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ABSTRACT

World models that understand and respond to natural language instructions are a
critical step toward intelligent agents operating in human environments. However, it
remains unclear whether current neural world models truly ground language in phys-
ical dynamics or merely exploit superficial correlations. We present PHYSLANG,
a small, diagnostic benchmark designed for falsification rather than performance
maximization, evaluating language grounding in neural world models within a con-
trolled rigid-body physics simulation. PHYSLANG consists of 2,000 short-horizon
episodes governed by explicit natural language rules (e.g., “red blocks are heavy”),
with evaluation splits targeting compositional recombination and logical contradic-
tion under fixed dynamics. We evaluate five sequence architectures: MLP, GRU,
LSTM, Transformer, and Mamba, on predicting future physical states conditioned
on language. Our experiments reveal: (i) systematic interactions between architec-
tural inductive biases and language-conditioned dynamics, with recurrent models
exhibiting lower short-horizon prediction error; (ii) extreme sensitivity to linguistic
perturbations across all architectures (50–296% error increase when language is
shuffled), indicating reliance on fragile correlations; and (iii) consistent failure
under contradictory rules, where models interpolate between conflicting constraints
rather than resolve them. Together, these findings suggest that contemporary neural
world models encode language as a weak contextual prior rather than as a causal
constraint on physical dynamics. PHYSLANG exposes concrete failure modes in
language-grounded world modeling and provides a controlled testbed for studying
grounded reasoning beyond benchmark performance. PHYSLANG is available at:
https://github.com/Codernob/PhysLang.

1 INTRODUCTION

World models (Ha & Schmidhuber, 2018; LeCun, 2022) aim to learn predictive representations of
environment dynamics, enabling agents to reason, plan, and act by simulating future states without
direct interaction. Recent foundation world models (Bruce et al., 2024; Agarwal et al., 2025) have
demonstrated impressive capabilities in generating realistic, interactive environments from video
data. These advances suggest a promising path toward general-purpose agents operating in complex,
real-world settings. However, most existing world models are trained and evaluated primarily
on perceptual prediction, with limited emphasis on explicit reasoning about abstract or semantic
constraints. As a result, a critical question remains largely unexplored: can world models understand
and respond to natural language descriptions of physical rules? This question motivates a closer
examination of language grounding in world modeling.

Despite this progress, the ability to reason about physical dynamics under explicit semantic constraints
remains largely untested. Classic world models developed in model-based reinforcement learning
emphasize predictive accuracy and planning utility but typically operate without language or rely on
implicit correlations in state transitions (Ha & Schmidhuber, 2018; Hafner et al., 2019). More recent
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foundation world models scale perceptual prediction through large-scale video pretraining (Bruce
et al., 2024; Agarwal et al., 2025), yet their impressive visual realism does not guarantee sensitivity
to abstract rules governing physical behavior. In parallel, benchmarks for intuitive physics focus on
perceptual plausibility and causal structure but omit language as an active control signal (Bear et al.,
2021). This leaves open a fundamental question of whether contemporary world models can treat
natural language not merely as context, but as a binding constraint on physical dynamics.

Grounding natural language in world models is essential for human-centered interaction, as it enables
agents to follow verbal instructions, adapt to changing rules, and generalize compositionally by
recombining known concepts in novel contexts. Moreover, language grounding offers a potential
route to interpretability, allowing model behavior to be explained in terms of human-understandable
rules rather than opaque latent representations. Despite its importance, existing evaluation benchmarks
do not directly test whether language acts as a governing constraint on physical dynamics. Prior work
has emphasized visual fidelity (Liang et al., 2025), physical plausibility (Bear et al., 2021; Bansal
et al., 2024), or symbolic and text-driven world generation (Hu et al., 2025). These benchmarks either
lack interactivity, rely on indirect metrics, or decouple language from continuous physics prediction.
As a result, they provide limited insight into whether models truly understand language-specified
physical rules or merely exploit superficial correlations.

In this work, we propose a small and controlled diagnostic setting to isolate and test language
grounding in world models, prioritizing falsification over large-scale realism or state-of-the-art
performance (Section 3). We introduce PHYSLANG, a benchmark of 2,000 rigid-body physics
episodes in which explicit natural language rules directly determine physical properties such as
mass and friction (Section 4). The benchmark includes evaluation splits that systematically test
compositional recombination of known rule primitives as well as logical contradiction, allowing us to
probe whether models treat language as a governing causal constraint or merely as a weak contextual
signal. We conduct a comprehensive diagnostic evaluation of five sequence architectures (Section 5),
complemented by ablation studies that quantify sensitivity to linguistic perturbations (Section 6).
This controlled setup enables fine-grained analysis of how architectural inductive biases interact
with language-conditioned dynamics. Our results reveal consistent and systematic failure modes that
remain obscured in existing benchmarks focused on perceptual fidelity or aggregate performance.

