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Fig. 1: ASP implements a language-conditioned robot policy. Leveraging foundation models for open-vocabulary perception and affordance
detection, we design a general scene representation that supports a compact and expressive set of tools for an LLM agent to fulfill tabletop
and mobile manipulation queries given through natural language. The agent can handle open-vocabulary queries (e.g., grab the panda

plushie) and reason about various relational spatial concepts (e.g., larger/smaller,

nearest/farthest). Actions are carried

out through interactions with affordances (e.g., handle, button) and corresponding skills (e.g., grasp_part, tip_push). (Webpage)

Abstract— Executing open-ended natural language queries is
a core problem in robotics. While recent advances in imitation
learning and vision-language-actions models (VLAs) have en-
abled promising end-to-end policies, these models struggle when
faced with complex instructions and new scenes. An alternative
is to design an explicit scene representation as a queryable
interface between the robot and the world, using query re-
sults to guide downstream motion planning. In this work, we
present Agentic Scene Policies (ASP), an agentic framework
that leverages the advanced semantic, spatial, and affordance-
based querying capabilities of modern scene representations to
implement a capable language-conditioned robot policy. ASP
can execute open-vocabulary queries in a zero-shot manner
by explicitly reasoning about object affordances in the case
of more complex skills. Through extensive experiments, we
compare ASP with VLAs on tabletop manipulation problems
and showcase how ASP can tackle room-level queries through
affordance-guided navigation and a scaled-up scene represen-
tation. We encourage readers to visit our project page.

I. INTRODUCTION

Generalist language-conditioned robot policies need to
manage the complex interplay between language, space,

and action. Much of the recent progress on this prob-
lem has been driven by vision-language models (VLMs)
trained on internet-scale data and showing strong general
visual understanding in the open-world. Applying VLMs to
the robotics domain has broadly followed two paradigms.
In the first paradigm, VLMs can serve as backbones
for end-to-end policy learning, yielding “vision-language ac-
tions” models (VLAs) that directly map sensor data and
language commands to robot actions [1]-[5]. In the second
paradigm, VLMs are primarily used for perception in the
construction and querying of structured scene representations
with advanced capabilities for object retrieval and spatial
reasoning [6]-[15].

VLAs are increasingly showing zero-shot potential on
new tasks [4], [16] but in practice still require task-specific
fine-tuning to be truly proficient, which poses challenges in
terms of data collection and infrastructure that limit overall
deployment. For their part, scene representations preserve
the generality of VLMs—they can practically represent any
object—but do not offer a direct solution to the motion
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problem and are often constrained to navigation and pick-
and-place tasks as a result [6], [17], [18].

We observe that a large number of language queries can
be solved through a (potentially repeated) three-step process
consisting of 1) object grounding, 2) spatial reasoning, and
3) part-level interaction. In this work, we demonstrate that
state-of-the-art zero-shot performance can be achieved across
a wide range of robotics tasks by implementing all three steps
as scene queries. We expose querying functionalities as tools
that can be freely called by a large language model (LLM)
agent to execute language commands. For interaction, we
design an expressive set of skill primitives supported by the
strong affordance detection capabilities of VLMs. Our mod-
ular policy can map language queries (Ring the desk
bell, Remove the thumbtack) to specific affordances
and affordance-based skills (tip_push, pinch_pull), as
well as solve a range of mobile manipulation queries. In
summary, our key contributions include:

1) Agentic Scene Policies (ASP), a language-conditioned
manipulation policy that can solve a broad range of
queries involving specific semantics, spatial reasoning,
and affordances.

2) An extensive empirical comparison with leading VLAs
on 15 manipulation tasks, providing a valuable data
point in the ongoing debate between modular and end-
to-end methods.

3) A mobile version of ASP that tackles room-level queries
through affordance-guided navigation and a scaled-up
scene representation.

II. RELATED WORK

Open-Vocabulary Mapping. Open-vocabulary maps re-
place conventional class labels with multi-modal features
from foundation models such as CLIP [6]-[13], allowing a
much richer representation of semantics. For mapping, fea-
tures are typically extracted from vision sensors, grounded to
a map element (point, voxel, object), and aggregated across
views. At inference time, they are compared with query
features, enabling specific queries about objects and their
properties. Open-vocabulary maps underpin recent queryable
systems for navigation [19] and mobile manipulation [17],
[20].

