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Abstract
Diffusion-based large language models (dLLMs) refine token generations through iterative denois-
ing, but answers often stabilize before all steps complete. We propose EDIT (Early Diffusion
Inference Termination), an inference-time criterion that adaptively stops denoising once sufficient
reasoning stability relative to training-time reasoning is detected. EDIT monitors the alignment
between token activations and a reasoning map derived from AdamW-aggregated LoRA updates
captured during supervised fine-tuning (SFT). During training, optimization dynamics generate
rich metadata about parameter importance that in prior methods is typically discarded upon model
release. We preserve this information as a compact representation of learned reasoning pathways.
During inference, alignment scores are converted to a distribution over the tokens already unmasked
at the current denoising step, and convergence is detected when KL divergence between consec-
utive steps falls below a threshold on the matched unmasked (visible) tokens. Across reasoning
benchmarks, EDIT reduces diffusion steps by 11.8% to 68.3% while preserving or improving ac-
curacy in most settings, with approximately 0.02% storage overhead (about 1.5-2 MB for all QKV
modules across 32 blocks in an 8 GB model). By utilizing training-gradient dynamics, our work
opens a new research direction for reducing dLLM inference time and cost.

1. Introduction

Modern language model deployment follows a wasteful paradigm: during training, optimization
dynamics on gradients generate rich information about which parameters are critical for specific
capabilities, yet this metadata is routinely discarded once training completes. We challenge this
practice by demonstrating that training-time optimization trajectories contain valuable signals that
can guide intelligent inference-time decisions, specifically enabling adaptive early inference termi-
nation for diffusion language models.

Diffusion-based language models (dLLMs) [2, 8, 11] represent a promising alternative to au-
toregressive generation of tokens, employing iterative denoising processes that progressively refine
outputs. However, their inference remains computationally expensive due to the fixed number of
denoising steps, even when high-quality outputs emerge early in the process. Current approaches to
this challenge operate without knowledge of which model parameters drove learning during train-
ing, essentially making uninformed decisions during inference termination optimization.

We introduce EDIT (Early Diffusion Inference Termination), a method that utilizes training op-
timization metadata to identify opportunities for early inference termination. Our key insight is that

© H.-Y. Hsieh, H. Wang & H. Kung.



EDIT: EARLY DIFFUSION INFERENCE TERMINATION FOR DLLMS BASED ON DYNAMICS OF TRAINING GRADIENTS

the AdamW optimizer’s [6] moment estimates during fine-tuning training encode which parameters
consistently receive strong, directionally-aligned updates when learning reasoning tasks. The ef-
fectiveness of EDIT is validated from the perspective of gradient convergence during inference, as
shown in Figure 1. These patterns, which we term AdamW evolution, represent a map of the model’s
learned reasoning pathways. Rather than discarding this information when training is complete, we
store it as compact metadata (requiring minimal additional storage) and use it to guide inference
termination decisions.

Our Approach: Utilizing Training Metadata for Guiding Inference Termination. During su-
pervised fine-tuning (SFT) on reasoning tasks, certain LoRA parameters receive consistent gra-
dient signals across training steps, indicating their importance for encoding reasoning patterns.
The AdamW optimizer naturally tracks this through its moment estimates, with the first moment
capturing gradient direction and the second moment reflecting gradient stability. Parameters with
large, stable updates become critical components of the learned reasoning pathways. Traditional
inference deployment discards this valuable information. EDIT preserves it by saving aggregated
AdamW updates across training steps, creating a fingerprint of which parameters matter most for
reasoning. At inference time, we compare current token activations against these preserved patterns
using cosine similarity, assessing whether the model’s current state aligns with its learned reasoning
pathways. When this alignment stabilizes—indicating the model has reached its learned reasoning
configuration—we can confidently terminate the diffusion inference process early. Instead of rely-
ing on inference-time heuristics such as confidence or output stability, EDIT leverages training-time
knowledge to terminate once key reasoning components are engaged.

Contributions. (1) We establish a new paradigm for early inference termination that leverages
training metadata which is usually discarded in prior methods. (This approach opens future research
directions in not only early inference termination, but also informing dynamic compute allocation,
quality prediction, and other inference-time optimizations.) (2) We provide a practical instantiation
through EDIT, demonstrating that AdamW evolution patterns can reliably indicate when diffusion
models have completed their core reasoning. Our method requires no architectural changes, adds
minimal storage overhead, and integrates seamlessly with existing diffusion language models. (3)
We validate our approach across multiple reasoning benchmarks, showing inference speedups of
11.8% to 68.3% while maintaining or improving accuracy in most settings. These gains come
purely from utilizing training information that already existed but was previously thrown away,
highlighting the inefficiency of current practices.

2. Preserving and Utilizing Training Metadata

We detail how EDIT captures optimization dynamics during training and leverages them for intelli-
gent early termination during inference. Our approach consists of two phases: metadata extraction
during fine-tuning (Section 2.1) and metadata-guided termination during inference (Section 2.2).

Utilizing Training Metadata for Guiding Inference Termination. During supervised fine-tuning
(SFT), some parameters receive strong, stable updates that encode core reasoning patterns, while
others show weak or oscillating updates and contribute less. We track this distinction through the
AdamW update history—what we call the AdamW evolution—which forms a map of reasoning-
relevant parameters. At inference, activations are compared against this map; when alignment with
the learned reasoning pathways is reached, early termination is enabled with confidence.
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2.1. Capturing AdamW Evolution During Training

We consider a pre-trained base model with LoRA (Low-Rank Adaptation) [4] modules inserted into
the Query (Q), Key (K), and Value (V ) projections of each Transformer block. During SFT on
reasoning tasks, only these LoRA parameters are updated. Each LoRA module consists of matrices
(A,B) where A ∈ Rr×din and B ∈ Rdout×r implement a low-rank update to the corresponding
projection.
Notation note: We use Lk for the loss at training step k, and L for block length in the diffusion
process.

