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Abstract

Building persistent embodied agents in unstructured environments demands unified orchestration
of heterogeneous tools spanning both cyber (APIs, IoT) and physical (manipulation, navigation) do-
mains, coupled with autonomous recovery from physical failures that inevitably arise over extended
operation. Existing systems treat these as separate problems: VLM-based planners lack a unified
cyber-physical action space, agent frameworks accumulate unbounded context that degrades tempo-
ral coherence, and VLA policies execute open-loop without detecting their own failures. We argue
that persistent autonomy requires not a monolithic model but a hierarchical asynchronous architec-
ture with explicit separation of planning, memory, and verification. To this end, we present OmniAct,
a framework integrating a multimodal semantic planner for skill routing across unified action spaces,
an adaptive hierarchical memory with event-boundary-driven compression for sub-linear context
growth, and an asynchronous visual preemption engine that closes the semantic loop during phys-
ical execution. Across 40 real-world long-horizon tasks on two robotic platforms coordinating four
IoT devices, OmniAct achieves consistent improvements in end-to-end success across all complexity
levels, maintains near-flat token consumption over under 100k+ accumulated interaction tokens, and
elevates mid-scale open-weight models to proprietary-level performance.

Project Page: https://huaizz-shawen.github.io/OmniAct
GitHub Code: https://github.com/EmbodiedForge/RAS_interactivate_planner

1 Introduction

The fundamental goal of embodied intelligence is to build persistent physical agents that operate reliably
in unstructured real-world environments over extended temporal horizons. This requires the simultane-
ous integration of multimodal perception spanning speech, vision, and language, unified actuation across
heterogeneous tools including IoT devices, Web APIs, robotic manipulators, and mobile platforms, as well
as autonomous recovery from unforeseen physical failures. However, current embodied systems, whether
end-to-end vision-language-action models or LLM-based planning frameworks, encounter fundamental lim-
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Figure 1 Two key challenges for real-world long-horizon embodied deployment. (a) A single user command may require
joint orchestration of IoT devices, robotic manipulators, mobile platforms, and web APIs. (b) Over extended horizons,
unexpected physical failures must be autonomously detected and recovered from without human intervention.

itations when deployed in such demanding real-world scenarios [1-4].

Existing approaches fall short in three critical aspects. First, current systems treat tool invocation (APlIs,
IoT') and physical manipulation as separate pipelines, yet realistic user interactions through natural speech
often implicitly require coordination of multiple heterogeneous tools within a single task flow [5-7]. The
absence of a unified cyber-physical action space forces these methods to rely on brittle hand-crafted inter-
faces between domains, severely limiting their capacity to handle naturally interleaved instructions. Second,
agent frameworks that linearly concatenate interaction history accumulate context rapidly during long-term
deployment, increasing memory overhead, losing critical historical information, and introducing semantic
conflicts between long-term preferences and recent states [8-11]. Third, though current end-to-end VLA poli-
cies [12-16] have achieved notable progress, their inherently open-loop nature cannot support autonomous
operation: undetected physical failures cascade into irreversible faults from which the system cannot re-
cover [3].

As illustrated in Figure 1, achieving everyday physical autonomy faces two key challenges: (i) coordinating
heterogeneous cyber-physical tools within single task flows, and (ii) autonomously recovering from physical
failures over extended horizons. To address these challenges jointly, we observe that persistent real-world
autonomy requires not a monolithic end-to-end model, but a hierarchical asynchronous architecture that
explicitly decouples high-level planning, long-horizon state tracking, and real-time physical verification into
specialized, cooperating modules. Consequently, we introduce OmniAct, an embodied framework achiev-
ing true “omni-action” by seamlessly bridging omnimodal perception (speech, vision, language) with a uni-
fied cyber-physical action space (IoT, Web APIs, robotic control). OmniAct comprises three tightly integrated
modules: (1) a multimodal semantic planner for structured skill-routing; (2) an adaptive hierarchical memory uti-
lizing event-boundary-driven compression to maintain sub-linear context growth; and (3) an asynchronous
visual preemption engine that periodically verifies physical execution and triggers immediate replanning upon
detecting anomalies.

We evaluate OmniAct across 40 real-world long-horizon tasks on two structurally distinct platforms (UR5e
manipulator and wheeled mobile robot) coordinating four household IoT devices. Experiments show that
OmniAct substantially outperforms both open-loop and step-wise reasoning baselines, achieving higher end-
to-end success and improved perturbation recovery(Sec. 4.2), reduced token consumption with near-flat con-
text growth (Sec. 4.3), and strong cross-model generalizability (Sec. 4.4).



Our contributions are threefold:

1. We introduce OmniAct, a multimodal embodied framework that unifies discrete cyber tools (APIs, IoT)
and continuous physical control into a single event-driven loop with asynchronous visual preemption,
enabling closed-loop persistent deployment across diverse robotic platforms without force sensing.

