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ABSTRACT

Diffusion language models predict many masked positions at each denoising step,
but their efficiency and output quality depend on which predictions enter the
evolving context. Confidence is informative but incomplete for this decision: at
matched confidence, proposals with different identity and support histories exhibit
different one-step revision rates. We propose Trajectory-Aware Commit Gating
(TACG), a training-free decoder that separates the current token proposal from the
decision to commit it. TACG scores temporal support for the current proposal by
contrasting its logits with an exponential moving average of earlier logits, requires
the proposal identity to persist through a History Gate, and promotes a capped
number of additional positions per step. The gate decides which positions to
commit and when; every written token remains the contemporaneous base proposal.
On complete four-task LLaDA evaluations under the stated single-seed protocol,
measured task-specific operating points reach 51.02% mean accuracy with 67.82
mean model evaluations, compared with 48.00% and 76.59 for Native Confidence.
Under a matched per-event commit-count replay, history-guided selection exceeds
confidence ranking by 8.3 accuracy points at identical per-sample NFE. History-
reference interventions alter commitment timing while preserving the base-proposal
write rule. Experiments on Dream and LLaDA2-Mini characterize quality–cost
behavior across backbones and generation lengths. The code is publicly available
at https://github.com/Clarence-CV/TACG-DLLM.

1 INTRODUCTION

Diffusion language models (DLLMs) generate text by repeatedly predicting the values of masked
positions (Austin et al., 2023; Sahoo et al., 2024; Nie et al., 2025). A single forward pass proposes
tokens at many positions, creating an opportunity for parallel generation. Realizing this opportunity
requires a second decision: which proposals should enter the context now? In the non-revising
decoders considered here, a committed token stays in the sequence and conditions subsequent
predictions. Decoding therefore controls both the proposed token and when that proposal enters the
sequence.

Confidence provides a natural rule for this decision, but a scalar threshold uses only the current
probability. Raising it delays commitment; lowering it admits more candidates without distinguishing
how their support developed. Each masked position also carries a history of proposed identities and
logits across denoising steps. Two proposals with the same current confidence may therefore have
different trajectories, such as repeated support for the same token or a recent switch to a new candidate.
Recent stability-aware decoders such as KLASS exploit changes in the predictive distribution across
steps (Kim et al., 2026), while the role of candidate-specific proposal history in the commitment
decision remains open.

We first test whether proposal persistence and support trend contain information that current confi-
dence omits. A one-step hold (HOLD) probe keeps a candidate masked for one additional context
update and records whether its top-1 identity changes. Figure 1 reports two revision-rate differences
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on GSM8K. Within confidence bins, recently switched proposals revise more often than persis-
tent proposals. After matching confidence and persistence, weakening proposals revise more often
than strengthening proposals. The probe measures one-step proposal revision; it does not measure
correctness or calibration.
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Figure 1: Revision rates differ at matched confidence. We delay commitment by one context
update on GSM8K and record whether the model changes its top-1 proposal. (a) Within confidence
bins, the model revises recently switched proposals more often than proposals that retain the same
token for at least three steps. (b) After matching confidence and persistence, the model revises
proposals with declining same-token support more often than proposals with increasing support.

This observation motivates a separation between proposing a token and committing its position. We
introduce Trajectory-Aware Commit Gating (TACG), a training-free decoder that uses two history
signals. Figure 2 summarizes the resulting information flow. Temporal Implicit Logits Guidance
(TILG) contrasts the current logits with an exponential-moving-average reference and scores the
current proposal’s support. A History Gate (HG) checks proposal persistence. TACG uses these
signals to gate base commitments and rank a capped set of additional positions; every write remains
the contemporaneous base proposal.

The separation defines a local write invariant: TACG changes which positions enter the context and
when they enter it, while the token written at each accepted position comes from the base decoder
at that step. Later context can therefore produce different subsequent proposals and different final
text. We evaluate this mechanism with a selection-versus-writing intervention, a matched per-event
commit-count replay, and logit-reference interventions.

Our headline LLaDA comparison uses complete HumanEval, MBPP, GSM8K, and MATH500 splits.
The reported task-specific TACG operating points are measured on completed full-task runs from the
candidate roster under the stated single-seed protocol; they add 3.02 accuracy points and reduce mean
model calls by 11.45% relative to Native Confidence. Dream and LLaDA2-Mini extend the analysis
to a second backbone and longer generation lengths; we report matched timing and throughput studies
with their own settings.

Our contributions are:

1. We formulate parallel DLLM decoding as a commitment problem and introduce TACG,
which combines candidate-conditioned temporal support with proposal persistence while
retaining the base proposal at every write.

2. We compare selection and writing with a 2×2 intervention and test position choice with a
matched per-event commit-count replay. The replay yields 49.42% versus 41.16% accuracy
for history-guided versus confidence-ranked selection at identical per-sample NFE.

3. We report complete quality–NFE results on three decoder families, together with logit-
reference, sensitivity, timing, and length–batch studies that delimit how the tested gate
changes decoding trajectories and cost.
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2 BACKGROUND: MASKED DIFFUSION EXPOSES A COMMITMENT DECISION

2.1 THE DECODER CHOOSES WHICH PROPOSALS ENTER THE CONTEXT

Given a masked sequence xt, a DLLM predicts pt(i, v) = pθ(x
i
0 = v | xt) over vocabulary entries v

at each masked position i. A model call produces predictions for all active positions in parallel, after
which the decoder chooses a subset of proposals to reveal. In the non-revising setting considered here,
a revealed token remains in the sequence and becomes context for subsequent model calls. The model
therefore supplies the current proposal, while the decoder chooses when to commit that proposal.
LLaDA (Nie et al., 2025) and Dream (Ye et al., 2025) instantiate this masked-diffusion setting, while
LLaDA2-Mini uses a block-diffusion variant (Bie et al., 2025).

