the robot can reason
over both instruction-level and environment-level ambiguity and
produce explainable decision-making behavior.

Our multimodal observation model leverages state-of-the-art
language, gesture, and visual perception modules to represent each
modality as a likelihood function over candidate objects, which are
fused in log-space to form a joint observation distribution. The mod-
ular design enables flexible replacement or upgrading of individual
perception components, while preserving principled Bayesian be-
lief updates and interpretability that are difficult to achieve with
end-to-end approaches.

We evaluate LEGS-POMDP through both modular reference
understanding benchmarks and full-system decision-making ex-
periments to assess multimodal object search under uncertainty.
Specifically, our evaluation includes: (i) gesture grounding with five
different pointing representations; (ii) visual grounding via Set-of-
Marks prompting [47] and Grounding DINO [26]; (iii) visual sensor
models with different fan-shaped configurations to test modular-
ity and parameterization; (iv) full-system evaluation in simulated
environments with varying levels of complexity and instruction
ambiguity; and (v) real-robot evaluation on a quadruped mobile
manipulator.

This paper makes three key contributions: (1) We formulate
human-instructed object search as a POMDP with two sources of
partial observability, explicitly modeling uncertainty over target
object identity and spatial location. (2) We propose a modular mul-
timodal observation model that integrates language, gesture, and
visual perception as probabilistic likelihoods within a principled
Bayesian belief update. (3) We evaluate the proposed framework
through extensive simulation experiments under varying levels of
instruction ambiguity, and qualitatively validate uncertainty reduc-
tion on a real quadruped mobile manipulator.

2 Related Work
Human-instructed object search is challenging because the robot
must handle state uncertainty, perceptual noise, and reference
ambiguity.[49] Prior research has followed two main paradigms:
end-to-end learning based methods and modular approaches. End-
to-end methods map multimodal sensor inputs directly to actions,
learning semantic priors that support goal-directed exploration and
generalization [4, 12, 22, 36]. While some approaches introduce in-
termediate structure, such as visual state abstractions or topological
representations, end-to-end learning remains highly data-intensive
and often requires large-scale training[10, 14, 36].

Modular approaches, on the other hand, decompose the task into
perception, semantic grounding, and planning components.[11, 45]
This structure facilitates engineering, preserves explainability, and
enables changeable modules. Recent modular learning approaches
further replace hand-designed components with learned ones while

retaining the overall pipeline, thereby combining the data efficiency
and sim-to-real transfer benefits of modularity with the represen-
tational power of learning.[6, 9, 11] Building on this paradigm,
researchers have extensively explored gesture grounding, language
grounding, and multimodal fusion, as well as decision-theoretic
frameworks for planning under uncertainty.

Language Grounding: Grounding natural language commands
has long been a central challenge for robots [7, 42]. Previous works
have grounded human instructions to a formal representation and
latent space for planning and control [1–3, 13, 16, 21, 24, 25, 35, 36].
Interactive approaches such as INGRESS [39] and attribute-guided
POMDP frameworks [48] show that asking clarification questions
can mitigate linguistic ambiguity. Other work has embedded lan-
guage directly into observation models [32], or leveraged social
feedback to reduce misinterpretations in object fetching tasks [46].
Spatial language understanding in large-scale environments fur-
ther highlights how ambiguity grows when many candidate objects
are present [51]. Our framework extends this literature by jointly
modeling language ambiguity alongside gesture uncertainty in a
unified probabilistic planning framework.

Gesture Grounding: Pointing is a natural and frequent modality
in human–robot interaction, often used to resolve referential ambi-
guity. Early work formalized pointing with geometric models such
as the pointing cone [18, 33, 34], while later studies analyzed human
pointing behaviors in household settings [8, 19], highlighting the
prevalence of ambiguity. More recent approaches incorporate skele-
tal vectors (eye–wrist, shoulder–wrist) to probabilistically model
gesture likelihoods [37], and integrate pointing into situated lan-
guage understanding [38]. With the rise of large models, systems
like GIRAF [23] and GestLLM [17] emphasize the semantic and
contextual nature of gesture interpretation, while visual prompting
methods leverage pointing for downstream VQA [41]. Despite this
progress, gesture interpretation remains inherently uncertain due
to human variability and sensor noise. Our work builds on this line
by explicitly modeling gesture as a probabilistic observation within
a POMDP, rather than as a deterministic cue, allowing the robot to
reason probabilistically about human intent.

