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Abstract
Block diffusion LLMs are an emerging paradigm
for parallel language generation, but their KV
caching makes memory access the dominant
bottleneck in long-context inference, motivating
sparse attention that attends only to a small KV
subset per query. In block diffusion, however,
the B tokens of each block must share a sin-
gle KV subset, and we show this per-block con-
straint degrades existing sparse KV estimators
by up to 25% in recall. We address this by ex-
ploiting a property of the block-diffusion train-
ing objective: it aligns the block-average query
across denoising steps, so the All-[MASK] block
at the first step already reveals the per-block KV
subset for the entire trajectory. Building on this,
MAGE ([MASK]-Guided Sparse Attention) is a
training-free method that runs one exact atten-
tion pass at the first step and reuses its top-k in-
dex sets for all remaining steps within the block.
Across three block-diffusion families on Long-
Bench, MAGE matches Exact Attention at k=512
with near-lossless accuracy, achieves up to 6.82×
end-to-end speedup at 128K context, and runs
up to 3.35× and 2.28× faster than Quest and
SparseD, respectively.

1. Introduction
Block diffusion LLMs (Block dLLMs) (Wu et al., 2026a;
Cheng et al., 2025; Bie et al., 2025) have emerged as a
promising paradigm for parallel language generation: by
adapting pretrained autoregressive (AR) models into block-
wise diffusion models with exact KV caching, they increase
the throughput by multi-token generation while maintaining
competitive quality. As context length grows, attention dom-
inates the overall inference computation and becomes bot-
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tlenecked by KV cache memory access, motivating sparse
attention as a natural remedy. Sparse attention reduces this
cost by attending only to a small selected KV subset—the
top-k KV cache entries that capture most of the attention
mass—rather than the full cache. Dynamic estimators such
as Quest (Tang et al., 2024) have proven highly effective for
AR LLMs, and methods such as SparseD (Wang et al., 2026)
have been proposed for fully bidirectional dLLMs—but nei-
ther was designed for block diffusion, and transferring them
directly reveals a structural mismatch that substantially de-
grades their accuracy.

The mismatch stems from a constraint unique to block dif-
fusion: the B tokens within a block are forwarded together,
so they must share a single per-block KV subset rather than
each selecting its own per-token subset. Constructing a
single shared subset that simultaneously satisfies each of
the B tokens’ top-k preferences is structurally harder: the
union of their per-token subsets averages 4.5× the budget.
As a result, when existing estimators are adapted to this
regime, their recall drops by up to 25%. We identify an
opportunity on a different axis: block-diffusion training,
by requiring the model to predict each masked token un-
der all surrounding noise levels within a block, aligns the
block-average query across the denoising steps. As a con-
sequence, the All-[MASK] block in the first step within a
block already reveals the per-block KV subset for the entire
trajectory, with per-block top-k recall averaging over 84% at
k=512—substantially above the AR pre-training backbone,
confirming this anchoring is training-induced.

Building on this observation, we propose MAGE ([MASK]-
Guided Sparse Attention), the first sparse attention method
tailored to block-diffusion LLMs. MAGE runs a single
exact attention pass on the All-[MASK] block at the first
step (Step 1), extracts top-k oracle index sets, and reuses
them unchanged for all T−1 remaining denoising steps—
requiring no re-estimation at any subsequent step. To avoid
paying the selection cost on the critical path, MAGE exe-
cutes the index-selection kernels asynchronously on a dedi-
cated CUDA stream, overlapping them with the compute-
intensive FFN of the main stream; the amortized non-sparse
overhead is 1/T of one exact attention pass per step. Across
three block-diffusion LLM families on LongBench, MAGE
matches Exact Attention at k=512 with near-lossless accu-
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racy and achieves end-to-end speedups of up to 6.82× at
128K context, running up to 3.35× faster than Quest and
2.28× faster than SparseD.

Our contributions are summarized as follows:

• We identify a per-block shared KV selection challenge
unique to block diffusion, under which existing estima-
tors lose up to 25% recall (§3.1).

