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ABSTRACT Large-scale language models increasingly mediate everyday decision-making, yet many deployed settings require
physical commonsense judgments that are both linguistically diverse and culturally situated. Physical commonsense is not
only about abstract plausibility; it also encodes community-specific conventions over tools, materials, foods, and routines,
and such conventions interact with morphology, script, and discourse style. This paper proposes a technical framework for
culturally robust physical commonsense reasoning that does not rely on translating all inputs into a single pivot language. The
core contribution is a latent affordance operator model that maps utterances to a canonical action-object state space, then
performs constrained probabilistic inference over feasible physical transformations. Language enters through a conditional
operator generator that produces distributions over affordance parameters, while an invariance regularizer drives cross-lingual
agreement at the level of predicted physical effects rather than surface form. The resulting system separates language-specific
expression from shared physical structure and admits principled uncertainty estimates when cultural priors differ. We formalize
the inference problem as energy-based posterior decoding with compositional operators, derive training objectives that couple
contrastive alignment with calibration constraints, and analyze robustness under distribution shift in the language channel. We
also outline an evaluation protocol spanning text-only plausibility, tool-use planning, and counterfactual intervention queries,
emphasizing measurement that is sensitive to cultural specificity while remaining physically grounded.
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community. A robust system must therefore distinguish universal
1. Introduction physical constraints from community-specific priors, and must
do so across many languages, dialects, and scripts without

Physical commonsense reasoning is typically framed as the assuming that translation preserves the relevant implicatures.

ability to choose actions that respect constraints imposed by
objects, materials, and environments. In practice, the notion of
what is physically reasonable is mediated by culturally contingent
defaults: which container is used for a given liquid, whether
a food is expected to be served hot or cold, which household
surfaces are considered appropriate for preparation, and which
improvised tools are normative. These conventions are not
arbitrary; they compress repeated exposure to local environments
and practices into fast priors that guide action selection. When
reasoning is mediated through language, such priors are also
entangled with lexicalization patterns, idioms, and the implicit
assumptions that speakers omit because they are shared within a

Current approaches often treat multilingual physical com-
monsense as a representation learning problem, aiming to align
sentence embeddings across languages and then apply a single
classifier or generative model. This can work when the decision
boundary depends primarily on syntactic or semantic cues that
are translated cleanly. However, physical commonsense queries
frequently reference culturally local objects and procedures, or
rely on underspecified descriptions where the missing details
are filled in by local defaults [1]. In such cases, forcing all
inputs into a pivot language can erase precisely the information
that disambiguates the intended physical situation. What is
needed is a model that keeps linguistic variation in the input
channel, while projecting into a language-agnostic latent space
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Figure 1 End-to-end pipeline: multilingual text conditions a structured context/query posterior and an action-parameter generator, while a shared
energy model enforces physically grounded feasibility and produces calibrated posteriors over plans and outcomes.
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Figure 2 Latent state factorization: object identities and relations support discrete feasibility, while continuous attributes summarize coarse
physical dynamics. Culture- and language-conditioned priors infer typical initial contexts without altering the shared physical constraint set.

that explicitly represents physical state, affordances, and feasible
transformations.

This paper develops a framework built around latent affor-
dance operators, which are stochastic, compositional mappings
from physical states to physical states. Each operator corre-
sponds to an action type with parameters tied to objects and
materials. Unlike purely symbolic planners, the operator pa-
rameters are generated from natural language using a learned
conditional distribution that can vary with language and culture.
Unlike purely neural classifiers, the inference is constrained by
an explicit state representation and feasibility potentials that
encode conservation-like and compatibility constraints. The
key idea is to separate two forms of uncertainty: uncertainty
about the physical dynamics, which should be largely invariant
across languages for a fixed environment class, and uncertainty
about the latent context and conventions, which can differ across
communities even when the literal text is similar [2]. An obser-
vation is that multilingual evaluations of physical commonsense
can expose large performance disparities across language com-

munities, including substantial gaps between higher-resource
and lower-resource settings, and such disparities persist even
when the task is intended to test everyday knowledge rather than
specialized expertise; for instance, Chang et al. (2025) report
gaps as large as 37% accuracy between language groups on a
culturally grounded physical commonsense benchmark. These
findings motivate methods that explicitly model how language
and culture modulate priors over actions and objects, rather than
assuming that better scaling alone will close the gap [3].

The technical contribution of this work is not an attempt to
optimize for any particular benchmark. Instead, it proposes a
modeling and inference architecture that is suitable for a broad
class of physically grounded queries, including choice questions,
open-ended action proposals, and counterfactual queries of the
form “what would change if an alternative action were taken.’
The contributions can be summarized as follows in narrative
form: a canonical latent state space for household-scale physi-
cal reasoning; a language-conditioned operator generator that
produces distributions over action parameters and affordance

)
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Figure 3 Single-step operator application: language-conditioned parameters and an affordance gate modulate an energy-based transition that
preserves hard feasibility while representing when an action is predicted ineffective or culturally atypical in the inferred context.

strengths; an energy-based inference procedure that composes op-
erators and yields calibrated posteriors over candidate outcomes;
and a training objective that encourages invariance of predicted
physical effects across languages while allowing culture-specific
priors to persist when supported by data. The remainder of
the paper formalizes these components, derives learning and
inference rules, and proposes an evaluation methodology and
experimental design that can be instantiated in simulation and
with curated text corpora.