Affordance Detection. Affordance detection aims to seg-
ment functional elements of objects, such as handles, buttons,
or knobs, that enable specific interactions [21]-[25]. They
have the potential to greatly simplify the implementation of
robot skills by providing direct cues about the geometry that
a robot can manipulate. A number of recent methods has
focused on leveraging VLMs for this task [26]-[29] given
their increasingly good performance at detecting parts and
pointing at images [30], [31]. In the RGB-D setting, they can
be prompted zero-shot to detect affordances on a range of
objects and combined with class-agnostic segmentation [32],
[33] for segmentation. The resulting segment can be lifted
to 3D using depth data.

LLM Agents for Robotics. Controlling robots via lan-
guage is a long-standing problem in robotics [34]. Taking

advantage of the coding abilities of LLMs, recent work has
framed language-conditioned robot policies as a translation
problem between natural language and code, effectively
mapping user queries to robot API calls or LLM-generated
function calls [35], [36]. This has been followed by more
reactive agentic approaches where LLMs interleave text
generation and function calls instead of coding entire plans
upfront [37], [38], enabling a tighter feedback loop with
the API and existing frameworks such as ROS [39]. Agents
can also chain tool calls to answer grounding queries in 3D
scenes [15].

End-to-End Learning. An alternative to controlling a
robot via a predefined API or tools is to directly learn
a function mapping vision and language to robot actions.
Such end-to-end policies have been transformed by the
emergence of VLMs that enable the transfer of web-scale
knowledge to robot control. Examples include CLIPort [40],
which leverages the general semantics of CLIP for imitation
learning, and the more recent VLAs [1]-[5]. VLAs lever-
age pretrained VLMs and imitation learning to map vision
and language inputs to a shared representation that can be
decoded into robot actions. While enabling capable policies
with zero-shot potential, VLAs still face challenges in terms
of generalization to new environments and complex language
understanding, often requiring some amount of fine-tuning
on specific problems to perform well [41].

III. METHOD

A wide range of language queries can be solved through
object grounding, spatial reasoning, and affordance-level
interactions. ASP is designed around a compact set of scene
querying tools implementing these functionalities. Tools are
functions that can be called by an LLM agent, and their
outputs are fed back to the agent to inform the next tool call
during execution (Fig. 2).

This section contains high-level definitions of data struc-
tures and tools. We reserve the specific implementation
details for Section I'V. To simplify exposition, we focus on
the tabletop setting first and discuss the mobile setting in
Section III-D.

A. Object Map

When the agent needs to perceive the environment, we
build a 3D scene representation of the workspace. The
ObjectMap is a list of Objects which itself includes a
list of Affordances:

struct Affordance:
point_cloud: PointCloud
part: str
skill: Skill

struct Object:
point_cloud: PointCloud
rgb_crops: List[RGBImage]
depth_crops: List [DepthImage]
features: Vector
affordances: List[Affordance]
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Fig. 2: Framework. ASP is an agentic framework for language-conditioned tabletop and mobile manipulation. (Right) An LLM agent
breaks down the user query into a sequence of tool calls. Available tools include (i) open-vocabulary object retrieval, (ii) spatial
understanding tools to measure sizes, distances, and other spatial predicates, and (iii) a general interact tool that manages skill tools
informed by fine-grained 3D affordances. Tools may return basic data types (e.g., f1oat for a distance), or a symbolic state encoding
the currently held object (if any) and an inventory of the query-relevant objects that the agent has grounded so far. We use emoticons

for illustrative purposes: the agent actually sees string symbols (e.g.,

cup_0). (Left) To achieve a truly flexible language-guided policy,

LLM agents can be paired with a general scene representation. We build an open-vocabulary object map following [6], [11] and encode
object semantics as language-aligned CLIP features. We further detect affordances with foundation models and represent them using 3D
point clouds, part descriptions, and corresponding skills. The map plays a central role in the tool implementations.

