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Abstract

When do diffusion trajectories first reveal their fi-
nal semantic outcome? Prior work mainly studies
population-level transitions, while nearby seeds
can still end in different semantic basins. We
introduce Trajectory Sensitivity Analysis (TSA):
pair nearby noise seeds, run deterministic DDIM,
and condition trajectory statistics on whether final
outputs are semantically stable or flipped. State-
space RMSE separates flip and stable pairs only
around a; ~ 1072, This is a delayed signature.
An earlier cohort-level signal appears in the de-
noiser’s clean-sample prediction as a transverse
secant defect at &, ~ 1.7 x 104, about 60 times
earlier in signal fraction than the state-space on-
set. Pairwise predictability emerges later: a leave-
seed-out probe becomes useful at larger signal
fractions, and its AUC trajectory is predicted by a
plug-in Mahalanobis/LDA calculation with RMS
residual 0.012. TSA separates visual separability,
cohort-level semantic structure, and per-pair pre-
dictability, locating the first outcome-conditioned
signal in clean-sample response.

1. Introduction

Diffusion models generate samples by iteratively denoising
random noise (Ho et al., 2020; Song et al., 2021b). Nearby
initial noise vectors can produce final images with different
semantic content, even when intermediate states remain
visually indistinguishable until late in sampling. We study
when information about the final semantic outcome first
becomes detectable.

Prior work mostly studies population-level regimes such as
noise exploration, class commitment, and sample conver-
gence (Biroli et al., 2024; Sclocchi et al., 2025; Li & Chen,
2024; Raya & Ambrogioni, 2023). Other work studies tra-
jectory sensitivity and semantic latent directions, including
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CCS, which uses approximate linearity of the initial-noise-
to-output map for controlled sampling (Song et al., 2025;
Kwon et al., 2023).

Recent early-prediction, intervention, and geometry work
studies complementary observables. Probe-style methods
predict quality or scene content from early activations, atten-
tion maps, or sparse features; intervention methods localize
when concepts become editable or locked in; and seed-
selection or trajectory-variance methods show that some
sample properties can be predicted early (Guo et al., 2026;
Cui et al., 2026; Gorgiin et al., 2025; Tinaz et al., 2025;
Aithal et al., 2024; Xu et al., 2025). In parallel, diffusion
Fisher, score-spectral, RMT, and latent-geometry work ana-
lyze H; = —V2 log py, score-Jacobian spectra, finite-data
renormalization, pullback metrics, h-space directions, and
Jacobian singular vectors (Wang et al., 2025; Ventura et al.,
2025; Wang et al., 2026; Haas et al., 2024; Chen et al.,
2024; Dockhorn et al., 2022). Semantic-geometry work also
studies supervised attribute directions, paired-prompt score
differences, and antithetic noise (Haas et al., 2024; Wang
et al., 2023; Jia et al., 2025). TSA is complementary: it
combines controlled nearby-seed perturbations, a longitu-
dinal/transverse secant decomposition, and final flip/stable
outcome stratification. Under the Tweedie/Fisher lineariza-
tion, its secant variables become directional finite-difference
probes of H;.

We introduce Trajectory Sensitivity Analysis (TSA): pair
nearby noise seeds, perform deterministic DDIM sampling
(Song et al., 2021a), and compare intermediate trajectories
according to whether their final outputs remain semantically
stable or flip. In this work, semantic commitment opera-
tionally refers to outcome-conditioned structure. A statistic
at sampling time ¢ carries commitment-relevant information
if it differs between pairs of trajectories that, under the same
deterministic sampler, later produce stable or flipped final
outputs. This definition is diagnostic, describing when in-
formation about the final outcome becomes detectable. It
also separates three concepts that are often conflated: visual
discriminability of intermediate states, population-level fea-
ture emergence, and per-pair predictability. We show that
these occur at different times.

This distinction matters for interpreting the results. The ear-
liest signal we report is a cohort-level outcome signal: flip
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Figure 1. Trajectory Sensitivity Analysis reveals a delayed state-space signature of semantic outcome. (a) Two seed pairs with
identical angular separation in initial noise are denoised with deterministic DDIM. The flip pair produces semantically distinct final
outputs, while the stable pair produces similar outputs. Conditional RMSE trajectories remain close until late in sampling. (b) The
outcome-conditioned state-space gap E[RMSE | flip] — E[RMSE | stable] plotted against signal fraction &;. The gap becomes positive
in the low-signal regime, giving a state-space signature of semantic outcome before final images are visually distinguishable. Shaded

regions indicate bootstrap confidence intervals.

and stable groups have different mean trajectories. Pairwise
decodability is measured separately in Section 5, where we
show that useful prediction appears later.

