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Robot foundation models have substantially advanced perception and control, but natural human-robot
collaboration requires more than executing isolated commands. A robot must recognize ambiguity, maintain
context across turns, communicate its intentions, and revise ongoing behavior as the user’s intent changes. We
present Ludipy, an agentic system for socially intelligent robots that integrates interactive speech, multimodal
reasoning, memory, navigation, and learned manipulation. Its decision-making core is a fine-tuned vision—
language model trained on multi-turn interaction traces spanning ambiguous requests, clarifications, corrections,
interruptions, mixed social and task dialogue, and multi-step tasks. A purpose-built harness manages the
model-tool interaction loop, while specialized navigation and manipulation policies execute physical skills.
Ludip.; demonstrates a practical path toward fluid human-robot collaboration today while producing the
multimodal interaction traces needed to develop a more deeply integrated foundation model for robots and

people.

Videos and additional examples: ludorobotics.ai

1. Introduction

Recent advances in robot foundation models have substantially expanded the range of tasks robots can
perform. Models built on pretrained large language and vision-language models exhibit increasingly general
perception, reasoning, and language-conditioned control across navigation and manipulation (Driess et al.,
2023; Zitkovich et al., 2023; Kim et al., 2024b; Black et al., 2024; Bjorck et al., 2025; Cheng et al., 2024),
while more recent approaches have begun to incorporate generative world models to support prediction and
action generation (Zhen et al.,; 2024; Ye et al., 2026; Zhang et al., 2025). Much of this progress, however,
has emphasized physical task competence and generalization. Natural human-robot collaboration requires
capabilities beyond physical competence: robots must also interpret human intent, communicate naturally,
and adapt their behavior through speech, gesture, and shared context.

Consider a household task performed by a Unitree G1 humanoid robot, illustrated in Figure 1. A person
asks the robot:

“Hey Ludi, could you bring Chloe a Coke?”

Two soda cans sit on the table, one Coke and one Pepsi. The request names which one, so the robot says
“Sure,” and checks whether the red can is within arm’s reach and reaches out to pick it up.

A challenge arises when the user’s intent changes after the robot has already begun acting. Suppose the
user initially chooses Coke, and Ludig ; begins reaching for the Coke. The user then remembers that Chloe
prefers Pepsi and says:

“Oh, wait. She actually prefers Pepsi.”

Ludip; must understand that this correction supersedes the earlier choice, relate it to the action already
underway, and revise its behavior accordingly. It abandons the reach for the Coke, picks up the Pepsi,
navigates to the bedroom, and delivers it to Chloe’s desk.

This example illustrates a key form of social intelligence that is natural for people but difficult for robots:
adapting quickly when a user’s intent or instruction changes after action has begun. Doing so requires speech,
perception, memory, reasoning, navigation, and manipulation to operate as an integrated system, allowing new
information to reshape ongoing behavior. Despite recent progress in robotics, making such fluid, responsive
interaction reliable across varied environments and tasks remains an open challenge. This work takes a step
toward that goal by integrating social interaction and physical behavior within a single robotic system.
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Figure 1 Social intelligence in action. In this real-robot demonstration on a Unitree G1 humanoid, a user asks Ludip 1
to bring a Coke to Chloe in the bedroom, and Ludip.; begins reaching for the Coke. When the user remembers that
Chloe prefers Pepsi and changes the request, the robot abandons the original action, retrieves the Pepsi, navigates to
the bedroom, and delivers it to Chloe’s desk. The episode illustrates how dialogue, contextual reasoning, navigation,
and manipulation are coordinated within a single evolving human-robot interaction.
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2. Ludipq: An Agentic Approach

Ludip.; integrates robot perception, navigation, and manipulation with interactive speech, dialogue, memory,
and social reasoning in a functioning robotic system. Our current implementation runs on a Unitree G1
humanoid. We deliberately chose an agentic architecture rather than relying on a single end-to-end model
because natural human-robot interaction requires the robot to coordinate specialized capabilities over time
and revise ongoing behavior as new information arrives.

Modern vision-language models (VLMs) jointly represent visual and linguistic information and support
rich visual-language understanding and open-ended multimodal generation (Radford et al., 2021; Alayrac
et al., 2022; Liu et al., 2023b). These capabilities make VLMs a natural candidate for the reasoning core of
an interactive robot. At the center of Ludip is a fine-tuned VLM that serves as the reasoning core of the
agent. It interprets the current scene and interaction history and decides what the robot should say or do
next, including whether to wait, navigate, or invoke a manipulation policy.