2. Problem Formulation

We consider a family of tasks in which an input utterance
describes a goal, a situation, or a question about the physical
world, and the system must infer a plausible outcome, select a
feasible action, or choose among candidate solutions [4]. Let [
denote a discrete language identifier that indexes writing system
and linguistic conventions, while not presupposing any particular
geopolitical boundary. Let x denote the observed text string
in language I. We assume that the text implicitly refers to a
latent physical context ¢, which includes a set of objects, their
material properties, and relevant environmental conditions. The
system’s output can take multiple forms: a binary choice among
candidates, a ranked list of action sequences, or a predicted next
state. For concreteness and to expose the underlying structure,
we define a unified formulation in which the system produces a
distribution over latent plans 7 and resulting states st after a
bounded horizon 7.

The latent physical state at time ¢ is denoted s; € S, where
S is a structured space comprising object identities, discrete
attributes, and continuous attributes. A minimal but expressive
instantiation partitions s; into o, a, 2¢, where oy is a multiset of
object instances, a; are discrete attributes such as containment
relations and contact graphs, and z; are continuous attributes

such as temperature, viscosity proxies, moisture level, and
geometric configuration descriptors. We do not assume that all
these quantities are observed; rather, they are latent and inferred
from text and optional sensory side information [5]. The latent
context c induces a prior distribution over sg, reflecting what
objects are likely present and what default configurations are
typical in a community.

Actions are modeled as operators that transform states. An
action at time ¢ is u; € U with parameters 0; € O, and it
induces a stochastic transition kernel ps;; | s¢, ut, 6¢. The plan
is T = wug,fp,...,ur—1,07_1. The text x constrains the plan
via a goal or question semantics, but it can do so indirectly. For
example, a question may ask which of two candidate actions is
more appropriate, or it may ask which outcome is more likely.
We unify these by introducing a query variable ¢ derived from
z that defines a scoring function over terminal states and, when
relevant, over intermediate action choices.

The key modeling challenge is multilingual and cultural vari-
ation. The same physical action can be described with different
lexical granularity across languages, and some languages en-
code distinctions that others leave implicit [6]. Additionally,
communities differ in which objects are salient defaults. We
therefore introduce a language-conditioned semantic channel
that maps z, [ to distributions over latent variables that connect
language to physical state and action. Specifically, we define
an operator generator distribution pd, | x,l, u; that produces
action parameters from text, and a context prior psg | x, ! that
infers the likely initial configuration given the utterance and
language-conditioned conventions.

The overall inference goal is to compute a posterior over
plans and outcomes given the text:

T-1
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Figure 4 Learning signals and regularization: task supervision trains decision accuracy, effect-level invariance promotes cross-lingual transfer
in predicted physical changes, calibration reduces brittle confidence in sparse languages, and an adversarial term pushes dynamics parameters
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Figure 5 Candidate-choice inference: each hypothesis induces a small latent model whose marginal score is approximated via sampling and
energy reweighting, optionally refined in continuous subspaces, then normalized to produce both a selection and calibrated uncertainty.

The factor pu¢,0; | x,l,s; is decomposed into a proposal
distribution over action types and a conditional over parameters,
and it may also incorporate feasibility constraints based on the
current state. For tasks where candidate answers are provided,
we restrict 7 to a small set of candidate single-step actions or
candidate terminal outcomes. For tasks requiring multi-step
reasoning, we allow short sequences and marginalize accordingly

[7].

A central design requirement is to permit cultural priors
to differ while maintaining invariance of physical dynamics.
We formalize this by decomposing the transition model into
an invariant dynamics component and a culture-dependent af-
fordance gating component. Let ¢ denote invariant dynamics
parameters shared across languages, and let ¢); denote language-
conditioned priors and lexical grounding parameters. We model

the transition as an energy-based kernel:

exp (— Egsi1, s¢,ut, 0),
2.2)

psi1 | s, up, 0 = ———
Zsg,ug, Oy

where E4 encodes compatibility constraints and approximate
physical laws at the granularity relevant to the tasks, such as
containment feasibility, temperature monotonicity under heating,
or viscosity reduction under dilution. The language- and culture-
dependent components appear in the prior over sg and in the
operator parameter generator. This separation enables the model
to represent that different communities may choose different
actions for the same goal because they have different typical
tools or preferences, while still representing that the physical
effect of adding water to oil or heating a substance follows the
same underlying qualitative trends.

We assume access to training data of the form x;, [;, y;, where
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¥; 1s a supervision signal [8]. The signal can be a labeled correct
option, a demonstrated action sequence, a partial annotation
of the latent state, or a preference among outcomes. The
formulation supports heterogeneous supervision by treating ¥;
as evidence about a subset of variables. The training objective
is then to maximize conditional likelihood or a margin-based
surrogate while enforcing cross-lingual invariance at the level of
predicted physical effects. The next section specifies the model
class used to instantiate these components.

3. Model Architecture

The proposed model consists of three interacting modules: a
language-conditioned parser that maps text to a distribution over
latent contexts and queries, a latent affordance operator module
that maps proposed actions to state transitions, and an inference
engine that composes operators and produces posteriors over
candidate outcomes. The design intentionally avoids treating
the language model as the decision-maker. Instead, language
modeling is used as a conditional generator of structured latent
variables that parameterize a physically grounded inference
problem [9].

