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Abstract

Recommendation systems traditionally operate in abstract
latent spaces, divorced from the physical contexts in which
users make decisions. We propose EmbodiedRec, a frame-
work that equips an embodied agent with a Preference World
Model (PWM): a structured representation that jointly cap-
tures physical scene dynamics and user preference distribu-
tions conditioned on spatial context. Rather than treating
recommendation as a static lookup over interaction histories,
EmbodiedRec frames it as an active navigation problem:
the agent perceives its environment, maintains a spatially-
evolving preference belief, and issues contextually grounded
suggestions: what activity to pursue, what content to en-
gage with, what next action to take: based on where it is
and what it observes. As a preliminary validation, we aug-
ment MovieLens-100K with simulated spatial context and
show that even a simple context-aware model outperforms
context-free BPR by +5.0% NDCG@10 and raises Spatial
Preference Correlation from near-zero to 0.393, motivating
the full embodied framework.

1. Introduction
Recommendation systems are increasingly embedded in
agents that operate in the physical world: home robots, AR
assistants, and interactive kiosks. Yet despite this deploy-
ment context, state-of-the-art recommenders remain funda-
mentally disembodied: they model user preferences from
interaction histories alone, with no awareness of where a user
is, what they can see, or how their physical surroundings
shape momentary intent.

Human preferences are deeply spatial. A person in a
kitchen is primed for cooking-related activities; the same
person on a couch is oriented toward rest and entertainment;
someone at a desk signals a desire for focused, information-
rich content. These contextual signals are continuously visi-
ble to any co-located embodied agent, yet are invisible to a
history-only recommender.

The Embodied AI community has made significant strides
in world models for navigation, manipulation, and question
answering [2, 4, 6]. These world models encode rich priors

about physical dynamics, object relationships, and spatial
structure. We argue that this physical grounding is the miss-
ing ingredient in recommendation.
Contributions.
• EmbodiedRec framework: the first formulation of rec-

ommendation as embodied world-model navigation, link-
ing physical scene understanding with real-time prefer-
ence inference.

• Preference World Model (PWM): a spatially-indexed
latent representation that jointly models scene dynamics
and user preference evolution during agent traversal.

• Preliminary validation: experiments on MovieLens-
100K with spatial context augmentation confirming that
spatial grounding significantly improves both ranking
quality and contextual coherence.

• AI2-THOR-Rec (proposed): a fully embodied bench-
mark for spatially-aware recommendation as future work.

2. EmbodiedRec Framework
2.1. Problem Formulation
Let an agent operate in environment E with egocentric RGB-
D observations ot ∈ O and actions A (navigate, look, in-
teract). A user u has a latent preference vector pu ∈ Rd
over item space I (activities, content, or actions). At each
timestep t, the agent outputs a ranked list R̂t over I, aiming
to maximize:

max
π

E

[∑
t

γt · Rel(R̂t, u, ot)

]
, (1)

where Rel rewards items simultaneously preferred by u and
contextually coherent with the current observation.

2.2. Preference World Model (PWM)
Spatial Scene Encoder fθ: A vision transformer [3] maps
each egocentric frame ot to a spatial feature map St ∈
RH×W×d, encoding object identity, functional affordance,
and scene layout. Weights are initialized from a pretrained
embodied navigation backbone.
Preference Dynamics Module gϕ: A GRU-based recurrent
module evolves the preference estimate as the agent moves:

p̂t = gϕ(p̂t−1, Pool(St), ht−1) , (2)



where ht−1 is the GRU hidden state. A kitchen scene up-
weights cooking activities; a living room at dusk upweights
leisure content.
Grounded Recommendation Head hψ:

score(i) = p̂⊤
t ei + λ · CoSim(St, vi), (3)

where ei is the item semantic embedding and vi its visual
representation via CLIP [7]. λ is learned jointly during fine-
tuning.

2.3. Training
Stage 1 (Embodied Pre-training). fθ and gϕ are pre-trained
on embodied navigation trajectories (AI2-THOR [6]) with a
next-frame prediction objective, without any recommenda-
tion signal.

Stage 2 (Recommendation Fine-tuning). The full PWM
is fine-tuned end-to-end using a listwise LambdaRank [1]
loss over spatially-conditioned user preference labels.

3. Proposed Benchmark: AI2-THOR-Rec
We propose AI2-THOR-Rec as a future benchmark for fully
embodied spatially-aware recommendation. The plan is to
augment AI2-THOR’s 120 household scenes (kitchens, liv-
ing rooms, bedrooms, offices) with a general-purpose activity
and content catalog spanning five categories: Cooking, Exer-
cise, Entertainment, Learning, and Relaxation. User profiles
will be derived from behavioral interaction logs, encoding
long-term preferences as latent vectors independent of any
single domain. A key evaluation metric will be Spatial
Preference Correlation (SPC): the Spearman correlation
between recommendation relevance scores and the cosine
similarity of item semantic representations to the observed
scene features: measuring whether recommendations are se-
mantically grounded in the agent’s surroundings, not merely
history-matched.

4. Preliminary Validation
Setup. As a controlled preliminary test of the core hypothe-
sis: that spatial context improves recommendation, we aug-
ment the MovieLens-100K dataset [5] with simulated spatial
context. Movie genres are mapped to four room types (Liv-
ing Room, Bedroom, Study, Kitchen) by semantic affinity
(e.g., Documentaries → Study, Romance → Bedroom). Each
positive interaction is assigned to the semantically coherent
room with probability 0.92, and a random room otherwise,
simulating noisy real-world spatial signals. We apply a
standard leave-one-out evaluation protocol with 99 sampled
negatives, reporting NDCG@10, Hit@5, and SPC (Spear-
man ρ between relevance scores and spatial coherence across
candidates).
Models. BPR [8]: standard matrix factorization with
Bayesian Personalized Ranking, no context. Context-BPR:

Method NDCG@10 Hit@5 SPC

BPR [8] 0.465 0.562 0.016
Context-BPR (spatial) 0.489 0.610 0.393

Table 1. Preliminary results on MovieLens-100K with simulated
spatial context. Context-BPR improves NDCG@10 by +5.0%,
Hit@5 by +8.7%, and raises SPC from near-zero (0.016) to 0.393,
confirming that spatial context is a meaningful signal for personal-
ized recommendation.

BPR extended with a learned room embedding projected
into item space (a lightweight proxy for the PWM’s context
module).
Results. Table 1 shows that even a simple room-embedding
context model consistently outperforms context-free BPR.
The most striking result is SPC: BPR produces recommen-
dations with essentially no spatial coherence (0.016), while
Context-BPR achieves 0.393—demonstrating that the model
learns to align recommendations with the user’s observed
spatial context. This validates the core premise of Embod-
iedRec, and motivates the full PWM framework where con-
text is derived from live egocentric observations rather than
a fixed room label.

5. Conclusion
We introduced EmbodiedRec, a framework that unifies
general-purpose personalized recommendation with embod-
ied world modeling. Preliminary results on MovieLens-
100K confirm that spatial context is a meaningful inductive
bias: a simple context-aware model improves NDCG@10
by 5.0% and raises spatial coherence dramatically over a
context-free baseline. The full framework with the PWM
deriving context dynamically from egocentric observations
and the AI2-THOR-Rec benchmark are directions for ongo-
ing work. We aim to release benchmark and code to support
research at the intersection of embodied intelligence and
context-aware recommendation, with applications to assis-
tive home robots, museum guide agents, and personal AI
companions.
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