Object encapsulates key perceptual elements that will be
required in tool implementations. It describes different facets
of an object such as:

o Geometry: the point_cloud in the scene frame.

o Semantics: the features are extracted and aggre-
gated from chosen local object views in rgb_crops
and form a shared vision-language feature space (e.g.,
CLIP [14]) to enable comparisons with open-ended text
queries. We also store the depth_crops correspond-
ing to rgb_crops.

« Affordances: affordances described in terms of their
geometry (point_cloud), a natural language descrip-
tion of the relevant object part (part) and a skill
that corresponds to an available skill tool on the robot
(Section III-C). We store a list of Affordances to
account for the possibility of multiple affordances on
complex objects (e.g., microwave).

In practice, we build an ObjectMap first and populate the
Affordances at inference time given the agent tool calls.

B. LLM Agent

The core decision-making module is an LLM agent which
parses the user query and calls a sequence of tools (Fig. 2).
The ASP agent is not directly exposed to sensor data or the
ObjectMap. Instead, it perceives the environment through
a symbolic state representation:

struct State:
held_object: ObjectKey | None
inventory: List[ObjectKey]

that is returned when calling certain tools (Section III-C)
and describes the currently held object (held_object)
and objects that the agent can reason on, or act on using
other tools (inventory). An ObjectKey is a simple
unique string identifier that is initially generated by the
object_retrieval tool (Section III-C) based on the
retrieval query and the number of relevant objects (e.g.,
red_ball_0).

C. Tools

All tools have access to the ObjectMap and the current
State to implement their functionalities. The agent can add
objects to its State inventory using the object retrieval
tool, can reason about them using spatial understanding
tools, and can act on them with the interact tool.

Object Retrieval. The object retrieval tool allows the
agent to retrieve objects from the ObJjectMap using an
open-vocabulary text query:

function object_retrieval (

query: str
) —> (current_state: State)
and adds the relevant ObjectKeys to

current_state.inventory.

The ASP agent is prompted to be specific when looking
for objects and will break down user queries into multiple
retrieval calls (Fig. 2, right).

Spatial Understanding. Spatial understanding tools have
the signature:

function spatial(



objects:
(output:

List [ObjectKey]

) —> float | bool)

and allow the agent to measure specific quantities (e.g.,
distances, sizes) or verify pairwise spatial predicates (e.g.,
“is left of”’) in the current inventory.

Interact Tool. The agent can interact with inventory
objects using a natural language description of the intended
action (e.g., grab, unplug):
function interact (
obj: ObjectKey,

(current_state:

action: str

)y => State)

Internally, interact runs an affordance detection work-
flow (Section IV-A) to segment the relevant Af fordance
corresponding to the action description (when needed),
and then calls the corresponding skill tool:

function skill(
obj: ObjectKey

) —> (current_state: State)

Skills are responsible for providing an updated State.
For example, a successful pick will move the relevant
ObjectKey from inventory to held_object.

Tool Preconditions and Feedback. Some tools re-
quire preconditions to be met, such as held_object
= None when trying to pick an object or obj in
current_state.inventory when calling the spatial
and interact tools. Such conditions are explicitly detailed
in the tool prompts and verified in the implementations.
Moreover, we wrap the output of each tool in a parsable
data structure:

struct ToolOutput:

success: bool
feedback_msg: str
output: State | float | bool

to provide explicit feedback to the agent. feedback_msg
can detail reasons for failures, such as unfulfilled precon-
ditions or motion planning failures. The agent can leverage
feedback to reattempt tool calls, increasing the robustness of
the overall policy.

Remapping. Tools govern when the ObjectMap is re-
computed. Calls to skill tools may trigger remapping when
the location of objects becomes unknown (e.g., after failing
a grasp), whereas consecutive calls to the object retrieval and
spatial understanding tools will reuse the same Ob jectMap.
Whenever a tool internally raises a map update, we clear the
agent inventory and recompute the map on the next call to
object_retrieval by positioning the arm at a default
home pose and computing an ObjectMap based on the
current RGB-D.

D. Mobile ASP

Mobile ASP follows the previously introduced framework
with an additional tool for navigation:
function go_to(

obj: ObjectKey,
(current_state:

action: str

) —> State)

Similar to interact, the agent can specify an action
description to detect an Affordance on the target object.
Knowing the affordance orientation will help navigate to a
pose that is suitable for interaction.

