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Figure 1: We develop PhyGS, a simulation framework in IsaacSim with a hardware abstraction of a
Boston Dynamics Spot mobile manipulator. With PhyGS, we procedurally generate ForageBench,
a benchmark for interactive object search on a mobile manipulator.

Abstract: Interactive semantic object search is the task of locating and retrieving a
target object in an unseen, house-scale environment. This task requires both long-
horizon spatial reasoning for navigation and fine-grained skills for manipulation,
often demanding that an agent physically interact with the environment to make an
occluded target perceivable. Prior benchmarks have largely isolated one capability
or the other; we present ForageBench, a benchmark designed to study them jointly
on a mobile manipulator developed in our newly introduced simulation framework
PhyGS. PhyGS integrates large-scale procedural scene generation with photoreal-
ism, physical grounding, and low-level robotic control. Using PhyGS, we build an
evaluation dataset of 25 house-scale scenes and 100 episodes spanning a progres-
sion of difficulty, and benchmark state-of-the-art vision-language models acting
as high-level skill orchestrators. Our best baseline on a simulated Boston Dynam-
ics Spot with Arm achieves an interactive search success of 4%. PhyGS provides



a hardware-abstracted interface mirroring Spot’s SDK for development transfer
between and simulation and the physical robot.
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1 Introduction

Consider the everyday request, “find my keys.” A capable household robot must reason that the
keys are likely on a counter or in a drawer, traverse a multi-room home it may never have seen,
and physically open cabinets and move clutter to reveal an object that is not visible from any single
vantage point. Perception here is not passive: the robot must act in order to see, deciding which
receptacles to open and which objects to displace so that a target it has never directly observed
becomes perceivable [1]. This is the problem of interactive object search: locating and retrieving a
semantically specified target in an unseen, cluttered, house-scale environment, where success may
depend on physically manipulating the environment to make the target perceivable [2, 3].

Despite its importance, interactive object search has resisted standardized study, because prior for-
mulations have each relaxed one of the two properties that make the full task hard: house-scale spa-
tial extent and physical interaction to find an unobserved target. The first family of work searches
at house scale but assumes the target is directly perceivable. Object-goal navigation requires only
that the agent reach an object that is visible from some vantage point, reducing the problem to
collision-free motion and semantic frontier exploration [4, 5, 6, 7, 8]. Open-vocabulary and mobile-
manipulator variants broaden the set of targets but retain the assumption that the target can ultimately
be seen without altering the scene [9]. The second family permits physical interaction but only at
small scale. Rearrangement and tabletop manipulation benchmarks assume the target location is
already known and confine the agent to within arm’s reach or a single room [10, 11, 12, 13]. The
works that do search under occlusion treat it as manipulation-based active perception confined to a
tabletop: the agent rummages through a bounded pile of reachable objects without moving its own
base. Since the search space is small, it can be covered by near-exhaustive interaction rather than
semantic targeting [14, 15, 16, 17]. Several recent methods extend a simplified version of interactive
search to mobile manipulators in which scene information is gathered in advance, reducing interac-
tive search to the problem of exploring a partially known environment [18, 3, 19]. Interaction is also
limited to preset skills; for example, 1 of the 5 possible interaction skills in CuriousBot [19] is ”lift
clothes”.

The regime we target is qualitatively harder than either of these. The agent must reason through
interactive object search from onboard observations and a language goal, with no prior map. Inter-
actions required to clear obstructions are not restricted to a preset list of manipulation skills given
to the agent. Unlike tabletop rummaging, the candidate receptacles are house-scale and dispersed
across rooms, so brute-force interaction is intractable and the agent must use semantic association
to decide where to look before it can act. Unlike object-goal navigation, arriving at the right loca-
tion is necessary but not sufficient, because the target may only be perceivable after environment
interaction removes visual obstructions.

Two factors have historically kept this regime out of reach. First, choosing to interact with an unseen
object on the basis of a language description and partial visual evidence requires open-vocabulary
perception and commonsense semantic reasoning that have only recently become practical, through
vision-language models and large language models used as perception front-ends and high-level
reasoners [20, 21, 22, 23, 24, 25]. Second, studying the task in its full complexity demands an eval-
uation platform that is simultaneously photorealistic, physically interactable, controllably curated,
and capable of low-level robotic control, a combination that no existing platform provides. Se-
mantically rich embodied-AI simulators support reconfiguration of the scene but abstract away the
continuous contact physics needed for realistic manipulation and sim-to-real transfer [26, 27, 28];
physics-driven engines provide high-fidelity contact dynamics but lack native support for generat-
ing house-scale photorealistic scenes [29, 30, 31, 32]; and recent agentic scene generators sacrifice
the fine-grained controllability that standardized benchmarks demand [33, 34, 35, 36]. Building a
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Figure 2: PhyGS is a simulation framework that enables the controllable generation of physically-
grounded and visually diverse building-scale 3D scenes for simulating mobile manipulation tasks.
The above image showcases several scenes generated by PhyGS and rendered in IsaacSim; we ad-
ditionally provide a hardware abstraction layer for the Boston Dynamics Spot with Arm quadruped
robot for validating low-level physical parameters and robot control in simulated scenes.

