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Abstract

Diffusion large language models (dLLMs) offer a promising parallel decoding
paradigm as an alternative to autoregressive generation through iterative unmask-
ing. However, dLLMs typically require many steps before token confidence reaches
the decoding threshold, resulting in inefficient inference even with block-wise KV
caching. To accelerate dLLM inference, we for the first time propose an “early-bird
(EB)” decoding framework, motivated by the observation that tokens with similarly
low entropy tend to cluster and can be jointly decoded earlier, before reaching
the confidence threshold. In particular, our EB-Decode framework integrates two
key enablers: (1) a learnable network that adaptively groups tokens with similar
uncertainty into variable-length blocks, rather than relying on fixed block sizes; (2)
a position-aware sampler that learns to unmask tokens in parallel using fewer decod-
ing steps within predicted variable-length blocks. Both components are developed
without modifying pretrained dLLM weights and can therefore be directly deployed
as plug-ins during serving, with negligible training and inference overhead. Exten-
sive experiments across three models and four benchmarks consistently validate our
observation and the effectiveness of EB-Decode, achieving 3.53-18.76 x higher
throughput than the vanilla decoding method and up to 1.58 x higher throughput
over the strongest baseline, Fast-dLLM, with comparable accuracy.

1 Introduction

Diffusion large language models (dLLMs) have emerged as a compelling alternative to autoregressive
(AR) models, breaking the sequential bottleneck of token-by-token decoding by generating text in
parallel through iterative denoising over masked positions [2, 42, 40, 56]. This paradigm enables
bidirectional context utilization and makes dLLMs a practical and increasingly scalable approach
for fast, high-quality text generation, as demonstrated by large-scale systems such as Gemini Dif-
fusion [15], Seed-Diffusion [45], and Mercury [25]. However, current open-source dLL.Ms such as
LLaDA [40, 64, 5] and Dream [56] still struggle to consistently deliver better accuracy-efficiency
tradeoffs compared to their AR counterparts of similar size; for example, the AR model LLaMA3-
8B-Instruct achieves 48.0 tokens/s, whereas the dLLM LLaDA-8B-Instruct reaches only 3.5 tokens/s
under an NVIDIA A100-PCle 40GB GPU setup. Its accuracy also drops from 83.5% at 1,024 denois-
ing steps to 54.1% at 256 denoising steps [49, 41, 24, 29], which limits the widespread adoption of
dLLMs in real-world deployments.

Recently, several works have attempted to mitigate the inference efficiency challenges of dLLMs,
including semi-AR variants for block-wise sequential generation [1, 10], Key-Value (KV) and
activation caching [53, 33, 38, 21, 8], efficient sampling algorithms [22, 4, 51, 35, 23, 48, 60, 36], and
step distillation [19, 13,9, 30, 59]. However, most of them rely on fixed block selection and confidence
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Figure 1: Conceptual comparison illustrating the differences between vanilla block-wise decoding
(Left) [1] and the proposed EB-Decode framework (Right).

thresholds during decoding, implicitly assuming uniform token difficulty along the sequence, which
wastes parallelism on hard tokens and under-utilizes it on easy ones, contradicting the heterogeneous
nature of natural language. For example, in code, function signatures are typically easier to predict
than function bodies, and in mathematical reasoning, routine arithmetic is straightforward whereas
multi-step derivations are more challenging. Beyond that, a few recent methods introduce simple
heuristics for adaptive block sizing and thresholding, such as delimiter (e.g., period) detection [35],
sliding windows [36], or entropy-based boundaries [60]. Some methods attempt to learn parallel
decoding strategies [4], but still rely on fixed block sizes. These limitations call for a principled
framework that not only adaptively determines block sizes but also inherently enables early decoding
under homogeneous token difficulty within each block.

In this work, we for the first time propose a principled “early-bird” decoding framework, motivated
by our observation that tokens with similar low entropy and close semantic meanings tend to cluster
and can be jointly decoded much earlier before reaching the confidence threshold, due to their similar
difficulty levels. To enable such principled EB decoding, two key challenges arise: First, how can
we automatically learn adaptive block sizes instead of relying on heuristics? Unlike prior delimiter-
based methods, our observation shows that token entropy exhibits a staircase pattern across token
positions, indicating that at certain key steps, adjacent or even non-contiguous tokens share similar
entropy or uncertainty. This motivates the design of a lightweight network that leverages entropy and
positional semantics to dynamically predict block sizes on the fly. Second, how can we decode the
predicted block of tokens earlier before reaching the confidence threshold? Our observation shows
that confidence-based decoding wastes computation on tokens that have already converged: many
tokens become correct in early denoising steps but are repeatedly remasked because their confidence
has not yet reached the threshold. Moreover, under fixed block sizes, confident tokens outside the
current block are excluded from early finalization. These observations motivate a position-aware,
learnable parallel sampler that leverages per-token statistics (i.e., entropy, position, and step) to
determine which positions can be finalized at earlier steps, while naturally supporting variable-length
blocks. To the best of our knowledge, this work is the first to tackle the above challenges toward a
principled EB decoding framework. Our contributions are summarized as follows:

* We propose a principled early-bird decoding framework for efficient dLLM inference acceler-
ation, termed EB-Decode, that automatically clusters tokens with similar difficulty into blocks
and enables their early decoding with fewer denoising steps than confidence-based methods.

e Enabler 1: We adopt a learnable block size (LBS) prediction network to dynamically cluster
contiguous or non-contiguous tokens with similar difficulty and semantic coherence on the fly.

e Enabler 2: We introduce a position-aware learnable parallel sampling (LPS) network to
identify and finalize converged tokens at early denoising steps under variable-length blocks.

» Extensive experiments across three dLLMs and four representative benchmarks demonstrate
the effectiveness of EB-Decode: it achieves 3.53-18.76 x throughput improvement over the
vanilla decoder with comparable accuracy and only ~6.21% routing overhead, and delivers
an additional 1.20x speedup when combined with K'V-cache pipelines.



2 Related Works

dLLMs. Unlike AR models, dLLMs generate text through an iterative denoising process over discrete
tokens [2, 42, 44, 34, 61], achieving likelihood comparable to their AR counterparts. At the billion-
parameter scale, LLaDA [40] performs on par with LLaMA3, and subsequent extensions further
improve its alignment, sparsity, and scaling [63, 64, 5]. Dream-7B [56] adds AR-based initialization
and adaptive noise rescheduling. We provide more literature review of dLLM in Appendix A.

Efficient Inference of dLLMs. Recent work improves dLLM decoding along several directions.
Cache-based methods reuse key-value projections across denoising steps to avoid redundant com-
putation [33, 53, 38, 21]. Distillation-based methods train the model to commit more tokens per
step [9, 30]. Efficient sampling methods redesign the denoising trajectory to better allocate com-
putation across steps. For example, SlowFast [51] alternates between exploratory and accelerated
phases; DUS [37] front-loads computation to early steps via dilated scheduling; Adaptive acceptance
methods replace the static confidence threshold with learned or per-position confidence [23, 4, 39, 28].
Dynamic block methods resize the block at runtime by aligning boundaries with confidence or entropy
shifts [35, 60, 36]. An orthogonal line targets test-time quality through revocable draft-and-verify
decoding [20], temporal-dynamics voting across denoising steps [48], and inference-time remask-
ing [47]. In contrast, our proposed principled EB-Decode explicitly leverages the token-level statistics,
and learns to dynamically cluster tokens with similar difficulty and adapt the sampling schedule to
identify and finalize converged tokens at early denoising steps under variable-length blocks.

