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Embodied cognition argues that intelligence arises from sensorimotor interaction rather than
passive observation. It raises an intriguing question: do modern vision-language models (VLMs),
trained largely in a disembodied manner, exhibit signs of embodied cognition? We introduce
ENACT, a benchmark that casts evaluation of embodied cognition as world modeling from ego-
centric interaction in a visual question answering (VQA) format. Framed as a partially observable
Markov decision process (POMDP) whose actions are scene graph changes, ENACT comprises
two complementary sequence reordering tasks: forward world modeling (reorder shuffled obser-
vations given actions) and inverse world modeling (reorder shuffled actions given observations).
While conceptually simple, solving these tasks implicitly demands capabilities central to em-
bodied cognition—affordance recognition, action–effect reasoning, embodied awareness, and
interactive, long-horizon memory from partially observable egocentric input—while avoiding
low-level image synthesis that could confound the evaluation. We provide a scalable pipeline
that synthesizes QA pairs from robotics simulation (BEHAVIOR) and evaluate models on 8,972
QA pairs spanning long-horizon home-scale activities. Experiments reveal a performance gap
between frontier VLMs and humans that widens with interaction horizon. Models consistently
perform better on inverse task than forward one and exhibit anthropocentric biases, including
a preference for right-handed actions and degradation when camera intrinsics or viewpoints
deviate from human vision. Website at enact-embodied-cognition.github.io.
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Figure 1 | ENACT casts embodied cognition evaluation as world modeling through egocentric interac-
tion. Grounded in POMDP framework, ENACT considers two tasks from diverse activities and scenes:
forward world modeling (ordering observations given actions) and inverse world modeling (ordering
actions given observations). Evaluation shows that performance of VLMs drops as interaction horizons
lengthen, performs better on inverse task, and lags behind humans.
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1. Introduction

Intelligent behavior in the physical world requires grounding abstract knowledge in interaction
with the environment. Embodied cognition argues that intelligence is not passively acquired
but enacted through continuous sensorimotor interaction with the world (Smith & Gasser, 2005).
Recent advances in large foundation models such as Vision–Language Models (VLMs) (Ope-
nAI, 2025; DeepMind, 2025), although predominantly trained in a disembodied fashion, have
exhibited promising signs of interactive intelligence. Yet it remains unclear how to measure the
extent to which embodied cognition emerges in these models.

Prior work examines complementary slices of embodied cognition: spatial perception in
static scenes (Ramakrishnan et al., 2024), linguistic reasoning and planning (Li et al., 2024b),
and reasoning about interactions between primitive objects (Yi et al., 2019; Gao et al., 2025).
Taxonomies such as Yang et al. (2025) attempt to catalogue embodied capabilities for VLMs
but ultimately rely on subjective criteria. Consequently, a uni�ed objective that tightly couples
egocentric perception with embodied interactions in everyday activities remains missing (Frick &
Möhring, 2016; Thompson, 2005; Clark, 2006; Barsalou, 2020).

To this end, we introduce ENACT, a benchmark that studies embodied cognition through
world modeling via egocentric interaction in a visual question answering (VQA) framework.
Grounded in a partially observable Markov decision process (POMDP, Åström, 1965, Figure 1),
we formulate world modeling (Ha & Schmidhuber, 2018) as the evolution of egocentric visual
observations of the environment conditioned on an agent's actions, which are represented as
scene graph (Johnson et al., 2017) changes derived from low-level physics-based simulator state.
Speci�cally, we focus on two forms, forward world modeling and inverse world modeling,
and they are formulated as sequence reordering for evaluating embodied cognition for a VLM.
This sequence-reordering VQA view isolates long-horizon interactive visual reasoning from
photorealistic video prediction and forces models to reason about how sequences of embodied
actions transform the environment from egocentric observations. In forward world modeling,
given a visual observation and a sequence of actions, the model must reorder a shuf�ed sequence
of future visual observations. In inverse world modeling, given an ordered sequence of visual
observations, the model must reorder the corresponding shuf�ed action sequence. Though
seemingly a narrow lens, answering these queries implicitly involves a broad set of capabilities
central to embodied cognition: affordance recognition, action–effect reasoning, and embodied
awareness, together with reasoning about contact and other low-level physical consequences
encoded in our predicates, all from egocentric input. Under partial observability, it demands
integrating observations and actions across extended horizons, posing challenges for interactive
and long-term memory. Through the same lens, we also examine factors that inform future VLM
data design, including existing biases toward human embodiment such as right-handedness
and human-like egocentric viewpoints and intrinsics (e.g., FOV, aperture).