2.2 A PROPOSAL TRAJECTORY CONTAINS DISCRETE AND CONTINUOUS HISTORY

Before the decoder commits a position, repeated denoising calls expose a trajectory of its proposed
identity and model support. For position i at step t, let x̂t,i denote the current top-1 proposal and
ct,i its confidence. Proposal persistence counts consecutive observations that retain the same top-1
identity. For the current proposal v = x̂t,i and t ≥ 2, a support-trend diagnostic is

gt,i = log pt(i, v)− log pt−2(i, v), (1)

where positive values indicate increasing support for the current proposal and negative values indicate
decreasing support. This two-step diagnostic is separate from the implemented EMA score bi in
Section 4.

We use a one-step HOLD diagnostic to relate these histories to proposal revision. If the decoder
would commit position i at step t, we keep it masked for one additional model call while the decoder
updates the surrounding context. We record whether the top-1 proposal changes,

Rt,i = ⊮
[
x̂hold
t+1,i ̸= x̂t,i

]
. (2)

A revision Rt,i = 1 means that the current proposal does not survive one additional context update.
It does not imply that either proposal is correct. We use the HOLD probe only for analysis; it adds no
model call during TACG inference.

The comparisons in Figure 1 stratify proposals by current confidence before comparing recently
switched and persistent proposals. They then stratify by confidence and persistence before comparing
decreasing and increasing support. These comparisons motivate a candidate-conditioned temporal
signal, while the method and experiments keep its interpretation operational: it ranks positions for
commitment and does not provide a correctness guarantee.

3 RELATED WORK

Parallel commit policies. Fast-dLLM combines confidence-aware selection with approximate
caching (Wu et al., 2025). APD adapts parallel sampling to the denoising state (Israel et al., 2025),
LocalLeap groups positions using local determinism (Kong et al., 2025), Prophet uses a top-2
confidence gap to trigger early commits (Li et al., 2026), and Dynamic Sliding Block changes the
reveal schedule with a dynamically sized sliding block (Luo et al., 2026). These methods change the
commit schedule through confidence, local consistency, or a predefined schedule. TACG uses the
same commit interface and adds a candidate-specific temporal score.

History and stability signals. KLASS combines confidence with a distribution-level KL signal (Kim
et al., 2026). Anchor-based History-stable Decoding (AHD) uses historical anchors (Zou et al., 2026),
and DC-Leap uses draft-guided contiguous verification and leaping (Jiao et al., 2026). LookUM
and LOPA evaluate candidate continuations or local lookahead (Lee et al., 2025; Xu et al., 2025).
TACG reads logits already produced by the backbone, scores the current candidate relative to an
exponential-moving-average reference, and introduces no auxiliary forward pass for the gate.

Candidate-conditioned temporal contrast. TILG is algebraically analogous to classifier-free
guidance because both form a contrastive readout from current and reference model outputs (Ho &
Salimans, 2022). Classifier-free guidance combines conditional and unconditional score estimates to
form a sampling distribution. TILG contrasts current logits with earlier logits from the same model
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and uses the result to rank commitment candidates. The written token remains the base proposal, so
TACG contributes a gate-level temporal readout alongside the base token distribution.

4 TEMPORAL HISTORY SELECTS COMMIT POSITIONS

4.1 THE BASE MODEL SUPPLIES EVERY WRITTEN TOKEN

Let Mt be the masked positions at step t, with logits zt(i, ·) and base posterior pt = softmax(zt).
The base decoder supplies a proposal x̂i and confidence ci = pt(i, x̂i):

x̂i = argmax
v

pt(i, v), ci = pt(i, x̂i). (3)

The gate decides whether to write this proposal. Figure 2 shows the information flow.
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Figure 2: TACG uses a temporal-support branch to select commit positions. The base posterior
supplies the current proposal. Earlier logits form an EMA reference, and TILG contrasts current
logits with that reference to score candidate-conditioned support. History Gate and capped ranking
select positions for commitment. Each write uses the current base proposal. The threshold sketch is
illustrative; extra commitments follow the capped ranking rule in Section 4.3.

4.2 TILG SCORES CANDIDATE-CONDITIONED TEMPORAL SUPPORT

Current confidence describes a proposal’s probability. Temporal support describes how the model’s
relative evidence for that proposal has changed. We maintain an EMA of earlier logits and read it
before updating the reference:

z̄t = βz̄t−1 + (1− β)zt. (4)
The first observation initializes the reference with current logits, so its support score is neutral. With
preft = softmax(z̄t−1), the TILG readout is

qt = softmax(zt + w(zt − z̄t−1)) , qt(v) ∝
pt(v)

1+w

preft (v)w
. (5)

For a pair of tokens, this readout adds w times the change in historical-to-current log odds to the
current log odds. We query the readout at the base proposal and use its positive probability gain to
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score the position:
bi =

[
qt(i, x̂i)− preft (i, x̂i)

]
+
, si = ci + λbi. (6)

The full vocabulary normalization matters, so a positive candidate log-ratio alone does not determine
bi. The parameters w and λ control the temporal contrast and its contribution to ranking. Appendix F
gives the equivalent probability-ratio form and its first-order interpretation.

4.3 PERSISTENCE AND A CAPPED BUDGET SELECT POSITIONS

An abrupt support increase can occur before the proposed identity has persisted. The History Gate
adds a discrete persistence condition to the continuous score. Let hi count consecutive steps with the
same proposal. For base and extra paths, define

Hj
i = 1[hi ≥ mj ] ∨ 1[ci ≥ τesc], j ∈ {base, extra}. (7)

The confidence escape permits saturated predictions to pass immediately. A confidence floor defines
the extra pool, and a per-step cap limits extra promotions. In the gate-before-ranking Dream adapter,
the backend’s base accept set Rbase

t gives

Bt = {i ∈ Rbase
t : Hbase

i = 1}, (8)

Nt = {i ∈ Mt \ Bt : ci ≥ τfloor, H
extra
i = 1}. (9)

TACG promotes the highest-scoring candidates under the effective extra budget kt:

Et = TopKi∈Nt
(si, kt), 0 ≤ kt ≤ Kmax. (10)

LLaDA preserves its backend ordering: confidence and KL eligibility define the base and extra pools,
readiness ranking selects extras under a ratio-capped quota, and a shared History Gate filters their
union. The quota uses the raw base-set size and the configured empty-base policy. Both adapters use
a progress fallback and write the current base proposal at every accepted position. The cap bounds
extra promotions, while the resulting trajectory determines quality and model-call cost. Appendix A
gives both adapters explicitly, and Appendix B.1 lists the experimental settings.

