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Abstract

Predictive uncertainty in stochastic language-model inference
can be characterized by repeatedly sampling the same input
and measuring the resulting distribution of outputs. However,
doing so requires multiple complete generations. Masked
diffusion language models expose an additional source of in-
formation: the evolution of the output state during denoising.
We ask whether convergence observed within diffusion tra-
jectories is systematically associated with uncertainty across
their final outputs, which we refer to as endpoints.

We study four masked diffusion language models on sub-
sets of four reasoning benchmarks, collecting 20 stochastic
generations per question for a total of 32,000 denoising tra-
jectories. Within each trajectory, we measure within-run con-
centration, as the area under the curve describing the stable
resolution of the eventual output over the denoising trajectory.
Across repeated trajectories, we measure the uncertainty of
the resulting endpoint distribution.

Stronger within-run concentration is associated with lower
endpoint entropy after accounting for model and dataset
(B = —0.222, p < 10~2%). This association is robust to
restricting the analysis to multi-token outputs and to reweight-
ing the prevalence of positive-entropy cases. The relationship
is strongly asymmetric: high within-run concentration almost
exclusively accompanies concentrated endpoint distributions,
whereas lower within-run concentration is observed under
both concentrated and competing endpoint regimes. This
relationship becomes increasingly apparent as denoising pro-
ceeds. Most importantly, features from a single denoising run
predict whether independent held-out runs will concentrate
on a common endpoint or produce competing endpoints.

These results connect dynamics within individual denois-
ing runs to variability across repeated inference. Within-
trajectory dynamics contain information about whether in-
dependent repetitions of the same inference process will
concentrate on a common endpoint or produce competing
endpoints. This provides a concrete route towards estimating
properties of the endpoint distribution with fewer complete
generations.

1 Introduction
Language-model inference is stochastic. Repeated inference

on the same input can produce different outputs, making the
distribution of possible outputs or endpoints an important
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source of information about predictive uncertainty. A direct
way to characterize this uncertainty is to sample the model
repeatedly and measure the resulting endpoint distribution.
This approach is conceptually simple but computationally
expensive: estimating whether an output is stable, identifying
competing endpoints, or measuring their entropy requires
multiple complete generations for every input.

Masked diffusion language models expose an additional
source of information during inference. Rather than con-
structing an output through a strictly left-to-right sequence
of next-token decisions, they iteratively transform an unre-
solved output state into a completed sequence. The inference
process therefore exposes a temporal trajectory of conver-
gence toward the eventual output. Recent work has begun
to characterize these trajectories through token commitment,
temporal stability, remasking sensitivity, and other measures
of uncertainty during denoising [5, 12, 14]. A separate line
of work has examined uncertainty in diffusion language mod-
els using repeated generations and trajectory-derived signals
[10]. Together, these developments raise a more specific
cross-scale question: does the convergence observed within
denoising trajectories systematically relate to the distribution
of endpoints obtained when the same inference process is
repeated?

This question distinguishes two scales of concentration.
Within a denoising trajectory, we can measure how much
of the eventual output has resolved as inference progresses.
Across repeated trajectories, we can measure how strongly
stochastic inference concentrates on the same final answer.
These quantities are different objects: the first describes
how the eventual output resolves over the course of a single
denoising run, whereas the second describes an empirical
distribution over repeated runs. Their relationship is plausible
from the structure of diffusion inference, but its empirical
strength, temporal evolution, and limits are not determined
by that observation alone.

Establishing this relationship matters for uncertainty esti-
mation. Across-run uncertainty is directly observable only
after repeating inference. If properties visible during denois-
ing systematically track the endpoint distribution produced
across repetitions, then information about that distribution
is already present in the trajectory of inference itself. This
does not imply that a single trajectory recovers the endpoint
distribution. It establishes the prerequisite for asking whether
uncertainty that currently requires repeated sampling can
eventually be estimated from one or a small number of de-
noising trajectories.

We study this relationship in four masked diffusion lan-
guage models: Dream Base, Dream Instruct, LLaDA-8B
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Base, and LLaDA-8B Instruct, across subsets of ARC Chal-
lenge, MMLU, GSM8K, and BIG-Bench Hard Boolean Ex-
pressions. For each model-dataset—question combination, we
collect K = 20 independent stochastic generations, yielding
32,000 complete denoising trajectories and 1,600 question-
level observations.

For each trajectory, we define S(t) as the fraction of the
eventual scored output that has stably resolved by normal-
ized denoising time ¢t. We summarize the full trajectory by its
area under this convergence curve, Cyithin, Which measures
within-trajectory concentration toward the realized endpoint.
Across repeated trajectories, we define c,cross as the empiri-
cal mass assigned to the modal final answer and use Shannon
entropy H to characterize uncertainty in the resulting end-
point distribution. Our primary analysis asks whether varia-
tion in cyithin 1S associated with endpoint entropy. Temporal
analyses then ask when this relationship becomes visible
during denoising.