2. We design an adaptive hierarchical memory that condenses long-horizon interaction history into times-
tamped semantic cues through event-boundary-driven compression and integrates explicit physical re-
flection, enabling the agent to maintain bounded context growth while autonomously recovering from
failures and adapting to dynamic environmental shifts.

3. We conduct extensive real-world empirical validation across diverse physical environments and robotic
platforms. Compared to reactive policies and LLM-based planning baselines, our framework signifi-
cantly improves end-to-end success rates in failure-prone scenarios while substantially reducing token
consumption and inference latency.

2 Related Work

2.1 Embodied Agents with Foundation Models

The integration of foundation models into embodied systems has progressed rapidly. Early work leverages
large language models as high-level planners that decompose natural language instructions into executable
skill sequences, either through affordance grounding [5], code generation [17, 18], or iterative replanning
with textual feedback [19]. Subsequent agent architectures extend these planners with autonomous reason-
ing capabilities, incorporating chain-of-thought tool invocation [8], verbal self-reflection for trial improve-
ment [9], and persistent skill accumulation for open-ended exploration [10]. More recent efforts further
integrate multimodal perception into the agentic loop: PaLM-E [20] grounds planning in visual and sen-
sor observations, WAP [21] advances planning toward closed-loop continuous setting. RoboBrain [22, 23]
combines manipulation planning with affordance reasoning, and hierarchical frameworks such as RT-H [24]
bridge high-level language to low-level motor execution through structured sub-goal decomposition.

Despite this progress, existing approaches operate within either the cyber or physical domain without a uni-
fied action space, mostly focus on short interactions without addressing long-horizon context accumulation
toward real-world autonomy. OmniAct addresses these gaps by unifying cyber tools and physical control
into a single skill-routing space, introducing event-boundary-driven hierarchical memory for bounded con-
text growth, and employing asynchronous visual preemption for semantic-level closed-loop verification.

2.2 Vision-Language-Action Models

Vision-Language-Action (VLA) models directly map visual observations and language instructions to low-
level control signals. Early architectures explored various fusion strategies including feature modulation [25,
26], cross-attention [12, 27], and token concatenation [28]. Subsequent large-scale pre-training on diverse
robotic datasets significantly improved model capabilities [13, 29]. Concurrently, advances in action repre-
sentation such as autoregressive tokenization [30] and diffusion-based generation [14, 15, 31], together with
richer input modalities including 3D geometry [32] and tactile feedback [33, 34], have further enhanced gen-
eralization across environments and task horizons. Most recently, RoboOmni [16] extends VLA to accept
speech input and enable proactive interaction, moving closer to natural human-robot communication.

Nevertheless, current VLA models remain limited in cross-embodiment transfer, multi-task versatility, and
zero-shot generalization to novel scenarios. More critically, they lack inherent reasoning capabilities and can-
not autonomously detect or correct their own execution failures. Omni does not seek to replace VLA models
but instead incorporates them as low-level executors within a unified orchestration framework, compen-
sating for these limitations through asynchronous visual verification for failure detection and hierarchical
memory for long-horizon state coherence.
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Figure 2 Overview of the OmniAct framework. The system comprises three modules: (1) Multimodal Semantic Plan-
ner fuses speech, image, and state inputs for intent interpretation, task decomposition, and skill routing; (2) Closed-Loop
Execution Engine with asynchronous visual preemption that periodically verifies physical progress via a VLM and trig-
gers interruption upon anomaly; and (3) Adaptive Hierarchical Memory (sensory, episodic, reflective) employing event-
boundary compression for bounded context growth and storing failure reflections for cumulative adaptation.

3 Methodology: The OmniAcr Framework

3.1 Problem Formulation

A key challenge in building persistent embodied agents is to enable a single planning system to coordinate
diverse executors spanning both cyber (APlIs, IoI devices) and physical (robotic manipulation, navigation)
domains under partial observability. We formulate this as a decision process over a unified cyber-physical
action space.

At each time step ¢, the system receives a multimodal observation o; = vy, st, where v, is a visual frame and
s¢ denotes discrete state information from sensors or tool APIs. The multimodal context ¢; integrates o; with
the current user intent (e.g., transcribed speech) and system state. Since the system must dispatch to funda-
mentally different executors ranging from stateless API calls to continuous robotic control, a single low-level
action representation is insufficient. We therefore define a skill-routing action space: each action is a tuple
a; = T, g¢, where 1 € T selects the target skill and g¢; specifies skill-specific conditioning parameters. The
historical trajectory #:, retrieved from hierarchical memory (Sec. 3.4), provides compressed prior experience.
Given the planning model 7, the high-level planning policy is:

ay ~ T | Ct7Ht7T' (1)

3.2 Multimodal Semantic Planner

The semantic planner instantiates model = and is responsible for task decomposition, skill selection, and
sub-goal generation. Given context ¢; and memory #;, the planner performs three functions: (1) interpret-
ing potentially ambiguous user intent by grounding speech and visual observations against the current tool
state; (2) decomposing long-horizon instructions into executable sub-goals, selecting appropriate skills 7;
from inventory 7 based on task requirements and environmental constraints; and (3) leveraging historical
experience from H; to avoid previously observed failures and respect long-term user preferences. The plan-
ner outputs a structured JSON specification supporting parallel dispatch of multiple skill calls within a single
step. Details is provided in the Appendix.