The language-conditioned parser begins with an encoder
fwx, l that produces a sequence of contextual embeddings. The
encoder can be any multilingual sequence model, but its role
here is limited: it produces features that support extraction of
objects, action cues, and constraints. From these features, the
parser defines distributions over a discrete object vocabulary V
and a continuous attribute space. The context prior is modeled
as a structured distribution

p7/180 ‘ $7l = p’LZ}OO | x,lpwao | 007xalp’l,b20 | 00,0,0,{177l,
3.1)

where each factor can be implemented using neural conditional
random fields or autoregressive structured prediction. The object
factor selects a set of likely objects and materials. The attribute
factor selects relations such as containment and adjacency. The
continuous factor outputs distributions over relevant physical

scalars. Importantly, these distributions are allowed to depend
on [, capturing language- and community-specific defaults when
the text is underspecified [10]. For example, an utterance that
mentions a traditional cooking vessel could imply a material
and shape that differ across regions even if the translation is the
same in a pivot language.

The query variable g is derived similarly, representing either
a goal condition gs, a preference relation between candidate
states, or an evaluation functional over action sequences. We
model g as a small program in a constrained domain-specific
language that references state attributes and operator outcomes.
This program is not produced via unconstrained code generation;
rather, it is assembled from templates with learned slot filling, so
that inference remains tractable and the meaning is inspectable.
The parser outputs a distribution over templates and slot values,
and the expected query is used in inference.

The latent affordance operator module defines a family of
action types u € U, each associated with an operator function
that maps a state to a distribution over next states. For each
action type, the module defines a parameter vector § and an
affordance strength v € 0, 1 representing the feasibility and
effectiveness of the action in the current context. Both 6 and
« are predicted from language and current state [11]. The key
is that o can encode culturally contingent preferences insofar
as they are grounded in typical tool availability and normative
practice, while hard physical impossibilities remain enforced by
the energy function. The conditional distribution is

pub,a |z, lu,sp = N (0| pyz,lu, s, Zpw, Lu, sg) (3.2)

Beta(a | rya, 1, ¢, kya, 1, u, st) .
3.3)

where the mean and covariance functions are computed from
a fusion of language features and state features. The state
features are derived from a graph representation of s, with
nodes for objects and edges for relations, and a graph neural
network produces embeddings that are combined with the text
embeddings. This design allows the same action phrase to
yield different parameter distributions depending on the inferred
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Table 1 High-level modules in the latent affordance operator architecture and their roles in connecting language to physically grounded inference.

objects and relations.
The transition kernel uses an energy function that combines
a dynamics prior, soft constraints, and affordance gating:

Eysi1,5¢,ut,0p = Eqyn,¢S¢1; St, Ut, 04
)\COHSECOIISStla St (34
Aattl — oy Egaq1Se1, St U

where Eqyn ¢ captures typical qualitative dynamics for the
operator family, F.ons penalizes violations of generic constraints
such as inconsistent containment, and F't,;; concentrates mass on
near-identity transitions when the action is predicted ineffective.
The affordance gate ai; modulates whether an action is expected
to have an effect in the given context [12]. This is useful for
capturing that some actions, while physically possible, are rarely
used in a community and therefore may be less likely to be the
intended solution in a commonsense question. At the same time,
because E.qps is independent of oy, hard constraints remain
enforced even if a culturally favored action would otherwise be
preferred.

To support compositional reasoning, operators are compos-
able via marginalization over intermediate states. The inference
engine must handle both candidate-choice tasks and open infer-
ence. For candidate-choice tasks, we define candidate hypothe-
ses h € H, where each h corresponds to either a single operator
application or a short plan. The model computes a score

scoreh | x,1 = log pyso | m,ltp¢9t,at | 1, ug, st

x exp( — Egst1, s¢, ut, 0¢) dso.r dfo:r—1.
3.5
and normalizes across candidates. For open-ended prediction,
the engine samples or optimizes over 7 and sg.7 using amor-

tized proposals and gradient-based refinement in the continuous
components of the state.

A defining aspect of the architecture is that language-
conditioning occurs at two points: in the context prior and
in the parameter generator. The invariant dynamics parameters
¢ are shared across languages, and their training is regularized
by cross-lingual consistency losses described in the next sec-
tion [13]. This factorization is intended to yield a model that
can adapt to different linguistic realizations without requiring
translation, while still benefiting from shared physical structure
learned from pooled data.

4. Learning and Inference

Learning proceeds from heterogeneous supervision, and infer-
ence must be tractable under a structured latent space. We
present a unified objective that handles labeled choices, pref-
erence signals, and partial state annotations. The objective is
composed of a task likelihood term, an invariance term, and a
calibration term, each motivated by a distinct failure mode in
multilingual physical commonsense.

For labeled choice data, each example provides a set of
candidate hypotheses ; and a correct label 2}. The likelihood
is modeled with a softmax over marginal scores:

expscoreh’ | x;,l;
Lechoice®, Y = — .IOg . :
i hen, expscoreh | x;,l;

“.1

For preference data, where supervision indicates that one hy-
pothesis is more plausible than another, a logistic ranking loss



Component Symbol Contents Example instantiations

Full state St Structured physical config-  Objects, relations, and con-

uration tinuous attributes at time ¢.

Object set ot Multiset of entities and ma-  Pots, bowls, knives,

terials wooden spoon, cooking oil,
rice, water.

Discrete relations at Graph-level symbolic struc- Containment, support, con-

ture tact, adjacency, tool-target
links.

Continuous at- 2zt Low-dimensional real- Temperature, moisture, vis-

tributes valued features cosity proxy, coarse geome-
try.

Context ¢ c Scenario-specific defaults Typical kitchen layout, com-
mon vessels, household rou-
tines.

Prior over sg PSo Distribution induced by ¢ Likelihood of objects and

initial configurations before
acting.