We obtain four main findings. First, within-run conver-
gence is systematically associated with across-run endpoint
uncertainty. Higher Cyitnin s associated with lower endpoint
entropy across multiple robustness specifications. The as-
sociation remains statistically significant when analysis is
restricted to multi-token outputs, where convergence contains
richer trajectory structure than the reveal timing of a single
answer token. It also strengthens when positive-entropy ob-
servations receive greater weight, indicating that the large
mass of unanimous endpoint distributions attenuates rather
than generates the pooled association.

Second, within- and across-run concentration exhibit a
strongly asymmetric empirical geometry. High within-run
concentration almost exclusively accompanies high across-
run concentration, whereas high across-run concentration
frequently occurs despite substantially slower within-run
convergence. The two forms of concentration are therefore
related but not interchangeable.

Third, this relationship develops during inference. The
fraction of the eventual output already resolved at interme-
diate denoising times is associated with endpoint entropy,
and the magnitude of this association increases as denoising
progresses. Complementary time-to-convergence measures
produce the corresponding pattern: later convergence is asso-
ciated with higher endpoint entropy. The relationship is not
uniform across tasks, however; dataset-specific estimates are
significant for ARC, BBH, and MMLU but not GSM8K.

Fourth, denoising dynamics predict endpoint competition
in independent held-out runs. Features from a single trajec-
tory predict whether repeated inference produces competing
endpoints substantially better than model and dataset identity
alone (AUROC 0.854 versus 0.753). As more trajectories are
observed, their final outputs become increasingly informa-
tive, but trajectory dynamics provide complementary infor-
mation: adding temporal features to observed-output features
improves AUROC at each evaluated multi-trajectory bud-
get. Thus, information about the endpoint regime is already
present within individual denoising runs before that regime
is directly observed through repeated inference.

Finally, convergence does not imply correctness. Strong
within-run convergence and highly concentrated, even unani-
mous, endpoint distributions can occur around an incorrect
answer. The quantities studied here therefore characterize

uncertainty in the model’s stochastic endpoint distribution
rather than correctness of the endpoint.

Taken together, these results connect dynamics within in-
dividual denoising runs to the distribution of endpoints pro-
duced across repeated inference. Whereas prior work has
used denoising trajectories as uncertainty signals or to im-
prove decoding, we show that within-trajectory dynamics
predict a distinct object: whether independent repetitions of
the same inference process will concentrate on a common
endpoint or produce competing endpoints. This links uncer-
tainty visible within a single realization to variability across
realizations, and provides a concrete route toward estimating
properties of the endpoint distribution with fewer complete
generations.

2 Background

Masked Diffusion Language Models. Masked diffusion
language models generate discrete sequences through an
iterative denoising process rather than through autoregressive
left-to-right factorization. A common formulation defines a
forward corruption process that progressively replaces tokens
with an absorbing mask state,

alx | x0) =
TT[(1 — o) 56, IMASK]) + a3, x)] . 1)
i=1

where «; controls the amount of retained information at diffu-
sion time ¢ and X is the clean sequence [3, 8, 9]. The learned
reverse process predicts clean token values from partially
masked states and progressively reconstructs a complete se-
quence. Modern masked diffusion language models extend
this principle to large-scale generation, including Dream [13]
and LLaDA [7].

At inference time, the model evaluates unresolved posi-
tions using the current partially generated sequence as con-
text. A decoding policy then determines which positions
are committed or unmasked before the next denoising step.
Because masked positions can condition on visible tokens
on either side, textual position and resolution order need
not coincide. The resulting sequence of intermediate states,
X7 — X7_1 — -+ — X, therefore exposes an explicit
trajectory through which the final output emerges.

Denoising Dynamics and Token Commitment. The avail-
ability of intermediate states has motivated recent work treat-
ing denoising time as an object of analysis rather than merely
an implementation detail. Lu [5] studies the temporal emer-
gence of information in LLaDA-8B-Base using token com-
mitment, linear probes, confidence and entropy dynamics,
and mid-trajectory perturbations. The study finds structured
temporal variation in the information available during de-
noising, including differences in when linguistic properties
become recoverable and in uncertainty between tokens that
eventually resolve correctly and incorrectly.

Temporal information can also be useful directly for de-
coding. Wu and Huang [12] argues that token-selection
rules based only on confidence at a single denoising step
discard information contained in the preceding trajectory.



Their Stability-Weighted Decoding method measures tem-
poral instability through changes in predictive distributions
across consecutive steps and uses this history to modify token
commitment decisions, improving generation performance
on mathematical reasoning and code-generation tasks.

A related question concerns where commitment occurs.
Yeom et al. [14] shows that commitment order in diffusion
language models can depart substantially from textual or-
der on reasoning tasks. In unrestricted LLaDA decoding on
GSMBS8K, answer-bearing positions can commit while much
of the preceding reasoning text remains unresolved. Re-
stricting long-range commitment changes both generation
behavior and reasoning accuracy. These results show that
denoising trajectories contain structure not captured simply
by the final output or by the number of completed denoising
steps.