For the LoRA-B matrix B ∈ Rdout×r (where dout is the output dimension and r is the rank), the
AdamW optimizer maintains first and second moment estimates at each training step k:

Mk,B = β1Mk−1,B + (1− β1)Gk,B, Vk,B = β2Vk−1,B + (1− β2)G
⊙2
k,B, (1)

where Gk,B = ∇BLk is the gradient tensor, β1, β2 ∈ [0, 1) are decay rates, and⊙ denotes element-
wise operations. The element-wise update magnitude at step k is:

Uk,B =
Mk,B√
Vk,B + ϵ

, (2)

where ϵ ensures numerical stability and division is element-wise. To create a stable representation
of the parameter importance patterns, we define the AdamW evolution tensor as the average over all
K fine-tuning steps:

ŪB =
1

K

K∑
k=1

Uk,B ∈ Rdout×r. (3)

This tensor captures which elements of the LoRA-B matrix consistently received strong, direc-
tional updates during training. To enable comparison with token activations fs ∈ Rdout , we reduce
ŪB to a feature-aligned vector u ∈ Rdout using row-wise energy:

u[p] =
∥∥ŪB[p, :]

∥∥
2
=

√√√√ r∑
j=1

ŪB[p, j]2, p = 1, . . . , dout. (4)

This reduction preserves the update magnitude each output dimension receives across low-rank
components, forming a parameter-importance signature aligned with the feature space.

2.2. Metadata-Guided Early Termination During Inference

At inference time, we leverage the preserved AdamW evolution to determine when the diffusion
process can safely terminate. Our approach operates on block-level diffusion [2, 8, 11], where
the sequence is divided into blocks of length L, and tokens within each block are progressively
unmasked across denoising steps.

2.2.1. ASSESSING REASONING ALIGNMENT

Let St denote the set of visible (unmasked) tokens at denoising step t. For each visible token s ∈ St,
we extract its post-LoRA activation f

(t)
s ∈ Rdout from the chosen module (specifically, the LoRA-

B output of the Query projection in the last Transformer block, based on our empirical findings
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in Figure 3). We compute the cosine similarity between each token’s activation and the AdamW
evolution vector:

Sim(t)
s =

⟨f (t)s ,u⟩
∥f (t)s ∥2∥u∥2

, (5)

where u is the feature-aligned vector from Equation 4. To convert these alignment scores into a
probability distribution, we apply softmax with a fixed temperature τblk within each block:

P (t)(s) =
exp(Sim(t)

s /τblk)∑
i∈St

exp(Sim(t)
i /τblk)

, s ∈ St. (6)

Keeping τblk fixed within a block ensures that distribution changes reflect genuine alignment
shifts rather than temperature-induced artifacts.

2.2.2. DETECTING REASONING STABILITY VIA MATCHED SUPPORT

As tokens are progressively unmasked, the support of our distribution grows. To properly compare
distributions across steps, we must account for this changing support. Let It = St−1 ∩ St be the
intersection of visible tokens between consecutive steps. We renormalize both distributions to this
common support:

P̃ (t)(s) =
P (t)(s)∑
i∈It P

(t)(i)
, P̃ (t−1)(s) =

P (t−1)(s)∑
i∈It P

(t−1)(i)
, s ∈ It. (7)

The step-wise divergence is then computed as:

Dt = DKL(P̃
(t) ∥ P̃ (t−1)) =

∑
s∈It

P̃ (t)(s) log
P̃ (t)(s)

P̃ (t−1)(s)
. (8)

2.2.3. EARLY TERMINATION WITH CONSECUTIVE STABILITY

To ensure robust termination decisions, we require consecutive steps of stability rather than sporadic
stable steps. We maintain a run-length counter c updated as c← c + 1 if Dt < δ, and reset to 0
otherwise.

Beyond this heuristic, our analysis shows that small matched-support KL divergence over Ω
consecutive steps, with Ω determined by the inference progress at the point of early termination,
bounds the multi-step total variation distance and yields a no-flip condition for predicted tokens
together with stability bounds for Lipschitz observables. PAC-style bounds (Corollary 6) provide
a basis for principled hyperparameter selection and indicate that early termination matches the full
denoising during inference with high probability. Formal statements and calibration rules are given
in Appendix C, along with two extensions: a token-wise freezing scheme that halts denoising per
token with provable instance-wise safety (Appendix D), and a subspace generalization that replaces
the single reasoning vector with a low-dimensional reasoning subspace while preserving all theo-
retical guarantees (Appendix E).

The diffusion process for the current block terminates when c ≥ Ω, indicating that the model’s
reasoning alignment has remained stable for Ω consecutive steps. Algorithm 1 and Figure 6 (Ap-
pendix F) present the full EDIT procedure and its workflow. The training phase extracts metadata
with zero additional computational cost (these values are already computed by the optimizer), while
the inference phase uses this metadata to make principled termination decisions.
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Table 1: Accuracy on reasoning benchmarks. EDIT uses training-time metadata for adaptive early
termination. Results are mean over 3 seeds, where bold denotes the best, underline denotes the
second-best. 0-shot means no in-context examples during evaluation (post-SFT). Experiments are
run with sequence lengths 128/256/512.

