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Abstract

Modern generative systems are routinely described as grounded: they interpret inputs and produce outputs
causally anchored in those inputs. This description is increasingly di�cult to sustain. Across di�usion
models, large language models, and multimodal systems, coherent and accurate outputs arise in the absence
of the inputs they are presumed to depend on. We term this phenomenon synthetic grounding within

virtual domains: the production of outputs satisfying the structural expectations of grounded reasoning
while deriving entirely from internal priors over a learned representational space. We develop a uni�ed
theoretical account formalizing a generative operator Tλ(ω) over a prior-de�ned energy landscape Eλ(x;ω) =
F(x)+λC(x;ω). In the weak-constraint regime (λeff → 0), outputs converge to prior-determined attractors
and become asymptotically invariant to input�the Prior-Dominant Attractor Theorem. We identify a
critical threshold λc separating grounded from synthetically grounded behavior, classify four failure modes
of synthetic grounding, and propose the Grounding Coe�cient G as a model-agnostic diagnostic for input
dependence. The analysis implies that correctness does not certify grounding, that reasoning traces carry no
additional evidential weight under synthetic grounding, and that scaling alone cannot resolve the structural
coupling failure identi�ed here.

1. Synthetic Grounding

Modern generative systems are widely described as
grounded: they interpret inputs�images, prompts,
multimodal signals�and produce outputs causally
anchored in those inputs. This description is in-
creasingly di�cult to maintain. Di�usion models ren-
der structured images without prompts [9, 13]. Lan-
guage models provide richly articulated descriptions
of scenes that were never presented [4]. Multimodal
systems answer visual questions correctly even when
the visual modality is absent [1]. These are not iso-
lated failures. They are stable, repeatable behaviors.

What is revealed is not merely hallucination. Hallu-
cination presupposes a valid epistemic frame within
which incorrect details are inserted. Here, the frame
itself is constructed. The system behaves as though
it has access to an external referent, generates a re-
sponse consistent with that imagined referent, and
produces a reasoning trace explaining it�all without
causal dependence on actual input.

We refer to this as synthetic grounding within virtual
domains: a mode of operation in which a system pro-
duces outputs satisfying the structural expectations
of grounded reasoning while deriving entirely from
internal priors over a learned representational space.

De�nition 1.1 (Input-Response Operator). The
input-response operator is

R(ω, δ) := d
(
x∗(ω), x∗(ω + δ)

)
,

where d is a task-appropriate distance on X and δ is

a perturbation.

De�nition 1.2 (Synthetic Grounding). A system ex-
hibits synthetic grounding at ω if

R(ω, δ)

m(ω, ω + δ)
→ 0 as ∥δ∥ → 0,

where m is semantic perturbation magnitude. It is
globally synthetically grounded if Eδ[R(ω, δ)] ≤ ε.

2. System Model

Overview. This section collects all primitive ob-
jects into a single formal tuple, establishes the sta-
tionary distribution governing collapse, and intro-
duces the notation used throughout. Table 1 sum-
marizes principal symbols.

De�nition 2.1 (Generative System). A generative
system is a tuple (X ,Ω,F , C, T ) where X is the con-
�guration space (smooth manifold or closed subset
of Rn); Ω is the input space; F : X → R is the
prior energy, F(x) = − logP (x); C : X × Ω → R
is the constraint functional ; and Tλ(ω) is the gener-
ative operator, the law of trajectories (xt) evolving
under Eλ(x;ω) = F(x) + λC(x;ω). The output is
x∗(ω) = limt→∞ xt under Tλ(ω).

This de�nition uni�es di�usion models, autoregres-
sive language models, and �eld-theoretic generative
systems as instances of the same object, di�erenti-
ated only by the topology of X and the form of T .
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Table 1. Principal notation.