Together, this literature establishes that commitment time,
commitment order, and temporal stability are informative
properties of diffusion inference. The present work builds
on this trajectory-level view but studies a different quantity:
the cumulative fraction of the eventual output that has stably
resolved as inference progresses.

Uncertainty from Diffusion Trajectories. Uncertainty
in language generation is commonly estimated from ei-
ther model probabilities or repeated stochastic generations.
Sampling-based approaches characterize the distribution over
completed outputs directly and underpin methods such as
self-consistency [4, 11]. For structured prediction, dispersion
across complete sequences provides information that is not
available from an isolated token probability [6]. The cost is
that estimating such distributions requires multiple complete
inference runs.

This trade-off is particularly relevant for diffusion lan-
guage models, whose iterative trajectories provide additional
candidate uncertainty signals. Vazhentsev et al. [10] presents
a systematic study of uncertainty quantification for large
language diffusion models and derives trajectory-based sig-
nals from intermediate generations, remasking dynamics,
and denoising complexity. Their methods approach stronger
sampling-based uncertainty baselines at substantially lower
computational cost, demonstrating that the denoising process
itself contains information relevant to uncertainty estimation.

The trajectory-based quantities considered in this litera-
ture primarily use intermediate dynamics to predict properties
such as correctness or hallucination, or to improve the decod-
ing procedure itself. Repeated sampling, by contrast, directly
reveals how probability mass is distributed across the end-
points produced by stochastic inference. These constitute
different observational scales of the same generative process.

Local and Global Signals in Language-Model Inference.
A related line of work considers whether measurements de-
fined at different scales of an inference process provide con-
sistent information about model behavior. In sequential LLM
decision systems, local perturbations to input information
can propagate into global instability across a sequence of
decisions, showing that locally plausible outputs need not
compose into stable sequential behavior [2]. More directly,
Amador Diaz Lopez [1] distinguishes local confidence, mea-
sured from the probability of a selected answer token, from

global confidence, measured from modal-answer frequency
under repeated stochastic inference. The two signals are
not empirically interchangeable, and their disagreement is
associated with sampling instability.

These findings motivate a broader cross-scale question:
what can information observed within an individual inference
process reveal about behavior that emerges across repeated re-
alizations of that process? Masked diffusion language models
provide a particularly rich setting for this question because
a single generation exposes an entire denoising trajectory
rather than only a token-level confidence signal. This moti-
vates the within—across distinction considered here.

Within-Trajectory and Across-Trajectory Concentration.
The distinction between these two scales motivates the
present analysis. Consider one stochastic denoising trajectory.
At each normalized inference time ¢, some fraction of the
eventual output may already have stably resolved. Tracking
this fraction produces a convergence trajectory S(t) describ-
ing how the realized endpoint emerges within an inference
run.

Repeating the complete denoising process produces a sec-
ond object: an empirical distribution over final endpoints. Its
concentration can be summarized by the frequency of the
modal answer, while its dispersion can be summarized by
Shannon entropy. This is an across-run property.

Existing commitment-time analyses ask when partic-
ular positions or fractions of an output become sta-
ble, while trajectory-based uncertainty methods use in-
termediate states as diagnostic signals. The question
considered here is instead explicitly cross-scale, i.e.,
whether within-trajectory convergence dynamics are related
to across-trajectory endpoint uncertainty.

There is no requirement that the two measurements coin-
cide. A set of trajectories may converge relatively slowly
within individual runs yet repeatedly terminate at the same
endpoint, while stochastic competition among endpoints may
be accompanied by different within-run dynamics. The em-
pirical questions are therefore whether these two scales co-
vary, when during denoising such a relationship becomes
visible, and what information within-run convergence pro-
vides about the endpoint distribution observed under repeated
inference.

3 Methods

Models and Benchmarks. We evaluate four masked dif-
fusion language models with irreversible token-resolution
dynamics: Dream Base, Dream Instruct, LLaDA-8B Base,
and LLaDA-8B Instruct. Each model is evaluated on sub-
sets of four benchmarks: ARC-Challenge, MMLU, GSMS8K,
and the Boolean Expressions task from BIG-Bench Hard
(BBH). For each model-dataset combination, we evalu-
ate 100 benchmark items and collect K = 20 indepen-
dent stochastic generation trajectories per item. For ARC-
Challenge, MMLU, and GSMS8K, we randomly shuffle the
corresponding test set using seed 42 and select the first 100
items. For BBH, we use the Boolean Expressions task and
select its first 100 items. The primary analysis therefore
contains 4 models x 4 datasets x 100 questions = 1600
question-level observations and 1600 x 20 = 32,000 individ-



ual denoising trajectories. For each trajectory, the complete
denoising history is retained, including the token state at
every denoising step and the final generated output.