Mobile ASP also includes the following changes:
(i) ObjectMap aggregates information (Section IV-A) from
multiple posed RGB-D keyframes taken across a room.
(i1) Following a successful go_to call, we build a sepa-
rate local ObjectMap from the current camera frame and
retrieve the sought object using the same query that was
used to ground the object in the main ObjectMap. The
agent is then free to apply tabletop skill tools to this local
object representation. This “redetection” renders the system
more robust to possible localization and mapping errors in
the main Ob jectMap. (iii) We do not allow tools to update
ObjectMap (Remapping), although in principle this could
be achieved by revisiting keyframe locations.

IV. IMPLEMENTATION DETAILS
A. Object Map

Open-Vocabulary Object Map. We build the
ObjectMap following recent work in open-vocabulary
object-centric map representations [6], [11]. Whenever we
recompute the map in the tabletop setting, we position
the arm at home pose to have a good overview of the
workspace and process the RGB-D wrist frame. We first
run class-agnostic segmentation (MobileSAM [33] in
grid-sampling mode) to extract segmentation masks and
convert them to bounding boxes. For each mask, we crop
a local RGB image and embed it with CLIP to describe
semantics. We also backproject the masks using the camera
depth to obtain 3D point clouds.

Object Merging. The initial step yields a first set of
Objects (with empty affordances). We then follow the
merging strategy of [6] to merge different Objects with
similar geometries (point cloud overlap) and semantics
(CLIP similarities). This merging step is useful even when
processing a single frame to mitigate the over-segmentation
of complex objects by SAM.

When merging Objects, we accumulate and down-
sample their point_cloud, maintain a running average
of the features, and combine the rgb_crops and
depth_crops. We sort the crops by segment area (number
of pixels in the segment), with a penalty if the segment
touches the image border to favor larger crops where the
object is central.

Mobile ASP. In the mobile setting, we incrementally
build the ObjectMap and merge objects across keyframes,
identical to [6]. We do not target exploration in this work
and collect a few keyframes through teleoperation before
deploying the policy. This mapping phase takes less than
one minute per query.

Affordance Detection. To detect Affordances for an
Object in the ObjectMap, we design a 2-step pipeline
leveraging VLMs. First, we use Gemini 2.5 to predict a
list of skills and corresponding parts given the top k
best rgb_crops of the Object and the current action



description. Each predicted (skill, part) pair for each
crop defines a distinct Af fordance. Second, we prompt
Gemini 2.5 again with the part and rgb_crop to produce
a bounding box for the image crop, which is used to get a
2D mask using an image segmentation model (SAM 2.1).
The mask is then lifted into 3D with the corresponding
depth_crop, yielding the point_cloud representation
of the Affordance. To avoid duplicate affordances for an
Ob ject, we run multi-view association by checking the IoU
of all affordances and merge them if it exceeds a threshold.

B. Agent

Agent. We implement the agent using LangChain [42]
with the package’s default prompts and a Gemini back-
end [30].

C. Tools

Object Retrieval. We implement object_retrieval
as a search for the top k similar objects in ObjectMap
based on the similarity between the query CLIP features
and the object features in the map. We then use a VLM
to confirm whether each of the top k£ objects are relevant
to the query or not using the best object views [20]. In
contrast to using a pure CLIP-based retrieval approach, this
VLM classification step returns a variable number of relevant
object without tuning a specific CLIP similarity threshold. In
our experiments, we use k = 3 and Gemini 2.5 as the VLM
classifier.

Spatial Tools. We expose distance_to,
distance_between, left_of, right_of, and
size_of. Spatial understanding tools are implemented
as basic operations on the object point clouds and their
centroids.

Interact Tool. interact runs the affordance detection
pipeline to infer the appropriate skill given the object and
the action description. This design allows skill selection
to be informed by vision and influenced by the existence of
a part (e.g., not all cups have handles) and their shapes (e.g.,
to try hooking or pulling depending on the handle).