Method

Dataset (Seq Len) Countdown (0-shot) Sudoku (0-shot) MATH500 (0-shot) GSM8K (0-shot) GPQA (0-shot)
128 256 512 128 256 512 128 256 512 128 256 512 128 256 512

LLaDA (No SFT) 19.9 19.5 16.4 10.4 6.4 6.3 27.6 32.4 36.0 68.1 75.8 79.5 21.9 27.9 25.7

LLaDA (SFT) 19.5 20.7 20.3 11.4 8.2 5.0 26.2 30.4 35.4 69.8 77.0 81.2 23.0 20.5 26.3
EDIT (Ours) 28.9 31.6 27.7 16.1 11.3 7.6 27.4 32.8 36.6 67.3 77.6 76.2 25.5 27.7 26.1

Table 2: Diffusion steps with EDIT vs. baseline full diffusion. Values are averaged across blocks,
and baselines are fixed at 64/128/256 steps for sequence lengths 128/256/512. Percentages show
reduction from baseline steps, with training metadata enabling confident early termination without
quality loss.

Method

Dataset (Seq Len) Countdown Sudoku MATH500 GSM8K GPQA
128 256 512 128 256 512 128 256 512 128 256 512 128 256 512

Baseline (Full Steps) 64 128 256 64 128 256 64 128 256 64 128 256 64 128 256

EDIT (Ours) 40.4 40.6 133.3 38.3 74.9 163.3 38.1 81.9 197.2 42.8 103.5 225.8 40.3 81.3 194.1

Reduction (%) 36.9 68.3 47.9 40.2 41.5 36.2 40.5 36.0 23.0 33.1 19.2 11.8 37.0 36.5 24.2

3. Experimental Validation

Experimental Setup. We evaluate on five reasoning tasks: Countdown [9], Sudoku [1], MATH500
[5], GSM8K [3], and GPQA [10]. We use LLaDA-8B [8] as our baseline model, fine-tuned on the
s1 dataset [7] with LoRA applied to QKV projections. All experiments use Intel XPU hardware to
ensure reproducibility. During SFT, we preserve AdamW evolution metadata (Section 2.1). Persist-
ing reduced vectors u requires ∼16 KB per module, or ∼1.5 MB for all QKV projections across
32 blocks (<0.02% of an 8 GB model). At inference, EDIT uses task-specific thresholds (Ap-
pendix B.1) selected on held-out validation sets (20% of training data), ensuring no test set leakage.

Results: Efficiency Gains with Preserved Accuracy. Table 1 shows that EDIT improves accu-
racy on Countdown (up to 31.6%) and Sudoku (up to 16.1%), while remaining competitive on other
tasks. Early termination avoids late-step degradation because once predictions stabilize, further de-
noising can overwrite correct intermediate states. This effect is most pronounced in crisp tasks such
as Countdown and Sudoku. GSM8K at sequence length 512 drops from 81.2% to 76.2% because
long reasoning chains often stabilize before reasoning is complete. Although GSM8K and GPQA
show task-specific variation, the overall average remains positive, validating that metadata-guided
termination improves rather than compromises quality. Table 2 shows that EDIT reduces average
denoising steps per block by 11.8%–68.3% compared to fixed 64/128/256-step baselines for se-
quence lengths 128/256/512. Gains are most pronounced on short sequences where full diffusion
is wasteful. With PAC-style calibration (Appendix C.6), 72.3% of early terminations satisfy Corol-
lary 6, indicating that EDIT remains within its theoretical safety bounds while delivering speedups.

Gradient-Based Justification for Early Termination. To determine when denoising steps can be
truncated safely, we adopt a gradient view of inference by comparing pseudo-gradients at inference
with SFT gradients on LoRA-B layers. At each inference step t, the model outputs logits zt(s) for
tokens s in a block of length L. Since no ground-truth labels are available, the signal comes from

5



EDIT: EARLY DIFFUSION INFERENCE TERMINATION FOR DLLMS BASED ON DYNAMICS OF TRAINING GRADIENTS

changes in predictive distributions across steps. Let pθ(zt(s)) and pθ(zt+1(s)) denote predictions at
steps t and t+1; their KL divergence quantifies prediction change (see Appendix G for details). We
define the pseudo-gradient as G̃t,B = ∇B

∑
s∈St+1

KL(pθ(zt(s)) ∥ pθ(zt+1(s))), where St+1 is the
visible token set at step t+1. Backpropagating this divergence through LoRA-B yields G̃t,B , whose
root mean square (RMS) magnitude provides a scalar summary per step. Tracing these values across
denoising steps produces a trajectory of inference dynamics.

Figure 1: Gradient-based analy-
sis of training–inference alignment
on GPQA (seq. 128, 2nd block).
Root mean square (RMS) pseudo-
gradients G̃t,B across steps are com-
pared with the SFT gradient mean
(dashed) and variance band (shaded).
The convergence point (yellow ▼)
occurs at step 19, after which
pseudo-gradients stabilize near the
SFT mean, indicating that ∼20 steps
per block preserve fidelity while re-
ducing computation (Table 2, 40.3
steps for two blocks).

During SFT, we compute RMS magnitudes of gradi-
ents Gk,B across training steps and summarize them by a
mean µSFT and a variance band, defining the stable regime.
Convergence is declared when inference pseudo-gradients
(1) approach µSFT and (2) remain within this band, be-
yond this time further denoising adds cost without benefit.
On GPQA(seq. 128, 2nd block), Figure 1 shows pseudo-
gradients converging at step 19 (yellow ▼). Thereafter they
fluctuate around the SFT mean, indicating entry into the
training-consistent regime. Terminating at ∼20 steps per
block thus preserves fidelity while cutting cost, consistent
with Table 2 (40.3 steps for two blocks) and Table 1, which
confirms accuracy remains competitive.

