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ABSTRACT

Uniform discrete flow permits repeated updates at every generation position. While
continued revision supports correction of wrong tokens, it also exposes correct
intermediate predictions to later errors. An experiment on Sudoku puzzles shows
that 9.4% of generated cells are correct at an intermediate step but incorrect in the
final output. We introduce generation order into uniform discrete flow through
selective absorption, which fixes chosen predictions while preserving the uniform-
flow velocity at active positions. To prevent absorbing incorrect predictions, we
propose Low-Entropy Discrete Flow (LEDFLOW), a training-free sampler that
adaptively orders absorption by local entropy. By decomposing absorption error
into joint dependence and conditional prediction terms, we show that selecting
the lowest-entropy positions under a fixed absorption budget minimizes an upper
bound on the conditional term. We further support the choice of local entropy
by showing that the decision-error bound of global lookahead grows with the
lookahead window under an imperfect denoiser. Across reasoning benchmarks,
LEDFLOW attains 0.845 Nikoli Sudoku solve accuracy, with the largest gains on
strongly constrained tasks. On text-to-image generation it attains the best overall
score, and on multimodal understanding it improves over the native sampler on all
six benchmarks, at an inference cost comparable to standard flow sampling.

1 INTRODUCTION

Discrete flow matching allows multimodal generation by transporting a source distribution to a
target distribution over discrete states through a continuous time probability velocity [7l], while
uniform discrete flow progressively transforms every token in each time step under a uniform source.
FUDOKI [33] applies this framework to multimodal understanding and generation using a metric-
induced probability path and a kinetic-optimal velocity. Conditioned on a target token, the velocity
moves probability mass toward tokens closer to that estimated target, so that generated positions can
be updated repeatedly as sampling proceeds.

Continued revision can replace correct intermediate tokens with incorrect predictions, especially
near the end of sampling. Under the kinetic-optimal formulation, the schedule gradient diverges
as t approaches endpoint. The outgoing transition rate then grows without bound when a token is
semantically distant from the estimated target. This late denoiser error exposes an otherwise correct
token to a large transition rate. A Sudoku trajectory diagnostic (Figure[2)) using the kinetic-optimal
update shows on 100 puzzles with 64 sampling steps that 9.4% of generated cells are correct at least
once during sampling but incorrect in the final output. This motivates us to introduce generation
order into uniform discrete flow through selective absorption. We equip each position with a binary
absorption indicator that sets its outgoing rates to zero once absorbed, allowing reliable predictions
to remain fixed while the other positions continue evolving. However, fixing an incorrect token
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Figure 1: Entropy-guided absorption in uniform discrete flow. (a) Late revisions can overwrite
correct predictions. (b) Selective absorption fixes chosen predictions while other positions continue
evolving. (¢) LEDFLOW prioritizes low-entropy positions for absorption; global lookahead aggre-
gates potentially noisy estimates across the remaining positions.

prevents correction, and a random order does not distinguish reliable predictions from uncertain ones.
Therefore, the absorption policy must account for this irreversible prediction risk.

To address this ordering problem, we propose Low-Entropy Discrete Flow (LEDFLOW), a training-
free sampler that introduces generation order into uniform discrete flow through entropy-guided
absorption (Figure[T). At each sampling step, LEDFLOW selects the active positions with the lowest
predictive entropy under the prescribed absorption budget, and absorbs them with the most likely
predicted values. The remaining positions continue to evolve under the kinetic-optimal velocity,
with subsequent predictions conditioned on the values already fixed by absorption. At each step, the
sampler recomputes entropy for an adaptive order, allowing the policy to preserve the uniform flow
velocity at active positions while prioritizing low-entropy predictions for absorption. This reduces
the above correct-to-wrong reversions from 9.4% to 2.6% of generated cells and the fraction of token
changes occurring after t = 0.75 from 46% to 15%.

We then provide theoretical justification of LEDFLOW by analyzing the error introduced by irre-
versible absorption. Absorbing several positions independently can discard their dependence, while
previously absorbed values affect the context of subsequent predictions. We characterize the stepwise
absorption error through a Kullback-Leibler (KL) decomposition into joint dependence and condi-
tional prediction terms. We show that selecting the lowest-entropy positions, under entropy-error
regularity on oracle-reachable states and a fixed absorption budget, minimizes an upper bound on the
conditional error term. We provide further analysis on global entropy lookahead [35]] which evaluates
candidate absorptions through predicted successor states. With an imperfect denoiser, aggregating
future estimates can compound errors, and the resulting bound of decision error scales with the
lookahead window, supporting the use of local predictive entropy to guide absorption.

Experiments evaluate LEDFLOW across tasks with increasing structural dependence. The gains are
largest on constrained reasoning, where LEDFLOW attains 0.845 Nikoli Sudoku solve accuracy and
attains the best average rank across the nine reasoning tasks. On text-to-image generation LEDFLOW
attains the best GenEval overall score among decode-time samplers (2.8% absolute over the native
sampler), and on multimodal understanding it improves over the native sampler on all six benchmarks.
We also provide empirical support for the theoretical results: entropy-guided absorption outperforms
other absorption policies in puzzle solve accuracy, while mean absolute score error increases with
the lookahead window, from 0.17 with a single lookahead term to 1.76 under full lookahead. While
the best performing lookahead windows would result in about 8 times of inference runtime without
bringing significant improvements. Our contributions are:

* We analyze rapid terminal transitions and correct-to-wrong revisions in uniform discrete flow, and
introduce explicit generation order through selective absorption to preserve chosen predictions (§2]
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* We develop LEDFLOW, a training-free entropy-guided absorption policy. Under entropy-error
regularity on oracle-reachable states and a fixed absorption budget, it minimizes an upper bound
on the local conditional absorption error. We also show that the global lookahead decision-error
bound grows with its window (§3).

* We evaluate LEDFLOW across reasoning, multimodal understanding, and image generation.
Controlled experiments compare absorption orders and measure how lookahead window size
affects score error and position selection, while runtime measurements and transfer comparisons
against random order assess efficiency and generality (§4).

2 PROBLEM FORMULATION

2.1 PRELIMINARIES

We generate a target sequence a; = (ai,...,al) € SM over a finite vocabulary S and M generated

positions. Let x denote the fixed input, set C := x, and write g(a; | C) for the target distribution, C;
the conditioning information available at time ¢, ¢ and p? the oracle (data) distributions and their
conditionals, p; the prescribed probability path, and Q7 the learned denoiser posterior. Discrete flow
matching transports a source distribution py to the target over ¢ € [0, 1] under a Continuous Time
Markov Chain (CTMC) [3,[7,24]. Let a and z denote the current state and a candidate destination
state, respectively. For any state x, let z™/ denote all coordinates except j. We use the discrete

delta probability mass function 6 (x, y) = 1{x = y}. A factorized probability velocity is u:(z,a) =
Zj\il 6(279,a=7)ul(27,a), where u gives the instantaneous transition rate of coordinate j. For a
conditional path factorized on coordinates py|1 (a: | a1) = [ p{ i (al | a?), the marginal coordinate

velocity follows from posterior averaging,
u{ (277a,Ct) = ]Ea1~p1|f,(-|a,ct) [u{ (337 a’l | ajl)} .

At generation time, the reverse process py|; is approximated by the learned denoiser Qu (| ag, Cy).
FUDOKI [33] implements the uniform distribution framework in [7]] with a metric-induced token
path: p{‘l(aj | a?) = softmax,;cs [—,Btd(aj,a{)} X exp [—Bt (a7, al)} and d corresponds to the
token distance between embeddings, 8; = ¢ (t/(1 —t)) so that Sy = 0 and 31 — oo, allowing the
source to be uniform over the vocabulary at ¢ = 0 and the path to concentrate on target token as
t — 1. By denoting Bt the derivative of 3;, the kinetic optimal velocity is

w( o | o) = pi(= | @) By |d(a. a}) — d()a})] . M

where [-]; = max{-,0}. Probability mass moves from a/ to 27 only when d(2/, al) < d(al,a)),
allowing the flow to progress monotonically toward the target value a] supplied to the velocity
field [33]]. However, at inference time where the true target is unavailable, FUDOKI’s Euler solver
instead samples a predicted target @] ~ Q‘flt(~ | at,C;) at every step and measure the velocity (Eq.

at that sample, so that every generated position, including those already holding a reliable prediction,
is resampled at every step. Detailed formulations from existing work are provided in Appendix

2.2  MOTIVATION AND ORDERED ABSORPTION

As the schedule gradient Bt in Eq. diverges as t — 1, this increases transition exposure at positions
that disagree with the predicted target. With denoiser error, this results in loss of correctness.

Proposition 1 (Termmal transition exposure). At time t, consider position j whose current token
differs from its target a] # aj. The total outflow rate under Eq. |l|is )\i = ﬁt Gt, where GJ =
Zzespt(z | al)[d(a{,ajl) d(z, ajl)h_ > ]Dt(a1 | al)d(ai,al) > 0. Since 5,5 = cat* (1 -

)= = 0o while py(al | al) — 1 ast — 1, the rate diverges, ) — oo, and the probability of at

least one jump over a fixed interval h > 0 converges: 1 — e~ 5 1. When the predicted target &)
is redrawn, disagreement with it exposes the current token to this increasing rate.
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Figure2]illustrates this problem by pretraining a flow model with Sudoku puzzles and evaluating on a
held-out set of 100 puzzles with 64 sampling steps: 46% of token changes occur after ¢ = 0.75, with
9.4% correctly generated cells replaced incorrectly at the end. This results in a final whole-puzzle
solve rate of 34%, exposing a tension between continued revision, which allows a wrong token to be
corrected, and the preservation of correct intermediate predictions.

Selective absorption resolves this tension by making chosen predictions terminal while the other
positions keep evolving under the native flow, but it introduces a new problem: deciding which
predictions are reliable enough to be made irreversible. To prioritize reliable predictions at current
state and reassess remaining positions as the context changes after each absorption, the denoiser’s
own uncertainty is a natural signal, whereas a concentrated posterior has little to gain from revisions,
vice versa. Section [3| formalizes selective absorption as an augmentation of uniform discrete flow and
turns this principle into an ordering policy driven by local entropy. Appendix [B.2] provides the proof
and scope of the proposition, together with the training and evaluation settings of this diagnostic.

3 LEDFLOW: LOW-ENTROPY DISCRETE FLOW

3.1 SELECTIVE ABSORPTION AS AN ABSORBING-STATE UNIFORM FLOW

We add an inference time indicator function into uniform discrete flow to change the sampler law.
Specifically, each generated position is augmented with an absorption indicator ftJ € {0,1}. Every
position starts active with fg = 0 and follows the uniform-flow velocity. Once ftj = 1, its outgoing
transition rates are set to zero, hence keeping uniform velocity at active positions unchanged while
fixing absorbed positions:

uf’abs’j(zjaataft,ct) = (1_ftj)uf7j(zjvatact)a Zj #ag (2)

An absorbed position is a fixed point of the sampler regardless of what the denoiser later predicts for
it, while every active position keeps the kinetic-optimal velocity of Eq.[I} now evaluated at a state
that contains the absorbed values. The augmentation leaves two decisions to the sampler: how many
positions to absorb at each step (absorption budget), and which positions to absorb (absorption order).
While the budget is a schedule that can be fixed in advance, the order determines which predictions
become irreversible and which values condition the rest of the generations (Section[2.2). Under this
formulation, we introduce LEDFLOW, an absorption-ordering policy guided by local entropy, and
analyze its local absorption risk. Appendix [C.I]details the augmented process and its training-time
counterpart for the puzzle denoisers.

3.2 THE LEDFLOW SAMPLER ABSORBS BY LOCAL ENTROPY

LEDFLOW selects active positions with low predictive entropy, absorbs their most likely values,
and continues evolving the remaining positions under the uniform-flow velocity (illustrated in
Algorithm[T)). The absorption indicator in Eq. 2] addresses late revisions in Section [2| by retaining
selected predictions and preventing further transitions. Let s, = (a¢,, f,,Ct, ) be the sampler state
before absorption and Uy, := {j : f/ = 0} the active positions. Write Qf‘ +, (a1 | s) for the denoiser
marginal at position j, with predictive entropy

Hy(sp) ==Y Q. (af =27 | 51)10g QY),, (a] = 27 | s1).
ZIeS

At grid point ¢y, let my, be the target number of active positions and set by, := max{0, |Uy| — my}.
The entropy-guided ordering policy selects the by, active positions with lowest predictive entropy and
updates the indicator for every selected position,

LED . j i+ 1, Jje€ BIISED’
B € arg BHélgllk Z He(Sk) = ft,c = ftj jé BLED (€)
|B]=by JEB " b
afk — arg I{;gg{@f‘tk (al = 27| s3), ft]k «1, jeByEr. 4
.

This policy turns each selected posterior into a fixed token prediction, changing the sampler law
while retaining the uniform flow update in Eq. [2|for active positions outside BFEP. At the next
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Figure 2: Ordered absorption reduces late revisions and improves puzzle solving. (a,b) Token-
change timing and cell accuracy in the kinetic-optimal trajectory run on 100 Nikoli puzzles with
K = 64. (c) Statistics from that same run: puzzle solve rate increases from 0.34 to 0.82, and
correct-to-wrong reversions decrease from 0.094 to 0.026 of all generated cells (cells correct at an
intermediate step but incorrect at the endpoint).

time grid, the posterior and entropy are recomputed from the updated state to reassess subsequent
decisions based on absorbed values. In the trajectory run (Figure 2(a—c)), LEDFLOW reduces the
fraction of token changes after ¢ = 0.75 from 46% to 15% and raises the puzzle solve rate from 34%
to 82%. Specifically, this ordering policy is training free, as the absorption indicators can be directly
plugged into the denoiser of the same checkpoint, whereas setting f; = 0 throughout recovers the
base uniform discrete flow sampler. We provide theoretical justification for the selection of low local
entropy for absorption order in Section[3.3] Appendix [C.2]provides the schedule, update order, and
matched-policy details.

3.3 THEORETICAL JUSTIFICATION

This section justifies the choice of local entropy policy in LEDFLOW. We first characterize the error
of irreversible absorption, then establish the conditional-error upper bound minimized by low-entropy
selection, and finally compare the sensitivity of local and lookahead scores to estimation error.

Error induced by absorption. Noting that absorption is irreversible, its cost depends on the
denoiser during each absorption process. At an oracle-reachable sampler state sy, where the absorbed
partial assignment has positive probability under the target distribution, let Bj, C U, be the positions

absorbed at that step. Given the target distribution ¢, we write p‘ll‘S (af *) for the oracle posterior, with
k

the denoiser marginal defined in Section[3.2] We apply the standard KL decomposition, commonly
used to quantify decoding mismatches 34, 2], to a stochastic reference kernel that samples selected
positions independently from denoiser marginals.

Proposition 2 (Decomposition of local absorption error). Conditioned on a reach-
able state s; and an absorption block By, we write the error Lans(Bi;sg) =

B, i
Dy, (p({‘slC (al k) H HjEBlc Q?Itk (ajl ‘ Sk)), such that

Lans(Brise) = TCo(al* | 1)+ 3 D (v, (a]) || @), (ad | 51)) )
—_———

jeB
Ejoint (Br;Sk) IS0k

Econd (Br;sk)
where TC,(at* | s1,) = > jeBy H,(al | sx) — Hy(aP* | s1.) is the conditional total correlation of
the positions absorbed together.

Corollary 1 (Conditional error bounds the excess absorption risk). For a reachable state sy, and a
block By, with |By| = b, let 27 be the most likely value under Q‘fltk (a] | sk), ¢j = p‘f‘sk (a] = 29)
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its oracle probability, and c; = max., p‘lllsk (a{ = z) the probability of best value of oracle. Then

dl—cj) £ Y (A=) + v/2bEona(Bri sk)- (6)

jEBY JjEBY

The left side of Eq.[6]is the expected number of incorrect deterministic absorptions in the selected
block, while the first term on the right refers to an unremovable marginal classification risk from
oracle. The square-root term then bounds the difference due to denoiser error. While larger blocks
reduce sequential evaluations at the cost of unoptimized dependence error, the joint term vanishes for
b = 1. Appendix gives the derivation of the decomposition and the proof of the corollary.

Minimizing the conditional error bound. For the active set U, at a reachable sampler state sy,
fix an absorption budget b > 1 and let B (b) = {B C U}, : |B| = b}. The oracle posterior serves
as an analytical reference for selecting positions with small model error. If it were available, the
conditional-error objective would be:

Bo)racle : D ( q J H 0 J ) 7
k € argBenl;BlS(b)]eZB KL pl‘sk(al) Ql‘tk(al | Sk) ( )

Econd (B;sk)

The oracle posterior is unavailable at inference, to prioritize predictions that are currently reliable, the
negative relationship between prediction entropy and reasoning accuracy in Yang et al. [35] motivates
a condition regarding reliability and denoiser uncertainty, hence predictive entropy.

Definition 1 (Entropy-error regularity). Let Hy,.x = log|S|. A denoiser is ¢-regular on the oracle-
reachable sampler states sy, if there exists a nondecreasing function ¢ : [0, Hpax] — R>¢, with

#(0) = 0, such that Dxr, (pgls;c (al) H Qi)‘tk (al | sk)> < QS(Hg(sk)) for any sy and j € Uj,.

Applying Def. [1| to the conditional term in Eq. [3| gives, for any absorption block By C Uy,
Econd (B sk) < @(Brisk) == > ep, gb(Hg (sk) ). Because ¢ is nondecreasing, the block that
minimizes ® under a fixed absorption budget contains the active positions with lowest predictive

entropy, so the square root term in Eq. |§Iis at most /2b ®(By; sy ), suggesting that using entropy for
the ordering policy minimizes the upper excess risk bound on the conditional error for a fixed budget.

Theorem 1 (Local surrogate minimization and the oracle limit). Given a ¢-regular denoiser: (i) Local
adaptive absorption. For a fixed absorption budget b > 1, a block containing b active positions with
lowest entropy minimizes ®(B; sy) over B € By(b). In particular, for single position absorption,

* e in HJ 8
J* € arg min H(sy) ®)

minimizes the upper bound on the conditional error of the next irreversible prediction. (ii) Oracle limit.
As the learned posterior converges to the oracle posterior on reachable states, Econa(Bg; sk) — 0
for every admissible absorption block and hence for every absorption policy.

When b > 1, the theorem minimizes the bound on the conditional term in Eq.[5| The result is local:
absorbing a position changes the sampler state, and hence the errors at later absorption events. We
test Def. |1|in Fig.[2|as the Sudoku denoiser has a computable oracle posterior, and observe that the
condition holds on 95.5% of sampled reachable states. While Def. [I]is stated for predictive entropy,
we can apply it to local uncertainty score if the conditional error is bounded by a nondecreasing
function of that score, e.g. maximum logit and probability margin. We next compare between local
greedy decoding against estimation over future states. App. [C.3|provides proof and further details.

Global lookahead can amplify estimation error. Global lookahead decoding (represented by
Info-Gain [35]]) evaluates information gain by estimating predicted uncertainty over all remaining
active positions. Let U(s) contain m active positions at state s, and let hj(s) and h?(s) denote

the oracle and model entropies. Define R,(s) 1= > ;s hj(s). v € {g,0}. For an active

candidate position j € Uj and absorbed value 27, let s/*" denote the hypothetical state after
absorption obtained by setting coordinate j to z7. Writing the model and oracle posterior as Py (- |



Preprint

(a) Text-to-image (b) Sudoku: Euler repeats a digit already present while
(LEDFlow vs uniform flow) ours conditions on committed cells to avoid the conflict (green).
LEDFlow Uniform flow LEDFlow (ours): solved v Euler (uniform): duplicate digit in the row X
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Figure 3: Qualitative comparison across the structure spectrum. (a) Text-to-image on FUDOKI
shows LEDFLOW produces images with improved alignment with the required descriptions. (b)
Sudoku: unordered Euler sampler repeats digits already present (two ‘1’s and ‘8’s in row 7 and 9),
violating the row constraint, while LEDFLOW conditions on absorbed cells and avoids the conflict.

s) = Q?lt(a{ = |s),Pi(-|s) = p‘{‘s(a{ = ), the corresponding entropy reductions are

Gi(s) == Re(s) = E_; pi s [R,«(sj*zj)} ,r € {q,0}. Assume that at current state s and every

T

hypothetical one-step lookahead state s’ with positive model probability, |h?(s’ ) = hj(s")| < 6 for

every active j, and the total variation 1 > ;o ‘Pg (27 ] s) = Pi(2 | s)‘ < e for every candidate j.