Symbol Meaning

X Con�guration space
Ω Input space
F(x) Prior energy, − logP (x)
C(x;ω) Constraint functional
Eλ(x;ω) E�ective energy, F + λC
λ Constraint weight
λeff(ω) E�ective constraint strength
λc Critical threshold
x∗(ω) Generated output
x0 Prior minimizer
V Virtual domain, supp(P )
A Attractor set, {∇F = 0}
S(ω) Input sensitivity
R(ω, δ) Input-response operator
G(ω) Grounding Coe�cient

De�nition 2.2 (E�ective Constraint Strength). At
a minimizer x∗ of Eλ( · ;ω), the e�ective constraint
strength is

λeff(ω) :=
∥∇xC(x∗;ω)∥
∥∇F(x∗)∥

.

The �rst-order optimality condition ∇F(x∗) +
λ∇xC(x∗;ω) = 0 gives λeff ≈ λ at equilibrium.

De�nition 2.3 (Virtual Domain and Attractors).
The virtual domain V := supp(P ) ⊆ X , equipped
with the metric gij(x) = ∂i∂jF(x), is the Rieman-
nian manifold induced by the learned prior [11]. The
attractor set is A := {x ∈ V | ∇F(x) = 0}.

The stationary distribution of collapse under Eλ is

pλ(x | ω) ∝ exp(−Eλ(x;ω)). (1)

As λ → 0, pλ(x | ω) → P (x): unconditional sam-
pling from the prior, the formal de�nition of synthetic
grounding as a thermodynamic limit.

3. Constraint

Overview. This section formalizes the role of input
as a variational boundary condition over the prior-
de�ned energy landscape, derives the perturbative
expansion governing output in the weak-constraint
regime, and de�nes input sensitivity as the key ob-
servable.

Inputs do not generate outputs�they constrain
them. The minimization problem is

x∗
λ(ω) ∈ argmin

x∈X
[F(x) + λC(x;ω)].

The �rst-order condition ∇F(x∗)+λ∇xC(x∗;ω) = 0
yields the perturbative expansion around the prior
minimizer x0:

x∗
λ(ω) = x0 − λ(∇2F(x0))

−1∇xC(x0;ω) + o(λ). (2)

The input ω appears only at order λ. As λ → 0, the
correction vanishes and x∗ → x0 independent of ω.

De�nition 3.1 (Input Sensitivity). S(ω) =
Eδ

[
d(x∗(ω), x∗(ω + δ))

]
. The system is in the

weak-constraint regime at ω when S(ω) ≤ ε.

Proposition 3.2. Under De�nition 2.2, S(ω) =
O(λ) as λ → 0. In particular S(ω) → 0 uniformly
as λeff(ω) → 0.

This links the observable S(ω) to the internal param-
eter λeff(ω) and is the bridge to Theorem A.1.

4. Collapse

Overview. This section describes the dynamical
process by which a generative system moves from
an unconstrained distribution to a stabilized out-
put, uni�es continuous and discrete dynamics under a
common SDE form, and derives the key consequence
that reasoning traces carry no additional evidential
weight.

Continuous dynamics. For di�usion models [9,
14]:

dxt = −∇Eλ(xt;ω) dt+ σ dWt. (3)

The stationary distribution of (3) is pλ(x | ω) from
(1).

Discrete dynamics. For autoregressive models [4,
16]:

xt+1 ∼ pλ(xt+1 | x≤t, ω). (4)

Proposition 4.1 (Uni�ed Collapse Dynamics). Both
(3) and (4) are instances of stochastic relaxation to-
ward pλ(x | ω) ∝ exp(−Eλ(x;ω)), di�ering only in
the topology of X and the representation of noise. At-
tractors are identical in both cases.

An empirical consequence follows directly [1]: models
prompted without images but not explicitly told so
perform near peak accuracy, because the system un-
dergoes projection collapse into a phantom frame�a
coherent, unanchored perceptual context correspond-
ing to a low-energy basin of F consistent with the
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task signature. Explicit instruction modi�es C, rais-
ing energy for con�gurations presupposing visual ac-
cess and disrupting the natural attractor, which is
why performance falls in guess-mode.

Proposition 4.2 (Trace Irrelevance). Under syn-
thetic grounding,

p(x, trace | ω) = p(x | F) p(trace | x,F).