Ludip; operates within a harness that manages the interaction loop. The harness assembles the current
context, calls the VLM, validates and executes its selected tool, records the result, and calls the VLM again
with the updated context. A single user request can therefore produce several cycles of reasoning, tool use,
and observation before the interaction returns to the user. The VLM decides what should happen next; the
harness manages how that decision is executed and incorporated into the ongoing interaction.

Spoken input triggers a new agent turn, while speech output runs asynchronously so that reasoning and
action can continue while the robot is speaking. New user input can arrive at any time and redirect the robot
even while it is speaking or acting. The harness maintains a shared interaction record containing dialogue,
visual observations, model decisions, tool calls, and outcomes. The VLM reasons over this record and generates
new plans, responses, and action decisions. As the interaction grows, an auxiliary model compacts older
context in the background without disrupting an active turn. All inference and system operation can run
locally, without relying on external model APIs or cloud-based inference. In our experiments, Ludip ; ran on
an onsite GPU workstation connected to a Unitree G1 robot.

We refer to the complete embodied agent as Ludig 1: the VLM together with the harness, speech components,
navigation system, and manipulation tools, depicted in Figure 2. For manipulation, Ludig ; invokes specialized
vision—language-action (VLA) policies, a class of models that conditions on visual observations and language
instructions to generate robot actions (Zitkovich et al., 2023; Kim et al., 2024b). In our current implementation,
these manipulation policies are based on GRO0T N1.7 (Bjorck et al., 2025). Within its current set of supported
environments and skills, Ludip; can engage in spoken interaction, interpret the surrounding scene, ask
clarifying questions, navigate indoors, and carry out manipulation tasks using these policies. It can maintain
context across an extended interaction and revise an ongoing plan when the user provides new information.

Together, these capabilities allow Ludip; to handle interactions that cannot be reduced to isolated
perception, dialogue, navigation, or control tasks. The robot can move fluidly between understanding a
request, gathering missing information, explaining its intent, acting in the physical world, and revising its
behavior in response to the user. The goal is not simply to make robots more conversational. Speech must
remain grounded in what the robot sees, remembers, plans, and does, so that communication and physical
action unfold as one coherent interaction in the real world.

3. A VLM for Interactive Robotics

At the center of Ludip ; is a Qwen3.5 vision—language model (VLM) (Qwen Team, 2026), fine-tuned specifically
to serve as the reasoning core of the agent by perceiving the scene, interpreting and responding to user
interactions, and deciding which tool to invoke at each step. Starting from the pretrained model, we fine-tuned
it on synthetic multi-turn demonstrations of complex tasks and human-robot interactions. Our objective
was to go beyond visual recognition and instruction following, training the model to interpret an evolving
interaction, reason over shared context, select among speech and physical tools, and revise its behavior when
the user provides new information.
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Figure 2 Architecture of the Ludip.; embodied agent. The VLM provides scene perception, reasoning, dialogue, and
tool selection, while the harness manages model calls, tool execution, results, and shared context across turns.

3.1. The Agent Interface

At each turn, the model receives the robot’s ego-view image, panoramic context from a head-mounted 360°
camera, the transcribed user speech, the interaction history including its own reasoning, and the results
returned by previous tool calls. It responds with a single action drawn from a small, fixed tool set:

say: speak to the user, including responding to the user and asking a clarification question.
lookup_keypoints : retrieve the static map of rooms and named locations, sorted by distance from the
robot.

navigate : move to a named location in the environment.

reachability: check whether a visible object can be picked up, and which arm to use, before attempting
manipulation.

vla: execute a manipulation, including picking up or placing an object via a trained VLA policy.
wait: hold and keep observing until something changes.

Each tool is exposed to the model through a typed function-call schema, a structured interface that
specifies the tool’s arguments and their allowed values. The harness enforces the contract around each call:
a turn may contain at most one action-bearing tool call, a pick must be directly preceded by a successful
reachability check, and malformed or out-of-contract calls are rejected rather than executed. Parts of these
schemas are populated at runtime. The object_type vocabulary of reachability and (vla is read from the
robot’s VLA registry when the agent starts, so newly trained manipulation skills automatically appear to the
model as new argument values. This allows the set of manipulation skills available to the agent to expand
without retraining the agent itself.