Table 2 Factorization of the latent physical state into object identities, discrete relations, and continuous attributes, together with scenario-level

context that shapes priors over initial configurations.

can be used:

Lpret®, ¥ = log (1 exp ( — [scorehi | 24, 1; — scoreh; | z;, lz]))

4.2)

For partial state annotations, where certain attributes of sg or st
are labeled, the likelihood includes the corresponding marginal:
[14]

Lstate®, ¥ = —ilog D50 | Tis i Do ST | S0, %4, L

(4.3)
X 1{Aso, s = fli} dsgdsr.

where A- extracts the annotated attributes.

These task losses alone are insufficient for robustness under
language shift because they may encourage the model to encode
language-specific shortcuts in ¢ that correlate with labels in
high-resource settings but do not transfer. The core regularizer
therefore enforces invariance of predicted physical effects across
languages when the underlying physical situation is semanti-
cally matched. We assume access to weak alignment pairs
x;,1; and x5, [; that describe similar physical queries, obtained
via bilingual dictionaries, paraphrase mining, or teacher-based
alignment, without requiring perfect translation equivalence.
For such pairs, we define an effect representation e extracted
from the posterior over terminal states, such as expected changes
in key continuous attributes and changes in relation graphs. Let
ex, denote this effect representation. The invariance loss is
then [15]

2
Liny®, Y = Z.j“@fia li —exj, L5
’ “4.4)
’YijDKL(pdmbA | @i, li (| g | 25,15) -

where A denotes a discrete summary of the predicted physi-
cal change, such as whether temperature increases, whether a
mixture becomes more dilute, or whether a container becomes
more likely to leak. The Euclidean term enforces agreement
in continuous summaries, while the divergence term enforces
agreement in categorical outcomes. Crucially, this regularizer
acts on the outputs of the physically grounded inference rather
than on token embeddings. This makes it less sensitive to
differences in lexicalization and more aligned with the intended
invariance of physical effects.

However, strict invariance is not always desirable because
communities can differ in which contexts are assumed. If
the utterances are underspecified and the inferred sq differs
legitimately across languages, forcing the effects to match can
erase culturally appropriate priors. We therefore apply invariance
conditionally, weighted by an estimated alignment confidence
and by posterior overlap of inferred contexts [16]. Define
wi; € 0,1 as an alignment weight. Define an overlap measure
O;; between the context posteriors, such as the expected Jaccard
overlap of object sets and agreement of relation edges. The
invariance loss becomes

Liny®, ) = g i Oij (lexi, l; — ex;, 13
YDk (pA | @i, li | pA | 25,15)).
4.5

When overlap is low, the model is permitted to maintain
different priors, reflecting that the intended physical situation
may differ across communities.

Calibration is a separate concern. In many applications, the
system should be able to admit uncertainty rather than produce
overconfident but culturally inappropriate outputs. We include
a calibration term that encourages predicted probabilities over



Element Notation Description

Action type u €U Symbolic operator family such
as pour, heat, cut, or fasten.

Parameters 0 €© Targets, amounts, durations,
contact points, and other
operator-specific settings.

Affordance gate ar €0,1 Degree to which the action is

Transition kernel

Plan 7T:’u,0,907...

psi1 | s¢,ut, O

,ur—1, 071

feasible, effective, and typical
in the inferred context.

Energy-based distribution en-
forcing physical feasibility and
qualitative dynamics.

Short sequence of operators
composed over a bounded hori-
zon.

Table 3 Structure of latent affordance operators that map a physical state to a distribution over next states, conditioned on action type, parameters,

and an affordance gate.

candidate answers to be calibrated under language-conditioned
shifts. Let p; denote the predicted probability of the chosen
hypothesis and let y; denote correctness. A differentiable cali-
bration surrogate can be constructed by penalizing the squared
difference between predicted confidence and empirical accuracy
within mini-batches stratified by language:

1 N 1

2
— - : 4.6
|Bl,b| ieBl,bpz ‘Bl,b| 1€By yi) ’ ( )

Leard, = (

lb

where B, ;, denotes a bin of examples in language [ with predicted
confidence in an interval indexed by b. This term discourages
the model from assigning high confidence in languages where
it has not learned reliable mappings from text to context and
operator parameters [17].

The full objective is

min  Lchoice nprefﬁpref nstate[:state
o “.7)

77inv£inv 77cal£cah

Optimization alternates between amortized inference and
parameter updates. Because the scores involve integrals over
latent states and operator parameters, exact marginalization is in-
tractable in general. We therefore use a hybrid strategy. Discrete
structure, such as object identity and relation edges, is handled
with structured variational inference using mean-field factors
and loopy belief propagation updates. Continuous attributes and
operator parameters are handled with reparameterized sampling
and gradient-based refinement.

For candidate-choice tasks, inference is simplified by restrict-
ing attention to short horizons and to candidate hypotheses [18].
Each hypothesis induces a small latent graphical model whose
partition function can be approximated with importance sam-
pling. The proposal distribution for sg is given by the context
prior, while the proposal for 6 is given by the operator generator.
The importance weight is proportional to the exponentiated

negative energy. When the action has continuous effects, a
small number of refinement steps are applied to the sampled
continuous variables by descending the energy while keeping
discrete structure fixed, then reweighting accordingly. This
yields a tighter approximation of the marginal score without
requiring full simulation.

For open-ended planning, we use a beam of action types
sampled from a language-conditioned policy pu; | x, 1, s¢, and
for each beam element we sample parameters and propagate state
distributions. Because the model is intended for commonsense
scales rather than fine-grained robotics, the state representation
remains coarse, and transitions can be computed efficiently [19].
The model can answer counterfactual questions by comparing
posterior distributions under different forced actions. This
is accomplished by conditioning on u; and recomputing the
posterior over s;; and downstream outcomes, making explicit
how different actions change the predicted physical effects.