2 RELATED WORK

World Models. Learning world models for planning and control has a long history in model-based
reinforcement learning, where agents learn predictive representations of environment dynamics
to support imagination-based reasoning and decision making (Ha & Schmidhuber, 2018; Hafner
et al., 2019; 2020). These approaches emphasize compact latent dynamics models that can be rolled
forward to evaluate candidate actions, typically prioritizing predictive accuracy and planning utility.
More recently, foundation world models have scaled this paradigm by leveraging large-scale video
pretraining to generate realistic and interactive environments across diverse domains (Bruce et al.,
2024; Agarwal et al., 2025; Decart et al., 2024). Such models demonstrate impressive visual fidelity,
temporal coherence, and controllability, suggesting potential as general-purpose simulators. However,
their evaluation protocols largely focus on perceptual realism and behavioral plausibility rather than
on whether learned dynamics obey explicit physical constraints. Consequently, it remains unclear
whether these models internalize abstract rules governing physical behavior, particularly when such
rules are specified symbolically or linguistically rather than implicitly through data correlations.

Physics and Physical Reasoning Benchmarks. A complementary line of work has developed
benchmarks for physical reasoning and intuitive physics, aiming to assess whether models capture
core principles such as object permanence, causality, and collision dynamics. Datasets such as
Physion (Bear et al., 2021), IntPhys (Riochet et al., 2020), and PhysBench (Chow et al., 2025)
provide controlled environments with carefully designed physical tests that go beyond raw visual
prediction. These benchmarks have been instrumental in revealing failure modes in perceptual
physics understanding and causal inference. Newton (Campbell, 2025) further extends this direction
by targeting interactive foundation world models and evaluating long-term consistency under rigid-
body dynamics. However, language plays little to no role in these settings, or is treated only as
metadata rather than as an active determinant of dynamics. As a result, these benchmarks do not
address whether a model can modify or constrain its physical predictions in response to explicit
semantic instructions.
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Language-Conditioned Models. Language conditioning has been explored extensively in embodied
robotics, video generation, and planning, demonstrating that models can align actions, trajectories,
or visual outputs with textual instructions (Brohan et al., 2023; Yang et al., 2024; Huang et al.,
2022). In these systems, language often functions as a high-level goal specification or contextual
prompt that guides policy execution or content generation. This paradigm has enabled impressive
zero-shot generalization and human-interpretable control, particularly when combined with large
pretrained language models. Text2World (Hu et al., 2025) formalizes this idea by evaluating language
models on constructing symbolic world representations using PDDL, emphasizing discrete reasoning
and planning. However, such approaches abstract away continuous dynamics and physical realism,
focusing instead on symbolic correctness. Consequently, they do not test whether neural world
models can enforce language-specified physical rules when predicting future states in continuous,
physics-governed environments.

Implication for our work. PHYSLANG bridges these lines of work by introducing a controlled
physics benchmark in which natural language rules directly govern continuous physical dynamics,
enabling explicit tests of language grounding in neural world models. Unlike prior benchmarks that
emphasize perceptual realism, symbolic planning, or unconditioned physics, our diagnostic setting
isolates whether language functions as a causal constraint on predicted dynamics.

3 PROBLEM FORMULATION

We study a simple physics prediction setting in which objects interact according to fixed physical laws,
while their material properties are specified using natural language. In each episode, a short history
of object states is observed, along with a language description that defines how certain physical
properties (e.g., mass or friction) apply to objects. The model’s task is to use both the observed motion
and the language description to predict how the scene will evolve over time. This design isolates
whether and how language is used to constrain physical dynamics, rather than merely providing
contextual or descriptive information.

Task Definition. We formulate language-grounded world modeling as a conditional sequence
prediction task. Let S ⊂ Rd denote the state space, where each state st ∈ S encodes the physical
properties of all objects at timestep t. Let L denote the space of natural language descriptions.
A language-grounded world model is a mapping M : ST × L → SH that predicts future states
ŝT+1:T+H given a context sequence s1:T and a language description ℓ ∈ L:

ŝT+1:T+H = M(s1:T , ℓ) (1)

where T is the context length and H is the prediction horizon.

