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Abstract

Block Diffusion Language Models (BD-LMs)
support KV caching and flexible-length gener-
ation, but their native Single-Block Diffusion
(SingleBD) inference leaves inter-block paral-
lelism unused. We study Multi-Block Diffu-
sion (MultiBD), where a running-set of con-
secutive blocks is refined concurrently. Ex-
isting teacher-forced BD-LMs observe only
one noisy block conditioned on a clean
prefix, while diffusion forcing exposes a
long noisy suffix whose state distribution
still differs from practical MultiBD inference.
We bridge this gap with Multi-Block Diffu-
sion Language Models (MBD-LMs), obtained
by post-training BD-LMs using Multi-block
Teacher Forcing (MultiTF). MultiTF trains on
bounded noise-groups conditioned on clean
prefixes, with heterogeneous slot-wise noise
patterns that better match inference. An op-
timized Block Buffer further preserves prefix-
cache reuse and static input shapes, trans-
lating inter-block parallelism into wall-clock
acceleration. On math and code bench-
marks, MBD-LLaDA2-Mini increases aver-
age Tokens Per Forward pass (TPF) from
3.47 to 6.19 while maintaining comparable
accuracy (80.0% versus 81.0%). Combined
with DMax, it reaches 9.34 TPF with a 1.02-
point accuracy drop. Project Page: https:
//sjtu-deng-lab.github.io/mbd-lms

1 Introduction

Diffusion Language Models (DLMs) enable na-
tive parallel token refinement (Sahoo et al., 2024;
Nie et al., 2025), but fully bidirectional DLMs
do not naturally support KV caching or flexible-
length generation. Block Diffusion Language
Models (BD-LMs) address both limitations with
block-causal generation (Arriola et al., 2025; Bie
et al., 2025; Cheng et al., 2025). Their native
Single-Block Diffusion (SingleBD) decodes one
noisy block conditioned on a clean cached prefix,
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Figure 1: SingleBD processes blocks sequentially and
creates KV-cache storing bubbles. MultiBD refines fu-
ture blocks while completed blocks enter the cache, ex-
posing inter-block parallelism.

preserving intra-block parallelism and KV reuse.
However, blocks are decoded sequentially: each
must finish and enter the cache before the next
starts, leaving the inter-block parallelism in Fig-
ure 1 unused.

Discrete Diffusion Forcing (D2F) (Wang et al.,
2025) exposes multiple noisy suffix blocks during
training. Conditioned on a clean prefix, it assigns
monotonically increasing noise ratios to the suffix,
enabling MultiBD-style decode–store overlap and
inter-block parallelism. Yet a train–inference mis-
match remains: processing the entire suffix as one
running-set is inefficient and empirically ineffec-
tive, whereas measured traces maintain a small set
(typically two active blocks) with large adjacent
noise gaps (Lu et al., 2026). Reliable MultiBD
therefore needs training states matching bounded
set size and heterogeneous slot-wise noise.

We formulate Multi-Block Diffusion Lan-
guage Models (MBD-LMs) around this bounded
running-set. The formulation contains TF-trained
SingleBD and D2F-style full-suffix states as
extremes, while identifying practical MultiBD
as the intermediate regime. We then introduce
Multi-block Teacher Forcing (MultiTF), which
post-trains a BD-LM on bounded groups of
consecutive noisy blocks. A Group-Aware
Dual-Stream Mask exposes within-group con-
text while retaining clean earlier groups, and
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systematic/random layouts plus a chain-uniform
noise-scheduler reproduce inference-like set sizes
and slot-wise noise gaps.

To serve MBD-LMs efficiently, we introduce
a fixed-shape Block Buffer. Idle slots activate in
place, and completed front blocks enter the KV
cache before the buffer slides. This preserves
prefix-cache reuse and CUDA Graph replay while
decoding overlaps cache writes.

Across math and code benchmarks, MBD-
LLaDA2-Mini raises average TPF from 3.47 to
6.19 (+78.4%) at comparable accuracy (80.0% ver-
sus 81.0%). With DMax (Chen et al., 2026b), it
reaches 9.34 TPF (+47.1%) with a 1.02-point accu-
racy drop and, on two H100 GPUs, raises through-
put from 779 to 927 TPS.

Our contributions are threefold:
• an MBD-LM formulation that unifies SingleBD,

full-suffix diffusion forcing, and bounded
MultiBD through the running-set;

• MultiTF post-training that aligns bounded noise-
groups, slot-wise noise, and attention states with
MultiBD inference; and

• a Block Buffer based engine that preserves
KV/prefix caching and static-shape execution,
converting TPF gains into measured TPS gains.

2 Preliminaries

2.1 Diffusion Language Models
A masked DLM (Sahoo et al., 2024; Nie et al.,
2025; Ye et al., 2025) corrupts a clean sequence
x0 ∈ VL by independently replacing tokens with
[M] at rate t ∈ [0, 1]. The model reconstructs only
masked positions with weighted cross-entropy

LDLM(θ) = −E


1

t

∑

i∈M(xt)

log pθ(x
i
0 | xt)


 ,

(1)
whereM(xt) = {i : xit = [M]}. Inference starts
from an all-mask sequence and iteratively com-
mits high-confidence predictions.

2.2 Block Diffusion Language Models
A BD-LM (Arriola et al., 2025; Bie et al., 2025)
partitions x0 = [b1, . . . ,bK ] into K = L/B
blocks of size B and factorizes

pθ(x0) =
K∏

k=1

pθ(bk | x(<k)
0 ),

x
(<k)
0 = [b1, . . . ,bk−1].

(2)

Block-causal attention lets every block attend to it-
self and clean predecessors, enabling KV caching.

Teacher forcing. We use Teacher Forcing (TF)
as an operational term for the clean-prefix/one-
noisy-block state used by standard BD-LMs,
rather than as terminology introduced by one pa-
per; Block Diffusion (Arriola et al., 2025) is a rep-
resentative instance. Only bk is corrupted, and
masked tokens are predicted from x

(<k)
0 and bk,t:

LTF = −E


1

t

∑

i∈M(bk,t)

log pθ(b
i
k | ck,t)


 ,

ck,t = (x
(<k)
0 ,bk,t).

(3)

Consequently, native SingleBD learns no state
containing multiple noisy blocks.

Discrete diffusion forcing. D2F (Wang et al.,
2025) instead corrupts a block-partitioned suffix
with 0 ≤ t1 < · · · < tK ≤ 1:

xsuf
t = [b1,t1 , . . . ,bK,tK ],

bk,tk ∼ qtk(· | bk).
(4)

Conditioned on a clean prefix xpre
0 , let hk,t =

(xpre
0 ,b1,t1 , . . . ,bk,tk). Its noisy-prefix factoriza-

tion is defined as

pθ(x
suf
0 | hK,t) =

K∏

k=1

pθ(bk | hk,t). (5)

D2F exposes multiple noisy blocks, but the long
monotonic suffix differs from the bounded, het-
erogeneous states in Figure 2. Its arbitrary-length
fully attended prefix also differs from BD-LM
prefix-cache semantics; Appendix C.5 gives the
controlled block-causal comparison.

3 Methodology

We first formulate MBD-LMs through their infer-
ence state, then align training to that state with
MultiTF, and finally implement it with static Block
Buffer mechanism.

3.1 Why MultiBD Requires Co-Design

Moving from SingleBD to MultiBD creates a cou-
pled modeling-and-systems problem. On the mod-
eling side, a TF-trained BD-LM has only learned
one-noisy-block conditionals, whereas a MultiBD
step asks it to resolve several blocks at different
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Figure 2: Train–inference state analysis. (A) A D2F-style schedule produces weak slot separation. (B) chain-
uniform MultiTF creates heterogeneous slot-wise mask ratios. (C) these distributions better match MultiBD infer-
ence. (D–E) the active running-set is bounded, with mean size near two and occasional expansion.

Table 1: Properties of SingleBD, dynamic MultiBD,
and our jointly trained and served MBD-LM design.

Property SingleBD Dynamic MultiBD MBD-LM

Concurrent noisy blocks no yes yes
Fixed physical query shape yes no yes
Stable prefix-cache reuse yes fragile yes
Matched multi-block states no partial yes

stages of refinement. Exposing the full noisy suf-
fix, as in D2F, moves the state in the opposite di-
rection: the number of visible noisy blocks grows
with sequence length, while a monotonic schedule
weakly separates adjacent slots. The target is in-
stead small, dynamic, and heterogeneous.

On the systems side, a literal implementation
would append a block once the tail is clean and
delete the cached front. Although correct, chang-
ing query length, attention layout, and cache off-
sets disrupts CUDA Graph replay and compli-
cates shared-prefix caching, motivating the re-
quirements in Table 1.

Our solution therefore fixes the logical infer-
ence target first, synthesizes that target during Mul-
tiTF post-training, and realizes it with a bounded
physical buffer. The same running-set abstraction
connects all three components: it defines which
blocks coexist, determines which training states
must be constructed, and specifies which slots the
serving engine must maintain.