We implement all skills using motion planning. Specif-
ically, we expose the general object skills:

e grasp (obj): grasp obj anywhere.

e place (obj): place held_object on obj.

e drop (obj): drop held_object on obj.

as well as some affordance-based skills, many of which
are inspired by the SceneFun3D affordance types [23]:

e grasp_part (obj): grasp a specific object part.

e tip_push (obJj): push on a specific object part with

the tip of the gripper.

e pinch_pull (obj): pinch the part with the gripper

and pull.

e hook_pull (ob3j): hook the part from above and

pull.

Skill implementations generate scripted end-effector pose
goals for the motion planner using a combination of oper-
ations on the object point cloud (e.g., finding the normal
or a point above it) and AnyGrasp [43]. In the case of

part-level skills with affordances, we derive goals using
the point cloud stored in Affordance. We always run
AnyGrasp on a context around the object and only keep
the grasps that are near the object point cloud (for grasp)
or the specific affordance point cloud (for grasp_part).
For the two grasping skills, we iterate over the top 10
grasps until we find one where the motion planner succeeds
(and return an error message otherwise). In the case of
pinch_pull and hook_pull, we use a predefined end-
effector rotation to grasp the affordance centroid and infer a
horizontal pulling axis using the point cloud normal. For
grasp, grasp_part and pinch_pull, we explicitly
verify that the gripper holds something after execution and
inform the agent of a failure if not.

Go To Tool. go_to runs the affordance detection
pipeline on the remote object and infers a normal from the
Affordance point cloud (if any) oriented away from the
object centroid. We project this normal on the horizontal
plane to infer a preferred viewing position p,ss € R? at a
distance of r from the object centroid.

While pre-collecting keyframes in the mobile setting, we
also build a 2D occupancy map using the navigation stack.
For the exact navigation goal, we find a target pose that
is in free space and close to p,y. Specifically, we search
for candidate poses (p € R2,0 € [0,27)) at discrete
intervals on the circle of radius r centered at the object
centroid by minimizing F(p, 0) + Aasr||p — Pag|l2 with F
denoting the average footprint cost in the occupancy map,
and A, sy being a penalty factor. We always choose candidate
0 to face the object and discard candidate poses with high
footprint cost (collisions). We start with a small r (0.85m)
and progressively relax it if no valid pose is found.

D. Robot

Hardware. Our mobile manipulator consists of a UFac-
tory XArm6 mounted on an Agilex Ranger Mini 2.0, similar
to the builds in [44], [45]. We mounted an Intel Realsense
D435i on the arm wrist and an Intel Realsense T265 tracking
camera on the base. We stream RGB-D data over wifi and
run all perception models on a workstation with an NVIDIA
Titan RTX.

Software. The robot software is integrated with ROS 2.
We use Movelt 2 [46] for the arm motion planning (RRT-
Connect Planner [47]). SLAM and navigation are handled
by RTABMap [48] and Nav2 [49] using the wrist RGB-D
camera and odometry estimates from the T265 and the base.

V. EXPERIMENTS

We design our experiments around the following ques-

tions:

Q1. How does ASP compare to state-of-the-art VLAs on

zero-shot manipulation tasks?

Q2. How important is affordance detection to policy suc-

cess?

Q3. How does ASP scale to room-level queries involving

navigation?

Q4. When and why does ASP fail?
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Fig. 3: Tabletop Manipulation Results. We run a total of 540 trials to compare ASP with an affordance-free ablation, ASP (No Aff),
and two VLA baselines on 15 tabletop manipulation queries involving a variety of objects, geometric concepts (left/right, large/small),
and affordances. (Success Rate) We report the average success rate over 10 attempts for each task. (Hatch Pattern) For objects with
handles, we use a hatch pattern for episodes where methods succeed without using the handle or by using the handle in an unnatural way
according to human judgment. (Progress Rate) While we focus on hard success rate in this figure, we also provide some task progression

numbers in Fig. 7.

“Remove the thumbtack”

“Unplug the charger”

“Pick up the headphones”
— e

Fig. 4: Examples of manipulation queries. (Top) ASP can detect
the pinch_pull affordance and deploy the corresponding skill in
different situations involving different verbs (Remove, Unplug),
and objects. (Bottom) Examples of double pick queries in the
mobile setting involving a variety of objects, including headphones
and a penguin plushie.