benchmark for interactive object search, therefore, first requires building a simulation framework
that unifies all four capabilities in a single pipeline. The substantial engineering required has been
one of the primary reasons why this task has not previously been studied in its full form.

Contributions. To this end, we present ForageBench, a photorealistic, physically grounded bench-
mark for interactive object search on mobile manipulators, together with the simulation frame-
work, PhyGS, used to construct it. PhyGS extends the procedural scene generation of Infinigen-
Indoors [37] within IsaacSim [29]: we make procedurally generated scenes physically interactive
by intercepting articulated assets during export and re-injecting their joint parameters, augment the
import process with rigid-body properties, collision meshes, and corrected lighting, and automate the
population of scenes with manipulands from Objaverse-XL [38]. Using PhyGS, we construct For-
ageBench, an evaluation dataset of 25 house-scale scenes and 100 episodes. We develop a hardware
abstraction layer for the Boston Dynamics Spot with Arm that mirrors the official SDK, enabling
policies developed in simulation to transfer to the physical robot with minimal modification. We
benchmark vision-language models (VLMs) [24, 25] acting as high-level orchestrators over a li-
brary of low-level skills on ForageBench. Our best baseline achieves a maximum interactive search
success of only 4%. These results indicate that interactive object search is far from solved by modern
robot foundation models or out-of-the-box skill orchestration, and they demonstrate ForageBench’s
value as a stress test for the next generation of embodied search agents.

2 Related Work

Semantic Object Search. Interactive search on a mobile manipulator requires large scale spatial
reasoning and physical interaction to find an unobserved target. In search problems focusing on large
scale spatial reasoning, the target is assumed to be directly perceivable from some viewpoint in the
scene [4, 5] and leading methodological solutions are formulated as navigation problems [6, 7, 8].
Subsequent work extended these formulations to open-vocabulary targets and to mobile manipulator
platforms while retaining the assumption that the target is observable without altering the scene [9].
In rearrangement and tabletop manipulation benchmarks, the target is visually occluded but the
agent’s search space is confined to within arm’s reach or the same room [10, 11, 12, 13]. Due to the
small search space, solutions target near-exhaustive interaction over semantic targeting [14, 15, 16,
17]. Several recent methods extend a simplified version of interactive search to mobile manipulators
in which scene information is provided in advance, reducing interactive search to the problem of
exploring a partially known environment with interaction limited to preset skills [18, 3, 19, 39]. In
ForageBench, the agent must reason through interactive object search from onboard observations
and a language goal, with no prior information about the scene and no preset skill list guaranteed to
enable object discovery.
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Figure 3: An end-to-end overview of the PhyGS generation process in Blender. Given a user-
defined set of programmatic constraints for an indoor scene, PhyGS leverages Infinigen-Indoors
for designing a valid floor plan and placing large furniture. We then extend the Infinigen engine
to decompose assets that require articulation and add necessary joints, before populating the entire
scene with labeled assets from Objaverse-XL based on semantic relevance and free volume.

Indoor Scene Generation. Simulation scene synthesis falls into three paradigms. Procedural
methods [40, 37, 41] offer fine-grained control via hand-crafted rules but are restricted to closed-
vocabulary asset libraries. Generative approaches [42, 43] learn spatial priors from human-generated
3D data [44, 45], producing realistic floor plans but struggling with multi-room layouts. LLM-
driven agentic frameworks [33, 34, 35, 36, 46] capture complex distributions with open-vocabulary
control, but their stochasticity precludes the fine-grained reproducibility required for standardized
benchmarks. Thus, PhyGS extends the rule-based Infinigen-Indoors [37].