3.3 Closed-Loop Execution with Asynchronous Visual Preemption

A fundamental limitation of VLA policies is their open-loop nature: once committed, the executor cannot
perceive whether the physical world has deviated from expectations, and a single undetected failure propa-
gates into cascading faults. OmniAct addresses this through an asynchronous visual preemption mechanism
that maintains a low-frequency semantic closed-loop concurrent with physical execution.

The execution engine dispatches actions along two parallel streams. Discrete cyber commands (IoT control,
API calls) are verified through deterministic return codes. Continuous physical commands are forwarded
to the control policy, for which no such verification signal exists. To compensate, an asynchronous visual
monitor periodically samples frames and submits them to a VLM for semantic-level assessment of execu-
tion progress and physical safety. If anomaly is detected, the system immediately halts the VLA executor,
packages the failure context, and returns control to the planner for replanning.

Unlike geometric constraints in model-predictive control that verify joint limits or collision distances, this
mechanism reasons about high-level task semantics, whether the target object remains grasped, whether the
robot is progressing toward the goal—capturing failure modes invisible to low-level controllers. Upon pre-
emption or failures from the cyber executor, the failure episode simultaneously triggers a reflection process
that stores causal analysis and corrective strategies in long-term memory (Sec. 3.4) to prevent recurrence.

3.4 Adaptive Hierarchical Memory

A persistent agent must maintain awareness of its full interaction history, yet naively accumulating raw ob-
servations causes linear context growth that quickly exceeds model capacity. Our key observation is that
physical interaction naturally segments into discrete semantic events, and compression should operate at
these event boundaries rather than at fixed intervals or uniform turn-level granularity. We design a three-
level memory hierarchy with increasing abstraction:

Sensory Memory. A lightweight FIFO queue maintaining recent visual frames for the control policy and
visual monitor, decoupled from the planning context.

Episodic Memory. This level manages interaction history through event-boundary-driven compression.
Each record is annotated with absolute timestamps for temporal ordering. Upon detecting a semantic bound-
ary (e.g., sub-task completion, state change), the raw observation sequence is compressed into a compact
keyframe summary retaining semantic content, state transitions, and action outcomes while discarding pro-
cedural redundancy. Context thus grows proportionally to distinct semantic events rather than raw turns,
yielding sub-linear scaling over extended deployment.

Reflective Memory. This level stores both static priors (tool schemas, skill inventory) and dynamically ac-
cumulated experience. When execution failure or visual preemption is triggered, the system generates a
structured record of root cause and corrective strategy. During subsequent planning, relevant reflections
are retrieved and injected into context, transforming isolated error recovery into cumulative adaptation over
the agent’s operational lifetime.

4 Experiments

We structure our evaluation around three axes: cross-domain orchestration across heterogeneous hardware
(Sec. 4.2), memory effectiveness and scalability under long-horizon deployment (Sec. 4.3), and generalizabil-
ity across foundation models of varying scale (Sec. 4.4).

4.1 Experimental Setup

Platforms and Tools. We evaluate OmniAct on two robotic platforms with distinct morphologies: a UR5e
6-DoF manipulator for precision tabletop manipulation and a Keenon wheeled mobile robot for indoor nav-
igation. The system interfaces with 4 household IoT devices (lighting, climate control, appliances) and 12
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Figure 3 End-to-end and sub-task success rates (%) on long-horizon cyber-physical tasks across three complexity levels.
Performance is evaluated on two structurally distinct real-world platforms: a UR5e manipulator (top) and a Keenon mo-
bile robot (bottom). While baseline methods exhibit severe performance degradation as cross-modal coordination depth
increases from L1 to L3, OmniAct demonstrates a significantly more graceful decline, substantially outperforming prior
approaches on both partial progress (Sub) and strict task completion (E2E). Error bars in the rightmost column denote
standard deviation. Empty bars indicate that the baseline lacks the architectural capability for that specific complexity
level; these are counted as zero when computing the overall average.

virtual tool APIs (web search, checklist, delivery status, etc.), forming a heterogeneous cyber-physical envi-
ronment representative of realistic domestic deployment scenarios.

Task Suite. To reflect the multimodal, cross-domain nature of realistic human-robot interaction, we con-
struct a benchmark of 40 real-world tasks divided into two categories by physical modality: manipulation (20
tasks, deployed on UR5e) and navigation (20 tasks, deployed on Keenon mobile robot) , each grouped into
three complexity levels by modality involvement and coordination depth:

Level 1 (Physical Only, 20%): Tasks requiring only low-level robotic control (e.g., pick-and-place).

Level 2 (Cyber-Physical, 40%): Tasks additionally requiring IoI' device coordination or web API querie (e.g.,
activating an appliance before manipulation).