3.2. Training Data and Fine-Tuning

We built the training corpus by generating interaction scenarios combinatorially over tasks, objects, and
interaction events. Each scenario was rendered into a multi-turn interaction trajectory and serialized as a
tool-call trace with intermediate reasoning. The corpus covers the situations that make interactive robotics
hard: ambiguous requests, mid-task corrections, interruptions, multi-step errands, and dialogue that mixes
task-oriented conversation with social interaction. The training corpus consisted of 14,432 trajectories.
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The demonstrations were fully synthetic, with tool-call correctness guaranteed by construction: a state
machine and policy table determined every tool call, its arguments, and its result. A teacher LLM wrote each
turn’s language, including the reasoning text, spoken responses, and user utterances, controlling vocabulary
and style. Every authored turn then passed through a quality gate of automated rule-based checks and
a two-stage LLM judge. If a turn failed these checks, the system allowed up to two constrained revision
attempts; turns that still failed were rejected. Scene imagery comes from generated images and simulator
renders of environments that mirror the deployment space. Figure 3 shows a generated demonstration.

USER “Bring me the middle laptop.”
say("I'll bring you the middle laptop.")
lookup_keypoints() keypoint map of the house > CONTEXT
navigate(office : search_2) laptop spotted in the distance, on the cabinet

navigate(office - at the cabinet)

Four camera views, captured each turn

IMG
> + TURN

THINKING “I stand at the furniture with the middle laptop in the front view. The request identifies the laptop by position,
the middle one; | check whether it can be reached from this stance.”

reachability(object_type="1aptop", position="middle")

/

Figure 3 An example of generated data. The user identifies the target by spatial position (“the middle laptop”); the
model grounds the target in the four-view observation before issuing a reachability check. The multi-turn tool history
(coNTEXT) and the latest four-view observation form the input, while the reasoning and one action (IMG + TURN)
are the supervision target.

We explored several adaptation strategies, including distillation and prompt optimization, and ultimately
used supervised fine-tuning on the interaction traces. We fine-tuned Qwen3.5 at the 4B and 9B scales (Qwen
Team, 2026). The fine-tuned 9B model achieved higher benchmark success than the 4B model, but we deployed
the smaller model because its lower inference latency provided a better tradeoff for real-time interaction.

3.3. Closed-Loop Simulation for Interactive Robot Agents

Existing VLM benchmarks typically score isolated predictions: given an image and a question, compare the
model’s answer against a reference answer or predefined choice (Goyal et al., 2017; Hudson and Manning, 2019;
Yue et al., 2024). That misses what an embodied agent actually has to do, which is to sustain a multi-turn
interaction with people while acting in a world that changes because of its own actions. We therefore built a
closed-loop simulation environment in which the agent serves a user end-to-end: it perceives, speaks, navigates,
and manipulates through exactly the same tool interface and system prompt as on the real robot. The only
scripted component is the simulated user; the agent’s behavior and the resulting evolution of the environment
unfold in closed loop.

We run these closed-loop interactions in AI2-THOR (Kolve et al., 2017), an interactive indoor simulator,
using ProcTHOR (Deitke et al., 2022) to generate diverse 3D homes with different room layouts, furnishings,
and object placements. Each generated home is fixed by hash so that every scenario can be reproduced exactly.
The simulated robot matches the deployed system: the agent receives the same four panoramic views using
the same calibrated camera geometry as the robot’s head-mounted 360° camera, navigates only to named
keypoints on a static map, and manipulates through the same pick-and-place interface.
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3.4. Evaluation

We designed Interaction Core28, a closed-loop benchmark in AI2-THOR consisting of 28 scenarios that cover
delivery, perception and reporting, ambiguity that requires clarification, robustness to failed searches and
unreachable objects, and mid-task interaction. Each scenario defines a gold tool-call trajectory, and every
episode is scored on both its interaction and its final simulator state. Core28 is our primary measure because
it exercises the full loop of perception, dialogue, and action.

An episode counts as a task success when it terminates cleanly, satisfies the scenario’s deterministic
interaction gates, and reaches the required simulator end state. The gates encode the interaction behavior
being tested, such as asking for clarification before acting under ambiguity or reporting honestly when a target
cannot be reached.