Within-Trajectory Convergence. Let z,,(t) denote the
generated sequence state for question g, run r, at normalized
denoising time ¢ € [0, 1], and let 24, (1) denote the final out-
put. For irreversible samplers, a token position is considered
stably resolved at time t if it has reached its final token value
by that point and does not subsequently change. We define
the within-trajectory convergence function

Son(t) = #{scored positions stably resolved by time ¢}
"7 4 {scored positions in the final output}

Thus, Sy (t) € [0, 1], with larger values indicating that
a larger fraction of the eventual output has already been
resolved!

To summarize the full trajectory with a scalar measure, we
compute the area under the convergence curve:

1
Cthin — /O Sqr(t) dt.

Question-level within-run concentration is then defined as
the mean across the K = 20 runs:

1 K
within
Cwithin,q = ? § qu .

r=1

Larger cyitnin therefore corresponds to earlier and more
sustained resolution of the eventual output over the denoising
horizon.

Fixed-Time and Time-to-Convergence Measures. The
AUC measure summarizes the full trajectory but removes
explicit temporal structure. We therefore additionally char-
acterize convergence in two complementary ways. First, for
fixed normalized inference times u, we compute Sq(u) =
LS S (w), foru € {0.25,0.50,0.75,0.90}.

Second, we define time-to-convergence land-
marks T, ., = min{t:S,(t) >z}, for =z €
{0.50,0.90,0.95,1.00}.  Question-level T, values are
averaged across runs. The S(u) and T, measures therefore
provide complementary views of the same trajectory:

S(u) = fraction resolved at time u,
whereas

T, = time required to reach convergence level z.

Across-Run Endpoint Distribution. Repeated stochas-
tic inference induces an empirical distribution over final
extracted answers. Throughout, we refer to each final
extracted answer as an endpoint. For question ¢, let

I'This construction is related to the trajectory-based uncertainty signals of
Vazhentsev et al. [10], but measures a different quantity. Their metrics use
intermediate denoising states to derive uncertainty scores, whereas Sqr(t)
measures the fraction of the realized final output already stably resolved
at time ¢t. We introduce S (t) because the present analysis specifically
requires a measure of convergence toward the realized output that can be
compared with variability across repeated final outputs.

Aq1,Ag2, ..., Ay denote the final answers obtained from
the K = 20 independent trajectories. The empirical answer
distribution is P,(a) = L 25:1 1[A, = a]. Across-run
concentration is defined as the empirical mass assigned to
the modal answer: Cacross,q = Maxg Pq (a). Across-run
uncertainty is measured using Shannon entropy: H, =
Y P,(a)log P,(a). We additionally record the number
of distinct observed endpoints, whether the endpoint distri-
bution is unanimous, the modal answer, and modal-answer
correctness.

Primary Within—Across Association. The primary empir-
ical question is whether variation in within-run convergence
is associated with uncertainty across repeated inference. We
estimate

qud = O + Yd + /Bcwithin,qmd + €qmd;

where m and d index model and dataset. We report specifica-
tions with no model or dataset indicators, model indicators
only, dataset indicators only, and both model and dataset
indicators; the latter is the preferred specification. HC3
heteroskedasticity-robust standard errors are used throughout,
with HC1 and standard errors clustered by unique dataset—
question pair reported as robustness check.

Temporal Association Analysis. To determine when
within-run convergence becomes informative about across-
run uncertainty, we estimate the preferred specification, ac-
counting for model and dataset identity at each normalized
inference time,

qud =Qm+7+ ﬁ(u)sq(u) + €gmd,

yielding a temporal coefficient profile 5(u). We separately
estimate

qud =am+ v+ ﬁme,q + €qgmd,

where z € {0.50,0.90,0.95,1.00}, to relate endpoint en-
tropy to the time required to reach different convergence
thresholds.

Joint Within—-Across Geometry. We characterize the joint
empirical distribution of within- and across-run concentra-
tion by partitioning observations at the descriptive threshold
7 = 0.9 according to whether cyithin and cacross fall above
or below 7. Because the marginal distribution of cy;ithin dif-
fers substantially across model—-dataset cells, we additionally
define high within-run concentration relative to the empirical
upper quartile of cyithin-

Competing-Endpoint Subsets. To distinguish the overall
association from variation conditional on endpoint compe-
tition, we repeat the primary regression for |A,| > 2 and
|A,| > 3, where A, = {a : P,(a) > 0} is the set of
observed endpoints. These specifications ask whether within-
run convergence continues to characterize entropy once mul-
tiple endpoints have been observed.