Storage and Computational Overhead. AdamW evolu-
tion metadata stores only the reduced vector u ∈ Rdout per
LoRA module, not the full tensor ŪB . With dout = 4096
(float32), this is∼16 KB per module, or 32×3×16 KB≈1.5
MB across all QKV projections in 32 blocks—just 0.02% of
an 8 GB model. At inference, EDIT adds cosine similar-
ity (Equation 5) and KL divergence (Equation 8) with cost
O(|St|·dout) and O(|It|), negligible compared to O(L2·dout)
self-attention (Appendix B.4). Overall overhead is negligi-
ble, yielding net speedups.

4. Conclusion and Future Directions

We introduced EDIT, which preserves training metadata typically discarded and uses it to guide
early inference termination in diffusion language models. By capturing optimization dynamics dur-
ing fine-tuning, EDIT detects when reasoning is complete, reducing inference cost without archi-
tectural changes. Across five reasoning benchmarks, it achieves 11.8–68.3% fewer diffusion steps
while maintaining or improving accuracy, with only 0.02% storage overhead. EDIT has limitations:
it requires training dynamics, often unavailable in released models, suggesting providers include
optimization metadata; it depends on task-specific thresholds (δ,Ω), motivating adaptive or learned
criteria. We evaluate only LoRA; full-parameter extensions remain future work. Beyond early
termination, training metadata could enable dynamic layer-wise compute, token-level processing,
early quality prediction, and identifying prompts that merit additional inference budget. This work
also highlights a systemic inefficiency: training information is often discarded despite its value at
inference. Preserving and exploiting training metadata enables more holistic and efficient pipelines.
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Appendix A. Mathematical Details

A.1. Complete Derivation of AdamW Evolution

We provide the complete mathematical framework for extracting and utilizing AdamW evolution
patterns. The key insight is that optimization dynamics during training create signatures of param-
eter importance that can guide inference.

For a LoRA-B matrix B ∈ Rd×r, the AdamW optimizer maintains exponentially weighted
moving averages of gradients and squared gradients. Starting from the recursive definitions:

Mk,B[i, j] = β1Mk−1,B[i, j] + (1− β1)Gk,B[i, j] (9)

Vk,B[i, j] = β2Vk−1,B[i, j] + (1− β2)Gk,B[i, j]
2 (10)

By unrolling these recursions and assuming zero initialization, we obtain:

Mk,B[i, j] = (1− β1)
k∑

ℓ=1

βk−ℓ
1 Gℓ,B[i, j] (11)

Vk,B[i, j] = (1− β2)
k∑

ℓ=1

βk−ℓ
2 Gℓ,B[i, j]

2 (12)

The element-wise update magnitude captures both direction (through M ) and reliability (through
V ):

Uk,B[i, j] =
Mk,B[i, j]√
Vk,B[i, j] + ϵ

(13)

Averaging across all training steps yields the AdamW evolution tensor:

ŪB[i, j] =
1

K

K∑
k=1

Uk,B[i, j] (14)

The reduction to feature space via row-wise energy (Equation 4) preserves the total update mag-
nitude each output dimension received, creating an interpretable signature of parameter importance.

A.2. Theoretical Justification for Stability Detection

The KL divergence between consecutive alignment distributions provides a principled measure of
reasoning stability. Under mild assumptions about the smoothness of the denoising process, we can
show that stable KL divergence indicates convergence to a fixed point in the alignment space.

Consider the alignment distribution as a function of the denoising step: P (t) = ft(x,u) where
x represents the current token states and u is the fixed AdamW evolution vector. If the denoising
process is contractive in the alignment space (which can occur under conditions such as Lipschitz
continuity of the denoiser combined with fixed-temperature softmax normalization), then:

DKL(P
(t+1) ∥ P (t)) ≤ γ ·DKL(P

(t) ∥ P (t−1)) (15)

for some γ < 1. This ensures that requiring Dt < δ for Ω consecutive steps provides strong
evidence of convergence.
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Table 3: EDIT hyperparameter configuration for each benchmark and sequence length. Parameters
were selected on validation sets to optimize the accuracy-efficiency trade-off.

Parameter

Dataset (Len) Countdown Sudoku MATH500 GSM8K GPQA
128 256 512 128 256 512 128 256 512 128 256 512 128 256 512

All Blocks
Block Temperature (τblk) 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

First Block
Threshold (δ) 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05

Stability Span (Ω) 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6

Subsequent Blocks
Threshold (δ) 0.05 0.55 0.45 0.1 0.45 0.05 0.1 0.05 0.025 0.05 0.025 0.025 0.05 0.05 0.05

Stability Span (Ω) 6 12 12 6 12 6 6 6 6 6 6 6 6 6 8

Appendix B. Extended Experimental Details

B.1. Hyperparameter Selection Protocol

To ensure reproducibility and avoid overfitting, we employ a systematic hyperparameter selection
protocol. For each task, we use 20% of the training data as a validation set to tune the stability
threshold δ ∈ {0.025, 0.05, 0.1, 0.25, 0.45, 0.55} and stability span Ω ∈ {6, 8, 10, 12}. We select
the configuration that maximizes the accuracy-efficiency trade-off, defined as accuracy divided by
average diffusion steps. The block temperature τblk is fixed at 1.0 for all experiments to ensure fair
comparison. Table 3 provides the complete configuration for each benchmark.

B.2. Complete Hyperparameter Configuration

Table 3 provides the complete hyperparameter settings used in our experiments. These were selected
using the validation protocol described in Section B.1.