. . . . “ 0 .
Lemma 1 (Error ampAhﬁcatlon in global entropy reduction). Let j € argmax; G ](5) j* e
arg max; G7(s), and jen; € argmin h? (s). Because R.(s) is common to every candidate at
s, it cancels from the comparison between candidates, and for every pair j,j’ the error of the
decision-relevant score difference obeys

‘(Gg(s) —G() = (GU(5) = GL(5))| < 20, M = (m — 1) (6 + €log]S]),

Ny hY  (s) —minhj(s) < 24.
Jent 7

The bound on global lookahead selection grows with window m as the error of remaining m — 1
positions aggregate. When 27,,, exceeds the oracle candidate margin, the bound supports using
local entropy under an imperfect denoiser. Conversely, if 7,,, is below the margin, lookahead can be
preferred. Appendix [C.3|provides derivation details and analysis outside oracle support.

4 EXPERIMENTS

Setup. We evaluate LEDFLOW across tasks with increasing structural dependence: six multimodal-
understanding benchmarks through VLMEvalKit [6], text-to-image generation on GenEval [8], and
reasoning on MathVista, MathVerse, GSM8K, three Sudoku sets, Latin-square completion, graph
coloring, and molecular infilling [14} 140} 5, 23| 32} 21]]. We use FUDOKI [33]] with consistent
configurations for multimodal understanding, text-to-image generation, and mathematics, and train
task-specific uniform flow denoisers for puzzle tasks, while the ordering policy requires no additional
training. All tasks have sampler step K = 64. Understanding, generation and reasoning evaluate
on full standard splits, 553 prompts with four images per prompt, and n = 500 with five seeds
respectively. We compare two baseline groups. The first contains non-absorbing decoders, including
Euler 7-leaping, corrected, guidance, and self-correction samplers [24} 13130, 31} [18]]. The second
contains uniform flow with different absorption policies, including probability margin (Top K-margin)
and global lookahead (Info-Gain) [35]. Appendix [D]provides experimental details.
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Table 1: Multimodal understanding scores. White/grey/blue rows denote non-absorbing base-
lines/absorbing baselines/LEDFLOW. Bold, italic, and underlining mark first, second, and third
place. Avg. rank is the mean benchmark rank (). Higher scores are better (1). Entropy-guided
selective absorption gives numerically yet modestly higher scores.

sampler POPET MMET MMBencht GQAT MMMUT MM-Vett Avg. rank|
Euler 86.1 1485.4 73.9 57.6 34.3 38.0 4.33
Euler (our replication) 87.4 1494.5 73.7 57.0 36.2 38.2 3.50
Guidance 86.8 1492.7 74.2 58.2 354 38.6 3.00
Top K-margin 83.5 1497.4 65.0 56.9 30.0 40.0 4.50
Info-Gain 89.3 1503.0 65.1 56.4 29.1 37.5 4.33
LEDFLOW (ours) 89.0 1504.6 74.6 58.0 374 40.5 1.33

Table 2: GenEval category and overall scores. Notation follows Table LEDFLOW’s improving
spread is consistent with more structural requirement on text-to-image tasks than text generation.

Sampler Singlet Two?T Count? Colorst Pos.t Attr.T Overallf Avg. rank]
Euler 0.9625 0.8384 0.4875 0.8833 0.7200 0.6300 0.7536 542
Euler (our replication) 0.9375 0.8636 0.5031 0.8723 0.6800 0.6625 0.7532 5.92
Time-corrected 0.9125 0.8687 0.5125 0.9149 0.6600 0.7000 0.7614 4.83
Location-corrected 0.9750 0.8687 0.5000 0.9043 0.6700 0.6400 0.7597 4.08
RK 0.9250 0.8384 0.5625 0.8723 0.6500 0.7400 0.7647 6.17
RK2-Trapezoid 0.9500 0.7980 0.4750 0.9043 0.6700 0.6800 0.7462 5.67
Exact guidance 0.9400 0.8600 0.5300 0.8900 0.7000 0.7700 0.7800 3.67
Top K-margin 0.9469 0.7854 0.4188 0.8856 0.6275 0.5800 0.7071 8.17
Info-Gain 0.9312 0.7753 0.4906 0.8777 0.6600 0.5550 0.7150 8.42
LEDFLOW (ours) 0.9563 0.8712 0.5219 0.9016 0.7150 0.7225 0.7814 2.67

Table 3: Constrained reasoning accuracy. LEDFLOW outperforms in constrained reasoning task.

MathematicsT Sudokut Other puzzlest

Sampler Avg. rank]
MathVista MathVerse GSM8K Generated Nikoli Extreme Latin Graph Molec.
Euler 0.254 0.110 0.026 0.610 0410 0.078 0.652 0.936 0.828 522
FreeCorrection 0.261 0.119 0.019 0.630 0400 0.126 0.628 0.988 0.797 4.72
Time-corrected 0.241 0.111 0.022 0.610 0410 0.078 0.652 0.936 0.828 5.56
Location-corrected ~ 0.246 0.120 0.029 0.588  0.360 0.096 0.628 0.938 0.830 4.78
Top K-margin 0.255 0.120 0.024 0.820 0.796 0.271 0.948 0.951 0.887 2.67
Info-Gain 0.227 0.119 0.019 0804 0.780 0.231 0.990 1.000 0.914 3.50
LEDFLOW (ours)  0.255 0.123 0.027 0865 0.845 0.269 0.998 1.000 0.906 1.56

4.1 EMPIRICAL PERFORMANCE

Multimodal understanding. Adding entropy-guided selective absorption gives numerically yet
modestly higher scores than the replicated Euler baseline across all six benchmarks (Table[T)), although
Info-Gain leads on POPE and exact guidance on GQA. These modest gains place understanding
at the weakly constrained end of the task spectrum, whereas absorption order matters less. Further
analyses, full results, and the uncertainty of these gains are provided in Appendix [E.T}

Text-to-image generation. Table 2] gives LEDFLOW the numerically highest overall score (0.7814)
and average rank (2.67), while being competitive against state-of-the-art decode-time exact guidance
(0.7800). This improving spread across samplers is consistent with text-to-image prompts imposing
structure than above text-based generation. Figure [3|provides qualitative examples and we provide
further generation experiments and comparisons in Appendix [E.2]

Reasoning. Table [3|reports outperforming constrained reasoning results. LEDFLOW reaches 0.845
on Nikoli versus 0.796 for margin and 0.780 for lookahead ordering, and also leads these policies on
the generated set while staying competitive in the Extreme dataset. Across the nine tasks, LEDFLOW
is numerically higher than Info-Gain on seven and staying competitive on molecular infilling (0.914
versus 0.906). Appendix [E.3|reports detailed comparisons.

4.2 ANALYSIS AND VALIDATION OF THEORETICAL RESULTS

Entropy-guided absorption (Theorem [I). Figure {a) tests the ordering principle in Theorem [I]on
solve accuracy over 1,600 puzzles, showing the accuracy decreases monotonically from LEDFLOW
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Theorem 1: Entropy-guided absorption and the oracle limit

(a) Entropy-guided policy (b) Transfer gain (accuracy points)
>
S LEDFlow| | 1@0.46 | LLaDA-8B +4.5 +6.2 - +2.7 -0.4
o
o
c Random| | 90.23 | | | | Dream-7B - +4.8 +7.0 +5.0
o
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Figure 4: Empirical analysis supports the entropy-guided absorption policy and the predicted
score sensitivity of global lookahead. Red (Theorem[I): LEDFLOW’s entropy-guided absorption
policy gives the highest puzzle accuracy (a), and its gain over a random absorption order transfers
across pretrained models and tasks (b). Blue (Lemmal[l)): aggregating more lookahead terms increases
score error and eventually reduces absorption accuracy (c), with increased inference runtime (d).

(0.461) to random (0.225), the non-absorbing Euler flow (0.211), and a controlled setting that
prioritizes high entropy absorption (0.115). Panel (b) shows that, relative to a random absorption
order through each model’s own sampler, the LEDFLOW order improves LLaDA-8B, Dream-7B,
MMaDA-8B, and LLaDA-V, with largest gains on the constrained reasoning benchmarks. Grey cells
means inapplicable. Detailed transfer results with statistical tests are provided in Appendix [E.6]

Error amplification in global entropy reduction (Lemmal ). Figure d{c) holds the absorbing state
uniform flow and budget of LEDFLOW fixed and varies only the lookahead window aggregated by
the Info-Gain policy [35]. The mean absolute score error growth from 0.17 in single lookahead term
to 1.76 in full aggregation validates score-sensitivity mechanism in Lemma([T] Absorption accuracy
peaks at eight aggregated windows and falls to 0.31, showing that accumulated error alters selected
coordinate under an imperfect denoiser. Panel (d) shows that on GenEval, LEDFLOW matches
inference time of uniform flow sampler, while Info-Gain costs about 7 times more. Appendix [E.7]
provides the efficiency and error-analysis details on block-size.

5 RELATED WORK

Discrete flow sampling, correction, and absorption. Uniform discrete flows iteratively sample
each position for repeated revisions [7,|33]], using Euler or 7-leaping sampler on a time grid [3} [7, [24].
Corrected samplers reduce errors caused by approximating the CTMC within a sampling interval,
while uniformization removes this discretization error by simulating the process exactly [30,31].
Separately, masked diffusion uses an absorbing state to make revealed predictions terminal 110} 25]],
and uniform diffusion can be represented as a mixture of conditional absorbing processes [9].
Building on these, we augment a native uniform discrete flow with selective absorption and analyze
its local KL error without changing the uniform flow velocity on positions that remain active.

Reveal order in masked generation. Masked generation has long used confidence to select predic-
tions for irreversible decoding [4}112,|37]], while planning and remasking methods learn which tokens
to reveal or revisit [20, |11} [34]]. Prioritizing confidence alone can postpone high entropy reasoning
forks and reduce solution coverage [16]. Info-Gain estimates lookahead quality over remaining
positions [35]] which depends on denoiser quality. EB-Sampler [2] controls parallel unmasking block
error with an entropy bound, while BoE steering [22] guides decoding with gradients of successor
state entropy. LEDFLOW applies entropy-guided absorption to a revisable uniform flow with analysis
of local prediction and dependence costs. Appendix [F] provides broader scope of related work.
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6 CONCLUSION

We introduce generation order into uniform discrete flow through selective absorption, which fixes
chosen predictions while allowing other positions to continue evolving. Our training-free sampler,
LEDFLOW, absorbs the lowest-entropy positions first to protect reliable predictions from later errors.
By decomposing local absorption error into joint dependence and conditional prediction terms and
show that, under entropy-error regularity, this policy minimizes an upper bound on the conditional
term for a fixed absorption budget. We also show how the decision-error bound for global lookahead
grows as it combines estimates across more positions. Experiments on reasoning, text-to-image
generation, and multimodal understanding show the largest gains on strongly constrained tasks,
while trajectory diagnostics show fewer correct-to-wrong revisions. Our analysis provides a local
conditional-error guarantee, with joint position selection, correction of absorbed predictions, and
lookahead with more accurate denoisers offering directions for further study (Appendix [A).
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CLAIM SCOPE AND LIMITATIONS

Table 4] summarizes the evidence and boundary associated with each main claim. The core paper
studies an entropy-guided selective-absorption policy added at inference time to a uniform discrete
flow. Appendix [G| separately presents a preliminary external signal that could replace the online
entropy score; it is not required by LEDFLOW or by our main results.
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Table 4: Evidence and scope of the main claims.

Claim Supported by Boundary

Selective absorption sepa- Sectionand Appendix Absorption deliberately changes the
rates the priority decision sampler law; it is not claimed to pre-
from the native flow update serve the path law of the unmodified

uniform flow.
The local absorption error  Proposition and  Ap- Theequality is local to a fixed state and

separates into joint factoriza- pendix@] selected block; errors across the com-
tion and conditional predic- plete sampling trajectory also depend
tion terms on subsequent states.

Lowest predictive entropy Theorem and Appendix The result assumes entropy-error regu-
minimizes the conditional- larity on oracle-reachable states; it op-
error upper bound timizes a local surrogate and does not

cover trajectories after support is lost.
Global entropy reduction ac- Lemma and Appendix This is an upper-bound and controlled

cumulates estimation error fixed-state result; it does not imply that

with lookahead window lookahead fails for every denoiser or
state.

Entropy-guided absorption Section and Appendix Transfer compares with random order,

transfers across tasks and not shipped decoders; several differ-

pretrained models ences are not significant. Sudoku runs

share a checkpoint within each capac-
ity; comparisons across cohorts retain
their stated evaluation protocols.
External grounding supplies Appendix The controlled study establishes im-
a usable offline signal proved attention localization, not an
answer-accuracy gain or a replacement
for the online entropy policy.

A.1 LIMITATIONS AND INTENDED SCOPE

Local theoretical result. Theorem |I|bounds the error of the current absorption decision under
entropy-error regularity. Absorbing a position changes the state encountered later, so the theorem
does not assert that a locally optimal block minimizes the final sequence loss for every model or
task. The oracle limit concerns conditional KL at a fixed oracle-reachable state. It does not guarantee
recovery from earlier incorrect absorptions or eliminate joint dependence and oracle classification
risk.

Irreversible absorption. Once selected, a position cannot be revised. This makes the contribution
of the absorption policy measurable and preserves the native uniform-flow update on active positions,
but it can propagate an early incorrect prediction. The method is consequently best suited to settings
in which predictive entropy is informative; combining selective absorption with principled revision is
an open direction.

Lookahead comparison. Lemmal[l]identifies how errors in counterfactual predictions accumulate
when more entropy terms are aggregated. The bound does not state that Info-Gain must underperform:
lookahead can remain useful when its estimates are accurate or its action margins exceed their error.
Our fixed-state window experiment tests when the accumulated error becomes large enough to change
the selected position.

Baseline coverage. Our decode-time baselines are those with a published implementation or a
fully specified algorithm that runs on a uniform discrete flow without modification. Two related
samplers fall outside that set. EB-Sampler [2]] controls the block size rather than the ordering, so
it is complementary to LEDFLOW rather than an alternative to it; we report a reimplementation
on the puzzle tasks in Appendix labelled as such, rather than a row in the cross-task tables.
BoE steering [22] requires a mask embedding to anchor its first-order expansion, which a uniform
flow does not provide; we therefore do not report a number for it rather than substitute a surrogate
of our own construction. Any future comparison against either method should be labelled as a
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reimplementation, compute matched by function evaluations, and reported at the best setting found in
a disclosed hyperparameter sweep.

Empirical coverage. The experiments span multimodal understanding, generation, and structured
reasoning, but the largest improvements occur when outputs contain strong cross-position constraints.
Broader nonuniform flow backbones and tasks permitting revision would further test the scope of
selective absorption. The external grounding study in Appendix |Glis deliberately complementary and
makes no downstream accuracy claim.

Training and decoding regimes. The ordering policy is training-free. FUDOKI weights remain
frozen and its absorption indicator is sampler-side; Sudoku denoisers are trained with indicator em-
beddings and ground-truth absorbed values. That training does not guarantee calibration after model-
generated absorptions. Both non-absorbing and absorbing Sudoku baselines use coordinatewise
kinetic-optimal updates, with cosine-budget absorption for absorbing baselines. The terminal-rate
proposition concerns the flow velocity, whereas the local absorption analysis concerns the selected
absorption block. Source-held and singleton-absorption studies are separate ablations.

Remaining empirical attribution. The current experiments do not isolate selective absorption
against terminal-rate clipping, early stopping, or suppressed target resampling. Nor do the reported
timing differences among confidence scores isolate the cost of the score calculation from implementa-
tion overhead. The existing reopening and block-size ablations test particular implementations; they
do not establish that all revision rules fail or that schedule shape is immaterial.

B DETAILS FOR SECTION[2} PROBLEM FORMULATION

This appendix expands the two subsections of Section 2} Appendix [B.1] gives the discrete-flow
background behind Section and Appendix proves the terminal-exposure proposition and
documents the Sudoku diagnostic of Section[2.2]

B.1 PRELIMINARIES: DISCRETE FLOW MATCHING BACKGROUND

Definition 2 (Conditional CTMC). Given a rate matrix R (y, ), .esm where R;(y,z) > 0 for
z # yand )  Ri(y,z) =0, the process {a;} is a CTMC with rate R,, if for h > 0, P(a;n =
zlay = y) = 0y(2) + Ri(y, 2)h + o(h) and its marginal density p; at time ¢ obeys the Kolmogorov
forward equation p:(y) = >, (pe(2) Re(2,y) — pe(y) Re(y, 2)).

We expand the probability-path and velocity formulation summarized in Section [2.1] following Gat
et al. [7], and then give the uniform metric-induced specialization used by FUDOKI [33]].

Conditional and marginal probability paths. Let 7(ag, a1 | C) be a coupling whose marginals
are the source po(ag | C) and target ¢(a; | C). Discrete flow matching specifies a conditional path
between each coupled pair and marginalizes the pair:

pt((l | C) = Z pt(a | a07a17c) 71'(0/0,@1 | C)7 (9)
ap,a1
M ] ,
pi(a | ag,a1,C) = [[ pl(@? | ag,a1,C). (10)
j=1

The boundary conditions p (- | ag,a;) = 6(1% and p) (- | ag,a1) = 5a31- ensure that the marginal
path begins at py and ends at g. When the source is fixed or integrated into the coordinate path, this
reduces to the target-conditioned notation py|; (a | a1) used in the main text.

Probability velocities and continuity. For a current state a, the coordinate velocity u{ (v, a) defines
the infinitesimal update

P(A] , =v | A = a) = 8,5 (v) + hul (v,a) + o(h). (11)
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It is a valid CTMC rate when

Zu{(ua)zo, ul(v,a) >0 forv#al. (12)
veES

The full velocity permits one-coordinate transitions, u:(z, a) = >, 6(z~ i a7l (27, a), with the
first argument denoting the destination. Hence the path evolves accordmg to the Kolmogorov forward
equation

prlalC)= D" pi(z | Chus(a, 2). (13)

zeSM

Equivalently, define the probability flux from z to a by Ji(a, z) = p:(z)us(a,z). Then pi(a) +
div, J; = 0, where

dive Jy = Y [Ji(z,a) = Ji(a, 2)]. (14)

z#a

Thus a velocity generates p; precisely when its flux satisfies this continuity equation and the rate
conditions above.

iti v iti i inalization. Suppose v’ (v, a? | ag, ay enerates
Conditional velocities and posterior marginalization. S I(v,a? | ag,a1,C t

the coordinate path in (I0). The corresponding marginal velocity is obtained by averaging over the
target pair conditioned on the current state:

ug(v,a,C) = E(ag,a1)~pi (-1-]a,C) [u{(v,aj | ao,al,C)} , (15)
pt(a | ao,al,C)T((ao, ay | C)
pi(a|C)

For a target-conditioned path, only py(a1 | a,C) remains unknown. It is approximated by the

denoiser Q?I ;» trained with the coordinate cross-entropy objective

pe(ao, a1 | a,C) = (16)

M
Laen(0) = —Et,a,a1,a; Zlog Q%t(ajl | ae,Ce) | - (17)

Jj=1

Substituting this posterior into (13]) yields the learned velocity used at generation time.

Uniform metric-induced flow in FUDOKI. FUDOKI uses a distance d : S x & — R satisfying

d(v,y) = 0if and only if v = y, and defines
exp[—Bd(v, a])]

> wes exp[—Bid(w, a1)]

The initial coordinate distribution is therefore uniform over S, while the target concentrates on a{.