• We discover the All-[MASK] anchoring property in-
duced by block-diffusion training that makes Step 1 an
accurate oracle anchor (§3.2).

• We propose MAGE, a training-free sparse attention
method whose asynchronous dual-stream design adds
only +1.9–6.4% Step-1 overhead (§4).

• We show near-lossless accuracy at k=512 with up to
6.82× speedup at 128K, beating Quest by 3.35× and
SparseD by 2.28× (§5).

2. Background
2.1. Block Diffusion Language Models

Diffusion LLMs generate text by iteratively denoising se-
quences of [MASK] tokens, enabling parallel multi-token
generation and breaking the left-to-right dependency of au-
toregressive (AR) models (Nie et al., 2026; Ye et al., 2025a).
Earlier fully bidirectional dLLMs (Nie et al., 2026; Ye et al.,
2025a) recompute the entire sequence at every denoising
step, incompatible with KV caching and yielding substantial
latency (Kim et al., 2025); subsequent approximate caching
schemes (Wu et al., 2026b; Ma et al., 2026) accumulate
errors across steps.

More recent block diffusion LLMs (Wu et al., 2026a; Cheng
et al., 2025; Bie et al., 2025) adapt pretrained AR models
into block-wise diffusion, enabling exact block-level KV
caching without approximation. This shifts the primary
bottleneck from compute to KV cache memory access, par-
ticularly in long-context settings where the cache size grows
substantially. We focus on block dLLMs and target this
memory bottleneck.

2.2. Sparse Attention for Long-Context Inference

Sparse attention alleviates this bottleneck by accessing only
the small subset of KV entries on which the attention mass
concentrates—ideally the oracle top-k, defined as the k
prefix indices that carry the bulk of the mass in the exact
attention score distribution. Obtaining the oracle requires
the very score matrix that full attention would produce; ex-
isting methods therefore perform sparse attention through
lightweight estimators. We measure how well any KV sub-
set serves a given token via estimation accuracy—the frac-
tion of that token’s oracle top-k covered by the selected

subset:

EstAcc
(t)
q,h =

∣∣S(t)
h ∩ S∗(t)

q,h

∣∣
k

, (1)

where h indexes the KV head, S(t)
h is the KV subset being

evaluated, and S∗(t)
q,h is the oracle for token q. No such

estimator has yet been designed for block dLLMs; we review
existing methods below.

Methods for AR LLMs. For AR LLMs, beyond fixed
sparsity patterns (Xiao et al., 2024; Beltagy et al., 2020)
and one-shot eviction (Zhang et al., 2023; Li et al., 2024),
dynamic per-token estimators (Tang et al., 2024; Ribar et al.,
2024; Singhania et al., 2024) achieve substantially higher
accuracy by tracking the oracle on the fly. Quest (Tang et al.,
2024) is a representative example: it partitions the prefix
KV cache into contiguous pages of size p, summarizes each
page by its per-channel max/min keys, scores each page
against the query, and selects the top-scoring pages as the
sparse subset. Smaller p yields finer-grained selection at
higher scoring cost—a granularity-cost trade-off. Follow-
ups refine this recipe via cheaper scoring (Ribar et al., 2024;
Singhania et al., 2024) or adaptive per-layer budgets (Cai
et al., 2025; Zhu et al., 2026; Lin et al., 2026).

Methods for Fully Bidirectional Diffusion LLMs. In fully
bidirectional dLLMs, SparseD (Wang et al., 2026) performs
exact attention during the first 20% of the total denoising
steps across all blocks, extracts each token’s oracle top-
k at the final exact-attention step, and reuses these per-
token attention masks across the remaining 80% of the steps.
MaskKV (Huang et al., 2025) instead drops less critical
prompt tokens after prefill, reducing the sequence length
processed in subsequent steps. In both, the sparse pattern is
captured once per inference and never refreshed, which can
degrade recall as the trajectory unfolds.