Multimodal Fusion: Many systems integrate gesture and lan-
guage at the perception level to improve disambiguation. while
visual prompting methods use pointing for VQA [29, 41]. These
efforts demonstrate that multimodal cues can significantly reduce
referential ambiguity; however, fusion is typically confined to the
perceptual level and is not connected to downstream decision-
making. Systems such as GIRAF [23] and This&That [44] show
promising integration of multimodal instructions with robot execu-
tion, but their reliance on tabletop domains highlights the need for
frameworks that extend to unstructured, large-scale environments.
Complementary work has introduced benchmarks targeting per-
ception challenges, such as open-vocabulary segmentation [20, 53],
or multimodal disambiguation datasets that probe gesture and lan-
guage integration [5, 15, 28, 31]. These directions highlight the
importance of multimodal fusion for instruction following, while
also pointing to the need for frameworks that connect multimodal
fusion with downstream tasks.

POMDP & Uncertainty in HRI: POMDPs provide a principled
framework for decision-making under uncertainty, with online
solvers such as POMCP [40] enabling scalability. They have been
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Figure 2: system diagram.

applied to multi-object search [43], where language serves as a
prior over candidate states, and extended in systems such as Gen-
MOS [52] and INVIGORATE [50] that integrate visual grounding
and interactive dialogue. Yet prior POMDP-based work has largely
focused on language cues and has rarely incorporated gesture as a
probabilistic observation[43, 46, 50]. Our work advances this trajec-
tory by explicitly modeling two layers of uncertainty, i.e., human
intent and environment state, and showing that multimodal fusion
of gesture and language improves efficiency in object search.

3 Technical Approach
Our system aims to address the language- and gesture-conditioned
object search problem, where the robot must interpret uncertain
human instructions while exploring a partially observed environ-
ment. This requires solving the subproblems of: (i) representing
robot’s uncertainty and the hidden state of the world, (ii) integrat-
ing multimodal human instructions, and (iii) planning efficiently
under ambiguous instruction and robot uncertainty. This problem
can be naturally modeled as a Partially Observable Markov Deci-
sion Process (POMDP), since the target object’s location is hidden,
human inputs are noisy and ambiguous, and the robot must plan
sequences of actions under uncertainty. Figure 2 illustrates the over-
all architecture of our framework, showing how language, gesture,
and vision modules are integrated with the POMDP-based planner.

3.1 POMDP Formulation
In order to represent both the robot’s knowledge of the world and
its uncertainty about the hidden target, we define the task as a
POMDP tuple (𝑆,𝐴,𝑇 ,𝑂, 𝑍, 𝑅,𝛾) as follows:

State Space: Each state 𝑠 ∈ S is defined as 𝑠 = (𝑠𝑟 , 𝑠𝑜 ), where
𝑠𝑟 = (𝑥,𝑦, 𝜃 ) is the robot pose, and 𝑠𝑜 denotes the latent target
location. The obstacle map is known and fixed. We use an object-
independent state representation, where objects are labeled as tar-
get or distractor based on human intent, rather than category, al-
lowing the framework to focus on uncertainty reasoning rather
than object taxonomy.

Action Space: The action space is discrete. The agent choose from
three classes of actions: movement actions 𝑎move, an observation-
gathering action𝑎look, and a termination action𝑎find. Move actions

use four deterministic motion primitives (forward, backward, turn-
left, turn-right) defined in the robot’s relative frame. This abstrac-
tion allows flexible combinations of primitives without changing
the POMDP formulation.

Transition Model: The transition model𝑇 (𝑠′ | 𝑠, 𝑎) updates the ro-
bot pose deterministically. For movement actions,𝑇 (𝑠′ | 𝑠, 𝑎𝑚𝑜𝑣𝑒 ) =
1, where robot pose is updated based on the executed primitive.
The look action is designed solely to acquire additional multimodal
observations for belief update. The target-object location 𝑠𝑜 is static
and remains unchanged across transitions.

Observation Space: Observations 𝑜 = (𝑜𝑣, 𝑜𝑔, 𝑜𝑙 ) contain multi-
modal signals from vision, gesture and language instructions.

Observation Model: 𝑍 (𝑜 | 𝑠) defines the likelihood of multimodal
signals conditioned on the hidden state, with vision, gesture, and
language terms fused by a weighted log-likelihood.