Because deterministic gates cannot reliably account for alternative phrasings, a failed episode is passed to
an LLM judge when the sole failing gate concerns the semantic content of a spoken utterance. The judge
examines the full transcript, staged ground truth, and scenario success criterion and may overturn the failure
to a pass. It cannot overturn failures involving tool use, task execution, or the final simulator state.

Table 1 reports episode-level task success on Core28. Fine-tuning roughly doubles success over the same
pretrained model, and the fine-tuned 9B completes 20 of 28 scenarios end-to-end, approaching a frontier model
(GPT-5.6) with an optimized prompt. Remaining failures concentrate in spatial grounding at the delivery end
of a task: the agent picks the right object and plan but localizes the hand-off point imprecisely.

Table 1 Interaction Core28 closed-loop scenario benchmark (simulation). Episode-level task success after LLM-judge
appeal; the parenthesized count is how many of those successes the judge granted by overturning a language-semantic
gate failure. Fine-tuned models use LoRA (Hu et al.; 2022) applied to the corresponding Qwen3.5 base models.

Model Success (judge-overturned)
GPT-5.6 (GEPA-optimized prompt; Agrawal et al. (2026)) 26/28 (0)
Qwen3.5-4B (vanilla) 10/28 (1)
Qwend.5-4B (fine-tuned) 17/28 (1)
Qwen3.5-9B (vanilla) 11/28 (0)
Qwen3.5-9B (fine-tuned) 20/28 (1)

4. Engineering the Harness for Real-Time Interaction

Ludig.1’s control harness is designed to keep the interaction responsive and reliable even when model inference,
context management, speech, and physical actions operate at different timescales. A few design choices are
particularly important:

e Non-blocking context compaction: As the interaction history grows, an auxiliary model summarizes
older context in the background. The compacted history is installed only between active turns, so
context management never interrupts or changes the state of a running agent loop.

o Visual prefill and asynchronous speech: A background process continually refreshes the camera input
and performs visual prefill before a user instruction arrives, reducing the delay before the VLM can
respond. Spoken responses are placed on a FIFO audio queue, allowing the agent loop to continue while
ensuring that utterances play completely and in the order they were generated.

e Responsive Local Speech Interaction: Ludig ; uses a locally deployed speech pipeline optimized for
fast human-robot interaction. In our benchmark, once a recorded 10-second English utterance had
been captured, the selected four-thread sherpa-onnx configuration (The k2-fsa Team, 2023) transcribed
it in 94.7 ms on average, with 99.2 ms P95 processing latency and no transcription errors on the
test clips. These measurements reflect STT processing time rather than end-to-end human-perceived
response latency. More important for the overall system is how speech is integrated into the agent loop:
transcripts automatically start new agent turns, speech output runs asynchronously without blocking
reasoning or action, queued playback prevents utterances from interrupting one another, and new user
input can redirect ongoing navigation or manipulation.
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5. Humanoid Navigation: Keypoints and Continuous Planning

Ludip ; uses a navigation stack that combines conventional localization and keypoint-based navigation with
a continuous planner for motions requiring finer humanoid-specific control. Localization combines KISS-
ICP LiDAR odometry (Vizzo et al., 2023) with an extended Kalman filter, with hyperparameters tuned
automatically using Optuna (Akiba et al., 2019). For most household tasks, the VLM does not reason directly
over metric coordinates. Instead, it navigates through a static map of named keypoints associated with
semantically meaningful locations such as rooms, desks, tables, and work areas. The agent can query the
available keypoints and then issue a navigation command using the location name. This provides a simple
interface between high-level language reasoning and the lower-level navigation stack while keeping metric
planning outside the VLM. Before invoking a manipulation skill, the agent uses the reachability tool to
determine whether the target object is within arm’s reach. This creates a natural handoff between navigation
and manipulation: navigation brings the robot to a semantically meaningful location, while the reachability
check determines whether the object can be acted on from the current pose.

When finer local motion is needed, the system invokes an orientation-aware continuous planner tailored
to the G1 humanoid. The planner represents position and orientation with quintic spline trajectories, with
heading planned independently of direction of travel. It uses an orientation-aware multi-circle footprint to
account for the robot’s body geometry during turning, strafing, backward motion, and passage through narrow
spaces. The same trajectory representation supports planning, control, replanning, and safety checking,
allowing the robot to replan smoothly without repeatedly stopping and restarting.