Early-Bird (EB) Phenomenon. Early prediction is important for efficient training and inference.
For training, the EB ticket hypothesis [57] shows that small subnetworks (i.e., lottery tickets [14])
can be identified early in training via mask-distance convergence, achieving accuracy comparable
to overparameterized networks. This EB phenomenon has been consistently observed in BERT [7],
GCNs [58], LLMs [ 18], and diffusion models [52]. For inference, early-exit mechanisms enable
dynamic computation by terminating inference once predictions become sufficiently confident. They
were first applied to RNNs through a learned halting unit [17], and later generalized to CNNs [46]
and Transformers [54, 62, 43], where intermediate layers can halt computation once a confidence
or prediction-agreement criterion is satisfied. In this work, we for the first time observe the EB
phenomenon during the decoding phase in dLLMs and leverage it to enable efficient EB decoding.

3 Preliminaries of dLLMs

dLLMs formulate text generation as a diffusion process over discrete token sequences, consisting of
a forward masking process and a reverse denoising process. Let xg = (78, . . ., #) denote a clean
token sequence of length L drawn from a vocabulary V, where z}, is the token at position i. The
forward process samples a noise level ¢ € [0, 1] and produces a corrupted sequence x; = (z}, ..., zF)
by independently replacing each token with the special [MASK] symbol with probability ¢, so that
x; converges to a fully masked sequence as ¢ — 1. The reverse process is parameterized by a
bidirectional Transformer that defines a mask predictor pg(- | x;), which recovers the distribution
over the original token at every masked position simultaneously. The model is trained by minimizing

L
1 i
L(0) = Etn24(0,1), %0, x: n Z 1{x;‘=[MASK]}(* log po (2 | Xt)) ) ey
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where 1 is the indicator function that restricts the cross-entropy to currently masked positions, and
the factor 1/t compensates for the expected mask ratio at noise level ¢. This objective upper-bounds
the negative log-likelihood of the model distribution.

Block-wise Decoding. At inference time, dLLMs commonly adopt a block-wise decoding strategy [,
53]: the response is partitioned into contiguous fixed-size blocks decoded from left to right, where
positions inside the active block are predicted in parallel and committed based on confidence, while
the rest are remasked for further refinement. The full update rule is deferred to Appendix B. However,
reliance on fixed block sizes and static commit rules ignores variation in token difficulty along the
sequence, motivating our empirical analysis in Sec. 4.



4 The Observations of EB Phenomenon in dLLM Decoding

To understand the inefficiency of existing dLLM decoding, we analyze the denoising trajectory and
identify two empirical phenomena overlooked by fixed-block, threshold-based decoding: a staircase
entropy pattern across token positions and an early convergence phenomenon across denoising steps.

Observation 1: Staircase Entropy Pattern. To examine how token difficulty varies across positions,
we measure the Shannon entropy H; at each masked position i and denoising step . We visualize this
on a GSM8K sample with generation length 256, decoded by the block-wise diffusion method [53].
As shown in Fig. 2 (a), the entropy does not
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harder-to-predict tokens. Although such hard

tokens sit within an otherwise semantically coherent region, they are not well-suited to being decoded
jointly with the surrounding easy tokens. Yet fixed-block methods enforce a strict left-to-right order
that forces these hard tokens to be resolved inside the current block before any subsequent content can
be generated. In contrast, as shown in Fig. 2 (b), a block selection strategy that allows non-contiguous
grouping could defer these hard tokens to a later block, letting the model first decode the surrounding
easy context and leverage the additional right-side information when eventually resolving them.
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Figure 3: (a) Per-token denoising trajectory, where each column represents a token position across
steps within one segment. Light green cells indicate tokens whose predictions become correct before
they are committed, illustrating the inefficiency of confidence-based decoding. (b) Mean lead-time
(in denoising steps) and fraction (%) of tokens with lead > k denoising steps before commit.

Observation 2: Early Convergence Phenomenon. Even when block selections are well aligned
with token difficulty, decoding still has to decide when each token within a block should be committed.
To examine this, we track the per-step prediction at each masked position for six representative token
positions of a GSMS8K sample decoded using the vanilla block-wise method [40]. As shown in Fig. 3
(a), we observe that many tokens reach the correct prediction several denoising steps before their
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Figure 4: Overview of the proposed EB-Decode framework. (a) Inference pipeline: LBS first predicts
and filters the active block out, and LPS then selects the tokens to commit within this block. (b) LBS
router training with a weighted cross-entropy loss and a regularization term. (c) LPS router training,
where features and labels are first recorded by decoding with LBS and then used to train the router.

per-token confidence crosses the threshold, in principle allowing them to be committed early. These
early-converged tokens, however, are repeatedly remasked before being finalized, introducing step-
level redundancy. Fig. 3 (b) quantifies this redundancy by showing that under both the vanilla [40]
and confidence-based method [53], many tokens remain unaccepted for multiple denoising steps after
their predictions become correct. As reported in Fig. 3 (b), the mean lead times of the two baseline
methods are 13.4 and 2.3 steps, respectively. The fractions of tokens are 96.3% and 62.5% when
the lead time is > 1 step, and 60.5% and 3.5% when the lead time is > 10 steps. This behavior
arises because existing methods evaluate each masked position independently and cannot distinguish
correct-but-uncertain predictions from genuinely incorrect ones, highlighting the need for a principled
and learnable strategy to commit correct tokens earlier.

S The Proposed EB-Decode Framework

Overview. The two observations in Sec. 4 reveal two fundamental issues in current dLLM decoding:
(1) a fixed block size that ignores the staircase pattern of token difficulty and the non-contiguous
nature of tokens that should be grouped, and (2) a fixed confidence threshold that overlooks the
adaptive nature of how early predictions actually converge. As illustrated in Fig. 4 (a), our proposed
EB-Decode framework replaces the aforementioned two static choices with learnable counterparts
while keeping the base dLLM frozen. Specifically, LBS replaces the fixed block size and decides
where to decode at each step, as described in Sec. 5.1, while LPS replaces the fixed confidence
threshold and decides which positions within a given variable-length block to finalize early, as
described in Sec. 5.2. Both modules reuse the base dLLM’s forward pass and introduce negligible
training and inference overhead.

5.1 Enabler 1: Learnable Block Size (LBS)

The staircase entropy pattern identified in Sec. 4 reveals that token difficulty is spatially clustered: low-
entropy regions alternate with sharp uncertainty spikes that do not align with fixed block boundaries.
A fixed partition either splits an easy plateau across two blocks, wasting a decoding pass, or lumps
easy and hard tokens together, causing hard tokens to bottleneck their easier neighbors. To resolve this,
we introduce LBS, a lightweight router R, that at each step selects a variable-length, non-contiguous
active block B C M from the currently masked positions M = {i : * = [MASK] }.