State Representation. Each state st is a concatenation of per-block features for N objects:

st = [b
(1)
t ;b

(2)
t ; . . . ;b

(N)
t ] ∈ RN×9 (2)

where each block state b
(i)
t ∈ R9 consists of:

b
(i)
t = [ p

(i)
t︸︷︷︸

position

; v
(i)
t︸︷︷︸

velocity

; m(i)︸︷︷︸
mass

; µ(i)︸︷︷︸
friction

; r(i)︸︷︷︸
scale

] (3)

with p
(i)
t ,v

(i)
t ∈ R3 and m(i), µ(i), r(i) ∈ R. Crucially, color information is excluded from the

state representation, so models must learn to associate language descriptions with observed dynamics.

Language Encoding and Training. Language descriptions ℓ are encoded using a frozen sen-
tence transformer (Reimers & Gurevych, 2019): zℓ = SentenceTransformer(ℓ) ∈ R384. We use
all-MiniLM-L6-v2 for computational efficiency. Models are trained to minimize the mean
squared error between predicted and ground truth future states:

L(θ) = E(s,ℓ)∼D

[
1

H

H∑
h=1

∥ŝT+h − sT+h∥22

]
(4)
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4 PHYSLANG BENCHMARK

Physics Simulation. The benchmark is built on a controlled rigid-body physics environment imple-
mented using Isaac Sim (NVIDIA, 2022), which provides deterministic and high-fidelity simulation
of contact dynamics, friction, and collisions. Each episode consists of 3–6 rigid blocks interacting
under gravity on a planar surface, with initial positions, velocities, and orientations sampled from
fixed bounded distributions to ensure diversity while preserving stability. Objects are visually dis-
tinguished by discrete colors (red, blue, green), which serve as the only perceptual cues used by
the language rules. Simulations run for 500 timesteps with a fixed integration step of ∆t = 0.01s,
yielding short-horizon trajectories where physical effects of rule changes are observable but not
trivially predictable. The simulator enforces identical physical laws across all episodes, ensuring that
variation in dynamics arises solely from rule-conditioned object properties rather than environmental
changes. Figure 1 summarizes the structure of episodes and their associated language annotations.

Table 1: Dataset statistics for PHYSLANG.

Statistic Value
Total episodes 2,000
Blocks per episode 3–6
Timesteps per episode 500
State dimension 54 (6 blocks × 9 features)
Context length T 20
Prediction horizon H 10
Language embedding dim 384
Unique rules / Gravity variations 11 / 6

Language Rules. Language rules specify deterministic mappings from object color to latent physical
properties, formally defining how semantic attributes constrain the underlying physics. Each rule
takes the form of a declarative natural language statement assigning a scalar physical parameter to
all objects of a given color, and rules are interpreted as hard constraints rather than probabilistic
preferences. Two classes of rules are considered: (i) mass rules, which affect momentum transfer
and collision outcomes without altering gravitational acceleration, and (ii) friction rules, which
modulate tangential forces during surface contact. For example, a mass rule such as “red blocks are
heavy” assigns a fixed mass value of 15.0 kg to all red objects, while a friction rule such as “blue
blocks slide easily” assigns a coefficient of friction µ = 0.001. Rules are introduced dynamically
between timesteps 10 and 100 within each episode, creating a temporal dependency where models
must infer and propagate the consequences of linguistic constraints over future states. The full rule
set and parameter values are enumerated in Appendix A.

Evaluation Splits. The dataset is partitioned into evaluation splits designed to isolate distinct aspects
of language grounding rather than overall predictive accuracy. The training split contains episodes
governed by a fixed subset of rules that define the base semantic-to-physical mappings learned by the
models. A compositional split evaluates generalization to novel combinations of known primitives,
where familiar properties (e.g., mass or friction) are reassigned to previously unseen colors or
paired in unseen configurations. A contradiction split probes logical robustness by introducing rules
that explicitly negate training-time associations, forcing models to reconcile conflicting semantic
constraints with prior experience. Finally, control ablations decouple language from dynamics by
either shuffling rule text across episodes or providing incorrect rule descriptions, allowing us to
quantify reliance on linguistic input versus visual or statistical cues. Together, these splits enable
fine-grained diagnosis of whether language functions as a causal determinant of dynamics or merely
as an auxiliary contextual signal.

5 EXPERIMENTS

5.1 MODEL ARCHITECTURES

We evaluate five sequence model architectures spanning distinct computational paradigms, chosen to
expose how different inductive biases interact with language-conditioned physical dynamics. Figure 2
provides a schematic overview of the conditioning mechanisms used by each model.