Reward Model: Reward 𝑅(𝑠, 𝑎) assigns a positive reward for a cor-
rect 𝑎find, a small negative cost for 𝑎move and 𝑎look to encourages
efficient exploration. This sparse structure ensures that the planner
prioritizes correct target finding, while step costs discourage ex-
haustive exploration. Discount factor 𝛾 ∈ (0, 1) balances immediate
and future rewards.

3.2 Multimodal Observation Model
In order to integrate human instructions with perceptual signals,
we design an observation model that fuses three modalities: vision,
language, and gesture. Unlike end-to-end models, this modular
observation formulation is less data-hungry and provides inter-
pretable likelihoods for each modality, enabling explicit reasoning
about uncertainty and explainability in downstream planning. Each
modality is modeled by its likelihood 𝑃 (𝑜𝑚 | 𝑠), representing the
probability of observing signal 𝑜𝑚 given a hypothesized state 𝑠 .
The contribution of each modality can be controlled by modality-
specific weights (𝑤𝑣,𝑤𝑔,𝑤𝑙 ). The modality-specific likelihoods are
combined by the fusion model:

log𝑍 (𝑜 | 𝑠) = 𝑤𝑣 log 𝑃𝑣 (𝑜𝑣 | 𝑠)+𝑤𝑔 log 𝑃𝑔 (𝑜𝑔 | 𝑠)+𝑤𝑙 log 𝑃𝑙 (𝑜𝑙 | 𝑠),
(1)

Our observation model can be formulated as:

𝑍 (𝑜 | 𝑠) ∝
∏︂

𝑚∈{𝑣,𝑔,𝑙 }
𝑃𝑚 (𝑜𝑚 | 𝑠)𝑤𝑚 . (2)

This formulation naturally integrates with Bayesian belief updates
as shown in Eq.3, where multimodal likelihoods provide evidence
to reweight the posterior over hidden states.

𝑏′ (𝑠′) ∝ 𝑍 (𝑜 | 𝑠′)
∑︁
𝑠∈𝑆

𝑇 (𝑠′ | 𝑠, 𝑎) 𝑏 (𝑠). (3)

Visual Observation. Camera sensors provide incomplete and
noisy detections of objects due to limited field of view and distance-
dependent accuracy. To approximate this uncertainty, segmentation
outputs are treated as candidate object detections, and the camera
is modeled as a decaying fan-shaped sensor, similar to [43]. The
likelihood of correctly detecting a target at location (𝑥,𝑦) is defined
by Gaussian decay in both angular deviation and range:

𝑃𝑣 (𝑜𝑣 = 1 | 𝑠) ∝ exp
(︄
−
𝜃2

diff
2𝜎2

𝜃

)︄
· exp

(︃
− (𝑟 − 𝑟0)2

2𝜎2
𝑟

)︃
, (4)


LaTeX formula starts \begin {equation} b^\prime (s^\prime ) \propto Z(o \mid s^\prime ) \sum _{s \in S} T(s^\prime \mid s, a)\, b(s). \label {eq:bayesian_update} \end {equation} LaTeX formula ends 
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where 𝜃diff is the angular difference between the camera’s central
axis and the object direction, 𝑟 is the distance from the robot to
the object, and 𝑟0 is the nominal detection range. This formulation
captures the intuition that detections are most reliable when the
object is centered in view and within a favorable distance, and less
reliable otherwise.

Language Observation. Natural language instructions describe
the target object but can be ambiguous and error-prone after au-
tomatic speech recognition. For example, the same object may be
referred to as “cup,” or “mug,” and transcription errors may further
increase uncertainty. Thus, the challenge is to map an utterance
𝑢𝑙 into a probabilistic signal that reflects how well each candidate
state location 𝑠𝑜 matches the instruction. We model this through a
similarity function 𝜅 (𝑠𝑜 ;𝑢𝑙 ) ∈ [0, 1], which measures how well the
hypothesized target at 𝑠𝑜 aligns with the given instruction. This
score is then converted into a likelihood by interpolating between
modality-specific false- and true-positive rates:

𝑃𝑙 (𝑜𝑙 | 𝑠) = 𝜖−
𝑙
+ (𝜖+

𝑙
− 𝜖−

𝑙
) 𝜅 (𝑠𝑜 ;𝑢𝑙 ), 0 < 𝜖−

𝑙
< 𝜖+

𝑙
< 1. (5)

𝜖−
𝑙

is the minimum likelihood assigned to irrelevant objects (false
positives), and 𝜖+

𝑙
is the maximum likelihood for a perfectly match-

ing description (true positives). This formulation captures graded
confidence rather than a binary match, allowing the belief update
to weigh language input proportionally to its semantic specificity.