To select a velocity for this prescribed path, write the conditional flux from r to v as Jf (v, | a{)
and minimize its kinetic energy subject to continuity, nonnegative off-diagonal flux, and the path

boundaries:
J
mm/ Zw v, r) e (v, | al) dt, wi(v,r) > 0. (19)
0 vET pt\l(r ‘ )

(vl a}) = . =0, B (18)

For the weighting w; (v, r) = l/pt|1(” | al), the optimal flux is

e a) = [Py L) 5, (v o) =5 (| o)) (v | a])] - (20)
Dividing by the probability at the current token r = a’ gives the off-diagonal conditional velocity
w(v.0/ | o) = pijy(v | @)y [d(e a) —dv.a))| . v 1)

with the diagonal fixed by (I2). Probability mass therefore moves only to tokens closer to the target
under d. Finally, FUDOKI replaces the target posterior in (13) by Q1| .

uf? (0,0,C) = Byy g a1 (0,07 | a])] (22)
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Applying (TI) with this velocity gives the native FUDOKI sampler. Because the uniform path has
full vocabulary support and introduces no terminal state, a coordinate may change repeatedly before
t = 1; the selective absorbing state in Section @]is an additional inference mechanism rather than
part of this standard flow construction.

B.2 MOTIVATION AND ORDERED ABSORPTION: REPEATED TRANSITIONS AND THE
ABSORPTION DECISION

This appendix formalizes the transition behavior summarized in Section[2.2]and derives a decision
threshold for absorption.

Setting. We work directly with the kinetic-optimal velocity of Eq. [l} Conditioned on the true target
-
@ it reads

r . . . . . . e_ﬁtd(zjva]i)
ul(,a0 | o) = p( | a]) B [dlad o) — d=Tad)]  puleT [a) = S @)
+ Zy(aq)
with Z,(a]) = S, € P1d=91); at inference the solver substitutes the predicted target al ~
Q?It(- | at,Cy) for al throughout. We assume only that d is a metric on S, so that d(z,2') > 0

whenever z # z’; no further structure is needed, and in particular the argument does not require d to
be the discrete metric. This matters because FUDOKI computes d from pretrained token embeddings
rather than from token identity. We also use 3; = c(t/(1 — t))® with ¢ = 3, &« = 0.9, whence

Bi=cat* ' (1—t)" "t — . (24)
t—1

Throughout, a{ is the token currently held at position j and a{ is the true target there.
Proposition 3 (Target-conditioned monotonicity). Let
Al = Z ul (27, ar | af), Al = Z ul (27, ar | @) (25)
23 ;éa{ Pz ;éa'g
be the total transition rates obtained by conditioning the kinetic-optimal velocity on the oracle and

predicted targets, respectively. If a] = aJl, then ,\g = 0. Foraj ~ Ql‘t( | at,Ct), the expected rate
at which a correct token is replaced satisfies

EWN] > B E[1{a] # of (@] | a])d(a],a))]| 2 By el pmin.sdmin, (26)
where 5{ =1- (@%t(a{ | at, Ct), Prin,t = Minges pe(z | 2), and din = minZ;éG{ d(z, a{). Hence

the lower bound is positive whenever all three quantities are positive.

Part (i): the true target leaves a correct token fixed. Suppose the VClOClty is conditioned on the
true target and the position already holds it, so that a] = a?. For any 27 # a,

w(ar | af) = pu(? | a}) By [dlaf. of) — (=) a])] = pe(? | a]) By [~d(.a)] =0,

because d(a’,al) = 0 and d(z7, a{) > 0, so the bracket is negative and the ReLU annihilates it.

Summing over destinations gives A] = 0: conditioned on the true target, a position that has reached it
never leaves. Retention at the true target is a property of the exact velocity itself, not an addition to it.

Toward part (ii)° a single transition under a wrong predicted target Atinference the velocity is
COl’ldlthIled on aj rather than a. Suppose the position is correct, a] = a7, but the prediction misses,
a] # a). Taking the destination 2/ = a7,

wj(af.ar | @) = @ | a1) B [d(ad.af) — d(a,a})| | = pi(a] | a}) B d(ai.af) > 0,

since py(a] | a]) = 1/Zy(al) > 0 and d(a’, a]l) > 0. The transition is not merely permitted
but is the one the velocity most favours, because a al is the closest state to the value the velocity is
conditioned on. The monotonicity of Eq.[23|is thus relative to d{ and carries no implication for
d(-, a{ ): a step that moves closer to the prediction can move away from the truth.
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Part (ii): the expected total conditional transition rate. Every destination contributes a non-
negative rate, so retaining only the summand 2z’ = @) computed above lower bounds 7. The term
vanishes when @] = a] by part (i), so taking expectations over the predicted target gives the first

inequality of Eq. 26

E[N| > A E[1a] # of} @] | af) d(ad, )] -
Bounding pt(&{ | djl) > Pming = Minges1/Z(z) > 0 and d(a{, d{) > dpin =
min__, s d(z, aj) > 0 on the event {G] # a]}, whose probability is &] = 1 — ?lt(a{ | at, Ce),
y1elds the second inequality, E [)\J | > B st Dmin,t @min. A denoiser placing all of its mass on the true
target has e} = 0, recovering part (i); any denoiser with residual target prediction error has E[)\] ] >0.

Proof of Proposmonl (terminal blow-up of the transition rate). Fix a position j with af # a1

The summand in the total rate of Eq. E vanishes at z/ = a] (its bracket is 0), so, factoring the
schedule gradient out of Eq.[23]

N = Z wl(2, a0 | d) = By Zpt (27 \al d(al,al) — d(zj,a{)}+.

zi#al zieS

=: Gf

Retaining only the destination 2/ = aJ, whose bracket equals d(al, a?) — d(a?, a?) = d(al, al), and
discarding the remaining nonnegative terms gives

Gl = pi(ai | a}) d(af,a}) > 0,

where strict positivity holds because d is a metric and a{ #* a{. By Egq.

i -1
= (1 T2 tad e‘ﬂtd(ZvaU) — 1,

t—1

S 1
pe(af | a1) = -

Zy(a1)
since 3, — oo and d(z, al) > 0 for every z # a1 Combining with 3, — oo from Eq. . gives
M = B:G] = oo ast — 1. In the Euler discretization of the conditional CTMC (Def. I) the
probability that position j leaves its current state over [t,t + h) is 1 — e™" At —exactly the update

the solver applies—which tends to 1 as /\J — 00. Substituting the freshly sampled target a] for a?
throughout, as the solver does at mference gives the stated terminal re-derivation; the Correspondlng
expected replacement rate is bounded below in Eq. O

Scope of Proposition[I} The proposition does not imply an accuracy loss with an exact denoiser,
nor does it cover every uniform-flow path or solver.

Corollary 2 (Continued exposure to transition). The realized rate vanishes exactly when the predicted
target equals the token currently held:

Pr[:\z =0]|a:C| = Q?lt(a{ =al | a,Cy). (27)

If the position currently holds the correct token, its probability of remaining exposed to a transition at
grid point ty, is eik, giving Y . Eik expected exposures over the sampling grid.

Proof of Corollary[2} The computation in part (i) used only that the value conditioning the velocity
equals the token held at the position; it did not use that this value was the true target. Applymg it at
the sampled target gives, for any draw a]1 = af, that u} (27, a | al) = 0 for every 27 # a and hence
M = 0. Conversely, if &/ ki a] then the destination 2/ = &7 contributes p, (@] | aJ)3; d(al,al) > 0,
so X > 0. Therefore {\) = 0} = {a = a} exactly, and taking probabilities under the draw
al ~ Q‘fl (- | a,Cy) gives Eq. When the position holds the correct token, a/ = af, the
complement has probability 5{, and summing over the grid gives the stated expected exposure count

Dok el .- Since the source is uniform at ¢ = 0, the match probability begins at 1/|S| and rises toward
one only as the denoiser concentrates, so the count is close to the full budget whenever residual
uncertainty persists. U
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Fixed points of the marginalized sampler. Because the predicted target is redrawn each step, the
object governing whether a position settles is the rate marginalized over that draw. For an incumbent

token ay,

[ } ZQHt ai =b|a,C) Z pt(ZJ | b) ﬁt [ (atab) - d(zj,b)}

+
bes Zj;sat

Every summand is nonnegative, and for ¢ € (0,1) both 3, > 0 and p; (27 | b) > 0. The expectation

therefore vanishes if and only if [d(al,b) — d(27,b)] = 0 for every 27 # a and every b in the

support of the denoiser, that is, whenever d(zJ b) > d(al,b) forall z7 # al. Choosing z7 = b gives
= d(b,b) > d(al,b), which forces b = a since d is a metric. Hence

ENM]=0 < @(la,c)=5, (28)

so the only fixed points of the marginalized sampler are states at which the denoiser is a point mass
on the token already held. This is a statement about certainty, not correctness: a confidently incorrect
denoiser produces a fixed point at a wrong token, while an uncertain denoiser produces none, and
in neither case is the time at which the sampler settles under the sampler’s control. The selective-
absorption construction below creates a fixed point independently of the denoiser’s confidence, at a
time the policy selects.

Absorption sets the rate to zero. Under Eq. |2 u!*"*7 = (1 — f/)u’J soa position absorbed at
time 7; has f7 = 1 and hence zero outflow for all s > 7;. Therefore a’ = aJTj and /\g =0on [1},1],

and the cumulative exposure f: E[S\g] ds is truncated at 7; rather than accumulated to the end of
J
sampling. ]

On late-time concentration. Eq. .glves B — oo, and py(ad | &) = 1/Z,(a)) — 1 as B, — oo,
so the rate in part (ii) behaves as [3t d(a7, a]) for large ¢: a late target prediction error acts through an
increasingly concentrated transport. We deliberately do not claim that the resulting error probability
diverges. The finite-step jump probability is bounded by one, and 5{ is expected to decrease as the
denoiser sees a more resolved context, so the two factors act in opposite directions. The defensible
statement is that the consequence of residual prediction error is governed by the product &; Bt rather
than by at alone, which makes that product the natural diagnostic to measure.

Measured replacement rate. Figure[5| measures this product on the Sudoku denoiser under the
native non-absorbing flow (Nikoli, n=100, seeds 0—4). Per grid step we log the incumbent error
e =1-— Qf‘ t(ai | a;) averaged over generated positions, the per-step hazard ¢, of the schedule, and
their product, which is the rate at which a currently held token is replaced. The hazard alone rises to
one at the endpoint on every grid, but the incumbent error does not vanish: at t=1 it is 0.24, 0.39,
0.51, 0.59, and 0.64 for K € {16, 32,64,128,256}, so the terminal replacement rate equals those
values. The rate therefore grows as the grid is refined, from 0.24 at K=16 to 0.64 at K=256, which
is the opposite of what a discretization artifact would produce: refining the integration brings the
sampler closer to the continuous flow and makes the late churn worse, not better. This is the empirical
content of Proposition|l} the schedule gradient sets the opportunity for replacement, and the residual
denoiser error decides whether it is taken.

The absorption threshold. Fix a position j and let ¢ = Pr[at = al] be the probability that it
currently holds the correct token. Over the remaining steps, let r be the probability that an incorrect
token is corrected and w the probability that a correct token is replaced, the latter generated by
the rate of part (ii). Absorbing at the current state fixes the token, so its expected terminal error is
Eabs = 1 — c. Leaving the position active gives

Eactive = (1 —¢)(1 — 1) + cw,

the first term counting incorrect tokens that are never corrected and the second correct tokens that are
replaced. Continued refinement is preferable exactly when E,ctive < Eaps, i.€.

(1fc)(1fr)+cw<1fc<:>cw<(1fc)r<:>c<T+Lw. (29)
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(a) Rate decomposition (K=64) (b) Replacement rate vs budget
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Figure 5: The replacement rate is the product of residual error and hazard. (a) At K=64 the
per-step hazard c;, (red) rises to one as ¢ — 1 while the incumbent error €; (grey) falls and then rises
again in the last steps; their product (blue), the correct-token replacement rate, is small for most of
sampling and spikes at the endpoint. (b) The product across grids K € {16, 64,256}: the terminal
spike grows with K, so refining the discretization increases the late churn.

The threshold is increasing in r and decreasing in w, as expected: a sampler that corrects reliably
should refine longer, and one whose replacement rate is high should absorb sooner. Both r and w are
properties of the denoiser and the schedule and are not available at decode time, but the comparison
depends on the current position only through c. This is what makes a reliability estimate the operative
quantity.

C DETAILS FOR SECTION[3} LEDFLOW

This appendix follows the three subsections of Section[3} Appendix [C.1]details the absorbing-state
augmentation of Section [3.1] Appendix [C.2]documents the sampler of Section[3.2} and Appendix [C.3|
collects the proofs, the calibration diagnostic, and the lookahead analysis behind Section

C.1 SELECTIVE ABSORPTION AS AN ABSORBING-STATE UNIFORM FLOW

This appendix expands the construction in Section[3.1] The uniform discrete flow has state a; and
learned coordinate velocity u!*/. We augment it with f, = (f1, ..., fM) € {0,1}, where f{ =0

marks an active position and f{ = 1 marks a terminal position. Initially, fj = 0 for every generated
position.

Absorbing velocity. For a fixed augmented state (a,, f;), define
u?’abs’j(zja at, f,C¢) = (1 — fﬁ)Uf’j(zj,at,Ct).

When ftj = 0, this is exactly the native uniform-flow velocity. When ftj = 1, every outgoing rate is

zero, so the coordinate remains at its absorbed value. Because 1 — ftj is nonnegative, this modification
preserves nonnegative off-diagonal rates and the zero row sum of the native CTMC velocity. The
augmented process is therefore a valid CTMC between absorption decisions.

Irreversible update. At grid point ¢, a policy chooses an absorption block By, from the active set
Uy, ={j: ft]k = 0}. For each j € By, the update assigns the most likely target value under Qf‘ b

and changes f/, from zero to one. Indicators never return to zero, hence

Upsr SU,  fL, > fl.
The active positions subsequently follow the original uniform-flow update, while absorbed positions

are copied unchanged. The schedule in Section [3.1]fixes the number of active positions remaining
after each grid point; the priority policy determines which positions form Bj.
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Relation to the exact absorbing representation. Appendix [C.I.T|represents uniform transport as a
mixture of conditional processes indexed by auxiliary absorbing tokens. That construction is an exact
representation of the underlying uniform path. Our indicator f; instead records an inference decision:
after a model prediction is selected, Eq. deliberately removes its future native-flow transitions.
The selective augmentation therefore borrows the absorbing-state mechanism but does not claim to
preserve the path law of the unmodified uniform flow. This is the decision whose local prediction
error is analyzed in Section[3.3]

Training the absorbing-state uniform-flow denoiser. For the absorption-aware Sudoku experi-
ments, we train a denoiser ¢ with explicit absorption indicators and uniform-noise corruption. Each
position j is presented to the model together with its absorption indicator f{ € {0, 1}, embedded and
added to the token embedding, so the network can tell reliable (absorbed) positions from tentative
(active) ones. At each training step we draw a time ¢ ~ U/(0, 1) and construct the corrupted input
as follows. Conditioning positions and a fraction ¢ of the generated positions (drawn independently
per position, matching the linear schedule x; = t) are marked absorbed (f; = 1) and hold their
ground-truth value. The remaining active positions (f; = 0) carry a uniform-flow state that inter-
polates between the target and noise: each keeps its true value with probability ¢ and is otherwise
replaced by a uniformly random token, so the active tokens are a partially informative estimate that
sharpens as ¢ — 1 rather than pure noise or a single mask symbol. The denoiser predicts the clean
value at every active position, trained with the denoising cross-entropy Lpy, v restricted to the active
positions; absorbed positions are conditioned on but not scored. At inference the model receives
the active/absorbed configuration, fixes selected predictions, and updates the remaining positions.
Training absorptions contain ground-truth values, whereas inference absorptions can be wrong and
are selected adaptively. The indicator makes absorption status observable but does not eliminate this
distribution shift or establish equivalence to the metric-induced path. On text-to-image generation
we do not retrain: absorption in Eq. 2]is a sampler-side operation that only zeroes the outgoing rate
of the selected positions, so the good multimodal results of Section [3]are obtained by applying the
same entropy-guided ordered absorption at inference to the pretrained FUDOKI uniform-flow model,
leaving its weights unchanged.

Training ablation. In the reported training ablation, the denoiser without an absorption indicator
attains 36.3% cell accuracy and solves 0/100 puzzles. This supports the importance of training with
absorption status in this puzzle setup; it does not establish a universal need for retraining frozen
backbones.

Frozen backbones. On frozen FUDOKI the indicator f; is maintained by the sampler and is not an
additional trained denoiser input; the model sees only the current token configuration. Fixing tokens
can therefore change the states visited by a frozen backbone, without a guarantee that those states
follow its training distribution; the puzzle denoisers avoid this shift by receiving absorption indicators
during training.

C.1.1 DERIVING THE EXACT ABSORBING REPRESENTATION OF UNIFORM FLOW

This appendix derives the representation used in Section 3.1 We first follow the data-to-noise
convention of Gourevitch et al. [9]], then reverse time to recover the source-to-target convention of
discrete flow matching. Tokens are identified with their one-hot vectors whenever they parameterize
a categorical distribution.

Step 1: expand the conditional absorbing transition. Fix a coordinate j, a current token a’, and
an auxiliary absorbing token u’. The conditional transition over [t, ¢ + h] is

th‘t(zj | o/ ul) = Cat(zj; ozt+h|taj +(1- at+h|t)uj)
= i 10(27,a7) + (1 = opyne)0(27, u?). (30)
Writing ag ¢ = Q¢4n/cy and assuming differentiability gives
Gy

atwt:1+%h+o(h)=1—ﬁth+o(h), By =~ >, 31)

Qi
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because the corruption schedule «; is nonincreasing. Substituting (31)) into (30) yields

Qne(2 | 0 0?) =627, a7) + hB[0(27, u!) = 6(27, )] + o(h). (32)

Step 2: identify the conditional CTMC velocity. Comparing (32) with the infinitesimal CTMC
update in gives

u{’“(zj, al) = B [5(zj,uj) —6(+7, aj)} . (33)
For 27 # af, this rate equals 3;6(z7,u?) > 0, and summing over 27 gives zero. It is therefore a valid

CTMC velocity. If a’ = u/, every rate vanishes; otherwise, the only possible jump is a’ — u’, after
which the coordinate remains at u”. This verifies the absorbing property directly.

Step 3: marginalize the absorbing token. Let U7 ~ Unif(S). Since E[6(z7,U7)] = 1/|S|,
averaging either (30) or (33) gives

) ) ) . 1l -«
By [range (27 | a7, U7)] = agpnd(29,a7) + TTW (34)
U 1 o
Eys [uf¥ (), ') = B, [3| — 3+, aj)} - (35)

Equation (34) is exactly the uniform-corruption transition, and (33]) is its infinitesimal velocity. Thus
the uniform transition is a mixture of conditional transitions, each with a single coordinate-specific
absorbing token.

Step 4: reverse time to obtain the discrete-flow path. The diffusion convention above has g = 1
at data and oy — 0 toward uniform noise. Let r := 1 — ¢ denote generation time and set k, 1= .
Then kg = 0, k1 = 1, and the endpoint-conditioned uniform flow path is

S o 1
prp(a’ | at) = med(al,af) + (1= ) . (36)

Introducing U7 ~ Unif(S) and using E[6(a’, U7)] = 1/|S| gives the path identity
(a7 | a) =By w607, af) + (1 - 5,)8(a, Uj)} : 37)

For a fixed realization U7 = u? # a{, the conditional path inside the expectation moves once from
u’ to a]. Its generation-time hazard is

R

hy (1)

= . 38
11—k, (38)
Indeed, the source-token mass is 1 — k.., so its outflow is (1 — x,.)hy (1) = £, exactly the derivative

of the mass assigned to a{. Ifuw = a{, the conditional path is constant. Averaging these conditional
paths proves the uniform discrete-flow identity used in Section[3.1]

Step 5: relate the exact lifting to selective absorption. The derivation above concerns the exact
auxiliary-state representation of uniform transport. Appendix [C.1I] explains the distinct selective

augmentation used by our sampler: Section uses ftj to record a reliability-based terminal decision.