Embodied AI Simulation. Existing simulators trade semantic richness against physical fidelity.
Semantically rich platforms [26, 10, 39] support high-level actions including container interaction
but abstract away continuous control, while physics-driven platforms [29, 30, 31, 32] provide ac-
curate contact dynamics but lack native house-scale photorealistic scene generation. BEHAVIOR-
1K [28] is the closest hybrid but depends on a hand-curated asset library that bounds scale. External
asset libraries are also manually curated [47, 48, 49], do not scale to large scenes [50], or lose ar-
ticulation properties on export to downstream simulators [51]. PhyGS occupies a complementary
point, pairing procedurally generated photorealistic scenes with IsaacSim contact dynamics in a sin-
gle pipeline by intercepting articulated assets during procedural generation and re-injecting joint
parameters at simulator export.
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Figure 4: An overview of the scene export process for PhyGS. Infinigen-Indoors leverages Blender
for procedural generation, but the default export process to 3D simulation environments sacrifices
articulations, collision meshes and lighting. We design a custom exporter that intercepts articulated
assets, adds joint parameters, populates all assets with mesh colliders and rigid body physical prop-
erties (e.g., mass and friction), and corrects the lighting scheme to retain textural and visual fidelity.

3 PhyGS: Physically-Grounded Controllable Scene Generation

Interactive search on a mobile manipulator requires multi-room spatial reasoning together with low-
level control skills to interact with the environment. To train and evaluate algorithms for tasks with
these simultaneous requirements, we require our simulation solution to have: 1) extensibility for
diverse environment generation, 2) photorealistic rendering, 3) physical interactability, and 4) con-
tinuous robotic control. We introduce PhyGS to bridge photorealistic procedural scene generation
in Infinigen [52] with robotic control in IsaacSim [29] and IsaacLab [30]. PhyGS automates the
population of objects from Objaverse-XL [38] within these generated scenes.

Procedural Scene Generation We use Infinigen-Indoors [37] as our procedural engine due to its
use of mathematical rules to create infinite variations of 3D scenes within the OpenUSD frame-
work. We specifically employ Infinigen to construct underlying architectural elements and large
furniture—components that are difficult to retrieve from standard datasets. Scenes are generated
via configuration files for asset details and constraint files for spatial relations, ensuring that object
arrangements respect physical plausibility (preventing mesh overlaps) and accessibility (ensuring
free-space for manipulation).

Automated Articulation Interactive search tasks require agents to reason about physical obstruc-
tions, such as opening a cabinet to confirm the presence of a target object. While existing simulators
like BEHAVIOR-1K [28] provide articulation, they often rely on hand-generated assets that limit
scale and introduce procedural bias. In PhyGS, we intercept assets that require articulation and add
necessary joints during scene generation in Blender.

A significant technical challenge arises during the export from Blender to USD: the standard baking
process collapses articulated joints into static meshes. To overcome this, we developed a post-
processing interceptor for the Infinigen exporter. Rather than manually redefining constraints for
every scene, our system intercepts the parameters of articulated assets (doors, cabinets, and draw-
ers) during the export phase as visualized in Figure 4. We preserve their joint geometry, material
properties, and spatial relations, re-injecting this information into the final USD scene. This al-
lows PhyGS to support robotic tasks requiring interaction with articulated objects without manual
annotation or compromising the procedural pipeline.

Semantic Object Population Objects should be placed in semantically and spatially meaningful
locations. We populate the procedurally generated base scenes with assets from Objaverse-XL [38]
via an automated process visualized in Figure 3, selecting objects based on spatial and semantic
relevance to indoor environment locations as well as photorealistic fidelity.

To ensure these objects are interactable for mobile manipulation, we assign them rigid-body physical
properties and collision meshes within IsaacSim as visualized in Figure 4. While mass and friction
can be randomized, we establish a baseline by fixing the static friction coefficient at 0.8 and setting
the mass of interactable target objects to 1.0 kg, well within the 7.0 kg payload capacity of the
Spot Arm. Unlike the standard footprint-based placement in Infinigen, our automated population

5



method accounts for volumetric availability, allowing for more complex arrangements and diverse
grasp-pose selection scenarios.

Hardware Abstraction and Spot USD The final component of PhyGS is a high-fidelity model
of the Boston Dynamics Spot equipped with a manipulation arm as a unified USD. To facilitate
hardware-agnostic algorithm development and sim-to-real transfer, we developed an API that mir-
rors the official Boston Dynamics SDK. This abstraction of physical control enables policies devel-
oped in IsaacLab to be deployed on hardware with minimal modification as visualized in Figure 2.

4 ForageBench: An Interactive Search Benchmark

Building on the controllable scene generation capabilities of PhyGS, we introduce ForageBench, a
standardized evaluation benchmark for the interactive object search task on mobile manipulators.
ForageBench provides a curated dataset of house-scale episodes that span a range of physical and
spatial difficulty, paired with a hardware-matched agent interface and a set of metrics designed to
disentangle the contributions of navigation, manipulation, and semantic reasoning to overall task
performance. By coupling rule-based procedural generation with rigid-body physics and articulated
assets, ForageBench enables systematic, reproducible comparisons across embodied agent designs
while preserving both visual and physical fidelity.