B.3. Understanding When Training Metadata Helps

Figure 2 reveals that EDIT’s effectiveness varies across problem types within GPQA. The method
shows substantial improvements in domains requiring systematic reasoning (Molecular Biology,
Astrophysics) while providing modest gains in others. This variation supports our core thesis: the
training metadata captures task-specific patterns, and its utility depends on how well-defined these
patterns are for each domain. Tasks with clear, consistent reasoning pathways benefit most from our
approach.

Figure 3 visualizes how different reasoning tasks activate distinct parameter subsets, as revealed
by the AdamW evolution patterns. We focus on the LoRA-B matrix of the Query projection in
the last Transformer block (block 31), which empirically shows the strongest task-specific patterns.
This visualization confirms that training dynamics create meaningful signatures that can guide in-
ference decisions.

9
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Figure 2: Performance breakdown across GPQA subdomains comparing EDIT (red) with base-
line SFT (green). EDIT shows particularly strong improvements in Molecular Biology and Astro-
physics, where reasoning patterns are more structured. The domain-specific variation validates that
training metadata captures specialized reasoning pathways.

Figure 3: Task-specific parameter activation patterns revealed by AdamW evolution. Different
GPQA subdomains (Astrophysics vs. Molecular Biology) engage distinct parameter subsets in the
LoRA-B matrix of the Query projection (transformer.block.31). The 3D visualization shows how
parameter importance varies across tasks, demonstrating that training metadata captures specialized
reasoning pathways.

B.4. Storage and Computational Overhead

The AdamW evolution metadata requires storing only the reduced vector u ∈ Rd per chosen LoRA
module, not the full tensor ŪB . For our configuration with d = 4096, this amounts to approximately
16 KB per module (assuming float32 precision). Even if we store metadata for all QKV projections
across all 32 Transformer blocks, the total overhead is 32×3×16 KB≈ 1.5 MB—merely 0.02% of
the 8 GB model size. At inference time, EDIT adds cosine similarity computations (Equation 5) and
KL divergence calculations (Equation 8) at each denoising step. These operations have complexity
O(|St| · d) and O(|It|) respectively, which is minimal compared to the O(L2 · d) cost of self-
attention in each Transformer block. The net result is substantial speedup despite these additional
computations.

B.5. Additional Visualizations

Figure 4 provides additional evidence for the importance of preserving training-time metadata for
LoRA-B. The visualization shows how specific parameters receive consistently strong updates dur-
ing fine-tuning, creating clear signatures that can guide inference. In contrast, Figure 5 demonstrates
that LoRA-A exhibits minimal parameter changes during the same training process.
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Figure 4: Visualization of LoRA-B parameter updates at training step 105. A 4096 × 128 LoRA
projection produces 524, 288 parameters, reshaped into a 256× 256× 8 grid with the Z-axis show-
ing normalized AdamW update magnitudes (scaled 0–255). Pronounced peaks indicate parameters
critical for reasoning tasks, demonstrating that optimization dynamics create clear importance sig-
natures.

Figure 5: Visualization of LoRA-A parameter updates at training step 105. A 128 × 4096 LoRA
projection produces 524, 288 parameters, reshaped into a 256× 256× 8 grid with the Z-axis show-
ing normalized AdamW update magnitudes (scaled 0–255). Pronounced peaks indicate parameters
critical for reasoning tasks, demonstrating that optimization dynamics create clear importance sig-
natures.

B.6. Module Selection Analysis

To justify our choice of using the LoRA-B matrix from the Query projection, we conducted an
ablation study comparing different modules and reduction strategies. Table 4 shows that the Query
projection’s LoRA-B matrix with row-wise energy reduction provides the most reliable stability
signal.
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Table 4: Ablation study on module selection and reduction strategy. Results show average KL
divergence stability (lower is better) across 100 validation examples from GSM8K.

Module Row-wise Energy Row-wise Mean

Query (LoRA-A) 0.142 0.168

Query (LoRA-B) 0.089 0.103

Key (LoRA-B) 0.124 0.139

Value (LoRA-B) 0.117 0.128

Appendix C. Theoretical Foundations of Early Termination in EDIT

C.1. Setup and Notation

At denoising step t, let St denote the visible tokens, and It = St−1 ∩ St the matched support
between steps t− 1 and t. Let P̃ (t) be the probability distribution on It obtained by restricting P (t)

to It and renormalizing. Define the per-step divergence

Dt = DKL(P̃
(t) ∥ P̃ (t−1)). (16)

EDIT declares stability when Dt−Ω+1, . . . , Dt ≤ δ for some integers Ω ≥ 1 and threshold
δ > 0 (with fixed in-block temperature when forming P (·)).

We use the total variation distance TV(p, q) = 1
2

∑
i |pi−qi| and Pinsker’s inequality TV(p, q) ≤√

1
2DKL(p ∥ q).

C.2. Multi-Step Control from Run-Length KL

Lemma 1 (Run-length KL implies multi-step TV bound) If Dt−Ω+1, . . . , Dt ≤ δ, then

TV(P̃ (t), P̃ (t−Ω)) ≤
t∑

r=t−Ω+1

TV(P̃ (r), P̃ (r−1)) ≤ Ω

√
δ

2
. (17)

Proof The result follows from the triangle inequality for total variation distance, then applying
Pinsker’s inequality to each summand.

C.3. Local Argmax Invariance at the Stopping Time

Let i∗(t) = argmaxs∈It P̃
(t)(s) and mt = P̃

(t)
(1) − P̃

(t)
(2) be the top-2 margin on It.

Theorem 2 (Local argmax invariance certificate) If Dt−Ω+1, . . . , Dt ≤ δ and

Ω

√
δ

2
<

1

2
mt, (18)

then i∗(t′) = i∗(t) for all t′ ∈ {t− Ω, . . . , t}.

