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Abstract. Magnetic resonance imaging (MRI) acceleration usually treats
acquisition as fixed and allocates most intelligence to reconstruction. We
propose generative control of k-space: a foundation-model-driven closed-
loop framework that jointly performs sampling, reconstruction, uncer-
tainty estimation, and physics checking. The architecture combines a
physics-informed reconstructor, transformer-based global context mod-
eling, and generative diffusion/GAN priors that assess plausibility and
hallucination risk. The controller maintains a probabilistic belief over
the image and unobserved k-space and selects new measurements by
minimizing a composite risk that integrates uncertainty, generative in-
consistency, and physics residuals. Representative experiments indicate
decision-stable, physically consistent reconstructions with fewer samples
than uniform, compressed-sensing, and image-adaptive baselines, while
reducing hallucination risk. The framework reframes MRI from a passive
inverse problem into an active, self-optimizing measurement process.
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1 Introduction

Accelerated magnetic resonance imaging (MRI) has been dominated by com-
pressed sensing and parallel imaging, where undersampled k-space measure-
ments are mapped to images using sparsity, low-rank structure, or learned priors
[11213]. More recently, unrolled networks, plug-and-play priors, GANs, and diffu-
sion models have substantially improved reconstruction fidelity and perceptual
quality [Bl4U6l7]. Despite these advances, acquisition itself is still largely treated
as static or only weakly adaptive, typically guided by image-centric heuristics or
proxy error predictors [9/I0].

This separation between acquisition and inference is increasingly misaligned
with the capabilities of modern foundation models. Transformers can integrate
long-range dependencies across heterogeneous token streams [I1], while diffusion
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and adversarial models provide calibrated notions of data likelihood, plausibil-
ity, and out-of-distribution behavior [13/14]. In MRI, such models have so far
been used primarily as powerful reconstruction priors, which improves percep-
tual quality but also raises concerns about hallucination and overconfident errors
when physics constraints are weak [L6//7].

In this work, we argue that generative models should not only reconstruct
images, but should actively guide what is measured next. We introduce gener-
ative control of k-space: a closed-loop MRI framework in which physics-based
forward modeling, compressed sensing, transformer backbones, and generative
diffusion/GAN priors are unified within a single decision-theoretic control loop.
The system maintains a probabilistic belief over both the image and the un-
observed regions of k-space, and selects new measurements by minimizing a
composite risk that integrates (i) reconstruction uncertainty, (ii) generative in-
consistency under the learned data distribution, and (iii) physics residuals.

This reframes MRI from a static inverse problem into an active, model-driven
measurement process. Instead of asking only “How do we reconstruct from the
acquired data?’, we ask “Which measurement will most reduce uncertainty and
plausibility risk under the physical forward model?”. Similar ideas have appeared
in active sensing and optimal experimental design [8/22], but have not yet been
integrated with modern foundation models and large-scale generative priors in
MRI.

Our contributions are fourfold: (i) we formulate MRI acquisition as a gener-
ative control problem that unifies sampling and reconstruction in a single risk-
driven loop; (ii) we propose a hybrid architecture combining transformers with
diffusion/GAN priors and physics-informed reconstruction for joint reasoning
over k-space, images, and uncertainty; (iii) we derive a composite-risk k-space
selection policy that balances uncertainty reduction, generative plausibility, and
physics consistency; and (iv) we specify representative benchmark protocols in-
dicating earlier convergence, reduced hallucination risk, and improved physical
consistency compared to image-centric baselines.

Figure[l] summarizes the full closed-loop system. In response to reviewer con-
cerns, we also make the implementation substantially more explicit below, in-
cluding transformer depth, embedding size, attention configuration, uncertainty
estimation, composite-risk normalization, loss design, action constraints, and the
exact generative prior used in the reported experiments.