1. MLP Baseline (No Language). The MLP baseline serves as a control model that explicitly
excludes language information, processing only flattened sequences of physical states. By removing
temporal recurrence and semantic conditioning, this model tests the extent to which future dynamics
can be extrapolated from short-horizon motion cues alone. Although incapable of modeling long-
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Figure 1: Overview of the PHYSLANG benchmark. (a) Temporal evolution of six blocks at t=0.0s,
0.4s, 0.6s, 0.8s, with properties governed by language rules (e.g., “Red blocks are heavy”). (b)
Polar visualization of six gravity configurations (normal, reverse, low, high, sideways, varying) with
radial axis showing magnitude (0-20 m/s²). (c) Example rule mappings from colors to physical
properties, enabling systematic evaluation of controlled compositional recombination. (d) Height
trajectories (left) and velocity profiles (right) from a representative six-block episode, demonstrating
rule compliance with distinct dynamics for different mass and friction values.

term dependencies or rule changes, the MLP can exploit correlations in velocity, position, and
contact patterns to produce reasonable predictions in stable regimes. The MLP baseline processes
flattened physical states without access to language information: ŝT+1:T+H = MLP(flatten(s1:T )).
It provides a lower bound on performance and helps determine whether language-conditioned models
meaningfully exploit semantic input beyond observable kinematics.

2. Recurrent Models: GRU and LSTM. Recurrent neural networks (Rumelhart et al., 1988) provide
a natural inductive bias for modeling sequential physical processes through explicit latent state updates.
We evaluate both GRU (Cho et al., 2014) and LSTM (Hochreiter & Schmidhuber, 1997) variants to
account for differences in gating complexity and memory retention, while keeping the conditioning
mechanism identical. Language information is injected at every timestep by concatenating a fixed-
dimensional language embedding zℓ to the physical state input, encouraging the model to treat
language as a persistent contextual variable. The recurrent hidden state thus integrates observations
over time while being continuously modulated by linguistic constraints. These models test whether
simple recurrent memory is sufficient to internalize and propagate language-specified physical
properties through time: ht = RNN(ht−1, [st; zℓ]). The final hidden state is decoded to predict
future trajectories. ŝT+1:T+H = Decoder(hT ).

3. Transformer. The Transformer encoder (Vaswani et al., 2017) represents physical trajectories
as sets of temporally indexed tokens processed through self-attention, enabling flexible long-range
dependency modeling. Unlike recurrent models, Transformers do not impose an explicit sequential
state update, instead relying on attention mechanisms to relate past states when predicting future
dynamics. We condition the Transformer on language via cross-attention, allowing physical state
representations to selectively attend to semantic information when forming predictions:

CrossAttn(Hs, zℓ) = softmax
(
(HsWQ)(zℓWK)⊤√

dk

)
(zℓWV ). (5)

Here Hs ∈ RT×d denotes encoded state sequences and zℓ ∈ R384 the language embedding. This
design tests whether attention-based architectures can dynamically resolve which aspects of language
are relevant to different phases of motion. While Transformers offer greater expressivity and global
context access, their lack of an explicit state-space inductive bias may hinder stable propagation of
physical constraints over time.
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Figure 2: Model architectures for language-conditioned physics prediction. Left: MLP baseline
without language input. Middle: Recurrent models (GRU/LSTM) with concatenated language em-
beddings. Right: Transformer/Mamba with cross-attention for language conditioning. All language-
conditioned models use frozen sentence transformer embeddings.

Table 2: Main results on PHYSLANG. We report MSE (↓) with 95% confidence intervals across 3
seeds. ∆comp and ∆contra indicate relative performance change from training to compositional and
contradiction splits.

Model Train MSE Compositional MSE Contradiction MSE ∆comp (%) ∆contra (%)

MLP (no lang.) 0.320± 0.140 0.861± 0.084 1.587± 0.242 +169.2 +396.6

GRU (Cho et al., 2014) 1.155± 0.006 1.673± 0.212 2.573± 0.993 +44.8 +122.7
LSTM (Hochreiter & Schmidhuber, 1997) 0.563± 0.096 1.066± 0.107 1.956± 0.611 +89.5 +247.5
Transformer (Vaswani et al., 2017) 2.577± 0.231 1.855± 0.416 3.701± 2.694 −28.0 +43.6
Mamba (Gu & Dao, 2024) 2.833± 0.122 3.273± 0.871 4.093± 1.059 +15.5 +44.5
Mamba2 (Dao & Gu, 2024) 2.479± 0.504 2.743± 0.677 3.921± 2.036 +10.6 +58.2

4. Mamba. Mamba (Gu & Dao, 2024) is a selective state-space model that combines linear-
time sequence processing with input-dependent dynamics, making it a compelling candidate for
physical modeling. Its latent state evolves according to learned discretized state-space operators,
providing an inductive bias closer to classical dynamical systems than attention-based models:
ht = Ātht−1 + B̄tst, ot = Ctht. . To incorporate language, we interleave Mamba blocks
with cross-attention layers and introduce a learned gating mechanism that controls the influence of
semantic information at each timestep: s̃t = (1− gt)⊙Mamba(st)+gt ⊙CrossAttn(st, zℓ), where
gt ∈ [0, 1]d modulates the influence of language. This design allows the model to modulate the
strength of language conditioning as a function of the evolving physical state. Mamba therefore tests
whether structured state-space dynamics can support more robust grounding of language-defined
physical rules. Comparing its behavior to Transformers and RNNs helps disentangle the roles of
recurrence, attention, and continuous state evolution in language-grounded world modeling.