Robustness Analyses. We assess the robustness of the pri-
mary H—cyithin association using HC1 and HC3 standard er-
rors and clustering by benchmark item; restricting the sample
to multi-token or single-token outputs, base or instruction-
tuned models, Dream or LLaDA-8B models, and individ-
ual benchmarks; and excluding model—dataset cells with
near-degenerate Cyithin vVariance or observations with unani-
mous endpoint distributions. Because 84% of observations
have zero endpoint entropy, we additionally test whether this
mass drives the pooled association using repeated balanced
bootstrap samples in which positive-entropy observations
constitute 40%, 50%, or 60% of the sample. Balancing
is performed within model—dataset cells, and the preferred
specification accounting for model and dataset identity is
re-estimated over 10,000 bootstrap replicates at each target.
We report the bootstrap coefficient distribution and percentile
95% interval. All relationships are interpreted as associa-
tional.

Predicting Endpoint Competition. We next test whether
denoising dynamics from a small number of trajectories pre-
dict endpoint competition in independent held-out runs. For
each question and predictor budget k € {1,2, 3,5}, we ran-
domly select k of the 20 trajectories for prediction and use
the remaining 20 — k trajectories to define the held-out tar-
get. The primary binary target indicates whether the held-out
trajectories produce more than one distinct endpoint; we addi-
tionally consider a three-class target distinguishing one, two,
and at least three endpoints. Predictor sets comprise model
and dataset identity; statistics of the k observed final outputs;
mean Cyithin; temporal features S(0.25), S(0.50), S(0.75),
and S(0.90); and combinations of output and temporal fea-
tures. We fit class-balanced logistic classifiers and evaluate
out of sample using five-fold cross-validation grouped by
benchmark item, such that the same item across models can-
not appear in both training and test folds. The trajectory
split is repeated 500 times. We report AUROC for binary
endpoint competition and macro-F1 for the three-class task,
with 95% intervals given by the 2.5th and 97.5th percentiles
across trajectory splits.

Correctness Analysis. We estimate logistic regressions of
modal-answer correctness on Cyithin and Cacross, separately
and jointly, controlling for model and dataset effects, report-
ing odds ratios for a 0.1 increase in each measure. We also
characterize a “stable-wrong” regime as observations with
Cwithin > 0.9 and cacross > 0.9 whose modal answer is
incorrect.

4 Results

Within-Run Convergence Is Associated with Endpoint
Entropy. Across the full sample, higher cyithin 1S asso-
ciated with lower endpoint entropy. The unadjusted asso-
ciation is ﬁ = —0.212 (SE = 0.018). After accounting
for model and dataset identity, the estimate remains simi-
lar (3 = —0.222, SE = 0.021, 95% CI [—0.263, —0.180],
p < 10725). Accounting for model or dataset identity sep-
arately produces similar estimates, and clustering standard
errors by benchmark item leaves the result essentially un-

changed (/3’ = —0.222, SE = 0.022; See Table 2 in Sec-
tion A).

The association remains negative when restricted to multi-
token outputs (B = —0.089, p = 0.036), and is also present
separately for base and instruction-tuned models, Dream and
LLaDA-8B, and after excluding near-degenerate AUC cells.
Dataset-specific estimates are negative and significant on
ARC, BBH, and MMLU, but not on GSM8K (3 = —0.026,
p = 0.769), indicating task heterogeneity.

Within-Run and Across-Run Concentration Occupy Dif-
ferent Regimes. Across the N = 1600 primary model—
dataset—question observations, Cyithin 1S Substantially more
dispersed than cacross- Mean cCyighin 1 0.612 (median 0.531;
IQR 0.497-0.919), whereas mean c,c;oss 18 0.963 and its me-
dian is 1.000. Across-run concentration is strongly ceilinged:
84.0% of questions produce the same endpoint in all K = 20
runs, while 16.0% (n = 256) produce at least two endpoints
and 3.5% (n = 56) produce at least three.

The joint distribution is strongly asymmetric. At 7 = 0.9,
the dominant regime is low within-run/high across-run con-
centration (1013/1600; 63.3%), followed by high concen-
tration on both measures (418; 26.1%). Low concentration
on both measures occurs in 168 cases (10.5%), while only
one observation (0.1%) combines high within-run with low
across-run concentration (Table 1). Using the empirical
top quartile of cyithin (go.75 = 0.919), all 393 questions
have cacross > 0.9, whereas only 28.0% of questions with
Cacross > 0.9 belong to the top within-run quartile. Thus,
high within-run concentration almost exclusively accompa-
nies high across-run concentration, whereas high across-run
concentration frequently occurs despite slower within-run
convergence.

Table 1: Four-region counts at 7 = 0.9 (N = 1600).