3. Challenges and Opportunities of Sparse
Attention in Block Diffusion LLMs

We identify the structural constraint that sparse attention on
block dLLMs must operate under, and a block-diffusion-
specific property that recovers estimation accuracy within
this constraint along a different axis.

3.1. The Challenge: Sparse KV Subset Estimation Is
Harder in Block Diffusion LLMs

Per-Block KV Subset Forced by Shared Memory Access.
Within a block, the B tokens pass through the model in a sin-
gle forward pass with shared prefix KV reads, computed as a
single GEMM. Unlike AR LLMs and bidirectional dLLMs
that select per-token subsets, a block dLLM requires the en-
tire block to share a single per-block subset. Combined with
the existing G-head sharing under GQA, the per-block top-k
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Figure 1. Sparse attention challenge on block dLLMs. (a) Distribution of |
⋃

p Top-k(p)|/k at k=512, t=1. (b) Quest (Tang et al., 2024)
estimation accuracy at k=512, t=1, page sizes p ∈ {16, 8, 4, 2}.
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Figure 2. Per-block top-k recall along the denoising trajectory on LongBench. Trained: LLaDA2.0-mini; Backbone: pre-training
checkpoint Ling-Mini-base-2.0.

averages scores over both the G heads and the B tokens:

S(t)
q,h = Top-k

j

(
1
G

∑
g∈group(h)

s
(t)
g,q,j

)
(per-token)

S(t)
b,h = Top-k

j

(
1

GB

∑
g∈group(h)

∑
q∈b

s
(t)
g,q,j

)
(per-block)

(2)

where j ∈ [N ] indexes a prefix KV position. With s as
the exact attention score, the result is the oracle per-block
subset S∗(t)

b,h ; with a lightweight approximation (e.g., Quest),

it is the estimated per-block subset Ŝ(t)
b,h.

Estimation Accuracy Drop Under Per-Block Shared Se-
lection. A single per-block subset shared by B tokens can-
not satisfy each token’s individual oracle. Forming the union
of the B per-token oracle top-k subsets, we find at k=512
the union averages 4.5× the per-token budget across three
block-diffusion models (Fig. 1(a), heavy tail beyond 10×).
Consequently, Quest’s per-block estimation accuracy falls
below the per-token baseline by up to 25% across page sizes
p ∈ {16, 8, 4, 2} (Fig. 1(b)).

3.2. The Opportunity: Accurate Estimation via
All-[MASK] Block Anchoring

That 4.5× union covers all B=32 tokens implies a sub-
stantial intersection of KV positions exists; identifying it
within the k-budget is the central question. We discover that

this intersection—the oracle per-block subset—barely drifts
across the denoising trajectory, rooted in the block-diffusion
training mechanism. This stability lets us invest one exact-
attention pass at the first step to identify the oracle, then
reuse it across the remaining steps.

Observation: Oracle Per-Block Subset Barely Drifts
Across Denoising Steps. We quantify stability as the
fraction of the all-[MASK] oracle (t=1) recovered at
an arbitrary noise level τ ∈ [0, 1): r

(τ)
b,h = |S∗(1)

b,h ∩
S∗(τ)
b,h |/k. LLaDA2.0-mini averages 85%/86%/89% re-

call at k=512/1024/2048, uniform across all 6 Long-
Bench tasks (Fig. 2). The same measurement on its AR
pre-training checkpoint (Ling-Mini-base-2.0) yields only
76%/79%/83%, pointing to training as the source.

Mechanism: Anchoring as a Direct Consequence of the
Block-Diffusion Objective. Block-diffusion training keeps
the prefix clean while corrupting the block at a random
noise level m and predicting the same ground-truth target
under every m. This forces activations of [MASK] and
revealed positions to align across noise levels, propagat-
ing from predictions through hidden states and queries to
the per-block top-k subset. We verify this five-stage chain
against AR pre-training backbones: training (S1) collapses
cross-noise predictions (DKL ↓43–63%); aligns (S2) hidden
states (8–19%), (S3) per-position queries via q = WQh
(13–27%), and (S4) block-average queries, which by Jensen
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Figure 3. Estimation accuracy of different KV subset estimators at k=512 on LongBench.