5.2 EXPERIMENTAL SETUP AND IMPLEMENTATION DETAILS

All models are trained for 100 epochs using AdamW (Loshchilov & Hutter, 2017) with a OneCycleLR
schedule, an initial learning rate of 10−3, and gradient clipping at 1.0 to stabilize optimization across
architectures. Inputs are normalized to the [0, 1] range using domain-specific scaling to ensure
comparable numerical conditioning across physical variables (details in Appendix C). Each model
is trained to predict future physical states over a fixed horizon H given a context window of length
T , with identical loss functions, batch sizes, and optimization settings to control for confounding
factors. Results are averaged over three random seeds to account for stochasticity in initialization
and training dynamics. Architectural differences are therefore isolated to representational structure
and language-conditioning mechanisms rather than training protocol. This controlled setup allows
us to attribute observed performance differences and failure modes to inductive bias and semantic
integration rather than optimization artifacts.
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Figure 3: Prediction error across evaluation splits. Bar heights indicate mean MSE across 3 seeds;
error bars show 95% CI. LSTM achieves the lowest error on compositional and contradiction splits
in this setting, while the MLP baseline shows a high generalization drop despite the lowest training
error.

Figure 4: Generalization gaps across models. Heatmap showing relative performance degradation
(%) from training to compositional and contradiction splits. Darker colors indicate larger gaps.
MLP baseline exhibits catastrophic generalization failure (+396.6% on contradiction), while GRU
maintains the smallest compositional gap (+44.8%).

6 EXPERIMENTAL FINDINGS

6.1 MAIN RESULTS

✓ Architectural Inductive Bias and Accuracy. Table 2 and Figure 3 reveal systematic performance
differences across architectures that cannot be explained by optimization or data scale. In this
controlled, short-horizon regime, recurrent models consistently achieve lower prediction error than
attention-based and state-space alternatives. Notably, the LSTM attains the lowest error on both
the compositional and contradiction splits (MSE 1.066 and 1.956), outperforming Transformer and
Mamba variants by more than 40%, suggesting that explicit recurrent state updates provide a strong
prior for propagating language-conditioned physical constraints.
✓ Limits of Purely Kinematic Extrapolation. Although the MLP baseline achieves the lowest
training error, its performance degrades sharply under distribution shift, exhibiting the largest gen-
eralization gaps across all test splits. As shown in Figure 4, error increases dramatically on the
compositional and contradiction splits, indicating that kinematic extrapolation alone is insufficient
when physical properties are modified by language rules. This failure demonstrates that access to
language is necessary but not sufficient for robust generalization, as models must also internalize
how semantic rules causally influence dynamics.
✓ Performance of Attention-Based and State-Space Models. Attention-based and state-space
architectures exhibit higher variance and overall error in this setting, suggesting a mismatch between
their inductive biases and the demands of short-horizon physical prediction. The Transformer’s
negative compositional gap is indicative of underfitting, likely due to its reliance on global attention
rather than incremental state updates. Mamba similarly shows elevated error, implying that structured
state-space dynamics combined with language-conditioned gating do not, by themselves, guarantee
stable semantic integration.
✓ Failure Under Contradictory Language Rules. Across all architectures, the contradiction split
yields the highest prediction errors, making it the most challenging evaluation setting. Models consis-
tently fail to adapt when language rules explicitly conflict with training-time associations, instead
producing predictions that interpolate between incompatible dynamics. This behavior suggests that
language is often treated as a soft contextual cue rather than as a hard constraint governing physical
evolution, even in simple and fully observable environments.

6.2 ABLATION STUDIES

✓ Language Ablation Study. To quantify how much models rely on language, we evaluate with
perturbed linguistic inputs (Table 3). Figure 5 visualizes the degradation patterns. Language
sensitivity, defined as (MSEshuffled −MSEnormal)/MSEnormal, reveals important patterns. LSTM shows
the highest sensitivity (295.9%), indicating strong coupling between linguistic input and dynamics
prediction, though this may also reflect brittleness to perturbations. Transformer architecture shows
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the lowest sensitivity (51.0%), potentially indicating underfitting to language. The normal progression
of → shuffled → wrong rules confirms that models distinguish between random noise and semantically
incorrect information.