3.2 Multi-Block Diffusion Language Models

At step s, MultiBD maintains a consecutive
running-set Rs = {as, . . . , cs}. Blocks before as
have been committed and form the clean cached
prefix x

(<as)
0 = [b1, . . . ,bas−1]; later blocks have

not entered decoding. The running-set contains
both active noisy blocks and any completed pre-
ceding blocks waiting to enter the cache. For every
j ∈ Rs, let tj,s ∈ [0, 1] denote its current mask ra-
tio and bj,tj,s its visible state. We set tj,s = 0 once

Teacher Forcing Discrete Diffusion 
Forcing

A. Existing Training Paradigm

B. Multi-Block Diffusion

C. Multi-block Teacher Forcing

Figure 3: Training-state continuum. TF sees one noisy
block; D2F exposes a long monotonic suffix; MultiTF
constructs bounded noise-groups with heterogeneous
slot-wise noise.

a resident block is complete, so the same notation
covers noisy and ready-to-cache blocks. Each rel-
ative position inRs is a logical slot.

An MBD-LM factorizes a MultiBD step as

pθ

(
bRs | x(<as)

0 ,bRs,ts

)

=

cs∏

j=as

pθ

(
bj | x(<as)

0 ,bas,tas,s , . . . ,bj,tj,s

)
,

(6)
where bRs denotes the clean target blocks and
bRs,ts their current visible states. Thus each block
attends to the cached prefix, itself, and causally
preceding slots, but never to a future slot. When
the front block stabilizes, it is committed to the
KV cache and removed; a future block may then
enter at the back.

Figure 3 unifies three regimes. SingleBD is the
|Rs| = 1 extreme. A full suffix with monotonic
D2F-style noise resembles the opposite extreme,
although D2F is a training construction rather than
an executable serving state. Practical MultiBD oc-
cupies the bounded intermediate regime: |Rs| > 1
exposes inter-block parallelism, but a small upper
bound limits per-step work.
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Inference-state invariants. A valid MultiBD
state satisfies three properties. Contiguity requires
the blocks in the running-set to be consecutive, so
a completed front block can enter the KV cache
without skipping any prefix block. Causal visibil-
ity allows each block to attend only to the clean
cached prefix, itself, and preceding blocks in the
running-set, thereby preserving the block-causal
factorization. Boundedness limits the number of
resident blocks, keeping per-step computation con-
trolled while allowing future blocks to be refined
before the front block is committed. Accordingly,
training must match practical MultiBD states in
both running-set size and slot-wise noise, rather
than simply exposing multiple noisy blocks.

3.3 Multi-block Teacher Forcing

MultiTF approximates the bounded running-
set states encountered during MultiBD infer-
ence by constructing corresponding training-side
noise-groups. Let Gmax denote the maximum
noise-group size, and let a group-layout λ =
(H1, . . . , H|λ|) partition the block sequence into
consecutive noise-groups.

We first construct systematic layouts to pro-
vide deterministic coverage of group sizes and
relative block positions. For each group size
g ∈ {2, . . . , Gmax} and boundary offset h ∈
{0, . . . , g − 1}, the layout λg,h places a group
boundary every g blocks. Its q-th noise-group is

Hg,h,q = {1 + h+ qg, . . . , h+ (q + 1)g}
∩ {1, . . . ,K}. (7)

The intersection handles groups truncated at the se-
quence boundaries. By enumerating all g offsets,
every interior consecutive span of g blocks appears
as a noise-group in exactly one systematic layout.
Equivalently, each interior block is observed at ev-
ery group-relative position across the g shifted lay-
outs. This construction therefore covers all sup-
ported running-set sizes and alignments up to the
upper bound Gmax.

Systematic layouts use a fixed group size within
each layout and thus provide regular but lim-
ited boundary patterns. To increase training-state
diversity, we additionally construct random lay-
outs by sampling successive group sizes from
{2, . . . , Gmax} until the full block sequence is cov-
ered. These layouts introduce mixed group sizes
and irregular boundaries while preserving the
bounded noise-group structure. The final layout

set combines both components, Λ = Λsys ∪Λrand:
systematic layouts provide coverage, whereas ran-
dom layouts enrich the combinations of group
sizes and boundary positions. Complete construc-
tion and coverage arguments are provided in Ap-
pendices B.1 and A.

Chain-uniform noise-scheduler. For a group
Hm = (j1, . . . , jn), define

teff = thigh − ρ∆t,

∆t = thigh − tlow.
(8)

We sample a floor ℓ0 ∼ U(tlow, teff) and then

tji ∼ U(ℓi−1, teff), ℓi ← tji . (9)

This Markov chain is monotone within a group,
yet its conditional intervals differ by slot and can
produce large adjacent gaps. The distinction is im-
portant: monotonicity alone only orders the slots,
whereas MultiBD inference exposes a nearly re-
solved leading block beside substantially noisier
future blocks. Chain-uniform scheduling is de-
signed to reproduce that heterogeneity, as visual-
ized in Figure 2.

Group-Aware Dual-Stream Mask. For layout
λ, MultiTF concatenates a corrupted view and
a clean view, Xλ = [xλ

t ;x0]. A noisy query
in group Hm attends to clean earlier groups and
noisy blocks within Hm; a clean query follows the
original block-causal rule. Writing gλ(i) for the
group index, b(i) for the block index, andN , C for
noisy/clean streams, define Gij : gλ(i) = gλ(j)
and Pij : b(j) ≤ b(i).

Aλ(i, j) =





1, i ∈ N , j ∈ C, gλ(j) < gλ(i),

1, i, j ∈ N , Gij , Pij ,

1, i, j ∈ C, Pij ,

0, otherwise.
(10)

Thus later groups are not leaked into the current
group, while within-group noisy context matches
MultiBD. The clean stream supplies the teacher-
forced prefix for every group; the noisy stream
supplies the inference-like running-set state. Be-
cause clean blocks from the current or later group
are masked out, the construction cannot reveal the
target through the duplicated clean sequence. Mul-
tiple groups can nevertheless contribute masked-
token losses in one forward pass, making the lay-
outs computationally useful rather than merely
data augmentation.

44858



Group Size 2

Group Size 3

Group Size 4

A. Systematic Group Layouts: Enumerate group sizes and shifts

Random 1

Build input
sequence:

noisy + clean

Generate group-
aware attention mask

Random 2

Random 3

Random 4

Shift 0 Shift 1

Shift 0 Shift 1 Shift 2

Shift 0 Shift 1 Shift 2 Shift 3

B. Random Group Layouts: Increase diversity beyond systematic shifts

Input Sequence: Noisy + Clean

GroupSize 2, Shift 0

GroupSize 2, Shift 1

Systematic Group Layouts

GroupSize 3, Shift 0

Random Buffer Layouts
Random 1

Random 2

BD-LM

Naive CE Loss DMax OPUT Loss ...

Systematic and random layouts approximate MultiBD running-set
states up to max group size G=4.

C.  Multi-block Teacher Forcing Training Pipeline
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MultiTF 
Post-training

Figure 4: MultiTF pipeline. (A) shifted systematic layouts cover group sizes and relative positions; (B) random
layouts add diversity, and the Group-Aware Dual-Stream Mask builds noisy/clean views; (C) masked CE plus
optional model-specific objectives post-train BD-LMs into MBD-LMs.

Objective. For masked positions Mλ, the de-
fault objective is

LMultiTF(θ) = −Eλ,t


 1

|Mλ|
∑

i∈Mλ

ℓθ,i


 ,

ℓθ,i = log pθ(x
i
0 | Xλ, Aλ).

(11)

The normalization gives equal weight to masked
positions within a sampled layout. The clean
stream acts only as context, while predictions
and loss are taken from masked positions in the
noisy stream. The complete algorithm and model-
specific DMax/SDAR objective variants are illus-
trated in Appendix B.

3.4 Optimized Multi-Block Diffusion
Why a naive dynamic set is insufficient. An
abstract MultiBD implementation would append
a block whenever the active tail becomes suf-
ficiently clean and delete the front when com-
pleted. Although correct, the changing query
length and attention layout prevent stable kernel
plans and CUDA Graph replay; Algorithm 4 in
Appendix C.1 makes this failure mode explicit.

Fixed-shape Block Buffer. We allocate Nbuf

physical slots,

Ws = Rs ∥ Ds, |Ws| = Nbuf , (12)

whereDs is the trailing dummy-slot segment. Res-
ident blocks formRs and the remaining slots form

In KV 
Cache

Active
Parts Pad

To KV
Cache

In KV
Cache

B. Three-level Block Buffer Hierarchy

Block

BlockBuffer

Request

In KV
Cache

In KV
Cache

In KV
Cache

To KV
Cache

In KV
Cache

In KV
Cache

To KV
Cache

C. Multi-Block Diffusion Inference Pipeline and Attention Pattern

Attention against
KV Cache QKV Self Attention

Attention against
KV Cache QKV Self Attention

A. Status of Blocks

DUMMY ACTIVE

TO_CACHE IN_CACHE

Figure 5: MultiBD system support. Blocks transi-
tion DUMMY→ACTIVE→TO-CACHE→IN-CACHE. A
fixed Block Buffer refines active blocks jointly, com-
mits completed prefixes to the KV cache, and slides
without changing the physical input shape.

