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Abstract

Recent advancements in embodied intelligence and robotics have witnessed groundbreaking
innovations across hardware and AI model architectures. While significant progress has been
made in specialized foundation models for reasoning, multi-modal perception, manipula-
tion and locomotion, there remains a critical gap in unified platforms capable of seamless
cross-embodiment deployment for real-world robot applications. We present TAIROS, a
comprehensive embodied AI platform that integrates multi-modal perception, long-horizon
planning, and dexterous action capabilities into a unified modular architecture. Building
upon state-of-the-art LLM, VLM, and VLA models, TAIROS features three interoperable
modules: Embodied Perception, Embodied Planning, and Perception-Action, designed for
both integrated agent deployment and standalone functionality. Our platform demonstrates
exceptional generalization across diverse robotic embodiments (humanoids, quadrupeds,
bi-manual manipulators) and real-world tasks including complex manipulation, dynamic
locomotion, and multi-modal interaction. Extensive validation on industrial and domestic
scenarios confirms TAIROS’s capabilities in bridging the gap between AI advancements and
physical-world applications.

1. Introduction

The advent of foundation models has ushered in a new paradigm for artificial intelligence
systems, with transformative impacts across vision, language, and decision-making domains.
These models, trained in Internet-scale datasets that encompass trillions of tokens and millions
of images, have demonstrated unprecedented generalization and adaptation capabilities.
Seminal works like GPT-4 [1] and Gemini [2] have shown how large-scale pretraining can yield
models that transfer effectively to downstream tasks with minimal fine-tuning. Particularly
in embodied intelligence and robotics, foundation models offer the promise of overcoming
longstanding challenges in generalization, sample efficiency, and multi-modal understanding
that have constrained traditional approaches.

Embodied intelligence represents an interdisciplinary field that integrates mechanical
engineering, embodiment design, control theory, and AI. The rapid advancement of foundation
models in AI has recently led to the emergence of numerous specialized models addressing
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different aspects of embodied intelligence, which can be broadly categorized into four types:
multi-modal foundation models for embodied perception and navigation, large language
models for embodied reasoning, vision-language-action (VLA) models for manipulation, and
simulation-based reinforcement learning for locomotion and whole-body control (WBC).

1.1. Multi-modal Foundation Models
In recent years, multi-modal foundation models have made significant advances, driven

by breakthroughs in cross-modal semantic understanding. The introduction of CLIP [3]
marked a milestone by mapping images and text into a shared embedding space through
contrastive learning, laying the groundwork for unified multi-modal representations. Building
on this foundation, OpenAI launched DALL·E [4], which pioneered the use of diffusion
models for text-to-image generation and opened a new chapter in generative multi-modal
modeling. Concurrently, Google introduced the Vision Transformer (ViT) [5], which brought
the Transformer architecture to the visual domain, replacing traditional CNNs and providing
a unified backbone for multi-modal integration. This architectural innovation paved the way
for more scalable and flexible multi-modal models. Subsequently, Google released PaLM-E [6],
a large-scale model that integrates text, images, and robotic sensor data, scaling up to 562
billion parameters. PaLM-E represents a significant step toward embodied intelligence by
enabling a closed loop from perception to action within a single model.

In the field of perception, foundation models have also achieved remarkable progress.
Meta’s Segment Anything Model (SAM) [7] was the first general-purpose image segmentation
foundation model, demonstrating strong zero-shot generalization and enhancing object
segmentation in areas such as autonomous driving and robotics. Its successor, SAM2 [8],
further improved efficiency and accuracy, enabling object segmentation from video streams
and showing great potential in real-world robotic perception. However, both SAM and
SAM2 lack comprehensive scene-level semantic understanding, which limits their application
in more complex tasks and necessitates integration with visual classification models. To
address the need for open-vocabulary and text-guided object detection, models such as
Grounding DINO [9] and YOLO-World [10] have emerged. Grounding DINO leverages a
multi-modal transformer architecture to achieve deep cross-modal fusion, enabling zero-shot
object localization based on textual descriptions without additional training. In contrast,
YOLO-World extends the traditional YOLO framework with vision-language pretraining,
focusing on real-time, open-vocabulary object detection for practical deployment.