The state-space RMSE gap between flip and stable pairs
appears around &; ~ 1072, before the final images are
visually distinguishable. However, RMSE only measures
divergence in state space. Semantic content in a diffusion
model is more directly exposed through the denoiser’s clean-
sample prediction. Our central result is that the RMSE
gap is preceded by an earlier denoiser-space defect in this
clean-sample prediction. This defect decomposes exactly
into a transverse and a longitudinal component, and the
clean-sample readout amplifies it by a factor of 1//a.
Empirically, the transverse defect appears about 60 times
earlier in signal fraction than the state-space RMSE gap.

Early structure at the population level does not immedi-
ately imply useful per-pair prediction. A leave-seed-out lin-
ear probe on the structural defect channels is barely above
chance at the earliest transverse onset. It reaches AUC
> 0.7 only at later signal fractions. Its full AUC trajec-
tory is predicted by a plug-in Mahalanobis/LDA calculation

with an RMS residual of 0.012. This calculation shows
that delayed pairwise decodability follows quantitatively
from mean/covariance separation. This work makes three
contributions:

* TSA and delayed state-space signature. We condi-
tion paired deterministic DDIM trajectories on the final
semantic outcome and show that state-space RMSE
carries outcome-conditioned structure before the final
images are visually distinguishable.

¢ Fisher geometry with clean-sample amplification.
We show that the earliest detectable cohort-level signal
is a transverse defect in the denoiser’s clean-sample
prediction, amplified by the readout factor 1/,/&; and
interpretable as a directional finite-difference probe of
the score-Jacobian/Fisher response.

¢ Mahalanobis closure of per-pair decodability. We
show that linear probes on the defect channels become
predictive only later and that their AUC trajectory is
quantitatively explained by Mahalanobis/LDA separa-
tion.
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2. Method

TSA compares paired sampling trajectories that differ only
by a controlled angular perturbation of the initial noise.
We change seed direction while keeping its norm fixed, so
trajectory differences reflect angular sensitivity.

Paired seeds and deterministic sampling. For a base
noise vector z ~ N(0, I), we construct a paired seed 2’ at
fixed angular separation 6:

2 = ||| (cos @2 +sinf 2, ), (1)

where 2 = z/||z|| and 2, is a unit vector drawn uniformly
from the subspace orthogonal to Z. This construction yields
[Iz’Il = ||z]|. The two seeds therefore share the same radius
|lz||, which is xg4-distributed because z is Gaussian, and
differ only in direction. The angular separation fixes the
relative perturbation magnitude independent of dimension
and makes ¢ comparable across models.

Both seeds are passed through the same deterministic DDIM
sampler (Song et al., 2021a) with 100 steps and 1 = 0, pro-
ducing paired trajectories (¢, =) indexed by signal fraction
a¢. We use 17 = 0 to remove sampling stochasticity, so tra-
jectory differences are attributable to the controlled initial
perturbation. Stochastic samplers require coupled-noise
ablations and are discussed as a limitation in Section 6.

Cross-model state-space TSA uses 5,000 pairs per model
with § = 10°, except CIFAR-10 where we use § = 20°.
CelebA robustness analyses use 62,200 DDPM-CelebA
pairs at § = 4.5°. The secant-defect mechanism (Section 4)
and Mahalanobis/LDA closure (Section 5) use a separate
LDM-CelebA cache with 10 sampling seeds and 1,000 pairs
per seed, because these analyses require cached denoiser-
response differences de; at each timestep.

Trajectory divergence. We measure state-space diver-
gence with root mean squared error:

RMSE(z, z}) =

IS

d
> (wei —2p,)%, )
1=1

where d is the dimensionality of the model state. RMSE is
computed in the model’s native operating space: pixels for
pixel-space models and latent coordinates for latent-space
models. Absolute RMSE values are therefore not directly
comparable across operating spaces. For cross-model com-
parisons, we normalize by the initial paired divergence.

Semantic outcomes. Final images are assigned seman-
tic labels using CLIP (Radford et al., 2021). For face
experiments, we also replicate the analysis with FairFace
(Kéarkkdinen & Joo, 2021); robustness to labeler choice is

summarized in Section 3 and reported in full in Appendix B.
For each binary attribute, we compare positive and negative
prompt scores. We convert the two scores to a confidence by
applying a two-way softmax over the positive and negative
scores and taking the probability of the higher-scoring label.