4.4 THE GATE CHANGES CONTEXT TIMING WHILE WRITES KEEP BASE IDENTITY

TACG computes its gate from logits already available at the current call, so gate computation adds
no model forward pass. Its EMA and vocabulary operations scale as O(BLV ) for batch size B,
active length L, and vocabulary size V . The write rule is local: every accepted position receives
its contemporaneous base proposal. Earlier writes can change later contexts, so later proposals and
final text can differ across commitment schedules. We therefore evaluate both model-call counts and
measured decode latency, and we report logit-reference interventions as trajectory evidence with the
local write rule stated explicitly. Appendix A gives the execution order for both adapters, including
eligibility pools, quotas, fallback, state updates, and NFE counting; Tables 10 and 11 give the default
parameters.

5 EXPERIMENTS

5.1 EVALUATION PROTOCOL ANCHORS EVERY QUALITY–COST PAIR

We evaluate LLaDA-8B and Dream-7B on the complete HumanEval, MBPP, GSM8K, and MATH500
splits of 164, 257, 1,319, and 500 examples, respectively (Chen et al., 2021; Austin et al., 2021;
Cobbe et al., 2021; Hendrycks et al., 2021). The main comparisons use one completion per example,
seed 516, and generation length 256. We pair each method with its same-model baseline under the
same task and generation budget. LLaDA uses temperature 0; Dream uses temperature 0.2 and top-p
0.95.

We report task accuracy (ACC) and mean main-model forward evaluations (NFE) per example. Lower
NFE indicates fewer model calls. Each accuracy–NFE pair comes from one complete-task run, and
aggregate values average the four benchmarks equally. LLaDA2-Mini uses separate protocols at gener-
ation lengths 1024 and 2048 with MBPP denominator 427. Full protocol details and adapted baseline
schedules appear in Appendix B. The records in analysis/revision_table_data.json,
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Table 1: Accuracy and model-call cost on LLaDA-8B. ACC is accuracy (%); NFE is mean model
calls per example. Mean averages the four tasks equally; bold marks column best. Shaded rows mark
TACG; unshaded rows are baselines or controls.

Method HumanEval MBPP GSM8K MATH500 Mean

ACC ↑ NFE ↓ ACC ↑ NFE ↓ ACC ↑ NFE ↓ ACC ↑ NFE ↓ ACC ↑ NFE ↓

Native Confidence 37.20 52.28 47.08 83.34 77.10 74.26 30.60 96.48 48.00 76.59
AHD 39.63 51.89 45.91 85.46 75.28 73.97 30.40 95.28 47.81 76.65
DSB 39.02 50.46 48.64 81.49 76.35 72.98 33.40 95.68 49.35 75.15
KLASS 39.63 92.13 48.25 134.82 77.63 134.45 30.60 152.42 49.03 128.45
TACG 42.07 45.71 50.97 74.42 77.03 67.12 34.00 84.04 51.02 67.82

analysis/supplementary_data/candidate_results.csv, and the audited laten-
cy/intervention tables retain task denominators, configuration vectors, and source-path checks.

Native Confidence commits positions with the backend’s current-confidence rule and serves as the
same-model baseline. The headline TACG rows use benchmark-specific operating points. We report
shared vectors and independently timed vectors as separate settings.

5.2 MAIN QUALITY–COST COMPARISON

Table 1 gives the headline LLaDA comparison. The displayed task-specific TACG points are
measured on completed full-task runs from the candidate roster under the stated single-seed protocol.
They improve accuracy on HumanEval, MBPP, and MATH500 and reduce model calls on all four
benchmarks. Mean accuracy rises from 48.00% to 51.02%, and mean NFE falls from 76.59 to 67.82.
Among the displayed rows, TACG has the highest mean accuracy. The fixed KLASS row provides
an additional GSM8K operating point. The component and replay studies below test whether the
quality–cost change follows from which positions the decoder commits.

5.3 SELECTION AND WRITING CONTRIBUTE DIFFERENTLY IN A TWO-BY-TWO INTERVENTION

Table 2: Full task results for the component diagnostic. Mean averages the four complete tasks;
Selection is history-guided position choice and Writing changes token values.

Method Metric HumanEval MBPP GSM8K MATH500 Mean

Confidence ACC ↑ 37.20 47.08 77.10 30.60 48.00
NFE ↓ 52.28 83.34 74.26 96.48 76.59

Selection ACC ↑ 39.02 50.19 76.04 32.60 49.47 (+1.47)
NFE ↓ 48.02 74.52 63.83 85.09 67.87 (-11.39%)

Writing ACC ↑ 37.80 49.03 75.36 31.80 48.50 (+0.50)
NFE ↓ 50.65 82.93 74.74 97.13 76.36 (-0.30%)

Selection + writing ACC ↑ 40.24 49.81 75.51 32.60 49.54 (+1.55)
NFE ↓ 46.16 74.00 64.16 85.80 67.53 (-11.83%)

The component study in Table 2 uses an independent across-task LLaDA batch, so its absolute values
differ from the headline task-specific rows. The history-guided selection policy is composite: it
combines temporal ranking, capped extra promotion, persistence and escape checks, and progress
fallback. Relative to its matched control, the selection arm changes mean accuracy by +1.47 points
and mean NFE by -11.39%; the guided-token-writing arm changes accuracy by +0.50 points and NFE
by -0.30%. The combined variant reaches 49.54% accuracy with 67.53 mean NFE. The diagnostic
shows a larger observed shift in the composite selection arm under this intervention. The factorization
supports placing temporal evidence in the selector while the base decoder supplies the written token.
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Table 3: Matched per-event
commit-count selector replay.
Both selectors use identical
per-sample NFE; selected po-
sitions differ.
Selector ACC ↑ NFE ↓

History-guided 49.42 62.79
Confidence-ranked 41.16 62.79

Table 4: Per-task results under matched per-event commit counts.
Selector Metric HumanEval MBPP GSM8K MATH500 Mean

History-guided ACC ↑ 39.02 50.19 76.27 32.20 49.42
NFE ↓ 44.02 69.39 58.33 79.43 62.79