Region n %
within-low / across-high 1013 63.3
within-high / across-high 418  26.1
within-low / across-low 168 10.5
within-high / across-low 1 0.1

The Within—Across Relationship Strengthens Over De-
noising Time. The association is detectable at intermediate
denoising steps and strengthens as inference proceeds. Af-
ter accounting for model and dataset identity, the coefficient
relating S(u) to endpoint entropy increases in magnitude
from 3 = —0.145 (SE = 0.016) at u = 0.25 to —0.183 (SE
= 0.020) at u = 0.50, —0.248 (SE = 0.022) at v = 0.75,
and —0.275 (SE = 0.023) at v = 0.90. Complementary
time-to-convergence measures show the corresponding pat-
tern: later convergence is associated with higher endpoint
entropy, with ,@ = 0.223 for T5q, 0.106 for Tyy, 0.094 for
Tys, and 0.092 for T7gg (See Table 3 in Section A).

Conditional Association Under Endpoint Competition.
Restricting the analysis to the n = 256 questions with at
least two observed endpoints changes the composition of the
sample substantially. The uncontrolled association is positive
(B = 0.186, p = 0.010), but is not robust to model and



dataset fixed effects: with both fixed effects, the estimate
is negative but imprecise (3 = —0.326, p = 0.221). The
subset with at least three endpoints is smaller (n = 56);
for cywithin, the model-and-dataset-FE estimate is B =0.293
(p = 0.770).

Robustness to Zero-Entropy Imbalance. The principal
negative association is robust to alternative standard-error es-
timators, clustering by benchmark item, restrictions to multi-
and single-token outputs, separate base and instruction-tuned
models, separate Dream and LLaDA-8B families, and ex-
clusion of near-degenerate cyithin cells. The multi-token-
only estimate remains statistically significant (3 = —0.089,
p = 0.036), although smaller than the full-sample estimate;
GSMB&K is the principal task-level exception.

Because 84.0% of observations have H = 0, we addition-
ally test whether this mass mechanically generates the pooled
association using 10,000 balanced bootstrap replicates within
model—dataset cells. Under the 50% positive-entropy target,
the achieved share is 43.75% because Dream Base/BBH-bool
and Dream Instruct/ARC contain no positive-entropy obser-
vations. The mean bootstrap coefficient is —0.4517 (median
—0.4517, SD = 0.0136), with percentile 95% bootstrap in-
terval [—0.4783, —0.4254]; all 10,000 coefficient estimates
are negative.

The result strengthens as positive-entropy observations re-
ceive greater weight (See Table 4 and Figure 2 in Section A):
mean coefficients are —0.4094, —0.4517, and —0.4835 un-
der 40%, 50%, and 60% positive-entropy targets, respec-
tively. Thus, the negative pooled association is not an arti-
fact of the 84% zero-entropy mass; under these deliberately
reweighted designs, greater weight on positive-entropy obser-
vations moves the coefficient further from zero. These boot-
strap intervals describe resampling variability under fixed
balancing and are not population confidence intervals.

A Single Denoising Trajectory Predicts Endpoint Com-
petition. We next test whether denoising dynamics from
a small number of trajectories predict whether independent
held-out runs produce competing endpoints. Using a single
trajectory, temporal features predict endpoint competition
with an AUROC of 0.854 (95% interval [0.850, 0.857]), com-
pared with 0.753 [0.750, 0.758] using model and dataset
identity alone. Macro-F1 similarly increases from 0.407
[0.402, 0.410] to 0.513 [0.499, 0.525]. Because a single
observed final output contains no information about across-
run multiplicity by construction, this result shows that the
denoising trajectory contains predictive information about
the outcomes of independent repeated inference.

The predictive value of trajectory dynamics remains ap-
proximately stable as the number of observed trajectories
increases, with temporal-feature AUROC between 0.851 and
0.854 for k € {1,2,3,5}. In contrast, prediction from the ob-
served final outputs improves with repeated sampling, reach-
ing AUROC 0.891 at k = 5. The two sources of information
are complementary: adding temporal features to observed-
output features improves AUROC by 0.070, 0.057, and 0.040
at k = 2, 3, and 5, respectively, with all 95% intervals ex-
cluding zero. Thus, within-trajectory dynamics provide infor-
mation about subsequent endpoint competition beyond that
available from a small sample of final outputs (See Figure 1

in Section A).

Endpoint Concentration Does Not Imply Correctness.
Both concentration measures are positively associated with
correctness. In separate model- and dataset-controlled logis-
tic regressions, a 0.1 increase in cyithin corresponds to an
odds ratio of 1.187 (95% CI[1.134, 1.243],p = 1.6 x 10~ 13),
while the corresponding odds ratio for caeross 18 1.389 (95%
CI[1.235,1.562], p = 3.9 x 10~8). When both are included
jointly, each remains statistically significant, with odds ratios
of 1.157 for cyithin and 1.272 for cacross-

Strong concentration nevertheless does not imply correct-
ness. At 7 = 0.9, 78 questions exhibit both high within-run
and high across-run concentration while having an incorrect
modal answer, comprising 4.9% of the full sample and 13.4%
of all incorrect observations. Among these stable-wrong
cases, 98.7% are unanimous across all 20 runs, and 12 bench-
mark items exhibit the same failure in at least two primary
models.