An attribute is evaluated for a pair only if both final images
exceed the confidence threshold 7 on that attribute; other-
wise the attribute is ignored for that pair. A pair flips on
an evaluated attribute if the two retained labels disagree. A
pair is a flip pair if it flips on at least one evaluated attribute,
and a stable pair otherwise. Pairs for which no attribute is
evaluated are discarded. Unless otherwise stated, we use
7 = 0.75. Results are robust to thresholds in the range
T € [0.50,0.95].

For CIFAR-10 and ImageNet, we use class disagreement
as a coarser semantic outcome. A pair flips if the predicted
final classes differ. Class disagreement is less fine-grained
than face-attribute flips, and we use object-domain results
as a generality check.

Outcome-conditioned gaps and onset. At each signal
fraction, TSA compares flip and stable cohorts. The state-
space gap is

AFE(a;) = E[RMSE(zy, zy) | flip] —E[RMSE(z¢, 2}) | stable].

3)
A positive gap means that pairs destined to flip are already
farther apart than pairs destined to remain stable.

We use the same convention for all onset claims. Onset is de-
fined as the earliest timestep ¢* such that the lower bound of
the 95% bootstrap confidence interval for the flip-stable gap
is above zero at t* and at the four subsequent DDIM steps.
This five-step rule suppresses isolated significant timesteps
caused by local bootstrap fluctuations in the trajectory grid.
Confidence intervals are computed by percentile bootstrap
resampling over trajectory pairs using 500 bootstrap itera-
tions. The same onset rule is applied to the RMSE gap and
to the structural defect gaps introduced in Section 4.

We use “clean-sample prediction” to refer to the DDIM Zg ¢
prediction in the model’s native space: an image for pixel-
space models and a latent sample for latent-space models.

3. State-space TSA phenomenon

We first study what can be detected from the sampled state
alone. This section examines RMSE in the model state
space and treats it as an observable state-space signature of
semantic outcome. The mechanism section then shows that
the denoiser’s clean-sample prediction contains an earlier
signal.
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Figure 2. State-space TSA establishes the state-space phenomenon. (a) Normalized RMSE between paired trajectories. Null baselines
grow as 1/, while trained denoisers strongly suppress trajectory divergence. (b) Normalized flip-stable RMSE gap across models.
Trained models show outcome-conditioned state-space gaps in the low-signal regime; Section 4 shows that this gap is preceded by a

clean-sample response defect.

Unconditional trajectory compression. Unconditional
trajectory compression provides the baseline for TSA. If
trained denoisers behaved like pure diffusion dynamics,
nearby seeds would separate according to the growing signal
component. Figure 2a compares five trained models against
two null baselines. A Zero U-Net returns €p(z,t) = 0 at
every step, preserving the DDIM update while removing
learned structure. A random U-Net uses untrained weights
as a second null baseline.

Both null baselines grow as /&, as expected for pure diffu-
sion dynamics. Trained models behave differently. Across
U-Net and Transformer architectures, pixel and latent op-
erating spaces, and face/object domains, learned denoisers
strongly suppress paired-trajectory divergence relative to
the pure-diffusion null, and in most settings keep trajec-
tories near or below their initial separation by the end of
sampling. This compression is the unconditional baseline
against which we next compare outcome-conditioned diver-
gence.

Outcome-conditioned gap across models. The key TSA
question is whether compressed trajectories differ by final se-
mantic outcome. We therefore compare RMSE between flip
and stable cohorts at each signal fraction. Figure 2b shows
that the outcome-conditioned RMSE gap is not specific to
one architecture or dataset. Across trained models, flip pairs
have larger RMSE than stable pairs in the low-signal regime,
before final images are visually distinguishable.

The null baselines (dashed and dotted) show a different
pattern. Their gaps reflect the geometry of random pertur-
bations crossing semantic decision boundaries and follow
\/a diffusive scaling. In trained models, the gap provides

a reproducible state-space signature of final semantic out-
come.

Robustness. Because TSA depends on semantic labels
and seed perturbations, we test the main RMSE gap under
alternative labelers, thresholds, perturbation angles, and
shuffled labels. CLIP and FairFace produce consistent
face-attribute gap curves. Varying the confidence threshold
changes sample size but preserves the qualitative structure.
Changing angular separation rescales the gap without elim-
inating it. Shuffling outcome labels destroys the gap. Full
robustness plots are reported in Appendix B.