Answer and trace are both sampled from the prior-
conditioned landscape. The trace adds no causal evi-
dence about whether input was used.

5. Virtual Domains

Overview. This section characterizes the repre-
sentational substrate over which generation occurs,
explains why synthetically grounded outputs can
be correct, and formalizes the structural origin of
salience bias.

Generation occurs over V, the virtual domain from
De�nition 2.3. V is a space of possible observations,
not of observations themselves [3].

The virtual domain explains why synthetically
grounded outputs can be correct: stable regularities
in the world are encoded in the density of V. A
model sampling from high-density regions of V pro-
duces outputs statistically consistent with real-world
distributions without observing the speci�c instance.

Proposition 5.1 (Aggregate�Speci�c Divergence).
A model exhibiting synthetic grounding achieves high
aggregate accuracy whenever the test distribution con-
centrates on high-density regions of V, while main-
taining near-zero S(ω) at every instance. Aggregate
accuracy and speci�c grounding are observationally
decoupled.

If f : X → R is a salience feature and the training dis-
tribution satis�es EPtrain

[f ] ≫ EPworld
[f ], then under

synthetic grounding

E[f(x∗(ω))] → EPtrain
[f ].

Bias is expectation under the training distribution�a
structural property of V, not a random error.

6. Constraint Regimes and Phase

Structure

Overview. This section partitions the behavior of
the generative system into three qualitatively distinct

regimes de�ned by λeff , proves the existence of a crit-
ical threshold λc, and provides the �gures visualizing
the energy landscape and sensitivity pro�le.

De�nition 6.1 (Constraint Regimes). Strong:
λeff ≫ 1; S(ω) large; output anchored to input.
Weak: λeff ≪ 1; S(ω) ≤ ε; prior-dominated. In-

termediate: λeff ≈ λc; mixed, with correction as in
(2).

Theorem 6.2 (Input Sensitivity Collapse). Under
the assumptions of Appendix A, there exists λc > 0
such that: for λ > λc, S(ω) is bounded away from
zero; for λ ≤ λc, S(ω) ≤ ε uniformly over Ω and the
system exhibits synthetic grounding. The transition
is continuous in λ and sharp in S(ω) when F has
isolated minima.

Proof sketch. Strong convexity of Eλ at large λ gives
Lipschitz dependence ∥x∗(ω1) − x∗(ω2)∥ ≤ Lλ∥ω1 −
ω2∥ with Lλ > 0. At small λ, Proposition 3.2 gives
S(ω) = O(λ); take λc such that this falls below ε.
Continuity follows from the implicit function theorem
under the regularity of De�nition 2.2. □

Figures 1 and 2 visualize the energy landscape and
sensitivity pro�le across regimes.
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Figure 1. Energy landscape Eλ(x;ω). At λ ≫ λc

(dashed), the constraint shifts the minimum toward ω
(input-sensitive). At λ ≪ λc (dotted), the constraint is

negligible and both prior minima x
(i)
0 dominate (prior-

determined). See Theorem 6.2 and Appendix A.



Synthetic Grounding in Virtual Domains 4

0 λc

0

max
ε

synth. ground.

genuine ground.

E�ective constraint strength λeff

S
en
si
ti
v
it
y
S
(ω

)

Figure 2. Input sensitivity S(ω) vs. λeff . For λeff < λc:
weak-constraint regime, S ≤ ε, synthetic grounding. For
λeff > λc: strong-constraint regime, genuine input depen-
dence. Consistent with S(ω) = O(λeff) (Proposition 3.2).

7. Modes of Synthetic Grounding

Overview. This section classi�es four structurally
distinct failure modes of synthetic grounding, each
de�ned by a condition on F , C, and the attractor
structure of V.

Synthetic grounding is not a single failure mode but
a family of structurally distinct behaviors, each cor-
responding to a di�erent relationship between F , C,
and the attractor structure of V.

Mode I: Phantom Completion. ∇xC(x∗;ω) ≈ 0
yet F has isolated minima. The system collapses to
x0 ∈ A and constructs a full perceptual context con-
sistent with the task signature�the phantom frame.