2 Problem Formulation

We cast accelerated MRI as a closed-loop, risk-sensitive control problem in which
k-space sampling actions are selected online to minimize a composite notion of
risk that integrates uncertainty, generative plausibility, and physics consistency,
rather than pixel-wise reconstruction error alone. Acquisition, reconstruction,
and inference are therefore treated as tightly coupled components of a single self-
refining measurement system, rather than as sequential and decoupled stages.
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Fig. 1: Overview of the proposed self-optimizing MRI loop. Acquired k-space is
reconstructed, encoded by a transformer-based world model, scored by uncer-
tainty /plausibility /physics heads, and used to select the next feasible measure-
ment until the decision threshold is reached.

Forward model and sequential acquisition. Let z* € CV denote the unknown
object. Measurements follow the standard multi-coil MRI forward model

y=MFSx* 4+, (1)

where S denotes coil sensitivity operators (e.g., ESPIRiT-type maps [17]), F the
Fourier encoding operator, M a binary sampling mask, and 1 complex Gaussian
noise.

Acquisition proceeds sequentially. At iteration ¢, an action a; € A selects a
feasible k-space primitive (e.g., line, block, or short trajectory segment subject
to gradient and SAR constraints), yielding

Yer1 = A(ar) &° + g1, (2)

where A(a:) denotes the restriction of the forward operator to the newly selected
samples. Let My = {y1,...,y:} denote the accumulated measurements and M,
the corresponding aggregate sampling mask, so that

Y1t = MyF Sz + 114 (3)

The acquisition history thus defines both the current information state and the
set of physically admissible future actions.

Physics-informed reconstruction as an internal state update. Given )y, a re-
construction Z; is computed by a physics-informed solver, such as an unrolled
network or a plug-and-play scheme [I8/[19]:

Ty = argmmin | My F Sz — y1.4|)3 + AR (), (4)

where Ry is a learned prior (e.g., diffusion- or score-based [15] or adversarial).
Importantly, this reconstruction is not the terminal objective but an internal
belief update that is repeatedly revised as new data are acquired.
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Composite system state. We define a composite state
Rt = w(j:ta Uta Gtv Ephysyt)v (5)

where U; summarizes epistemic/aleatoric uncertainty, G; measures generative
consistency (e.g., negative log-likelihood or energy under a learned model), and

||MtFSi"t - yl:t||2
||y1:t||2

Ephys,t = (6)
quantifies data-consistency with the acquired measurements. The state thus en-
codes not only the current estimate, but also how uncertain, how plausible, and
how physically supported that estimate is.

Composite risk and control objective. We define a composite risk
J (21, a1) = aUs + BGy + vEphys ¢ +0C(az), (7)

where C(a;) encodes acquisition cost (e.g., time, gradient stress, SAR, or trajec-
tory complexity), and «, 8,7, > 0 balance uncertainty, generative plausibility,
physics consistency, and hardware cost. The control objective is

af = argmin B (s01,0) | 200a], ®

which defines a stochastic, risk-sensitive optimal experimental design problem
[20] in measurement space.

Decision-centric stopping. Instead of fixing the sampling budget a priori, acqui-
sition terminates when

j(zta at) S Tdec» (9)

i.e., when uncertainty, generative inconsistency, and physics residual are jointly
below a task-defined tolerance. This yields a decision-centric stopping rule: data
are acquired until the system is sufficiently confident that the solution is both dis-
tributionally plausible and physically supported, even if further sampling could
still improve conventional image metrics.

Interpretation. This formulation reframes MRI from a static inverse problem
into a self-refining, risk-driven measurement process. K-space is explored not
to maximize image quality per se, but to actively collapse uncertainty, reject
implausible hypotheses, and enforce physical consistency as efficiently as possible
under hardware constraints.

3 Self-Optimizing k-Space Control

We cast adaptive k-space acquisition as a risk-driven optimal experimental design
(OED) problem, in which each measurement is selected to maximally reduce a
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composite notion of uncertainty, generative inconsistency, and physics violation.
At iteration ¢, the system is summarized by the composite state z;, and a feasible
action a € A corresponds to a k-space primitive (e.g., line, block, or short tra-
jectory segment) that respects hardware, timing, and sequence constraints. The
objective is not to optimize image fidelity per se, but to actively steer the mea-
surement process toward a regime in which the solution is simultaneously certain,
distributionally plausible, and physically supported by the acquired data, in the
spirit of active sensing and information-directed control [2324].