As detection and segmentation models evolve, a new trend has emerged: directly integrat-
ing visual information into large language models to create multi-modal foundation models.
This integration enables richer visual-language interaction and reasoning, pushing VLMs
toward general artificial intelligence and embodied intelligence applications. For example,
OpenAI’s GPT-4o [1] extends language models with visual input capabilities, supporting
complex reasoning and generation that combines images and text. Similarly, Qwen2.5-
VL [11] emphasizes comprehensive vision-language understanding across images, videos, text,
and structured layouts, while VLN-Game [12] combines pretrained vision-language features
with 3D mapping and game-theoretic target matching to enable zero-shot visual-language
navigation.
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Building on these advances, recent research has begun to explore the application of multi-
modal foundation models in embodied intelligence scenarios. For instance, ConceptGraphs [13]
proposes an efficient open-vocabulary 3D scene graph representation that optimizes storage
and scalability by focusing features on object nodes. Werby et al. [14] further developed
a hierarchical open-vocabulary 3D scene graph approach, enabling robots to understand
objects and their spatial relationships in complex environments and to follow natural language
instructions more effectively.

Within the TAIROS platform, our Embodied Perception Module builds on these state-of-
the-art multi-modal foundation models to deliver enhanced visual-language understanding and
memory. This unified framework bridges perception and action, enabling more sophisticated
scene interpretation and task execution across a wide range of robotic applications.

1.2. Embodied Reasoning using LLMs
In the domain of embodied reasoning using large language models (LLMs), current research

has evolved along several distinct yet complementary technical pathways. The first category
adopts hierarchical architectures that decouple high-level planning from low-level execution,
exemplified by frameworks like DEDER [15] which distills complex reasoning from LLMs into
smaller, resource-efficient models through a two-tier policy structure and embodied knowledge
graph. Similarly, Environment Preference Optimization (EPO) [16] introduces a novel
hierarchical framework that decomposes long-horizon tasks into sub-goals while leveraging
multi-modal environment feedback to generate automated training signals, achieving state-of-
the-art performance on established benchmarks like ALFRED. Another notable approach,
EmbodiedAgent [17], addresses multi-robot coordination challenges through a structured
memory system that validates actions against environmental constraints, supported by the
MultiPlan+ dataset and RPAS assessment schema.

Many another approaches focus on enhancing multi-modal understanding through tighter
vision-language integration. PlanLLM [18] pioneers cross-modal joint learning by connecting
world-level common sense with visual states via mutual information maximization, demon-
strating robust performance in both closed-set and open-vocabulary scenarios. Parallel efforts
have developed frameworks that concurrently process visual and linguistic planning signals to
overcome spatial imagination limitations in pure LLM-based approaches [19]. The TaPA [20]
framework further advances this direction by grounding LLM-generated plans in physical
scene constraints through visual perception integration, while Robo2VLM [21] contributes a
data generation pipeline that derives VQA queries from real robot trajectories to improve
spatial reasoning in vision-language models.

Task decomposition and adaptive planning constitute another focus of research. Recent
innovations include multi-modal grounded planning systems that achieve data-efficient learning
in complex environments [22], and Egocentric Planning which combines symbolic planning
with Object-oriented POMDPs for scalable task achievement [23]. The InterPreT [24]
framework enables robots to learn symbolic predicates from non-expert language feedback,
facilitating generalization to novel tasks. SMART-LLM [25] demonstrates how LLMs can
coordinate multi-robot systems through programmatic task decomposition and coalition
formation, while MPO [26] introduces meta-plans reusable high-level templates optimized
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via execution feedback. The Embodied-Reasoner [27] extends visual search and reasoning to
interactive tasks through a three-stage training pipeline, and PRED [28] enhances robustness
by preemptively revising actions based on environmental discrepancy detection.

Benchmark development remains critical for evaluating progress in embodied planning.
The Embodied Agent Interface [29] establishes standardized evaluation using Linear Temporal
Logic to systematically assess 18 LLMs across key tasks such as goal interpretation and action
sequencing. However, there remains a notable scarcity of large-scale benchmarks in this
domain. To address this critical gap, we propose a novel benchmark speci�cally designed for
evaluating complex long-horizon planning tasks, which will serve as a comprehensive testbed
for assessing various foundational planning models of embodied intelligence.

The most analogous to the Embodied Planning Module in the present work is Cooperative
Embodied Language Agent (CoELA) [30], a modular framework that integrates perception,
memory, and communication modules for decentralized multi-agent collaboration. These
advancements collectively push the boundaries of embodied AI by addressing fundamental
challenges in reasoning, perception, and adaptive execution across diverse real-world scenarios.