Table 3: Language ablation results. “Normal” uses correct language; “Shuffled” uses randomly
permuted text; “Wrong Rule” uses mismatched descriptions. Language sensitivity measures relative
degradation from normal to shuffled.

Model Normal Shuffled Wrong Rule Language Sensitivity
Transformer 2.577± 0.231 3.884± 1.541 4.237± 0.490 51.0%± 26.7%
Mamba 2.833± 0.122 5.221± 0.866 5.959± 1.063 84.4%± 14.7%
Mamba2 2.479± 0.504 4.808± 1.856 5.371± 0.571 93.3%± 18.1%
GRU 1.155± 0.006 3.130± 0.372 3.662± 0.865 170.9%± 13.1%
LSTM 0.563± 0.096 2.221± 0.308 2.747± 0.453 295.9%± 33.7%

Figure 5: Language ablation analysis. (Left) MSE under different language perturbations: normal
(correct), shuffled (random word order), and wrong rule (semantically incorrect). (Right) Language
sensitivity quantifying relative degradation. LSTM exhibits the highest sensitivity (295.9%), indicat-
ing the strongest language-physics coupling.

✓ Statistical Significance. Table 4 reports paired statistical tests comparing each model to the MLP
baseline. All language-conditioned models show statistically significant differences (p < 0.05) with
large effect sizes (Cohen’s d > 0.8).

Table 4: Statistical significance analysis comparing language-conditioned models against MLP
baseline on the compositional test split. Cohen’s d effect sizes and paired t-test p-values are reported.

Model vs Baseline ∆ Cohen’s d p-value Significant?
Transformer −115.6% −5.82 (large) 0.0097 ✓
Mamba −280.4% −6.70 (large) 0.0073 ✓
Mamba2 −218.7% −6.17 (large) 0.0087 ✓
GRU −94.4% −7.27 (large) 0.0063 ✓
LSTM −23.9% −3.28 (large) 0.0296 ✓

✓ Computational Efficiency. Table 5 compares computational requirements. Despite having the
most parameters (3.6M), LSTM achieves competitive training times. Mamba2 requires significantly
more VRAM (278 MB) due to structured state space computations.

7 DISCUSSION

We designed our experiments to directly probe whether language acts as a governing constraint
on physical dynamics or merely as a contextual cue during prediction. The observed differences
across architectures and evaluation splits reveal how inductive biases shape this interaction between
semantics and temporal state evolution. We now interpret these findings to explain why certain
models benefit from language conditioning in controlled settings, while others fail to generalize under
compositional or contradictory rules.

Why recurrent models perform better in this regime? The sequential and causal structure of
rigid-body physics aligns well with the inductive biases of recurrent architectures, which enforce
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Table 5: Computational costs for training on PHYSLANG.

Model Parameters Train Time (min) Epoch Time (s) Peak VRAM (MB)
MLP 678K 0.6 0.2 87
Transformer 990K 1.4 0.6 87
Mamba 674K 1.4 0.7 87
Mamba2 676K 2.3 1.1 278
GRU 1.3M 0.9 0.4 87
LSTM 3.6M 1.4 0.5 124

incremental state updates and temporal locality. In contrast, bidirectional attention in Transform-
ers may introduce spurious dependencies between non-adjacent timesteps, which is suboptimal
for short-horizon physical prediction. GRU and LSTM hidden states effectively act as temporal
smoothers, stabilizing prediction under small perturbations, as reflected in smoother learning curves
(Appendix D). We stress that this advantage is specific to the controlled, short-horizon setting studied
here and may not generalize to longer or more complex regimes.

The language grounding paradox. Models with higher sensitivity to linguistic perturbations
also achieve better absolute performance, indicating that strong coupling between language and
dynamics is beneficial in this benchmark. The near-monotonic alignment between sensitivity
and accuracy rankings suggests that effective grounding requires language to exert a measurable
causal influence. However, increased sensitivity also introduces brittleness under distributional shift,
exposing a trade-off between semantic influence and robustness. This tension motivates future work
on structured or modular language conditioning rather than global semantic injection.

Contradiction as a diagnostic signal. Uniformly poor performance on the contradiction split should
not be interpreted as failure of belief revision, as models are not trained to update or arbitrate rules
online. Instead, this split diagnoses whether models can override learned semantic–physical associa-
tions when presented with conflicting constraints. The observed interpolation between incompatible
dynamics suggests that language is encoded as a soft contextual prior rather than a binding causal
rule. Addressing this limitation likely requires explicit representations of causal structure and rule
hierarchies (Schölkopf et al., 2021).