∥Em[q̄(m
∗) − q̄(m)]∥ ≤ 1

B

∑
i ∥δ̄i∥ stay below per-position

(col. 4 ¡ col. 3 in every family); finally (S5) stabilizes the per-
block top-k (recall at k=512 ↑5–11 points). Full per-stage
measurements and loss decomposition are in Appendix A
(Table 2).

Our Proposal: One Exact Attention Pass at Step 1 Closes
the Estimation Gap. We run one exact-attention pass on
the all-[MASK] block at t=1, extract S∗(1)

b,h , and reuse it for

all remaining steps (Ŝ(t)
b,h = S∗(1)

b,h for t < 1). Because the
subset is computed exactly rather than approximated, our
method removes the estimator-side error that Quest accu-
mulates on top of the per-block constraint. Our estimation
accuracy surpasses Quest per-block at every page size and
matches or exceeds even Quest per-token at p=2 (Fig. 3).

4. MAGE: [MASK]-Guided Sparse Attention
We present MAGE ([MASK]-Guided Sparse Attention),
the first sparse attention method tailored to block-diffusion
LLMs (Algorithm 1). Building on the one-shot All-
[MASK] selection of §3.2, MAGE introduces an asyn-
chronous dual-stream execution that hides the selection cost
behind the layer’s FFN, leaving the main forward pass as
MAGE’s sole non-sparse work. The procedure is training-
free and applies to any pretrained block-diffusion LLM.

Phase 1: Oracle Estimation at Step 1. At the start of each
block’s trajectory the B block positions are all [MASK],
and Phase 1 splits work across two CUDA streams (Algo-
rithm 1): a MAIN stream runs a full forward pass (FlashAt-
tention + FFN) without materializing the score matrix,
while a SELECT stream independently re-derives the pre-
fix attention scores. At each layer ℓ, the MAIN stream
hands off Q(1)

ℓ right after the QKV projection and proceeds
to FlashAttnℓ and FFNℓ; the SELECT stream computes
A

(1)
ℓ = softmax(Q

(1)
ℓ K⊤/

√
d) ∈ RG×B×N (N the prefix

length, G the query heads per KV group) and, for each KV
head h, averages over the GB queries that share the head to
select the top-k prefix positions:

S∗ℓ
b,h = Top- k

(
1

GB

∑
g∈group(h)

∑
q∈b

A
(1)
ℓ [g, q, :]

)
. (3)

Algorithm 1 MAGE block inference
Require: Prefix KV cache C, block size B, budget k, steps T
Ensure: Generated block x

Initialize block: B [MASK] tokens
// Phase 1: oracle estimation at Step 1; two streams run concur-
rently
Main Stream
for layer ℓ = 1, . . . , L do

(Q
(1)
ℓ ,K

(1)
ℓ ,V

(1)
ℓ )← QKVProjℓ(h

(1)
ℓ−1)

enqueue Q
(1)
ℓ → SELECT ▷ non-blocking

h
(1)
ℓ ← Attnℓ(Q

(1)
ℓ ,K

(1)
ℓ ,V

(1)
ℓ , C)

h
(1)
ℓ ← FFNℓ(h

(1)
ℓ )

end for
Select Stream
for layer ℓ = 1, . . . , L do

wait for Q(1)
ℓ

A
(1)
ℓ ← softmax(Q

(1)
ℓ K⊤/

√
d)

for each KV head h do
ᾱℓ,h ← 1

GB

∑
g,q A

(1)
ℓ [g, q, :]