LBS Router. As shown in Fig. 4 (b), for each masked position 7, the router takes two complementary

inputs: (1) The normalized entropy, defined as H' = H(p') = (— 3, <y, p'(v) log pi(v))/log [V,



Algorithm 1 EB-Decode Training Algorithm 2 EB-Decode Inference
Require: Frozen dLLM Fy, prompt-response pair D Require: Fy, R4, Ry, and thresholds 7, 7y

// LBS router R4 1: @ < Prompt & [MASK]
1: for z € D do 2: while any 2 = [MASK] do
2: H', 2" + Fo(Mask(z)) > LBS Inputs 3: H 3 P« Folx)
33 Oh + Re(H', &) 4 fi= (& H,AY D) > Feature Details
4 Update ¢ via L1,Bs > Eq. (3) // LBS
5: end for 5: if no active block then =
// LPS router R, 6: B « Filters(Ry(H', &)
6: for z € D do 7 end if
7: Decode with LBS; record trace 7 // LPS
8: end for 8 Ol + Ry(f',pos’)
9: for (f‘zyposl) C Tdo _ > LPS Inputs o- A« {ieB: K>V Piu > 70}
10: Oy — Ry(f*,pos’) 10: zt ¢« giforic A > Accept & Commit
L1 Update ¢ via Lrps > Eq. (4) 11: If B resolved, move to Line 5
12: end for 12: end while

13: return Ry, Ry 13: return x

which measures local prediction uncertainty. Entropy alone, however, does not distinguish between
qualitatively different sources of uncertainty: a function word may be uncertain among a few
interchangeable alternatives, while a rare content word may be uncertain because its identity depends
on context not yet resolved—two situations that call for different routing decisions; (2) The top-1
predicted token IDs (£*). Inspired by Lu et al. [35], we embed token IDs using the frozen base-model
token embedding table. This allows the router to differentiate between semantically trivial tokens and
semantically informative ones. In summary, the router maps these input signals to a per-masked-token
inclusion probability pfﬁ of whether a masked token should be included in the final selected block:

pl, = 0(0}) = o(Ry(H',3")) € (0,1),i € M, (@)

where o is the sigmoid function. The router is implemented as a lightweight two-layer Transformer
encoder, with full architectural details described in Appendix C.1.

LBS Router Training. We train the LBS router in a block-wise masking style. A single frozen
forward pass through the dLLM yields entropy H? and token ID 2% at every masked position, which
are then passed into the LBS router to get the per-token probability p’. We train the router by
minimizing a weighted cross-entropy loss (L.cg) with a regularization term (LRreg):

Lums = Luon — Lreg = = 3 0(0%) by — —— 3 0(0}) @)
M M|
ieEM ieEM

where ¢4, denotes the per-masked-token cross-entropy loss of the frozen dLLM at position i, and
O}, = Ry(H", ") is the router output. The first term Ly,cp trains the router to assign high inclusion
probability (i.e., likelihood of being included in the current block) to positions where the dLLM
already predicts correctly (i.e., low £5p), and assign low inclusion probability to positions where the
dLLM is either incorrect or underconfident (i.e., high £45). The second term acts as a regularization
role that prevents the degenerate solution of selecting no tokens—which would trivially minimize the
first term—by rewarding larger total inclusion; the subtraction ensures the regularizer and the loss
pull in opposite directions, stabilizing the block size. The training procedure is also summarized in
Alg. ; the full pseudocode is detailed in Appendix C.2.

LBS Router Inference. As shown in Alg. 2, at each step, entropy H* and token ID &% are computed
from the dLLM output logits over masked positions and passed to R4, producing a candidate block
C={i: pfﬁ > 0.5}. This candidate block is then refined by three filters, each addressing a specific
failure mode. (1) EOS removal. End-of-sequence tokens have near-zero entropy, so the router nearly
always selects them. However, unmasking EOS tokens too early in the inference process would
truncate generation prematurely and severely damages accuracy on tasks that require step-by-step
reasoning like math and coding [22]. Thus, we remove all EOS tokens from C entirely. We quantify
the dominance of EOS predictions at the sequence tail in Appendix H. (2) Max-gap constraint (gmax)-
Ideally, we want to identify a homogeneous difficulty plateau as the block, instead of cherry-picking



isolated easy tokens scattered across a hard region. If consecutive selected positions are separated by
more than g,,x tokens, the candidate block straddles an unresolved hard region, violating the spatial
coherence assumption and forcing the model to denoise positions that have not yet been committed.
Thus, starting from the leftmost selected position, any candidate whose gap to its predecessor exceeds
Jmax 18 discarded along with all subsequent selected positions. (3) Min-tokens constraint (Lin).
After applying the above two filters, if the resulting candidate set contains fewer than L., tokens,
LBS falls back to selecting the first 32 masked positions in left-to-right order. This constraint is
critical for accuracy. If the number of tokens is too small after filtering, the router can degenerate to
selecting scattered easy tokens anywhere in the sequence. In summary, the router makes per-token
decisions, resulting in an inherently non-contiguous candidate block that adapts to the entropy pattern;
contiguity is instead imposed at inference time via filtering.

5.2 Enabler 2: Learnable Parallel Sampling (LPS)

LBS adapts block boundaries to local difficulty but keeps the commit rule fixed, leaving intra-block
parallelism underutilized. The early convergence observation in Sec. 4 shows that a masked position’s
top-1 prediction often becomes correct several steps before its confidence reaches the threshold,
making additional refinement steps unnecessary. To bridge this gap, we introduce LPS, a lightweight
router R, that learns when a masked position within a variable-length block is ready to be finalized,
enabling early commitment before reaching the confidence threshold, as shown in Fig. 4 (c).

Position-aware LPS Router. Unlike many existing decoding methods [40, 56, 53, 35] that rely on
top-1 confidence k' as a static commit criterion, LPS learns this decision, using confidence as the
primary input and augmenting it with two signals. First, to make the LPS router position-aware,
we incorporate the token’s normalized intra-block position embedding, pos’ = (i =b)/5| € [0, 1],
where b is the left boundary index and |B| is the block size. This encoding captures the token’s
relative location within the block and enables the router to correlate decisions across positions rather
than scoring them independently. To support variable-length block inputs, our LPS router adopts a
two-layer Transformer architecture to leverage positional information, rather than an MLP-based
design [4] that cannot handle variable-length inputs. Model details are provided in Appendix D.1.
Second, to enable the LPS router to distinguish correct-but-underconfident tokens from genuinely
uncertain ones, we incorporate three auxiliary uncertainty features: (1) the normalized entropy H; for
absolute prediction uncertainty, which alone cannot tell whether the top-1 candidate dominates; (2)
the confidence gap A! between the top-1 and top-2 predictions for relative label ambiguity, i.e., the
margin over the strongest competitor; and (3) the block-wise mask ratio p; to capture global decoding
progress, as the commit policy should differ across denoising stages. Overall, for each masked
position 7 € M in the active block B, the input to the LPS router is defined as the concatenation of
all features f; = (ki, Hf, AL p;), and the output is OY = Ry (f}, pos’), from which the commit

probability is obtained as pj, = o(O},).

Self-supervised LPS Router Training. We train LPS using a generate-then-replay pipeline that
requires no human label. We first run the base dLLM under its default decoding schedule and
record the resulting completed sequence x. We treat z( as a convergence target rather than absolute
ground truth, so the LPS router learns to predict when a token has stabilized to the model’s own
final prediction. During replay, at each intermediate step ¢, we recompute the features f; and assign
yi = 1[#! = 2!, indicating whether the current top-1 prediction already matches . To keep the
replay aligned with the original generation trajectory, we apply an oracle rule that unmasks positions
where the current prediction matches x, and replaces mismatched positions with their corresponding
tokens from x(. Since prematurely committing an incorrect token is irreversible, we use a weighted
binary cross-entropy loss that penalizes false positives more heavily than false negatives during
training:

ELPS = W EZ/V“ wz ’ BCE(U(R¢(f;,pOS%))7y§>7 (4)

where ¢ indicates a sigmoid function, negative samples (incorrect early commitments) receive weights
wj > 1, causing false positives to dominate the gradient. The training procedure is briefly summarized
in Alg. 1, with full trace-generation and training details provided in Appendix D.2 and D.3.