12
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Proof If i∗ changed between p = P̃ (t) and q = P̃ (t′), then TV(p, q) ≥ 1
2(p(1) − p(2)) = 1

2mt

(considering the mass that must move between the top two coordinates when the argmax changes).
This contradicts Lemma 1.

Interpretation: When EDIT stops and the inequality holds, the predicted token on the matched
support has been unchanged for the past Ω steps—providing a verifiable certificate attached to the
stopping decision.

C.4. Future-Step Robustness via Contraction

After the last unmasking in a block, let Kr denote the Markov operator that maps P̃ (r−1) to P̃ (r) on
the fixed support. Define the Dobrushin coefficient α(Kr) = supp̸=q

TV(pKr,qKr)
TV(p,q) ∈ [0, 1].

Assumption 3 (Local contraction post-unmasking) There exists α < 1 such that α(Kr) ≤ α for
all r ≥ t+ 1 within the block. This property is standard for convergent Markov chains and can be
verified empirically on validation data.

Theorem 4 (Tail movement bound and global argmax preservation) Under Assumption 3,
if Dt−Ω+1, . . . , Dt ≤ δ, then for any s ≥ 1,

TV(P̃ (t+s), P̃ (t)) ≤ αs

1− α
TV(P̃ (t), P̃ (t−1)) ≤ αs

1− α

√
δ

2
, (19)

and thus sups≥1 TV(P̃ (t+s), P̃ (t)) ≤ 1
1−α

√
δ
2 .

If additionally

Ω

√
δ

2
+

1

1− α

√
δ

2
<

1

2
mt, (20)

then i∗(t+ s) = i∗(t) for all s ≥ 0 (argmax is preserved forever on the fixed support).

Proof One-step TV contracts by at most α; summing the geometric tail yields the bound. The
argmax preservation follows by the same margin argument as in Theorem 2.

C.5. Stability of Lipschitz Observables

Theorem 5 (Stability of Lipschitz functionals) Let F : ∆ → R satisfy |F (p) − F (q)| ≤ L ·
TV(p, q) for all p, q. If Dt−Ω+1, . . . , Dt ≤ δ, then

|F (P̃ (t))− F (P̃ (t−Ω))| ≤ L · Ω
√

δ

2
. (21)

Under Assumption 3,

sup
s≥1
|F (P̃ (t+s))− F (P̃ (t))| ≤ L

1− α

√
δ

2
. (22)

Proof Direct application of Lemma 1 and Theorem 4 with the Lipschitz property.
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C.6. Practical Calibration of (δ,Ω)

Let M denote the top-2 margin at EDIT’s stopping time on a validation set, and q1−β its (1 − β)-
quantile. Estimate a post-unmasking contraction bound by

α̂ = max
val instances, late r

TV(P̃ (r+1), P̃ (r))

TV(P̃ (r), P̃ (r−1))
. (23)

Corollary 6 (PAC-style guarantee for the final answer) Choose (δ,Ω) to satisfy

Ω

√
δ

2
+

1

1− α̂

√
δ

2
≤ 1

2
q1−β. (24)

Then, with probability at least 1 − β over test instances, the top-1 token at EDIT’s stopping time
equals the top-1 token obtained by continuing denoising indefinitely (on the fixed support).

Proof Apply Theorem 4 and the definition of q1−β .

Reporting recommendation: Alongside accuracy and step reductions, report the fraction of
test instances that satisfy Corollary 6 (”percentage of certified stops”). This quantifies how often
EDIT halts with a provable correctness certificate.

Appendix D. Token-Wise EDIT: Per-Token Freezing with Certificates

D.1. Local Stability Statistics and Rule

Let U ∈ Rd×k denote a fixed reasoning subspace (construction examples provided below). For
each visible token s at step t, define its subspace coordinates g

(t)
s = U⊤f

(t)
s ∈ Rk and the local

distribution

Q(t)
s (j) =

exp(|g(t)s,j |/τsub)∑k
ℓ=1 exp(|g

(t)
s,ℓ|/τsub)

, j = 1, . . . , k, (25)

with fixed τsub > 0.
Define the per-token KL Ds,t = DKL(Q

(t)
s ∥ Q(t−1)

s ) and the run-length condition: token s is
locally stable at t if Ds,t−r ≤ δtok for r = 0, . . . ,Ωtok − 1. The token-wise EDIT freezes s at t
(setting f

(t′)
s ≡ f

(t)
s for all t′ > t) whenever this condition holds.

D.2. Per-Token Certificates

Lemma 7 (Local run-length bound) If Ds,t−r ≤ δtok for r = 0, . . . ,Ωtok − 1, then

TV(Q(t)
s , Q(t−Ωtok)

s ) ≤ Ωtok

√
δtok

2
. (26)

Proof Triangle inequality and Pinsker’s inequality, as in Lemma 1.

Let j∗s (t) = argmaxj Q
(t)
s (j) and ms(t) = Q

(t)
s,(1) −Q

(t)
s,(2) be the local top-2 margin.

Theorem 8 (Dominant subspace-component invariance per token) If the condition of Lemma 7
holds and Ωtok

√
δtok/2 < 1

2ms(t), then j∗s (t
′) = j∗s (t) for all t′ ∈ {t− Ωtok, . . . , t}.

Proof Identical to Theorem 2 but applied to Q
(·)
s .
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D.3. Freezing Safety Under Weak Coupling

We quantify how freezing one token perturbs the global distribution P (t).