Ds; thus Nbuf realizes the bounded running-set
sizes covered by MultiTF. A future block activates
through metadata; after the front is cached, the log-
ical window advances without changing shape.

Deterministic state transitions. Each slot
follows DUMMY→ACTIVE→TO-CACHE→IN-
CACHE, as shown in Figure 5. Within a step,
the engine first decides whether the active tail
is sufficiently advanced to activate one trailing
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dummy slot, then refines every active slot in a
single forward pass. A completed block is marked
TO-CACHE only when every preceding resident
block is already cacheable or cached, preserving
prefix order. The engine commits consecutive
front blocks, slides the logical window, and
appends the same number of dummy slots without
reallocating the physical buffer. These transitions
modify metadata and cache offsets rather than
tensor dimensions.

Cache preservation. Cached prefix keys/values
are immutable, while buffer tokens use block-
causal extend attention. Hence cache semantics
match SingleBD even though several blocks are
refined together: a cached block is never recom-
puted, and active slots cannot modify or bidirec-
tionally attend through the cached prefix. The
same separation also permits request-level prefix
sharing under paged KV-cache systems. Algo-
rithm 5, state transitions, threshold definitions, and
prefix-cache comparisons are in Appendix C. The
resulting static execution produces the measured
throughput in Table 7.

4 Experiments

4.1 Experimental Setup

Models and training. We evaluate MultiTF on
LLaDA2.0 (Bie et al., 2025) and SDAR (Cheng
et al., 2025) backbones, including DMax-
enhanced variants (Chen et al., 2026b). LLaDA2-
Mini is a 16B-parameter mixture-of-experts
model with approximately 1B active parameters
per token (16B-A1B), whereas SDAR-8B-Chat is
an 8B dense model. For each backbone, MultiTF
uses systematic shifted and random group-layouts
to approximate bounded MultiBD running-set
states; the resulting checkpoints are denoted
MBD-*. Training-free MultiBD instead applies
the same inference engine to the original BD-LM
without post-training.

Evaluation protocol. We evaluate all models
and variants on GSM8K (Cobbe et al., 2021),
MATH500 (Hendrycks et al., 2021), MBPP+, and
HumanEval+ (Austin et al., 2021; Chen et al.,
2021; Liu et al., 2023) with greedy decoding (tem-
perature 0). All reported transitions are determin-
istic: thresholds are fixed before evaluation, and
block activation and commitment use no sampling.
Accuracy is exact match for math and pass@1 for
code. We report Tokens Per Forward pass (TPF)

and Accuracy Under Parallelism (AUP), the trape-
zoidal area under the accuracy–TPF curve follow-
ing d3LLM (Qian et al., 2026). Training, infer-
ence, and hardware details appear in Appendix E.

4.2 Main Results

Parallelism–quality trade-off. Table 2 shows
that MultiTF increases inter-block parallelism
while maintaining comparable generation qual-
ity. MBD-LLaDA2-Mini raises average TPF from
3.47 to 6.19 (+78.4%) and average AUP from 247
to 449, while average accuracy remains compara-
ble (80.0% versus 81.0%). The gain is consistent
across all four tasks: TPF reaches 5.55–7.85 rather
than 2.27–5.53 under SingleBD. With DMax, av-
erage TPF rises from 6.35 to 9.34 (+47.1%) and
AUP from 460 to 661, with a 1.02-point average
accuracy decrease. Thus DMax’s token-level self-
correction and MultiBD’s inter-block parallelism
are compatible rather than redundant.

Effect of train–inference alignment. Training-
free MultiBD exposes parallelism already latent
in a BD-LM, but its unseen multi-block states
can reduce quality. On LLaDA2-Mini, training-
free MultiBD increases TPF from 3.47 to 4.41
but lowers accuracy from 80.0% to 78.6%. Mul-
tiTF then raises accuracy to 81.0% and TPF to
6.19, improving both sides of the trade-off relative
to the training-free configuration. On LLaDA2-
Mini-DMax, MultiTF similarly improves average
accuracy from 78.2% to 78.6% while retaining ap-
proximately 9.3 TPF. These comparisons indicate
that inference-side scheduling alone is useful, but
matched post-training is what makes aggressive
MultiBD reliable.

Generalization across backbones and block
sizes. The gains are not confined to the LLaDA2
MoE architecture. On the dense SDAR-8B-Chat-
b32 model, MultiTF raises average TPF from
2.54 to 4.46 (+75.6%) and average accuracy from
69.0% to 69.7%. With block size four, MBD-
SDAR-8B-Chat-b4 reaches 2.42 TPF versus 1.25
for SingleBD while retaining comparable aver-
age accuracy (75.3% versus 75.6%). The smaller
block exposes less intra-block work, so the relative
benefit of concurrent blocks is particularly clear.

Training-free transfer to additional check-
points. Table 3 further isolates the inference-
side mechanism on LLaDA2 checkpoints that re-
ceive no MultiTF post-training. On LLaDA2-
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Table 2: Math and code results. SingleBD is native single-block inference; training-free MultiBD adds multi-
block inference without post-training; MBD-* uses MultiTF post-training and MultiBD inference. MultiTF sub-
stantially increases parallelism while maintaining comparable quality.

GSM8K MATH500 MBPP+ HumanEval+ Average

Model Acc. TPF Acc. TPF Acc. TPF Acc. TPF Acc. TPF AUP

LLaDA2-Mini-DMax (buffer 2, block 32)
SingleBD 91.9 5.70 76.8 6.13 72.2 6.14 77.4 7.44 79.6 6.35 460
MultiBD (training-free) 89.8 8.76 73.8 9.08 72.2 8.44 76.8 11.0 78.2 9.31 652
MBD-LLaDA2-Mini-DMax 91.7 8.95 75.0 9.31 70.1 8.34 77.4 10.8 78.6 9.34 661

LLaDA2-Mini (buffer 2, block 32)
SingleBD 91.9 2.27 74.2 2.83 75.7 3.25 78.1 5.53 80.0 3.47 247
MultiBD (training-free) 92.7 2.76 73.6 3.53 72.5 3.97 75.6 7.37 78.6 4.41 302
MBD-LLaDA2-Mini 92.0 5.55 79.2 6.02 72.5 5.35 80.5 7.85 81.0 6.19 449

SDAR-8B-Chat-b32 (buffer 4, block 32)
SingleBD 90.1 2.52 65.6 3.81 52.7 1.83 67.7 2.00 69.0 2.54 142
MultiBD (training-free) 89.0 2.78 60.6 5.06 52.1 1.97 65.9 2.24 66.9 3.01 156
MBD-SDAR-8B-Chat-b32 89.2 3.08 68.0 5.08 59.0 4.87 62.8 4.82 69.7 4.46 210

SDAR-8B-Chat-b4 (buffer 4, block 4)
SingleBD 91.1 1.33 72.8 1.46 64.8 1.13 73.7 1.07 75.6 1.25 85.5
MultiBD (training-free) 90.5 2.39 70.6 2.68 65.8 1.55 74.4 1.47 75.3 2.00 130
MBD-SDAR-8B-Chat-b4 91.8 2.28 72.4 2.52 64.3 2.62 72.6 2.24 75.3 2.42 149

Table 3: Training-free MultiBD transfer to additional
LLaDA2 checkpoints on math benchmarks. Each cell
reports Accuracy/TPF.

Inference GSM8K MATH500 Average

LLaDA2-Mini-CAP
SingleBD 91.7/3.08 77.8/3.71 84.8/3.40
MultiBD 91.2/4.00 77.2/4.94 84.2/4.47

LLaDA2.1-Mini
SingleBD 93.0/4.12 81.4/4.87 87.2/4.50
MultiBD 92.3/5.80 81.0/7.20 86.6/6.50

Mini-CAP, MultiBD raises average TPF from 3.40
to 4.47 (+31.5%) while average accuracy changes
from 84.8% to 84.2%. On LLaDA2.1-Mini, av-
erage TPF rises from 4.50 to 6.50 (+44.4%) with
the same 0.6-point accuracy decrease; the gain ap-
pears on both GSM8K (4.12 to 5.80 TPF) and
MATH500 (4.87 to 7.20 TPF). Thus, MultiBD
transfers across LLaDA2 versions without post-
training, while the controlled experiments below
motivate MultiTF for more aggressive states.

4.3 Controlled Training-State Comparison
Table 4 isolates training-state construction: Mul-
tiTF and the D2F-style monotonic baseline use
the same backbone, data, objective, training bud-
get, and inference configuration. MultiTF raises
average accuracy from 74.5% to 78.6% and TPF
from 9.05 to 9.35. The accuracy gains hold on
every benchmark, led by HumanEval+ (70.1% to
77.4%) and MATH500 (70.4% to 75.0%), while

Table 4: Controlled D2F-style comparison. Each cell
is Accuracy/TPF.