Leveraging this uni�ed lens, we additionally demonstrate how such evaluation data can be
automatically and scalably generated within a robotics simulator, such as BEHAVIOR (Li et al.,
2024a). Given a robot manipulation trajectory, we extract symbolic scene graphs leveraging
ground-truth, physics-based simulation state (e.g., continuous poses and contacts), which is
uniquely accessible in simulation compared to the real world. We then select the key-frames
where the scene graph changes and sample subsequences of desired lengths to assemble the state-
action sequences for constructing the question-answer (QA) pairs. By additionally leveraging
a novel QA sampling scheme, our pipeline can generate up to millions of QAs from a single
episode, enabling massive scaling across the thousands of trajectories common in robotics
datasets. Although we do not train or �netune VLMs here, the resulting data directly supports
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Figure 2 j Overview of ENACT data curation pipeline. We �rst obtain aligned scene graphs (states)
and RGB observations from a mobile manipulation dataset in a robotics simulation (BEHAVIOR). The
trajectory is then segmented by identifying key-frames where an abstract state change occurs (i.e., the
scene graph difference is non-empty). From this set of key-frames, we sample multiple key-frame
trajectories, which are used to construct the forward and inverse world modeling VQA questions. Here
# refers to the number of all sampled trajectories across all step lengths.

future embodied decision-making studies (Azzolini et al., 2025).

We report two metrics at different granularities: Task Accuracy (exact ordering) and Pairwise
Accuracy (fraction of adjacent pairs correctly ordered). Our experiments reveal that ENACT is
challenging for current VLMs, which lag signi�cantly behind human performance (Figure 1).
This performance gap widens as the task horizon increases, where VLM accuracy degrades
sharply with trajectory length while human performance remains high. We also �nd that all
models consistently perform better on inverse than on forward world modeling. Furthermore,
we uncover two notable biases: VLMs show a clear preference for understanding right-handed
dynamics, and the performance of representative models like GPT-5 mini drops signi�cantly
with non-human-eye-like camera intrinsics or viewpoints.

Overall, our contributions are threefold: (1) We introduce ENACT, a benchmark for evaluat-
ing embodied cognition via forward and inverse world modeling from egocentric interaction. (2)
We provide an easily scalable data generation pipeline leveraging robotics simulation (BEHAV-
IOR) and provide a dataset of 8,972 QAs synthesized from diverse, long-horizon interactions
in everyday environments. (3) Experiments on state-of-the-art VLMs reveal a widening gap
to human performance with horizon length, anthropocentric biases (e.g., right-handed priors,
human-like camera intrinsics), and real-world evaluations that mirror simulator trends with
only a limited sim-to-real gap.

2. ENACT: Egocentric Interactive Embodied Cognition Test

2.1. Problem Formulation

We investigate the embodied cognition of VLMs by framing it as a world modeling problem,
which we evaluate using egocentric, interactive reasoning tasks. Formally, the benchmark is
de�ned over a state spaceS, whose elements are symbolic scene graphs derived from low-level
simulator states G; an observation spaceO � R � �, �3 of robot's egocentric RGB views of the
environment; and an action spaceA whose elements are scene-graph differences0B = X¹AB, AB�1º.
A symbolic scene graph is a structured data model that represents the objects in a scene as
symbolic nodes (e.g.,On(fridge) ) and their relationships as edges (e.g.,OnTop(pen, desk) ).
We view the underlying embodied task as a POMDP. As shown in Figure 2, we �rst �lter this
raw data to identify all timestamps where an abstract scene graph state change occurs (i.e., the

3



scene-graph differenceX¹AB, AB�1º < œ). This process yields a smaller, chronologically ordered set
of segmented frames, which serve as the candidate pool for our benchmark.