Once fg =1, Eq. (@) sets every outgoing velocity at coordinate j to zero, making that absorbed value
absorbing. This borrows the augmented absorbing-state structure while deliberately changing the
native uniform-flow path according to the absorption policy.

C.2 THE LEDFLOW SAMPLER: SELECTIVE-ABSORPTION METHODOLOGY
This subsection expands the implementation of Section [3]and separates the two operations performed

at each grid point: an irreversible absorption decision and an otherwise unchanged uniform-flow
update. No token-specific time map or modified CTMC velocity is introduced.
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Active positions and absorption budget. Only generated positions participate in the sampler.
Their indicators are initialized as f;, = 0, and the active set before step k is Uy, = {j : f{, = 0}. The
cosine schedule specifies the desired number

1
my = {Mcos(gk;)J

of active positions after absorption. Consequently, by = max{0, |U| — my} positions are made
terminal at that step. Rounding can produce b;, = 0, in which case the sampler performs only the
native flow update. At the final grid point, mx_1 = 0, so every remaining generated position is
absorbed. This cosine budget is used for the FUDOKI and main Sudoku absorption comparisons. Both
absorbing and non-absorbing Sudoku baselines use the same coordinatewise kinetic-optimal update;
the budget controls absorptions rather than native flow transitions. Explicit singleton-absorption
ablations use by, = 1 instead (Appendix D).

Entropy selection and value absorption. One denoiser evaluation provides the target marginal for
each active position. We compute /1 g (sx) and choose the by smallest values, with a deterministic
index order used only to break exact ties. For every selected j, the sampler assigns the most likely
target token and sets ft.k = 1. Equation (2)) then makes the position terminal: its outgoing velocity is
zero at every later step and its value is copied unchanged. This is the only irreversible operation in
LEDFLOW.

Native flow on the remaining positions. Positions outside Bi*P retain f;, = 0 and are advanced
from ¢ to t;1 by the backbone’s original uniform-flow solver. Thus, LEDFLOW changes which
predictions become final but does not change the learned posterior, the base probability path, or the
numerical integration rule on active positions. Absorption and numerical integration are therefore
separate design axes. For example, a time- or location-corrected update can be applied to the active
positions before the same entropy-based absorption decision at the next grid point.

Matched-policy comparisons. The probability-margin, Info-Gain, and random baselines use the
same generated-position mask, task-specific budget, most-likely-value update, and absorption rule as
LEDFLow. They differ only in the score used to rank {;,. This controlled construction attributes
differences among these rows to the priority policy rather than to a different number of absorbed
positions or a different uniform-flow update. In contrast, the native Euler and corrected-flow baselines
set f{ = 0 throughout and therefore remain non-absorbing; they test numerical integration without
the selective-absorption component.

Algorithm [T gives the complete update order. The implementation first restricts selection to generated
positions, refreshes the posterior and priority scores, absorbs the selected block, and finally applies
the native velocity update only where the refreshed indicator remains zero. These steps directly

implement Eqs. (2)), (@), and ().

C.3 THEORETICAL JUSTIFICATION
C.3.1 KL MOTIVATION AND LOCAL ABSORPTION-ERROR DECOMPOSITION

Why measure decoding error with KL divergence? The starting point follows the sequential-
decoding formulation of Xu et al. [34]. Let 7(y) be a target distribution, 0 = (074,...,0) an
unmasking order, and vy (o | y) the probability assigned to that order along the teacher-forced
trajectory of y. A denoiser assigns the path likelihood

M
po(y o) =]]r5 (v |v°<), (39)
=1

and the sequential decoder induces P! (y) = 3=, v4(0 | y)po(y | o). Define the data-policy and
model-policy joint laws

Qo(y,0) =7(Wve(o |y),  Pag(y,0) :=pe(y|o)vg(o]|y). (40)

23



Preprint

Because both laws use the same order policy, its log-density cancels in their KL divergence:

m(y)
D Q P, ) =K ~T, o~V (- |:10g :|
KL(Qo | Po.6) = Eynm, o (1) poly | o)

= 7H(7T) - Ey’\‘ﬂ',o"\/’qu(‘l’y) [IOgPQ(y | O—)] . (41)

Marginalization from (y, o) to y and the data-processing inequality then give

D, (7 || P%) < Dicn(@s | Poo) “2)

Equations (@I)-@2) explain why KL is useful for studying absorption decisions: it measures dis-
tributional mismatch at the decoder output, while an upper bound can be evaluated as accumulated
prediction loss along an ordered trajectory. The cited work also considers an ordered block schedule
(B1,...,Bxk). If its parallel law samples positions in each block independently from the correspond-
ing sequential-law marginals, then its parallelization gap is

Dx1, (P o

K
| P) = Yo By [TCrps (VP [ Y2<0)) (43)
k=1

This identity measures the dependence lost by parallelizing a sequential model law. Our local question
uses a different reference: it compares the oracle joint posterior at an absorption event directly with
the product of learned denoiser marginals. Proposition 2] therefore retains a total-correlation term for
dependence loss and adds a separate term for marginal prediction error.

Step 1: abbreviate the three distributions. Fix the reachable state s; and block By from Sec-
tion Write

Pa(b) = pt,,, (aP* =), Py(b;) = pl, (a} = b)), Qb)) = Q) (a] = b; | ). (@4)

The oracle distribution Pg retains dependence among the positions in By, whereas the implemented
absorption kernel is the product [| jeBy (). We assume the latter is positive on the support of Pp;
otherwise the relevant KL divergence is infinite and the identity below holds in the extended-real
sense.

Step 2: insert the product of oracle marginals. For every b in the support of Pp,
Pp(b)
[Lien, Qi) HJGBk P»(b Z

JEBy

log

Taking expectation under Pp separates the local absorption loss into two terms:

Pgp

[Lies, Fi
P;(by)
+ ) ZPB log 0.00) (46)

JEBk

—~
=

Lavs(Br; sk) = ZPB ) log

Lemma 2 (Conditional total correlation of an absorption block). For any reachable state sj, and
absorption block By,

Dk pus (a7 H p1|sk (al) | =TCq(ar™ | sx) > 0. 47)
JEBg

The quantity vanishes exactly when the positions in By, are conditionally independent under the
oracle posterior, including every singleton block.
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Step 3: identify the joint term. The first term in (40)) is

Dxu| P | [] P :ZPB( log P (b ZZPB )log P;(b;)

JEB JEBk
=—H,( \ Sk) Z H,( al | sk)
JEB
= TCq(af" | sk) = Eoint (B; sk)- (48)

The second equality marginalizes Pp over all coordinates except j. Since it is itself a KL divergence,
the joint term is nonnegative and vanishes exactly when the coordinates in Bj, are conditionally
independent under the oracle posterior. In particular, it is zero for | By| = 1.

Step 4: identify the conditional term. For each j € By, marginalizing the second term in (@6)

over b_; gives
b;(b;) b;(b;)
Pg(b)log =122 =N " P;(b;) log =12
Xb: Q;(b;) %: TR Q4(by)
= Dkr(P5]|Q;)- (49)
Summing over the block yields Econd (By; sk). Combining and proves Eq. ().

Step 5: interpret the limiting cases. If the block is a singleton, independent sampling introduces
no factorization error and only the denoiser KL remains. If every denoiser marginal equals its oracle
marginal, the conditional term vanishes, but a multi-position block can still incur the joint term
because the product kernel does not reproduce conditional dependence. Both terms vanish when the
block is conditionally independent and every marginal is exact. For a random or adaptive absorption
policy, the same identity holds after conditioning on the realized pair (s, By); taking expectation
over that pair preserves the decomposition. Consequently, the policy affects the conditional term
through the states at which predictions become irreversible, while block size determines whether
an additional factorization cost can arise. When the oracle conditional at s, is a point mass, as on
unique-solution puzzles, every conditional entropy in the total correlation is zero and the joint term
vanishes for every block regardless of its size; a nondegenerate oracle, such as the multi-solution
Sudoku corpus or graph coloring, is required to observe it.

C.3.2 PROOF OF COROLLARYI]

Proposition 4 (Conditional error and absorption risk). For a reachable state sy, and an absorption
block By, with \Bk| = b, let 39 = argmax, Q(l"tk(a]1 =z | sk, ¢ = ])‘{lsh((zj1 = %), and
¢ = max, pi’lsk (a] = z). Then

S (A-¢) < > (1=¢)+ V2bEcona(Bri s). (50)

JEBK JEB

Proof of Proposition[d, Fix a reachable state s;, and a position j € By, and abbreviate the oracle
and model marginals at that position by p := p?ISk (¢ =) and Q := le( al = .| sp). Let

29 = argmax. Q(z) be the token written by Eq. 4{and z7* = argmax. p(z) the oracle mode, so
that ¢; = p(2’) and ¢§ = p(2?*). Adding and subtracting Q at both tokens,

& = ¢ = p(="") = () = [p(=) — Q)] + [Q(="") - Q)] +[Q() — p(5)],
<0

where the middle bracket is nonpositive because 27/ maximizes Q. Since TV(p,Q)
maxacs |[p(A) — Q(A)| dominates the discrepancy on any singleton, each outer bracket is at
most TV (p, Q), giving the plug-in bound cj — ¢; < 2TV(p, Q). Pinsker’s inequality TV (p, Q) <

\/ 3Dk (p || Q) then yields

(I—c¢))—(1—¢) < vV2DkL(p|Q),
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whose divergence is exactly the j-th summand of E.ond (Bx; sk) in Eq.[5| Denote this divergence by
D;. Summing over j € By, and applying Cauchy—Schwarz to the b square roots,

Z \/ﬁ S 2b Z Dj - 2bgc0nd(Bk;5k:)a

JEBg JEBk
which gives Eq.[50} O

Two remarks delimit the result. First, the bound separates the block’s oracle ambiguity JeBy (1=c3),
which is a property of ¢ at s, for the chosen block, from the model-dependent excess, which is
bounded by a function of £.,,q. The ambiguity term does depend on which block is selected, since a
different block sums different positions, so a position that is genuinely ambiguous under the oracle is
not rendered reliable by a small conditional KL; the absorption policy of Section [3targets only the
second term. Second, the /- and the Cauchy—Schwarz step are both loose, and the statement is a
control of an upper bound rather than a ranking of realized risk: decreasing E.qnq tightens the bound
on the excess absorption risk, but a smaller bound does not by itself guarantee a smaller realized
excess. This is what motivates using the conditional term as the objective in Section [3] and it is the
reason the policy is evaluated empirically rather than claimed to minimize realized risk. Combined
with Definition , the two bounds are (1 — ¢;) — (1 — ¢}) < /2D; and D; < ¢(Hy), connecting
the absorption error to the entropy criterion used at inference.

C.3.3 ENTROPY-GUIDED ABSORPTION: PROOF OF THEOREMII]

This appendix proves the local absorption result in Theorem [I] derives Lemmal(l] and records the
scope of both claims. Throughout, the sampler state s;, is reachable under the oracle process and U
is the set of positions that remain active immediately before absorption event k.

Scope of the main-text results. A wrong absorption can leave the oracle-reachable set, in which
case the oracle conditional at the resulting state may be undefined; the statements below therefore
control error only while the trajectory remains oracle-consistent. Theorem [I]is a conditional exchange
argument for a surrogate bound, not a derivation of entropy—error regularity, and it does not establish
optimal terminal accuracy or control the trajectory after an oracle-inconsistent absorption. Low
entropy alone does not imply correctness: Definition [I]is an envelope assumption whose empirical
coverage on the Sudoku denoisers, including the relaxed offset ¢¢ and the confidently-wrong tail, is
reported in Appendix [C.3.6} the observed coverage is descriptive calibration evidence and does not
establish the pointwise assumption or a held-out guarantee. Corollary |1{shows that entropy selection
minimizes the excess-risk bound for a fixed budget, but it need not minimize total risk, because the
oracle term also varies across blocks; for b > 1, even exact marginals need not produce a jointly valid
block of modes. Lemma is worst-case additive, so the realized lookahead error can grow more
slowly than 7,,; it compares score sensitivity rather than terminal losses under the two policies, and
does not prove that local entropy is better whenever the bound is large.

Relaxed entropy—error regularity. The relaxed inequality in Eq.[51|adds a position-independent
constant ¢, to accommodate the confidently-wrong tail at entropy near zero. It holds on 99.4% of sam-
pled states for the 6.4M denoiser in the diagnostic of Appendix As ¢ is the same for every ac-

tive position, it shifts ®(By; sy ) by the constant bg and leaves the minimizer of ZjeBk 10) (Hg (sk))
and Theorem I|unchanged.

Dict (p, (@) || @, (0] 1 50)) < 00+ 6(H(s0)) . 6020, (51)

Alternative uncertainty scores. For maximum predicted probability and probability margin, the
corresponding uncertainty scores are 1 — p(y) and 1 — (p(l) - p(g)), respectively, where p(1) > p(2)
are the two largest posterior probabilities. Minimizing these scores selects the highest-confidence
positions, and entropy in Eq. [3] can be replaced by the corresponding score to obtain a different
ordering policy under the same budget. Definition|I]is stated for predictive entropy; entropy regularity
does not imply the analogous conditions for maximum probability or probability margin, and
the scores can rank positions differently, so the resulting policies are compared empirically in

Appendix
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Oracle objective and tractable envelope. Fix an absorption budget b > 1 and recall B (b) =
{B C Uy, : |B| = b}. An oracle that knew the realized target sequence could fix every absorbed
position correctly, eliminating errors propagated from earlier irreversible decisions. For the inference
setting, where absorbed values are still predicted by the denoiser, we use the true conditional posterior
only as an analytical reference. By Proposition 2] this oracle reference would select

Boracle c : D ( q J H 0 J ) .
k argBe%lil(b); KL pl‘sk(%) @mk(% | sk)

Econd (B;sk)

This decision cannot be evaluated at inference because pi"sk is unavailable. Under Definition ,
however, every summand admits the denoiser-computable envelope

Dict (p, (@) | @, (0l 151)) < o (H(s1)) -
Summing over a candidate block gives
Econa (B s) < ©(B;si) i= > o Hj(s1))
JEB
The entropy policy need not coincide with B{ra°!e; the claim is that it exactly minimizes this tractable
upper bound.
Proof of Theorem 1}

Proof. Fix a budget b and let By, contain b positions having the smallest predictive entropies.
Consider any other block B of size b. If B # Blgy, there are i € Bloy \ B and j € B\ By, with

Hj(sy) < H g (sk)- Since ¢ is nondecreasing, exchanging j for ¢ cannot increase ® because

O((B\ {7}) U {ikisn) — ®(Bis) = o(Hy(s)) — o(Hj(s1)) < 0.
Repeating the exchange produces By, proving that it minimizes ® over B (b).

When b = 1, Eq. follows immediately. Moreover, conditional total correlation vanishes for a
singleton:

Ejoins ({3} 51) = Ho(a] | 1) — Hy(a] | s1) = 0.
Hence Proposition [2| reduces to Lans({7}; 5k) = Econd ({4 }; sk), and the lowest entropy position
minimizes the upper bound on the complete local absorption error.

For part (ii), convergence to the oracle posterior on reachable states means that, for every admissible
jand 27 € S,

S -
Q) (@] = 20 | 1) — p7,, (a] = 29).

Because S is finite, each term with positive oracle mass converges continuously and each zero-mass
term contributes zero. Therefore,

Dict (b, (@) || @), (@ [ 51)) — 0.
Every admissible block contains finitely many positions, so

Scond(B;Sk) = Z DKL (p¢11|5k (ajl) ’Q%tk (aJ1 | 5k)> — 0.
jeB

This holds for every admissible block and thus for the block selected by any absorption policy, which
proves part (ii). O

Why the result is local. The exchange argument holds at a fixed state and fixed absorption budget.
Absorbing a prediction changes both the active set and the conditioning state used by the denoiser at
later events. Theorem [I] therefore controls the next block contribution to Eoyg; it does not claim that
greedy entropy selection minimizes the final loss over every complete absorption trajectory. When
b > 1, it does not optimize the joint term Ejoint (B; S ), which can vary with the selected block.
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Reachable states. The regularity condition is stated on oracle-reachable states, where every ab-
sorbed partial configuration has positive probability under ¢ and its oracle conditional is defined. A
learned sampler can leave this set after an incorrect irreversible prediction. At such a state, p‘{lsk
may be undefined if no valid completion remains, so the KL condition cannot be evaluated. The
theorem should consequently be read as controlling the error incurred while the sampler remains on
an oracle-consistent trajectory. Its experiments test whether this local rule also reduces departures
from that set; they do not turn the pointwise premise into a global guarantee.

Sampling versus most-likely absorption. The KL decomposition in Proposition [2]uses the categor-
ical denoiser marginal as the prediction kernel. Algorithm(I]instead absorbs its most likely value. The
two kernels are generally different, including on unique-solution tasks unless the learned marginal
is itself degenerate. We therefore use the divergence analysis to justify the position-selection rule
and evaluate the deployed most-likely-value rule empirically rather than claiming equality of the two
output laws.

Remark 1 (Entropy at inference and training). The inference policy absorbs low-entropy positions
because they have the smallest next-block conditional-error bound. This differs from weighting a
training loss, which changes how the denoiser is learned. Theorem I concerns only the inference
decision and does not assume that predictive entropy equals downstream information gain.

C.3.4 DERIVATION OF THE GLOBAL LOOKAHEAD BOUND
Recall that m = [U(s)| and R,-(s) = 3y I () for r € {g,0}. Write
G;(s) =R, (s) — IEZNPﬂ(,‘S)RT(Sj’z), Djr-j/(s) = G;(s) -Gy (s),

so that R,.(s), which does not depend on the candidate, cancels exactly in D;j,. The selection made
by Info-Gain depends on the scores only through the differences ng/,
bound must control.

so these are the quantities the

For a single successor aggregate the assumed pointwise entropy error gives |Rg(s7?) — R,(s7%)| <
(m — 1)4, since s7* leaves m — 1 positions active. Moreover 0 < R,(s7%) < (m — 1)log|S|, so
the total-variation assumption implies

By Ral"%) = B,y By(7%)| < (m = 1) elog 5]

where we used |[Epf — Ep/ f| < TV(P, P’) (sup f — inf f) with TV in the 3¢, convention of
Section[3.3] Combining the two displays, the error of the expected successor aggregate for a single
candidate is at most 7,,, := (m — 1)(8 + elog|S]).

Successors outside the oracle support. The expectation over z ~ Pg (- | s) can place mass on
a value z with Pg(z | s) = 0. The successor s/ then has no oracle conditional, so h?,(sj*z) is
undefined. We adopt the convention £, (s7%) := log |S| for every active j’ at such a successor,
treating an oracle-inconsistent absorption as leaving the remaining positions maximally uncertain,
and we require the pointwise entropy condition |h? — h4| < § only at successors of positive model
probability with this extension in force. Any other bounded extension leaves the total-variation step
unchanged because it uses only the range [0, (m — 1) log |S|] of R,. If one prefers not to impose the
entropy condition at off-support successors at all, their total model mass is at most TV(Pg , Pg ) <,

which adds at most e(m — 1) log |S| to the first display and changes 7, to (m — 1)(d + 2elog |S|)
without altering the form or reading of the lemma.

Since the current aggregate cancels,

DY, (s) - ng,(s)‘ < ‘Epg Ry (57%) — Epy Ry(s7)

+ ’Epg/Rg(sj ) = By Ry(57%)| < 2.

For the model and oracle maximizers, insert and subtract the model scores and note that the differences
again eliminate R, (s):

q 9 _ g 0 0 _ 4
Gje =Gy =D < Di;+ Dy = Dis| < 20m.