Greedy optimal experimental design. We adopt a one-step lookahead, greedy
OED policy

a;y = argmin E[J (z¢11) | 2, 4a], (10)

acA

where J(z) is the composite risk defined in Section [2| The expectation is taken
with respect to the predictive distribution induced by the MRI forward model,
measurement noise, and the current reconstruction and generative models. Each
candidate action is therefore scored by its expected ability to reduce uncertainty,
suppress generative inconsistency, and decrease physics residual.

In practice, the expectation is approximated using (i) transformer-based ac-
tion scoring and short-horizon rollout prediction, and (ii) generative sampling
(e.g., diffusion- or GAN-based) to simulate plausible post-action reconstructions.
This yields a tractable Monte Carlo or amortized estimate of post-action risk,
enabling efficient evaluation of large, structured action sets under tight compu-
tational budgets, similar in spirit to learned active acquisition policies [26127].

Connection to model predictive control. More generally, the acquisition problem
can be written as a finite-horizon stochastic control problem:

t+H—1
m,,in E. Z c(zr,ar) + AT (zeam)| (11)

T=t

where ¢(z,a) encodes per-step acquisition cost (e.g., time, gradient load, SAR,
or trajectory complexity), and H is a planning horizon. This makes explicit that
k-space control is a receding-horizon, risk-sensitive decision process operating
under physical and computational constraints, closely related to model predictive
control (MPC) [28].

Solving exactly is intractable in MRI due to the nested cost of recon-
struction, generative inference, and physics simulation. The greedy policy in
can therefore be interpreted as the H = 1 MPC approximation, which retains
the essential structure of risk-driven control while remaining computationally
feasible, as is common in experimental design and active sensing [21].

Diminishing returns and practical optimality. Empirically, the composite risk
J (2¢) exhibits strong diminishing returns: early measurements yield large re-
ductions in uncertainty and inconsistency, whereas later measurements produce
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progressively smaller gains. This behavior mirrors submodular objectives com-
monly encountered in sensing and information gathering, for which greedy strate-
gies are known to achieve near-optimal performance under budget constraints
[25].

Although strict submodularity cannot be guaranteed for the full nonlinear
pipeline (reconstruction — generative inference — risk evaluation), the observed
risk dynamics are strongly consistent with this structure, providing a principled
explanation for the effectiveness of one-step lookahead control in practice.

Closed-loop self-optimization. The resulting loop iterates: (i) reconstruct from
accumulated data, (ii) sample or predict plausible hypotheses using the gener-
ative model, (iii) evaluate candidate actions using transformer-guided risk pre-
diction, (iv) acquire new k-space data using the selected action, and (v) update
the composite state z¢11. Acquisition terminates when J(z;) < Tgec, indicating
that uncertainty, generative inconsistency, and physics residual are jointly below
a task-defined tolerance.

Interpretation. This policy transforms k-space sampling from a static, pre-
designed schedule into a self-optimizing, closed-loop control process in which
every measurement is justified by its predicted impact on decision reliability
and physical plausibility. The scanner thus becomes an active experimental sys-
tem that adapts its sensing strategy until the downstream objective is met with
sufficient confidence.

4 Generative Foundation Model

At the core of the proposed system lies a generative foundation model that serves
as a unified, probabilistic world model of the MRI acquisition process. In con-
trast to conventional reconstruction networks, which map a fixed undersampled
measurement to an image, the proposed model is trained to jointly reason over
measured k-space, unmeasured k-space, reconstructed images, and control context.
This design is inspired by recent foundation and world models that learn predic-
tive, distributional representations of complex environments [29/30]. The model
provides three coupled capabilities: (i) global context modeling across frequency
and image domains, (ii) distributional assessment of plausibility and hallucina-
tion risk, and (iii) predictive evaluation of candidate future measurements for
closed-loop control.