S∗ℓ
b,h ← Top- k(ᾱℓ,h)

end for
end for
synchronize(MAIN, SELECT)
// Phase 2: sparse denoising for Step s = 2, . . . , T
for s = 2 to T do

for each layer ℓ do
(Qℓ,Kℓ,Vℓ)← QKVProjℓ(hℓ−1)
for each KV head h do

oℓ,h ← SparseAttn(Qℓ,h,Kℓ,h,Vℓ,h, C[S∗ℓ
b,h])

end for
hℓ ← FFNℓ(oℓ)

end for
Unmask high-confidence positions

end for
C ← C ∥KV(x); return x

This is precisely the oracle per-block KV subset of Eq. 2,
computed without any estimator approximation. The dual-
stream design hides the SELECT stream’s cost behind FFNℓ:
FFNℓ is compute-intensive while QK⊤ is bound by HBM
bandwidth, so the two kernels target different hardware
resources and run without contention. The streams synchro-
nize once at the end of Phase 1, leaving the main forward
pass as MAGE’s sole non-sparse cost—amortized to 1/T
per step over the T -step trajectory.
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Table 1. LongBench per-task and average accuracy for all (model, method, budget) configurations.

Fast-dLLM v2 7B SDAR-8B-Chat LLaDA 2.0 mini

k Method Hot. Nrtv. Qas. QM. Repo. Triv. Avg Hot. Nrtv. Qas. QM. Repo. Triv. Avg Hot. Nrtv. Qas. QM. Repo. Triv. Avg

– Exact 42.38 23.63 36.66 24.16 51.84 75.49 42.36 59.59 28.94 31.02 24.41 50.04 88.83 47.14 60.29 27.91 46.19 22.86 57.11 86.43 50.13

256
MAGE 37.98 22.56 31.43 23.92 49.81 75.17 40.15 55.87 28.86 30.89 23.57 46.56 89.63 45.90 56.75 26.19 45.23 22.82 55.52 87.49 49.00
Quest 32.13 14.98 25.82 21.68 41.20 57.72 32.26 45.81 20.11 22.70 18.90 33.17 78.32 36.50 48.56 13.74 32.89 19.42 46.86 80.71 40.36
SparseD 38.72 21.83 25.05 20.95 51.05 69.66 37.88 50.74 23.01 17.98 20.30 46.66 78.75 39.57 54.20 21.95 32.87 20.21 55.88 85.15 45.04

512
MAGE 39.33 24.23 33.41 23.94 51.71 75.65 41.38 57.17 28.74 31.11 23.97 48.41 88.21 46.27 58.48 28.48 46.41 22.86 56.18 86.70 49.85
Quest 34.74 15.31 31.60 22.85 46.69 61.86 35.51 49.93 24.19 25.68 21.48 41.29 86.23 41.47 55.37 18.40 40.50 21.43 53.83 84.26 45.63
SparseD 40.93 22.93 31.65 22.90 51.96 70.20 40.09 56.54 26.22 26.47 21.75 48.38 86.70 44.34 59.65 24.90 44.25 22.05 56.74 86.43 49.00

1024
MAGE 41.29 22.42 34.05 24.79 52.36 74.17 41.51 57.00 29.31 31.51 23.59 48.66 88.16 46.37 59.61 28.16 46.38 23.06 56.71 86.42 50.06
Quest 38.06 19.06 34.54 23.10 49.57 66.24 38.43 55.66 26.80 28.19 23.27 46.78 89.36 45.01 57.39 24.30 45.65 22.02 57.59 86.93 48.98
SparseD 42.32 23.42 33.50 23.34 51.88 72.51 41.16 60.03 28.80 29.47 23.00 48.95 87.39 46.27 60.15 26.22 44.72 22.32 57.33 86.13 49.48
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Figure 4. NIAH retrieval on LLaDA 2.0 mini at k=256. x: context (8K–32K); y: needle depth (0–100%). MAGE ≈ Exact; Quest fails
beyond 8K; SparseD collapses on most cells. B=32.

Phase 2: Sparse Denoising for Step s = 2, ..., T . At
every subsequent denoising step, attention at each layer/-
head retrieves only the k KV pairs at indices S∗ℓ

b,h and ig-
nores the remaining prefix entries. The model then unmasks
high-confidence positions in the block as in standard block-
diffusion decoding. Because the selection is fixed once at
Step 1 and reused unchanged across all heads, layers, and
steps within the block, no re-estimation is performed at any
s ≥ 2.