Confidence-ranked ACC ↑ 34.76 38.52 67.55 23.80 41.16
NFE ↓ 44.02 69.39 58.33 79.43 62.79

5.4 HISTORY SELECTION MATTERS UNDER MATCHED PER-EVENT COMMIT COUNTS

The replay tests position choice under matched per-event commit counts. The confidence-ranked
control reproduces the reference’s total commit count at every sample, block, and event, so both
selectors use exactly the same per-sample NFE. History-guided selection reaches 49.42% accuracy
versus 41.16% for confidence ranking, a difference of 8.27 percentage points across the four tasks.
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Figure 3: Dream MATH500 intervention diagnostic on 500 paired prompts. (a) Mean commit-step
changes across 16-position bins with pointwise 95% intervals; (b,c) ECDFs of prompt-level mean
commit-step and NFE changes; (d) joint changes in position-wise (step, source) traces and final text.

5.5 LOGIT-REFERENCE INTERVENTIONS CHANGE TRAJECTORIES WHILE LOCAL WRITES STAY
ANCHORED

The four arms use the observed EMA reference, a frozen reference, no temporal support, and a within-
sample position-permuted reference. The no-support arm removes the temporal-support branch; the
other intervention arms alter its reference. Confidence and the proposal-streak gate remain fixed.
Relative to the observed reference, the three interventions change 417, 249, and 480 of 500 commit
traces, and 68, 52, and 101 final texts, respectively. All 512,000 recorded writes match their local
base proposal. All three controls have paired accuracy intervals; together, these controls provide a
trajectory-sensitivity view of the commit path and final text.

5.6 THE MEASURED ROSTER COVERS QUALITY–NFE OPERATING POINTS

Figure 4 shows the measured LLaDA quality–NFE roster. Each orange point is a complete-task
evaluation and the line joins the measured non-dominated points. The main table selects one operating
point per benchmark; the appendix reports the complete LLaDA and Dream candidate rosters.

The sensitivity panels vary one control at a time on LLaDA HumanEval. The support-weight slice
covers λ = 0.15–0.75 at w = 0.35; the headline HumanEval operating point uses λ = 2.00 and
is outside this slice. The prompt-level panel evaluates six History Gate settings on the same 164
examples.
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Table 5: Accuracy and model-call cost across backbones. Mean averages the four tasks equally;
Dream uses MBPP257 and LLaDA2-Mini uses MBPP427. Shaded rows mark TACG.

Method HumanEval MBPP GSM8K MATH500 Mean

ACC ↑ NFE ↓ ACC ↑ NFE ↓ ACC ↑ NFE ↓ ACC ↑ NFE ↓ ACC ↑ NFE ↓

LLaDA-8B
Native Confidence 37.20 52.28 47.08 83.34 77.10 74.26 30.60 96.48 48.00 76.59
TACG 42.07 45.71 50.97 74.42 77.03 67.12 34.00 84.04 51.02 67.82

Dream-7B
Native Confidence 47.56 51.19 63.42 82.46 73.16 74.63 39.00 94.60 55.79 75.72
TACG 50.00 50.80 63.04 93.53 73.62 74.26 39.60 91.14 56.56 77.43

LLaDA2-Mini
Baseline 84.15 67.38 80.09 77.93 87.64 147.90 64.80 294.77 79.17 146.99
TACG 85.98 69.66 80.56 75.36 88.17 148.11 67.40 290.79 80.53 145.98

5.7 ADAPTER-SPECIFIC TESTS SPAN BACKBONES AND LENGTHS

Table 5 applies the same temporal-support framework, adapted to three decoder families. On the tested
Dream task-specific operating points, TACG improves both accuracy and call count on HumanEval,
GSM8K, and MATH500; MBPP supplies the complementary operating point under the same official
adapter. On LLaDA2-Mini, accuracy improves on all four tasks at both 1024 and 2048 generated
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Table 6: LLaDA2-Mini at two generation budgets. Each panel matches the generation budget; MBPP
uses 427 examples and shaded rows mark TACG.

Method HumanEval MBPP GSM8K MATH500 Mean

ACC ↑ NFE ↓ ACC ↑ NFE ↓ ACC ↑ NFE ↓ ACC ↑ NFE ↓ ACC ↑ NFE ↓

Generation length 1024
Baseline 84.15 67.38 80.09 77.93 87.64 147.90 64.80 294.77 79.17 146.99
TACG 85.98 69.66 80.56 75.36 88.17 148.11 67.40 290.79 80.53 145.98

Generation length 2048
Baseline 84.15 71.51 80.09 78.12 88.32 176.97 75.20 456.83 81.94 195.86
TACG 85.37 78.32 80.33 79.72 88.63 171.18 76.40 451.52 82.68 195.19

Table 7: History Gate window on HumanEval.
Each pair changes only the minimum proposal
streak; the three rows use distinct support settings.

HG = 2 HG = 3

(w, λ) ACC NFE ACC NFE

(0.30, 0.05) 38.41 43.75 38.41 48.49
(0.35, 0.10) 39.02 43.58 39.63 48.02
(0.38, 2.00) 40.85 40.68 42.07 45.71

Table 8: Matched request cost at two HG win-
dows on H200. Each setting uses the same 80
timing requests.

Metric HG = 2 HG = 3

NFE 85.05 90.10
Decode (ms) 2145.88 2279.48
Request (ms) 2334.90 2427.97
Wall speedup 1.040× 1.000×

positions, with mean NFE decreasing from 146.99 to 145.98 and from 195.86 to 195.19. The table
below lists the matched task-level results; the two generation budgets remain separate because they
correspond to different block trajectories.

5.8 MEASURED DECODE COST IS SEPARATE FROM NFE

The default rows use benchmark-specific points; the appendix reports one shared vector and a separate
timing-study vector. We measure request-level decoding behavior instead of inferring wall-clock
gains from NFE. The paired History Gate study changes only the persistence window, and the latency
table uses matched requests under its own configuration. The fully profiled timing-study vector

Table 9: Matched decoding latency for alternate LLaDA parameter settings. Mean synchronized
decode time (ms) on H200; speedup is the four-task mean ratio.