4.1 Unified Tokenization of the MRI State

The input is a heterogeneous token sequence encoding the closed-loop state
at iteration ¢: (i) observed k-space tokens (complex samples with positional
and coil encodings), (ii) unobserved k-space tokens (learned mask tokens rep-
resenting missing regions), (iil) image-space tokens (patches or latent codes of
%), and (iv) control-context tokens (summaries of U;, Gy, Ephys, budget, and
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constraints). For the reported experiments, k-space is partitioned into line to-
kens; each token concatenates real and imaginary line statistics, normalized coil-
energy summaries, line index, radial distance from k-space center, and a bi-
nary acquired/not-acquired flag. Image space is tokenized into 16 x 16 complex
patches from the current root-sum-of-squares reconstruction. All token types are
projected to a common embedding size of diox = 256, augmented with learned
type embeddings and sinusoidal position encodings, and then mapped to the
transformer width dy,oqe1 = 384.

4.2 Transformer Backbone

A multi-layer transformer processes the token sequence using self-attention, en-
abling long-range dependencies across k-space, image space, and control context
to be captured in a single forward pass [12]. Let T; denote the tokenized state.
The backbone computes

H,; = Transformery(T,), (12)

where H; is a contextual latent representation integrating observed data, missing
regions, and control objectives. In the experiments, the backbone has L = 8
encoder blocks, hidden width dp,oqe1 = 384, h = 6 attention heads, feed-forward
width dg = 1536, dropout 0.1, and pre-layer normalization. The control head
attends only to feasible candidate actions, which keeps online scoring linear in
the number of admissible lines rather than in the full k-space grid.

4.3 Generative Prior and Plausibility Scoring

To assess distributional plausibility, the foundation model is coupled to a gen-
erative prior. Two variants were implemented: a score-based diffusion prior and
a lightweight adversarial critic. All reported main experiments use the diffusion
prior; the adversarial critic is used only in supplementary sensitivity tests to
confirm that the control formulation is not tied to a single critic. The diffusion
prior is a 2D conditional U-Net with four resolution levels, base width 64, atten-
tion at the two coarsest levels, and T' = 50 denoising steps during training. At
inference, we use a 10-step DDIM-style sampler for fast rollout evaluation.

The generative component provides a scalar generative consistency score Gy.
In the diffusion setting used in the experiments, we approximate this score by a
normalized denoising-score matching energy,

M
1 ll€m — €0(Zt, om, ct)||3

o1 , 13

' Mmgl Eva€]13 "

where ¢; denotes conditioning on the acquired mask and measurements, and the
denominator is a validation-set normalization constant. Large G; indicates that
Z; lies in a low-density or out-of-distribution region, signaling elevated hallucina-
tion risk; small values indicate strong support under the learned data distribu-
tion. For the GAN-based ablation, G; is replaced by a normalized discriminator
energy.
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4.4 Predictive Rollouts for Candidate Actions

Beyond scoring the current state, the model is used to anticipate the effect of
future measurements. For each candidate action a € A, it produces a distribution
over plausible post-acquisition states Z;y1(a), either via conditional generation
or via learned surrogate heads predicting (Uit1, Giy1, Ephys,t+1). This enables
approximation of

E[T (zt41) | 2t,d] (14)

without executing the measurement. In effect, the foundation model functions
as a learned simulator of the acquisition—reconstruction—control loop, analogous
to predictive world models used in model-based decision making [29].

In practice, online evaluation uses M = 6 rollout samples per candidate
action: four stochastic forward passes through the transformer-control stack
(dropout retained at test time) and two diffusion conditional samples. This ad-
dresses the reproducibility concern about how uncertainty is computed online:
multiple forward passes are indeed required, but the number is fixed and small,
making the policy practical in the reported setup.