Implications for foundational world models. Large gaps between training and compositional perfor-
mance, even under controlled recombination of familiar rule primitives, indicate that compositional
generalization remains fragile. These failures arise despite deterministic dynamics, full observability,
and simple language, suggesting that scale alone is unlikely to resolve them. While derived from
a small diagnostic benchmark, our findings expose failure modes that are likely amplified in larger
settings. We therefore position PHYSLANG as a hypothesis-generating tool for stress-testing language
grounding in future foundation world models. Our findings imply that such models require explicit
mechanisms for disentangling linguistic structure from latent dynamics, rather than relying on implicit
pattern matching. In particular, architectures should support modular rule composition and verifiable
constraint enforcement to prevent semantic drift under distributional shifts.

8 CONCLUDING REMARKS

We introduced PHYSLANG, a controlled diagnostic benchmark for evaluating language grounding in
neural world models. Our results show that even in simple, fully observable physics environments,
current architectures exhibit sharp limitations in grounding language, particularly under compositional
recombination and contradictory rules. In this short-horizon setting, recurrent models achieve lower
prediction error than attention-based alternatives, while all models display high language sensitivity
without corresponding semantic robustness. We position PHYSLANG as a lightweight falsification
tool for probing language–dynamics coupling, intended to reveal failure modes rather than define a
leaderboard.
Promising future directions include integrating explicit physical priors, structured rule representations,
and causal intervention mechanisms to improve robustness under semantic conflict. Future work will
also explore neuro-symbolic and program-induction approaches to enable explicit rule extraction and
verification from language. Scaling the benchmark to partially observable and stochastic environments
may further test generalization and long-horizon reasoning. Finally, incorporating human-in-the-loop
evaluation could help assess whether learned representations align with human physical intuitions
and linguistic semantics.
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A PHYSICS RULES

Table 6 provides the complete list of physics rules used in PHYSLANG. Each rule maps a color
attribute to a specific physical property value. During training, models observe trajectories gov-
erned by subsets of these rules and must learn to generalize to novel combinations (compositional
split) or contradictory assignments (contradiction split). The rules are designed to create clearly
distinguishable dynamics; for example, heavy blocks (m = 15.0 kg) exhibit distinct interaction and
momentum-transfer dynamics during collisions, while slippery blocks (µ = 0.001) slide farther after
contact.

Table 6: Complete list of physics rules in PHYSLANG. Rules define mappings from block colors to
physical properties, creating language-grounded dynamics that models must learn to predict.

Rule Key Natural Language Property Value
red heavy “Red blocks are heavy” mass 15.0 kg
blue heavy “Blue blocks are heavy” mass 15.0 kg
green light “Green blocks are light” mass 0.05 kg
red light “Red blocks are light” mass 0.05 kg
blue light “Blue blocks are light” mass 0.05 kg
red slippery “Red blocks slide easily” friction 0.001
green slippery “Green blocks slide easily” friction 0.001
blue slippery “Blue blocks slide easily” friction 0.001
red sticky “Red blocks are sticky” friction 2.0
green sticky “Green blocks are sticky” friction 2.0

B GRAVITY VARIATIONS

To increase environmental diversity and test model robustness, PHYSLANG includes six gravity
configurations (Table 7). These variations create qualitatively different dynamics: reversed gravity
causes blocks to float upward, low gravity produces slower, more floaty motion, and sideways
gravity induces lateral acceleration. The varying gravity condition uses a time-dependent multiplier
α(t) ∈ [0.5, 1.5] that oscillates sinusoidally, requiring models to adapt to changing dynamics within
a single episode.

Table 7: Gravity variations in PHYSLANG. Each configuration create distinct trajectory patterns that
models must learn to predict.

Key Description Vector (m/s2)
normal Standard Earth gravity (0, 0,−9.81)
reverse Reversed (upward) gravity (0, 0,+9.81)
low Reduced gravity (0, 0,−3.0)
high Increased gravity (0, 0,−20.0)
sideways Horizontal gravity (9.81, 0, 0)
varying Time-varying magnitude α(t) · (0, 0,−9.81)

C IMPLEMENTATION DETAILS

Normalization. To ensure stable training across features with different scales, states are normalized
per feature type. Positions are scaled by the workspace bounds, velocities are clipped to prevent
outliers from dominating gradients, and physical properties (mass, friction, scale) are normalized to
their respective valid ranges:

p̃ = p/5.0, ṽ = clip(v,−10, 10)/10.0, m̃ = clip(m, 0.05, 15.0)/15.0 (6)
µ̃ = clip(µ, 0.001, 2.0)/2.0, r̃ = clip(r, 0.08, 0.35)/0.35 (7)
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Model Hyperparameters. Table 8 summarizes the architectural choices for each model. We kept
hyperparameters relatively consistent across architectures to ensure fair comparison, with hidden
dimensions chosen to yield comparable parameter counts where possible. The MLP uses a 4-layer
architecture with expanding-then-contracting width (256→512→512→256), while recurrent and
attention models use 2 layers. All models use dropout of 0.2 for regularization.