A. Tabletop Manipulation
Baselines. To answer Q1 and Q2, we consider two base-
lines and an ablation:
e mo—FAST [3]: An autoregressive VLA that can perform
a wide-range of manipulation tasks in new scenes. We
run mp—FAST for a maximum of 800 timesteps per
query.

e o5 [4]: A flow-matching VLA co-trained on heteroge-
neous data with better open-world generalization. Given
the faster inference, we run 7y 5 for a maximum of
1,500 timesteps per query.

¢« ASP (No Aff): an ablative Dbaseline where
Affordance.point_cloud 1is replaced with
a point cloud of the entire object. All other skills are
available. This baseline measures how fine-grained
affordance segmentation impacts policy success. We
only run this baseline on the 9 queries involving
affordances and otherwise report the ASP numbers.

For my—FAST and 7.5, we use the openpi checkpoints
fine-tuned on DROID [50]. We chose to use a Franka arm
and the DROID setup to minimize the risk of any distribution
shift with the XArm6 (not in DROID). While 7y does not
leverage depth data, it does use two third-person cameras in
addition to the wrist camera. Overall, we expect both arms
to be equally capable on the considered tasks.

The ASP agents may reattempt some skills on failure due
to tool feedback. We cap the number of retries at three.

Results. We report manipulation success rate for 15
queries in Fig. 3 and show some queries in Fig. 4. ASP
outperforms my—FAST and 7y 5 on 13 of the 15 queries,
showing strong language understanding and manipulation
skills. The m models perform well on the drawer opening
tasks but fail on comparatively simpler picking tasks showing
an overall success rate (~20%). This is in line with a recent
study of my—FAST in the zero-shot setting [16]. We did
observe increased success with w5 on the duckie queries
and the more complex thumbtack query. In a high number
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Fig. 5: Failure Analysis. The modular nature of ASP enables an in-depth analysis of failure modes for manipulation and mobile
manipulation queries. We find that a high number of failures can be attributed to perception (31 queries), highlighting potential areas of
improvements in the current stack. (Undersegmentation) Our SAM-only approach requires tuning some hyperparameters [6] when merging
objects in the ObjectMap. Finding a set of hyperparameters that is optimal across queries and robust to depth noise is challenging.
(Wrong Affordance Detection.) While our affordance detection workflow is adept at mapping query verbs to the correct skill (e.g., Type
to tip_push), the detection stage is imperfect. For example, we find that Gemini can be influenced by the “canonical” location of a
space bar when faced with an upside down keyboard. (Incorrect Handle Use) An example of a “hatched” success in Figure 3. While the
handle was correctly segmented and ASP successfully picked the mug, the grasp does not correspond to a typical handle use, showcasing

the limits of segmentation-driven grasp selection. (VLAs) We provide a similar plot for mo—-FAST and 7.5 in Fig. 8.

of cases, we find that mop—FAST (67%) and mq 5 (75%) show
some level of progression towards the task (Fig. 7 and Fig. 8).

Our ablative baseline shows that affordance detection
plays a key role when the tasks go beyond pick-and-place,
with ASP outperforming ASP (No Aff) on the keyboard,
power adapter, thumbtack, and drawer queries. Affordances
also guide manipulation towards more natural handle usage,
although some unnatural grasps do still occur (Fig. 5, top
right).

B. Mobile Manipulation

Baseline. To answer Q2 and Q3, we run mobile ASP and
the ASP (No Aff) ablative baseline, which this time has
access to affordances for manipulation but not navigation:
we set A\,rs = 0 and skip affordance detection in go_to.

Results. We assess the performance of mobile ASP in
Figure 6. We find that the agent successfully interleaves
navigation and manipulation to solve room-level problems,
showing how the underlying scene representation can support
decision-masking beyond the tabletop setting. The double
pick queries show some degree of planning proficiency while
the spatial queries demonstrate the role of the ObjectMap
in understanding referential queries. When object affordances
face a particular direction, incorporating affordance informa-
tion at the navigation stage proves critical to query success.