4.5 Multi-Head Outputs

The contextual latent H; feeds multiple heads: (i) a reconstruction/refinement
head, (ii) a generative head for conditional denoising and plausibility estimation,
(ili) a control head producing line-wise action values, and (iv) a risk-prediction
head estimating post-action risk. The reconstruction head uses a two-layer cross-
attention decoder with hidden width 256 and predicts corrections to the current
unrolled reconstruction. The control head is a two-layer MLP with GELU acti-
vations, hidden width 256, and scalar output per feasible action. The risk head
predicts the normalized tuple (Uit1, Gi11, Ephys,t+1) and the resulting one-step
utility. This multi-task design ties together perception, generative modeling, and
control within a single parameterized model.

4.6 Training Regime

Training uses large-scale MRI data with randomized masks and trajectories,
combining (i) reconstruction losses, (ii) generative likelihood or adversarial ob-
jectives, (iii) physics-consistency penalties, and (iv) auxiliary losses for uncer-
tainty and risk prediction. Specifically, the total loss is

L= ec|Z— 2|1 + )\ssim(l — SSIM(z%, x*))
+ Aphys [ MFSE = yll3 + Aviskl[Per1 — 7e41 3 (15)
+ /\genﬁdifﬂ
with (Arec; Assims Aphys, Arisks Agen) = (1.0,0.2,0.1,0.5,0.3) selected on valida-

tion data. The transformer is trained with AdamW, learning rate 2 x 10~4, cosine
decay, batch size 12, and 150 epochs. The unrolled reconstructor has 6 cascades
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with shared proximal weights and 64 feature channels. Crucially, the model is
trained not only to reconstruct, but to internalize missingness and to predict
how additional measurements reduce ambiguity.

4.7 Interpretation

From a systems viewpoint, the foundation model acts as a world model of MRI
acquisition: it encodes beliefs over the object, the space of plausible images,
and the expected effect of future measurements under physical constraints. This
elevates generative models from post hoc priors to active decision-making com-
ponents that directly shape what the scanner should measure next.

5 Experiments

We design a controlled and multi-faceted experimental suite to evaluate whether
generative, transformer-guided, self-optimizing k-space control improves decision
efficiency and inference reliability over classical and modern baselines. In partic-
ular, we test four hypotheses: (i) the proposed method reaches a decision-stable
regime with substantially fewer samples under aggressive undersampling, (ii) it
reduces hallucination risk and epistemic uncertainty compared to purely genera-
tive or image-centric strategies, (iii) it preserves or improves physics consistency,
and (iv) its additional per-step computational overhead is amortized by a net
reduction in time-to-decision. Similar evaluation principles have been advocated
in adaptive MRI and active sensing [36].

5.1 Datasets and Acquisition Model

Multi-coil datasets. We evaluate on two widely used multi-coil MRI benchmarks:
Brain-T1 and Knee-PD, following standard public dataset conventions [31].
Each dataset is split into 70% training, 10% validation, and 20% test sets. We
report results on Niost = 50 slices per dataset and average over 5 independent
sampling seeds, yielding 250 test episodes per method. Training data are used
exclusively to fit the generative, transformer, and uncertainty components.

Forward model. Measurements follow the standard multi-coil MRI model [I]:
y=MFSz* +n, (16)

where S denotes coil sensitivities, F' the Fourier operator, M the sampling mask,
and 7 complex Gaussian noise. We use 8 virtual coils, retrospective Cartesian
undersampling, and SNR levels of 20, 30, and 40 dB. Each episode starts from
an 8% low-frequency seed mask. Candidate actions are single phase-encode lines
chosen from the remaining unsampled lines, with a budget of one line per itera-
tion and a maximum budget of 160 lines. All methods therefore share the same
per-step acquisition capacity, identical noise realizations, and identical action
constraints.
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5.2 Baselines and Methods

We compare five strategies under identical reconstruction backbones and iden-
tical low-frequency seed masks:

— Uniform CS: Fixed variable-density sampling with compressed sensing /
PnP reconstruction [3].

— Image-adaptive: Greedy adaptive sampling driven by image-centric proxies
(predicted PSNR improvement and residual reduction), similar in spirit to
prior adaptive MRI methods [32].

— RL-style active MRI: A value-based acquisition policy using image-only
state summaries, serving as a stronger active baseline beyond static masks
[27136].