5. Evaluation
Setup. We evaluate MAGE on three block-diffusion LLM
families (Fast-dLLM v2 7B (Wu et al., 2026a), SDAR-8B-
Chat (Cheng et al., 2025), LLaDA 2.0 mini (Bie et al.,
2025)) against Exact Attention (FlashInfer (Ye et al., 2025b))
and two sparse baselines—Quest (Tang et al., 2024) and
SparseD (Wang et al., 2026)—both adapted to per-block
KV selection. Quest re-estimates per-block top-k at every
step (p=16); SparseD runs exact for the first 20% of steps
and reuses the captured pattern. All sparse methods share
k ∈ {256, 512, 1024} and keep layers 1–2 exact. We use
B=32 and pconf=0.95 (Bie et al., 2025); all kernels use
FlashInfer on a single NVIDIA H100.

5.1. Accuracy

LongBench. We evaluate on six LongBench (Bai et al.,
2024) long-context tasks spanning single-document QA

(NarrativeQA, Qasper), multi-document QA (HotpotQA),
few-shot learning (TriviaQA), summarization (QMSum),
and code completion (RepoBench-P). Table 1 reports per-
task scores (F1 / ROUGE-L / EditSim depending on task)
and averages across the six tasks for each (model, method,
budget) configuration.

At k=512, MAGE reaches near-lossless accuracy with
average drops of only 0.98/0.87/0.28 on Fast-dLLM v2
7B/SDAR-8B-Chat/LLaDA 2.0 mini, far below Quest
(6.85/5.67/4.50) and SparseD (2.27/2.80/1.13); even at
k=256, MAGE’s drops (2.21/1.24/1.13) stay well under
Quest’s (10.10/10.64/9.77) and SparseD’s (4.48/7.57/5.09).
MAGE’s margin is largest on retrieval-heavy tasks (Narra-
tiveQA, HotpotQA), because MAGE accurately extracts
the KV subset each block needs whereas Quest’s page-
anchoring incurs approximation error and SparseD never
refreshes its captured pattern, propagating errors across later
blocks.

Needle-in-a-Haystack. Fig. 4 shows NIAH heatmaps for
LLaDA 2.0 mini at k=256 over context lengths 8K–32K.
MAGE closely tracks Exact with only a few scattered fail-
ures, whereas SparseD shows widespread red/yellow cells
across most (context, depth) positions, and Quest collapses
into near-total failure beyond 12K. At 8K, retrieval scores
are MAGE 97, SparseD 17, Quest 41 (Exact 98); per-context
scores for all three models at k ∈ {256, 512, 1024} are in
Table 3 (Appendix B).
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and MISC; dashed line: Exact Attention (FlashInfer).

5.2. Efficiency

End-to-End Speedup. Fig. 5 reports MAGE’s end-to-end
TPOB (time-per-output-block) speedup over Exact Atten-
tion (FlashInfer) on all three block-diffusion families at three
context lengths (32K, 64K, 128K) with a fixed sparse budget
k=1024 and n=32 block steps; the 64K and 128K settings
use NTK-based RoPE extrapolation (Liu et al., 2025) to
extend each model’s context window. Across every (model,
context) pair, the speedup grows with context length as the
savings of sparse attention scale with N . At 128K context,
MAGE’s speedup over Exact reaches 6.82× on SDAR-8B-
Chat, 5.86× on Fast-dLLM v2 7B, and 3.67× on LLaDA
2.0 mini — consistently ahead of both Quest and SparseD
on every (model, context) cell, running up to 3.35× faster
than Quest and 2.28× faster than SparseD. That MAGE
dominates across three independent block-diffusion imple-
mentations indicates the gain is robust to the model rather
than a property of any single one. The same ranking holds
under shorter block-step budgets n ∈ {24, 16, 8}; see Ap-
pendix C.