A subtle but important aspect is how the model avoids col-
lapsing culturally contingent priors into the invariant dynamics.
We enforce this by constraining which parameters are shared
and by adding a penalty that discourages ¢ from encoding
language-specific signals. Concretely, we add an adversarial
term in which a language classifier attempts to predict [ from
intermediate dynamics features, while ¢ is trained to make
this prediction difficult. This encourages physical dynamics
features to be invariant. The language-conditioned parameters
1) remain free to encode culture-specific priors in the context
and operator distributions. The result is a model where the
shared dynamics represent general physical trends, while the
language-conditioned components capture how speakers and
communities describe and prioritize actions.

5. Theoretical Properties

We analyze the proposed factorization through the lens of robust-
ness to language shift and partial observability [20]. The aim is



Loss term Targets Intuition Supervision source

L choice Candidate labels Fit softmax over marginal ~ Multiple-choice physical
scores for discrete = commonsense questions.
choices.

Lopref Pairwise preferences Encourage preferred hy- Human  or  model-
pothesis to score higher  generated preference
than alternatives. judgments.

Lstate Latent states Match partial annotations ~ Object/material labels, re-
of sg or s under the gen- lation graphs, effect flags.
erative model.

Liny Effect summaries Align predicted physical  Cross-lingual paraphrases
effects across weakly and dictionary-based
aligned multilingual  pairs.
queries.

Leal Predicted confidences Reduce overconfidence Validation accuracy
via language-stratified cal-  grouped by language and

ibration penalties.

confidence bin.

Table 4 Main training losses used to supervise tasks, encourage cross-lingual invariance of predicted effects, and maintain calibration under

language shift.

not to claim universal guarantees, but to formalize conditions
under which invariance at the level of physical effects improves
generalization relative to purely embedding-level alignment.

Consider a distribution over examples indexed by language,
where each example is generated by first sampling a latent
physical scenario ¢ from a scenario distribution, then sampling
a language-conditioned utterance = describing o, and finally
sampling a label y according to a task rule that depends on
the true physical effects of candidate actions in ¢. The key
assumption is that, conditional on o, the physical transition
rules are language-invariant, but the utterance channel may be
biased and may omit details with probabilities that depend on [.
This matches the intuition that the world does not change with
language, but descriptions do.

Let hg 4,1 denote the model’s predictive distribution over
labels. We define a risk in each language [ as

Rl¢a 'l/) = ]EI,yNDL [£h¢’¢.’£, lv y] ) (51)

and an overall objective that averages over languages. In a
multilingual setting with imbalanced data, we care about the
worst-language risk [21]. The model’s factorization implies
that hy 4 depends on language primarily through the inferred
context distribution and operator parameter distribution, and
on shared physics through the energy function. The invariance
loss encourages that, when two utterances describe comparable
scenarios, the induced effect representation is similar.

We can view effect representations as a bottleneck. Let
e = ey, and let the prediction be hx,! = ge for some
downstream mapping g that reads off candidate scores. If e is
approximately sufficient for y and is invariant across languages
for matched scenarios, then learning g on high-resource lan-
guages can transfer. A failure mode occurs if e inadvertently
encodes language identity, which can happen if the context

prior uses language-specific shortcuts correlated with labels.
The adversarial invariance in dynamics and the output-level
invariance penalty aim to reduce this leakage.

A formal way to capture this is to bound the target-language
risk in terms of source-language risk plus a divergence between
effect distributions. Suppose we train on a mixture of source
languages and evaluate on a target language [; [22]. Let &
denote the distribution of effect representations under the source
mixture, and & under the target. Under Lipschitz assumptions on
the loss composed with g, one can express a domain adaptation
style bound:

Ry 0,9 < Rsg, ) Ly W&, & (5.2)

€approx;
where W is the Wasserstein-1 distance between effect distri-
butions, L is a Lipschitz constant, and €,pprox captures the
mismatch between the chosen effect representation and the true
sufficient statistics for the task. The invariance regularizer
directly targets the reduction of distances between effect repre-
sentations for aligned utterances, which can be interpreted as re-
ducing an empirical proxy for Wj. In contrast, embedding-level
alignment operates on token features that may not be sufficient
for the task and can be confounded by language-specific syntax.

Partial observability introduces another term. When text is
underspecified, the model must infer a distribution over contexts.
Let 8¢ be an inferred context sample and let psg | , [ be the true
posterior. Errors in this posterior can change effect distributions.
A useful decomposition separates error from dynamics and
error from context inference [23]. Consider the expected effect
under the model, Ee | z,[, and the true expected effect. Under
smoothness of the dynamics mapping from contexts to effects,
the error is bounded by a term proportional to the divergence
between context distributions. This suggests that improving
multilingual context inference is essential, and also suggests



Aspect Shared across lan- Primary parameters Examples

guages?

Physical dynamics Yes ¢ (energy function) Containment  feasibility,
monotone heating effects,
basic mixing trends.

Context prior No (language- ¢ for pso |z, Typical cooking vessels,

conditioned) surface choices, default
serving temperatures.

Operator parameters  No (language- @ for pOy, o | @, 1, ut, st Different cutting styles, typ-

conditioned) ical tool-object pairings,
plausible quantities.

Query semantics Partially shared Templates and slot predic- Goal predicates, compari-

tors

son functions, counterfac-
tual operators.

Table 5 Separation between language-invariant physical dynamics and language-conditioned components that encode priors over contexts,

operator parameters, and query forms.