Training states GSM MATH MBPP+ HE+ Avg.

D2F-style 88.3/9.01 70.4/9.27 69.3/7.63 70.1/10.3 74.5/9.05
MultiTF 91.7/8.95 75.0/9.31 70.1/8.34 77.4/10.8 78.6/9.35

Table 5: MultiTF component ablations averaged over
HumanEval+ and GSM8K with LLaDA2-Mini-DMax.

Configuration Acc ↑ TPF ↑ AUP ↑
SingleBD (Native) 84.67 6.57 536.89

noise-group layouts construction
+ systematic layouts 83.22 9.71 774.03
+ random layouts 82.72 9.42 747.46
systematic + random layouts (ours) 84.59 9.87 805.34

block-level noise-scheduler
D2F-style monotonic scheduler 79.34 8.76 657.74
random scheduler 83.14 9.70 771.74
sorted-uniform scheduler 81.28 9.73 748.73
chain-uniform scheduler (ours) 84.59 9.87 805.34

TPF is comparable on GSM8K and slightly higher
elsewhere. This comparison shows that merely
exposing multiple noisy suffix blocks is insuffi-
cient: reliable MultiBD training must also match
the bounded running-set size and heterogeneous
noise levels across blocks.

4.4 Ablations and Boundary Coherence

Group-layout construction. Table 5 shows
complementary roles: systematic layouts cover
bounded set sizes and group-relative positions,
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Table 6: Effect of tail activation on block-boundary co-
herence. Aggressive activation (τadd = 0.1) slightly
increases TPF but sharply reduces code accuracy. Each
cell reports Accuracy/TPF.

τadd HumanEval+ MBPP+

0.1 39.0/11.5 47.1/9.21
0.9 (ours) 77.4/10.8 70.1/8.34

while random layouts add irregular boundaries.
Alone they yield 83.2% and 82.7% accuracy, be-
low SingleBD’s 84.7%; together they recover
84.6% while reaching 9.87 TPF and the best AUP.

Noise scheduling. Chain-uniform matches
MultiBD’s heterogeneous slot-wise noise gaps,
not merely monotonicity. D2F-style and random
yield 79.3% and 83.1% accuracy. Sorted-uniform
reaches 9.73 TPF but only 81.3% accuracy.
Despite its monotonic schedule, the 3.3-point gap
from chain-uniform shows that slot-conditional
gaps—not ordering—are decisive.

Table 6 stress-tests block activation. The ag-
gressive setting (τadd = 0.1) raises TPF slightly
but collapses code accuracy; the default τadd =
0.9 preserves block-boundary coherence. Ap-
pendix D.1 gives syntax, runtime, and incorrect-
output failures.

4.5 Train–Inference Alignment Analysis

Figure 2 directly compares the states induced
by training schedulers with states measured dur-
ing MultiBD decoding. The analysis separates
two factors that a full noisy suffix obscures: the
marginal mask-ratio distribution of each logical
slot and the number of active blocks simultane-
ously exist in the running-set.

Slot-wise noise gaps. The D2F-style monotonic
construction in Figure 2(A) yields heavily overlap-
ping slot distributions. In actual MultiBD traces,
the first slot is often nearly complete when a much
noisier trailing slot is activated, creating a sub-
stantially larger adjacent gap. Chain-uniform sam-
pling produces this separation in Figure 2(B), and
the resulting training distributions more closely
resemble the inference-time states in panel (C).
This distributional evidence explains why the two
monotone schedulers in Table 5 behave differently:
monotonicity alone is insufficient, and the relative
noise gaps between adjacent slots must also match
MultiBD inference.

Table 7: Single-sample throughput on two H100 GPUs
(TP=2). Gains are relative to each model’s SingleBD
counterpart.

Model TPF ms/step TPS Gain

LLaDA2-Mini 3.47 7.07 517 –
MBD-LLaDA2-Mini 6.19 8.78 746 +44.2%

LLaDA2-Mini-DMax 6.35 9.02 779 –
MBD-LLaDA2-Mini-DMax 9.34 11.2 927 +19.0%

Bounded active set. Panels (D–E) show that
MultiBD usually maintains about two active
blocks, with occasional expansion to three or four.
The active count changes over a trajectory as lead-
ing blocks stabilize and trailing blocks enter, but
it remains far smaller than the full remaining suf-
fix. This supports using bounded noise-groups and
varying group-relative positions in MultiTF. To-
gether, the slot and count analyses show that train–
inference alignment requires matching both which
states coexist and how many are processed, rather
than only making future noisy blocks visible.

4.6 Wall-Clock Throughput

TPF is a model-level measure of useful progress,
whereas TPS also includes the cost of processing
a static physical buffer. Let Qs = NbufB be the
number of query tokens processed at step s and
define the token-efficiency factor

ηtok(s) =
TPFs

Qs
, TPS =

TPF

Tstep
=

ηtokQs

Tstep
.

(13)
A larger buffer amortizes weight, prefix-KV, and
launch costs, but extra slots raise Tstep; useful-
token gains must exceed that overhead.

Table 7 uses the final rebuttal measurements.
For LLaDA2-Mini, 1.78× TPF divided by 1.24×
step cost predicts the measured 1.44× through-
put. For DMax, 1.47/1.24 = 1.18× predicts the
measured 1.19×. Both configurations therefore
convert TPF into measured wall-clock speedup.
Buffer overhead remains: TPS gains lag TPF
gains. The comparison is instructive: TPF should
not be reported as a proxy for speed; the 1.78×
and 1.47× TPF gains become 1.44× and 1.19×
TPS gains after accounting for step latency. Per-
benchmark TPS, compute and KV-traffic terms,
and the complete roofline model derivation of
MultiBD are in Appendix D.3.
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5 Related Work

5.1 Diffusion Language Models

Diffusion Language Models (DLMs) generate text
through iterative denoising and enable parallel to-
ken refinement as an alternative to autoregres-
sive generation. Representative models include
LLaDA (Nie et al., 2025), Dream (Ye et al., 2025),
and LLaDA2.x (Bie et al., 2025, 2026), which im-
prove scaling, initialization, and editable refine-
ment. However, fully bidirectional DLMs are dif-
ficult to serve efficiently because they do not nat-
urally support KV caching or flexible-length gen-
eration, both of which are essential for practical
deployment and on-policy reinforcement learning.

Block Diffusion Language Models (BD-LMs)
introduce block-causal generation (Arriola et al.,
2025; Bie et al., 2025; Cheng et al., 2025).
Their native Single-Block Diffusion (SingleBD) de-
codes one noisy block from a clean cached pre-
fix, enabling KV caching and intra-block paral-
lelism, yet processes blocks sequentially. We
study Multi-Block Diffusion (MultiBD), a broader
regime in which a bounded running-set of consec-
utive blocks is refined concurrently.

5.2 Efficient DLM Inference and Training

Efficient DLMs have been studied through distil-
lation, scheduling, caching, and parallel decod-
ing. D2F (Wang et al., 2025) introduces noisy-
block visibility during training and demonstrates
the potential of MultiBD-style pipelined decod-
ing. DMax (Chen et al., 2026b), d3LLM (Qian
et al., 2026), LightningRL (Hu et al., 2026),
CForce (Ren et al., 2026), and dParallel (Chen
et al., 2025) improve the accuracy–parallelism
trade-off through training objectives or decod-
ing schedules. Fast-dLLM (Wu et al., 2025)
and LoPA (Xu et al., 2025) accelerate inference
through caching and lookahead parallelism.

Speculative decoding instead follows a draft–
verify paradigm: a lightweight model proposes to-
kens and a separate target model verifies them in
parallel (Leviathan et al., 2023). DFlash (Chen
et al., 2026a) uses a block-diffusion model
as the parallel drafter, while DSpark (Cheng
et al., 2026) combines semi-autoregressive draft-
ing with confidence-scheduled target verification.
These methods accelerate an autoregressive tar-
get through acceptance of speculative drafts. By
contrast, MultiTF and MultiBD directly train and
serve the BD-LM itself, without a separate draft–

verify pair; the two directions are therefore com-
plementary rather than interchangeable.

5.3 Positioning of Multi-Block Parallelism
Existing acceleration methods operate at different
levels. DMax and dParallel control token commit-
ment within each denoising step; Fast-dLLM re-
duces repeated computation through cache reuse;
LoPA speculates over alternative continuations;
and d3LLM or LightningRL reshapes the denois-
ing trajectory. MultiBD instead targets inter-block
concurrency by refining later blocks before the
leading block is fully committed. It is therefore
complementary to token-level methods, as illus-
trated by the additive TPF gain of MBD-LLaDA2-
Mini-DMax in Table 2.