From the pool of segmented frames, we sample ' trajectories, each with a chronologically
ordered tuple c = ¹70, � � � , 7!�1 º of ! key frames. This initial abstraction into discrete decision
epochs is similar to a semi-MDP (Sutton et al., 1999). However, we treat each of these �nal key-
frame trajectories as a self-contained POMDP instance with scene graphs( c and observations
$ c . For 9 = 0,� � � , ! � 2, the action connecting consecutive key frames is the visible scene-
graph delta 09 := � Vis ¹A79¸1 , A79º, where � Vis returns the subset of differences in X¹A79¸1 , A79º that are
visible in both images. Together, these actions form a discrete symbolic action space A . For
notation simplicity, we relabel indices in c for each key-frame trajectory to c = ¹ 0,� � � , ! � 1º and
¹A9, =9º := ¹A79, =79º.

Building on these trajectories, we formalize two tasks. For forward world modeling, given
the current image =0, the correctly ordered action sequence ¹00, “ “ “, 0!�2 º, and a shuf�ed list of
observation images $ 0 = ¹=0

1, “ “ “, =0
!�1 º, the model outputs a permutation f 2 Sym¹»! � 1¼ºthat

orders the images to match the actions: ¹=0
f¹1º , “ “ “, =0

f¹ !�1º º = ¹=1, “ “ “, =!�1 º. For inverse world
modeling, given =0, the correctly ordered observation images ¹=1, “ “ “, =!�1 º, and a shuf�ed list
of actions � 0 = ¹00

0, “ “ “, 00
!�2 º, the model outputs a permutation g 2 Sym¹»! � 1¼ºthat orders the

actions to be consistent with the observation progression: ¹00
g¹1º, “ “ “ , 00g¹ !�1º º = ¹00, “ “ “ , 0!�2 º.

2.2. Key-Frame Trajectories Synthesis for Scalable Data Generation

Segmented Frames with Abstract State Changes. Raw robot trajectories often contain long
stretches with no semantic changes (e.g., gripper motion when opening the toolbox in Figure 2).
We mark a timestamp Bwhenever the simulator state makes a minimal abstract state change,
such as transitioning from not grasping to grasping a drill with the right hand. The BEHAVIOR
simulator exposes boolean and relational predicates, where �ipping one predicate or updating
a relation is our atomic state change. A time Benters the candidate pool if the scene-graph
difference X¹AB, AB�1º is nonempty. To avoid near-duplicate frames, we compare each new change
with the last accepted segmented frame: we form a predicate-level change signature28and keep B
only if its cosine similarity with the previous signature 28�1 is below a threshold. This yields a
chronological set of segmented frames K = fB1 • � � � • B " gwith ¹AB7, =B7º. Thresholds and further
details are in the Appendix A.2.1.

Key-Frame Trajectories Synthesis. From the segmented " frames, we sample length-!
key-frame trajectories c = ¹70, “ “ “, 7!�1 º with 1 �7 0 • � � � • 7 !�1 � " , so indices do not need to be
adjacent. Each candidate is strictly validated: for every 9, the visible state change � Vis ¹A79¸1 , A79º
is nonempty, and the edited objects are visible in both images, except for object transitioning
events (e.g., pineapple being diced), where transient occlusion is permitted. We then treat each
valid key-frame trajectory as an individual POMDP instance, with ( c and � c as de�ned in
the problem formulation. To further scale data generation, we exploit that typically ! • " (in
practice ! � 10 while " ¦ 30), and we use skipping to convert trajectory construction into a “seat
selection” combinatorics problem, choosing ! seats out of " , which yields at most

� "
!

�
distinct

candidates from a single trajectory. The detailed algorithm is in the Appendix A.2.2.