Evaluation axis

Input / output form

Physical focus

Typical metrics

Text-only plausibility

Tool-use planning / cri-
tique

Counterfactual effects

Language-robust calibra-
tion

Multilingual description +
candidate options

Goal, objects, and short
plans

Context with alternative ac-
tions

Same task distribution
across languages

Everyday feasibility of ac-
tions and outcomes

Operator composition and
feasibility violations

Changes in attributes and
relations under hypotheti-
cal choices

Confidence under domain
and language shift

Accuracy, negative log-
likelihood, expected cali-
bration error.

Feasibility violation rate,
success rate, plan length
statistics.

Agreement on effect sum-
maries, effect consistency
across languages.

Worst-language accuracy,
overconfidence gap, en-

tropy of posteriors.

Table 6 Planned evaluation axes spanning plausibility judgments, tool-use reasoning, counterfactual prediction, and calibration across languages.

why allowing language-conditioned priors can be beneficial: if
the true context differs across communities, forcing identical
priors can increase context error.

The model’s conditional invariance weighting can be inter-
preted as a safeguard against negative transfer. If overlap O;; is
low, the invariance penalty is small, allowing the model to repre-
sent that two utterances, while aligned at a superficial semantic
level, might imply different default contexts and therefore differ-
ent physical effects. In this sense, the method targets invariance
of dynamics given context, not invariance of context itself. This
aligns with the principle that physical laws are invariant, but
typical initial conditions are not.

Another theoretical question concerns identifiability of the
factorization between dynamics ¢ and language-conditioned
priors 1. Without additional constraints, one could shift explana-
tory burden between these components [24]. The architecture
mitigates this by restricting ¢ to parameterize only the energy
terms that correspond to generic physical constraints and opera-
tor families, while allowing v to control context distributions and
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operator parameter priors. The adversarial language-invariance
on intermediate dynamics features further discourages ¢ from
encoding language-specific signals. While this does not guaran-
tee identifiability, it restricts the space of degenerate solutions
and empirically improves transfer in settings where language
correlates with label frequencies.

Finally, the calibration term can be connected to uncertainty
quantification under distribution shift. If the model’s confidence
is overly high in languages with sparse supervision, then down-
stream decisions can be unreliable. By penalizing miscalibration
within each language, the model is encouraged to express higher
entropy when evidence is weak. This is particularly important
in culturally diverse settings, where the model may encounter
objects and routines absent from training data [25]. A calibrated
posterior over candidate answers can support safe abstention or
request for clarification, without requiring that the model always
commit to a single culturally loaded default.

Overall, the analysis supports the design choice to enforce
invariance at the level of predicted physical effects while per-



Type Attribute / relation

Role in reasoning

Discrete relation

Discrete relation

Discrete relation

Continuous attribute

Continuous attribute

Continuous attribute

Containment (in/inside)

Support / contact

Adjacency / reachability

Temperature

Moisture / wetness

Viscosity / geometry proxy

Determines which liquids or
solids can be moved, mixed, or
heated together.

Constrains which objects can
be stacked, balanced, or used
as tools.

Influences which actions are
plausible without moving ob-
jects first.

Governs heating, cooling, serv-
ing defaults, and safety con-
straints.

Affects adhesion, dissolving,
and drying behavior in house-
hold tasks.

Determines whether pouring,
spreading, or cutting will be
effective.

Table 7 Representative discrete relations and continuous attributes used to capture coarse physical structure in household-scale commonsense

scenarios.

mitting language-conditioned context priors. It also clarifies
that robustness depends on both the fidelity of the dynamics
energy function and the quality of context inference, and that
improvements in multilingual performance need not come from
scaling the language encoder alone if the bottleneck lies in
structured physical inference.

6. Empirical Study

This section describes an experimental design to evaluate the
proposed model across tasks that require physical commonsense,
multilingual grounding, and sensitivity to culturally contingent
defaults. The focus is on methodology rather than any single
dataset. The key objective is to test whether the latent affordance
operator factorization yields improved cross-lingual transfer and
better-calibrated uncertainty compared to baselines that rely on
direct text classification or pivot translation.

A first evaluation axis is text-only physical plausibility with
candidate choices [26]. In this setting, each example presents
a goal or situation description and two or more candidate com-
pletions or actions. The model must select the most plausible
option. To ensure multilingual relevance, the evaluation set
should include examples authored directly in each language
rather than translated templates, and it should span scripts and
morphological typologies. The examples should include both
culturally neutral physical situations, such as generic container
and temperature reasoning, and culturally specific situations
involving local tools, foods, or household routines. The model
is trained on a mixture of languages with imbalanced quantities,
then evaluated on held-out languages and on languages with
held-out culturally specific domains. The primary metric is
accuracy, but calibration metrics such as expected calibration

error and negative log-likelihood are also reported, because a
model that is slightly less accurate but far better calibrated may
be preferable in downstream applications.

A second evaluation axis is action proposal and critique [27].
Here the input is a goal and a short description of available
objects, optionally extracted from text. The model must propose
a short action sequence or judge whether a proposed sequence
is feasible. This tests whether the operator composition is
meaningful and whether the energy constraints prevent phys-
ically impossible proposals. Because the state representation
is structured, feasibility can be evaluated against a simula-
tor at the same granularity as the model, such as a symbolic
physics engine that checks containment, contact, and qualita-
tive temperature changes. The comparison baselines include
sequence-to-sequence generation of actions and direct classifi-
cation of feasibility. The expectation is that the operator model
yields fewer gross physical violations and a more interpretable
distribution over failure modes. Importantly, multilinguality
enters not only through action descriptions, but also through
object naming and implicit conventions about tool usage [28].
The evaluation therefore includes language-specific object lexi-
cons and assesses whether the model can generalize from shared
dynamics even when object names differ.