Level 3 (Full Multimodal, 40%): Tasks involving speech interaction, web API queries, IoI control, and physical
execution in an integrated flow.

This stratification exposes how gracefully each method scales with cross-modal coordination depth while
ensuring fair comparison on subsets accessible to all baselines. Each task is repeated 3 times with success
adjudicated by human evaluation. The complete task list is provided in the appendix.

Baselines. We compare OmniAct against four methods: Direct Policy, our self-trained VLA / navigation
policies without planning or memory (L1 difficulty only); SayCan [5], affordance-grounded scoring with LLM
planning; Code as Policy [17], one-shot code generation planning for full task plans; and RoboBrain2 [23], a 32B
embodied vision-language model that unifies perception, reasoning, and planning, surpassing proprietary
models on multiple embodied benchmarks [23, 35]. All methods share identical tool interfaces. Except
RoboBrain2, which uses its own backbone, all employ Gemini-3.1-Pro to isolate architectural differences.



4.2 Long-Horizon Cyber-Physical Orchestration

To disentangle partial progress from true task completion, we report two complementary metrics: Sub-task
Success Rate (Sub), the average fraction of correctly completed sub-tasks, and End-to-End Success Rate (E2E),
a strict binary measure crediting only full task completion. The gap between them quantifies how severely
single-stage errors cascade through the pipeline, a critical diagnostic for long-horizon autonomy where an
unrecovered failure can invalidate all subsequent stages.

Figure 3 reveals a consistent trend: as task complexity increases from L1 to L3, all baselines suffer steep
performance degradation, while OmniAct maintains comparatively graceful decline. On the most demand-
ing L3 tasks, OmniAct achieves 50.0% and 54.2% E2E success on manipulation and navigation respectively,
significantly exceeding the best baseline (SayCan: 43.8% on manipulation; Code as Policy: 37.5% on naviga-
tion). Furthermore, OmniAct achieves the highest Sub-task success across all complexity levels, with L3 Sub
reaching 80.5% on manipulation and 80.6% on navigation, compared to the best baseline scores of 60.9% and
57.9% respectively. This directly validates the contribution of asynchronous visual preemption and reflec-
tive memory: when a VLA execution fails mid-task (e.g., grasp slippage), baselines proceed obliviously and
corrupt all downstream stages, whereas OmniAct detects the deviation, halts execution, and replans from
the current state, converting catastrophic failures into recoverable delays.

An instructive case is RoboBrain2, which despite achieving state-of-the-art on established embodied plan-
ning benchmarks, obtains a surprisingly low score. Its failures concentrate on generating well-formed API
calls and maintaining state across interleaved cyber-physical sub-tasks, likely compounded by the absence
of IoI-domain training data, reinforcing that cross-modal tool coordination is a fundamentally different com-
petency from spatial scene understanding and demands an explicit orchestration layer.

Finally, the consistency of gains across both the fixed manipulator and the mobile robot deserves emphasis.
Despite their fundamentally different kinematic structures, workspace scales, and task semantics, OmniAct
achieves comparable relative improvements on both platforms without any platform-specific architectural
modification or additional tuning. This confirms that the framework’s core contributions—unified skill rout-
ing, hierarchical memory, and visual preemption—operate at an abstraction above embodiment specifics and
transfer directly to new hardware configurations.

4.3 Adaptive Hierarchical Memory

Temporal Conflict Resolution. To evaluate whether OmniAct’s memory preserves long-term coherence
under extended deployment, we construct three scenarios (tool use, home assistant, robotic manipulation),
each containing 10 samples exceeding 10 hours of interaction with 40k+ accumulated tokens. Temporal pref-
erence conflicts are embedded throughout: early turns establish persistent constraints (e.g., no sugar”) while
later requests introduce seemingly conflicting needs (e.g., something flavored”), requiring the agent to sat-
isfy both simultaneously. We ablate against four variants: Raw History concatenates all past turns verbatim;
Sliding Window retains only the most recent 10 turns; Turn Summary compresses each turn independently
and concatenates linearly; Episodic Only applies event-boundary compression without reflective memory.

As shown in Table 1, Sliding Window Table 1 Constraint Satisfaction Rate (%) and context compression ratio

achieves the most aggressive compres- across three long-horizon scenarios. Compression is relative to raw his-
sion (16.3%) but catastrophically dis-  fory length.

cards early-established constraints, col-

lapsing to near-zero satisfaction across Method Tool Use Home Asst. Manip. Compress.
all scenarios—demonstrating that re- Raw History 66.67% 46.67% 66.67% 100.0%
cency alone is entirely insufficient for Sliding Window  13.33% 6.67% 6.67% 16.3%
preference-aware long-horizon agents. Turn Summary 56.67% 50.0% 63.33% 27.4%
Raw History retains all information Episodic Only 56.67% 46.67%  66.67%  21.2%

yet performs only moderately (46.67%- OmniAct (Full)  86.67%  66.67%  80.0%  24.5%

66.67%): the sheer volume of 40k+ to-



kens introduces positional dilution that makes relevant constraints difficult to locate, and semantic conflicts
between temporally distant preferences often mislead the planner. Turn Summary and Episodic Only both
achieve meaningful compression while maintaining reasonable accuracy, but neither consistently surpasses
Raw History—indicating that compression without explicit long-term knowledge retrieval trades one failure
mode (dilution) for another (information loss). OmniAct’s full system adds reflective memory atop episodic
compression, boosting satisfaction by 13—20 points over the best ablation variant. The gain stems from the re-
flective layer explicitly surfacing long-term constraints and failure-derived corrective strategies at planning
time, rather than relying on the planner to implicitly extract them from compressed episode sequences.