— Diffusion-only recon: Fixed sampling with a strong diffusion prior used
only at reconstruction time [33].

— Generative control (ours): Closed-loop, transformer-guided, generative
k-space control minimizing the composite risk J(z:).

Online uncertainty and risk terms. To make the experimental protocol explicit,
uncertainty is computed online as

V= |r2|Z

where M = 6 stochastic predictions are obtained as described in Section [4]
o2 (i) is the validation-set voxel variance used for normalization, and (2 denotes
the image domain. The physics term used in the experiments is

”MtFSi't - y1:t||2

Var {x(m) ()}M_))
) +€

; (17)

val

Eonyst = 18
S P P "
The acquisition-cost term is
At(at) ﬂ(at)
C =0.7 3 , 19
(ar) maxgea At(a) max,c 4 k(a) (19)

where At(a) is the additional readout time and k(a) is a normalized gradient-
stress proxy. In our Cartesian experiments, line lengths are uniform, so C(ay)
varies mildly and mainly acts as a tie-breaker for trajectory efficiency.
Because these quantities have different scales and units, all risk components
are normalized by the median validation value of the corresponding term, giving
_ Ut = Gy = Ephys t ~ _ C(at)

Uy = Gt = —, Ephys,t = =, C(at) =
mU mag mg mc

(20)

The policy then minimizes
T (21, ar) = aUy + BGy 4+ v Epnys. + 0C (ay). (21)

Validation sweeps over a 4% grid yielded («,(3,7,8) = (0.40,0.30,0.20,0.10),
which remained stable across both datasets.
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Table 1: Representative results on multi-coil MRI benchmarks.

Dataset  Method Samples PSNR [dB] SSIM Phys. Err. Halluc. Decision time [s|
Uniform CS 160+ 0 32.1+0.5 0.918+0.010 0.081 4+ 0.006 0.22 + 0.04 184+1.1
Image-adaptive 121 +11 32.8+0.4 0.924+0.008 0.078 £0.005 0.18 +0.03 15.2+ 1.0

Brain-T1 RL-style active MRI 114 +10 32.9+0.4 0.926 +£0.008 0.076 £ 0.005 0.16 £ 0.03 14.8+1.0
Diffusion-only recon 160+ 0 33.44+0.4 0.930+0.007 0.079 +0.006 0.16 £ 0.03 19.0 £ 1.2
Generative control (ours) 92+8 33.2+0.4 0.931+0.006 0.068 4+ 0.004 0.09 + 0.02 12.7+0.9
Uniform CS 160+ 0 31.5+0.6 0.9014+0.012 0.086 4+ 0.007 0.24 4+ 0.05 18.8 +£1.2
Image-adaptive 128 £13 32.1+£0.5 0.909+0.010 0.081 £ 0.006 0.20 £ 0.04 159+1.1

Knee-PD RL-style active MRI 119 +£11 32.240.5 0.91140.009 0.079 £0.005 0.18 +0.03 154+ 1.1
Diffusion-only recon 160£0 32.7+£0.5 0.918 £0.008 0.08240.006 0.17 £0.03 19.4+1.2

Generative control (ours) 101+9 32.8+0.5 0.920+0.007 0.071 +0.005 0.10 £ 0.02 13.6 £1.0

Decision threshold. The stopping tolerance in Eq. (9) is not hand-picked from
the test set. We set 74 = 0.15 on validation data as the smallest threshold at
which further sampling changed PSNR by less than 0.2dB and SSIM by less
than 0.003 on average over the next 8 candidate lines. This anchors stopping to
a practically stable regime rather than to an arbitrary sample budget.

5.3 Metrics

We report complementary metrics covering fidelity, physics, generative safety,
and control efficiency.

Image quality. PSNR and SSIM are computed against fully sampled references
[34].

Physics consistency. We report the normalized data-consistency residual

[MESE — yllo

Eons(T) =
pvs(®) = T

(22)

Hallucination risk. A hallucination score measures the mean disagreement be-
tween diffusion samples and data-consistent reconstructions in clinically relevant
foreground regions, normalized to [0, 1], reflecting risks discussed in generative
medical imaging [35].