D2F is the closest prior because it exposes noisy
suffix blocks and motivates pipelined decoding.
However, its full suffix is neither a bounded nor
fixed-cost inference state, and its prefix-full at-
tention is not naturally compatible with the im-
mutable block-causal prefix used for cache shar-
ing. Its monotonic suffix also does not capture
the heterogeneous slot-wise noise gaps observed
during MultiBD inference. MBD-LMs instead
combine a bounded running-set, matched MultiTF
noise-groups, and a static Block Buffer. Table 4
isolates the training-state benefit.

6 Conclusion

We introduced Multi-Block Diffusion Language
Models (MBD-LMs), framing practical MultiBD
as concurrent refinement of a bounded running-
set between SingleBD and full-suffix construc-
tions. MultiTF aligns post-training with this state
through bounded noise-groups, systematic and
random layouts, chain-uniform scheduling, and
the Group-Aware Dual-Stream Mask, while the
Block Buffer preserves prefix caching and static-
shape execution at inference. On LLaDA2-Mini,
MBD-LMs raise average TPF from 3.47 to 6.19 at
comparable accuracy; combined with DMax, they
reach 9.34 TPF and 927 TPS on two H100 GPUs.
Training-free transfer to LLaDA2-Mini-CAP and
LLaDA2.1-Mini further shows that the inference
mechanism is not checkpoint-specific. The con-
trolled D2F-style comparison shows that reliable
MultiBD requires bounded, heterogeneous train-
ing states, while the throughput measurements
demonstrate the importance of systems support for
converting TPF gains into realized TPS.
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Limitations

Evaluation scope. Our experiments emphasize
verifiable math and code tasks, where exact-match
and execution-based metrics are reliable. Open-
ended generation, dialogue, multilingual genera-
tion, and long-form coherence remain to be eval-
uated with appropriate human and automatic pro-
tocols. We cover 8B dense and 16B-A1B MoE
backbones, but not substantially larger models or
high-concurrency production traffic.

Configuration sensitivity. MultiBD introduces
block size, buffer size, and activation, completion,
and token-update thresholds. We fix these values
before evaluation, but the best configuration can
depend on the model, task, context length, and
hardware. Automated tuning could improve re-
sults but would make cross-system comparisons
less direct.

Serving and kernel complexity. The Block
Buffer makes the physical shape static, but adds
state transitions, slot bookkeeping, cache move-
ment, and failure-recovery logic to a serving stack.
Specialized kernels and CUDA Graphs must be
maintained across model architectures, compiler
versions, and devices. These engineering costs
may outweigh the benefit in small deployments.

TPF versus realized throughput. TPF mea-
sures useful decoding parallelism, not wall-clock
speed. Resident and dummy slots increase per-
step work, so a TPF gain does not translate one-
to-one into TPS; the gap grows when execution
is compute-bound or the buffer is under-utilized.
Thus, our two-H100 results should not be extrapo-
lated across hardware or batching.

Likelihood-based evaluation. As with other
masked and block-diffusion language models, ex-
act sequence likelihood and conventional perplex-
ity are not directly available from the iterative de-
noising process. This limits likelihood-based com-
parison with autoregressive models and compli-
cates calibration analysis.

Reinforcement learning. MultiBD reinforce-
ment learning is promising but introduces a larger
state space than SingleBD: rewards depend jointly
on tokens, block activation, and cache transitions.
Credit assignment across concurrent blocks and
delayed block-boundary failures is difficult, and
naive optimization may trade correctness for ag-
gressive parallelism. Developing stable objectives

and unbiased estimators for this setting is left to
future work.
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A Theoretical View of MultiTF

This appendix provides a simple theoretical view
of Multi-block Teacher Forcing (MultiTF). The
goal is not to prove that MultiTF directly improves
downstream accuracy. Instead, we show that Mul-
tiTF can be interpreted as a coverage-based sur-
rogate for the ideal MultiBD training objective,
and that its approximation gap is controlled by the
mismatch in running-set coverage and inter-block
noise-ratio distributions.

Ideal MultiBD objective. Let R = {a, . . . , c}
denote a consecutive MultiBD running-set with
size |R| ≤ Gmax, where Gmax is the maximum
noise-group size used in MultiTF. For a clean se-
quence x0, noise ratios t, and model θ, define the
state loss as follows

ℓθ(x0,R, t) = −
1

|MR|
∑

i∈MR

ℓθ,i,

ℓθ,i = log pθ

(
xi0 | x(<a)

0 ,bR,t

)
,

(14)

where x
(<a)
0 is the clean prefix before R, bR,t de-

notes the noisy blocks insideR, andMR denotes
masked positions in the running-set.

Let pinf(R, t) be the inference-time distribu-
tion of MultiBD states, and let qMultiTF(R, t)
be the training-state distribution induced by Mul-
tiTF group-layouts and the chain-uniform noise-
scheduler. The ideal MultiBD objective is

L⋆MultiBD(θ) = Ex0E(R,t)∼pinf [ℓθ(x0,R, t)] ,
(15)

while MultiTF minimizes the surrogate objective

LMultiTF(θ) = Ex0E(R,t)∼qMultiTF
[ℓθ(x0,R, t)] .

(16)

Systematic shifts cover bounded running-sets.
Assume the sequence is padded so that boundary
effects can be ignored. For a fixed noise-group
size g ∈ {2, . . . , Gmax}, MultiTF constructs g
shifted layouts. Then every consecutive running-
set R = {a, . . . , a + g − 1} appears as one noise-
group in exactly one shifted layout for that g.
Proof. For a fixed g, each shifted layout places
group boundaries every g blocks with a different
offset. For a running-set starting at block a, choos-
ing the shift h = (a − 1) mod g aligns a group
boundary with a, so {a, . . . , a + g − 1} appears
as one noise-group. The shift is unique modulo g,
so the running-set appears once among all of the g
shifted layouts.

Thus, systematic layouts cover all consecu-
tive running-sets with size between 2 and Gmax.
Equivalently, for each fixed g, every block appears
once at every group-relative logical slot across the
g shifts. Random layouts do not change this sup-
port guarantee, but add additional samples with
non-regular noise-group-size combinations.

Objective mismatch bound. We next bound the
gap between the ideal MultiBD objective and the
MultiTF surrogate objective. Let pR and qR be
the marginal distributions over running-sets under
pinf and qMultiTF, respectively.

We assume:
A1. Bounded MultiBD states. The infer-

ence distribution pinf is supported on consecutive
running-sets with 2 ≤ |R| ≤ Gmax.

A2. Bounded loss. For all θ,x0,R, t,

0 ≤ ℓθ(x0,R, t) ≤M.

A3. Lipschitz dependence on noise ratios.
For every θ,x0,R, the state loss is Lt-Lipschitz
in the noise-ratio vector:
∣∣ℓθ(x0,R, t)− ℓθ(x0,R, t′)

∣∣ ≤ Lt∥t− t′∥1.
(17)

Here TV(p, q) = 1
2

∑
x |p(x) − q(x)| denotes

the total variation distance between two discrete
distributions.

Define the running-set distribution mismatch as

δR = TV(pR, qR),

and assume the conditional noise-ratio mismatch
satisfies

W1 (pinf(t | R), qMultiTF(t | R)) ≤ δt

for every running-set R, where W1 is the
Wasserstein-1 distance under the ℓ1 metric.

Under these assumptions, for any model θ,

|L⋆MultiBD(θ)− LMultiTF(θ)| ≤MδR + Ltδt.
(18)

Proof. For clarity, omit the outer expectation over
x0. Define µp(R) = Ep(t|R)[ℓθ] and µq(R) =
Eq(t|R)[ℓθ]. Adding and subtracting EqR [µp] gives

|EpR [µp]− EqR [µq]| ≤ |EpR [µp]− EqR [µp]|
+ |EqR [µp − µq]| .

(19)
The first term is bounded by MTV(pR, qR) =
MδR, since the loss is bounded in [0,M ]. The
second term is bounded by Ltδt by the Lipschitz
assumption and the definition of W1. Combining
the two terms gives Eq. 18.
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Excess target risk. Let θ̂ be a model whose Mul-
tiTF objective is within ϵopt of the best model in a
hypothesis class Θ:

LMultiTF(θ̂) ≤ min
θ∈Θ
LMultiTF(θ) + ϵopt.

Then

L⋆MultiBD(θ̂)−min
θ∈Θ
L⋆MultiBD(θ)

≤ 2(MδR + Ltδt) + ϵopt.
(20)

This bound shows that reducing running-set dis-
tribution mismatch δR and noise-ratio mismatch δt
directly tightens the gap between MultiTF training
and ideal MultiBD inference. Systematic shifts re-
duce support mismatch by covering bounded con-
secutive running-sets up to size Gmax, random
layouts add distributional diversity, and the chain-
uniform noise-scheduler reduces noise-ratio mis-
match by producing heterogeneous slot-wise noise
gaps. Therefore, MultiTF can be viewed as a
coverage-based surrogate for the ideal objective of
our proposed MBD-LM.