Long-Horizon Scalability. To stress-

test scalability under continuous de-
ployment, we extend the interaction
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Table 2 Constraint Satisfaction Rate (%) with and without OmniAct
across foundation model backbones. A represents absolute improve-

To determine whether OmniAct’s gains
stem from architectural design rather

than backbone strength, we replace the ment.

planner across six models spanning

proprietary (Gemini-3.1-Pro, Gemini- Backbone Raw  OmniAct A
3-Flash, 3.6-Plus/Flash) and - . ,

weigalrslt (QQQV:S;nB-VList)/]S-ng) agw(:}; e;_l Gemini-3.1-Pro-Preview  76.7 80.0 +3.3
VL-8B) families, using the same long- Gemini-3-Flash-Preview  70.0 76.7 +6.7
horizon setting as Sec. 4.3. Qwen3.6-Plus 63.3 80.0 +16.7
As shown in Table 2, OmniAct im- Qwen3.6-Flash 56.7 73.3 +16.6
proves all backbones with sufficient Qwen3-VL-30B-A3B 50.0 80.0 +30.0
baseline capability. ~ Mid-tier mod- Qwen3-VL-8B 30.0 36.7 +6.7

els exhibit the most substantial gains:

Qwen3-VL-30B-A3B improves from 50.0%
to 80.0% (+30.0), reaching parity with Gemini-3.1-Pro’s vanilla performance and demonstrating that Omni-
Act’s structured orchestration can close the gap between open-weight and proprietary systems without ad-



ditional training. At the upper end, even Gemini-3.1-Pro benefits (+3.3), indicating that hierarchical memory
and asynchronous verification address systematic failure modes—such as long-horizon preference drift and
undetected execution errors—that persist regardless of model scale. At the lower end, Qwen3-VL-8B shows
only marginal improvement (+6.7), as its limited capacity to reliably produce well-formed structured outputs
constrains the framework’s ability to orchestrate multi-step tool invocations—establishing an approximate
lower bound on backbone capability required for effective integration.

5 Conclusions

We presented OmniAct, a multimodal embodied framework that addresses persistent real-world auton-
omy by decomposing planning, memory, and verification into three cooperating modules: a unified cyber-
physical semantic planner, an event-boundary-driven hierarchical memory for bounded context growth, and
an asynchronous visual preemption engine for closed-loop failure recovery. Real-world experiments across
diverse robotic platforms and backbone models demonstrate consistent improvements over both monolithic
VLA and LLM-based baselines, with near-flat token consumption over extended horizons. Notably, Om-
niAct elevates mid-scale open-weight models to proprietary-level performance without additional training,
underscoring that architectural clarity and structured orchestration complement model capacity rather than
competing with it. These results suggest that explicit separation of responsibilities, rather than monolithic
model scaling, offers a more viable and resource-efficient path toward persistent embodied deployment in
unstructured real-world environments.
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A Limitations

Despite the demonstrated improvements, OmniAct’s adaptive capacity is fundamentally asymmetric: the
high-level planner can leverage reflective memory to replan around failures, but cannot improve the frozen
downstream VLA policies themselves—when failures stem from inherent motor limitations, recovery is
bounded by the existing skill repertoire. Additionally, the asynchronous visual monitor operates at VLM
inference frequency rather than control frequency, leaving a latency window during which erroneous ac-
tions may continue unchecked, posing residual safety risks in scenarios involving fragile objects or human-
proximate operation.

B Real-World Experimental Setup

OmniAct is evaluated on two structurally different real-world platforms: a UR5e 6-DoF arm for tabletop
manipulation, and a Keenon wheeled mobile robot for indoor navigation. Both platforms share the same
high-level planner interface and differ only in the exposed physical skills. The system also interfaces with
four household Iol devices (smart light, air conditioner, ambient audio player, and a smart-home mode
controller) and twelve API-style virtual tools (web search, weather query, checklist retrieval, etc.). Figures 5a
and 5b show the two physical environments.

(a) URbe tabletop workspace with dual third-person and (b) Multi-room studio environment with the UR5e sta-
one wrist-mounted RGB camera. tion, a WidowX area, and a curtained side zone.