Assumption 9 (Weak cross-token coupling) There exists βs ≥ 0 such that, if two states at step
r differ only in token s by ∆s (that is, f (r)

s 7→ f
(r)
s +∆s), then their next-step global distributions

satisfy
TV(P̃ (r+1), P̃ ′(r+1)) ≤ βs∥∆s∥2. (27)

This βs can be estimated on validation by finite-difference probes.

Assumption 10 (Post-unmasking contraction) Within a block after the last unmasking, the Markov
operators contract TV with coefficient α < 1 as in Assumption 3.

Theorem 11 (Safety of freezing token s) Suppose token s satisfies the local stability condition at
time t, and set

εs = max
r∈{t−Ωtok+1,...,t}

∥f (r)
s − f (r−1)

s ∥2. (28)

If token s is frozen at t, then for all u ≥ 1,

TV(P̃ (t+u)
frozen , P̃

(t+u)
unfrozen) ≤

βs
1− α

εs. (29)

Consequently, if

Ω

√
δ

2
+

βs
1− α

εs <
1

2
mt, (30)

where mt is the global top-2 margin at t, then the global argmax remains unchanged forever (on
the fixed support) after freezing token s.

Proof One-step deviation is at most βsεs by Assumption 9. Propagating under Assumption 10
yields a geometric tail bound

∑
j≥0 α

jβsεs =
βs

1−αεs. Combine with Theorem 2.

Construction of U and practical tuning: A simple choice is to take ŪB from Equation 3,
compute its left singular vectors, and set U to the top k ∈ {2, 3, 4} vectors. Empirically, k = 3 or
k = 4 provides good stability-efficiency trade-offs. On validation, choose (δtok,Ωtok) to maximize
frozen-token count subject to Theorem 8’s margin condition.

Appendix E. Subspace EDIT: Replacing the Reasoning Vector by a Subspace

E.1. Definition

Let U ∈ Rd×k with orthonormal columns (k ≥ 1). Replace the scalar alignment in Equation 5 by a
subspace score:

Sim(t)
s = ∥U⊤f (t)

s ∥2 or Sim(t)
s =

∥U⊤f
(t)
s ∥2

∥f (t)
s ∥2

(subspace cosine), (31)

and form P (t) from Equation 6 with the same fixed in-block temperature τblk. All other components
of EDIT (matched-support renormalization, KL divergence, run-length rule) remain unchanged.
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E.2. Inherited Guarantees

Proposition 12 (Guarantees are shape-agnostic in the similarity) The statements and proofs of
Lemma 1, Theorems 2–5, and Corollary 6 hold verbatim under the subspace similarity above.

Proof The guarantees depend only on the distributions P̃ (·) and their KL/TV relations. The con-
struction of Sim(t)

s enters only through P (t)’s definition with a fixed temperature.

Constructing U : Two practical choices are available. First, perform SVD of ŪB (Equation 3)
and retain the top k left singular vectors. Second, use CCA between step-averaged preconditioned
gradients and activations {fs} in the chosen module. Ablations suggest small k values (2–4) are
sufficient and can stabilize earlier than single-vector approaches, potentially offering improved
efficiency-accuracy trade-offs.

Appendix F. EDIT Algorithm

Algorithm 1 presents the full EDIT procedure, while Figure 6 provides a visual illustration of its
workflow.

Appendix G. Gradient-Based Justification for Early Termination

To determine when denoising steps can be truncated safely, we compare inference pseudo-gradients
with the SFT gradients Gk,B on LoRA-B layers. During inference, at each denoising step t ∈
{1, . . . , Tb}, the model produces logits zt(s) for every token position s in the block of length L.
Since no ground-truth labels are available at inference time, the only informative signal comes from
the evolution of predictive distributions across steps. We denote pθ(zt(s)) as the model’s predic-
tion for token s at step t and pθ(zt+1(s)) as the refined prediction at step t+1. The KL divergence
between them measures how much the model’s belief changes across steps, with larger values in-
dicating ongoing refinement and smaller values indicating stabilization. We therefore define the
pseudo-gradient as

G̃t,B = ∇B

∑
s∈St+1

KL
(
pθ
(
zt(s)

) ∣∣ pθ(zt+1(s)
))

, (32)

where St+1 denotes the visible token set at step t+1. We compute the pseudo-gradient by evaluating
the KL divergence between consecutive predictive distributions at steps t and t+1, restricted to St+1

so that only effective (unmasked) tokens contribute. Backpropagating this divergence through the
LoRA-B parameters yields G̃t,B , and we record its root-mean-square (RMS) magnitude as a scalar
summary for step t. Repeating this across all denoising steps produces a trajectory of pseudo-
gradients that characterizes the sensitivity of inference dynamics.

For training, we take the gradients Gk,B observed at each SFT step k, compute their RMS
magnitudes, and summarize them by a mean µSFT and a variance band. These gradients fluctuate
around the mean within a bounded band, defining the stable regime in which the model was op-
timized. By overlaying the inference pseudo-gradients G̃t,B with this SFT reference, we obtain a
principled test of alignment. Convergence is declared when pseudo-gradients (1) approach µSFT
and (2) remain within this band, beyond which further denoising adds cost without benefit. Ini-
tially, G̃t,B deviates from the SFT regime, but after several iterations it reaches a convergence point
tconv = argmint |RMS(G̃t,B) − µSFT|, after which the pseudo-gradients oscillate around the SFT
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Algorithm 1 EDIT: Early Diffusion Inference Termination

Require: Input sequence; thresholds δ, Ω; block temperature τblk; fine-tuning steps K
Ensure: Generated text with adaptive early termination