Latency Breakdown. Fig. 6 decomposes latency of one
denoising step at 64K, k=1024 into Attention, Estimation
overhead, and MISC, with Exact as a dashed reference.
MAGE’s first step (MAGE 1) adds top-k selection on top of
an exact pass, but the selection runs on the asynchronous

SELECT stream in parallel with FFN (Algorithm 1), keeping
critical-path overhead at +1.9%–+6.4% over Exact. The
remaining n−1 steps (MAGE 2-T ) run pure sparse attention
at 2.85×–5.39× over Exact, amortizing the single exact
pass per block. Quest recomputes its page-anchor estimate
on the critical path at every step, capping per-step speedup
at 1.46×–1.98×. SparseD runs exact attention for the first
20% of steps across the trajectory (P1), takes a capture
step at the boundary (P2, +28%–+66%), and runs sparse
attention for the remaining 80% (P3, matching MAGE 2-T );
MAGE keeps only 1/n of steps exact while SparseD keeps
20%, so the gap accumulates end-to-end.

6. Conclusion
We present MAGE, a training-free sparse-attention method
for block-diffusion LLMs. By exploiting the All-[MASK]
anchoring property induced by block-diffusion training,
MAGE runs one exact attention pass at Step 1 and reuses the
resulting per-block top-k indices across the remaining T−1
steps, with selection cost hidden asynchronously behind the
FFN. Across three block-diffusion families, MAGE matches
Exact Attention at k=512 with near-lossless accuracy while
achieving up to 6.82× end-to-end speedup at 128K context.
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A. How Block-Diffusion Training Stabilizes the Per-Block Top-k
In §3.2 we sketched the five-stage chain by which the block-diffusion training objective induces the All-[MASK] anchoring
property. Here we provide the full derivation and per-stage measurements, including the loss decomposition into per-token
KL divergence and the Jensen bound on the block-average query gap.

We trace the All-[MASK] anchoring stability to the block-diffusion training procedure itself: the prefix is kept as clean
tokens while the current block is corrupted at a random noise level, yielding a mask pattern m, and the model is trained for
every m to predict the ground-truth token at each masked position. Since the prefix is identical, the only difference seen by
a [MASK] token under two mask patterns m∗ and m is whether each surrounding position is itself a [MASK] or a revealed
token. Yet training pushes the predictions under both patterns toward the same ground-truth target, forcing the activations of
[MASK] and revealed positions to align across noise levels. This pressure propagates from hidden states to queries and
ultimately to the per-block top-k subset; we verify the stages (S1: prediction → S2: hidden state → S3–S4: query → S5:
top-k) against AR pre-training backbones in Table 2.

(Stage 1) Cross-noise-level prediction agreement. The block-diffusion loss averages cross-entropy over the Bernoulli mask
schedule:

Lblock(θ) = E t∼U(0,1)

m∼Bern(t)B

[
−

∑
j:mj=1

log pθ
(
xj | m, prefix

)]
. (4)

At each [MASK] token j, this is DKL(δxj
∥ pθ(·|m, prefix)), minimized for every m independently—so predictions at

different noise levels collapse onto δxj
and thus onto each other (DKL(p

(m∗)∥p(m)) drops 43–63%, col. 1).

(Stage 2) Hidden state alignment. With the prefix KV fixed, this pressure aligns the block’s hidden states across noise levels
(∥h̃(m∗) − h̃(m)∥ drops 8–19%, col. 2).

(Stage 3) Per-position query gap. Hidden-state alignment propagates linearly to queries via q = WQh. The per-position
query gap A := 1

B

∑
i ∥δ̄i∥ with δ̄i := Em[q

(m∗)
i − q

(m)
i ] shrinks 13–27% (col. 3).

(Stage 4) Block-average query gap. Block averaging absorbs token-specific variance, keeping the gap on q̄(t) := 1
B

∑
i q

(t)
i

strictly below the per-position gap (col. 4 ¡ col. 3 in every family). By Jensen’s inequality,

∥∥Em[q̄(m
∗) − q̄(m)]

∥∥ =
∥∥∥ 1
B

B∑
i=1

δ̄i

∥∥∥ ≤ 1
B

B∑
i=1

∥δ̄i∥ = A.