Task Definition. An agent is instantiated at a collision-free start pose within an unseen, house-scale
indoor environment, with no prior knowledge of the scene’s layout or the placement of objects within
it. At the start of an episode, the agent is provided with a natural language description of a target
object (e.g., “a ceramic mug”) that exists in the environment. It must locate and retrieve that object
through a combination of navigation, exploration, and physical interaction with the environment.
The agent perceives the environment through onboard RGB-D sensors and has access to the low-
level controllers of the robot1. Success requires that the agent perceive the target object, physically
retrieve it, and explicitly signal that it has done so. This may require manipulation of containing
receptacles or occluding objects.

Dataset Generation. ForageBench consists of 25 single-story residential scenes generated proce-
durally with PhyGS, spanning two-, three-, and four-bedroom layouts that each additionally include
a bathroom, kitchen, living room, and dining room. This range of layouts ensures that agents must
reason over multi-room spatial structures while remaining within the computational budget of high-
fidelity rendering for full-house environments. To support tasks that require interaction with the
environment, we instantiate a diverse set of articulated furniture in each scene, including doors, cab-
inets, drawers, windows, ovens, and dishwashers in a closed configuration at each episode’s start.

We populate each scene with gripper-scale manipulands drawn from Objaverse-XL [38], spanning
categories such as kitchen utensils, statues, and bottles. Each manipuland is unique within a scene
to avoid ambiguity in target specification. The total number of manipulands varies from 50 to 200
per scene depending on the floor plan size and a configurable density parameter.

Episodes. ForageBench comprises 100 episodes distributed across the 25 scenes, with each scene
contributing four episodes that span a progression of task difficulty from easiest to hardest: 1. Target
object in a separate room, but visible. The agent must open doors to traverse between rooms, but
does not need to open receptacles. 2. Target object in the same room, but not perceivable. The
agent must leverage semantic cues to localize the target and manipulate receptacles to retrieve it
without leaving the room. 3. Target object in a separate room, not perceivable. The agent must
traverse between rooms and open receptacles over the course of its search. 4. Target object in
a separate room, requires manipulation of non-target objects to perceive. In addition to the
requirements from 3, the agent must move non-target objects that occlude its view of the target
before the target can be perceived and retrieved.

1The agent may invoke a fixed set of high-level skills exposed via an interface described in Agent Interface.
However, calling these skills is an implementation decision, not an implementation requirement enforced by
the benchmark which exposes access to continuous control of the robot.
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At the start of each episode, the agent is instantiated at a configured collision-free start pose, and
all articulated objects are set to their closed state. The simulator advances at 60 Hz of simulated
time, though physics and rendering overhead reduce the effective wall-clock rate. An episode ter-
minates in failure if any of the following conditions are met: collision, exiting the bounds of the
house, selecting an incompatible skill, repeating the same skill three consecutive times, and issuing
a report found signal for an incorrect target object.

Agent Interface. To support reproducible evaluation and seamless sim-to-real transfer, For-
ageBench exposes a high-level skill API matched to the Boston Dynamics Spot with Arm
SDK as an abstraction of the hardware platform. Skills may be invoked either synchronously
or asynchronously, and each skill returns a structured response indicating success or a spe-
cific failure mode. The full set of skills available to the agent is: {navigate(target),
place(receptacle reference), open door(reference), close door(reference),
open drawer(reference), close drawer(reference), report found(object)}.

Perception is exposed through a unified API that mirrors the onboard sensor stack of
the physical Spot. The agent retrieves RGB-D observations in the robot frame via
get image from sources[source name], and a set of transformation helpers convert detected
object coordinates from the camera frame to the world frame for use in downstream planning.

Note that future methods which evaluate on this benchmark do not have to adhere to this agent
interface and can develop either different component skills or autonomy stacks with different mod-
ularity designs. This agent interface is a hardware abstraction of the Boston Dynamics Spot robot,
enabling hardware deployment on a popular mobile manipulation platform, not a requirement for
methodological research on the benchmark.

Metrics. We report five metrics on ForageBench, each capturing a distinct facet of task performance:

• Traversal success (TS): the agent reaches the target object’s location within a 0.6 m tolerance,
with successful execution of any intervening manipulation skills required to access that location.
The agent need not retrieve the target object for the traversal to be successful, but must issue either
a report found or fail signal from within this location.