Method Setting HumanEval MBPP GSM8K MATH500 Mean ms ↓ Speedup ↑

Native Confidence Reference 1391.3 2073.7 1975.5 2341.0 1945.4 1.000×
TACG Across-task 1330.5 1949.8 1784.9 2119.7 1796.2 1.083×
TACG Timing study 1383.0 1780.1 1836.4 2119.7 1779.8 1.093×

gives a 1.093× decode-speed ratio on LLaDA, with mean synchronized decode times of 1779.8
ms and 1945.4 ms. The timing-study vector is a separate fully profiled quality–NFE point with
50.47% quality and 66.82 mean NFE. Appendix E.2 reports throughput and memory on the tested
length–batch grid.

6 CONCLUSION

TACG uses the denoising trajectory to decide when a base proposal should enter the context. Its
temporal-support and persistence signals change position selection while retaining the current pro-
posal at every write. Complete-task comparisons on the tested single-seed LLaDA roster show
accuracy gains on three of four benchmarks with fewer calls on all four, and controlled interventions
show observed selector differences under matched per-event commit counts and identical per-sample
NFE. Dream, LLaDA2-Mini, and the system profile characterize tested operating points across
backbones, lengths, and throughput configurations.
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A DECODING ALGORITHM

The listings give the shared TACG computations and the LLaDA and Dream selection rules used
in our experiments. Each listing targets one sequence; we apply selection independently to each
active batch row. topk(score, candidates, k) returns a Boolean mask containing the
highest-scoring min(k, |candidates|) eligible positions, and returns an empty mask when k = 0.

Shared temporal state and readout. The state contains the EMA logits, the previous base proposal,
and its consecutive-agreement count. The first observation gives zero temporal support. The historical
reference is read before the current logits enter the EMA.

class TACGState:
def __init__(self):

self.ref = None
self.previous = None
self.streak = None

def tacg_readout(logits, history_mask, state, cfg):
p = softmax(logits, dim=-1)
proposal = argmax(p, dim=-1)
confidence = gather(p, proposal)
if state.previous is None:

streak = ones_like(proposal)
else:

same = proposal == state.previous
streak = where(same, state.streak + 1, 1)

streak = where(history_mask, streak, 0)
ref = logits if state.ref is None else state.ref
q = softmax(logits + cfg.w * (logits - ref), dim=-1)
p_ref = softmax(ref, dim=-1)
support = clamp(gather(q, proposal)

- gather(p_ref, proposal), min=0)
if state.ref is None:

support = zeros_like(confidence)
score = confidence + cfg.support_lambda * support
return p, proposal, confidence, streak, score, ref

def update_state(state, logits, proposal, streak, ref, beta):
state.ref = detach(beta * ref + (1 - beta) * logits)
state.previous = detach(proposal)
state.streak = detach(streak)
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Base eligibility and backend selection. Let kl_ok be true for a confidence-only gate. For an
active KLASS gate it requires the backend’s configured window of consecutive values DKL(pt∥pt−1)
to fall below its KL threshold, using the same zero-initialized posterior/window and numerical
offset as the backend. LLaDA retains this eligibility check for both raw base candidates and extra
candidates. Its ratio cap uses the number of raw base candidates, and its History Gate filters the
combined candidate set after extra selection. Dream applies separate persistence thresholds to the
base and extra paths and uses a fixed extra cap.

def llada_select(mask, confidence, streak, score, kl_ok,
scheduled_k, final_step, cfg):

raw_base = mask & kl_ok & (confidence > cfg.tau_conf)
eligible = (mask & kl_ok

& (confidence > cfg.tau_floor)
& (confidence <= cfg.tau_conf))

k = min(cfg.K_max, ceil(cfg.extra_ratio
* max(count(raw_base), 1)))

if not any(raw_base) and not cfg.allow_empty_base:
k = 0

extra = topk(score, eligible, k)
candidates = raw_base | extra
if not any(candidates):

candidates = topk(score, mask, scheduled_k)
history_ok = ((streak >= cfg.m_base)

| (confidence >= cfg.tau_escape))
commit = candidates & history_ok & mask
if not any(commit) and any(candidates):

commit = topk(score, candidates, 1)
elif not any(commit) and final_step:

commit = topk(score, mask, scheduled_k)
return commit

def dream_select(logits, mask, confidence, streak, score,
kl_ok, cfg):

raw_base = mask & kl_ok & (confidence >= cfg.tau_conf)
escape = confidence >= cfg.tau_escape
base = raw_base & ((streak >= cfg.m_base) | escape)
eligible = (mask & ~base

& (confidence >= cfg.tau_floor)
& ((streak >= cfg.m_extra) | escape))

extra = topk(score, eligible, cfg.K_max)
commit = base | extra
if not any(commit) and any(mask):

# Same position selection as the Dream baseline.
fallback_conf, _ = sample_tokens(

logits[mask], temperature=cfg.temperature,
top_p=cfg.top_p, top_k=cfg.top_k)

fallback_score = full_like(confidence, -inf)
fallback_score[mask] = fallback_conf
commit = topk(fallback_score, mask, 1)

return commit

The Dream fallback samples from the backend’s temperature-scaled and truncated posterior to score
positions; we discard the sampled token. The write below always uses the current base-posterior
argmax. In LLaDA, the same persistence threshold applies to base and extra candidates, and HG
rejects an extra candidate without replacing it with a lower-ranked candidate. We account for
mandatory progress separately from the extra cap.
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Block loop, writes, and model-call counting. LLaDA uses its configured blocks, retains temporal
state across blocks, and tracks proposal streaks over the full sequence. Dream treats the generation
region as one active block and updates streaks at masked positions. For a block with n initially
masked positions and S scheduled steps, LLaDA assigns ⌊n/S⌋+1[t < n mod S] fallback positions
to step t. The following loop shows where these state updates and the NFE counter occur; the loop
computes kl_ok from the same forward result. The reported confidence settings keep the KL check
open; active KLASS configurations retain the window check shown below.