1.3. Vision-Language-Action Models

Another signi�cant line of research adopts an end-to-end approach to embodied intelligence
through the Vision-Language-Action (VLA) paradigm, which heavily relies on robotics data
typically collected via teleoperation or similar methods. RT-1 [31] pioneered transformer-based
robot control through its discretized action transformer architecture, utilizing E�cientNet for
visual processing and demonstrating scalable multi-task kitchen manipulation. Building upon
this foundation, RT-2 [32] achieved breakthrough capabilities as the �rst vision-language-
action model co-�netuned on both internet-scale visual question answering data and robotic
manipulation data, employing PaLI-X architecture components.

Alternative approaches have demonstrated complementary strengths. SayCan [33] estab-
lished a paradigm combining large language model planning with value function grounding,
using PaLM [6] for high-level goal interpretation. ACT [34] introduced temporal ensem-
bling and action chunking to achieve sub-millimeter precision in bimanual manipulation
through its CVAE-Transformer architecture. The emergence of di�usion-based methods
began with Di�usion Policy, which modeled multimodal action distributions and later incor-
porated UMI [35] framework improvements. Octo [36] set new benchmarks as a generalist
di�usion policy trained on over 4 million trajectories across 22 platforms using the Open
X-Embodiment dataset. OpenVLA [37] demonstrated e�cient transfer through LLaMA-2
adaptation with DINOv2/SigLIP visual encoders. RDT-1B [38] advanced di�usion models
through its 1.2B-parameter architecture featuring a uni�ed action space representation.

More recently, � 0 [39] implemented �ow matching for high-frequency control using
PaliGemma components and demonstrated exceptional cross-platform deployment capabilities
for robotic manipulation tasks. FAST[40] introduced frequency-space action tokenization
for 15x inference acceleration. Gemini Robotics leveraged Gemini 2.0 foundation model
capabilities for dexterous manipulation. Helix [41] achieved 200Hz humanoid control through
optimized transformer policies, while GR00T [42] developed a uni�ed di�usion framework for
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humanoid systems using Eagle-2 VLM components based on real-world robot data and exten-
sive IsaacSim data. These advances collectively demonstrate rapid progress along multiple
dimensions: scaling through foundation model approaches, specialization for particular control
regimes, and novel architectural innovations in action representation and policy learning.

Our Perception-Action Module adopts� 0 as its foundational architecture. The module's
implementation involves a two-phase training approach: initializing with the pre-trained� 0

model's parameters followed by domain-speci�c post-training using our proprietary dataset
collected through extensive teleoperation and simulation experiments. This dataset com-
prises multi-modal observations paired with corresponding action trajectories across diverse
manipulation tasks, enabling the model to maintain� 0's robust generalization capabilities
while adapting to our target operational environments and task requirements.

1.4. Locomotion and Whole-Body Control
For locomotion and whole-body control (WBC), the dominant technical route involves

simulation-based learning with sim2real transfer. Lifelike [43] demonstrated this by training
locomotion policies by tracking motion capture data before deploying to quadruped robots.
OmniH2O [44] enabled both teleoperation and autonomous control of full-size humanoids
through GPT-4o or learned policies. BeamDojo [45] introduced specialized rewards for
polygonal feet locomotion, and various frameworks like Exbody2 [46], HoST [47], and
GMT [ 48] advanced whole-body control through innovative training methodologies combining
RL, behavior cloning, and motion prior integration. HOVER [49] and ASAP [50] further
pushed the boundaries of agile humanoid motion through uni�ed policy distillation and delta
action learning for easier robot deployment. Our locomotion model follows the simulation-
based learning route, with the primary objective of developing a more universal training
pipeline capable of rapid cross-platform adaptation without requiring robot-speci�c parameter
tuning.

1.5. Summary
While the �eld of embodied intelligence has witnessed signi�cant progress across multiple

research directions, there remains a notable absence of comprehensive systems capable of
addressing all these aspects in an integrated manner. The TAIROS platform proposed in this
work represents a holistic system encompassing perception, planning, and execution capabili-
ties through three core functional modules: the Embodied Perception Module, Embodied
Planning Module, and Perception-Action Module. These modules are seamlessly integrated
through standardized interfaces to form a uni�ed embodied intelligence agent capable of
executing end-to-end robotic tasks with cross-platform adaptability. Robot platforms meeting
hardware speci�cations can directly access TAIROS services through API calls or SDK-based
edge deployment. Importantly, the platform maintains �exible modularity, allowing each
component to be independently invoked for speci�c functions such as visual question an-
swering (VQA) in perception, query-based planning, or edge deployment of VLA and WBC
execution. The TAIROS platform has already been successfully deployed across multiple
robotic platforms from Unitree, PaXini, Leju, Dobot, and Engine AI, etc., demonstrating its
practical applicability and versatility in real-world scenarios.
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Figure 1: Paradigm shift from sensing-planning-acting to SLAP in the �eld of robotics.