7 J*
N~

<0
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The analogous two-error argument for the local entropy minimizers gives

h! (s) —minhi(s) < 26,
j

Jent

which completes the proof of Lemmal[I] ]

Interpretation of the lookahead result. Three qualifications delimit what the lemma does and
does not say. First, it bounds score estimation, not the realized terminal loss: Info-Gain remains
effective whenever 21, is small relative to the oracle margin D?* ;» between its best and second-best
candidates, and the decision-relevant diagnostic is therefore the ratio of the two rather than 7,, alone.
Second, because the bound is stated on score differences, it is invariant to the normalization of the
aggregate: rescaling every candidate score by a common positive factor rescales 7),,, and the margin
identically and changes neither the selected candidate nor the comparison with the local rule. The
window dependence that remains comes from the m — 1 positions genuinely carried inside each
successor aggregate, not from the choice of units. Third, the additivity over those positions is worst
case; if the per-position entropy errors are not adversarially aligned, a concentration argument would
give O(v/m — 1) in place of O(m — 1), so the lemma should be read as an upper envelope on how
the lookahead window can amplify error rather than as the typical rate. The result isolates the source
of accumulation: global lookahead combines errors over the unresolved positions, whereas local
entropy selection estimates one position at the current state.

C.3.5 ADDITIONAL COMPARISON WITH INFO-GAIN

At a reachable state s, couple the entropy and Info-Gain policies so that they differ only in the next
absorbed position and share the continuation. Let L), and Lig be their final losses. Let E; be the
event that Info-Gain selects an oracle-consistent position and set x4 (s) = P(E | s). Define

Bs = IE[Lloceul - LIG ‘ ES7 8], Cs = ]E[LIG - Llocal | Efw 5]~

When correct lookahead helps and incorrect lookahead hurts, By, Cs > 0 measure the corresponding
benefit and cost.

Proposition 5 (When the local entropy policy beats Info-Gain). At any state satisfying the definitions
above,
E[Lic — Liocal | 8] = (1 — Ko(5))Cs — ko (s)Bs.

If Bs + Cs > 0, the local entropy policy has no larger expected final loss if and only if

c,

< —-. 2
SB.icC. (52)

Ko(s)

Proof. Conditioning on E; and E gives the displayed identity. Requiring its right-hand side to be
nonnegative and rearranging gives Eq. (52). O

This identity does not assert that local entropy always outperforms lookahead. It makes the comparison
depend on how often the lookahead choice is oracle-consistent and on the relative costs of its correct
and incorrect choices. These quantities can be estimated by paired continuations on tasks with
reference solutions, as illustrated by the paired continuation estimates below.

Measured comparison. On Sudoku-Extreme, paired continuations estimate the three quantities in
Proposition[5]and recover the observed winner at both denoiser sizes (Table[5)). This is a diagnostic
of the stated identity, not evidence that model size itself defines the threshold. It is also a per-state
comparison with a shared continuation: end-to-end on the same 21.3M denoiser the entropy policy
still solves more puzzles than Info-Gain (0.964 against 0.947 at n=1000, p=0.027, Table @ so the
per-state advantage of lookahead at states where it is oracle-consistent has not yet translated into a
trajectory-level win at this capacity.

C.3.6 CALIBRATION AND MISCALIBRATION

The following analysis provides an empirical diagnostic of the entropy—error relationship in Defini-
tion [I]and measures the surrogate slack used by Theorem [T} Per-cell error rises with the denoiser’s
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Table 5: Measured comparison on Sudoku-Extreme (600 paired reachable states per denoiser). xy is
the probability that Info-Gain selects an oracle-consistent position and * = Cs/(Bs + Cs). The
local entropy policy has no larger expected loss when kg < k*.

Denoiser Ko K" Bs Cs better policy
6.4M 0.527 0.698 0.0043 0.0100 entropy
21.3M 0.695 0.397 0.0038 0.0025 Info-Gain
(a) accuracy vs. entropy (b) NLL vs. entropy
1.0F 1.25F o oM
- 22M
20.9f S 1.00
g S
g 08f " 0.75
© E
3 071 < 0.50
3] -
£ |
o 0.6
_ —e— 6M (0=0.23) Z 0.25
0.5 F —=— 22M (p=0.09)
1 1 1 0.00 1 1 1
10-° 1073 1071 1075 1073 1071

predictive entropy Hy (nats, bin mean)

predictive entropy Hp (nats, bin mean)

Figure 6: Entropy-accuracy correlation, both denoisers. Same binned trajectory data as Table
(all 12 equal-count bins, 6.4M and 21.3M), plotted against the model’s predictive entropy Hy on a
log axis. (a) Per-cell accuracy (1—err) decreases with entropy at both capacities, with Spearman
p(H,err) = 0.23 (6.4M) and 0.09 (21.3M) (the low p reflects that most mass sits in the flat, near-
zero-entropy, near-ceiling regime common to reachable Sudoku states; the drop is concentrated in the
top bins, consistent with the nonlinear slope L reported below). (b) NLL of the true digit rises with
entropy at both capacities; the 21.3M denoiser’s NLL curve sits uniformly below the 6.4M curve,
the calibration improvement with capacity that motivates comparing the two models throughout this
appendix.

predictive entropy, from 0.015 in the lowest-entropy bin to 0.526 in the highest (Table[7)), and the
empirical slope decreases from the 6.4M to the 21.3M denoiser. The two reported constants move
in opposite directions with capacity, the slope falling from 0.45 to 0.37 while the surrogate gap
¢ rises from 0.21 to 0.30, and the two measure different things. The slope describes how sharply
error grows with the model’s own uncertainty, and a better-calibrated denoiser improves it. The
surrogate gap describes how well a static score tracks the path-conditional predictive entropy, and
a stronger denoiser exploits constraint propagation more aggressively, so its entropies move more
along the path and a fixed ranking tracks them less well. A capable denoiser therefore makes the
entropy—error relationship tighter and the fixed-score policy’s job harder at the same time. The fixed
score nevertheless recovers only part of the adaptive policy’s gain on the weaker model.

Pointwise envelope. Definition requires a pointwise bound KL < ¢(Hy), not merely the bin-
mean trend above. Fitting a nondecreasing 95th-percentile upper envelope to the full per-cell cloud
(158,191 reachable partial configurations) gives an empirical envelope slope Leny,0.95 ~ 1.70 (6.4M)
and 1.34 (21.3M), about 3.6-3.8x the bin-mean OLS slope. The robust calibration summary reports
a small confidently-wrong fraction (0.99% at 6.4M and 0.35% at 21.3M), with near-zero-entropy
NLL reaching approximately 20.9 and 22.3 nats, respectively. A strict ¢ with ¢(0) = 0 at the
mean slope already holds on 95.5% (6.4M) and 97.6% (21.3M) of sampled reachable states. The
relaxed-envelope diagnostic uses the mean offset (phi0_mean), ¢g = 0.572316 nats for 6.4M and
0.119246 nats for 21.3M (Table @) Empirically counting violations of KL < ¢ + ¢(Hy) gives
violation rates 0.00623234 and 0.00327510, respectively. Their complements are 99.3768% and
99.6725%, reported as 99.4% and 99.7% coverage. The percentile and maximum summaries in
the table are descriptive statistics; they are not the offsets used for this calculation. For any fixed
position-independent offset in KL < ¢ + ¢(Hy), the additive contribution bg preserves the entropy
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Table 6: Reported ¢y summaries in the robust calibration export (nats). The export tags 6M and 22M
correspond to the paper’s 6.4M and 21.3M denoisers. The mean column gives the offsets used to
compute the reported relaxed-envelope coverage; the other columns describe the distribution’s upper
tail.

Denoiser Mean  95th percentile  99th percentile =~ Maximum
6.4M 0.572316 0.002469 16.695645  20.854708
21.3M 0.119246 0.000990 0.002720  22.328239

Table 7: Entropy—error diagnostic (Deﬁnition on Nikoli (n=100): per-cell error and NLL of the
true digit, binned by the model’s predictive entropy Hy over the whole sampling trajectory (6.4M
denoiser; representative equal-count bins). Per-cell error rises monotonically with entropy. The
bottom row reports the empirical error—entropy slope and surrogate error ¢ for both denoisers.

Hy (bin mean) 0.00 0.24 0.46 0.64 0.79 1.08

per-cell error 0.015 0.120 0.222 0.343 0399 0.526
NLL (true digit) ~ 0.27 0.65 0.88 1.12 1.01 1.25

6.4M: empirical slope = 0.45,£=0.21 | 21.3M: empirical slope = 0.37, €=0.30
95th-pct envelope slope:  Lenv,0.95~1.70/1.34 (6.4M/21.3M); reported confidently-wrong fraction
0.99%/0.35%; strict-¢» compliance 95.5%/97.6%, relaxed-¢ compliance 99.4%/99.7%.

argmin at fixed budget, but this algebraic fact does not establish a tight error bound. Substituting the
updated envelope slopes into the diagnostic expression 2Le M gives 39.8 and 45.2 nats, respectively,
compared with 10.5 and 12.4 using the bin-mean slopes. These fitted slopes and empirical coverage
rates do not establish a uniform bound on every reachable state.

Oracle versus model entropy. To separate “entropy is the ordering signal” from “the model’s
entropy is the signal,” we compare absorbing by the exact oracle entropy H,—the entropy of the
completion-count distribution over viable digits, computed on a multi-solution corpus where H, > 0
is non-degenerate—against absorbing by the model’s Hy. Over 120 multi-solution puzzles (median
23 completions), Hy correlates strongly with H, (r = 0.88 at 6.4M, 0.90 at 21.3M), and ordering by
the model’s offline Hy matches or exceeds ordering by the exact H,, (valid-completion rate 0.958
vs. 0.900 at 6.4M; 0.983 vs. 0.983 at 21.3M), while adaptively recomputing Hy reaches 1.000. The
model’s predictive entropy is thus a sufficient statistic for the absorption priority in this experiment:
oracle access adds nothing over it, and the operative lever is recomputing entropy as the active state
changes rather than obtaining a better static ranking.

D EXPERIMENTAL SETTINGS AND HYPERPARAMETERS

This appendix collects the experimental protocols and hyperparameters for §4| following the order of
the main experiments.

Sampler protocol. At each grid point, LEDFLOW recomputes predictive entropy from the current
sampler state and absorbs the lowest-entropy active positions under the absorption budget. Active
positions then follow the backbone’s unchanged update, while absorbed positions remain fixed under
Eq. (2). Probability-margin, Info-Gain, and random policies use the same budget, value update, and
absorption rule and differ only in the score used to select the block. The budget is task specific:
on the FUDOKI understanding, text-to-image, and mathematics harnesses the cosine schedule of
Appendix sets by, at each of the K grid points. The main Sudoku comparisons also use a cosine
absorption budget over K = 64 steps, with coordinatewise kinetic-optimal updates in both absorbing
and non-absorbing arms (Appendix [E.4). Explicit singleton-absorption diagnostics evaluate once per
generated position (Table [26)); their NFE and vanishing joint term do not describe the cosine-budget
runs. Appendix gives the complete update order and matched-policy controls.
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Table 8: Two attempts to make a fixed external priority beat adaptive entropy-guided absorption by
inducing miscalibration. internal = adaptive entropy; external = best of the fixed external score
and logical forcedness. Top: density shift (train dense, test sparse). Bottom: wrong constraint (train
Latin, test Sudoku) over a difficulty sweep. The external order wins only in the floored hard band (a
non-significant ~2-puzzle margin); wherever the denoiser is capable, confidence wins.

probe  regime (denoiser) internal  external gap

(a) density shift, test givens 26-31, n=185
calibrated (ECE 0.008) 0.973 0.746 +0.227
overconfident (ECE 0.074) 0.827 0.546 +0.281

(b) wrong constraint: Latin-trained (box-blind), test Sudoku
hard (givens 32—40, floored)  0.109 0.124 —0.015"
medium (givens 40-48) 0.637 0.630 +0.007
easy (givens 44-52) 0.827 0.810 +0.017

*floored regime (~0.11 solve); ~2-puzzle margin at n=137, not significant.

Table 9: Protocol map for Sudoku results. All samplers at a given capacity share the same checkpoint.
Each ID identifies a separate reported experiment, not an interchangeable estimate. K is the grid
budget; it need not equal the number of singleton absorptions. Current solve accuracies and policy
labels are those of Table @; earlier trajectory diagnostics are reported separately.

ID Checkpoint / location Decoder or absorption protocol Cohort / budget
T Absorption-aware 6.4M; Kinetic-optimal updates; trajectory ~ Nikoli n = 100, K = 64
Fig. Pfa—) diagnostic
E Absorption-aware 6.4M; Separate endpoint validation Nikoli n = 100, K = 64
Fig. d)
N Shared 6.4M; Table Kinetic-optimal updates without Each set n = 100, five
non-absorbing rows absorption seeds, K = 64
S Absorption-aware 6.4M; Kinetic-optimal updates, cosine Generated, Nikoli, Extreme:
Table[}], absorbing rows absorption budget n = 500, 100, 700, seeds
0,1, K =64
R Absorption-aware 6.4M; Earlier rate-1 posterior-resampling ~ Same reported sizes and
Table@] diagnostic; cosine budget seeds as S; separate
diagnostic
L Shared model at each Source-held, singleton absorptions  Each set n = 100, five
capacity; Table seeds
G 6.4M and 21.3M; Separate singleton-ordering study Generated n = 1000,
Table 21] 22-34 givens

Absorption-policy baselines. Top K-margin selects the by, active positions with largest p(1) — p(2),
where p(1) > p(2) are the two largest posterior probabilities, and uses the same argmax absorption
rule as LEDFLOW. Info-Gain uses a lookahead window of eight, the best-performing setting in
Figure ), with its additional evaluation cost reported in Appendix

Understanding. We evaluate with VLMEvalKit [[6] on the full standard splits, following the
established protocol [33}130]. The base model is frozen FUDOKI throughout and only the decode-
time sampler changes. The non-absorbing samplers, guidance, Top K-margin, and LEDFLOW all
use one denoiser evaluation per grid point; Info-Gain additionally spends lookahead evaluations
(Appendix . Split sizes, metrics, and the 95% intervals appear in Table The reported Euler
MMBench score uses dev-EN, whereas our evaluation uses the full standard split.

Generation. GenEval [8] is evaluated on the full suite of 553 prompts with 4 images per prompt,
scored with the standard Mask2Former and CLIP pipeline, at the standard budget K =64 denoiser
evaluations. FUDOKTI’s native default is 128 and scores saturate by K ~32, consistent with prior
reports [30]. We use one fixed LEDFLOW configuration for the full suite and all reported category
scores.
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Reasoning. All Sudoku results at a given model capacity use the same checkpoint. In Table [3]
both non-absorbing and absorbing rows use the shared absorption-indicator-trained 6.4M denoiser
at K = 64 with coordinatewise kinetic-optimal updates. Non-absorbing rows keep every generated
position active throughout. Absorbing rows apply the same update at active positions and use a
cosine budget m, to determine how many positions to absorb; these absorbing policies differ only
in their ordering score. Reported cohorts and seeds are listed below and in Table [9] The older
masked-reveal diagnostics use a 6.4M denoiser of width 256 with 8 layers and 8 heads, trained for
60k steps. Their capacity-sensitivity comparison against a 21.3M denoiser, width 384 with 12 layers
and 12 heads trained for 120k steps on a mixed easy—hard corpus, is reported separately in §E.5.3]
This is a robustness check rather than a controlled scaling study, because capacity, training budget,
and training distribution change together. These masked-reveal diagnostics are distinct from the new
flow-active ordering comparison. The three Sudoku sets are held-out synthetic puzzles, Nikoli [23],
and Sudoku-Extreme [32]); the additional constraint structures are 9x9 Latin squares, 3-coloring of
random graphs, and molecular infilling on MOSES SMILES [21]. The Sudoku denoisers are trained
on the Kaggle million-puzzle set after deduplication by puzzle string and solution grid against the
evaluation sets.

Reasoning evaluation details. The absorbing Sudoku rows of Tableuse K=64, seeds 0 and 1,
and 500 generated, 100 Nikoli, and 700 Sudoku-Extreme puzzles. These scores come from the main
ordering sweep. The retained non-absorbing rows use the earlier n=100, five-seed protocol for each
Sudoku split. Figure [2] separately labels the trajectory and endpoint-validation runs; neither supplies
the ordering-comparison values in Table |3} The older masked-reveal capacity and ordering-ladder
diagnostics retain their own n=100, five-seed protocol. Zero seed variance under deterministic
decoding does not imply zero puzzle-sampling uncertainty; Table 21| reports puzzle-level confidence
intervals and paired tests on a separate n=1000 cohort. Its generated subset is not the generated set
in Table 3] so their absolute accuracies should not be used interchangeably.

Generality. For the additional constraint structures, we train a fresh 4.8M denoiser for 9x9 Latin
squares and a 1.2M graph-attention discrete flow denoiser for random 3-coloring; molecular infilling
uses a character-level model on MOSES SMILES and n=2000 examples. The pretrained-model
experiments change only the native sampler while leaving model weights fixed. On GSMS8K, LLaDA-
8B-Instruct [[17] uses n=200 and Dream-7B [38] uses n=1000, both with 128 sampling steps,
generation length 256, and argmax token choice; LLaDA additionally uses block length 32. MMaDA-
8B [36] uses n=>500, 256 steps, and chain-of-thought prompting. BBH logical deduction pools
n=T750 three-, five-, and seven-object puzzles. For open multimodal mathematics, LLaDA-V uses
seed-averaged random baselines on MathVerse (n=900 x 4) and MathVista (n=1000 x 2), whereas
MMaDA uses one random draw on n=900 and n=1000, respectively.

E ADDITIONAL EXPERIMENTAL ANALYSIS

This appendix provides the additional analyses and full result tables for §4] in the same order as the
main experiments.

E.1 UNDERSTANDING

Uncertainty of the main-text gains. The gain that clears its reported approximate 95% interval is
+1.6 on POPE (£1.3). The remaining margins, including +2.3 on MM-Vet and +1.2 on MMMU,
are smaller than their intervals and we do not read them as individually significant. Table[I0]reports
the intervals and their approximation limits.

E.2 GENERATION

E.2.1 TEXT-TO-IMAGE GENERATION

We use this setting as a control on soft structure, where the absorption policy should matter less than on
tightly constrained outputs. We evaluate the full GenEval suite (553 prompts, four images per prompt,
Mask2Former and CLIP scoring) on frozen FUDOKI at the standard budget K=64. LEDFLOW
reaches 0.781 Overall against the native sampler’s 0.753. Its improvements span the category scores,
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Table 10: Understanding suite on the full standard splits via FUDOKI’s VLMEvalKit. The table
includes the six benchmarks of Table [I} The last column is an approximate 95% interval on the
native-sampler-vs-LEDFLOW difference (1.961/2p(1 — p)/N, evaluated at the native-sampler rate).
Entropy-guided absorption improves every benchmark in the main-text suite, and the POPE margin
clears the reported interval. The remaining margins are smaller than their intervals. This places
short-answer understanding at the low-sensitivity end of the observed task spectrum, consistent with
a smaller conditional term than on the constrained tasks in §4.1}

benchmark N native sampler LEDFLOW (ours) metric spread  95% CI (diff)
POPE 5127 87.4 89.0 acc +1.6 +1.3
MME 2374 1494.5 1504.6 P+R +10.1 —
MMBench 4377 73.7 74.6 Overall +0.9 +1.8
GQA 12578 57.0 58.0 acc +1.0 +1.2
MM-Vet 218 38.2 40.5 GPT-judge +2.3 +9.1
MMMU 1050 36.2 37.4 acc +1.2 +4.1

The MME row is a summed perception-plus-reasoning score rather than an accuracy, so the binomial interval

does not apply. These intervals do not account for paired predictions; the binomial approximation is also not a

calibrated interval for graded GPT-judge scores such as MM-Vet. Paired example-level resampling is needed for
inferential comparisons.