5 Discussion

The results connect two observational scales of diffusion
inference. Within a single denoising run, the eventual out-
put progressively resolves from an initially uncertain state.
Across repeated runs, stochastic inference produces a distri-
bution over final endpoints. These are distinct objects, but
the experiments show that they are systematically related:
stronger convergence within individual runs is associated
with greater concentration across runs, and information about
this across-run regime becomes increasingly visible as de-
noising proceeds.

Within-run convergence characterizes the endpoint
regime. The joint distribution reveals a strongly asymmet-
ric relationship. High cyithin almost exclusively accompanies
high cacross, Whereas high c,eross frequently occurs along-
side lower within-run concentration. Repeated trajectories
can therefore concentrate on the same endpoint even when
within-run concentration is relatively low, but high within-
run concentration is rarely observed when repeated inference
produces a dispersed endpoint distribution.

The entropy analysis provides a continuous counterpart to
this geometry. Higher cyithin 18 associated with lower end-
point entropy, and the association persists across the principal
robustness analyses. Importantly, reweighting the sample to-
ward positive-entropy observations strengthens rather than
weakens the relationship. The large mass of unanimous end-
point distributions therefore attenuates, rather than generates,
the pooled association.

The relationship develops during inference. The con-
nection between these two scales is already visible before
inference terminates. Greater resolved mass at intermediate
denoising times is associated with lower endpoint entropy,
and the magnitude of this association increases as denoising
progresses. Complementary time-to-convergence measures
show the corresponding pattern: later convergence accompa-
nies greater endpoint uncertainty.



This temporal structure matters because the final endpoint
alone does not contain the path by which it was reached.
Two runs may terminate at the same answer while differing
substantially in when and how strongly that answer resolved
during denoising. The results show that this intermediate tra-
jectory contains information about a property that is defined
only across repeated runs: the concentration of the resulting
endpoint distribution.

Within-run dynamics predict across-run competition.
The held-out prediction experiment makes this connection
explicit. Features from a single denoising trajectory pre-
dict whether independent repetitions of the same inference
process will produce a common endpoint or competing end-
points, substantially improving over model and dataset iden-
tity alone. As additional runs become available, their ob-
served final outputs become increasingly informative, but
trajectory dynamics remain complementary: combining tem-
poral and observed-output features improves prediction be-
yond the observed outputs alone.

This result places the present findings in a broader
trajectory-based uncertainty literature. Prior work has shown
that intermediate denoising states can provide useful uncer-
tainty signals or improve decoding. The quantity predicted
here is different: it is a property of the distribution generated
across independent realizations of inference. The denoising
path within one realization therefore contains information
about variability across realizations.

This distinction also gives the result a direct practical inter-
pretation. Repeated sampling remains necessary to observe
the empirical endpoint distribution itself, but some infor-
mation obtained from those repetitions is already available
within individual denoising runs. Trajectory dynamics may
therefore complement repeated sampling when estimating
whether inference is concentrated or competitive, potentially
reducing the number of complete generations required to
characterize stochastic model behavior.

Concentration should nevertheless not be conflated with
correctness. Highly concentrated and even unanimous end-
point distributions can converge on an incorrect answer. The
quantities studied here characterize uncertainty in the model’s
stochastic endpoint distribution rather than calibration to
ground truth.

Limitations. The primary analysis covers four irre-
versible masked-diffusion models from two model families.
LLaDAZ2.1-mini, for example, is excluded because resolved
positions can subsequently be edited, changing the interpre-
tation of stable resolution; whether the same within—across
relationship extends to editable or continuous diffusion mod-
els remains open. The relationship is also task-dependent,
with GSMS8K providing the principal exception to the cross-
task pattern.

Output geometry affects cyithin. For single-token irre-
versible outputs, it is algebraically determined by answer-
token reveal time. Although the association remains signif-
icant for multi-token outputs, its magnitude is substantially
smaller. The strength of the observed relationship should
therefore not be assumed invariant to output structure or
denoising schedule.

Across-run quantities are estimated from K = 20 trajec-

tories and remain finite-sample approximations to the under-
lying endpoint distribution. The competing-endpoint subset
is also substantially smaller than the full sample, limiting
precision when characterizing dispersion conditional on com-
petition. Finally, the association analyses are observational:
they establish systematic covariation between within-run con-
vergence and across-run endpoint uncertainty, not that faster
convergence causes lower endpoint uncertainty.

Taken together, the results show that the trajectory of a
single denoising run and the distribution produced across
repeated runs are linked at two different scales of the
same stochastic inference process. Within-run dynamics do
more than correlate with endpoint uncertainty: they predict
whether independent repetitions will concentrate on a com-
mon endpoint or produce competing endpoints. This cross-
scale relationship provides a basis for uncertainty methods
that use information exposed during denoising to characterize
across-run variability with fewer complete generations.