C. Failure Analysis

To answer Q4, we explore and discuss the ASP failure
modes in Fig. 5. Perception is behind a number of failures.
While a similar analysis for the end-to-end baselines is
harder, we classify and discuss some trials in Fig. 8.

VI. DISCUSSION

Strengths. We find that our scene query tools span a
wide set of language-guided manipulation behaviors. ASP
exhibits strong semantic generalization (driven by VLMs),
and we expect reported performance to carry over to a
wide variety of objects. Moreover, the Ob jectMap supports
robust spatial reasoning, and when combined with search-
based motion planning, ensures the policy can solve prob-
lems across extended and varied spatial layouts.

Limitations and Future Work. The ASP design has been
optimized for short-term language-conditioned manipulation
tasks. Despite already having some planning capabilities,
ASP would benefit from improvements on both the scene
representation front (dynamic memory [20], [45], hierachical
memory [10], exploration [18], [51]) and the task planning
front [52] to tackle long-horizon problems.

Our skills only cover drawers with prismatic joints but
they could be extended to revolute joints by following
recent modular work [53]. More fundamentally, affordance-
based skill implementations do not provide a clear avenue
for solving long-horizon problems with complex motions,
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Fig. 6: Mobile Manipulation Results. We run mobile ASP on
queries in a medium-sized room. For each query, we teleop the
robot to collect 1 to 5 keyframes from the room before launching
the policy. (Affordance) We run two queries: Dial a number
on the phone (5times) and Open the metal cabinet (5§
times) (Fig. 1, bottom right). In both cases, the object is accessible
from multiple angles but some viewing angles are better for interac-
tion (i.e., facing the keypad and drawer) and the robot must navigate
accordingly. (Double Pick) ASP must put two objects in a target
container. The queries cover a large variety of objects including
headphones, a screwdriver, a penguin plushie, and a variety of
toy food items (Fig. 4). We give a score of 0.5 per object in the
container and no other partial points. We run 10 unique double pick
queries with distractors. (Spatial) ASP must disambiguate a mobile
pick-and-place query using spatial reasoning, e.g. “Place the
egg that is near the tomato in the pan”. We run
10 unique spatial queries with distractors.

such as clean the counter, fold the shirt, or
make the bed—tasks that are achievable through imi-
tation learning and VLAs (generalization notwithstanding).
While this suggests a promising integration of structured
scene representations and low-level learned policies, our
results indicate that current scene representations can effec-
tively generalize to more objects than VLAs can currently
interact with in a zero-shot setting. Learned skills would
increase the ceiling of ASP in terms of manipulation com-
plexity, but would likely hinder semantic generalization. This
non-trivial integration presents an interesting problem for
future work.
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B. Progress Rate and VLA Failure Analysis

We study task progression for the manipulation tasks in
Fig. 7 and some specific mo—FAST and 7y 5 failures in Fig. 8.
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Fig. 7: Progress Rate. To complement the success rates in Table 3 we report the average progress rate for ASP, ASP (No Aff), mo—-FAST
and 7o.5. We report the average progress rate over 10 attempts per task, giving partial points when the gripper comes close to the relevant
object (0.25), when a pick is successful but subsequent steps fail (0.5), and when the policy attempts a reasonable motion (pushing,
pulling) on the object without achieving a successful outcome (0.5). Task successes receive a progress rate of 1.00. While the VLAs show
some level of task progression on most tasks, they still underperform ASP.
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Fig. 8: Failure Analysis of mo—FAST and 7o 5. While the end-to-end nature of mo—~FAST and 7.5 makes it difficult to find a causal
explanation for failures, we can still attempt to classify trials in terms of their outcomes and the behaviors of the methods according to a
human evaluator. We analyze outcomes for mo-FAST (Left) and mo.5 (Right). By far, the most common failure modes involve gripper
interactions. Examples include “hovering" around the correct object without successfully grasping, or partially executing a skill midair
above the object (keyboard), suggesting high-level query understanding, but potential issues with depth perception or excessive collision
avoidance behaviors. In terms of language following, we found the VLAs to generally struggle with spatial reasoning (left/right,
near/far, small/large). mp—FAST was especially susceptible to distraction by the toy carrot.
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