B MultiTF Training Implementation
Details

This appendix provides implementation details for
Multi-block Teacher Forcing (MultiTF), which
post-trains BD-LMs into MBD-LMs. The termi-
nology follows Section 3.3: training-side struc-
tures are called noise-groups, group-layouts, and
noise-schedulers, while inference-side structures
are called Block Buffers and slots. We use Gmax

for the maximum noise-group size, Λ for the set
of group-layouts, λ for one group-layout, and Hm

for one noise-group. We use VeOmni (Ma et al.,
2025) as the training framework. SDAR mod-
els are post-trained on reasoning/code data from
prior studies (Boizard et al., 2025; jtatman, 2025);
LLaDA2.x and DMax-enhanced models are post-
trained on the corresponding reasoning/code mix-
tures used by their base recipes.

B.1 Group-Layout Construction
MultiTF constructs a group-layout set

Λ = Λsys ∪ Λrand,

where Λsys contains systematic shifted layouts and
Λrand contains random layouts. Each group-layout
λ = (H1, . . . , H|λ|) partitions the block sequence
[b1, . . . ,bK ] into consecutive noise-groups. Each
noise-group Hm = {am, . . . , cm} has the same
consecutive-block form as a possible MultiBD
running-set.

Algorithm 1 Multi-block Teacher Forcing
Require: Clean sequence x0; block size B; maximum noise-

group size Gmax; noise bounds tlow, thigh; margin ρ;
random-layout count Nrand.

1: Partition x0 into blocks [b1, . . . ,bK ].
2: Generate systematic layouts over every size g ∈
{2, . . . , Gmax} and shift h ∈ {0, . . . , g − 1}.

3: Generate Nrand random layouts and let Λ be the union
of both layout sets.

4: teff ← thigh − ρ(thigh − tlow); J ← 0.
5: for each λ ∈ Λ do
6: Initialize xλ

t ← x0.
7: for each noise-group Hm = (j1, . . . , jnm) ∈ λ do
8: Sample ℓ ∼ U(tlow, teff).
9: for i = 1 to nm do

10: Sample tji ∼ U(ℓ, teff); ℓ← tji .
11: Replace ⌊Btji⌋ random tokens of bji with

[M].
12: end for
13: end for
14: Xλ ← [xλ

t ;x0]; construct Group-Aware Dual-
Stream Mask Aλ.

15: Evaluate the model on (Xλ,Aλ) and add masked CE
Jλ to J .

16: end for
17: return J /|Λ|.

Systematic layouts. For each noise-group size
g ∈ {2, . . . , Gmax} and shift h ∈ {0, . . . , g − 1},
MultiTF constructs a shifted layout λg,h by plac-
ing group boundaries every g blocks with offset h.
Formally, define the boundary set

Bg,h = sort
(
{1,K + 1} ∪ Cg,h

)
,

Cg,h = {1 + h+ qg : q ∈ Z, χ(q)},
χ(q) : 1 < 1 + h+ qg < K + 1.

Let Bg,h = (r1, . . . , rng,h+1) after sorting. The
q-th noise-group in λg,h is

Hg,h,q = {rq, . . . , rq+1−1}, q = 1, . . . , ng,h.

Boundary noise-groups can be shorter than g,
while interior noise-groups have size g. The sys-
tematic layout set is

Λsys = {λg,h : 2 ≤ g ≤ Gmax, 0 ≤ h < g}.

Ignoring boundary effects, every consecutive
running-set {a, . . . , a+g−1} of length g appears
as one noise-group in exactly one shifted layout
by choosing h = (a − 1) mod g. Equivalently,
for each fixed g, every block appears once at ev-
ery group-relative position across the g shifts. The
number of systematic layouts is therefore

|Λsys| =
Gmax∑

g=2

g =
(Gmax + 2)(Gmax − 1)

2
.

(21)
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Random layouts. Systematic layouts provide
structured coverage but are regular by construc-
tion. To increase layout diversity, MultiTF further
samples Nrand random layouts. For each random
layout, we sequentially draw group sizes

gm ∼ Uniform{2, . . . , Gmax}

and form consecutive groups

Hm = {am, . . . ,min(am + gm − 1,K)},
am+1 = min(am + gm,K + 1),

until the full block sequence is covered. These
random layouts add non-regular noise-group-size
combinations and boundary patterns without re-
placing the coverage guarantee of systematic lay-
outs. The total number of layout variants per clean
sequence is

|Λ| = (Gmax + 2)(Gmax − 1)

2
+Nrand. (22)

All layouts are batched as independent input se-
quences during post-training. This increases the
effective number of training states per clean sam-
ple, but also increases training cost; exact settings
are reported in Table 11. A theoretical coverage
view is provided in Appendix A.

B.2 Chain-uniform Noise-Scheduler
For each noise-group Hm = (j1, . . . , jnm), Mul-
tiTF applies the chain-uniform noise-scheduler
used in Algorithm 1. We first define an effective
upper bound

teff = thigh − ρ(thigh − tlow), (23)

where ρ is the noise-transition margin ratio, corre-
sponding to noise_transition_margin_ratio
in the implementation. This parameter is inde-
pendent of the random noise-scheduler power-law
bias γrand, which is used only for the random
noise-scheduler ablation.

For each group, a group-level floor ℓ is first sam-
pled from the lower part of the noise range. Then
each block samples its mask ratio from the inter-
val between the current floor and the effective up-
per bound, and the sampled ratio becomes the floor
for the next block:

ℓ0 ∼ U(tlow, teff),
tji ∼ U(ℓi−1, teff),

ℓi ← tji , i = 1, . . . , nm.

(24)

This construction produces monotonic but ran-
domized slot-wise mask ratios inside each noise-
group. Compared with the fixed-step D2F sched-
ule over a long noisy sequence, the resulting
groups have larger and more variable block-level
noise-ratio gaps, matching the heterogeneous ac-
tive blocks observed during MultiBD inference.

For each block with mask ratio tji , MultiTF re-
places ⌊B · tji⌋ randomly selected token positions
in bji with [M]. For a layout λ, the resulting noisy
sequence is denoted as xλ

t .

B.3 Group-Aware Dual-Stream Mask
Following the TF-style construction of Block Dif-
fusion, MultiTF concatenates the noisy and clean
sequences into the input sequence

Xλ = [xλ
t ;x0]. (25)

The attention mask has the block form

Aλ =

[
MGD MGOC

0 MBC

]
, (26)

where MGD is the group-aware diagonal mask on
the noisy part, MGOC is the group-aware offset-
causal mask from noisy tokens to clean tokens,
and MBC is the standard block-causal mask on the
clean part.

Let Nλ and C denote token positions in the
noisy and clean parts, respectively. Let g(i) be the
noise-group index of token i, β(i) be its block in-
dex, and α(i) be the first block index of the noise-
group containing i. The three masks are indicators
of the following conditions:

GDij : i, j ∈ Nλ, g(i) = g(j), β(j) ≤ β(i),

GOCij : i ∈ Nλ, j ∈ C, β(j) < α(i),

BCij : i, j ∈ C, β(j) ≤ β(i).
(27)

That is, [Mu]ij = 1[uij ] for u ∈
{GD,GOC,BC}; all other entries are zero.
Thus, noisy tokens can attend to same-noise-
group noisy tokens from the same or preceding
blocks, each noise-group can condition on clean
prefix blocks before it, and clean tokens never
attend to noisy tokens. This implements the
visibility pattern required by Equation 6 without
information leakage.

B.4 MultiTF Objective and Model-specific
Training Recipes

MultiTF defines the training-state construction:
the layout λ, the noisy sequence xλ

t , the clean
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Algorithm 2 DMax OPUT Self-Denoising Branch

Require: Model θ; input sequence Xλ = [xλ
t ;x0]; noisy

length N ; mask token id m.
1: Run a no-gradient forward pass on the noisy part: L ←

θ(Xλ):N .
2: Compute argmax predictions x̂← argmaxL.
3: Replace masked positions in xλ

t with x̂.
4: return the partially self-denoised input sequence.

sequence x0, and the Group-Aware Dual-Stream
Mask Aλ. Different base BD-LMs can reuse the
same MultiTF input sequences while keeping their
own model-specific training recipes.

B.4.1 Default MultiTF CE Objective
The default MultiTF objective is masked-token
cross-entropy on masked positions in the noisy
part of Xλ. Let

Mλ = {i : xλ
t [i] = [M]} (28)

denote the masked positions. The objective is

LMultiTF(θ) = −Eλ,t,x0


 1

|Mλ|
∑

i∈Mλ

ℓθ,i


 ,

ℓθ,i = log pθ(x
i
0 | Xλ,Aλ).

(29)
This objective is used for BD-LMs whose original
training recipe is standard masked-token CE.

B.4.2 DMax-enhanced Models: OPUT
Self-denoising

For DMax-enhanced models, we keep the same
MultiTF input sequences and add the DMax
OPUT self-denoising branch. For each MultiTF
input sequence, OPUT forms two branches. The
standard branch computes the training loss on the
original noisy input sequence. The self-denoising
branch first runs a no-gradient forward pass, re-
places masked positions in the noisy part with the
model’s argmax predictions, and then computes
the loss on this partially self-denoised input. Gra-
dients flow only through the second forward pass
of the self-denoising branch. This exposes the
model to partially self-generated states while keep-
ing the MultiTF layout and attention-mask con-
struction unchanged. The procedure is summa-
rized in Algorithm 2.