6 Al Disclosure

We used generative Al tools to assist with code develop-
ment and analysis, literature-search support, and manuscript
editing. Al-assisted code and analyses were reviewed and
validated against the underlying data and experimental out-
puts, and literature references were manually verified against
their original sources. Generative Al was not used to gen-
erate experimental data. We take responsibility for the final
content of this work, including text, claims, code, analyses,
and other artifacts produced with the aid of generative Al
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A Supplementary Material

This supplement reports a descriptive analysis of token reso-
lution order, followed by additional estimates supporting the
main within—across analysis.

A.1 Token Resolution Order

We additionally examine whether strong within-run conver-
gence exhibits a systematic positional structure within the
generated output.

Analysis. For each scored token position j in trajectory
(g, ), we define its stable resolution time as

Tgrj = min{t : z4;(t) = 24r;(1) and unchanged thereafter}.

Resolution-order analyses are restricted to multi-token out-
puts. To avoid comparing absolute cyithin values across
cells with different trajectory mechanics, high-convergence
questions are defined as the upper quartile within each model—
dataset cell. Within each cell, we report the Spearman corre-
lation between token position and resolution time, the prob-
ability that the final token resolves first, and the fraction
of earliest-resolution mass in the first and final positional
quartiles.

Resolution Order Is Predominantly Left-to-Right.
Among high-cyithin multi-token trajectories, most model—
dataset cells exhibit a strong positive association between
token position and resolution time. Spearman correlations ex-
ceed 0.9 in several cells, including Dream Base on BBH
(p = 0.980) and GSM8K (p = 0.999), Dream Instruct
on GSMS8K (p = 0.999), and LLaDA-8B Base on ARC
(p = 0.935), GSMS8K (p = 0.988), and MMLU (p = 0.951).
The pattern is not universal: Dream Base on MMLU shows
weaker ordering (p = 0.325), while LLaDA-8B Instruct
on GSMS8K shows the clearest departure (p = 0.407), with
33.3% of earliest-resolution mass in the final positional quar-
tile. Resolution order is therefore predominantly left-to-
right among high-convergence trajectories, but its strength is
strongly model- and task-dependent.

A.2 Additional Within—Across Results

Table 2 reports the primary association under alternative
specifications accounting for model and dataset identity.

Table 2: Association between cCy;ithin and endpoint entropy
when accounting for model and dataset identity.

Controls B SE 95% CI P
None 0212 0.018 [-0.246,-0.178] <1072
Model -0.197 0.020 [-0.237,-0.157] 5 x 10~22
Dataset  -0.229 0.018 [-0.265,-0.193] <1072
Both 0222 0.021 [-0.263,-0.180] <1072

Table 3 reports the corresponding temporal estimates using
intermediate resolved mass and time-to-convergence mea-
sures.
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Predicting held-out output multiplicity from k denoising trajectories
(question-level grouped CV; band = 95% interval over random trajectory splits)
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Figure 1: Held-out endpoint-multiplicity prediction as a
function of the number k of observed denoising trajecto-
ries. Bands show 95% intervals across random trajectory
splits.

Table 3: Temporal association with endpoint entropy after
accounting for model and dataset identity.

Predictor B SE p
S(0.25)  -0.145 0.016 <1078
$(0.50) -0.183 0.020 1.5x107*°
S(0.75)  -0.248  0.022 <1072°
S(0.90)  -0.275 0.023 <1072
Tso 0.223  0.021 <107
Too 0.106 0018 3.0x107°
Tos 0.094 0018 6.9x10°8
T1o0 0.092 0018 1.8x107"

Finally, Table 4 reports the balanced-bootstrap analysis
used to assess sensitivity to the large zero-entropy mass.

Table 4: Balanced-bootstrap robustness to zero-entropy im-
balance. Each target uses 10,000 replicates while accounting
for model and dataset identity. First column H > 0 refers to
the target for H > 0 share, and 3 < 0 refers to the P(5) < 0.

H >0 Meanp Median 3 95% bootstrapint [ <0
40% -0.4094 -0.4092  [-0.4350,-0.3845]  1.000
50% -0.4517 -04517 [-0.4783,-0.4254]  1.000
60% -0.4835 -0.4836  [-0.5115,-0.4545]  1.000

1 2 3 5
predictor budget k (trajectories observed)

Balanced-bootstrap distribution of cyithin coefficient

-= B=0
—- full sample f = 0222
95% bootstrap CI

-0.5 -0.4 =03 -0.2 -0.1 0.0
B on Cuiin (balanced replicate)

10,000 replicates, 50/50 H=0 vs H=>0 balancing within model x dataset cells; H ~ c_within + model FE + dataset FE, HC3 SEs

Figure 2: Balanced-bootstrap distribution of the cyithin coef-
ficient under 50/50 balancing of zero- and positive-entropy
observations within model—dataset cells. The dashed line de-
notes zero and the dash-dotted line the full-sample estimate.
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