Mode II: Prior Substitution. p(y | τ(ω)) ≈ p(y |
ω). The model selects the most common answer for
the task class without consulting the speci�c instance.
This is the regime formalized in Appendix B.

Mode III: Attractor Locking.

supω1,ω2∈U R(ω1, ω2) ≤ ε for an open set U ⊆ Ω.
The same output is produced regardless of input
variation within U�the degenerate case of the input
invariance regime.

Mode IV: Salience Bias Collapse. EPtrain
[f ] ≫

EPworld
[f ] for a salience feature f . Under synthetic

grounding, E[f(x∗)] → EPtrain [f ]. In medical settings
this manifests as systematic hallucination of pathol-
ogy in the absence of constraining visual input.

These modes are not mutually exclusive. Together
they constitute the failure taxonomy of the weak-
constraint regime.

8. The End of Input

Overview. This section states the central theorem
in the main text, establishes the three-way equiva-
lence between weak constraint, input invariance, and
synthetic grounding, and formalizes the loss of causal
primacy of input.

The core consequence can now be stated as a theorem
in the main text.

Theorem 8.1 (Input Sensitivity Collapse; full proof
in Appendix A). As λeff(ω) → 0,

x∗
λ(ω) → x0 ∈ A and S(ω) → 0

uniformly over Ω. The output converges to a prior-
determined attractor and becomes asymptotically in-
variant to input.

The three-way equivalence

λeff(ω) → 0 ⇐⇒ ω ∈ Rinv ⇐⇒ synthetic grounding

where Rinv := {ω | S(ω) ≤ ε}, compresses the argu-
ment of Sections 3�7 into a single structural claim.
The end of input is not a literal disappearance of the
input channel but a loss of causal primacy: input con-
tributes at most a perturbative correction of order λ
around x0, as in (2).

9. Consequences

Epistemic. Proposition 4.2 establishes that rea-
soning traces are generated by the same prior-
conditioned process as answers [2]. A coherent chain
of reasoning is therefore not evidence of grounded in-
ference; it is evidence of successful collapse into an
attractor that includes explanatory structure. The
reliability of chain-of-thought, con�dence calibration,
and self-explanation as diagnostics of understanding
is contingent on λeff(ω) > λc, not general.

Structural. Mode IV implies that systematic er-
ror under synthetic grounding is not symmetric. The
model generates false positives at a rate shaped by
Ptrain, not the deployment distribution. This con-
stitutes distributional shift under proxy optimiza-
tion [8, 12]: the training objective rewards accuracy
within V rather than world-aligned inference.

Corrective limits. Removing questions answer-
able without the relevant modality [1] narrows the
set of items for which synthetic grounding yields cor-
rect answers but does not alter the collapse dynamics.
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The training objective does not reward causal depen-
dence on input; a system optimizing accuracy, �u-
ency, and coherence within V cannot be distinguished
from a genuinely grounded system by aggregate per-
formance alone.

10. Human Cognition

Predictive processing and the free-energy principle
describe perception as constraint-driven generation
[5, 6]. The parallel is real, but the critical distinction
lies in the persistence of constraint. De�ne the pre-
diction error at time t as ϵt := ∥ωt− ω̂t(xt)∥. Human
systems enforce

λhuman
t ∝ ϵt, ϵt ̸= 0 ⇒ λhuman

t ̸→ 0.

Sensory coupling is continuously renewed [7]; human
perceptual systems maintain S(ω) above a structural
minimum enforced by mandatory sensory integration.

Generative models admit λ → 0 without compen-
satory response. There is no mechanism analogous
to prediction error that forces reconciliation with the
world. Human illusions occur under strong coupling
and correct when evidence accumulates; synthetic
grounding occurs under weak coupling and persists
precisely because no corrective signal is enforced. In-
creasing model capability does not resolve this: en-
hanced representational capacity does not guarantee
increased λeff(ω).