LPS Router Inference. As shown in Alg. 2, at each decoding step, the base dLLM produces top-1
predictions and confidences for all masked positions. If no active block exists, LBS selects a new



Table 1: Comparison of EB-Decode and baseline methods across four benchmarks and three base
models. We report tokens per second per GPU (TPS), speedup (Sp.up), and accuracy (Acc.%).
Speedup is measured relative to the vanilla decoding method. The best throughput and speedup
are highlighted in bold. “—” indicates not applicable, as Learn2PD provides no open-source
implementation for LLaDA-1.5.

LLaDA-8B-Instruct Dream-v0-Instruct-7B LLaDA-1.5
Method Spaup TPS Acc.(%)| Spup TPS Acc.(%)|Spup TPS Acc. (%)
HumanEval
Vanilla 1.00x 23.70  43.90 1.00x 11.33 54.88 |1.00x 23.79 43.90
Fast-dLLM [53] 2.66x 63.08 4390 | 429x 4857 53.66 [2.72x 64.60 42.68
AdaBlock-dLLM [35] 2.38x 56.33 42.68 | 4.05x 4588 5244 [252x 5995 41.46
Learn2PD [4] 2.78x 65.92 4268 | 2.15x 2431 53.66 — — —
EB-Decode (LBS) 290x 68.83 4573 | 4.46x 50.55 5549 [2.68x 6373 41.46
EB-Decode (LBS+LPS) 3.53x 83.69 4329 | 5.61x 63.53 5488 |[3.58x 85.19 42.68
MBPP
Vanilla 1.00x 11.95  40.00 1.00x 223 5340 |1.00x 8.28 40.80
Fast-dLLM [53] 4.13x 4931 4020 |11.88x 26.49 53.00 |6.41x 53.13  40.20
AdaBlock-dLLM [35] 4.02x 48.02 4120 |11.54x 2574 5240 |6.01x 49.82  40.60
Learn2PD [4] 4.72x 5637  40.00 | 4.04x 9.01 52.00 — — —
EB-Decode (LBS) 447x 5337 4040 |14.70x 32.77 5480 [6.39x 5294  40.60
EB-Decode (LBS+LPS) 5.37x 64.18 4020 |18.76x 41.83 53.60 |[7.76x 64.26 39.80
GSMS8K-CoT
Vanilla 1.00x 17.04 79.07 1.00x 12.03 77.78 |1.00x 16.94 79.76
Fast-dLLM [53] 4.65x 7920 78.70 | 451x 5420 77.86 |5.15x 87.27 79.45
AdaBlock-dLLM [35] 4.18x 71.22 79.00 457x 5497 7870 |4.89x 82.87 79.00
Learn2PD [4] 491x 83.64 7824 | 2.07x 2496 78.09 — — —
EB-Decode (LBS) 5.09x 86.80 79.68 492x 5922 78.10 [4.79x 81.20 80.36
EB-Decode (LBS+LPS) 6.14x 104.55 7824 | 6.36x 7647 7733 |6.25x 10591 79.53
MATHS500-CoT

Vanilla 1.00x 21.72 42.40 1.00x 2497 51.00 |[1.00x 15.10 43.20
Fast-dLLM [53] 326x 70.77 42.00 | 3.10x 77.39 5140 |[5.00x 7559 42.80
AdaBlock-dLLM [35] 3.07x 66.63 41.60 3.08x 77.00 48.80 [4.69x 70.88 42.20
Learn2PD [4] 3.78x 82.11  41.80 1.12x  28.05 49.80 — — —
EB-Decode (LBS) 3.32x  72.03 41.20 296x 7391 49.80 |4.92x 74.24 42.60
EB-Decode (LBS+LPS) 3.86x 83.79 4240 | 3.57x 89.06 49.40 |[5.55x 83.79 42.40

B; otherwise, the previous B is reused. Within B, a position 7 is committed if its base confidence
exceeds the threshold 7 or its LPS score exceeds a threshold 7, tuned on a held-out validation split.
In this way, LPS preserves the standard threshold rule for tokens the model is already confident about,
while committing correct-but-underconfident tokens that would otherwise be deferred. If no position
in B satisfies either condition, we fall back to committing the highest-confidence masked position to
prevent decoding from stalling, following standard practice in confidence-based decoding. Once B is
fully resolved, decoding proceeds to the next block. Full pseudocode is provided in Appendix E.

6 Experiments

6.1 Experimental Setup

Models, Benchmarks, and Metrics. Models. We evaluate EB-Decode on three open-source dLLMs:
LLaDA-8B-Instruct [40], Dream-vO-Instruct-7B [56], and LLaDA-1.5 [63]. Benchmarks. Our
evaluation covers mathematical reasoning on GSMS8K [1 1] (0-shot) and MATHS00 [31] (0-shot),
as well as code generation on HumanEval [6] (0-shot) and MBPP [3] (3-shot). For GSM8K and
MATHS00, we append a chain-of-thought prompt suffix [50] to each question following [9]. Metrics.
We report task accuracy, throughput, and the associated speedups compared to the base models.
Detailed experimental settings are provided in Appendix F.



Table 2: Ablation of LBS components on Table 3: Ablation of LPS components on LLaDA-8B-
LLaDA-8B-Instruct and GSM8K-CoT. Each  Instruct and GSM8K-CoT. Each row progressively

row progressively adds one component. adds one component.
Variant | Acc.(%) TPS Variant | Acc.(%) TPS
LBS Router | 7453 4225 LPS Router in MLP | 7839  87.40
+ EOS removal 7733 90.31 + MLP — Transformer 7825  97.31
+ Max-gap constraint 78.70  86.92 + Intra-block position 7794 104.18
+ Min-tokens constraint | 79.68  86.80 + Entropy + Gap + Mask Ratio| 78.24  104.55

Baselines. We compare EB-Decode against four inference-stage baselines: (1) the vanilla block-wise
decoding method used by each base dLLM [40, 56, 63], which serves as the no-acceleration reference;
(2) Fast-dLLM [53], which commits multiple tokens per step based on a confidence threshold (for a
fair comparison, we use its parallel decoding without KV cache, and report its results with KV cache
in Tab. 6); (3) AdaBlock-dLLM [35], which adaptively places block boundaries using delimiter-token
confidence; and (4) Learn2PD [4], which employs a lightweight filter for parallel decoding. A detailed
comparison between EB-Decode and these and related methods is given in Appendix G.

Router Training Details. Both routers are lightweight, with about 0.6M trainable parameters for
LBS and 0.03M for LPS. The LBS router is trained on dLLM-generated responses from 92,000
prompts randomly sampled from GSMS8K [11], the PRM12K training set [31], and a subset of the
Numina-Math dataset [27], following the setup of [9]. The router is trained for 6 epochs using
AdamW with a learning rate of 5e—5. The actual training of the LBS router takes only about 2 hours.
The LPS router is trained on 10,000 prompts randomly sampled from AQUA-RAT [32]. Training
uses AdamW with a learning rate of 1e—3 and is early-stopped when the validation recall does not
improve for 100 epochs. Trace generation takes about 2 hours, while router training itself requires
only around 10 minutes. Further details are provided in Appendix C and D.