• Interactive object search success (IOSS): all conditions for traversal success are met, and the
agent additionally executes the manipulation actions necessary to retrieve the target object from
within its containing receptacle, issuing report found after a successful pick.

• Skill execution success: the percentage of skill invocations across episodes that execute without
returning error codes. In this case, we do not consider whether the agent successfully completed
the primary task; our focus is on evaluating underlying failures in skill execution arising from
controller-level issues as opposed to high-level decision making.

• Success weighted by path length (SPL): the standard SPL metric from prior navigation bench-
marks [4], where the path length includes any auxiliary motions taken to inspect or articulate
scene elements. IOSS indicates the binary success for each episode, which we then weight by
path length.

• Success weighted by path length and manipulation efficiency (SPL-M): an extension of SPL
that incorporates manipulation actions into the cost of the optimal trajectory.

5 Experiments

A growing body of work uses large vision-language models (VLMs) as high-level orchestrators
that select from a fixed library of low-level skills [20, 21, 23, 22, 53, 24, 25]. This architecture,
a VLM orchestrator over a skill API, is precisely the baseline class we evaluate on ForageBench.
We evaluate two high-level orchestrators 2 well-suited for the interactive object search task, Qwen3-
VL-8B-Instruct [25] and Gemini Robotics ER-1.6 [24], under two conditions: a known target object

2Subskills called by the orchestrators are defined in the supplement
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Figure 5: Success and failure cases in our experiments for the best-performing orchestrator (Gemini
Robotics ER-1.6) over 100 episodes with the affordance prior included in the agent prompt and an
unknown target object location. From left to right, we show the application of the components of
our baseline agent and a breakdown of the long-tail failure modes of each of the components.

location, which provides ground-truth target coordinates alongside the target’s semantics, and an
unknown target location, which provides only the target object in the prompt.

Table 1: Summary of success metrics from using different large vision-language models as orches-
trators for ForageBench. Each orchestrator is run on the full set of 100 episodes per condition.

Known target object location Unknown target object location
Orchestrator TS (%) IOSS (%) SPL (%) SPL-M (%) TS (%) IOSS (%) SPL (%) SPL-M (%)

Qwen3 13.00 8.00 5.22 3.47 2.00 2.00 0.39 0.11
Gemini Robotics 15.00 11.00 6.08 4.64 7.00 4.00 0.55 0.35

Results. Table 1 reports performance under both conditions using four metrics defined previously.
Gemini Robotics outperforms Qwen3 on every metric in both settings. The strongest agent com-
pletes only 11% of episodes (IOSS) when given a ground truth target location which drops to 4%
when the location is unknown. The gap between TS and IOSS indicates that reaching the target is
necessary but not sufficient; a non-trivial share of episodes that navigate successfully still fail dur-
ing manipulation. The path-length-weighted metrics are far below the corresponding raw success
rates, showing that successful episodes are typically reached via inefficient trajectories; this is most
pronounced in the unknown-location condition, where SPL falls to 0.55% for Gemini Robotics and
0.39% for Qwen3.

Failure Analysis. Figure 5 decomposes the 100 episodes of the Gemini Robotics agent under the
unknown-location condition into a hierarchy of failure modes. Traversal is the dominant bottleneck:
93 episodes fail before completing the final manipulation stage, mainly due to the agent being unable
to navigate to a location that corresponds to the target object’s semantics. Failures due to suboptimal
final positioning result in an inability to perceive and manipulate target receptacles. Exceeding the
episode’s step budget arises from the agent roaming through the household. Our baseline agent
suffers from grasp pose selection failures from AO-Grasp, which is limited to an overall success rate
of 37.4% and is optimized for parallel jaw grippers [54], as opposed to Spot’s hinged gripper which
requires more nuanced grasp poses. Only 7 episodes reach within the target location for the object,
of which 5 successfully manipulate the receptacle and 4 complete the final grasp.
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6 Limitations

PhyGS. Our simulation capability has many areas for potential improvement which we will continue
to extend. In PhyGS, our use of ray-traced lighting within IsaacSim achieves high visual fidelity.
However, the computational overhead of real-time rendering remains a constraint for massive paral-
lelization of RL policies on consumer-grade hardware. Collision checking from our physics simu-
lator substantially slows down rendering of larger scale scenes. We plan to continue improving this
rendering speed in future releases of our simulation capability.

ForageBench. Our analysis focuses solely on leveraging VLMs for skill orchestration. Works that
construct language-grounded dynamic scene graphs [3] and open-set task-driven scene graphs [55,
56] could theoretically support efficient hierarchical search for improving reasoning for this task.
We view adaptions of these methods as natural candidates for future evaluation on ForageBench.
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