
FOUNDER: Grounding Foundation Models in World Models 
for Open-Ended Embodied Decision Making



• The Vision: Truly General-Purpose Robots

• Open-ended multi-modal embodied task interpretation and solving

• Instruct agents with natural language or videos

• Adapt to out-of-distribution tasks seamlessly

• Learn without needing hand-crafted rewards for every single task

• Using Foundation Models (FMs) to interpretate the multi-modal tasks?

• FMs are not grounded into the embodied domain and the physical world
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Introduction



• The Gap: High-Level "Brains" vs. Low-Level "Physics Engines"

• Foundation Models - The "Scholar"

• Strengths: Rich world knowledge, understands complex text/video prompts

• Weakness: Not grounded in the physical world. Doesn't know "how to act". 

• World Models - The "Artisan"

• Strengths: Models physical dynamics, efficient for control via imagination.

• Weakness: Cannot understand open-ended tasks. Requires per-task reward engineering.

• Fundamental Question: How can we bridge the gap between high-level semantic 

understanding and low-level physical control?
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Introduction



• Our Solution: Building a Bridge between FMs and WMs with FOUNDER

• We ground FM task representations into actionable goal states within the WM.

• This enables open-ended task solving in a reward-free, model-based manner.

• Task Input (Text/Video) → FM → Task Representation

• Task Representation → Mapping Function → Goal State in WM

• Agent → [WM Imagination + Temporal-Distance-Based Rewards] → Goal-Conditioned Policy
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Method Overview



• The agent is given

• A Reward-free trajectory offline dataset, consisting of observations (images) 

and actions, pre-collected from the target embodied environment

• A Vision Language Model (VLM)

• The agent cannot interact with the environment or obtain the 

ground-truth reward

• Offline + Visual + Reward-Free + Multi-Task
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Problem Setting
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Method

• Phase 1: Pretraining the WM and the Mapping Function

• We first learn a Dreamer-V3 style WM trained on the 

offline dataset

• Then we learn a mapping function: Ƹ𝑧 ∼ 𝑄(⋅∣ 𝑒) by 

aligning the embeddings of VLM and WM on the offline 

dataset, using an auto-encoder structure

𝑒𝑡 = 𝑉𝐿𝑀(𝑜𝑡−𝑘:𝑡), 𝑡 = 𝑘, ⋯ , 𝑇
𝑧𝑡 ∼ 𝑊𝑀(⋅∣ 𝑜≤𝑡, 𝑎<𝑡), 𝑡 = 𝑘, ⋯ , 𝑇

 𝑚𝑖𝑛
𝑄𝜓,𝑃𝜓

෍
𝑡=1

𝑇

𝔻KL[𝑄𝜓(⋅∣ 𝑒𝑡) ∥ 𝑊𝑀(⋅∣ 𝑜≤𝑡, 𝑎<𝑡)] +

𝔼 Ƹ𝑧𝑡∼𝑄𝜓(⋅∣𝑒𝑡)[−ln 𝑃𝜓(𝑒𝑡 ∣ Ƹ𝑧𝑡)]

• External VLM embeddings 𝑒𝑔 can be mapped into 

corresponding WM goal states: 𝑧𝑔 ∼ 𝑄𝜓(⋅∣ 𝑒𝑔)

The mapping function translates the abstract 
"what" of a task (VLM representation 𝑒) into a 
concrete "where" in the world model's state 
space (the inferred corresponding WM state Ƹ𝑧)
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Method
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Method

• Phase 2: Behavior Learning

• Once we have a goal state in the WM, all we need 

is to specify the reward function used to guide 

policy learning towards the goal.

• We propose using temporal distance as the 

reward signal. 

• We learn a temporal distance prediction model 

within the WM that predicts how many steps it 

takes to get from one state to another. This is also 

done in pretraining.

𝑚𝑖𝑛
𝐷𝜃

 𝑀𝑆𝐸(𝐷𝜃(𝑧𝑡, 𝑧𝑡+𝑐),
𝑐

𝑇
)

𝑚𝑖𝑛
𝐷𝜃

 𝑀𝑆𝐸(𝐷𝜃(𝑧𝑖 , 𝑧𝑗), 1)
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Method
• Phase 2: Behavior Learning

• Goal-Conditioned policy learning in the WM through 

imagination

• using the predicted temporal distance between current 

state and the goal state as reward

𝑟𝐷(𝑧𝑡, 𝑧𝑔) = −𝐷𝜃(𝑧𝑡 , 𝑧𝑔)

The behavior learning stage integrates:

• the high-level knowledge in the VLM

• The environment modeling capability of the WM

• The task grounding ability of the mapping function

• The reward generation of the temporal distance 
predictor 

All of them are task-agnostic, allowing for their potential 
application to open-ended, multimodal downstream tasks
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Experiments: Language Tasks

Superior Performance: 
Consistently outperforms prior 
methods on multi-task visual 
control benchmarks.



Experiments: Cross-domain Video Tasks

Deep Semantic Understanding: 
Effectively captures task semantics beyond 
simple visual matching, especially in 
scenarios with domain gaps.
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Experiments: Reward Evaluation

For policy learning based on our assigned pseudo-rewards, avoiding the misclassification 
of low-reward behavior as high-reward is far more critical than identifying all high-reward 
behaviors, as mistakenly favoring low-reward behaviors can lead to reward hacking and 
undesirable outcomes. In this context, precision outweighs recall.

Consistent Reward: 
FOUNDER’s learned reward shows strong 
correlation with ground-truth rewards.
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Experiments: Minecraft

Superior Performance: 
FOUNDER also outperforms baselines on 
this harder open-ended environment 
with more challenging task instructions 
and complex observations



THANK YOU!
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Project Website

Contact: wangyc@lamda.nju.edu.cn

https://sites.google.com/view/founder-rl
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