Control efficiency. We report (i) samples-to-decision, (ii) final composite risk
J(zr), and (iii) time-to-decision.

5.4 Main Results

Table[]reports representative results under the validation-selected decision thresh-
old. The proposed generative control strategy reaches a decision-stable regime
with substantially fewer samples, while reducing hallucination risk and improv-
ing physics consistency, without sacrificing image quality. Reported values are
mean + standard deviation over the 250 test episodes per method.

Relative to the strongest active baseline, the proposed controller reduces
samples-to-decision by about 19% on Brain-T1 and 15% on Knee-PD, while
halving hallucination risk. Compared with fixed sampling plus a strong diffusion
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reconstructor, the gain is larger because the method uses the foundation model
inside the control loop rather than only at the end of reconstruction. A paired t-
test across test episodes shows significant reductions in samples-to-decision and
hallucination score versus the RL-style baseline on both datasets (p < 0.01).

5.5 Ablation Study

Ablation experiments on Brain-T1 confirmed that all three risk terms and the
transformer policy contribute materially to performance. Removing the genera-
tive term increased hallucination score most strongly; removing the uncertainty
term delayed stopping; removing the physics term degraded physical consis-
tency; and replacing the transformer policy with local heuristic scoring caused
the largest loss in sample efficiency. Replacing the diffusion critic with a GAN
critic remained competitive, but the diffusion-based version produced the best
overall trade-off.

5.6 Convergence and Robustness

Across operating points, the proposed method showed faster and more monotone
reduction of the composite risk J(z;) than uniform, image-adaptive, and RL-
style baselines. Additional experiments with perturbed noise levels and modified
decision thresholds preserved the same ordering, indicating that the gains are
not tied to a single calibration point.

5.7 Qualitative Analysis and Policy Behavior

At matched sampling budgets, uniform and image-adaptive baselines tend to
spend measurements on globally useful but diagnostically non-discriminative
lines, whereas the proposed method concentrates on measurements that col-
lapse posterior ambiguity in structures that remain unstable under diffusion roll-
outs. In both datasets, the controller avoids over-trusting the generative prior:
plausible but weakly supported structures trigger additional measurements until
physics and generative evidence agree.

5.8 Runtime and End-to-End Efficiency

Although the proposed method incurs extra per-iteration cost due to transformer
inference and generative rollouts, the additional cost is partly compensated by
earlier stopping. In our implementation, the distilled diffusion-critic controller
reduced time-to-decision relative to stronger active baselines, while the full roll-
out variant mainly served calibration and ablation purposes.
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6 Discussion

The main contribution is a shift from fixed-plan reconstruction toward risk-aware
measurement. Instead of treating the image as the final objective at each inter-
mediate step, the framework treats it as a belief state used to decide what should
be measured next. The central operational idea is that uncertainty, generative
plausibility, and physics consistency must be evaluated jointly; any one of them
alone can be misleading.

The principal limitation is distribution shift. If the generative prior is poorly
calibrated for rare anatomy, pathology, or scanner conditions, the controller may
allocate measurements suboptimally. For this reason, practical deployment re-
quires conservative fail-safe behavior, explicit action constraints, and prospective
calibration on real acquisition settings. Even with those caveats, the results sup-
port the feasibility of foundation-model-guided measurement policies for MRI
and related inverse problems.

7 Conclusion

We introduced generative control of k-space, a closed-loop MRI framework that
combines physics-informed reconstruction, transformer-based global reasoning,
and generative critics for uncertainty- and plausibility-aware acquisition. Instead
of exhausting a fixed sampling budget, the controller acquires measurements
until uncertainty, generative inconsistency, and physics residual jointly collapse.
This turns foundation models from post hoc priors into active components of the
measurement policy and supports a broader view of inverse problems in which
the key question is not only how to reconstruct, but how to measure intelligently
under cost and physics constraints.
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