x = concatenate(prompt, full(generation_length, MASK))
state, nfe = TACGState(), 0
previous_p, kl_history = None, zeros(len(x), cfg.kl_window)
for block in generation_blocks:

initial_count = count((x == MASK) & block)
steps = cfg.steps_for_block(block)
for t in range(steps):

mask = (x == MASK) & block
if not any(mask):

break
logits = model(x).logits
nfe += 1 # one actual model call
logits = align_backend_logits(logits)
history_mask = ones_like(mask) if cfg.llada else mask
p, proposal, conf, streak, score, ref = tacg_readout(

logits, history_mask, state, cfg)
kl_ok = ones_like(mask)
if cfg.use_kl:

if previous_p is None:
previous_p = zeros_like(p)

d = sum(p * (log(p + 1e-12)
- log(previous_p + 1e-12)), dim=-1)

kl_history = append_and_drop_oldest(kl_history, d)
kl_ok = all(kl_history < cfg.tau_kl, dim=-1)
if cfg.llada and t < cfg.kl_window - 1:

kl_ok = zeros_like(mask)
previous_p = detach(p)

if cfg.llada:
budget = (initial_count // steps

+ (t < initial_count % steps))
commit = llada_select(mask, conf, streak, score,

kl_ok, budget, t == steps - 1, cfg)
else:

commit = dream_select(logits, mask, conf, streak,
score, kl_ok, cfg)

x[commit] = proposal[commit] # base, extra, and fallback
update_state(state, logits, proposal, streak, ref, cfg.beta)
mask = mask & ~commit

return x, nfe

align_backend_logits applies the backbone’s output-position convention (Dream shifts its
logits by one position). TACG’s readout and selection need no additional model evaluation. The
LLaDA2-Mini implementation retains its block and cache schedule; its reported decoding NFE also
includes cache-refresh model calls and excludes prompt prefill. Experimental settings appear in
Appendix B.1.

B PROTOCOLS AND CONFIGURATIONS

Complete task evaluation. We use generation length 256 for the main LLaDA-8B/Dream-7B
tables and ordered, complete task splits with one generated completion per example. We evaluate
LLaDA2-Mini separately at lengths 1024 and 2048; baseline and TACG share the generation budget
within each comparison. We score code-task accuracy on the saved completions and compute NFE
from per-example model-call counters. Accuracy, mean NFE, and latency have distinct denominators:
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the first two cover complete tasks, whereas matched decode profiles use repeated timing requests. We
average accuracy and NFE across the four tasks within each panel.

On GSM8K, the LLaDA Native Confidence and TACG rows use the same 1,319 test questions,
checkpoint, prompts, and answer parser, with generation length 256, block length 64, and step budget
256. Their saved per-question results give 1,017 and 1,016 correct answers and mean NFE 74.26 and
67.12, respectively. We aggregate both metrics over the complete test split.

Adapted baselines. Native Confidence and fixed KLASS serve as separate gate families; KLASS
uses confidence threshold 0.9, KL threshold 0.01, and history length 2 on all tasks. AHD and
DSB use the authors’ implementations adapted to the evaluation protocol with their method-specific
schedules. AHD uses a fixed KL threshold of 0.01 across tasks; DSB uses its greedy scheduler with
caching disabled. NFE counts main-model evaluations, whose computational cost can differ across
implementations.

Operating-point selection. The default TACG row uses benchmark-specific operating points. The
across-task ablation uses one TACG vector for all tasks within each model.

B.1 HYPERPARAMETER SETTINGS

The following tables list the registered vectors and full candidate rosters. Both backbones use
EMA decay β = 0.95. LLaDA uses HG streak 3, at most two extra commits, extra ratio 0.25, and
empty-base promotion. For Dream, mb and me denote the base and extra-path streak requirements,
and K is the maximum extra-commit budget. The main Dream row uses one benchmark-specific
accuracy–NFE operating point per task with the same current TACG adapter; the accompanying
machine-readable records retain the corresponding raw paths and receipts. Tables 12 and 13 give

Table 10: TACG parameters on LLaDA. The main comparison uses Default; the Timing study setting
uses Default vectors for HumanEval/GSM8K and the separate vectors below for MBPP/MATH500.
Across-task uses one vector for all tasks. All use confidence threshold 0.9, EMA decay 0.95, at most
two extra commits, and extra ratio 0.25. The settings use empty-base promotion.

Setting Task w λ τfloor HG τesc

Across-task All tasks 0.35 0.1 0.74 3 0.95
Default HumanEval 0.38 2 0.74 3 0.96
Default MBPP 0.35 0.15 0.74 3 0.95
Default GSM8K 0.3 0.05 0.8 3 0.95
Default MATH500 0.365 0.35 0.745 3 0.95
Timing study MBPP 0.35 0.1 0.74 2 0.95
Timing study MATH500 0.35 0.1 0.74 3 0.95

Table 11: TACG parameters on Dream. Default gives the benchmark-specific operating points used in
the main comparison; Across-task uses one vector for all tasks. All rows use the same TACG adapter
with EMA decay 0.95. Base confidence is 0.95 on MBPP and 0.90 on the other tasks; mb and me

give the base and extra-path streaks, and K caps extra commits.

Setting Task w λ τfloor mb me τesc K

Across-task All tasks 0.3 0.02 0.885 5 3 0.99 1
Default HumanEval 0.3 0.02 0.895 1 1 1 1
Default MBPP 0.3 0.02 0.89 5 3 0.99 2
Default GSM8K 0.225 0.015 0.899 1 1 1 1
Default MATH500 0.35 0.1 0.88 3 1 0.95 2

the complete candidate vectors used by the operating-point analysis.

15



Preprint.