1: // Phase 1: Training-Time Metadata Extraction (one-time)
2: for each fine-tuning step k = 1 to K do
3: Update AdamW moments Mk,B , Vk,B using Eq. 1
4: Compute update tensor Uk,B using Eq. 2
5: end for
6: Compute AdamW evolution tensor ŪB using Eq. 3
7: Reduce to feature vector u using Eq. 4
8: Store u as metadata for inference use
9: // Phase 2: Inference-Time Early Termination (uses precomputed u)

10: for each diffusion block b = 1 to B do
11: Initialize visible set S1 by unmasking schedule
12: Compute activations f (1)s for s ∈ S1
13: Compute initial distribution P (1) using Eq. 5 and 6
14: Set stability counter c← 0
15: for denoising step t = 2 to Tb do
16: Update visible set St according to unmasking schedule
17: Compute activations f (t)s for s ∈ St
18: Compute distribution P (t) using Eq. 5 and 6
19: Set intersection It = St−1 ∩ St
20: Renormalize to P̃ (t), P̃ (t−1) using Eq. 7
21: Compute Dt = DKL(P̃

(t) ∥ P̃ (t−1)) using Eq. 8
22: if Dt < δ then
23: c← c+ 1
24: else
25: c← 0
26: end if
27: if c ≥ Ω then
28: break // Early termination for block b
29: end if
30: end for
31: end for
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Figure 6: Overview of EDIT. (a) Supervised Fine-Tuning (SFT): AdamW moment estimates track
LoRA-B updates across steps, where some parameters consistently receive strong, directionally-
aligned updates that encode reasoning patterns. (b) AdamW Evolution: Aggregating these updates
yields a compact evolution vector u that encodes reasoning-relevant parameter importance. (c)
Inference-Time Early Termination: At inference, token activations are compared with the preserved
evolution vector u; reasoning alignment is monitored via cosine similarity and KL divergence across
steps. Once stability persists for consecutive steps, termination occurs before full denoising, reduc-
ing cost without loss of quality.

mean µSFT in a manner statistically consistent with Gk,B . This indicates that inference has entered
the same training-consistent regime, and further denoising steps add computation without providing
additional alignment benefit.

Empirically, on the GPQA benchmark (sequence length 128) we analyze the second diffusion
block and observe in Figure 7 that the pseudo-gradients reach a convergence point (marked by the
yellow ▼) at the 19-th denoising step. Beyond this point, they fluctuate stably around the SFT mean,
indicating entry into the training-consistent regime. Terminating at ∼20 steps per block therefore
preserves fidelity while reducing computation, consistent with Table 2, which shows an average
of 40.3 steps for two diffusion blocks (i.e., ∼20 steps each) on GPQA, and with Table 1, which
confirms that accuracy remains competitive.

After the convergence point at step 19, the pseudo-gradients stay within the SFT variance band,
oscillating around the mean, but a spike appears near step 25. This behavior may reflect the dynam-
ics of late denoising. At this stage, most unmasked (visible) tokens have stabilized, while updates
focus on the remaining masked positions. These late updates often involve low-information ele-
ments such as function words, punctuation, or minor phrasing, which carry little semantic weight

18



EDIT: EARLY DIFFUSION INFERENCE TERMINATION FOR DLLMS BASED ON DYNAMICS OF TRAINING GRADIENTS

but can still trigger abrupt shifts in the predictive distribution. Importantly, because these refine-
ments concern filler-like tokens, they do not compromise the earlier convergence, which already
ensures fidelity comparable to full denoising.

Figure 7: Gradient-based analysis of training–inference alignment on GPQA (sequence length 128,
second diffusion block). The curve shows the RMS pseudo-gradients G̃t,B across denoising steps,
compared against the SFT gradient mean (dashed) and variance band (shaded). The convergence
point (yellow ▼) occurs at the 19-th step, after which pseudo-gradients oscillate stably around the
SFT mean. This alignment indicates that terminating at ∼20 steps per block maintains fidelity
comparable to full denoising while reducing computation, consistent with Table 2 (40.3 steps for
two blocks).

We also show additional examples in Figure 8 to 11, which presents Countdown, Sudoku,
MATH500, and GSM8K. Their convergence points occur at the 20-th, 18–19-th, 19-th, and 23-
rd steps respectively. In each task, terminating around these points preserves fidelity while reducing
computation, consistent with the average step counts reported in Table 2 (40.4, 38.3, 38.1, and
42.8 steps for two blocks). These results demonstrate that pseudo-gradient convergence provides a
consistent signal of reasoning step completion across diverse benchmarks.

Figure 8: Countdown (sequence length 128, second diffusion block). The convergence point (yellow
▼) occurs at the 20-th step. Terminating at ∼20 steps per block maintains fidelity comparable to
full denoising while reducing computation, consistent with Table 2 (40.4 steps for two blocks).
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Figure 9: Sudoku (sequence length 128, second diffusion block). The convergence point (yellow
▼) occurs at the 18-th and 19-th steps. Terminating at ∼19 steps per block maintains fidelity com-
parable to full denoising while reducing computation, consistent with Table 2 (38.3 steps for two
blocks).

Figure 10: MATH500 (sequence length 128, second diffusion block). The convergence point (yel-
low ▼) occurs at the 19-th step. Terminating at ∼19 steps per block maintains fidelity comparable
to full denoising while reducing computation, consistent with Table 2 (38.1 steps for two blocks).

Figure 11: GSM8K (sequence length 128, second diffusion block). The convergence point (yellow
▼) occurs at the 23-rd step. Terminating at ∼22 steps per block maintains fidelity comparable to
full denoising while reducing computation, consistent with Table 2 (42.8 steps for two blocks).
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