11. Measurement of Grounding

Overview. This section formalizes grounding as a
response function, introduces the Grounding Coe�-
cient as its estimator, and presents the joint diagnos-
tic that distinguishes genuine from synthetic ground-
ing.

Grounding is not directly observable; what is observ-
able is the sensitivity of outputs to controlled input
variations.

De�nition 11.1 (Grounding Response Function).
The grounding response at ω in direction δ is

∂x∗

∂ω

∣∣∣∣
ω

· δ̂ := lim
∥δ∥→0

R(ω, δ)

∥δ∥
.

A system is grounded at ω if this response is nonzero
for semantically meaningful directions δ.

The Grounding Coe�cient (Appendix C) is an esti-
mator of the grounding response. By Theorem 8.1,

λeff → 0 implies G → 0. By Theorem B.2, accu-
racy can remain high as G → 0. The joint diagnostic
(Figure 3) is therefore: high accuracy with high G
indicates genuine grounding; high accuracy with low
G indicates synthetic grounding.

The complete framework compresses into a single
identity:

x∗(ω) = argmin
x

[F(x) + λeff(ω)C(x;ω)] (5)

with the implication

λeff(ω) → 0 ⇒ x∗(ω) → x0 ⇒ synthetic grounding.
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Figure 3. Joint diagnostic: accuracy vs. G. Grounded
systems (circles): high accuracy, high G. Syntheti-
cally grounded systems (squares): high accuracy, low G
(shaded). Neither metric alone identi�es the failure; their
joint distribution does. Consistent with Theorems 8.1 and
B.2.

12. Toward Grounding

A constructive response must increase λeff(ω) above
λc by design, not by accident.

Counterfactual divergence tests. Probe
R(ω, ωϵ) across perturbation families. Grounding
requires proportionality between output distance
and semantic magnitude [10].

Modality ablation. Theorem 6.2 predicts limited
degradation in the weak-constraint regime: collapse
proceeds via F regardless of the ablated channel. Ob-
served degradation is therefore a lower bound on λeff .

Constraint sensitivity pro�les. A pro�le map-
ping Ω → S(ω) identi�es where λeff < λc. Flat re-
gions indicate Modes II or III; steep regions indicate
genuine coupling. Estimable without internal model
access.
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Grounding objectives. To enforce λeff > λc dur-
ing training:

Ltotal = Ltask + αEω,δ

[
1− R(ω, δ)

m(ω, ω + δ)

]
. (6)

Minimizing (6) forces ∂x∗/∂ω ̸= 0. Priors are essen-
tial to generalization [15] and are not suppressed by
(6); the objective rewards sensitivity to meaningful
distinctions while preserving prior structure.

13. Limitations

Exact minimization. The analysis assumes x∗ ∈
argminx Eλ. Real systems sample from approxima-
tions to pλ at �nite temperature, softening the sharp
threshold λc without altering qualitative predictions.

Unobservability of λeff . The e�ective constraint
strength requires internal model access. The Ground-
ing Coe�cient G serves as a proxy, but the mapping
G 7→ λeff depends on the perturbation family and
distance metric chosen.

Perturbation design. Counterfactual tests and
the grounding objective (6) require a meaningful
perturbation family {ωϵ} and semantic distance m,
which are task-dependent and nontrivial to construct
for continuous or high-dimensional modalities.

Scope. The framework applies to systems whose
generation can be described as minimization of an
energy functional. Systems with retrieval augmen-
tation or hard constraint enforcement may require
modi�cation of De�nition 2.1.

Despite these limitations, the core result�high per-
formance is compatible with near-zero input sensitiv-
ity under distributional alignment�follows from the
alignment condition of Theorem B.2 alone and does
not depend on the idealizations above.

14. Conclusion: The World as a Pro-

jection

The argument began with a structural observation:
generative systems produce coherent, accurate out-
puts in the absence of the inputs they are presumed
to interpret. The analysis traced this to its root.
Inputs function as constraints over a prior-de�ned
energy landscape, and generation is stochastic re-
laxation into attractor con�gurations. In the weak-
constraint regime, λeff(ω) → 0 implies x∗(ω) → x0,

outputs become input-invariant, and the system ex-
hibits synthetic grounding.