Figure 5 Real-world experimental scenes used in the long-horizon cyber-physical benchmark. (a) The UR5e workspace
serves as the manipulation testbed for pick-and-place over everyday objects (bottle, sponge, bowl, etc.). (b) The Keenon
mobile robot navigates between semantic locations (entrance, corner area, manipulation station) and coordinates with
the URb5e arm, enabling cross-platform tasks that combine navigation, IoT control, and embodied manipulation within
a single execution loop.

C Action Interface and Skill Implementations

The high-level planner emits only structured skill calls; the actual realization of each skill is delegated to
backend executors. Manipulation skill pick_and_place is implemented by a self-trained mo-style VLA pol-
icy fine-tuned on in-house teleoperation data covering the supported object and location set. Navigation
skill navigate_to is realized through a pre-built 2D semantic map of the indoor environment with classi-
cal waypoint following. Cyber skills (control_s*, query_*, web_search, set_home_mode) are deterministic
JSON-returning HTTP calls. Tables 3 and 4 list the full action interfaces exposed to the planner.
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Table 3 URb5e manipulation action interface exposed to the semantic planner.

Action type Action name Parameters Use

talk speak message Final user-facing confirmation or
essential status/error report.

tool store_memory content, scope, category Store durable user preference or
operational facts only when
explicitly relevant.

tool control_light action, device, brightness Turn lights on/off or set brightness.
tool play_audio action, audio_type, track, Play or stop ambient audio.

volume
tool web_search url, query Retrieve external information for

multimodal tasks.

tool set_home_mode device, option_id, Select a predefined smart-device
option_text mode.
act pick_and_place item_name, source, target Move a supported visible object in
the UR5e workspace.
sense get_observation {3 Request a fresh observation when
current visual evidence is
insufficient.

D Task Suite Construction

The benchmark contains 40 long-horizon real-world tasks, evenly split between UR5e manipulation and
Keenon navigation. For each platform we design 4 Level-1 tasks (physical only), 8 Level-2 tasks (cyber-
physical), and 8 Level-3 tasks (full multimodal orchestration with speech, web/API, IoI, and physical exe-
cution). Tasks are designed to cover diverse object categories, Iol device types, and API endpoints, avoiding
repeated templates. Each task is repeated three times under varied initial conditions and adjudicated by a
human evaluator using a binary end-to-end success criterion. Table 5 lists representative requests for each
level; the complete task list will be released with the code.

¢ Level 1: Physical only. Tasks require only physical robotic execution and visual grounding, such as
object movement or visual inspection.

* Level 2: Cyber-physical. Tasks require physical execution together with IoT or API-style cyber actions.

* Level 3: Full multimodal orchestration. Tasks combine speech interaction, web/API access, IoI' con-
trol, physical execution, and final natural-language reporting.

E Long-Horizon Context Construction

In real deployment, task-relevant interactions are diluted by environmental status checks, ambient logs, and
unrelated household exchanges. We mimic this regime by embedding a small set of seed episodes carrying
task-relevant constraints (e.g., dietary preferences, accessibility needs, prior failure lessons) within a much
larger volume of irrelevant events drawn from fixed templates (shelf, audit, inventory, display notes). The
agent is later queried with a downstream task whose correct execution requires recalling the seed-episode
constraints across hundreds of intervening turns.

Algorithm 1 details the construction. Stage 1 assembles a chronologically timestamped, interleaved event
sequence; Stage 2 streams it through the memory backend so that event-boundary-driven summarization
and long-term consolidation are triggered in the loop, matching real deployment rather than post-hoc com-
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Table 4 Keenon navigation and home-assistant action interface.

Action type Action name Required parameters Use

talk speak message Final report, clarification, or
completion notice.

talk send_agent_message message, recipient Renuﬁerobotrnessagevvhen
explicitly required.
tool control_AC action, temperature, Home air-conditioner control.

fan_speed
tool control_light device, action, brightness Lighting control.

tool set_home_mode device, option_id, Smart-home mode selection.
option_text

tool query_weather_api location, query Weather or temperature query.

act navigate_to target_location, with_item Navigate to a home location;
with_item is set to none.

sense get_observation target Inspect a specified area after
navigation.

Table 5 Representative task requests for the three complexity levels.

Level Modalities Example request

L1 VLA + vision Pick up the pillbox from the tray and put it into the basket.

L2 VLA +IoT + vision  Set the water heater’s target temperature to 55°C.

L3 VLA +IoT + Check the simple steps for organizing the dishes, turn on the light to 80%
web/API + speech  brightness, put the bowls into the basket, and report the result.

L1 Navigation + vision Go to the entrance area and check whether the umbrella is still there.

L2 Navigation + IoT +  Turn up the brightness of the living-room light, then go to the living
vision room and check whether the remote control is on the sofa.

L3 Navigation + Iol' +  Check whether it is going to rain today, turn on the entrance light, go to
API + speech the entrance area and check whether the umbrella is still there, then

report the result to me.

pression. All randomness is seeded by SHA256 of the case identifier for reproducibility. In the longest
configuration the trace contains more than 270 rounds and over 100k accumulated prompt token length.