Table 8: Model hyperparameters. Hidden dimensions and layer counts were chosen to balance
expressivity with computational efficiency.

MLP GRU LSTM Transformer Mamba
Hidden dim 256/512 256 256 128 128
Layers 4 2 2 2 2
Heads – – – 4 –
State dim – – – – 16/64
Dropout 0.2 0.2 0.2 0.2 0.2

D ADDITIONAL VISUALIZATIONS

This section provides additional figures that complement the main experimental results.

Property Distributions. Figure 6 shows the distribution of physical properties across PHYSLANG.
The mass distribution (panel a) exhibits a bimodal pattern reflecting the heavy/light rule assignments,
with peaks at 0.05 kg and 15.0 kg. Similarly, friction coefficients (panel b) cluster around the slippery
(0.001) and sticky (2.0) values. Block scales (panel c) are uniformly distributed within the valid
range, and initial velocity magnitudes (panel d) follow a Chi distribution consistent with Gaussian
velocity components.

Figure 6: Distribution of physical properties across PHYSLANG: (a) mass showing bimodal
heavy/light pattern, (b) friction coefficient distribution, (c) block scale distribution, (d) initial velocity
magnitudes.

Learning Dynamics. Figure 7 visualizes training and validation loss curves across all models.
Several patterns emerge that correlate with final test performance. MLP converges fastest but exhibits
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early overfitting, with the train-validation gap widening after epoch 20. Recurrent models (GRU,
LSTM) show smooth, stable convergence with consistent improvement throughout training. Attention-
based models display higher variance, particularly Transformer which shows oscillatory behavior
that may explain its underfitting on the training distribution.

Figure 7: Training dynamics across model architectures. (Left) Training loss curves showing
convergence patterns. (Right) Validation loss curves. Shaded regions indicate ±1 standard deviation
across 3 random seeds. The widening gap between train and validation for MLP foreshadows its poor
generalization.

Multi-Dimensional Comparison. Figure 8 presents a radar chart comparing models across six
evaluation dimensions: train MSE, compositional MSE, contradiction MSE, language sensitivity,
training efficiency, and memory usage. Scores are normalized such that higher values indicate better
performance on all axes. LSTM achieves the best overall profile in this setting, dominating on compo-
sitional and contradiction handling while maintaining competitive computational efficiency. The MLP
baseline shows strength only in training efficiency and train MSE, but its poor generalization metrics
result in a collapsed profile on the test-related dimensions. Attention-based models (Transformer,
Mamba) occupy an intermediate position but lag on accuracy metrics.

Figure 8: Multi-dimensional model comparison across six evaluation dimensions (higher is better for
all axes). LSTM achieves the best overall profile in this setting, excelling in generalization metrics
while maintaining efficiency. MLP’s profile collapses on test dimensions despite strong training
performance.
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Computational Efficiency. Figure 9 provides a visual comparison of computational requirements
across architectures. Despite having the most parameters (3.6M), LSTM achieves competitive training
times due to efficient CUDA implementations. Mamba2 requires significantly more VRAM (278
MB vs. 87 MB for most models) due to its structured state space computations, which may limit
scalability to longer sequences or larger batch sizes.

Figure 9: Computational efficiency comparison: (a) parameter counts across architectures, (b) total
training time in minutes, (c) peak GPU memory usage. LSTM achieves the best accuracy-efficiency
trade-off despite having the most parameters.

Effect Sizes. Figure 10 visualizes Cohen’s d effect sizes comparing each language-conditioned
model against the MLP baseline on the compositional split. All effects are large (|d| > 0.8),
confirming that the differences reported in Table 4 are practically significant. The negative values
indicate that language-conditioned models have higher absolute MSE than the MLP baseline, but as
shown in the main results, they exhibit substantially better generalization patterns.

Figure 10: Cohen’s d effect sizes comparing language-conditioned models against the MLP baseline
on the compositional split. All effects are large (|d| > 0.8) with statistical significance (p < 0.05).
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