(Stage 5) Per-block top-k stability. The stabilized block-average query, against the fixed prefix keys, stabilizes the per-block
top-k subset (recall at k=512 rises 5–11 points, col. 5)—establishing m∗ as a valid oracle anchor for the entire trajectory.

Table 2. Empirical verification of the five-stage alignment on LongBench, comparing block-diffusion-trained models against their AR
pre-training backbones: cross-noise-level KL divergence of predictions at masked positions (Stage 1), normalized L2 gap of hidden states
(Stage 2), per-position and block-average query L2 gaps (Stages 3–4), and top-k recall (Stage 5). All L2 gaps use unit-normalized vectors.
Percentages are relative change from backbone to trained.

Logit Hidden state Query ∥q̃(m
⋆) − q̃(m)∥ Top-k Recall

(Stage 1) (Stage 2) (Stages 3–4) (Stage 5)

Family Model DKL

(
p(m

⋆)
∥∥ p(m)

)
↓ ∥h̃(m⋆) − h̃(m)∥ ↓ per-position ↓ block-avg ↓ k=512 ↑

SDAR Qwen3-8B (backbone) 2.40 0.57 0.38 0.28 0.808
SDAR-8B-Chat (trained) 1.38 (−43%) 0.53 (−8%) 0.34 (−13%) 0.22 (−23%) 0.852 (+5%)

Fast-dLLM v2 Qwen2.5-7B (backbone) 5.66 0.94 0.38 0.27 0.753
Fast-dLLM v2 7B (trained) 2.08 (−63%) 0.78 (−17%) 0.28 (−27%) 0.18 (−35%) 0.826 (+10%)

LLaDA2 Ling-mini-base-2.0 (backbone) 2.61 0.70 0.45 0.30 0.769
LLaDA2.0-mini (trained) 0.99 (−62%) 0.57 (−19%) 0.36 (−20%) 0.24 (−20%) 0.851 (+11%)

B. NIAH Scores Across Models
Table 3 reports per-context-length NIAH retrieval scores at 8K and 32K context for Exact Attention and the three sparse
methods (MAGE, Quest, SparseD) at k ∈ {256, 512, 1024} across all three block-diffusion model families. Each cell is the
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mean retrieval score over the 21 needle-depth grid at that context length. Bold marks the best sparse method (MAGE/ Quest
/ SparseD) per column within each model. Fig. 4 in the main text visualizes the underlying (context, depth) cells for LLaDA
2.0 mini at k=256.

Table 3. Needle-in-a-Haystack accuracy (%) at 8K and 32K context, averaged over depth positions, for sparse budgets k ∈
{256, 512, 1024} across three block-diffusion models. Bold = best sparse method (MAGE / Quest / SparseD) per column within
each model.

SDAR-8B-Chat LLaDA 2.0 mini Fast-dLLM v2 7B
8K 32K 8K 32K 8K 32K

Method 256 512 1024 256 512 1024 256 512 1024 256 512 1024 256 512 1024 256 512 1024

Exact 100 100 100 57 57 57 98 98 98 90 90 90 100 100 100 46 46 46
MAGE 100 100 100 76 71 67 97 98 98 62 68 76 89 94 100 33 37 46
Quest 90 100 100 16 16 16 41 48 60 57 70 75 97 98 100 22 35 52
SparseD 68 100 100 10 38 49 17 68 100 25 65 70 56 100 100 13 27 48

C. End-to-end Speedup at Shorter Block-step Budgets
The headline speedups in Fig. 5 use n=32 steps/block; Fig. 7 extends this to shorter budgets (n=24, 16, 8) on the same three
model families. MAGE remains the fastest method on every (model, context) cell, with the absolute speedup tightening
slightly at n=8 as its first-step dense pass amortizes over fewer sparse steps.
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Figure 7. End-to-end TPOB speedup over Exact Attention (FlashInfer) at (a) n=24 steps/block, (b) n=16 steps/block, (c) n=8 steps/block.
budget k=1024.
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