F Visual Monitor: Design and Empirical Evaluation

Real-world task completion is evaluated using an independent visual monitor. After each executed physical
action, a separate VLM client is queried under an empty-context setting and receives only the chronologically
ordered sequence of images from the transient memory buffer (before, during, and after execution). It is
asked to describe visible changes between successive observations and to determine whether the resulting
physical state supports the next planning step. This design intentionally decouples task verification from the
planner’s reasoning process: since the monitor has no access to the intended command, task history, or prior
chain of thought, its judgment is grounded in visual evidence rather than inferred intent, which reduces
hallucination-induced verification errors and mitigates task-context leakage. The resulting state update is
returned to the planner and can trigger replanning upon grasp failure, object removal, unchanged source-
object state, or other physical deviations. The exact prompt is provided in Appendix I.
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Algorithm 1 Long-Horizon Context Construction with Online Consolidation

Require: seed episodes S, token budget B, time gap At, templates T, base length Lg
// Stage 1: Interleaved sequence assembly

1. £+ Se t+ maxees.eT; ac~U (0.6, 1.6)
2: while TOKENS (£) < B do

3 T~T; £~U(05,15) acLo;

4: e <+ (SAMPLE (T7 €) , t, irrelevant)

5 E«—EU{e}; t+t At

6: end while

7: € + SORTBYTIME (&)

// Stage 2: Online memory consolidation
M0

9: fore € £ do

10: M + MEMORYBACKEND (M, e)

11: end for

12: return M

*

To evaluate whether the visual monitor can serve as an execution-level supervisor rather than a passive
visual captioner, we construct a balanced verification set from real manipulation episodes: ten successful
pick-and-place executions and ten failed executions, including both natural failures and externally induced
perturbations such as manually removing the object during execution. Each candidate VLM receives the
same before/during/after triplet and predicts whether the expected physical state has been achieved. Table 6
reports mean latency and binary verification accuracy across candidate backbones. Closed-source Gemini-
3.1-Pro and Qwen3.6-Flash deliver competitive F1 but incur non-trivial API latency that bottlenecks real-time
preemption. Among locally deployable models, Qwen3-VL-30B-A3B matches Gemini-3.1-Pro’s F1 while
running an order of magnitude faster on a dual-H100 server, offering the best accuracy-latency trade-off. We
therefore adopt Qwen3-VL-30B-A3B as the default visual monitor backbone in all real-world deployments.

Table 6 Latency and task-completion verification accuracy of candidate VLM backbones used as the visual monitor. The
20-trial balanced set comprises 10 successful and 10 failed /perturbed pick-and-place executions. A trial is counted as
positive if the monitor predicts that the expected post-action state has been achieved. Closed-source models are accessed
via remote API; open-weight models are deployed locally on a dual-H100 server.

Model Deployment Latency (s) TPt FNJ] FP| TNt F17t
Gemini-3.1-Pro Remote API 11.67 8 2 0 10 0.89
Qwen3.6-Flash Remote API 7.21 9 1 0 10 0.95
Qwen3-VL-8B Local (2xH100) 0.69 6 4 0 10 0.75
Qwen3-VL-30B-A3B  Local (2xH100) 0.47 8 2 0 10 0.89

G Planner Prompts

The semantic planner is prompted to produce exactly one structured next action at each iteration. The execu-
tion history is treated as attempted commands rather than guaranteed state changes, and post-action visual
differencing feedback is used to update the world state before choosing the next step. The planner must
return next_step: null only when the task is complete.

UR5e Manipulation Planner Prompt

# URbe Reading Desk Planner
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You are the user-facing URbe arm planner for a reading desk setup experiment.
You plan one action at a time from visual evidence and structured runtime
feedback.

Operating loop:

1. At task start, you may receive one initial scene summary for grounding.

2. On every planning step, you receive the current observation image.

3. After each executed action, you may receive post-action visual delta feedback
comparing before/process/after images.

4. Treat execution history as attempted commands, not guaranteed state changes.

5. Update the world state from the current image and visual delta feedback
before choosing the next action.

6. Return exactly one next step, or next_step:null when the task is complete.

Allowed actioms:

- speak(message)

- store_memory(content, scope, category)

- control_light(action, device, brightness)

- play_audio(action, audio_type, track, volume)
- web_search(url, query)

- set_home_mode(device, option_id, option_text)
- pick_and_place(item_name, source, target)

- get_observation({})

Visual feedback rules:

- Use post-action visual delta feedback to infer what actually changed.

- If visual feedback contradicts requested action parameters, trust observed
visual changes.

- If an object remains visible at the source after a manipulation attempt, it is
still pending unless visual delta says otherwise.

- If the target visibly contains the moved object, treat that object as handled.