Table 12: LLaDA sweep: each row
is one parameter vector, applied to all
four tasks.

w λ τfloor τesc

0.35 0.15 0.74 0.95
0.35 0.25 0.74 0.95

0.365 0.25 0.74 0.95
0.365 0.35 0.74 0.95
0.365 0.35 0.745 0.95
0.365 0.35 0.74 0.96

0.38 0.35 0.74 0.95
0.35 0.5 0.74 0.95

0.365 0.35 0.735 0.95
0.35 0.75 0.74 0.95

Table 13: Dream sweep: each row is one parameter vector,
applied to all four tasks.

w λ τfloor mb me τesc K

0.3 0.02 0.885 5 3 0.99 1
0.3 0.02 0.885 4 3 0.99 1
0.3 0.02 0.88 4 3 0.99 1
0.3 0.02 0.88 5 2 0.99 1
0.3 0.02 0.875 5 3 0.99 1
0.3 0.02 0.88 5 3 0.985 1
0.3 0.035 0.88 5 3 0.99 1

0.275 0.02 0.88 5 3 0.99 1
0.225 0.015 0.89 5 3 0.99 1

0.3 0.02 0.89 5 3 0.99 2

C COMPLETE CANDIDATE RESULTS

C.1 LLADA2-MINI AT LONGER GENERATION LENGTHS

Table 6 reports both Mini generation budgets, including the 1024-token setting used in Table 5. The
comparisons use complete HumanEval, MBPP, GSM8K, and MATH500 splits with 164, 427, 1,319,
and 500 examples. Mini uses the historical MBPP427 protocol, separate from the MBPP257 split used
for LLaDA-8B and Dream; NFE counts decoding calls across blocks and cache refreshes, excluding
prompt prefill. We evaluate both lengths with task-specific TACG settings, with the 2048-token
History Gate enabled for HumanEval and MBPP. The two generation budgets are separate operating
points.

C.2 COMPLETE QUALITY–NFE CANDIDATE COVERAGE

We evaluate the ten declared configurations per backbone on all four complete tasks, yielding 80
candidate task results and 44,800 generated samples. Each configuration shares its TACG vector
across tasks within its model, with the audited task-specific base-gate presets retained. Figure 7 gives
the complete two-backbone candidate view; the parameter tables and machine-readable candidate
table retain the corresponding vectors and task results. The default rows of Tables 1 and 5 use
the benchmark-specific vectors of Tables 10 and 11. The LLaDA MBPP and MATH500 defaults
and the Dream MBPP default coincide with sweep members; the remaining defaults are separate
complete-task runs with the same adapters.

D MECHANISM AUDITS AND SENSITIVITY

D.1 SELECTION AND TOKEN-WRITING INTERVENTIONS

The selection intervention enables the shared history-guided position policy: temporal-bonus ranking,
capped extra promotion, proposal-streak/escape checks, and progress fallback. The writing interven-
tion changes the written token to the guided-logit argmax. Their four-way comparison shares inputs
and saved configuration fields apart from the algorithm switch. The study uses matched runs for each
intervention.

D.2 REPLAYED PER-EVENT COMMIT COUNTS

The history-guided reference run supplies 141,707 commit events per arm. The confidence-ranked
control reproduces the total committed-token count at every aligned sample/block/event and therefore
the exact per-sample NFE. Confidence ranking selects current top-confidence positions; the detailed
table retains the same two selectors with their task-level values.
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Figure 7: Complete two-backbone candidate sweep: 80 TACG task results across four benchmarks and
the available baseline overlays. Each panel retains all ten shared-vector candidates; the LLaDA panels
include Native Confidence, AHD, DSB, and the fixed-vector KLASS control, while Dream includes
its audited Native Confidence overlay. The solid orange line joins each panel’s non-dominated
candidates, as in Figure 4. The dashed orange segments in the LLaDA panels connect the controlled
four-point λ slice, λ ∈ {0.15, 0.25, 0.50, 0.75} with all remaining settings fixed, in parameter order;
the two lines coincide on MBPP and differ elsewhere. Table 5 reports the current Dream task-specific
rows; the main-text LLaDA panels show selected views of this complete sweep.

Table 14: Full task results for fixed-commit-budget replay. Both selectors replay identical per-event
commit counts, so their per-sample NFE matches.

Method Metric HumanEval MBPP GSM8K MATH500 Mean

History-guided ACC ↑ 39.02 50.19 76.27 32.20 49.42
NFE ↓ 44.02 69.39 58.33 79.43 62.79

Confidence-ranked ACC ↑ 34.76 38.52 67.55 23.80 41.16
NFE ↓ 44.02 69.39 58.33 79.43 62.79
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D.3 PAIRED LOGIT-REFERENCE INTERVENTIONS

The Dream diagnostic uses the same 500 MATH500 prompts across four arms at seed 516, temperature
0.2, top-p 0.95, and generation length 256. The four arms use the observed EMA reference, a frozen
reference, no temporal support, and a within-sample position-permuted reference. Confidence and the
proposal-streak gate remain fixed. Position permutation acts across positions, not across time. The
position curve aggregates all 256 generated slots into 16-position bins, with paired prompt bootstrap
intervals. The empirical distribution plots retain the full prompt population and both tails. A trace
change means a difference in a position’s (commit step, commit source) tuple; a text change means a
difference in the final generated string. All recorded writes across the four arms match their local
proposals.

D.4 SENSITIVITY SETTINGS AND HISTORY GATE WINDOWS

Figure 5 evaluates seven settings on the same 164 HumanEval problems at generation length 256.
The support-weight slice varies λ with w = 0.35 and τfloor = 0.74; the confidence-floor slice varies
τfloor with w = 0.365 and λ = 0.35. Only the horizontal-axis parameter changes within each slice.
Both use HG streak 3 and EMA decay 0.95. Each point pairs accuracy and NFE from the same
complete run.

The sensitivity plot uses the same LLaDA HumanEval protocol as the main table and varies one
control at a time. The system profiles below use matched requests to characterize the cost of different
History Gate windows.

E SHARED SETTINGS AND SYSTEM PROFILES

E.1 CROSS-TASK SETTINGS

Table 15 compares the benchmark-specific operating points with one vector shared across tasks
and with the separate timing-study vector. The main text uses the benchmark-specific rows for the
headline quality–NFE comparison.

Table 15: Effect of across-task and per-task parameter settings. Reference is Native Confidence;
Mean averages the four complete tasks.