Gesture Observation. Pointing gestures provide a strong cue
about the intended target, but they are inherently uncertain due to
human variability and perceptual noise. Humans adopt different
pointing strategies: sometimes extending the whole arm, sometimes
aligning the gaze with the hand, and sometimes raising only the
forearm casually.

To account for this variability, we define the pointing direction
dynamically as the mean vector of multiple anatomical cues: eye-
to-wrist, shoulder-to-wrist, and elbow-to-wrist. The gesture is then
represented as a spatial cone with the wrist as the origin and this
averaged vector as the central axis. The opening angle of the cone
captures the spread of the three vectors. The likelihood of the target
being at location (𝑥,𝑦) is then defined as

𝑃𝑔 (𝑜𝑔 | 𝑠) = exp
(︃
−𝜃 2

diff
2𝜎2

𝑔

)︃
, (6)

where 𝜃diff is the angular deviation between the central pointing
vector and the vector from the wrist to (𝑥,𝑦), and 𝜎𝑔 determines
the spread of the cone. This formulation captures the intuition that
states closer to the pointing direction are more likely, while off-cone
states receive exponentially lower likelihood.

For planning, we employ Partially Observable UCT (PO-UCT)
as the solver in both simulation and real-world tests. PO-UCT is
a Monte Carlo tree search algorithm that balances exploration
and exploitation by simulating trajectories from the current be-
lief. Although not novel in itself, PO-UCT provides a strong, well-
established baseline that integrates naturally with our multimodal
observation models and supports deployment on the Boston Dy-
namics Spot robot. This unified choice allows us to attribute per-
formance differences to perception and grounding quality, rather
than planning artifacts.

To enable systematic evaluation, we first implement explicit
probabilistic observation models in simulation, including a fan-
shaped vision sensor, a gesture cone model, and a language similar-
ity mapping. In real-robot experiments, however, the robot directly
consumes outputs from perception pipelines: skeleton tracking for
gesture estimation (via MediaPipe), a Set-of-Marks (SoM) ground-
ing module combining SAM2 segmentation with GPT-4o reasoning
for language input, and onboard object detection from the Spot
camera system. This design ensures that the POMDP framework ac-
commodates both analytic likelihoods in simulation and perceptual
modules in deployment.

4 Evaluation of LEGS-POMDP
We evaluate whether the LEGS-POMDP framework enables robust
and efficient multimodal object search under uncertainty. The eval-
uation proceeds in three stages: (i) modular tests of gesture and
language grounding, (ii) gridworld simulations comparing solvers,
modalities, and environment complexity, and (iii) real-robot deploy-
ment on the Boston Dynamics Spot. Across these settings, results
show that multimodal grounding improves robustness, PO-UCT
enhances planning reliability, and the integrated system achieves
strong performance in both simulation and real-world.

4.1 Modular Evaluation
We evaluate gesture and language grounding to examine how
each modality resolves referential ambiguity. Using the YouRefIt
dataset [5], which contains 4,221 annotated pointing and language
instances, we benchmark each modality in isolation. The results
highlight complementary strengths and limitations, motivating the
integration in LEGS-POMDP for robust multimodal grounding.

4.1.1 Gesture Grounding. Formalized gesture representations
provides structured likelihoods that can be directly incorporated
into a POMDP observation model, yielding both probabilistic rea-
soning and interpretability for downstream belief updates. We eval-
uate gesture grounding to test whether different pointing repre-
sentations can robustly capture human intent and identify which
representation provides the most reliable basis for integration into
a decision-making framework. We hypothesize that using a proba-
bilistic cone representation with cues from multiple skeletal land-
marks yields improved robustness and accuracy compared to single-
vector baselines, especially in the presence of pose estimation noise.

We compare four body landmark vectors (eye-to-wrist, nose-to-
wrist, shoulder-to-wrist, and elbow-to-wrist) with a gesture cone
representation that merges vector cues to form a probabilistic re-
gion of reference. All pointing vectors are anchored at the wrist,
which provides a stable and consistently detectable landmark in dy-
namic scenes. While finer hand landmarks could in principle yield
more precise estimates, hand detection is often less reliable under
occlusion or motion, making the wrist a more robust endpoint for
downstream analysis. MediaPipe [27] is used for skeleton detection,
achieving a 92.6% human detection rate on the YouRefIt dataset;
all evaluation is conditioned on detected frames. Fig. 3 shows an
example frame with different vector- and cone-based pointing rep-
resentations, with the target object highlighted in green.