6.2 Comparison of EB-Decode with SOTA Baselines

Tab. 1 summarizes the comparison between our proposed EB-Decode and four baselines in terms of
accuracy and throughput across three dLLMs and four benchmarks. We observe that both EB-Decode
with LBS only and the full EB-Decode with LBS+LPS consistently achieve better accuracy-efficiency
trade-offs. EB-Decode with LBS alone already improves throughput across all settings, while
even improving accuracy in several cases. For example, on LLaDA-8B-Instruct with HumanEval,
LBS increases throughput from 23.70 to 68.83 TPS while simultaneously improving accuracy from
43.90% to 45.73%. This result suggests that adaptive block boundaries not only unlock greater
parallelism, but also provide difficult tokens with richer right-context information during decoding.
The full EB-Decode improves throughput by 3.53-18.76 x over the vanilla decoder, while maintaining
comparable accuracy (around +1%). EB-Decode also outperforms the strongest baseline in every
setting, delivering up to 1.58 x higher throughput than Fast-dLLM while maintaining comparable or
even higher accuracy. These results demonstrate the effectiveness of our EB-Decode.

6.3 Ablation Studies of EB-Decode

LBS Design Choices. Tab. 2 additively builds Table 4: Accuracy and TPS on LLaDA-8B-Instruct
up the LBS filter described in Sec. 5.1. Start- and GSM8K-CoT with the three filters applied pro-
ing from the LBS router’s selected block, we gressively without the LBS router, where blocks
incrementally add EOS removal, the max-gap are selected randomly. Even with all three filters,
constraint, and the min-tokens constraint to fur- both accuracy and TPS remain below those of LBS.
ther refine the selected block. The results in the Variant | Acc.(%) TPS

table empirically demonstrate that all filters are

crucial in maximizing the task accuracy while w/o LBS router | 4913 1156
maintaining high TPS. To check whether these + EOS removal 68.76  24.24
gains stem from the filters alone, Tab. 4 removes + Max-gap constraint 76.27  23.16
the LBS router while keeping the same filters. + Min-tokens constraint 76.80  23.96

Even with all three filters, this variant reaches LBS router + all filters (ours) | 79.68  86.80
only 76.80% accuracy at 23.96 TPS, 2.88 points




lower and 3.62x slower than LBS with the same filters, showing that the learned block selection
itself brings large gains. We also train an LBS router of comparable size on LLaDA-8B-Instruct that
takes only normalized entropy as input. Its converged training loss is higher, and accuracy across
the four benchmarks drops by 1.2 points on average at similar TPS. This suggests that semantic
information can indeed help the LBS router pick a more optimal block.

LPS Design Choices. Tab. 3 additively builds up the LPS router described in Sec. 5.2, on top of LBS
selected blocks. Starting from an MLP taking only confidence as input, we replace the encoder with
a small Transformer, add the intra-block position embedding, and add the three auxiliary uncertainty
features (entropy, top-1/top-2 gap, mask ratio). The results in the table empirically demonstrate the
benefit of using a Transformer architecture over an MLP, and show that all components contribute to
maximizing the TPS while preserving the task accuracy.

Performance on Different Generation

Lengths. ~ Tab. 5 compares EB-Decode Tuple 5. Accuracy and speedup on LLaDA-8B-
against the baseline at generation lengths  pyqimct and GSM8K-CoT at different generation
L € {256,512}. EB-Decode achieves the jenoths, EB-Decode delivers higher speedup at

highest throughput and comparable accuracy o jengths with accuracy comparable to the
at both lengths. Also, the speedup grows as .14 decoder.

the generation length increases, indicating that
EB-Decode may be especially effective for | L=256 | L=512
long-sequence generation. Method |Acc.(%) Sp.up | Acc.(%) Sp.up

Effect of KV-Cache Configuration. Tab. 6 Vanilla 75.13  1.00x | 79.07 1.00x
shows the result of using different KV-cache LBS 7498 3.27x| 79.68 5.09x
strategies on top of EB-Decode on 4xA100. LBS+LPS| 74.60 3.86x | 7824  6.14x

Since LBS uses non-contiguous active blocks,

we apply cache at the block boundaries: pre-

fix cache [53] reuses keys/values for tokens to the left of the leftmost selected position, and dual
cache [53] additionally reuses keys/values for tokens to the right of the rightmost selected position.
Both variants further improve the throughput of EB-Decode while preserving accuracy, demonstrating
that EB-Decode can integrate with standard KV-cache pipelines for additional speedup. With KV
caching being considered on top of both methods, EB-Decode still outperforms Fast-dLLM by
1.28x, 1.22x, and 1.38x without cache, with the prefix cache, and with the dual cache, respectively,
showing that its advantage holds even when the baseline also uses KV caching.

Overhead of LBS and LPS Routers. We mea-
sure the wall-clock overhead of the two routers Table 6: Accuracy and TPS on LLaDA-8B-Instruct
as a fraction of the per-step backbone forward and GSM8K-CoT across different cache strategies,
time on A100. LBS accounts for roughly 3.80% for both EB-Decode and Fast-dLLM.

and LPS for 2.41% of the per-step latency Method (L = 512) Acc.(%) TPS
(6.21% in total), confirming that the speedups
come from jointly decoding low-entropy tokens
earlier before they reach the confidence thresh-
old and thereby using fewer decoding steps,

while the routers themselves introduce only neg- EB-Decode 7824 65.27
ligible inference overhead. EB-Decode (Prefix Cache) 77.93 7595
EB-Decode (Dual Cache) 7793 78.43

Fast-dLLM [53] 78.70  50.90
Fast-dLLM (Prefix Cache) 78.92  62.03
Fast-dLLM (Dual Cache) 78.70  56.92

6.4 Generality and Broader Comparisons

Router Transferability. The routers of EB-Decode are largely transferable, so they can be reused
without retraining when the deployment setting changes. We examine this transferability from three
aspects: across models, across generation lengths, and across tasks. (1) Across models as shown in
Tab. 7 (a), we consider two transfer targets. For LLaDA-1.5, which belongs to the same model series
as LLaDA-8B-Instruct, transferring LBS alone or together with LPS matches the natively trained
routers in accuracy and throughput. For Dream-vO-Instruct-7B, which comes from a different model
series, LBS does not transfer, because it embeds predicted token IDs with the base model’s embedding
table and vocabularies differ across series. LPS, whose features are vocabulary-independent, still
transfers. (2) Across generation lengths as shown in Tab. 7 (b), an LPS router trained at one length
remains on par at the other. Only LPS is evaluated here, because LBS takes the entire masked
sequence as input and uses positional embeddings tied to the generation length (Appendix C.1). We
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Table 7: Router transfer without retraining on GSM8K-CoT, (a) across models and (b) across
generation lengths. “Native” uses routers trained in the target setting, and “Transferred” uses the
router(s) listed in the second column.

| Native | Transferred
Target Transferred router | Acc.(%) TPS | Ace.(%) TPS
(a) Across models
LLaDA-1.5 LBS from LLaDA-8B 79.23 64.95 79.15 64.68
LLaDA-1.5 LBS + LPS from LLaDA-8B 79.23 64.95 79.23 66.37
Dream-vO-Instruct-7B  LPS from LLaDA-8B 76.19  43.55 76.49  43.07

(b) Across generation lengths (LLaDA-8B-Instruct)

L=512 LPS trained at L=256 78.17 6954 | 7824  66.95
L=256 LPS trained at L=512 74.68 9537 | 74.15 94.08

Table 8: Accuracy and throughput of LBS on block-forward dLLMs, which compute logits only for
the current active window. “Thr.” denotes the commit threshold; accuracy gains over the baseline are
shown in parentheses.