B.4.3 SDAR Models: Block-wise
Noise-weighted CE

For SDAR models, we also reuse the same Mul-
tiTF input sequences and Group-Aware Dual-
Stream Masks. The difference lies in the loss

normalization. Instead of computing one global
masked-token CE over all masked positions,
SDAR applies a block-wise noise-weighted CE,
where the loss of each block is normalized by the
mask ratio applied to that block.

Let Bk denote token positions of block k in the
noisy part, and let

Mλ,k =Mλ ∩ Bk (30)

be the masked positions in block k under layout λ.
Let tλ,k denote the mask ratio assigned to block k.
The SDAR-style MultiTF objective is

LSDAR
MultiTF(θ) = −Eλ,t,x0

[
1

K

K∑

k=1

ℓλ,k

]
,

ℓλ,k =
1

max(tλ,k, ϵ)

∑

i∈Mλ,k

ℓθ,i,

ℓθ,i = log pθ(x
i
0 | Xλ,Aλ),

(31)

where ϵ is a small constant used for numerical
stability. This block-wise normalization extends
the diffusion loss to the full block sequence while
preserving the per-block noise weighting used by
SDAR. It differs from Equation 29, which normal-
izes the loss globally over all masked positions in
the noisy part.

B.5 Sorted-uniform Scheduler Baseline

The sorted-uniform noise-scheduler is a base-
line for constructing monotonic block-level noise
within each noise-group. For a noise-group Hm =
(j1, . . . , jnm), it independently samples nm mask
ratios from a uniform distribution and then sorts
them in ascending order before assigning them to
the blocks in the noise-group, as summarized in
Algorithm 3:

u1, . . . , unm

i.i.d.∼ U(tlow, thigh),
u(1) ≤ · · · ≤ u(nm),

tji = u(i), i = 1, . . . , nm.

This produces a monotonic noise pattern similar in
spirit to D2F. However, unlike the chain-uniform
noise-scheduler in Appendix B.2, the gaps be-
tween adjacent slots are only induced by order
statistics of uniformly sampled values and are not
explicitly encouraged to be large.
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Algorithm 3 Sorted-uniform Block-level Noise-
Scheduler
Require: Noise-group Hm = (j1, . . . , jnm); noise bounds

tlow, thigh.
1: for i← 1 to nm do
2: Sample ui ∼ U(tlow, thigh).
3: end for
4: Sort sampled ratios: u(1) ≤ · · · ≤ u(nm).
5: for i← 1 to nm do
6: Assign tji ← u(i).
7: end for
8: return block-level mask ratios {tji}nm

i=1.

C MultiBD Inference Implementation
Details

This appendix expands the optimized MultiBD
inference algorithm introduced in Section 3.4.
The main design goal is to execute the MultiBD
running-set in Equation 6 with a static physical in-
put shape, while preserving prefix cache reuse.

C.1 A dynamic running-set prevents
static-shape execution.

A direct implementation of MultiBD maintains a
dynamic running-set in addition to the commit-
ted prefix cache. When the latest active block
reaches an add-block threshold, the decoder ap-
pends a fully masked future block to the running-
set. When the front active block is completed, the
decoder writes it into the KV cache and removes
it from the running-set. This dynamic procedure
exposes inter-block parallelism, but the number of
active tokens changes across decoding steps and
across requests. As shown in Figure 6a(2), such
shape variation is unfriendly to CUDA Graph cap-
ture and replay.

C.2 A fixed Block Buffer implements
MultiBD states.

Optimized MultiBD replaces dynamic appending
with a fixed-size Block Buffer. The Block Buffer
contains Nbuf physical block slots. At each decod-
ing step, active slots represent the logical running-
set Rs, while dummy slots reserve capacity for fu-
ture blocks. Adding a future block therefore ac-
tivates an existing dummy slot instead of extend-
ing the physical input sequence. When the front
active block is completed, it is committed to the
KV cache, removed from the running-set, and the
Block Buffer slides forward by replacing the con-
sumed slot with a new dummy slot at the tail. This
realizes MultiBD while keeping the number of pro-
cessed buffer tokens fixed at Nbuf ·B.

Algorithm 4 Naive MultiBD with a Dynamic
Running-Set
Require: Model θ; block size B; thresholds τadd, τsemi,

τM2T.
// Initialize dynamic MultiBD state

1: Initialize prefix KV cache K ← ∅ and dynamic running-
set Y ← ∅.

2: Append one fully masked ACTIVE block to Y .
3: while generation is not complete do

// Grow the running-set dynamically
4: if the latest active block has progress > τadd and

EOS has not appeared then
5: Append a fully masked future block to Y .
6: end if

// Decode all blocks in the current running-set
7: Run θ on Y with prefix cache K.
8: for each active block b ∈ Y do
9: Accept masked positions with confidence >

τM2T.
10: if the previous active block is semi-complete and

no token is accepted then
11: Accept the highest-confidence masked posi-

tion.
12: end if
13: if b is fully decoded then
14: Mark b as TO-CACHE.
15: end if
16: end for

// Commit completed prefix blocks
17: while the front block of Y is TO-CACHE do
18: Write the front block into K and remove it from
Y .

19: end while
20: end while
21: return generated tokens.

C.3 Block states advance the fixed Block
Buffer.

Each physical slot in the Block Buffer follows the
transition

DUMMY → ACTIVE → TO-CACHE

→ IN-CACHE.

A DUMMY slot is an idle placeholder that pre-
serves the static buffer shape. An ACTIVE slot
participates in the current MultiBD forward pass.
A TO-CACHE block has completed decoding and
is ready to be committed. An IN-CACHE block
has been written into the prefix KV cache and no
longer belongs to the active part of the running-
set. These state transitions implement the logical
evolution ofRs without changing the input shape.

C.4 Thresholds control activation and token
updates.

MultiBD uses separate thresholds for block acti-
vation, fallback progress, and token updates. The
add-block threshold τadd controls when a future
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(a) CUDA Graph compatibility across decoding designs. (1)
SingleBD uses a fixed single active block but exposes no
inter-block parallelism. (2) Naive MultiBD appends future
blocks dynamically, making the running-set length change
over time. (3) Optimized MultiBD maps the logical running-
set into a fixed-size Block Buffer with dummy slots, keeping
tensor shapes static for CUDA Graph capture and replay.
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(b) Making D2F fully block-causal hurts accuracy. Prefix-
full attention gives D2F stronger noisy-prefix visibility but is
not naturally compatible with prefix KV caching. Directly
replacing it with a fully block-causal mask improves cache
compatibility but drops accuracy from 77.60% to 69.60%.

Figure 6: Static-shape execution and prefix-cache compatibility analyses. Left: optimized MultiBD keeps tensor
shapes static through a fixed-size Block Buffer, enabling CUDA Graph capture and replay. Right: making D2F
fully block-causal improves cache compatibility but substantially hurts accuracy.

block can enter the fixed Block Buffer. The stabil-
ity threshold τstable prevents premature activation
when the current latest active block is still unsta-
ble. The semi-completion threshold τsemi allows
later active blocks to use the top-1 context of a pre-
ceding block once it has made sufficient progress,
even before it is fully cached. The M2T threshold
τM2T controls mask-to-token acceptance, and the
T2T threshold τT2T controls token-to-token revi-
sion for models that support T2T updates.

This separation is important because M2T and
T2T updates have different reliability profiles.
M2T introduces new content into an active block,
while T2T overwrites tentative content before
commitment. Using separate thresholds stabi-
lizes concurrent block refinement and reduces er-
ror propagation across the running-set.

C.5 Prefix Caching and Fully Block-Causal
D2F

Native D2F is not directly prefix-cache compat-
ible. Prefix caching is a key advantage of BD-
LMs. In SingleBD, completed blocks form an im-
mutable clean prefix, so their KV states can be
stored and directly reused in later steps. As shown
in Figure 7(1), only the current noisy block re-
quires repeated computation. By contrast, native

D2F uses prefix-full attention. Future noisy blocks
condition on a prefix-full context, where prefix
states are not organized as immutable block-causal
prefix pages in the standard BD-LM cache. As il-
lustrated in Figure 7(2), their KV states cannot be
reused in the same way as SingleBD prefix blocks.

Fully block-causal D2F variant. To isolate the
prefix-caching issue, we construct a fully block-
causal D2F variant. Let the full clean sequence be
partitioned into BD-LM blocks:

x0 = [b1, . . . ,bK ], bk ∈ VB.