Performance is evaluated using two metrics: (i) Coverage Ac-
curacy @25% is defined as the percentage of samples where the



LEGS-POMDP: Language and Gesture-Guided Object Search in Partially Observable Environments HRI ’26, March 16–19, 2026, Edinburgh, Scotland, UK

Figure 3: Example frame showing different vector- and cone-based
models of the pointing direction, with the target marked in green.

Table 1: Comparison of gesture representation for pointing estima-
tion for pointing estimation. Metrics are reported as mean ± 95%
confidence interval (CI).

Pointing Representation Cov. @25% 𝜃diff (◦)
Eye-to-Wrist 0.718 ± 0.014 24.4 ± 0.8
Nose-to-Wrist 0.746 ± 0.014 23.2 ± 0.8
Shoulder-to-Wrist 0.865 ± 0.011 17.0 ± 0.7
Elbow-to-Wrist 0.772 ± 0.013 20.2 ± 0.8
Gesture Cone 0.890 ± 0.010 14.4 ± 0.4

predicted cone overlaps more than 25% of the ground-truth bound-
ing box area. For single-vector representations, we used a 15◦ fixed
opening angle, while for the gesture cone the opening angle is
dynamically determined from the spread of included vectors. (ii)
Angular Error (𝜃diff), the deviation in degrees between the predicted
pointing direction and the ground-truth reference.

Results in Table 1 show that the gesture cone achieves the low-
est angular error (14.4◦) and the highest coverage accuracy (0.89).
Compared to the best single-vector baseline (shoulder-to-wrist,
0.865), it improves coverage by 2.5% and reduces angular error by
2.6◦. In contrast, single-vector representations are more sensitive
to target height and arm posture. We also observed qualitative dif-
ferences across pointing representations. For low-lying targets, the
elbow-to-wrist vector was often the most accurate, but it tended
to overshoot for elevated targets. Wrist flexion or extension also
altered pointing reliability. In cluttered scenes, the nose-to-wrist
vector sometimes provided better disambiguation. Moreover, under
frontal-facing condition, gaze-based vectors occasionally diverged
from arm-based vectors, making generalization with single vec-
tor representation difficult. By averaging cues, the gesture cone
stabilizes performance across varied conditions, making it a more
reliable representation for downstream POMDP belief updates.

4.1.2 Visual Grounding. Robust language grounding is essential
for downstream decision-making in the POMDP framework since
grounding failure leads to corrupted belief state, which in turn
biases future planning toward incorrect targets. Thus, we evaluate
visual grounding to test how well different grounding strategies
resolve referential expressions. Our hypothesis is that decoupling

Figure 4: Visual grounding comparison between SoM prompting
and a detector baseline (GroundingDINO).

Table 2: Grounding Success rate under different language conditions.
LLM grounding (SoM: SAM2 + GPT-4o) vs. detector grounding
(GroundingDINO).

Grounding Acc LLM (SoM) Detector (DINO)
None 0.793 0.603
Spatial 0.957 0.577
Attribute 0.944 0.665
Spatial + Attribute 0.818 0.956

perception and reasoning via a two-stage SoM pipeline (segmenta-
tion + LLM classification) yields more accurate and interpretable
grounding than end-to-end detector-based methods.

We conduct a comparative analysis between two distinct vi-
sual grounding paradigms: a detector-based baseline using Ground-
ingDINO and an LLM-based Set-of-Marks (SoM) approach that
integrates SAM2 segmentation with GPT-4o reasoning capabilities
as shown in Fig.4. Queries may involve object attributes and/or
spatial relations, allowing us to evaluate grounding robustness
across different linguistic conditions. Performance is evaluated us-
ing three complementary metrics: (i) Detection Accuracy (det. Acc)
measures whether the system successfully localizes any candidate
region for the queried object, providing a recall-oriented view of
localization; (ii) 𝐼𝑜𝑈@25%; (iii) Grounding Accuracy (Grounding
Acc) evaluates whether the predicted region correctly overlaps the
GT target, reflecting semantic correctness of the grounding.