Together, these results establish the RMSE gap as a robust
state-space signature of final semantic outcome. They do
not explain why the signal appears when it does. The next
section shows that the RMSE gap is preceded by an earlier
clean-sample response defect.

4. Secant-defect mechanism

State-space RMSE reveals an outcome-conditioned state-
space gap, but it is not the earliest detectable signal. The
DDIM sampler uses the denoiser through its predicted noise,
while semantic content is more directly exposed through the
denoiser’s clean-sample prediction £ ;. We therefore com-
pare paired trajectories through the clean-sample response
induced by the denoiser. This gives an exact geometric
object: the defect between the current state secant and the
denoiser-response secant.

Clean-sample state-slaving. Let

Sz = x) — T4 der = eo(x),t) — eo(x4,t).  (4)
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Define the normalized state secant and normalized denoiser-
response secant

(51} - \/]. — (SEt

= — Uy =
[l " t [[6¢]

Uy )
The scaling in v, is chosen so that perfect clean-sample
state-slaving corresponds exactly to vy = u;. In that case,
the denoiser response cancels the paired state difference in
the clean-sample prediction.

Indeed, the clean-sample prediction induced by the noise
predictor is

Tt — 1— Qi Eg(l’t,t)

- 6
Zo,t \/6775 (6)
Taking paired differences gives
0xy — /1 —ayé ]
0Zo, = Tt = Qoh ” xf” (ug — o). (7)

Vag Vag

Thus the vector u; — vy is not an arbitrary residual: it is
exactly the clean-sample response defect, measured relative
to the current state separation. Any deviation from clean-
sample state-slaving is amplified by 1/+/@; in clean-sample
space. At the observed transverse onset & ~ 1.7 X 1074,
this factor is about 77; at &; = 1074, it is 100. This am-
plification explains how a denoiser-response defect can be
detectable well before state-space trajectories separate.

This normalization makes the secant defect u; — vy a
meaningful geometric object. Decomposing the denoiser-
response secant relative to u, separates failures of state-
slaving into longitudinal and transverse channels.

Transverse and longitudinal defect. To distinguish the
channels through which the clean-sample response defect
appears, we decompose v; into components parallel and
perpendicular to the state secant:
— T T —

vy = Ryuy + wy, Ry = u, vy, u, wy =0. (8)
Here R; is a scalar projection of the denoiser response along
the state secant, not a cosine, since v; is not unit-normalized.
The component w; is the transverse or rotational response.

Substituting Eq. (8) into the defect gives
up — vg = (1 — Ry)up — wy. 9)
By orthogonality of u; and wy, and since ||uz|| = 1,
e = vel* = flewe]* + (1 = Re)?. (10)

The total secant defect therefore decomposes exactly into a
transverse channel ||w;||? and a longitudinal channel (1 —
Ry)2.

Squaring Eq. (7) gives

620,01 = e — e . (11)

[REAlS
(v
Substituting Eq. (10) yields the clean-sample amplification

identity:
2 Jwe®+ (1= Ry)?

— . 12
e 3 (12

[[020,¢

This equation identifies the readout geometry behind the
onset separation. The clean-sample response amplitude
factorizes as

1000l _
B

1
ﬁwlwtnu(l—&)?. (13)

Thus early detectability is not due to the readout factor alone.
It reflects the product of the clean-sample readout amplifica-
tion and the growth of the defect channels themselves.

Fisher interpretation. The same variables also admit a
local score-geometry interpretation. Under the exact-score
Tweedie relation

60(33t7t) ~ -V 1- O_‘t Vz Ingt(xt)a (14)

a first-order expansion of the paired denoiser response gives

o \/1—O_ét6€t

Ve = ~ (170_4t)Htut7
([0
(15)
Thus the transverse channel rescales to
rm w
F’tt = 1H7tl| ~ ||PutLHtutH, (16)
—ay

while the longitudinal state-slaving defect rescales to

1-R, 1

slave __
Dylave — ~
1-— (67

— — u) Hyuy. (17)
1-— Qi
The origin (D5'av, F*™) = (0,0) corresponds to perfect
clean-sample state-slaving. For learned non-conservative
denoisers, these quantities should be read as empirical finite-
difference probes of the denoiser/score Jacobian, and as
Fisher/Hessian probes under the exact-score approximation.