\ HumanEval (0-shot) \ GSMSK (5-shot)

Method Thr. | Acc.(%) Token/s | Acc.(%) Token/s
LLaDA 2.0 [5], active window 64

LLaDA 2.0 0.8 75.6 12.9 91.1 11.7

EB-Decode (LBS) 0.8 | 77.4(+1.8) 120 |91.6(+0.5) 11.1

LLaDA 2.0 0.95 79.9 9.4 91.8 8.6

EB-Decode (LBS) 0.95 | 82.3 (+2.4) 8.8 92.3 (+0.5) 8.2
SDAR-1.7B-Chat-b32 [10], active window 32

SDAR 0.8 4.1 38.4 68.5 39.3
EB-Decode (LBS) 0.8 |43.9(+1.8) 33.8 |69.5(+1.0) 35.8
SDAR 0.9 46.3 34.2 73.1 32.8

EB-Decode (LBS) 0.9 |47.6(+1.3) 302 |73.6(+0.5) 299

therefore recommend using LBS at its training length. (3) Across tasks, both routers are trained
only on mathematical data, so the HumanEval and MBPP results in Tab. 1 already reflect transfer to
unseen code tasks.

Compatibility with Block-Forward dLLMs. Unlike the bidirectional dLLMs in Tab. 1, which
forward the full sequence at every step, block-forward dLLMs such as LLaDA 2.0 [5] and SDAR [10]
adopt block-causal attention and compute logits only for the current active window. This does not
prevent EB-Decode from applying. LBS selects the next easy-to-decode block, so its selections
concentrate near the decoding frontier, which the active window already covers. Adapting to block-
causal attention then requires a single parameter change, tightening gmax from 5 to 1 so that each
block is filled contiguously. Restricted to the window logits, LBS improves accuracy in all eight
configurations of Tab. 8, at both commit thresholds tested. Throughput stays close to the baseline,
since LBS reuses logits the engine already computes and adds no extra forward. LPS needs no
adaptation, since its input covers only the tokens inside the selected block.

Comparison with Autoregressive Models. To examine whether EB-Decode narrows the efficiency
gap between dLLMs and autoregressive (AR) models, Tab. 9 compares it with Qwen3-8B [55] and
LLaMA3-8B-Instruct [16], with all models run on the same transformers backend with batch size
1 on 4xA100 GPUs. The low Acc. of the AR models reflects a format mismatch with the standard
answer-extraction rule of the GSM8K harness, while Flex. Acc. extracts the answer from \boxed{}
or the last number in the response and is thus robust to the output format. While vanilla dLLM
decoding is less than half as fast as either AR model, EB-Decode runs about 2.4 x faster than the
faster of the two, and the remaining accuracy gap to Qwen3-8B in Flex. Acc. stems mostly from
the base model rather than the decoding method. Beyond this matched setting, AR models benefit
from recent serving systems such as vLLM [26], where Qwen3-8B and LLaMA3-8B-Instruct reach
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Table 9: Comparison with AR models on GSM8SK-CoT (L=512). Acc. follows the standard answer
extraction of the GSM8K harness, while Flex. Acc. takes the content of \boxed{} or the last number
in the response and is thus robust to the output format.

Model Type TPS Acc.(%) Flex.Acc.(%)
Qwen3-8B [55] AR 21.22 3222 91.89
LLaMA3-8B-Instruct [16] AR 28.94  68.54 80.36
LLaDA-8B-Instruct, Vanilla [40] dLLM 10.24  79.07 84.08
LLaDA-8B-Instruct, EB-Decode dLLM 69.54  78.17 82.49

5689.70 and 4965.19 TPS through paged KV-cache memory management, continuous batching, and
optimized attention kernels [12], whereas serving frameworks for dLLMs such as dInfer [39] are still
in early development.

7 Conclusion

Diffusion large language models promise parallel decoding but still suffer from inefficient inference
under fixed block sizes and fixed confidence thresholds. To understand the source of this inefficiency,
we identify two empirical phenomena: a staircase entropy pattern across token positions and an early
convergence phenomenon across denoising steps. Building on these observations, we propose EB-
Decode, a plug-in framework that replaces the fixed block size and the fixed confidence threshold with
two lightweight learnable routers, LBS and LPS, while keeping the base dLLM frozen. Experiments
on three open-source dLLMs and four benchmarks show that EB-Decode delivers up to 18.76x
throughput improvement over the vanilla decoder with comparable accuracy, offering a practical step
toward narrowing the efficiency gap between dLLMs and autoregressive models.
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A Detailed dLLM Backgrounds

This section extends the dLLM literature summary in Sec. 2 of the main text with additional context
on representative methods.

D3PM [2] generalizes discrete diffusion using structured transition matrices over the token vocabulary.
Subsequent works refine the masked diffusion paradigm. MDLM [42] derives a Rao-Blackwellized
objective that reduces to a weighted mixture of masked language modeling losses. MD4 [44] further
simplifies and generalizes the continuous-time objective. SEDD [34] proposes a score-entropy
objective. Zheng et al. [61] shows that masked diffusion training and sampling are time-agnostic.
Together, these advances bring masked dLLM:s to likelihood performance comparable to AR models.
LLaDA [40] performs on par with LLaMA3 at the billion-parameter scale. Subsequent extensions add
variance-reduced preference optimization [63], sparse experts [64], and AR-to-diffusion conversion
that scales to 100B parameters [5]. Dream-7B [56] introduces AR-based LLM initialization and
context-adaptive, token-level noise rescheduling. Semi-AR methods such as BD3-LMs [1] and
SDAR [10] combine the coherence of AR generation with the parallelism of diffusion. They maintain
AR dependencies across blocks while sampling tokens in parallel within each block.

B Block-wise Decoding for dLLMs

This section details the block-wise decoding recipe summarized in Sec. 3, reusing the discrete-
diffusion notation introduced therein, including the vocabulary V), the mask symbol [MASK], the
mask predictor py, the clean response sequence xo with its position-i token ), and the partially
denoised sequence x; at noise level ¢ € [0, 1]. We further write x'¢ for the token at position i in x;,
which is either a vocabulary item in V or the mask symbol [MASK].

Inference-time denoising trajectory. At inference time, given a prompt ¢, decoding starts from a
fully masked response sequence and iteratively applies the reverse process from¢ = 1tot = 0 over a
sequence of denoising steps. The prompt c is concatenated with the response and processed jointly
by the bidirectional Transformer [40], so that the predictive distribution at every masked position
conditions on both x; and c. The final output is the fully unmasked sequence xj.

Block partition and in-block prediction. The response is divided into contiguous blocks 51, Bo, . . .
of fixed size B, indexed by j, and processed from left to right. Within the active block B, the model
predicts all masked positions in parallel, commits a subset of tokens, and remasks the remaining
uncertain ones for further refinement. The per-position top-1 confidence at masked position 7 € B;
over candidate vocabulary item v € V follows the same definition as in the main text:

K= Ill)’leaﬁipg (1:6 =0 ’ X¢, c). 5)

Given a confidence threshold 7 or an optional per-step commit budget m, the standard block update
rule is

veV (6)
[MASK], otherwise,

where Top-m(5;) denotes the m masked positions in B; with the highest top-1 confidence at the
current step. Once all positions in B; have been committed, the active block advances to B;; and
the same procedure repeats. Throughout this recipe, the block size B, the threshold 7, and the budget
m remain fixed regardless of how token difficulty varies along the sequence, which is precisely the
limitation that motivates our EB-Decode framework. Building on the same block-wise procedure
and keeping the base dLLM frozen, EB-Decode replaces the two static design choices with learnable
counterparts. Specifically, LBS replaces the fixed block size B with a learnable block selector as
described in Sec. 5.1, while LPS replaces the static commit rule with a position-aware, learnable
acceptance strategy as described in Sec. 5.2.