The Set-of-Marks (SoM) approach achieved higher detection
success (92.3% vs. 87.8%) and grounding accuracy (91.4% vs. 62.4%)
compared to the detector-based baseline. However, its IoU@25%
was lower (0.219 vs. 0.501), largely because SAM2 produced fine-
grained masks smaller than the annotated bounding boxes, leading
to underestimated overlap. This highlights that SoM is limited by
its dependence on segmentation quality. In addition, SoM incurs
significantly higher inference time due to its two-stage pipeline,
trading efficiency for robustness in resolving referring expressions.

Results in Table 2 report grounding accuracy conditioned on
successful detection. We observe that the detector-based baseline
struggles in most cases: when only spatial (0.577) or attribute (0.665)
references are provided, accuracy drops sharply in cluttered scenes.
As illustrated in Fig. 4, the SoM approach (a) correctly grounds
the query “the sign on the wall” by isolating the intended region.
In contrast, the detector baseline (b) detects a sign but misinter-
prets the spatial qualifier “on the wall,” incorrectly selecting a lower
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sign. The detector performs relatively well when both spatial and
attribute cues are combined (0.956), suggesting that it leverages ex-
plicit learned patterns from training data when richer descriptions
are available. In contrast, the SoM approach maintains consistently
high performance across single-reference conditions, achieving
0.957 on spatial and 0.944 on attribute queries. However, SoM accu-
racy decreases with compounded descriptions (0.818), likely due to
segmentation ambiguities and language model parsing errors. The
results indicate that LLM-based SoM grounding generalizes more ro-
bustly to underrepresented linguistic conditions, while the detector
benefits more from detailed but less natural multi-cue descriptions.
Importantly, SoM’s robustness in handling single but ambiguous
references provides more stable observation likelihoods, reducing
the risk of belief corruption in downstream POMDP planning.

4.2 System Evaluation
We evaluate our system in a gridworld simulation environment
designed to capture the challenges of multimodal instruction follow-
ing. The environment consists of grid cells populated with target
objects, distractors, and static obstacles, requiring the agent to
actively explore while maintaining a belief state over possible tar-
get locations. We prepared three grid environments of increasing
spatial complexity (5×5, 10×10, 20×20). Human inputs (gesture, lan-
guage, or both) are injected as observations that directly influence
belief updates, while distractors and obstacles introduce ambiguity
and navigation cost. This setup allows us to systematically vary en-
vironment size and ambiguity, and to test how different modalities
and solvers affect success, efficiency, and belief convergence.

4.2.1 Solver Comparison. Solver comparison test determines
whether sophisticated planning algorithms with principled belief
representations enhance robustness in ambiguous visual grounding
tasks compared to simple approaches. Four solvers are compared
under a consistent observation model and reward function. The
Greedy baseline always executes the Find action as soon as any
object is observed, ignoring uncertainty and planning. The Belief
Heuristic policy moves toward the grid cell with the highest cur-
rent belief, considering only the most likely target location at each
step. POMCP is a Monte Carlo Tree Search–based solver that lever-
ages a particle belief representation for scalable online planning.
Finally, PO-UCT extends the UCT algorithm with deeper looka-
head, balancing exploration and exploitation to improve planning
under uncertainty. We hypothesize that principled POMDP solvers
(POMCP and PO-UCT) will demonstrate more robust performance
compared to heuristic baselines (Greedy and Belief Heuristic).

We conducted controlled experiments with no human input
to isolate planning performance from perceptual challenges. Ap-
proximately 100 independent trials per solver-belief representation
configuration is executed to ensure statistical reliability, with ran-
dom initialization of object locations and agent starting positions.
Performance was evaluated using three metrics: (i) Success rate,
the fraction of trials in which the agent correctly identified and
executed a Find action on the target object; (ii) Total steps, mean
number of actions required until task completion, measuring ex-
ploration effectiveness; and (iii) Total time, total execution time
including both planning overhead and action execution.