World Modeling QA Generation. After obtaining the sequence of key-frame trajectories,
we formulate the forward and inverse world modeling as sequence reordering visual-question
answering (VQA) tasks. This formulation offers two advantages. First, it yields a clean evalua-
tion signal for long-horizon interactive visual reasoning without con�ating performance with
photorealistic video prediction. Second, it requires models to reason about how a sequence of
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Figure 3 j Data sources and QA examples. ENACT is built from diverse, long-horizon activities per-
formed by real robots (left). We provide examples for (mid) forward world modeling and (right) inverse
world modeling. More QA examples and prompts are available in the Appendix A.3.3.

embodied actions causally transforms the environment over multiple steps, while maintaining
long-horizon spatial memory from purely egocentric observations in large home-scale scenes.

2.3. Dataset Overview and Evaluation Design

Dataset Overview. We construct the benchmark from the BEHAVIOR simulator and chal-
lenge (Li et al., 2024a). BEHAVIOR Challenge provides diverse long-horizon home-scale activi-
ties, and we select 29 of them, using one trajectory per activity to recover aligned pairs f¹AB, =Bºg.
Each trajectory is segmented into segmented framesK , then converted into key-frame trajectories
and �nally into two QA types: forward and inverse world modeling (examples in Figure 3).
Across step lengths ! 2 f 3, “ “ “, 10gwe sample about 560 items per ! for each QA type, yielding
8,972 total questions. The data uses common predicate classes (e.g.,Open, Cooked, Grasping ),
with distributions shown in Figure 3; full statistics appear in Appendix A.3.1.

Evaluation Design. Multiple valid answers can exist for a given question, so we use an online
veri�er that accepts any predicted permutation, f or g, consistent with the input constraints.
We report two metrics: Task accuracy captures exact ordering, while Pairwise accuracy grants
partial credit for near-correct sequences. Speci�cally, (1) Task accuracy measures success at
the question level: a question receives score 1 if the veri�er accepts the full prediction and
0 otherwise, and the dataset score isTA = ¹ 1•jDjº

Í
F2 D 1faccepted¹Fºg. (2) Pairwise accuracy

measures stepwise consistency: for a question with length ! , we count adjacent pairs passing
the veri�er's local check (state–action for forward; action–state for inverse) and divide by ! ,
then report the micro-average PA =

� Í
F #correct pairs in F

� � � Í
F ! F

�
, equivalent to averaging

per-item pairwise scores when ! is �xed. Implementation details are in Appendix A.3.2.

3. Experiments and Analysis

3.1. World Modeling as a Proxy for Evaluating Embodied Cognition

Experimental Setup. (1) VLM evaluation setup. We evaluate ENACT with 7 proprietary VLMs
from 3 families (OpenAI, 2025; DeepMind, 2025; Anthropic, 2025) and 23 open-weight models
from 11 families (Wang et al., 2025b; Bai et al., 2025; Hong et al., 2025; MetaAI, 2025; Team et al.,
2025; Lu et al., 2025; Yao et al., 2024; Azzolini et al., 2025; Team, 2024; Deng et al., 2025). For
input, all images are resized to 512 � 512, and we use a uni�ed prompt template per QA type.
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Model
Forward World Modeling Inverse World Modeling