_ {argmaxpg(xé =v | x4, ¢), & >7 or i€ Top-m(B;),
Ty

C Detailed Setup for Learnable Block Size

C.1 Router Architecture

The LBS router R, is a small Transformer encoder with 600k parameters (not including the frozen
token embedding table W, ) that maps per-masked-position features to scalar inclusion logits.

17



Entropy branch. The normalized entropy sequence for all masked tokens H= {f[ L e M} isfirst
zero-padded to the generation length L and then processed by a two-layer MLP F,;: Linear(1 —
64) — GELU — Linear(64 — 64) — LayerNorm, producing a 64-dimensional entropy embedding.

Token branch. The top-1 predicted token IDs & = {#% : i € M} are looked up in the frozen
base-model token embedding table W,, zero-padded to L, and projected to R4 via a learned linear
layer W € R64Xdbase

Fusion and positional embedding. The two 64-dimensional embeddings are concatenated to form
a 128-dimensional vector, then passed through a fusion layer Weompine € R28%128, The final input
embedding to the Transformer encoder is calculated as:

Zp = Weombine |:Fent (ﬁ) i Wiok We (j:) } + Epos; Zg € RLx128 %

where Ej,os € REF*128 s a learnable positional embedding.

Transformer encoder. The sequence Zy is then fed into a 2-layer Transformer encoder with hidden
dimension dy=128, 4 attention heads, FFN width 256, and GELU activations.

Output head. A linear head R'?® — R! maps the encoder output to logits Oy € RE*!. The padding
is removed before returning, yielding an output of shape (| M|, 1). The final inclusion probability at
position i is py, = o(Oy).

C.2 Training Procedure

The full per-step training procedure for the LBS router, summarized in the main text and the simplified
Alg. 1, is given in Alg. 3. Training is performed on 8 x A100 GPUs.

Algorithm 3 LBS Router Training

Require: dLLM-generated response dataset D, frozen dLLM Fy, router R4, generation length L,
block length L p, mask ratio r € (0, 1], learning rate 7,
Notation:
H(p) = (— X, e p(v) log p(v))/ 1og V]
(p) = arg max, p(z)
o(p)=1/(1+e7P)
1: forx € Ddo
2 Samplen ~ {0, 1,..., L/Lg — 1}
3 Zmasked < Blockwise-Masking(x,r,n, L, Lg); M + {i: x
4 for each i € M do
5: p_i + softmax(Fy (xmasked)i)
6.
7
8
9

q = [MASK1}

7
maske

(¢ = CrossEntropy(p’, ') > per-token CE against ground truth
Oy« Ro(H(p"), 2(p"))
end for ‘ 4
Lucr = g D 0(05) - lee
ieM
0 Ll Y 0(0)
iEM
11: Lps ¢ LwcE — LReg
12: Ry +— Ry —mr Vg L1BS > update only router; Fy is frozen
13: end for
14: return R¢

Training stability. Tab. 10 reports the training and validation losses of the LBS router. The training
loss is negative because Eq. (3) subtracts the regularization term from the weighted cross-entropy
loss. Both losses drop sharply in the first epoch, after which the changes are much smaller, indicating
stable training.

18



Table 10: Training and validation losses of the LBS router across epochs.

Epoch \ Train loss Val loss

0 0.0569  0.0764
1 —-0.337 —-0.291
3 —-0.364 —0.378
6 —-0.359 —0.396

Table 11: Training and validation losses and validation recall of the LPS router across epochs.

Epoch \ Train loss Val loss Val recall

0 0.6225 0.3987  0.6471
20 0.3699 0.3640  0.6998
60 0.3677 0.3622  0.7042

119 0.3669 0.3618  0.7052

D Detailed Setup for Learnable Parallel Sampling

D.1 Router Architecture

The LPS router Ry, is a small Transformer encoder that operates over all positions of the active
block jointly. Taking the per-position input (f¢, pos?) defined in Sec. 5.2, the input embedding
Zy is a linear projection followed by LayerNorm and GELU, mapping each feature vector into a
hidden space of dimension d, = 32, so that Z, € RIBI*32_ The encoder then processes Zy, with 2
pre-norm Transformer blocks with 4 attention heads, a feed-forward width of 64, GELU activations,
and dropout of 0.1. A final linear head projects each hidden state to a scalar logit O, from which the

commit probability is pfb = O’(Ofb), giving a total of roughly 27k trainable parameters. This keeps
the router cost negligible compared with the base dLLM forward pass.

D.2 Trace Generation

To remove any train/test distribution skew, we collect traces under the exact decoding configuration
that the router will face at inference. For each experiment we run the corresponding frozen base
dLLM with generation length 512, base block size 32, and confidence threshold 7=0.9, matching
the inference setting in Sec. 6.1. Since the distribution differs across base models, we train a
separate router for each base model. Every record captures, at each position ¢ of the active block,
the four feature components f; = (xi, H, A, p;), the predicted token #¢, the correctness label
yt = 1[#% = x{] obtained by comparing against the completed sequence ¢, and the mask indicator
m! which shows which position is still masked. The replay pass follows the oracle progress rule
described in Sec. 5.2, so each intermediate state stays consistent with x and the labels y{ provide a
clean supervision signal without external annotation.

D.3 Training Procedure

Valid trajectories are split at the trace level into 80% training, 10% validation, and 10% test sets, with
the split deterministic under seed 42 so that every router variant sees identical data. The positions
outside the active block are masked out of both the loss and the attention computation to prevent
boundary artifacts from contaminating the supervision.

Optimization uses AdamW with an initial learning rate of 1e—3, weight decay 0.01, gradient clipping
at norm 1.0, and automatic mixed precision. The schedule consists of a linear warmup over 0.5% of
the total steps followed by a per-epoch geometric decay with ratio 0.97. We train with a batch size of
512 step records for up to 2000 epochs, with early stopping triggered when the validation recall at
the false-positive budget fails to improve for 100 consecutive epochs.

The training objective is the masked weighted binary cross-entropy defined in Eq. (4), where negative
samples carry a weight of w™ = 2. We use asymmetric weights because a false positive commits
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Algorithm 4 LPS Router Training

Require: Frozen dLLM Fj; prompt corpus D; LBS Router R; LPS Router R,;; negative weight
w™ = 2; target False-Positive rate 7 € (0, 1); learning rate 7),; early-stop patience Ppatience-
Ensure: Router parameters R, and acceptance threshold 7.
Stage 1: build the trace dataset 7.

1T« 0 > T stores per-position records (f}, pos®, yt).
2: for all prompt ¢ € D do > Run LBS decoding on ¢ to obtain x( and the per-step trajectory.
3: for all step ¢ and masked position ¢ € 3 at step ¢ do

4 pi « softmax (Fp (Xt))i > predictive distribution at position i from x;.
5: K&+ max, pi(v), 2! < argmax, pi(v) > top-1 confidence and predicted token.
6: H}, Al, p, < entropy, top-1/top-2 gap, block-wise mask ratio

7: It < (ry, Hi, AL, pr), pos' = (=05

8: yi < 1z = =] B> correctness label vs. xg.
9: Append (f/, pos', y;) to T
10: end for
11: end for

Stage 2: LPS router R, training.
12: repeat
13: for all mini-batch S C T ,ain do
14: 0}, + Ry(f{, pos;) for each record (f{, pos’, y;) € S
15: L1,ps |%| Z w; BCE(0(Oy,), yt), where wi = {qlu’_? zg _ é > mini-batch
(i,t)eS
form of Eq. (4)

16: Rw — Rw — hr VLips
17: end for
18: Evaluate validation recall on 7y, under FP < g

19: until validation recall has not improved for Ppatience COnsecutive epochs
20: get Tva st |FPp, (7y) —m| <4 > within n £ 0.5 pp false-positive rate on validation set.
21: return (Ry, 7y)

a wrong token irreversibly, while a false negative only delays acceptance to a later step. Premature
acceptance therefore has a higher cost.