6. Specialized VLA Manipulation Policies

Physical manipulation in Ludig ; is carried out by specialized VLA policies invoked as tools by the agent. For
the Ludig; demonstration, we fine-tuned GROOT N1.7 (Bjorck et al., 2025) on the manipulation skills needed
in the target home environment, as illustrated in Figure 4. The VLA setup has four key features:

e Pretrained G1 embodiment: We initialized from GROOT N1.7’s pretrained Unitree G1 embodiment
components (UNITREE_G1), including the embodiment-specific state and action representations, and
fine-tuned the model directly on our task-specific demonstrations.

e Arm-and-gripper control: The VLA controls the robot’s manipulation degrees of freedom only, predicting
arm and gripper actions rather than whole-body motion. Navigation and other body motion are handled
separately by the robot’s locomotion stack.

e Chunked action prediction: The VLA predicts and executes an action horizon of 30 steps synchronously
at each inference call. With the robot operating at 30 Hz, each chunk corresponds to approximately one
second of motor commands before the next VLA inference.

e Real-robot fine-tuning: Fine-tuning data were collected through teleoperation on the physical G1
in household pick-and-place settings similar to those used in the demonstration. This grounds the
pretrained model in the robot’s actual visual observations, kinematics, and manipulation behavior.

These VLA policies serve as learned manipulation skills rather than as the system’s primary reasoning
component. The VLM interprets the user’s request and the broader interaction, decides when manipulation is
appropriate, and invokes a VLA with a task instruction. The VLA executes the physical behavior and returns
its outcome to the agent when the episode completes or is interrupted.

Calibrated simulation environment. Although the final VLA policies were fine-tuned only on real-robot
demonstrations, we developed a high-fidelity Isaac Sim model of the G1 (NVIDIA Isaac Sim Project Developers,
2026) to accelerate policy development and evaluation before physical-robot rollouts. Simulation provided
a repeatable testbed for comparing model architectures, training procedures, execution horizons, action
representations, and data mixtures, while closed-loop rollouts exposed policies that had low training loss or
strong open-loop metrics but failed to complete the task.

To make these comparisons meaningful, we calibrated system timing, camera pose, scene geometry, and
motor dynamics separately against recorded behavior of the physical robot. Camera calibration achieved a
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Figure 4 Example of a real-robot pick-and-place task using the learned VLA policy. The Unitree G1, equipped with a
Dex-3 hand, grasps the target can from the tabletop using egocentric visual observations.

mask intersection-over-union (IoU) of approximately 0.92, while Dex-3 hand tracking error decreased from
0.132 to 0.043 rad (~7.6° to 2.5°) with fingertip error reduced to at most 13 mm. The fitted dynamics also
generalized to 17 held-out episodes from other tasks. We therefore used simulation as a screening tool rather
than a replacement for real-robot evaluation: because simulated performance did not always preserve policy
rankings on the physical robot, promising policies were ultimately validated through real-world rollouts.

7. Related Work

A growing line of work uses large language or vision-language models as high-level decision makers over
grounded robot skills. SayCan combines a language model’s estimate of an appropriate next action with
learned affordance values that reflect what the robot can actually execute (Ahn et al., 2022). Inner Monologue
closes this loop by returning scene descriptions, success signals, and human feedback to the model so that it
can revise its plan (Huang et al., 2022). Code as Policies instead uses a code-generating language model to
compose perception and control APIs directly. Together, these systems illustrate an early agentic pattern
in robotics: a general model selects and composes actions, while specialized components execute them and
report the results (Liang et al., 2022). More recent systems make this decomposition more explicit. Agentic
Robot (Yang et al., 2025) coordinates a reasoning model, VLA executor, and temporal verifier in a closed
planning—execution—verification loop, while VLAs-as-Tools (Lei et al., 2026) uses a high-level VLM agent for
scene analysis, planning, and recovery, with specialized VLA policies carrying out individual physical subtasks.

A closely related agentic paradigm has been explored with virtual embodiment in PUBG Ally, where
an autonomous agent reasons over player input and game state, selects among tools for speech, perception,
memory, and action, and iteratively decides what to do next (KRAFTON Al 2026). PUBG Ally provides a
close precedent for the architecture considered here, but with embodiment in a virtual rather than physical
environment.