Table 3: Solver performance under histogram vs. particle belief.
Metrics are mean ± 95% CI over all trials.
Belief Solver Success Steps Time [s]
Histogram Heuristic 0.68 ± 0.11 111.3 ± 24.0 12.0 ± 2.6

Greedy 0.63 ± 0.11 227.7 ± 20.4 24.6 ± 2.2
PO-UCT 0.96 ± 0.06 124.9 ± 14.7 32.2 ± 8.3

Particles Heuristic 0.21 ± 0.10 42.3 ± 7.9 4.7 ± 0.9
Greedy 0.27 ± 0.10 183.6 ± 18.4 20.5 ± 2.1
POMCP 0.24 ± 0.09 183.4 ± 20.2 36.8 ± 4.5
PO-UCT 0.45 ± 0.11 121.4 ± 10.3 30.6 ± 6.3

Table 4: Modality comparison. Success rate, steps, and time are
reported with 95% confidence intervals.
Modality Success Rate Steps Time [s]
multimodal conflicted 0.024 ± 0.007 59.0 ± 17.3 21.1 ± 12.8
wrong language 0.093 ± 0.064 95.9 ± 35.2 24.5 ± 10.8
wrong gesture 0.170 ± 0.049 91.2 ± 33.1 22.8 ± 11.1
No Input 0.482 ± 0.130 162.3 ± 35.2 37.0 ± 10.4
Gesture 0.618 ± 0.045 122.5 ± 25.5 23.2 ± 4.7
Language 0.710 ± 0.057 95.8 ± 34.4 20.4 ± 5.4
Multimodal 0.888 ± 0.073 76.8 ± 27.4 16.7 ± 5.6

Table 3 demonstrates that PO-UCT achieves optimal perfor-
mance under histogram belief representation, achieving 96% suc-
cess rate while maintaining competitive step counts and reasonable
computational overhead. The Greedy baseline exhibits poor suc-
cess rates despite minimal planning time, while POMCP shows
inconsistent performance with higher variance in both success and
efficiency metrics. Under particle belief representation, all solvers
experience degraded performance due to increased representational
noise and approximation errors in belief updates. However, PO-UCT
maintains the smallest performance degradation, suggesting greater
robustness to belief representation quality. The results validate our
hypothesis that planning depth and stable belief representation are
essential for reliable performance in ambiguous visual grounding
tasks. While heuristic approaches offer computational efficiency,
they sacrifice reliability. PO-UCT emerges as the optimal balance
between robustness and efficiency.

4.2.2 Modality Evaluation. Human inputs directly influence the
POMDP observation model; grounding failures or missing modal-
ities can therefore corrupt belief updates. We evaluate how indi-
vidual modalities guide exploration and how multimodal fusion
improves robustness under ambiguity. We fix the solver to PO-UCT
and evaluate across five environments (small, small-ambiguous,
medium, large, and large-ambiguous) under seven instruction con-
ditions: no input, gesture-only, language-only, multimodal, wrong
gesture, wrong language, and conflicted multimodal input. Perfor-
mance is measured by success rate, steps to completion, and total
time, with belief dynamics analyzed via max-belief and target-belief
convergence over 10 trials per condition.

As shown in Table 4, multimodal input achieves the highest
success rate (0.888±0.073) with the fewest steps and fastest comple-
tion time, validating the complementarity of gesture and language.
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Figure 5: Belief convergence in the large environment. (Top) Max-
belief traces show how certainty in the most likely state evolves over
time. (Bottom) Target-belief traces show probability mass assigned
to the true target.

While this result is not surprising, it demonstrates that our POMDP-
based approach and solver is capable of successfully fusing informa-
tion across multiple modalities to achieve improved performance.
Language-only (0.710 ± 0.057) and gesture-only (0.618 ± 0.045) per-
form moderately, while no-instruction drops sharply to 0.482±0.130.
Time usage shows a similar trend, with multimodal trials complet-
ing in 16.7 seconds on average, nearly half of the no-instruction
condition. These results highlight the complementary effect of ges-
ture and language, showing that combining modalities not only
improves task success but also improves efficiency. In contrast,
wrong gesture (0.170 ± 0.049), wrong language (0.093 ± 0.064), and
especially conflicted multimodal input (0.024±0.007) nearly always
fail, highlighting how erroneous inputs corrupt the belief state.

In the large environment, belief convergence further illustrates
the advantages of multimodal input. As shown in Fig. 5, max-belief
curves across modalities grow at similar rates, but multimodal trials
terminate in fewer steps, reflecting faster convergence and decision-
making efficiency. Target-belief curves reveal a sharper contrast:
without instruction, belief quickly collapses toward distractors,
while any valid human input yields sustained growth in target
belief. These findings confirm that multimodal guidance mitigates
the challenges of large, ambiguous environments by stabilizing
belief updates and accelerating task completion.