A third evaluation axis is counterfactual physical effects. The
input specifies a context and asks what would change if an
alternative action were taken, such as substituting a different
material, changing a temperature-related step, or altering the
order of operations. The model produces distributions over effect
summaries, and performance is measured by agreement with a
simulator or with expert annotations at the qualitative level. This
axis is where output-level invariance is most directly testable.
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Signal type Example annotation

Variables constrained Notes

Labeled choices Correct option among can-

didates

Preference pairs One hypothesis preferred

over another

Partial state labels Objects, materials, or re-

lations
Weak multilingual Semantically related
alignments i, li, 1

Simulator or scripted ~ Short operator sequences
traces with outcomes

Subsets of sg or s

Effect summaries ex, [

Dynamics parameters ¢

Relative scores of hy- Most common supervi-
potheses h € H

sion; drives end-task ac-

curacy.
Score differences  Captures  fine-grained
scoreh — scoreh™ preferences without

absolute labels.

Improves grounding of la-
tent state factors and oper-
ator effects.

Used in effect-level in-
variance loss with overlap
weighting.

Provides dense super-
vision for qualitative
physics.

Table 8 Sources of heterogeneous supervision used to train the model, ranging from direct labels to weak cross-lingual alignments and simulator-

derived trajectories.

For aligned utterance pairs across languages that describe the
same counterfactual, the model’s predicted effect distributions
should match closely even if the utterances differ substantially in
surface form. In contrast, for utterance pairs that are superficially
similar but correspond to different cultural defaults, the model
should either represent a bimodal posterior over contexts or show
increased uncertainty rather than forcing an invariant effect [29].

The training regimen uses heterogeneous supervision.
Choice-labeled data supplies strong signals for the final de-
cision, while a smaller amount of structured annotation supplies
signals for context inference and operator parameterization. For
example, some examples can be annotated with the key object
and material, or with a categorical attribute such as whether
the scenario involves heating, dilution, cutting, or fastening.
These annotations improve identifiability and allow targeted
evaluation of intermediate representations. Additionally, weak
alignment pairs across languages can be mined from parallel
corpora or paraphrase models, but the alignment need not be
perfect because the invariance loss is weighted by overlap of
inferred contexts.

Baselines are chosen to isolate the contribution of structured
physical inference. One baseline is a multilingual encoder fol-
lowed by a classifier over candidates, trained end-to-end on the
same data [30]. Another baseline uses pivot translation into a
high-resource language followed by a monolingual classifier. A
third baseline uses a neural model that predicts effect summaries
directly from text without explicit state or operator representa-
tions. Comparisons focus on performance under language shift,
especially for low-resource languages and for culturally specific
examples. A key hypothesis is that the operator model improves
transfer by learning shared dynamics, while the context prior
captures language-conditioned defaults. Another hypothesis is
that calibration improves because uncertainty in context and op-
erator parameters can be propagated through inference, yielding
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higher entropy when the text is underspecified.

Ablation studies test the role of each component. Removing
the invariance loss should increase sensitivity to language-
specific shortcuts, potentially improving high-resource accuracy
while hurting transfer [31]. Removing the language-conditioned
context prior and forcing a shared prior should harm perfor-
mance on culturally specific examples, because the model cannot
represent different default contexts. Removing the energy con-
straints and using an unconstrained transition predictor should
increase physically implausible outcomes and reduce consis-
tency under counterfactual queries. Removing the calibration
term should increase overconfidence, especially in languages
with sparse supervision, and this should be observable through
higher calibration error even when accuracy is similar.

Because the framework is intended to be general, a simulator
is useful for scalable evaluation of operator composition and
counterfactual reasoning. The simulator need not be a high-
fidelity physics engine; it can be a qualitative simulator that
enforces the same constraints encoded in the energy function
but with known rules. This allows controlled stress tests, such as
varying the availability of objects, perturbing initial conditions,
and introducing novel object-material combinations. One can
also create synthetic multilingual utterances by sampling from
language templates and substituting object lexicons, but such
synthetic data should be used primarily for probing invariance
and not as a substitute for culturally authored examples [32].

The expected outcomes of this empirical study are patterns
rather than single headline numbers. One expects that the opera-
tor model yields improved worst-language accuracy compared
to purely neural baselines, especially when training data is im-
balanced. One expects smaller degradation when evaluating on
languages unseen during training, because the shared dynamics
parameters support transfer. One expects improved calibration,
particularly on culturally specific items where the model should



Error category Description

Example consequence

Diagnostic signal

Predicted action contra-
dicts hard physical con-
straints

Feasibility violation

Context misinference  Latent objects or materi-

als inferred incorrectly

Cultural prior mis-
match

Action is feasible but atyp-
ical for a community

Calibration failure Confidence misaligned

with correctness

Suggests container that
leaks or impossible mix-
ing step

Uses wrong vessel or tool
for a described routine

Proposes unusual serving
temperature or prepara-
tion surface

Overconfident predictions
in sparse languages or
novel domains

High energy under Econs,
simulator failure, viola-
tion counts.

Disagreement with anno-
tated objects or human-
written context.

Divergence between pri-
ors across languages or
user feedback.

Elevated language-
stratified calibration error

and overconfidence gap.

Table 9 Qualitative error types that can arise in multilingual physical commonsense reasoning and the corresponding diagnostic signals for

analysis.

express uncertainty if context is ambiguous. Finally, one expects
that the model’s intermediate variables, such as inferred objects
and predicted effect summaries, provide interpretable diagnos-
tics that can guide dataset curation and targeted improvement
without requiring that every error be analyzed at the token level.