3 4 5 6 7 8 9 10 3 4 5 6 7 8 9 10

Proprietary Models

GPT-5 84.62 75.26 69.96 64.18 57.48 52.16 49.45 46.93 86.28 80.37 76.09 68.78 65.71 62.13 57.12 55.33
GPT-5 mini 87.50 76.25 70.65 63.41 58.14 52.38 46.65 44.11 85.05 76.77 75.43 67.67 63.79 57.04 55.04 50.02
GPT-5 nano 67.83 50.29 38.61 30.35 25.97 21.90 17.59 16.84 72.81 53.95 42.48 36.45 31.68 28.20 24.11 20.33
Gemini 2.5 Pro 86.10 76.42 69.83 60.80 53.26 48.12 40.12 36.9887.94 81.18 75.39 70.03 66.03 62.91 57.78 56.62
Gemini 2.5 Flash 81.64 67.94 54.17 43.38 37.43 32.73 29.88 28.07 82.78 72.18 60.83 58.19 53.14 51.78 47.99 44.98
Gemini 2.5 Flash-Lite 64.34 49.07 38.70 33.87 27.81 25.44 23.31 20.31 69.58 57.55 46.04 39.09 34.06 30.18 27.51 23.16
Claude Sonnet 4 65.65 45.82 36.65 30.52 26.61 22.78 21.49 20.16 73.25 56.85 48.87 43.07 37.00 32.71 30.50 28.49

Open-Weight Models

GLM-4.5V 74.30 59.99 47.65 38.78 30.83 25.69 21.60 19.6780.59 69.28 57.04 51.53 46.95 41.68 37.36 37.93
Llama-4-Mav-17B-128E-Ins 72.47 52.09 43.87 35.30 29.90 25.89 22.79 20.49 72.55 62.60 50.52 43.10 35.17 31.68 28.10 25.80
InternVL3.5-241B-A28B 75.79 62.25 50.83 45.85 37.84 32.88 27.85 25.24 82.26 70.09 60.61 53.38 45.90 39.35 34.12 30.56
Gemma-3-27b-it 63.29 44.66 32.04 25.82 22.11 19.50 16.74 16.29 64.95 48.37 40.04 33.87 28.53 23.63 21.74 19.36
QVQ-72B-Preview 69.14 52.96 40.83 36.27 33.16 30.63 26.30 24.76 71.33 58.77 48.43 44.36 40.26 39.30 36.66 36.58
Qwen2.5-VL-72B-Ins 78.15 60.05 49.87 41.92 36.77 31.73 28.03 25.07 77.80 65.85 53.30 48.19 44.07 37.57 33.76 36.27
Qwen2.5-VL-32B-Ins 67.83 55.46 44.35 35.75 27.52 26.42 22.01 18.07 63.55 59.70 54.57 51.0149.36 47.17 41.47 40.16
Ovis2.5-9B 58.39 42.51 34.96 31.08 24.61 20.78 18.11 16.96 64.86 51.74 41.65 35.47 30.95 26.64 23.70 23.25
MiniCPM-V-4.5 60.75 38.73 33.65 25.47 24.81 21.40 21.56 18.33 69.23 53.08 47.35 39.55 34.87 30.63 27.05 25.71
Ide�cs3-8B-Llama3 60.23 36.99 31.83 24.25 21.29 20.80 20.46 17.71 47.38 33.86 27.26 23.48 19.87 18.50 17.04 15.16
Cosmos-Reason1 56.28 41.86 34.75 28.40 26.46 26.49 25.41 24.88 58.30 45.93 44.25 38.50 35.72 34.56 31.50 28.64
BAGEL 30.24 40.19 29.65 25.37 22.75 19.45 17.84 15.87 56.73 52.85 40.09 35.44 29.67 24.39 28.70 18.91

Human Performance 93.62 95.30 95.04 93.87 95.43 95.41 94.75 95.13 92.05 93.56 94.35 94.25 95.96 97.74 96.30 96.29

Table 1 j Evaluation on ENACT (Pairwise Accuracy). Dark gray indicates the best result within each

category (Proprietary or Open-Weight Models), and Light gray denotes the second-best result within
the category. Complete results are in Table 9 (Task Accuracy) and Table 10 (Pairwise Accuracy).

Models are instructed to return a parsable Python list encoding a permutation of indices. We
apply the online veri�er in Section 2.3 and report Task Accuracy and Pairwise Accuracy. (2)
Human evaluation setup. We also recruit trained annotators to answer the benchmark under the
same instructions as the models. For inter-annotator agreement (IAA), we uniformly stratify
240 items over QA type and step length and collect independent labels from three annotators.
Krippendorff's U = 0.83 indicates strong agreement. Full details are in Appendix B.2.1 and B.1.1.