Figure 6 shows how environment complexity directly impacts
grounding performance. As the environment becomes larger and
more ambiguous, performance of single-modality instructions de-
grades sharply. The no-instruction baseline collapses almost en-
tirely in these cases. In contrast, multimodal input maintains rel-
atively high success even under severe ambiguity, demonstrating

Figure 6: Success rates by instruction modality across environments
of increasing complexity.

that combining gesture and language provides robustness against
increasing environmental complexity. By jointly analyzing solvers,
modalities, and environment complexity, we establish that multi-
modal POMDP planning is both more robust and more efficient
in ambiguous search settings. This also demonstrates where an
end-to-end approach trained on datasets would fall short in the
large ambiguous environment because it would not be able to sys-
tematically search. In the future we plan to investigate end-to-end
models with memory that can generalize in this way.

4.3 Robot Testing
The goal of this evaluation is to test whether the LEGS-POMDP
framework transfers from simulation to a real-world platform, and
how different modalities influence belief uncertainty under realistic
conditions. One advantage of our modular approach is the ability
to easily transfer between different robot hardware and different
environments without collecting additional data or retraining, since
each module is already trained on internet-scale data.

To evaluate whether multimodal input accelerates disambigua-
tion, we conducted an ablation study in a 10×10 grid world with
five objects, including three identical red cups placed in different lo-
cations to induce ambiguity. Without allowing the robot to execute
move actions, we measured how belief uncertainty changed over
10 observation steps(𝐴LOOK). As shown in Fig. 8, the multimodal
(G+L) condition achieves the steepest entropy reduction rate, re-
ducing entropy by 60.8%. Gesture alone also contributes strongly,
achieving a 40.6% reduction, while unimodal visual and language
conditions reduce entropy by 30.1% and 34.2%, respectively. These
results indicate that both gesture and multimodal inputs more ef-
fectively narrow the prior belief compared to language and vision
baselines. We further validated this trend by demonstrating suc-
cessful execution of the object search task on the robot.

5 Conclusion and Future Work
We presented LEGS-POMDP, a multimodal POMDP framework
for gesture- and language-conditioned object search under uncer-
tainty. Simulation and modular evaluations show that multimodal
fusion consistently outperforms single-modality baselines with an
average success rate of 89% in challenging simulated environments.
On a real quadruped mobile manipulator, we demonstrated the
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Figure 7: LEGS-POMDP robot testing and dashboard interface. The figure illustrates both the real-robot experimental setup and the integrated
UI, which visualizes multimodal grounding, POMDP belief states, and robot control in real time.

Figure 8: Entropy loss curve.
feasibility of the proposed framework by qualitatively validating
multimodal grounding and uncertainty reduction in physical set-
tings. Multimodal fusion substantially improves disambiguation in
human-instructed object search, particularly under high angular
ambiguity. Cone-based gesture likelihoods capture spatial intent,
while SoM-based language grounding provides semantic specificity.
Weighted log-likelihood fusion enables more robust belief updates
and faster convergence than unimodal alternatives.

Several limitations remain. Our fusion model assumes condi-
tional independence between modalities, simplifying belief updates
but ignoring potential correlations such as alignment between deic-
tic language and pointing gestures. Our system also relies on accu-
rate visual segmentation, where errors may degrade perception and
downstream belief updates in cluttered or dynamic environments.

While we demonstrate feasibility in simulation and on a real robot,
the scale and diversity of real-world experiments remain limited.

Future work will explore richer multimodal integration, includ-
ing tactile input and additional gesture types such as iconic gestures,
as well as user studies in naturalistic environments to better under-
stand how non-expert users employ multimodal communication
during collaborative object search. These directions aim to support
more natural, robust, and adaptive human–robot interaction in
open-world settings.
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LaTeX formula starts \begin {math} 60.8\% \end {math} LaTeX formula ends 
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LaTeX formula starts \begin {math} 0.888 \pm 0.073 \end {math} LaTeX formula ends 
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LaTeX formula starts \begin {math} \theta _{\text {diff}} \end {math} LaTeX formula ends 
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LaTeX formula starts \begin {math} \sigma _{g} \end {math} LaTeX formula ends 
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LaTeX formula starts \begin {math} (x,y) \end {math} LaTeX formula ends 
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LaTeX formula starts \begin {equation} P_v(o_v=1 \mid s) \;\propto \; \exp \left (-\frac {\theta _{\text {diff}}^2}{2\sigma _\theta ^2}\right ) \cdot \exp \left (-\frac {(r-r_0)^2}{2\sigma _r^2}\right ), \label {eq:vision_model} \end {equation} LaTeX formula ends 
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