7. Discussion

The proposed framework is motivated by the observation that
multilingual physical commonsense reasoning is fundamen-
tally a problem of disentangling invariant physical structure
from language- and culture-dependent priors. A purely text-
based model can implicitly learn this disentanglement in some
regimes, but it often does so in a brittle manner, because the
latent variables remain unstructured and are optimized only to
predict labels [33]. By introducing explicit latent states and
compositional operators, the framework makes the inductive bias
toward physical consistency explicit. This does not guarantee
correctness, but it constrains the space of solutions and yields
interpretable points of failure.

One implication of the framework is that scaling language
encoders alone may not address the primary bottleneck in low-
resource settings. If the model lacks robust mappings from
language to context and action parameters, then better token
representations may still fail to ground the relevant objects and
conventions. The operator approach suggests a complementary
pathway: learn shared dynamics from pooled data and simu-
lations, then learn lightweight language-conditioned mappings
into the shared physical space. This can reduce the amount of
supervised data needed in each language because the expensive
part of learning dynamics is shared. However, it also shifts
attention to the quality of object lexicons, morphology-aware
parsing, and the representation of culturally local artifacts, which
may require community engagement and careful curation [34].

Another implication concerns evaluation. Benchmarks that
emphasize culturally specific items are valuable for revealing
gaps, but they also raise challenges: cultural specificity can blur
the line between physical constraints and normative preference.

For example, two actions can both be physically feasible, but
only one is typical in a community. The framework addresses
this by representing both feasibility via constraints and typicality
via priors and affordance gating. Evaluations should therefore
separate error types: violations of physical feasibility, misinfer-
ence of context, and mismatch of cultural priors. A model that
consistently violates feasibility is qualitatively different from
a model that predicts a feasible but culturally atypical action.
The latter may be acceptable in some applications if it remains
calibrated and offers alternative feasible options [35].

The method also highlights the importance of uncertainty.
In multilingual settings, ambiguity arises not only from the
text but also from lack of training coverage. A system that
always returns a single confident answer risks imposing a domi-
nant culture’s defaults on other communities. By maintaining
distributions over contexts and operator parameters, and by
calibrating confidence per language, the model can represent
when multiple interpretations are plausible. This can support
interaction patterns where the system asks for clarification or
offers multiple feasible options. The design goal is not to encode
cultural preferences as immutable rules, but to represent them
as probabilistic priors that can be updated with evidence.

There are limitations inherent in the modeling choices [36].
The state space is necessarily coarse to keep inference tractable,
which means fine-grained geometric reasoning and complex
fluid dynamics are outside scope. The energy function encodes
qualitative constraints, which can be insufficient for tasks requir-
ing precise quantitative prediction. Additionally, the assumption
that dynamics are invariant across languages is only approx-
imately true because language communities can differ in the
physical environments they commonly experience, such as cli-
mate and typical household infrastructure, which can change the
distribution of scenarios. The framework partially addresses this
by allowing context priors to differ and by applying invariance
only when inferred contexts overlap, but there remains a gray
area where environment variation and culture variation interact.

A further practical consideration is how to obtain training
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signals for operator parameters and context inference. While
labeled choice data is relatively easy to collect, structured
annotations are more costly. Simulation can help by generating
synthetic trajectories, but aligning them to natural language
across many languages is nontrivial [37]. One path forward
is to use multimodal data, such as videos with narrations, to
ground operator effects. Another is to use weak supervision
from procedural texts, where step sequences imply operator
compositions. In all cases, care is needed to avoid encoding
stereotypes or overgeneralizing from a small set of authors to an
entire community. The framework’s probabilistic representation
can help by maintaining uncertainty, but data governance and
evaluation design remain essential.

Despite these limitations, the latent affordance operator frame-
work offers a coherent approach to building multilingual physi-
cal commonsense systems that are physically grounded, inter-
pretable, and sensitive to cultural variation. It provides levers for
controlling what is shared across languages and what is allowed
to vary, and it enables evaluation and debugging at the level of
inferred objects, actions, and effects rather than only at the level
of final answers.

8. Conclusion

This paper introduced a language-conditioned latent affordance
operator framework for culturally robust physical commonsense
reasoning [38]. The central idea is to treat language as a con-
ditional channel that specifies distributions over latent physical
contexts and operator parameters, while keeping the qualitative
dynamics and feasibility constraints largely invariant across
languages. The model represents actions as compositional op-
erators in a structured state space and performs energy-based
inference to evaluate candidate actions and outcomes. A learn-
ing objective combining task likelihood, output-level invariance
of predicted physical effects, and language-stratified calibration
encourages transfer to low-resource languages without forcing
inappropriate homogenization of cultural priors.

The approach is intended as an architectural and method-
ological contribution rather than a dataset-specific solution.
It emphasizes that physical commonsense is best modeled as
constrained inference over latent states, and that multilingual
robustness benefits from invariance at the level of predicted phys-
ical effects rather than purely at the level of token embeddings.
By explicitly representing uncertainty over contexts and action
parameters, the framework can express ambiguity in culturally
underspecified scenarios and reduce overconfidence under lan-
guage shift. Future work can extend the state representation,
improve operator learning through multimodal grounding, and
develop evaluation suites that disentangle physical feasibility
from culturally contingent typicality. The broader implication
is that culturally diverse language interaction with the physical
world can be supported by models that separate shared physical
structure from language- and community-dependent priors, en-
abling more reliable and accountable commonsense reasoning
across languages [39].
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