We tune the LPS threshold 7, on the validation set at the end of each improving epoch by searching
over a 250-point grid in [0.8, 0.9999] and keeping the largest recall under a false-positive-rate budget
of 7 = 102, The full procedure is summarized in Alg. 4.

Training stability. As shown in Tab. 11, the training and validation losses converge smoothly and
the validation recall rises steadily. The validation loss stays close to the training loss throughout,
indicating no overfitting.

E EB-Decode Inference Procedure

The complete inference procedure that combines LBS with LPS is given in Alg. 5. The simplified
high-level view is in Alg. 2.
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Algorithm 5 Inference with LBS Block Selection and LPS Parallel Commit

Require: Prompt p, frozen dLLM Fy; LBS router Ry; LPS router R,,; generation length L; min
block size L,in; fallback block size L p; max gap gmax; confidence threshold 7; LPS acceptance

threshold 7,
I: x+ [p| [MASKI,..., [MASK]]; B+ 0
L
2: while 3 such that 2° = [MASK] do
3 pi + softmax(Fp(z)); M « {i:a’" = [MASK]} > get distribution and masked places
4 for each i € M do
5: k' < maxpl; 2 < argmaxp!
6 Compute H?, A%, p; > compute entropy, top-1/top-2 gap, block-wise mask ratio
7 i« (k% HY, Al p) > LPS feature tuple
8: end for
9: if B = () then > LBS: select a new active block
10: if |M| < L, then
11: B+~ M > size fallback
12: else _
13: C+{ie M:0(Ry(H', 2")) > 0.5 A &' # EOS} > router + EOS removal
14: B + MaxGapFilter(C, gmax) > spatial coherence
15: if |B| < Lin then
16: B < first L positions of M > min-tokens fallback
17: end if
18: end if
19: end if
20: Ofb — Ry(ft, i=v)/B)) fori € B > LPS router, b is the left boundary index of B
21: A« {ieB:a"=[MASK]I A (k' 27TV pﬁb >7y)} > union accept rule
22: if A = () then
23: A« {argmax;cp, zi—pusk) £} > anti-stall fallback
24: end if
25: 2t gl forie A > parallel commit
26:  if z® # [MASK] for all i € BB then
27: B+ 0 > If BB resolved, move to Line 9
28: end if
29: end while
30: return x

F Experimental Setup

Decoding configuration. All methods share the same inference configuration of generation length
512, base block size 32, and base confidence threshold 7=0.9. No method in Tab. 1 uses a KV
cache. In the official implementation of Fast-dLLM [53], the KV cache is recomputed with one
full-sequence forward pass at the start of each block and reused within that block, whereas the vanilla
LLaDA decoding loop maintains no cache.

EB-Decode hyperparameters. For LBS in our EB-Decode, we set gia.x = 5 for all three dLLMs,
and Ly, = 8,8, 16 for LLaDA-8B-Instruct, Dream-v0-Instruct-7B, LLaDA-1.5 respectively. When
not paired with LPS, LBS adopts confidence-based decoding following Fast-dLLM [53]. For LPS,
we choose the acceptance threshold 7, under a false-positive-rate budget of 1% + 0.5 % points on
the validation set, giving 7, = 0.89, 0.90, and 0.87 for LLaDA-8B-Instruct, Dream-vO-Instruct-7B,
LLaDA-1.5 respectively.

Throughput measurement. All methods, including every baseline, are measured with the Hugging-
Face transformers backend at batch size 1, following prior dLLM acceleration works [35, 4, 9], and
throughput (TPS) is measured per GPU as the number of generated tokens divided by the end-to-end
latency.
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Hardware. All runs are performed on 4x NVIDIA H100 GPUs unless specified otherwise. The
experiments in Tabs. 6 and 7 are run on 4x NVIDIA A100 GPUs, and those in Tab. 8 on NVIDIA
A100 GPUs with a maximum generation length of 512.

G Positioning Against Prior Adaptive dLLM Decoding Methods

To make explicit how EB-Decode differs from prior adaptive dLLM decoding methods, Tab. 12
compares them along two axes: where to decode, i.e., how the block is formed, and when to commit,
i.e., how tokens are accepted. Prior methods either fix the block size or form contiguous blocks
with hand-designed heuristics, and most of them commit tokens with a static confidence threshold.
EB-Decode is the only one that learns both axes and supports non-contiguous, variable-length blocks,
so hard tokens can be deferred and resolved with richer right-side context once the surrounding easy
tokens are decoded (Fig. 1).

Table 12: Positioning against prior dLLM decoding methods along the two decoding axes.

Non-contiguous

Method Where to decode When to commit

blocks
Fast-dLLM [53] fixed size confidence threshold no
AdaBlock-dLLM [35] delimiter heuristic confidence threshold no
Swordsman [60] entropy heuristic confidence threshold no
Learn2PD [4] fixed size learned (MLP, fixed length) no
EB-Decode (ours) learned learned (Transformer, variable length) yes

H Entropy at the Sequence Tail

Fig. 2 (a) shows a persistent band of low entropy at high token positions across all decoding steps,
which may appear at odds with the overall rising-entropy trend. This region corresponds to the EOS
zone at the tail of the sequence. We report in Tab. 13 the three most frequent predictions at the last five
positions across all decoding steps, where <|endoftext |> is overwhelmingly dominant, appearing
in the top-5 predictions at 96.30% of the positions sampled. These positions therefore remain highly
certain at almost every step, forming the persistent low-entropy band.

Table 13: Top-3 predicted tokens at the last 5 positions of the sequence, aggregated over all decoding
steps on LLaDA-8B-Instruct. “Top-5 occurrence” is the fraction of sampled positions at which the
token appears among the top-5 predictions.

Rank Token Avg. prob. (%) Top-5 occurrence (%)
1 <|endoftext|> 28.00 96.30
2 <|leot_id|> 18.00 45.70
3 . 2.70 24.70

I Limitations

‘We outline the main limitations of EB-Decode and the directions that we leave for future work.

Generation Length. Our main results are reported at generation lengths of 256 and 512 tokens,
which match the standard configurations used in prior dLLM acceleration works [53, 35, 4]. As
shown in Tab. 5, EB-Decode already exhibits a scaling trend in which the speedup grows from L=256
to L=512, suggesting that the framework remains effective as the sequence becomes longer. A more
comprehensive study at substantially longer generation lengths is a natural extension we plan to
pursue in future work.

Serving Conditions. Our throughput is measured at batch size 1, following prior dLLM acceleration
works [53, 35, 4]. Evaluation under realistic serving conditions with continuous batching and system-
level optimizations is left to future work, as it depends as much on dLLM serving infrastructure as on
the decoding algorithm.
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Method Complexity. EB-Decode introduces two routers and several hyperparameters, namely
9max> Lmin, 7, and 7, which makes it more involved to deploy and reuse as a baseline than a
single-threshold heuristic. Each component contributes to the final performance (Tabs. 2—4), and the
trained routers are largely reusable without retraining (Sec. 6.4), but reducing the number of moving
parts remains a worthwhile direction.
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