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ABSTRACT

Research Methodologies for Spatiotemporal Cognition in

Embodied Foundation Models for Open-World Scenarios

Huajie Tan (Computer Application Technology)
Directed by: Prof. Huizhu Jia

ABSTRACT

Large Language Models (LLMs) and Vision-Language Models (VLMs), which are types
of general foundation models, have made big progress in the digital domain. But transferring
the knowledge they’ve built up into robotic systems that can sense physical surroundings, do
embodied tasks, and interact with the real world is a big pressing bottleneck on the way to
Artificial General Intelligence (AGI). You can see that existing embodied models meet with
three main difficulties when working in open and complex environments. Firstly, their under-
standing of fine-grained spatial relationships is still very coarse. Temporal reasoning across
long time horizons often gets fragmented, which was kind of surprising to us. And they are not
good at abstract reasoning, and can’t use what they know in unfamiliar situations. This holds
them back a lot. All these limitations together stop such models from doing long-sequence
dynamic tasks under three-dimensional physical constraints.

We use three contributions to tackle the above difficulties in this thesis. First, we put
forward a construction pathway for a general-purpose embodied multimodal cognitive brain
model. Embodied cognition is organized along two axes, spatial perception reasoning and tem-
poral causal modeling. And we gather around 5 million samples to make a large-scale hybrid
fine-tuning dataset. That’s a huge amount of data, which was kind of surprising. Then we in-
troduce a three-stage progressive training scheme. The first stage covers perceptual alignment.
The second one focuses on chain-of-thought injection. The third uses reinforcement learning
alignment. We did evaluations on more than ten spatial and temporal benchmarks. You can
see that the proposed model ranks among the top open-source alternatives on most metrics. It
establishes a cognitive substrate that plays an important role in integrating metric-level spatial
understanding with closed-loop temporal planning for robotic systems.

And second, we want to check if the cognitive brain can bring tangible results when a sin-

gle robot does physical execution tasks, so we design an end-to-end Vision-Language-Action
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(VLA) model. This model follows a “See-Think-Sketch-Act” chain-of-thought closed loop.
Visual primitives like bounding boxes, keypoints, and directional arrows externalize the brain
model’s high-level spatial reasoning intentions. And these primitives are converted into geo-
metric constraints. You can see that these constraints play an important role in conditionally
guiding a flow-matching action expert to generate continuous actions. We ran experiments to
test this setup. The experiments show big gains in long-horizon task completion. That was
kind of surprising. We also see big gains in real-time error correction. And cross-scenario
generalization has big gains too.

Third, we want to find out if the cognitive brain can scale to wider real-world settings and
coordinated multi-robot operation, so we built a hierarchical Brain-Cerebellum multi-agent
collaboration framework. Its core is a unified Spatio-Temporal-Embodiment Memory module
which plays an important role in consolidating scene geometry, execution history, and pro-
prioceptive states of morphologically diverse robots into a persistent representation. And this
allows the brain model’s global scheduling capabilities to permeate down to cerebellum-level
skill execution. We do comparative experiments across multiple simulation platforms and
physical robots, they evaluate high-level task orchestration and dynamic adaptation from three
perspectives. Firstly, we check lifelong adaptability. Secondly, we look at collaborative scal-
ability. Thirdly, we test system robustness. I think these three points are important, important
because they cover all key parts of multi-robot collaboration.

We can see that this thesis takes the construction of an embodied cognitive brain model
as its guiding thread, it moves from “single-embodiment end-to-end precise execution” to-
ward “multi-embodiment hierarchical Brain-Cerebellum collaboration.” That’s its core focus.
I think it shows embodied brain models which are both feasible and necessary for accurate spa-
tial perception in the open physical world. And they also play an important role in long-horizon
task planning. You can notice they support generalized reasoning too. This provides impor-
tant theoretical grounding and important practical ways for people to keep exploring embodied

intelligence.

KEY WORDS: Embodied Al, Vision-Language Models, Spatial Perception, Long-Horizon
Temporal Modeling, End-to-End Control, Multi-Agent Collaboration
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