We visualize Task Accuracy for GPT-5 and human annotators in Figure 1. Since many models
collapse at long horizons ( != 8–10, near-zero task success), we focus on the more informative
Pairwise Accuracy. The main results appear in Table 1.

Is inverse world modeling easier than forward? Across families and step lengths, inverse
consistently outperforms forward, with the margin widening as ! grows. For example, GPT-5
and Gemini 2.5 Pro maintain gaps at ! � 6, and open-weight models such as GLM -4.5V and
Qwen2.5-VL also show higher inverse scores than forward for most ! (see Table 1). This asym-
metry suggests that models handle retrospective textual reasoning better than the prospective
visual simulation required for forward planning.

How does performance change with step length? Accuracy decreases monotonically with !
for nearly every model, proprietary and open -weight alike. Shorter tasks ( ! � 4) are manageable
for several VLMs, while longer tasks ( ! � 8) are challenging even for the strongest models.
Pairwise Accuracy softens but does not alter this downward trend. This sharp performance
decay reveals that VLMs struggle to track evolving physical states.

Can VLMs achieve near-human performance? Human performance is far better than any
evaluated VLM. SOTA VLMs such as GPT-5 and Gemini-2.5 Pro are comparable to humans
only at step length ! = 3; their performance drops sharply as the horizon grows. This vast gap
con�rms that, compared with humans, VLMs still struggle with interactive embodied world
modeling tasks.

What is the performance comparison among VLMs? GPT -5 and Gemini 2.5 Pro are the
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Figure 4 j Real-World Evaluations. Key frames from the three real-world scenes used in our evaluation:
kitchen, dinner table, and workspace. Together, these scenes contain diverse rigid, deformable, and
articulated objects in diverse environments with varying lighting conditions.

strongest overall in both forward and inverse settings. Several open -weight VLMs are competi-
tive: InternVL3.5 -241B-A28B, GLM-4.5V, and Qwen2.5-VL often close much of the gap and even
surpass Claude 4 Sonnet in multiple settings. GPT-5 mini is also highly competitive, achieving
the best score at several short and mid horizons (e.g., forward at ! = 3, 7, 8).

Does Cosmos-Reason1, trained on embodied data, outperform other similar-sized models?
We compare Cosmos-Reason1-7B and other similar-sized VLMs in Table 10 and Figure 19. For
similar-sized models, Cosmos-Reason1-7B exhibits more stable and generally better performance
than other VLMs when the interaction horizon exceeds 5 steps.

� Key Takeaways: World Modeling as a Proxy for Evaluating Embodied Cognition

• Higher performance on the inverse task than the forward one highlights stronger language-based
retrospection than action-conditioned visual reasoning.

• Long-horizon degradation reveals limited interactive, spatial memory under partial observability.

• The human–model gap shows that current VLMs are still far from robust embodied world models
in mobile manipulation settings.

Beyond these trends, we also con�rm that augmenting key-frame selection with contact-
based predicates derived from low-level physics yields qualitatively similar behavior (inverse
Ÿ forward, strong long-horizon degradation); detailed results are provided in Appendix B,
Table 11.

3.2. Sensitivity to Image Realism

Since ENACT is generated in the BEHAVIOR simulator, we ask whether VLMs are sensitive to
image realism and whether a sim-to-real gap appears. To investigate this, we collect additional
real-world videos and manually annotate them. Furthermore, leveraging the automated ENACT
pipeline with simulation, we conduct an in-depth and larger-scale study of how different
rendering con�gurations in the simulator affect performance.

Real-World Experimental Setup. To assess whether the simulator �ndings transfer to real
imagery, we construct a real-world benchmark over three everyday scenes (kitchen, dinner table,
and workspace). From videos recorded in each scene, we manually select segmented frames
and annotate a scene graph for every frame. Applying the ENACT pipeline to these annotations
yields 960 real-world QA pairs, on which we evaluate InternVL3.5-241B-A28B. Examples from
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