Onset hierarchy. Figure 3a shows the resulting onset
hierarchy under the common onset rule from Section 2.
The transverse defect Aljw;||? and total secant defect
Aljuy — vy ||? appear first, at & ~ 1.7 x 10~%. The longitu-
dinal defect A(1 — R;)? appears later, near &; ~ 10~3. The
state-space RMSE gap appears last, near a; ~ 9.5 x 1073,

These are cohort-level statistical onsets under a fixed sample
size and onset rule; Section 5 shows that useful pairwise

H; = —V2log p(24).
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prediction appears later. The transverse defect therefore
precedes the state-space RMSE gap by nearly two orders of
magnitude in signal fraction. Equivalently, the RMSE gap
is a delayed state-space signature of an earlier clean-sample
response defect. We interpret this as a geometric mechanism
for the diagnostic signal: we identify the denoiser-response
component that precedes later state-space separation, but
do not show that manipulating this component steers final
outcomes.

5. Population signal precedes pairwise
decodability

The onset hierarchy in Section 4 is a cohort-level statement:
flip and stable pairs have different mean defect trajectories.
It does not imply that individual pairs are classifiable at
the earliest onset. This distinction is important because
semantic commitment can appear as a weak population
signal before it becomes useful for pairwise prediction.

To test pairwise decodability, we train leave-seed-out logis-
tic regressions on the four structural defect scalars at each
signal fraction:

2= (Re, [Jwe]?, (1= Re)?, Jlug — ve?) . (18)

Here “seed” refers to the independent cache seed used to
generate a block of paired trajectories. All pairs from the
held-out cache seed are excluded from training and used
only for testing. The logistic regression is low-dimensional
and linear. We use it to study whether the secant-defect
channels themselves carry information about the outcome,
without using pixels, classifier confidence, or intermediate
network activations.

We also compare the observed probe AUC with the pre-
diction of a simple Gaussian model with equal covariance.
Let pp and pg be the means of z; in the flip and stable
cohorts, and let >; be the pooled covariance. Because
llug — ve|* = JJwel|* + (1 — Ry)?, the four-feature co-
variance is structurally singular: the fourth feature is an
exact linear combination of the second and third. We
therefore compute the Mahalanobis separation with a ridge-
regularized pseudo-inverse X", using ;7 = (5; + A\ )T
with \; = 107° tr(3;)/d. Equivalently, dropping the re-
dundant total-defect feature gives the same curve within
numerical precision. The squared Mahalanobis separation
is

M} = (pr — ps) S (pr — ps).- (19)
Under the Gaussian approximation with equal covariance,
the AUC of the optimal linear discriminator is

AUC, ~ ®(M;/V?2), (20)

where @ is the standard normal CDF. This plug-in prediction
uses the empirical means and covariance of the structural

channels at each signal fraction; it is not fitted to the ob-
served AUC trajectory.

Figure 3b resolves the apparent tension between early
cohort-level onset and later pairwise predictability. At the
transverse onset, the structural defect gap is statistically de-
tectable, but the within-cohort variance remains large, so a
single pair is only weakly classifiable. As the signal fraction
increases, Mahalanobis separation increases and the logistic
regression becomes predictive. The predicted AUC tracks
the observed leave-seed-out AUC with an RMS residual of
0.012. Thus, under an equal-covariance Gaussian model,
the first two moments of the structural defect channels ac-
count for the observed decodability curve to within RMS
residual 0.012. Within this low-dimensional probe setup,
no additional nonlinear correction is needed to match the
measured AUC trajectory.

6. Limitations

TSA establishes outcome-conditioned structure as a diag-
nostic. It does not test whether intervening on the defect
channels would steer outcomes.

Semantic outcomes are operationally defined by classifiers.
CLIP and FairFace produce consistent labels and the main
TSA gap is robust across labelers, thresholds, and angular
separations (Section 3); the present analysis is restricted to
binary attributes and class disagreement. We compare to
population-level transition work only at the level of signal-
fraction scale, and do not measure class-entropy or marginal
class-commitment transitions on the same models.

The current evaluation focuses on unconditional genera-
tion. Text-conditional diffusion is a natural next setting:
the secant-defect identities follow algebraically from de-
terministic DDIM and should carry over, but whether the
onset hierarchy and Mahalanobis/LDA agreement replicate
quantitatively under classifier-free guidance remains future
work.

7. Conclusion

Trajectory Sensitivity Analysis reveals semantic outcome
information along paired diffusion trajectories before final
images are visually distinguishable. Different observables
reveal commitment at quantitatively distinct signal fractions:
the transverse defect at @; ~ 1.7 x 1074, the longitudi-
nal defect near 102, and the state-space RMSE gap near
10~2. The clean-sample readout factor 1/,/&; amplifies de-
viations from state-slaving, which exposes the cohort-level
signal early and explains the onset hierarchy. Pairwise pre-
dictability is delayed further and is quantitatively explained
by Mahalanobis/LDA separation in the same defect channels
with RMS residual 0.012.