Return exactly one JSON object:
{
"current_step_analysis": {
"visual_state": "Brief current visual state",
"task_progress": "What has been completed and what remains",
"next_action_reasoning": "Why the next action follows from the image and feedback"
Irg
"next_step": {
"step_number": 1,
"agent": "urbe_arm",
"location": "home",
"action": "pick_and_place",
"action_type": "act",
"parameters": {"item_name": "water", "source": "tray", "target": "basket"}
Irg
"needs_human_input": false,
"user_question": null

Keenon Navigation Planner Prompt

# Vision-Based Autonomous Humanoid Robot Task Planner

You are the VLM planner for a Keenon robot in a home-navigation benchmark. You
operate in half-open-loop mode: plan exactly one next action, wait for
execution, then plan again from the updated context.

Allowed actions:

- speak(message)
- send_agent_message(message, recipient)
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- store_memory(content, scope, category)

- control_air_conditioner(action, temperature, fan_speed)
- control_light(device, action, brightness)

- set_home_mode(device, option_id, option_text)

- play_audio(audio_type)

- web_search(url, query)

- query_weather_api(location, query)

- navigate_to(target_location, with_item="none")

- get_observation(target)

Return exactly one JSON object:

{
"current_step_analysis": {
"visual_state": "What is visible, without using it to skip required navigation",
"task_progress": "What required actions have already been completed",
"next_action_reasoning": "Why this single next action is required"
}’
"next_step": {
"step_number": 1,
"agent": "Keenon humanoid_robot",
"location": "current tracked location or unknown",
"action": "specific_action_name",
"action_type": "talk|tooll|act|sense",
"parameters": {}
1,
"needs_human_input": false,
"human_question": null
}

H Memory Compression Prompts
Episodic Memory Compression Prompt

System prompt:

You are an episodic interaction log writer for an embodied planner. Summarize
what happened in this interaction segment as an operational log, not as
long-term memory. Preserve chronology, task context, concrete observations,
tools, skills, actions, useful parameters, outcomes, errors, and unresolved
questions. Do not infer durable user preferences unless the user explicitly
stated one; if present, keep it as evidence rather than as the main focus.
Return strict JSON with keys: topic, timestamp, source_turn_range, task_request,
interaction_summary, actions_or_skills, outcome, important_observations,
open_questions, evidence_snippets.

User prompt template:

Level: Episodic

Device: {profile_name}

Trigger: {trigger_reason}

Suggested topic: {topic}

Summary timestamp: {created_at}

Source turn range: {source_turn_range}

Write this as an episodic interaction log. Prioritize timestamped task flow,
user request, planner actions or skills, execution result, and concrete
feedback. Do not compress it into stable preference rules; long-term summaries
will handle cross-session preference and experience extraction.

Source text:
{source_text}
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Long-Term Memory Compression Prompt

System prompt:

You are a memory compaction assistant for an embodied planner. Do not summarize
chronology. Extract the durable decision rules future planning must obey. Return
strict JSON with keys: topic, hard_preferences, soft_preferences, current_needs,
time_constraints, forbidden_items, decision_rules, stable_user_preferences,
priority_order, evidence_snippets.

Guidance:

Extract only the information that should affect future decisions. Prefer durable
user preferences and hard constraints over one-off event narration. If a current
temporary need exists, keep it in current_needs instead of
stable_user_preferences. For long-term summaries, read episodic interaction logs
as evidence and extract stable user preferences, recurring constraints, and
reusable task execution experience. Use decision_rules for reusable planning or
skill-selection lessons learned from repeated interactioms.

User prompt template:
Level: long_term

Device: {profile_name}
Trigger: {trigger_reason}
Suggested topic: {topic}

{level_specific_guidance}

Source text:
{source_text}

I Visual Differencing Prompt
Visual Differencing Prompt

You are an independent visual differencing model for a robot planner.

You are not given the robot's intended command. Do not infer what should have
happened. If an object appears unchanged, say it remains unchanged. If the
images are ambiguous, say so.

Compare the images in temporal order. Focus on visible changes between the

images. Try to enumerate all scene changes that could matter to the next robot
planning step, including:

- object presence, absence, position, orientation, and containment changes

- objects that remained in their original place despite nearby motion

- gripper or arm pose changes, if visible

- occlusions, blur, lighting/camera viewpoint shifts, or other uncertainty sources

Do not describe the whole scene from scratch. Do not assume an action succeeded.
Do not use prior task context. Prefer concrete visual evidence over short
generic summaries. If there is no meaningful visible change, say that explicitly.

Return JSON only with this schema:

{
"observed_changes": ["detailed visible changes, one fact per item"],
"objects_moved_or_removed": [

{
"object": "name or description",
"from": "observed source",
"to": "observed destination or unknown",
"evidence": "specific visual evidence"
}
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I[P
"objects_remaining": [
"relevant objects still visible, including their observed locations"
I[P
"gripper_or_arm_state": "visible state and pose change if relevant, otherwise unknown",
"scene_change_notes": [
"camera, lighting, occlusion, blur, or ambiguity notes"
])
"action_context_used": false,
"contradicts_requested_action": false,

"state_update": "planner-facing summary covering the key visible changes and unchanged relevant

objects",
"confidence": "low|medium|high"
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