Figure 2: A framework overview of the TAIROS platform.

2. TAIROS Framework Overview

The �eld of robotics has undergone a fundamental transformation in its architectural
paradigm, evolving from the classical sensing-planning-action loop to the new SLAP framework
as depicted in Figure 1. The classical sensing-planning-action loop cannot deal with fast
environmental incidents such as tripping by stones during walking and a slipping cup during
grasping, and is thus lack of reactive autonomy. The SLAP framework we proposed in 2018
consists of Sensing, Learning, Action, and Planning. The notable di�erence is the tight
coupling of Sensing and Action at the lower level, allowing fast reaction to the changing
environment. This is consistent with System 1 in human cognition [51]. Only when dealing
complex tasks, the Planning is called upon, which is consistent with System 2 in human
cognition. The Learning in�ltrates every module of Sensing, Action, and Planning.

After years of continuous research and development, our colleagues at Tencent Robotics
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X Lab have re�ned this framework through persistent iteration. Now it has evolved into a
more comprehensive and robust core technological framework, which we call theSLAP 3

system (Sensing-Learning-Action: Perception, Planning, PAction, where PAction stands for
Perception-Action). The TAIROS platform is built upon the SLAP 3 framework. See Figure 2
for an overview. TAIROS consists of three main modules that focus on perception, planning,
and execution, respectively. The Embodied Perception Module ingests multi-modal data from
a range of sensors, including robot proprioceptive signals, camera images, depth maps or point
clouds from depth cameras or LiDAR, as well as tactile and force sensor inputs. Using these
inputs, the module reconstructs a dense 3D point cloud, performing object-level geometric
fusion and semantic annotation to generate a hierarchical scene graph. This scene graph
functions as the robot's long-term memory, enabling e�cient information summarization,
querying, and retrieval. By integrating multi-modal sensory information into a hierarchical
and structured format, the robot can continuously and systematically perceive and update
its environment, which in turn provides robust support for advanced reasoning and decision-
making over extended periods. The Embodied Planning Module is an LLM-based reasoning
agent that receives user prompt and environment context from the Embodied Perception
Module, and then performs long-horizon reasoning through MCTS [52], CoT [53], and tool
calling [54], etc., to decompose a di�cult task into sub-tasks, each of which can be completed
by calling the Perception-Action (PAction ) Module. The PAction Module receives commands
from the Embodied Planning Module and vision-tactile-force-language embeddings from
the Embodied Perception Module to output robot actions. The Perception-Action module
currently contains two speci�c models for legged robot locomotion and gripper/dexterous-
hand manipulation separately. The locomotion model is trained in simulation using RL and
deployed on real robots through a general sim2real pipeline. The manipulation policy is a
VLA model based on an architecture similar to� 0 [39]. In the future, the locomotion and
manipulation models will be uni�ed. The three modules compose the complete embodied
agent for end-to-end deployment over any robot hardware platform that meets a certain
requirement. Meanwhile, each of the three modules can be called independently via self-
contained APIs (service from the cloud) or SDKs (for edge deployment). For example, the
Embodied Perception Module enables text prompt interaction with users, acting like a VLM
for question answering and scene understanding; the Embodied Planning Module can chat
with users and help solving long-horizon decision problem via text responses; the Perception-
Action Module can be deployed in robot hardware for direct locomotion and manipulation
tasks. Please refer to the o�cial site for direct usage:https://tairos.tencent.com/docs .
In the following sections, we will elaborate each module in technical detail.

3. Embodied Perception Module

The Embodied Perception Module is designed to equip embodied robots with advanced
environmental perception and memory capabilities. To this end, we maintain a hierarchical
scene graph that is updated in real time and online, continuously capturing and organizing
information about the robot's surroundings. This enables the robot to construct and dynami-
cally update a structured, semantic 3D representation of complex and changing environments
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