Table 11: Understanding suite in context: reported unified understanding-and-generation models
alongside our frozen-FUDOKI decode-time samplers (condensed in Table [I] of the main text).
Numbers are compiled from prior work [29]. Understanding is a measurement-validity control, not a
SOTA claim. Higher is better, “—" not reported.

model POPE MME' MMBench* GQA MMMU MM-Vet®
Reported unified understanding-and-generation models (context)

LWM 75.2 — — 44.8 — 9.6
Chameleon — — — — 22.4 8.3
Show-0-256 73.8 948.4 — 48.7 25.1 —
Show-0-512 80.0 1097.2 — 58.0 26.7 —
D-DiT 84.0 1124.7 — 59.2 — —
VILA-U 85.8 1401.8 — 60.8 — 33.5
ILLUME 88.5 1445.3 65.1 — 38.2 37.0
TokenFlow-XL 86.8 1545.9 68.9 62.7 38.7 40.7
Janus 87.0 1338.0 69.4 59.1 30.5 343
Janus-Pro-1B 86.2 1444.0 75.5 59.3 36.3 39.8
FUDOKI (reported) [33] 86.1 1485.4 73.9 57.6 343 38.0
FUDOKI + guidance [29] 86.8 1492.7 74.2 58.2 354 38.6
Frozen FUDOKI, decode-time samplers (this setting)

native sampler (FUDOKI)  87.38  1494.5 73.7 57.0 36.2 38.2
LEDFLOW (ours) 89.04 1504.6 74.6 58.0 374 40.5

four MME is MME-P (perception only), the metric the reported models use. four MMBench is the full standard
split, harder than the dev-EN split behind the published FUDOKI 73.9. ¥MM-Vet uses a GPT judge, and
absolute values shift with the judge version, so we re-grade with the standard 0-1 partial-credit protocol
(VLMEvalKit), which gives scores in the reported range.

including color attribute (0.723 vs. 0.663) and position (0.715 vs. 0.680). Because the Overall
standard error on 553 prompts is roughly £0.02, we interpret this as competitive performance on soft
structure rather than a gain comparable to those on constrained reasoning tasks.

GenEval in the masked discrete flow literature. Placing LEDFLOW against the recent masked
discrete flow literature on the same FUDOKI base (Table [I3)) separates two orthogonal axes. Among
frozen-model samplers (our setting) the whole family sits within a band of about 0.05: LEDFLOW
(0.781) is the strongest entry, ahead of the native sampler (0.753) and of the corrected-sampler family
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Table 12: GenEval in context: generation-only and unified understanding-and-generation models
alongside the frozen-FUDOKI decode-time samplers of Table [2] (main text). The external rows
modify or replace the model and are orthogonal to the decode-time comparison. External rows as

compiled by their cited source. Higher is better, “—" not reported.
method Single Two  Count Colors  Pos. Attr.  Overallt
Generation-only models (context)
SDXL [28] 0.98 0.74 0.39 0.85 0.15 0.23 0.55
DALL-E 3 [28]] 0.96 0.87 0.47 0.83 0.43 0.45 0.67
SD3-Medium [29] 0.99 0.94 0.72 0.89 0.33 0.60 0.74
FLUX.1-dev [28] 0.98 0.93 0.75 0.93 0.68 0.65 0.82
Unified understanding-and-generation models (context)
Chameleon [29] — — — — — — 0.39
UniDisc [29] 0.92 0.47 0.15 0.67 0.13 0.19 0.42
LWM [29] 0.93 0.41 0.46 0.79 0.09 0.15 0.47
SEED-X [29] 0.97 0.58 0.26 0.80 0.19 0.14 0.49
Emu3-Gen [29] 0.98 0.71 0.34 0.81 0.17 0.21 0.54
Show-o [29] 0.95 0.52 0.49 0.82 0.11 0.28 0.53
+ Mask-GRPO [28] 0.99 0.90 0.69 0.85 0.35 0.59 0.73
TokenFlow-XL [29] 0.95 0.60 0.41 0.81 0.16 0.24 0.55
ILLUME [29] 0.99 0.86 0.45 0.71 0.39 0.28 0.61
Janus [29] 0.97 0.68 0.30 0.84 0.46 0.42 0.61
D-DiT [29] 0.97 0.80 0.54 0.76 0.32 0.50 0.65
Janus-Pro-1B [29] 0.98 0.82 0.51 0.89 0.65 0.56 0.73
Janus-Pro-7B [28] 0.99 0.89 0.59 0.90 0.79 0.66 0.80
MMaDA [28] 0.96 0.60 0.45 0.81 0.14 0.25 0.56

Frozen FUDOKI with decode-time samplers ( Table
Euler@64 (base FUDOKI) [30] 0.9625 0.8384 0.4875 0.8833 0.7200 0.6300 0.7536
LEDFLOW (ours) 0.9563 0.8712 0.5219 0.9016 0.7150 0.7225 0.7814

Table 13: GenEval Overall on FUDOKI in the masked discrete flow literature, separating decode-time
samplers (frozen model, our setting) from training-based methods. Among frozen-model samplers
the spread is ~0.05, and an external FUDOKI Euler @64 result reproduces our native sampler to
0.001. LEDFLOW is the strongest decode-time entry in this comparison, although its margin over
the corrected-sampler family is within the benchmark’s resolution. Training-based methods modify
the model and address a separate axis.

method GenEval Overall
Frozen-model samplers (this setting)

native sampler (Euler@64, ours) 0.753
Euler@64 [30] 0.754
time-/location-corrected [30] 0.765
LEDFLOW (ours) 0.781
Training-based (context)

FUDOKI base (+CFG) [29] 0.77

+ guidance / RLHF [29] 0.78

+ dFlowGRPO [28]] 0.93

(Euler 0.754, time-/location-corrected 0.76—0.77 [30]), though the margin over the corrected samplers
is comparable to the benchmark’s own resolution. The higher scores in the literature come from the
orthogonal training axis (guidance/RLHF 0.78 [29], rate-aware policy optimization 0.93 [28]]), which
modify the model rather than the sampler and are complementary to our decode-time contribution.
Table|12] places the frozen-sampler comparison against generation-only and unified models.
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Table 14: Trajectory measurements under matched settings. Left: Sudoku (Nikoli, n=100, 6.4M
denoiser, K=64); all fractions use generated cells as the denominator, and “first correct at final
step” counts cells that become correct only at the endpoint. Right: FUDOKI text-to-image (GenEval
prompts, K =64); token statistics are per image token, with 95% bootstrap intervals over images
for the difference, and correctness flips are the fraction of samples whose GenEval verdict changes
between t=0.75 and the endpoint, on in-distribution GenEval prompts and on the 16 counterfactual
out-of-distribution prompts of Table Absorption removes revision of absorbed positions in both
domains; on Sudoku the entropy order also removes every correct-to-wrong flip, while the random
order leaves 7.4%.

Sudoku Text-to-image
Measurement Euler Random LEDFLOW Measurement Euler LEDFLOW Diff. [95% CI]
Token changes per position 1.84 1.23 1.00 (Token changes per position 4.14 2.33 +1.81[1.72,1.88]
excluding the final step 1.35 1.22 0.98 excluding the final step 3.44 2.30 +1.13[1.04,1.21]

Positions changed more than once  0.51 0.15 0.00 Positions changed more than once  0.97 0.73 +0.24 [0.22,0.25]

Changes occurring after t=0.75 0.58 0.26 0.37 (Changes occurring after t=0.75 0.45 0.11 +0.34 [0.34,0.35]

Mean time of last change 0.75 0.47 0.64 [Mean time of last change 0.96 0.54 +0.42[0.41,0.43]

Cell-fill accuracy (final) 0.431  0.615 0.935 GenEval accuracy 0.753 0.781 —0.028 [-0.037, —0.020]

Correct to wrong 0.261 0.074 0.000 [n-dist. correct to wrong 0.052 0.010 +0.042

First correct at final step 0.035  0.000 0.017 [[n-dist. wrong to correct 0.156 0.000 +0.156
OOD correct to wrong 0.125 0.025 +0.100
OOD wrong to correct 0.037 0.013 +0.024

Table 15: Out-of-distribution prompts for the text-to-image trajectory analysis. Sixteen coun-
terfactual prompts, four per GenEval tag, written so that the requested attribute, count, pairing, or
spatial relation is unlikely under the training distribution. They are scored with the standard GenEval
detector pipeline and are the dashed curves in Figure@] and the OOD rows of Table Ei}

Tag Prompts

Colors a photo of a green cow; a photo of a purple giraffe; a photo of a blue banana; a photo of
a pink elephant

Counting a photo of eight apples; a photo of six cats; a photo of seven birds; a photo of five clocks

Two objects  a photo of a toothbrush and a giraffe; a photo of a pizza and a fire hydrant; a photo of a
laptop and a cow; a photo of an elephant and a spoon

Position a photo of a car above a bird; a photo of a boat above a bed; a photo of a bicycle above
an elephant; a photo of a cup above a train

E.2.2 COMPARISON WITH RELATED GENERATION METHODS
E.3 TRAJECTORY ANALYSIS UNDER MATCHED SETTINGS

Figure [2] compares native uniform flow with LEDFLOW on 100 Nikoli puzzles at K=64: puzzle
solve accuracy rises from 0.34 to 0.82, while correct-to-wrong reversions fall from 0.094 to 0.026 of
generated cells. These are the motivation measurements used in the main text. The supplementary
Sudoku measurements in Table [T4] and Figure [7) are distinct from that main-text comparison and
should not be used interchangeably with its values. This subsection also reports trajectory analysis on
FUDOKI text-to-image generation in Table[T4]and Figure [§]

Source-held ordering diagnostic. Table [I6] compares absorption policies under a source-held
variant, rather than the flow-active sampler in Section @ All four arms use the same denoiser,
puzzles, grid (K=64), and argmax value rule, and the three absorbing arms share one code path;
the first two use argmax values and differ in selection rule, while the third samples the absorbed
value. In these absorbing arms, unabsorbed positions are held at the source state between absorption
events, whereas the random arm of Table [14{lets them continue the flow update. The random-arm
cell accuracies (0.615 and 0.723) therefore refer to different active-token dynamics. The source-
held random-absorption variant raises cell accuracy from 0.413 to 0.723 (paired puzzle-level 95%
interval [0.285, 0.336]) and removes every correct-to-wrong flip. Ordering raises it further to 0.935
(interval [0.166, 0.256]) and raises solve accuracy from 0.344 to 0.900 (interval [0.476, 0.634]); the
mechanism is visible in the bad-absorption column, the fraction of absorption events that write an
incorrect value, which falls from 28.0% under the random order to 6.6% under the entropy order.
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(a,b) Sudoku: token-change density + per-cell change timing
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Figure 7: Sudoku trajectories, native uniform flow versus LEDFLOW. (a,b) Each marker is one
token change at a generated cell; the shaded curves give the number of changes per step. Under the
native flow the change density rises sharply as ¢ — 1, where many cells are re-derived at the endpoint
(Proposition[I); under LEDFLOW each cell changes exactly once, at its absorption event. (c) Cell-fill
accuracy over sampling time on the same 100 puzzles: the native flow peaks near {~0.9 and then
collapses from 0.58 to 0.43, whereas LEDFLOW rises monotonically to 0.935.

Table 16: Source-held absorption-policy diagnostic on Nikoli (n=100, 6.4M denoiser, K =64,
seeds 0—4). Bad-absorption is the fraction of absorption events whose absorbed value is wrong.
Paired puzzle-level bootstrap intervals for the differences: no absorption to random, cell 4+-0.310
[0.285,0.336], solve +0.344 [0.278,0.412]; random to entropy, cell +0.212 [0.166, 0.256], solve
+0.556 [0.476, 0.634].

Arm Cell acc.  Solve Correct—wrong Changes/cell Late-change frac. Bad-absorption
Uniform flow (no absorption) 0.413 0.000 0.281 1.87 0.60 —

+ random absorption order 0.723 0.344 0.000 1.00 0.37 0.280

+ entropy order (LEDFLOW) 0.935 0.900 0.000 1.00 0.37 0.066

+ entropy order, sampled absorption ~ 0.923 0.882 0.000 1.00 0.37 0.078

Absorbing a sampled value instead of the argmax changes little (0.923 against 0.935), so the gain
comes from freezing plus ordering rather than from the value rule.

E.4 FLOW-ACTIVE GATE AND REVEAL-ORDER COMPARISON, WITH SELECTED-POSITION
ANALYSIS

Table [I7]reports the current Sudoku solve accuracies and policy labels from Table[3] All methods

at this capacity use the shared absorption-aware 6.4M checkpoint. The non-absorbing methods use
kinetic-optimal updates; absorbing methods additionally use a cosine absorption budget. Cohorts
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(a,b) FUDOKI T2I: token-change density + per-token change timing
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(c) FUDOKI T2I: image quality vs sampling time (in-dist vs OOD)
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Figure 8: FUDOKI text-to-image trajectories, native uniform flow versus LEDFLOW. (a,b)
Image-token change density over sampling time: the native flow accumulates most of its changes
after t=0.75, while LEDFLOW front-loads absorption and its density decays. (c) GenEval accuracy
of the image decoded from the intermediate state, on in-distribution GenEval prompts (solid) and on
the 16 counterfactual prompts of Table[T5](dashed). LEDFLOW reaches its final quality by ¢~0.6
and holds it; the native flow reaches comparable quality only at the endpoint, after the late burst of
changes in (a,b).

Table 17: Sudoku solve accuracy by sampler. These values and policy labels reproduce the current
results in Table@ Scores from earlier diagnostic reruns are not substituted for the current results.

Sampler Generated  Nikoli ~ Sudoku-Extreme
Euler 0.610 0.410 0.078
FreeCorrection 0.630 0.400 0.126
Time-corrected 0.610 0.410 0.078
Location-corrected 0.588 0.360 0.096
Top K-margin 0.820 0.796 0.271
Info-Gain 0.804 0.780 0.231
LEDFLOW 0.865 0.845 0.269

and seeds follow protocols N and S in Appendix [D] The source-held comparison in Table[I6]and the
earlier trajectory diagnostics below are separate experiments.

What the current comparison shows. On generated and Nikoli puzzles, entropy absorption attains
higher solve accuracy than the other displayed policies. On Sudoku-Extreme, margin is numerically
higher (0.271 versus 0.269). These are descriptive comparisons; significance tests from a different
diagnostic run do not establish significance for these updated scores.
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Table 18: Earlier trajectory diagnostics (protocol R). Cell accuracy and transition measurements
from the rate-1 posterior-resampling runs. These are separate from the current solve-accuracy results
in Table no current-run diagnostics are inferred from them. Bad-absorption is the fraction of
absorptions that fix an incorrect value.

Set Gate Cell acc. Correct—wrong Bad-absorption  Changes/cell Late-change
Generated None 0.887 0.090 — 4.42 0.181
Random 0.861 0.094 0.139 1.98 0.011
Entropy 0.942 0.041 0.058 2.57 0.021
Nikoli None 0.860 0.104 — 4.84 0.172
Random 0.836 0.102 0.164 2.15 0.010
Entropy 0.909 0.060 0.090 2.59 0.017
Sudoku-Extreme  None 0.514 0.455 — 21.70 0.238
Random 0.512 0.364 0.488 5.51 0.008
Entropy 0.554 0.379 0.450 9.57 0.023

Separate trajectory diagnostics. Table|l8|retains trajectory measurements from the earlier rate-1
posterior-resampling diagnostic (protocol R). These measurements are not attached to the updated
kinetic-optimal solve scores in Table[I7] In that diagnostic, random freezing reduces revisions but
also lowers cell accuracy on generated and Nikoli puzzles, whereas entropy selection improves cell
accuracy. On Sudoku-Extreme, roughly 45% of entropy absorptions are incorrect, illustrating that
low entropy can coexist with incorrect predictions.

Statistical evidence from the earlier diagnostic. On protocol R’s seed-0 per-puzzle arrays, exact
McNemar tests favor entropy over native and random on all three sets (p < 3 x 10~8). Entropy versus
maximum probability is not significant on any set (p > 0.18); entropy versus margin is not significant
on generated or Nikoli. The nominal margin advantage on Sudoku-Extreme (p = 0.031) does not
survive Bonferroni correction over twelve confidence-order comparisons. These tests describe that
earlier diagnostic only and are not paired tests of the updated values in Table

Decoder and schedule. Both non-absorbing and absorbing baselines use coordinatewise kinetic-
optimal updates. Here a singleton flow transition changes one coordinate; it does not specify the
number of positions absorbed at a grid point. The non-absorbing baseline keeps all generated positions
active. Absorbing policies apply the same kinetic-optimal update to positions that remain active,
while a cosine budget over K = 64 grid steps determines the size of each irreversible absorption
block. A step can absorb zero, one, or several positions, so this protocol is not the by, = 1 absorption
ablation and need not have zero joint dependence error. For policies without additional lookahead,
the grid protocol uses one denoiser evaluation per step, giving NFE = K. Figure[2]reports separate
trajectory and endpoint runs under kinetic-optimal updates.

Selected-position reliability. As a reliability diagnostic from the earlier rate-1 runs (protocol R),
not a validation of a specific theoretical envelope or a measurement of the updated solve-accuracy
run, Table [T9] bins the entropy gate’s absorbed positions by entropy at absorption and reports the
empirical absorption-error rate per bin; we do not fit or test a KL envelope here. Under the flow-
active decode almost all absorptions are made at very low entropy (99.6% / 99.4% of absorptions
on generated/Nikoli), where the error rate is 5.9% / 8.6%; error rises with entropy over the sparse
higher-entropy bins. On Sudoku-Extreme the denoiser is over-confident: even the lowest-entropy
absorptions are wrong 44.8% of the time. The first erroneous absorption is correspondingly rare and
late on easy puzzles (generated: 14% of puzzles have any wrong absorption, median first-wrong
time ¢=0.55; Nikoli: 16%, t=0.31) but common and early on hard puzzles (Sudoku-Extreme: 75%,
t=0.23). Low absorption error where the policy operates is consistent with, but does not by itself
establish, the conditional guarantee’s envelope assumption; the hard-puzzle regime shows confidently
wrong absorption that any such assumption must exclude.
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Table 19: Absorption error at absorbed positions (LEDFLOW gate, seed 0, flow-active decode):
empirical error rate binned by entropy at absorption, with the number of absorbed positions per
bin. Low entropy predicts low error on generated/Nikoli; the relation fails under hard-puzzle over-

confidence (Sudoku-Extreme). “— marks empty bins.

Generated Nikoli Sudoku-Extreme
Entropy at absorption err n err n err n
[0.00,0.05) 0.059 26496 0.086 5540 0.448 36240
[0.05,0.10) 0.700 20 0.167 6 0.550 866
[0.10,0.20) 0.750 16 0.333 6 0.570 732
[0.20, 0.40) 0.750 16 0.778 9 0.537 555
[0.40, 0.80) 0.600 35 0.800 10 0.622 585
[0.80,1.60) 0.778 9 0.000 1 0.714 70
[1.60,10.0) 1.000 1 — 0 1.000 6
Overall 0.061 26593 0.088 5572 0.457 39054

E.5 REASONING

Two qualifications apply to the main-text reasoning table. Info-Gain leads on molecular infilling, so
local entropy is not uniformly preferable, and the current results do not isolate why that ordering
reverses. Average ranks are descriptive: small mathematics differences, including near-floor GSM8K
accuracy, do not establish meaningful wins.