Other work has focused more directly on the interactive challenges that arise when robots work with people.
KnowNo calibrates the uncertainty of a language-model planner so that the robot can ask for help when a
request is ambiguous (Ren et al., 2023). HELPER-X uses a memory-augmented language model across several
interactive embodied domains, including dialogue-based task execution, instruction following, and active
question asking (Sarch et al., 2024). Related work has also explored language as a mechanism for intervening
in ongoing robot behavior: RT-H (Belkhale et al., 2024) supports language-based corrections during policy
execution, OLAF (Liu et al., 2023a) uses verbal corrections to refine robot behavior after deployment, and
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Hi Robot (Shi et al., 2025) uses a hierarchical VLM /VLA architecture to incorporate complex instructions
and situated user feedback as a task unfolds. These efforts are closely related to Ludig.;’s emphasis on
clarification, evolving user intent, and memory across turns. More broadly, recent HRI work shows that
LLM-powered robots create interaction requirements distinct from text- and voice-only agents, including
stronger expectations for nonverbal behavior (Kim et al., 2024a).

In parallel, VLA foundation models such as RT-2 and GROOT learn robot policies conditioned on visual
observations and language instructions (Zitkovich et al., 2023; Bjorck et al., 2025). A particularly close
contemporary parallel is Gemini Robotics ER 2, an embodied-reasoning model that can communicate with
users, plan and monitor multi-step tasks, and invoke lower-level VLA or navigation capabilities as tools
(Hansen and Xu, 2026).

Ludip; lies at the intersection of these directions but emphasizes training for sustained human-robot
interaction. Where several early agentic systems relied primarily on prompting general models, we fine-tuned
the VLM on multi-turn traces containing ambiguity, clarification, social dialogue, interruptions, corrections,
and tool outcomes. The resulting VLM reasons over transcribed speech, multi-view visual input, interaction
history, and prior action outcomes, while a purpose-built harness manages low-latency execution across
speech, navigation, and GRO0T-based manipulation policies. Rather than treating agentic systems and robot
foundation models as competing alternatives, we are advancing a practical agentic system today while using
its interaction traces to train a more deeply integrated foundation model for robots and people.

8. The Limits (and Promise) of Agentic Robotics

Ludip; is modular at the execution layer but integrated at the interaction layer. A central VLM reasons
over the shared interaction context and decides whether the robot should speak, clarify, wait, navigate, or
manipulate, while the harness manages the interaction loop and specialized components execute the selected
actions. This architecture enables real-time clarification, handling of interruptions, memory-informed behavior,
and coordination between conversation and physical action.

But this integration is operational rather than fully learned. Speech, memory, navigation, and manipulation
remain distributed across separate components, and coordinating them through model calls and tools can
introduce context loss, latency, brittle handoffs, and fragmented behavior. Although the agent reasons over a
shared interaction history, the system does not learn a unified representation of the user, the environment,
and the robot’s evolving physical state.

We are therefore pursuing two complementary paths. First, we will continue advancing the agentic
architecture, improving the VLM, harness, memory, tools, and interaction loop to make Ludi more capable,
responsive, and reliable today. Second, we will use the multimodal interaction traces produced by Ludig 1,
connecting perception, speech, human feedback, decisions, and physical action, to develop a more deeply
integrated foundation model for robots and people.

9. Toward Ludi 1.0: A Foundation Model for Robots and People

The next step in this effort is Ludi 1.0, a foundation model for robots and people that aims to more deeply
integrate perception, dialogue, memory, reasoning, and control. Rather than treating conversation as an
interface layered on top of robot behavior, Ludi 1.0 aims to ground language and physical action in a shared
representation, allowing each to continually inform the other.

Such a model must jointly represent the evolving physical state of the robot and environment, the history
and intent of the user, and the relationship between language and action. It should understand how these
quantities evolve together over time: what has already happened, what the robot is currently trying to
accomplish, what the user expects, and how new observations or utterances change the appropriate course
of action. This representation should support not only choosing what to do next, but recognizing when an
action is no longer appropriate, when additional information is needed, and when to explain, clarify, revise,
pause, or stop as the interaction unfolds.

Ludip ; is therefore both a working embodied agent and a testbed for developing these capabilities. By
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exposing the limits of current architectures and collecting traces of human—robot interaction, it helps reveal
what a future foundation model must learn to represent. Ultimately, the goal is a robot whose physical and
social intelligence are deeply integrated: one that understands people, communicates naturally, and acts as a
collaborative partner in one coherent, ongoing interaction.
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