Early Semantic Commitment in Diffusion Sampling

0o
a 10
o 1071 4
2 1072
3 -3
21073 4
2 1074
=
© 10—5 _
e — A
5 1076+ _ — A(1-R)?
g [ S [ == Aflue—vel? -
S o6 ] =—— ARMSE
- T LA | T """-'I T LI |
1073 1072 107!

Signal fraction a;

0.8 === = ‘\
4 |
o7 |
S 074 4/ a=0.025
< P |
= y
© 0.6 P
& -
9] —
% -
05 i SO I S S
observed logistic AUC
== = Mahalanobis prediction ®(M/vV2)
0.4 1

1073 1072 107! 10°
Signal fraction a;

Figure 3. Secant-defect geometry separates cohort-level onset from pairwise decodability. (a) Peak-normalized flip-stable gaps for
transverse, longitudinal, total secant-defect, and state-space RMSE channels. The transverse and total defects appear first, followed by
the longitudinal defect and then state-space RMSE. (b) Leave-seed-out probe AUC on the four defect scalars. Pairwise decodability is
delayed relative to cohort-level onset and is tracked by the plug-in Mahalanobis/LDA prediction with RMS residual 0.012.

The earliest diagnostic signature of final semantic outcome
is therefore a clean-sample response phenomenon, with
state-space divergence emerging as its delayed signature.
TSA separates three notions of commitment that are often
conflated in diffusion sampling: visual separability of inter-
mediate states, cohort-level semantic structure, and pairwise
predictability. Under the Tweedie/Fisher interpretation, the
transverse channel is a directional finite-difference probe
of the denoiser/score geometry, and empirically it is the
earliest outcome-conditioned channel in the onset hierarchy.
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A. Model and experimental details

We evaluate the models and datasets in Table 1. All main experiments use 100-step deterministic DDIM sampling with
1n = 0. Cross-model state-space TSA uses 5,000 pairs per model. CelebA robustness analyses use 62,200 DDPM-CelebA
pairs at # = 4.5°. Secant-defect and Mahalanobis/LDA analyses use an LDM-CelebA cache with 10 sampling seeds and
1,000 pairs per seed. For classifier-defined outcomes, we use confidence threshold 7 = 0.75 unless otherwise stated.

Table 1. Models evaluated. All model-comparison experiments use 100-step deterministic DDIM sampling with n = 0.

Model  Architecture Domain Dataset
DDPM  U-Net (pixel) Faces CelebA-HQ
DDPM  U-Net (pixel) Cats AFHQ
DDPM  U-Net (pixel) Objects CIFAR-10
LDM U-Net (latent) Faces CelebA-HQ
DiT Transformer (latent) Objects ImageNet

Trajectory caches are generated on a single A100 GPU per run; a 1,000-pair deterministic DDIM cache takes approximately
40 minutes, and downstream probe/Mahalanobis analyses run in CPU minutes after caching. All datasets and pretrained
checkpoints are used as publicly available research assets under their published terms of use; no dataset is redistributed by
this submission.

B. Robustness checks

Figure 4 reports the robustness checks summarized in Section 3. The outcome-conditioned RMSE gap persists across
labeler choice, confidence threshold, and perturbation angle, while label shuffling destroys the gap. LPIPS-based cohorts are
formed by thresholding final-image perceptual distance and are used only as a robustness check, not as the primary semantic
definition.
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Figure 4. Robustness of the TSA state-space gap. The outcome-conditioned gap is robust to classifier source, confidence threshold, and
angular separation. The main paper summarizes these conclusions in Section 3.
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C. Mahalanobis/LDA calculation

For completeness, we give the calculation behind Eq. (20). Under an equal-covariance Gaussian model for the structural
defect features at time ¢,
X|Y=1~N(ur,2:), X|Y =0~N(us, ), 21

the optimal linear score is
s(X) = (pr — ps) "B X, (22)

where ¥/ is the regularized pseudo-inverse used in the main text. Define
M = (pr — ps) "5 (up — ps)- (23)

For this score, the class-conditional score distributions are one-dimensional Gaussians with variance M/? and mean separation
M, so their standardized separation is M;. The probability that a random flip score exceeds a random stable score is
therefore

AUC, = &(M,/V?2). (24)
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