E.5.1 SUDOKU AS A TRANSPARENT ORACLE

Sudoku provides a transparent oracle because quantities that are usually inaccessible can be computed
directly, in particular the terms in the absorption-policy analysis (Theorem [I). The joint term is the
exception: on a unique-solution puzzle the oracle conditional is a point mass, so the conditional total
correlation of Lemma [2]is identically zero for every block, and unique-solution Sudoku cannot be
used to diagnose the joint term. For that term we use the multi-solution variant described below
and the graph-coloring task in Appendix Its vocabulary and sequence length are bounded by
|S| = 9 digits and M < 81 cells, much smaller than the subword vocabulary and open-ended length
of free-text generation [26]]. More importantly, a standard Sudoku puzzle has a unique solution [27],
soq(ai | C) = 1[a1 = a}] and H(q) = 0. The oracle denoiser is therefore invariant to the absorption
priority by Section[3.3] Any priority effect exhibited by a learned denoiser arises from approximation
error and is captured by the conditional term E.4,q in Proposition[2] For every reachable partial fill
ag with at least one valid completion, the true conditional distribution is computable from completion
counts:

: N(as, j,v) : : :
qlag =v|as) = ma Hy(aj | as) = _ZCI(G{ =v|as)logq(a = v | as),

v=1

where N(ag, j,v) counts valid completions of ag with cell j fixed to v. Constraint propagation
and backtracking compute these counts in milliseconds for standard 9 x 9 puzzles. When no valid
completion exists, the conditional is undefined, so oracle diagnostics use only consistent prefixes. On
the unique-solution RRN [19], Sudoku-Extreme [32], and million-puzzle Kaggle corpora, the counts
satisfy N € {0,1} and H, vanishes along every consistent path. The multi-solution variant [15]
provides nondegenerate oracle entropy when needed.

Structured-task-specific baselines. Table[20]retains two controls omitted from the cross-task main
table. Uniformization is evaluated here as an exact CTMC control on the puzzle tasks; we did not
adapt it to the mathematics harness. The fixed-score absorption policy similarly ranks positions by
a static task score before selective absorption, so it does not directly apply when absorption is not
used and positions can be rewritten. We also did not define a corresponding static relevance score for
character-level SMILES infilling.
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Table 20: Structured-task results for uniformization and fixed-score absorption. Higher is better; “—
denotes the SMILES setting without a static relevance score.

Sampler Generated Nikoli Extreme Latin Graph Molec.

Uniformization 0.562 0240  0.074 0.694 1.000 0.831
Fixed-score absorption 0.702 0.420 0.158  0.946 1.000 —

E.5.2 REASONING CONTROLS

Two controls separate the absorption policy from the other choices a sampler makes. Table 21| repeats
the Sudoku comparison at n=1000 with puzzle-level bootstrap intervals and paired McNemar tests,
so that the ordering gap is read against sampling uncertainty rather than seed variance, and stratifies
it by difficulty. Its lower block adds the competing ordering policies on the same puzzles: the
probability-margin and maximum-probability policies are not significantly different from entropy in
these paired tests (p=0.23 and 0.80). This does not establish statistical equivalence, and the scores
need not induce the same ordering of positions. Info-Gain trails by 0.066 (p=3x10~?) at roughly
eight times the wall-clock. On the stronger 21.3M denoiser the gap narrows to 0.017 but remains
significant (p=0.027), consistent with the crossover analysis of Appendix [C.3.5} lookahead gains
on the entropy policy as the denoiser improves, but has not overtaken it end-to-end at this capacity.
The separation that matters is therefore between confidence-ordered single-position absorption and
either lookahead ordering or no ordering at all, which is the comparison Lemma [T and Figure [dc)
speak to. Table [22]then crosses the absorption priority with the value-selection rule: holding value
selection fixed and varying only the priority moves accuracy far more than holding the priority fixed
and switching between argmax and sampled values. This attributes the gain to position selection
rather than to the rule used to assign an absorbed value. Table [23]extends the same manipulation to
random and high-entropy-first policies.

E.5.3 SENSITIVITY TO SUDOKU DENOISER CAPACITY

Table 23] checks whether the ordering result persists under the stronger Sudoku denoiser described
in Appendix [D| Because capacity, training budget, and training distribution change together, this is
a robustness sensitivity rather than a controlled parameter-scaling study. These are masked-reveal
ordering diagnostics using the shared checkpoint at each capacity, with active positions held at the
mask token as a separate decoder ablation. Within this diagnostic, entropy-guided absorption is the
strongest sampler on both Nikoli and Sudoku-Extreme under both training regimes.

The absorption-policy ladder. The middle block of Table 23| directly tests the priority policy:
the denoiser, argmax value rule, absorption budget, and evaluation budget are held fixed. Selecting
positions by increasing predictive entropy, uniformly at random, and by decreasing predictive
entropy produces a monotone ladder at both capacities: 0.900/0.340/0.110 on Nikoli at 6.4M and
0.970/0.820/0.550 at 21.3M. Three features of the ladder are worth noting. The reversal is the worst
configuration in the table, below uniformization and every corrected sampler, which separates the
absorption-priority effect from the discretization effect. Process-level samplers occupy a narrow
range, whereas changing only the order spans 0.79 at 6.4M. Random order is close to Euler (0.340
vs. 0.410 on Nikoli), further indicating that absorption priority drives the difference. The ladder
compresses as the denoiser improves, from a span of 0.79 at 6.4M to 0.42 at 21.3M, which is
qualitatively consistent with the oracle limit in Theorem [I[ii). Because the models also differ in
training budget and data mixture, this comparison does not attribute the compression to parameter
count alone. Table [24] places the fixed-score and random-order absorption baselines on the same
continuum and extends the comparison to the generated set.

E.5.4 WHY EULER AND TIME-CORRECTED NEARLY COINCIDE ON THE PUZZLE TASKS

Table [3|reports the same accuracy for Euler and the time-corrected sampler on all six puzzle columns,
while the three mathematics columns differ. Both rows run the same uniform discrete flow as
Section E], with no selective absorption; the near-coincidence follows from the discretization rather
than from a reporting artifact. We explain it because otherwise the identical rounded values could
appear to be a logging error.
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Table 21: Sudoku at scale (n=1000 generated puzzles, 6.4M, #givens € [22, 34]): solve accuracy with
95% puzzle-level bootstrap Cls and paired McNemar tests. Upper block: paired against Euler; the
adaptive and fixed-score absorption policies are both significant, and logical forcedness underperforms
the model’s entropy policy (an imperfect denoiser tracks calibration, not forcedness). Lower block:
the competing single-position ordering policies on the same 1000 puzzles, paired against the entropy
policy. The three confidence-based scores (entropy, probability margin, maximum probability) are
statistically tied, whereas Info-Gain (window 8) is significantly below them and unordered Euler far
below; wall-clock per puzzle on one H100 is 6.9 ms (entropy), 6.2 (margin), 2.4 (max-probability),
54.5 (Info-Gain), and 8.6 (Euler, re-run at 0.427, within the interval of the upper-block value); on
the 21.3M denoiser the entropy policy remains ahead of Info-Gain (0.964 against 0.947, p=0.027) at
9.5 against 149.3 ms. Right block: accuracy stratified by difficulty, where the ordering gap grows as
puzzles harden. We note that this is not Theorem[I[(ii) directly, which concerns the limit in which
the denoiser approaches the oracle; the two agree only under the additional premise that harder
puzzles leave the denoiser further from the oracle, which is plausible here but is not established by
the theorem.

vs Euler by #givens (determined)
absorption policy solve-acc 95% CI (McNemar) 22-25  26-29 30-34
entropy guided (adaptive) 0.922 [.905, .938] +.486, p<10™12 0.837 0.949 0.967
logical-forcedness (MRV)  0.621 [.591,.651]  4.185, p<10~'2 — — —
fixed external score 0.527 .496,.558]  +.091, p=9x10~7 | 0.288 0493  0.775
random-order absorption 0.446 415, .477 — — — —
Euler@64 0.436 .406, .467 — 0.190 0358  0.740

Vs entropy
probability margin 0.915 .897,.932 —.007, p=0.23 0.824 0935 0973
maximum probability 0.920 903, .936 —.002, p=0.80 0.834 0943  0.970
Info-Gain (window 8) 0.856 [.834,.877) —.066,p=3x107° | 0.732 0.868  0.952
21.3M denoiser, same puzzles

entropy guided (adaptive) 0.964 .952,.975 — 0.929 0970 0.988
Info-Gain (window 8) 0.947 .933,.961 —.017, p=0.027 0.892 0957 0985

Table 22: Decision-rule control (Nikoli, 6.4M, n=100, 5 seeds): absorption priority x value selection,
all single-position with per-step reevaluation. Priority dominates at both absorption rules; the argmax-
vs-sample rule is a minor effect. The unordered + argmax cell is the random-order policy follows
the uniform first-hitting choice of [41]. The 0.90040.000 is exact-zero seed variance (deterministic
argmax on the fixed 100-puzzle set), not a claim of zero uncertainty; the operative puzzle-level CIs
and paired McNemar tests are in Table @

absorption priority argmax value sampled value

entropy guided 0.900 £0.000 0.874 £0.008
random order (uniform choice, [41]]) 0.380 £+ 0.031 0.280 £ 0.026

Euler@64 (non-absorbing flow, argmax): 0.352 &+ 0.047

The two integrators differ only in how they discretize the schedule hazard within a grid interval. On
the grid t,_1 < t with At = ¢, — t;_1, the per-step transition probability of a position whose
current token differs from its predicted target is

At 11—t At
7) P =1 = =
11—t

euler
1 (- - A

Pr P T—dp1 11—tk
under the linear time parameterization used on the puzzle tasks. Both expressions discretize the same
hazard At/(1 — tx_1), one exponentially and one linearly. They agree to first order in At and differ

at O(At?).

On the puzzle tasks the vocabulary contains nine digits and every puzzle has a unique solution, so
once the denoiser’s predicted target at a position stabilizes, both integrators move that position to
the same digit and the O(At?) discrepancy changes only when within the grid the move occurs, not
which digit is written. Under common random numbers the two samplers therefore produce the same
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Table 23: Sensitivity to Sudoku denoiser capacity (solve accuracy). Parameter counts are exact
up to one decimal place. The absorbing rows are masked-reveal diagnostics, not the flow-active
ordering comparison in Table|3] The models also differ in training budget and data mixture, so the
comparison demonstrates robustness across denoisers rather than an isolated size effect. The middle
block isolates absorption priority by holding the denoiser and argmax value rule fixed. Accuracy
decreases monotonically from entropy-guided to random and then high-entropy-first absorption.

Nikolit Sudoku-Extreme?
Sampler 64M 21.3M 6.4M 21.3M
Uniformization 0.240 0.630 0.074 0.194
Euler 0.410 0.820 0.078 0.224
Fixed external score 0420 0.870 0.158 0.312
FreeCorrection 0.400 0.780 0.126 0.270
Time-corrected 0410 0.820 0.078 0.227
Location-corrected 0.360 0.790  0.096 0.246
Absorption-policy ablation (same denoiser and value rule, priority varied alone)
random absorption 0.340 0.820 0.104 0.256
high-entropy-first absorption  0.110  0.550  0.051 0.117
LEDFLOW (ours) 0.900 0.970 0.328 0.514

Table 24: The absorption-order ladder on masked-reveal diagnostics. Solve accuracy for adaptive
low-entropy, offline-score, random, and high-entropy orders. Absorbing policies share the denoiser
and argmax rule within each capacity; the non-absorbing Euler row is a separate reference. These
results test position ordering in the source-held setting, not the flow-active gate. The larger spread
for the weaker denoiser is an empirical observation, not a prediction of Theorem I] without further
assumptions.

Nikolit Sudoku-Extreme? Generated?
6.4M 21.3M 64M 21.3M  64M 21.3M

Low-entropy-first (ours) 0.900 0970 0.328 0.514 0.984 0.996
Offline o1 (deployable) 0420 0.870 0.143 0.301 0.840  0.960
Euler @64 (flow) 0410 0.820 0.078 0.224 0.610 0.924
Random single-position 0.340 0.820 0.104 0.256 0.756  0.948
High-entropy-first (reversal) 0.110  0.550  0.051 0.117 0.580 0.860

Solve accuracy on the older masked-reveal diagnostic cohorts (n=100 per benchmark, five seeds). Within each

capacity, the absorbing policies share the frozen denoiser and per-cell argmax rule; unabsorbed positions remain

at the mask token. The checkpoint is shared with the corresponding capacity in the main experiments; holding

active positions at the mask token is a separate decoder ablation. The Euler row is a reference baseline, not an
absorption-order variant.

Absorption order

final grid except when the discrepancy places a transition on opposite sides of a step boundary, which
changes the context seen by the denoiser at the next step and can alter the solved grid on a small
fraction of puzzles.

The measurements match this account. Across our sampler sweeps the two agree exactly on roughly
half of the (benchmark, K) pairs and differ by 0.001-0.006 on the rest, with no systematic sign: on
Nikoli at =32 and K =64 they are identical (0.730 and 0.820 at 21.3M), while on Sudoku-Extreme
at 21.3M they separate slightly at every budget (0.224 vs. 0.227 at K=64, n=700). The residual is
therefore a discretization effect, an order of magnitude below the +0.29 that the absorption policy
contributes on the same benchmark, and it is smaller than the reporting resolution on the n=100
splits of Table

In the mathematics columns (MathVista, MathVerse, GSM8K) the Euler and corrected rows run
FUDOKT’s native uniform flow over the full subword vocabulary with selective absorption disabled.
The LEDFLOW, Top K-margin, and Info-Gain rows in the same columns apply the cosine absorption
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schedule of Appendix [C.2]on that native text flow and differ only in the ranking score. With a large
vocabulary and open-ended answers, the predicted target changes more often between steps, the two
updates cease to be near-equivalent, and the gaps in Table [3](0.254 vs. 0.241 on MathVista, 0.026
vs. 0.022 on GSMB8K) are the genuine difference between the exponential and the linearized step.
The contrast between the two regimes is itself evidence for the paper’s claim: on constrained puzzles,
discretization corrections move accuracy by at most a few tenths of a point, while the absorption
policy moves it materially.

E.5.5 CAN AN EXTERNAL PRIORITY BEAT CONFIDENCE? TWO INDUCED-MISCALIBRATION
PROBES

On Sudoku our adaptive entropy policy is determined by the model’s internal confidence, so we ask
whether a fixed external priority can ever beat it. This comparison is outside the local optimality
claim of Theorem [T} but tests whether an external score can help when confidence is miscalibrated.
We induce that regime in two ways (Table [8). (a) Density shift (train dense givens 44-56, test
sparse 26-31): the model is verifiably overconfident (ECE 0.008 — 0.074) but its confidence priority
beats the external priority by a wider margin than on the calibrated model. (b) Wrong constraint
(train box-blind Latin squares, test Sudoku): a sign flip appears only in the hardest band where the
box-blind model is floored (a non-significant ~2-puzzle margin); wherever the model is capable,
confidence wins. In these probes, absorption-policy quality follows the confidence ranking more
closely than calibration or absolute correctness. Models capable of solving the task rank cells
well enough for their internal priority to win, whereas models with poor rankings rarely solve the
puzzle. Neither manipulation produces a capable but systematically misranked denoiser. The same
pattern appears when logical forcedness trails confidence (Table and when the external evidence
construction improves grounding AUROC without improving answer accuracy (Appendix [G]). We
therefore make no accuracy claim for the external priority over internal confidence. We therefore
retain external scores only as a complementary interface for the same absorption mechanism and
make no downstream accuracy claim for them.

E.6 ENTROPY-GUIDED ABSORPTION AND GENERALITY

The transfer comparison in Figure d|b) tests confidence ordering against a random order through
each model’s own sampler, not improvement over shipped decoders. In particular, the tested LLaDA
order coincides with its default decoder; several transfer differences are not significant, and MMaDA
MathVista changes by —0.001. This subsection complements Figure [[(a,b) with results across
additional constraint structures and pretrained model families. The comparisons retain the same
absorption budget while varying the priority policy, isolating whether the low-entropy order and its
transfer persist beyond the primary Sudoku setting.

Ordering-analysis cohort. Figure[d(a) reports puzzle solve accuracy on n = 1600 puzzles pooled
over Nikoli and Sudoku-Extreme. This pooled comparison orders policies from adaptive low entropy
through random and non-absorbing Euler to high entropy.

E.6.1 ADDITIONAL CONSTRAINT STRUCTURES: LATIN SQUARES, GRAPH COLORING,
MOLECULAR VALIDITY

To check that the absorption-policy effect is a property of constraint structure and not of Sudoku
specifically, we repeat it on 9 x9 Latin squares. The structure-dependence reproduces cleanly: entropy-
guided absorption reaches 0.998 against 0.752 random-order absorption and 0.690 non-absorbing
Euler flow (40.31), and the external logical-forcedness order again underperforms confidence (0.948
vs. 0.998). The decisive order benefit is therefore not Sudoku-specific.

Off the grid: graph coloring and molecular validity. On random-graph 3-coloring, the paper’s
other separated effect dominates: on hard instances the single-position absorption samplers all reach
~1.0 while the non-absorbing Euler flow floors at 0.45-0.63 (a +0.37 to +0.55 total-correlation gap,
Lemma [2)), while the priority among single-position absorption policies saturates (the near-oracle
regime of Theorem I[(ii)). On masked infilling of drug-like molecules from MOSES SMILES [21]],
entropy-guided absorption is the most valid and the high-entropy-first policy the least, with the gap
over Euler growing with the masked fraction (at mask 0.7: 0.896 > 0.843 > 0.828 > 0.767, +-0.068
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Table 25: Full transfer results across pretrained diffusion-model families. We vary only the
absorption policy through each model’s native sampler. The text-reasoning experiments use matched
wall-clock budgets. Higher is better; n.s. denotes a difference that is not statistically significant. Every
cell shown in Figure [d(b) appears here. The cells left grey in that figure are not applicable rather than
pending: LLaDA-8B and Dream-7B are text-only diffusion language models and are not evaluated
on the image-conditioned benchmarks, while LLaDA-V is an understanding-only multimodal model
without a generation head and is therefore evaluated on multimodal mathematics alone.

Model Benchmark Backbone family Random order LEDFLOW order A

Text reasoning (native sampler, order-only ablation)

LLaDA-8B-Instruct [17] GSMS8K masked diffusion LM 0.725 0.770 +0.045
Dream-7B [38 GSMS8K masked diff. LM (uniform prior) 0.371 0.492 +0.121 (2=5.5, p=5x1078)
MMaDA-8B [36 GSM8K unified MM diffusion 0.246 0.474 +0.228 (p~2x107'%)
MMaDA-8B BBH logical deduction unified MM diffusion 0.370 0.373 +0.003 (x*=0.00, n.s.)
MMaDA-8B Tracking shuffled objects  unified MM diffusion 0.180 0.240 +0.060 (x*=3.11, p~0.08)
MMaDA-8B ARC-Challenge unified MM diffusion 0.383 0.417 +0.033 (x*=0.71, n.s.)
MMaDA-8B CommonsenseQA unified MM diffusion 0.367 0.400 +0.033 (x*=4.61, p~0.03)
LLaDA-8B-Instruct BBH logical deduction masked diffusion LM 0.583 0.645 +0.063 (p=10~?)
LLaDA-8B-Instruct Tracking shuffled objects  masked diffusion LM 0.476 0.592 +0.116
LLaDA-8B-Instruct ARC-Challenge masked diffusion LM 0.803 0.830 +0.027
LLaDA-8B-Instruct CommonsenseQA masked diffusion LM 0.767 0.763 —0.004
Dream-7B BBH logical deduction masked diffusion LM 0.429 0.605 +0.176 (p~6x10~'%)
Dream-7B Tracking shuffled objects — masked diff. LM (uniform prior) 0.248 0.296 +0.048
Dream-7B ARC-Challenge masked diff. LM (uniform prior) 0.820 0.890 +0.070
Dream-7B CommonsenseQA masked diff. LM (uniform prior) 0.783 0.833 +0.050

Open multimodal mathematics (order-only ablation)

LLaDA-V [39 MathVista [14. masked diffusion VLM 0.483 0.499 +0.016 (n.s.)
LLaDA-V MathVerse [40 masked diffusion VLM 0.218 0.222 +0.004 (n.s.)
MMaDA-8B MathVista unified MM diffusion 0.329 0.328 —0.001 (n.s.)
MMaDA-8B MathVerse unified MM diffusion 0.204 0.206 +0.002 (n.s.)

over Euler, z/24). Across these domains, the dominant effect is consistent with the corresponding
theoretical term: the conditional term on unique-solution grids with an imperfect denoiser, and the
joint term on flexible coloring.