Method Setting Metric HumanEval MBPP GSM8K MATH500 Mean

LLaDA-8B
Native Confidence Reference ACC ↑ 37.20 47.08 77.10 30.60 48.00

NFE ↓ 52.28 83.34 74.26 96.48 76.59

TACG Across-task ACC ↑ 39.63 50.19 76.04 32.60 49.62
NFE ↓ 48.02 74.52 63.83 85.09 67.87

TACG Timing study ACC ↑ 42.07 50.19 77.03 32.60 50.47
NFE ↓ 45.71 69.35 67.12 85.09 66.82

TACG Default ACC ↑ 42.07 50.97 77.03 34.00 51.02
NFE ↓ 45.71 74.42 67.12 84.04 67.82

Dream-7B
Native Confidence Reference ACC ↑ 47.56 63.42 73.16 39.00 55.79

NFE ↓ 51.19 82.46 74.63 94.60 75.72

TACG Across-task ACC ↑ 46.95 63.81 77.03 39.20 56.75
NFE ↓ 55.32 108.33 92.08 107.54 90.82

TACG Default ACC ↑ 50.00 63.04 73.62 39.60 56.56
NFE ↓ 50.80 93.53 74.26 91.14 77.43
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E.2 LENGTH AND BATCH SCALING

The scaling study uses a fixed 66-token prefix replicated across each batch on one H200 GPU
(bfloat16, seed 516). It contains 16 conditions: four lengths for the original decoder at batch 1, and
the same lengths for shared TACG at batches 1, 4, and 8. Each condition has five warm-ups, 20
timing repeats, and five separate memory repeats. The original decoder uses block length 32 and
TACG uses 64. These profiles characterize throughput, latency, model-call count, and memory on the
tested grid.

256 512 1024 2048
Generation length

1

3

10

30

100

B
at

ch
de

co
de

tim
e

(s
)

(a) Decode latency

256 512 1024 2048
Generation length

0

100

200

300

O
ut

pu
tp

os
iti

on
s

/s

(b) Throughput

256 512 1024 2048
Generation length

32

128

512

2048

M
od

el
ca

lls
pe

rb
at

ch

(c) Batch NFE

256 512 1024 2048
Generation length

0

20

40

60

80

Pe
ak

al
lo

ca
te

d
m

em
or

y
(G

iB
) (d) GPU memory

Original, B1
TACG, batch 1

TACG, batch 4
TACG, batch 8

Figure 8: Length–batch scaling across four system metrics and 16 measured conditions on a single
H200 with a fixed 66-token prefix replicated across batch. Curves connect measured lengths. Latency
and throughput refer to decoding; NFE counts whole-batch model calls. Error bars are pointwise
95% bootstrap intervals over repeated measurements of the same workload. Memory is the maximum
allocated peak from five separate memory repeats. The original decoder uses block length 32; shared
TACG uses 64.

The profiles show how generated length and batching interact with throughput and memory on this
workload.

F ALGEBRAIC PROPERTIES OF TEMPORAL SUPPORT

This appendix records algebraic identities for TACG’s TILG readout. The derivations describe the
implemented score and its role in commitment control; they do not assert posterior recovery or an
optimal stopping rule.
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Figure 9: TACG throughput and memory on the measured length–batch grid. (a) Twelve nodes
with length on a base-2 logarithmic axis. Translucent triangular faces connect measured vertices
without adding observations; face colors encode their mean peak allocated memory. (b) All measured
throughput and memory values. Throughput divides total generated output positions by total decode
time; node/matrix colors show the largest allocated-memory peak across memory repeats.

F.1 TEMPORAL SUPPORT IS A HISTORICAL LOG-RATIO SIGNAL

For derivation, write the auxiliary readout scores as

ut = (1 + w)zt − wz̄t−1. (11)

Let pt = softmax(zt), preft = softmax(z̄t−1), and qt = softmax(ut). Since logits are identifiable
only up to an additive constant, we can write

exput(v) = exp ((1 + w)zt(v)− wz̄t−1(v)) (12)

∝ pt(v)
1+w

preft (v)w
. (13)

After normalization,

qt(v) ∝ pt(v)

(
pt(v)

preft (v)

)w

. (14)

The auxiliary readout therefore exposes a likelihood ratio between the current belief and the historical
reference. Pairwise log-odds changes enter this readout explicitly. The bounded probability-gain
score in Eq. 6 additionally depends on normalization across the vocabulary.
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F.2 FIRST-ORDER BELIEF-INNOVATION INTERPRETATION

Let dt = zt − z̄t−1 and qw = softmax(zt + wdt). At w = 0, qw = pt. The derivative of softmax
gives

∂qw(v)

∂w

∣∣∣∣
w=0

= pt(v) (dt(v)− Eu∼pt
[dt(u)]) . (15)

Thus a small increase in w raises the auxiliary readout value of tokens whose belief innovation
is above the current average and lowers the readout value of tokens whose innovation is below
that average. This supports the use of qt as a directional temporal signal and distinguishes it from
confidence sharpening.

F.3 GAUGE INVARIANCE

Categorical logits are not uniquely identified: adding a token-independent constant does not change
the softmax. Suppose z′t(v) = zt(v) + a and z̄′t−1(v) = z̄t−1(v) + b for constants a and b that do
not depend on token v. Then

u′
t(v) = (1 + w)z′t(v)− wz̄′t−1(v) = ut(v) + (1 + w)a− wb. (16)

Normalization removes the added term because it is identical for every token, so qt remains unchanged.
The temporal support statistic is therefore invariant to the additive gauge of logits at each position.

F.4 DIFFERENCE FROM KL-STYLE STABILITY SIGNALS

Define the token-wise log-ratio

rt(v) = log pt(v)− log preft (v). (17)

A KL-style stability score aggregates this signal over the whole distribution,

DKL(pt∥preft ) = Ev∼pt
[rt(v)]. (18)

This quantity measures distribution-level change. A candidate-level diagnostic of the same relative
history is

rt(x̂i) = log pt(i, x̂i)− log preft (i, x̂i). (19)
The implemented probability gain bi also depends on the full normalization and is not generally a
monotone function of this scalar log-ratio. The two forms of information answer different questions.
KL-style stability asks whether the whole distribution is still changing. TILG supplies a signed
candidate-conditioned contrast, while bi retains its positive gain for the readiness score. A distribution
may change substantially while the current proposal is consistently reinforced, and a distribution
may remain nearly unchanged while no candidate becomes more commit-ready. This distinguishes
candidate-conditioned temporal support from distribution-level stability.
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