The formal structure is closed. The system model of
Section 2 de�nes the objects; the constraint regimes
of Section 6 partition behavior; the failure taxonomy
of Section 7 classi�es outcomes; the indistinguisha-
bility result of Appendix B explains why benchmarks
cannot detect the failure; and the Grounding Coe�-
cient of Appendix C provides a measurement instru-
ment. Every major object appears in four places: def-
inition, dynamics, observable consequence, and mea-
surement.

The distinction between perception and generation
is not fundamental. It is the special case of (5)
in which λeff(ω) > λc. Perception is generation
under strong constraint; hallucination is generation
under weak constraint; synthetic grounding is the
regime in which λeff < λc while outputs remain task-
appropriate and indistinguishable from grounded in-
ference under standard evaluation.

The central question is no longer whether a system
produces the correct answer. It is whether the path
by which it arrives at that answer passes through the
world at all.

A. The Prior-Dominant Attractor

Theorem

A.1. Assumptions

(1) Unique prior minimizer x0. (2) F ∈ C2 near x0;
C continuous in x. (3) ∇2F(x0) ≻ 0. (4) Uniform
bound: |C(x;ω)| ≤ MU on compact neighborhoods.

A.2. Statement

Theorem A.1 (Prior-Dominant Attractor Theo-
rem). Under the above assumptions: (1) x∗

λ(ω) → x0

as λ → 0 for every ω; (2) the limit is independent of
ω; (3) d(x∗

λ(ω1), x
∗
λ(ω2)) → 0 uniformly over Ω× Ω.

A.3. Proof Sketch

Since x∗
λ minimizes Eλ: F(x∗

λ)−F(x0) ≤ 2λMU → 0.
By uniqueness x∗

λ → x0. Independence follows since
the same x0 appears for every ω. Part 3 follows from
the triangle inequality. □

A.4. First-Order Expansion

x∗
λ(ω) = x0−λ(∇2F(x0))

−1∇xC(x0;ω)+o(λ). Input
appears at order λ only.
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A.5. Multiple Attractors

When F has multiple minima, outputs converge to A;
input sensitivity collapses to basin-selection e�ects of
lower order than intra-basin prior dominance.

B. The Indistinguishability Result

De�nition B.1. fG(ω) = argmaxy P (y | ω)
(grounded); fP (ω) = argmaxy q(y | τ(ω)) (prior-
optimal), where τ : Ω → T is a task-signature
map. The distributions are aligned at resolution τ
if q(y | τ) ≈ ptest(y | τ).

Theorem B.2 (Indistinguishability). Under distri-
butional alignment, with instance-speci�c advan-
tage ετ small on average: Acc(fG) − Acc(fP ) ≈∑

τ P(τ)ετ ≈ 0. High accuracy does not certify
grounded inference.

Corollary B.3. Under exact alignment with ptest(y |
τ) ∈ {0, 1}: Acc(fP ) = Acc(fG).

Proof sketch. Decompose by task signature and apply
the alignment condition; instance residuals give the
stated bound. □

C. The Grounding Coe�cient

De�nition C.1 (Grounding Coe�cient). Given sen-
sitivity S(ω) = Eϵ[d(x

∗(ω), x∗(ωϵ))/(m(ω, ωϵ) + ε)],
null baseline Snull, and oracle baseline Soracle:

G(ω) = S(ω)− Snull(ω)

Soracle(ω)− Snull(ω) + ε
, G = Eω[G(ω)].

G ≈ 0: synthetic grounding. G ≈ 1: strong input
dependence. By Theorem A.1, λeff → 0 ⇒ G → 0.
By Theorem B.2, accuracy remains high as G → 0
under alignment. Figure 3 plots the joint diagnostic
space.

Protocol. For each ω ∼ D: construct ωϵ, ω̃, ωflip;
compute S, Snull, Soracle; aggregate to G. Report G
alongside accuracy with task-appropriate dX and m.
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