E.6.2 TRANSFER TO PRETRAINED DIFFUSION MODELS

We vary only the absorption order through each model’s native sampler, using the protocols in
Appendix [D] The baseline in every row is a random absorption order, not the model’s shipped
decoder; for LLaDA-8B the shipped low-confidence remasking coincides with the LEDFLOW order,
so the comparison there measures the value of that default over an arbitrary order. Absolute accuracies
are specific to our protocol (sample size, step budget, prompting, and extraction in Appendix [D) and
are not comparable to numbers published with each model’s own evaluation harness; for MMaDA-8B
on GSMSK in particular, the random-order arm sits far below the published figure because that figure
uses the confidence-ordered default decoder, which is the ordering we test. The entropy-guided order
improves over the random order by 0.045 on LLaDA, 0.121 on Dream, and 0.228 on MMaDA for
GSMBS8K; on BBH it improves LLaDA and Dream by 0.063 and 0.176. For MMaDA, the effect
is strongest on GSMB8K, positive on Track, ARC-Challenge, and CommonsenseQA, and nearly
unchanged on BBH.

For open multimodal mathematics, the differences on MathVista and MathVerse are not significant
for either model, providing the generality boundary summarized in Figure f{b). Table 23] reports
the complete model-family results and available significance information omitted from the compact
main-text visualization.

E.7 GLOBAL LOOKAHEAD ERROR AND EFFICIENCY

Block size trades sequential cost against accuracy: singleton absorption requires one evaluation
per generated position, whereas batching reduces the evaluation count and reintroduces the joint
dependence term. In the reported puzzle ablations, larger blocks lower accuracy (Appendix [E.7.2),
and the tested reopening rule does not improve on entropy ordering (Appendix [E.7.4).

The main-text timing in Figure {d) is for the profiled configuration; a separate GenEval profile at
K = 16 reports Info-Gain about 7.2x slower than LEDFLOW. These timings do not imply constant
overhead across sequence lengths and vocabularies. The block-size and reopening studies are in
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Table 26: Sudoku efficiency (6.4M denoiser, Nikoli n=100, mean 55.7 blanks/puzzle, five seeds,
1xH100). The single-position LEDFLOW policy evaluates the denoiser once per absorbed position.
The 0.90040.000 entry has zero seed variance because argmax absorption is deterministic on this
fixed set; Table [21|reports puzzle-level bootstrap intervals and paired McNemar tests.

sampler denoiser evals. ms/puzzle solve-acc (mean + 95% CI)
LEDFLOW (single-position absorption) 55.7 10.5 0.900 + 0.000
Euler@16 16 3.6 0.238 + 0.014
Euler@32 32 5.7 0.290 + 0.038
Euler@64 64 9.6 0.344 £ 0.045
Euler@128 128 17.5 0.334 £ 0.022
Euler@256 256 333 0.350 £ 0.030

Table 27: Profiled wall-clock (generated puzzles, n=200, mean ~52 blanks, 1 xH100; ms/puzzle
includes each policy’s score computation and denoiser reevaluation). LEDFLOW’s accuracy ad-
vantage over the non-absorbing baselines grows with denoiser quality (to 0.970 at 21.3M), while
uniformization remains less accurate at comparable wall-clock time.

6.4M 21.3M
sampler acc ms acc ms
LEDFLOW (single-position absorption) 0.925 5.7 0.970 9.7
Euler@64 / @256 0.520/0.560  8.2/28.2  0.830/0.810  12.8/46.1
uniformization (exact, unord.) 0.425 7.3 0.750 11.3

Appendices and they do not establish schedule invariance or rule out other revision
policies.

Info-Gain at its minimal window is not the entropy policy. Because Info-Gain scores a candidate
by its own entropy minus the mean entropy of the remaining positions after a one-step lookahead, one
might expect it to coincide with LEDFLOW at window 1. It does not. On the 6.4M denoiser, evaluated
along a shared LEDFLOW trajectory, the two select the same position in only 21.8% of steps on
Nikoli and 33.6% on Sudoku-Extreme, every puzzle diverges at least once, and the final grids agree
on 80% of Nikoli puzzles and 24% of Sudoku-Extreme puzzles. Where they diverge, LEDFLOW is
at least as accurate (0.900 against 0.830 on Nikoli; 0.296 against 0.284 on Sudoku-Extreme). The
downstream-entropy term therefore reorders selections even at the smallest window, and Figure c)
measures how that reordering degrades as the window grows.

The fixed-state window experiment underlying Figure dfc) varies only the number of unresolved-
position entropies aggregated by Info-Gain. The mean absolute score error increases from 0.17 with
one term to 1.76 under full aggregation, while absorption accuracy peaks at window 8 and then falls
to 0.31. Because window 8 is the maximum of that curve, we use it as the Info-Gain configuration in
every accuracy and runtime comparison reported in the main text, so the baseline is never evaluated
at a setting we have shown to be suboptimal. This directly complements the runtime comparison
in panel (d): local entropy selection avoids both the accumulated counterfactual estimates and their
additional denoiser evaluations.

E. 7.1 WALL-CLOCK COMPARISON
For GenEval at K =16, Flow/Euler, LEDFLOW, probability-margin sampling, and Info-Gain require

2.96, 2.96, 2.98, and 21.21 seconds per image and rank, respectively; Info-Gain is therefore 7.2x
slower than LEDFLOW.

E.7.2 ABSORPTION BUDGET, BLOCK SIZE, AND THE JOINT TERM
Two ablations address the block size b that Theorem|[I]leaves free and the joint term of Proposition

that it does not optimize. Both use the 6.4M denoiser, entropy ordering, and argmax absorption, and
vary only the absorption schedule.
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Table 28: Absorption budget and block size (Sudoku, 6.4M denoiser, entropy ordering). Each cell
reports puzzle solve accuracy / cell accuracy / fraction of incorrect absorptions, with the number of
denoiser evaluations per puzzle. The reported cosine, linear, and single-position outcomes coincide;
this does not imply that their nominal schedules are identical. Larger blocks trade accuracy for fewer
evaluations.

Schedule Nikoli (n=100) Generated (n=500)
solve / cell / bad NFE solve / cell / bad NFE

Single (b=1) 0.900/0.936/0.065 58 0.928/0.969/0.033 59
Cosine 0.900/0.936/0.065 58 0.928/0.969/0.033 59
Linear 0.900/0.936/0.065 58  0.928/0.969/0.033 59
Fixed b=2 0.880/0.922/0.079 29 0.918/0.966/0.036 30
Fixed b=4 0.850/0.918/0.083 15 0.892/0.959/0.043 15
Fixed b=8 0.720/0.875/0.127 8 0.830/0.941/0.061 8

Table 29: The joint term isolated (Sudoku, 6.4M denoiser, entropy ordering, n=150 puzzles per
givens level). Fraction of valid final grids on multi-solution puzzles as a function of block size; the
last column reports the unique-solution puzzles in the same sweep.

Givens  Multi-solution ~ Single (b=1) Block b=4 Block b=8 Unique, any b

22 150/150 1.000 0.507 0.267 —
26 150/150 1.000 0.667 0.207 —
30 147/150 0.993 0.708 0.460 1.000

Schedule shape versus block size. Table[28|compares single-position absorption with cosine and
linear budgets and with fixed blocks of 2, 4, and 8 positions. The table reports identical outcomes for
the cosine, linear, and single-position settings. Having fewer generated cells than grid points does not
by itself make these schedules identical. Without verified event-count traces for the nominal cosine
and linear settings, their identical outcomes do not establish schedule insensitivity. Fixed blocks cut
denoiser evaluations from 58 to 8 but lower solve accuracy from 0.900 to 0.720 on Nikoli and from
0.928 to 0.830 on generated puzzles, and the fraction of absorption events that absorb a wrong value
rises monotonically with b. Absorbing several positions at once from independent marginals ignores
their dependence, which is the b>1 penalty the decomposition predicts.

Isolating the joint term on multi-solution puzzles. On unique-solution puzzles the oracle condi-
tional is a point mass and the total correlation of any block is zero (Lemma[2), so the loss in Table 28]
mixes the joint term with the denoiser’s own error. To isolate the joint term we build puzzles with 22,
26, or 30 givens by blanking complete grids, which at these densities are almost all multi-solution,
and score grid validity (every row, column, and box a permutation of 1-9) rather than agreement
with one reference solution. Table [29|shows that single-position absorption stays valid on essentially
every puzzle, because re-conditioning after each absorption collapses the remaining ambiguity onto
one consistent branch, whereas absorbing a block of mutually dependent cells from independent
marginals mixes digits from different solution branches and breaks the constraints: validity falls to
0.51-0.71 at b=4 and 0.21-0.46 at b=8, and worsens as puzzles become more under-determined.
On the few unique-solution puzzles in the same sweep, block absorption is perfectly valid at every
block size. The penalty therefore appears only when the jointly absorbed cells are dependent, which
is the total-correlation term itself.

E.7.3 COMPARISON WITH ENTROPY-BOUNDED BLOCK UNMASKING

EB-Sampler [2] absorbs, at each step, the lowest-entropy position together with any further positions
whose cumulative entropy stays under a budget €; at e=0 it reduces to single-position LEDFLOW.
We reimplement it on the puzzle tasks with the same denoiser, argmax absorption, and ordering
(Table[30). At e=0.5 it cuts denoiser evaluations about thirteen-fold (55.7 to 4.2 on Nikoli) and loses
about fourteen points of solve accuracy (0.900 to 0.760; 0.928 to 0.792 on generated puzzles), and
both the accuracy loss and the incorrect-absorption fraction grow monotonically with e. EB-Sampler’s
adaptive batching is slightly more evaluation-efficient than fixed blocks at matched accuracy, but
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Table 30: EB-Sampler reimplementation on Sudoku (6.4M denoiser). Cells report solve accuracy /
cell accuracy / fraction of incorrect absorptions and the number of denoiser evaluations per puzzle. €
is the cumulative-entropy budget in nats; e=0 is LEDFLOW.

Sampler € Nikoli (n=100) Generated (n=500)
solve / cell / bad NFE solve / cell / bad NFE
LEDFLOW (single) 0 0.900/0.936/0.065 55.7 0.928/0.969/0.033 53.2

EB-Sampler 0.5 0.760/0.898/0.104 4.2 0.792/0.932/0.070 3.7
EB-Sampler 1.0 0.670/0.871/0.130 3.6 0.664/0.903/0.100 3.2
EB-Sampler 2.0 0.520/0.829/0.173 3.0 0.528/0.879/0.124 2.7
EB-Sampler 4.0 0.270/0.791/0.211 2.6 0.334/0.846/0.158 2.3

Table 31: Absorb-then-revise (Sudoku, 6.4M denoiser, entropy ordering). Reopening an absorbed
cell when its posterior mass drops below 0.5, capped at 10% of cells, leaves every metric unchanged.

Dataset Arm Solve  Cell  Bad-absorption Reopens/ puzzle
Nikoli LEDFLOW 0.900 0.936 0.065 0.00
Nikoli LEDFLOW +reopen  0.900 0.936 0.065 4.98
Generated LEDFLOW 0.928 0.969 0.033 0.00
Generated LEDFLOW +reopen 0.928 0.969 0.033 4.83

it sits on the same frontier as Table fewer steps are bought by absorbing dependent positions
together, and single-position LEDFLOW occupies the accuracy-optimal end.

E.7.4 ABSORB-THEN-REVISE

Irreversibility is the cost of absorption, so we test whether restoring a limited form of revision helps.
The reopen variant lets an absorbed position return to the active set if the denoiser’s posterior mass on
its absorbed value later falls below 0.5, capped at 10% of the generated cells per puzzle, after which
it is re-absorbed by the same entropy rule. Table 31| shows that the trigger fires on about five cells per
puzzle, yet solve accuracy, cell accuracy, and the incorrect-absorption fraction are unchanged to three
decimals: the reopened cells re-absorb the same values. Entropy-guided absorption already absorbs
at the moment the denoiser is confident, so there is nothing for revision to repair, and moving back
toward revisability does not recover the accuracy that the native flow loses. The value lies in when
the absorption is made rather than in the option to undo it.

F EXTENDED RELATED WORK

Discrete flow simulation and numerical correction. Discrete flow models generate categorical
data through continuous-time probability paths and associated CTMC velocities [3}24]. Euler and
tau-leaping approximate these dynamics on a finite grid, while corrected samplers reduce temporal or
spatial discretization error and uniformization simulates the learned CTMC more directly [30,31].
These methods improve how the native transition process is integrated. In contrast, LEDFLOW
augments inference with an irreversible absorption decision while leaving the learned posterior,
base probability path, and native update on active positions unchanged. The two design axes are
complementary: a corrected update may be applied to active positions before the next absorption
decision.

Confidence-guided absorption and revision. Confidence-based easy-first selection has a long
history in iterative masked generation. MaskGIT fixes high-confidence image tokens over successive
iterations, while later methods learn planners, use model confidence, or reconsider uncertain predic-
tions [4}112,113[37, 20, 11} 134} 18]]. Info-Gain instead uses counterfactual lookahead to estimate how
one decision changes uncertainty over the remaining positions [35]. LEDFLOW places this policy
question inside a uniform discrete flow: it absorbs the lowest-entropy active positions and suppresses
their future velocity, while all other positions continue under the native flow. Our analysis separates
the joint factorization and conditional prediction errors of this local decision, derives entropy from an
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upper bound on the latter, and quantifies how prediction error accumulates with the global lookahead
window.

Entropy-bounded and gradient-steered samplers. Two recent samplers for masked diffusion
apply KL analysis to unmasking, and the gap between what they control and what irreversible
absorption costs is the gap this paper closes. EB-Sampler [2] bounds the dependence discarded
within one parallel block and spends that bound on speed, enlarging the block to reach 2-3 x fewer
function evaluations at matched quality. Its analysis never asks which position should be made
terminal; the ordering criterion is taken from existing local proxies. Under a revisable sampler
that omission is benign, since a poor early choice can be overwritten. Under absorption it is not,
because the block budget is fixed before any ordering is chosen and therefore cannot see the error that
ordering determines. Section [3.3|supplies exactly that missing quantity, and the two mechanisms are
composable: the entropy budget bounds the block, the entropy ranking orders it. BoE steering [22]]
approximates one-step lookahead by differentiating successor-state entropy with respect to the
injected embedding, which places it on the lookahead side of the contrast drawn in Section and
inherits the window sensitivity that Lemma [T]identifies. It is also not portable to our setting: its token
importance score is a first-order expansion along e;(«) = e,, + «(€é; — e,,), anchored at the mask
embedding e,,, and a uniform discrete flow has no absorbing mask symbol to supply that basepoint.
Reporting a number for it would require inventing one and would measure our surrogate rather
than the published method, so we do not. Its authors additionally scope the underlying relaxation
away from “symbolic reasoning with brittle constraints,” the regime in which our largest gains occur.
Neither method has released code at the time of writing.

Guidance, training, and benchmark scope. Guidance methods target reward- or evidence-
weighted distributions, and reinforcement-learning methods fine-tune the denoiser for downstream
rewards [29] 28]]. These approaches alter the target, learned model, or training objective; LEDFLOW
is a training-free inference policy. Standard multimodal-understanding benchmarks often require
short answers, leaving limited output structure for an absorption policy to exploit. We therefore
evaluate across a spectrum: understanding measures behavior on weakly constrained outputs, whereas
text-to-image generation and structured reasoning test outputs with stronger dependencies (Tables
[2l and[3). Appendix [G]further explores a preliminary external grounding signal as an alternative to
the denoiser’s online entropy score; it is separate from the core method and accuracy claims.

G EXTERNAL EVIDENCE SIGNALS FOR OFFLINE ABSORPTION

The main experiments use predictive entropy recomputed from the denoiser at each grid point. This
appendix presents a complementary construction in which a frozen external teacher supplies a fixed
score before sampling. It illustrates how the selective-absorption mechanism can accept information
outside the denoiser; it is not required by LEDFLOW or by the main accuracy claims.

G.1 PATCH GROUNDING FIELD

We first test whether a pretrained multimodal discrete flow model contains a spatial signal that an

external score could exploit. Let Agé’h)’e = sof‘mrnaux(Qge’h)’9(Kt(e’h)’g)T /+/d},) denote question-to-

image attention, with Agg?’e

heads and query tokens as

0 (: £,h),0 _ 0 /.
pjei) = Z WILAg‘,i,t) ) pe(i) = Z u;p; (i),
,h

jeQ

the mass from query token j € O to image patch ¢ € P. We aggregate

where 1y, = softmaxy p(7en) and u; exp(w;rhj). Given an annotated region B* C P, the
normalized teacher field p* (i) o< 1[i € B*] supervises this field through Leng = Dkr(p*||p). A
frozen-model pilot finds that question-to-image attention localizes the annotated region above chance,
and fixed top-k head selection improves AUROC over uniform pooling. These observations motivate
using grounded evidence as an external priority signal, without making it part of the core denoiser or
sampler state.
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Table 32: Controlled grounding ablation on held-out GQA-val. Grounding supervision improves
where the model attends, while answer accuracy remains unchanged.

field AUROC answer
run uniform pool learned gate  accuracy
frozen base (no LoRA) 0.534 0.577 0.418
LoRA only (Agna = 0) 0.528 0.561 0.414
grounded (Agng = 0.5) 0.906 0.908 0.418

G.2 EXTERNAL OFFLINE SCORE

For generated position j, an external teacher Qg can estimate how strongly the grounded region
determines its target token. With teacher alignment score f4 and a contrast set of regions or images

N, define 4
g CPUslal. BY/T)
w1 Lpren exp(fo(al, B')/7)

This InfoNCE-style quantity estimates token—region dependence and is computed once with the
teacher frozen. A pointwise erasure alternative uses the positive confidence drop

S5 = [log(@qg(a{ | 1,Q) — log Qy(a] | I\B*’Q)L_'

NCE
Sj

After normalization, either score can replace predictive entropy as the ranking statistic in the otherwise
unchanged absorption mechanism of Section [3.2} For an absorption budget by, the externally guided
block is
B ¢ arg max 59Xt
k & B, Z J
|Bl=by, €8

The block uses the same value update, absorption rule, and native uniform-flow transition as Eq. (3));
only the priority score differs. This makes the construction an offline alternative to the online entropy
policy rather than a separate probability path.

G.3 PRELIMINARY CONTROLLED GROUNDING RESULT

We test whether the grounding field can be learned independently of answer accuracy. Two FUDOKI
runs use identical LoRA adapters, data, and optimization, differing only in A\gnq € {0,0.5}. We
compare both with the frozen model on held-out GQA-val (n = 500).

The matched LoRA-only control remains near the frozen model, whereas grounding supervision
raises uniform-pooled field AUROC from 0.534 to 0.906. The learned head gate adds little beyond
uniform pooling (0.908 versus 0.906), indicating that the gain is carried by the supervised attention
rather than head selection. Answer accuracy stays near 0.42 for all three runs. We therefore make only
the narrow claim that the construction provides a trainable external localization signal; evaluating
whether that signal improves selective absorption is left to future work.
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Algorithm 1 LEDFLOW selective absorption over uniform discrete flow model

1 ag, ~po, 7, 0V

2: fork=0,..., K—1do

3 Initialize af < aq,, fi < fu, .

4: Refresh set of active positions Uy < {j : f{, = 0} and state 53, < (ay,, f1,,Cs,)

5: Compute posterior Qf It (- | sk) and entropy H} (sy) for all j € Uy,

6 Determine number of active positions to be absorbed by, <+ max{0, |Ux| — my}

7 Select BEEP by Eq.

8 for j € B.FP do

9 Absorb with the most likely token under posterior ag;f + arg max Qi)‘tk (a] =27 | sp)
10: Update absorption indicator ff; +—1
11: end for )
12: Evolve all 57 with ftjlf = 0 from ¢, to tx41 under the uniform flow velocity in Eq.
13:  Keepal,,, < af forall j with f/" =1
14: Update f;, , < f{:
15: end for

16: return a;,
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