Suppose native D2F uses a token-level clean prefix

xpre
0 = (x10, . . . , x

P
0 ),

where P can be arbitrary and need not be divisible
by B. Let

a =

⌊
P

B

⌋
+ 1, r = P − (a− 1)B

denote the first block that contains suffix tokens
and the number of prefix tokens inside this bound-
ary block, respectively. Then b1, . . . ,ba−1 are
complete clean prefix blocks, while ba may con-
tain both prefix tokens and suffix tokens.
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Figure 7: Prefix caching in block-causal BD-LMs. (1) SingleBD keeps completed blocks as an immutable clean
prefix, enabling direct KV-cache reuse. (2) D2F-style prefix-full attention breaks this cache semantics because
noisy prefix blocks are not reusable as stable causal prefix pages. (3) Block Buffer MultiBD separates cached
prefix blocks from active Block Buffer slots, enabling prefix KV reuse while refining multiple active blocks.

We use ba as the first noisy block of the D2F-
style suffix, rather than inserting padding tokens.
For the boundary block, only its suffix positions
are noised and included in the loss:

Ia = {r + 1, . . . , B}.

For later blocks j > a, all positions belong to the
suffix blocks:

Ij = {1, . . . , B}.

We then apply a monotonic D2F-style noise-
scheduler to the valid suffix positions of blocks
a, . . . ,K:

0 ≤ ta < ta+1 < · · · < tK ≤ 1.

Let b̄j,tj denote the partially corrupted block,
where positions in Ij are corrupted by qtj (· | bj)
and positions outside Ij are kept clean. For the
boundary block, this means that the prefix part of
ba remains clean, while the suffix part is noised.

The fully block-causal D2F variant factorizes
the suffix as

cj,t = (x
(<a)
0 , b̄a,ta , . . . , b̄j,tj ),

pθ(x
suf
0 | cK,t) =

K∏

j=a

pθ(b
Ij
j | cj,t),

(32)

where x
(<a)
0 = [b1, . . . ,ba−1] is the block-causal

clean prefix and b
Ij
j denotes the suffix positions

of block j. The loss is computed only on masked
positions within Ij .

Compared with native D2F, this variant changes
the training-state construction by replacing prefix-
full attention with a fully block-causal attention.

Equivalently, it completes the arbitrary token-level
prefix to the next block boundary using real con-
tinuation tokens from the training sequence, and
treats the boundary block as the first block in the
noisy suffix. This construction is the training-side
counterpart of the extreme MBD-LM state dis-
cussed in Section 3.2, where the running-set cov-
ers all suffix blocks and follows a monotonic D2F-
style noise-scheduler.

Fully block-causal D2F is not a sufficient fix.
Although the fully block-causal variant improves
cache compatibility, it substantially hurts accuracy.
As shown in Figure 6b, changing D2F from prefix-
full attention to fully block-causal attention drops
accuracy from 77.60% to 69.60%. This suggests
that D2F relies on stronger prefix-full visibility,
and cache compatibility cannot be obtained by
simply restricting the attention mask. This result
further motivates MultiTF, which keeps the block-
causal cached-prefix interface while training on
bounded noise-groups that better match MultiBD.

Block Buffer MultiBD preserves cache seman-
tics. Our Block Buffer MultiBD design preserves
prefix caching by construction. Committed blocks
become immutable IN-CACHE prefix context and
are represented only through cached KV states.
Active blocks remain inside the Block Buffer and
are recomputed during iterative refinement, while
future DUMMY slots remain invisible until acti-
vated. As shown in Figure 7(3), this separates
cached prefix blocks from active Block Buffer
slots, enabling prefix KV reuse while still refining
multiple active blocks in parallel.
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Algorithm 5 Optimized MultiBD with a Fixed
Block Buffer
Require: Model θ; block size B; buffer size Nbuf ; thresh-

olds τadd, τsemi, τstable, τM2T, and optional τT2T.
// Initialize fixed Block Buffer

1: Initialize prefix KV cache K and a fixed Block BufferW
with Nbuf slots.

2: SetW[0] to a fully masked ACTIVE block and all remain-
ing slots to DUMMY.

3: while generation is not complete do
// Activate future blocks without changing shape

4: LetR be the non-DUMMY resident blocks inW .
5: Let blast be the last ACTIVE block inR.
6: if blast satisfies progress > τadd and stability >

τstable then
7: Activate the first trailing DUMMY slot if one ex-

ists.
8: end if

// Decode the static Block Buffer
9: Run θ on the static Nbuf ·B Block Buffer tokens with

prefix cache K.
10: for each ACTIVE block b ∈ W do
11: Accept masked positions with confidence >

τM2T.
12: if no masked position is accepted and the preced-

ing active block is semi-complete then
13: Accept the highest-confidence masked posi-

tion in b.
14: end if
15: if T2T revision is enabled then
16: Revise eligible filled but uncommitted posi-

tions with confidence > τT2T.
17: end if
18: if b is complete and all preceding resident blocks

are cached or ready-to-cache then
19: Mark b as TO-CACHE.
20: end if
21: end for

// Commit prefix blocks and slide the buffer
22: while the front slot ofW is TO-CACHE do
23: Write the front block into K; its state becomes

IN-CACHE.
24: Pop the front slot and append a new DUMMY slot

at the tail.
25: end while
26: end while
27: return generated tokens.

D Additional Rebuttal Experiments and
Analysis

D.1 Block-Boundary Failure Taxonomy
Table 8 decomposes failures under the aggressive
τadd = 0.1 setting from Table 6. We classify
each non-passing program by its first observed out-
come: a syntax/parsing failure, a runtime failure
after successful parsing, or an executable but in-
correct output. Syntax errors dominate on both
datasets, consistent with the hypothesis that acti-
vating a future block before the preceding block
stabilizes disrupts cross-block program structure.

For MBPP+, one sample exhibited a
worker/evaluator inconsistency and is reported

separately rather than assigned to a semantic
failure category. The default τadd = 0.9 is fixed
across these code evaluations; no per-instance
threshold selection is performed.

D.2 Per-Benchmark Throughput

Table 9 gives the per-benchmark measurements
underlying Table 7. TPS is rounded to the nearest
integer to avoid implying unsupported measure-
ment precision; relative gains in the main paper
are computed from the unrounded measurements.

D.3 Roofline View of MultiBD

At decoding step s, let Ps be the cached-prefix
length and let

Qs = |Ws|B = NbufB (33)

be the number of physical tokens processed by the
fixed Block Buffer Ws. SingleBD has Nbuf = 1,
whereas MultiBD processes active, resident, and
dummy slots to preserve a static shape. The useful-
token fraction is

ηtok(s) =
TPFs

Qs
, TPS =

ηtokQs

Tstep
. (34)

Thus, additional buffer work improves throughput
only when the useful-token gain exceeds the extra
step cost.

For Nlayer transformer layers, hidden size d,
feed-forward size dff , and vocabulary V , an extend-
attention step has approximate compute

Fstep = Θ(Fproj + Fattn + Fvocab),

Fproj = NlayerQs(d
2 + ddff),

Fattn = Nlayerd(QsPs +Q2
s),

Fvocab = Qsd|V|.

(35)

The terms respectively represent projections/feed-
forward layers, attention to the prefix and current
buffer, and the language-model head. With sdtype
bytes per element, weight traffic and KV traffic
scale as

MW = Θ
(
Nlayersdtype(d

2 + ddff)
)
,

(36)

MKV(Qs, Ps) = Θ(Nlayersdtyped κs) , (37)

κs = ρ(Qs)(Ps +Qs) +Qs, (38)

where ρ(Qs) represents repeated KV reads in-
duced by query tiling. The roofline approximation
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Table 8: Failure taxonomy for aggressive block activation (τadd = 0.1). Dataset percentages use all samples;
parenthesized percentages use only classified failures. Counts and thresholds are exact.

Benchmark n Pass Syntax Runtime Incorrect output Evaluator issue

HumanEval+ 164 64 (39.0%) 74 (45.1%; 74.0%) 15 (9.1%; 15.0%) 11 (6.7%; 11.0%) 0
MBPP+ 378 178 (47.1%) 127 (33.6%; 63.5%) 28 (7.4%; 14.0%) 44 (11.6%; 22.0%) 1

Table 9: Full throughput results for single-sample decoding on two H100 GPUs with tensor parallelism 2.

Model TPF ms/step GSM8K TPS MATH500 TPS MBPP+ TPS HumanEval+ TPS Avg. TPS

LLaDA2-Mini 3.47 7.07 344 403 496 825 517
MBD-LLaDA2-Mini 6.19 8.78 688 708 647 941 746
LLaDA2-Mini-DMax 6.35 9.02 701 731 755 932 779
MBD-LLaDA2-Mini-DMax 9.34 11.2 835 851 897 1124 927

is defined as

Troof = max

(Fstep

Πeff
,
MW +MKV

BHBM

)
,

Tstep ≈ Troof + Tcomm(Qs) + Tlaunch.

(39)

Here Πeff and BHBM are effective compute and
HBM bandwidth. When Ps ≫ Qs, attention arith-
metic intensity satisfies

AIattn ≈
dQsPs

sdtypeρ(Qs)Psd
= Θ

(
Qs

sdtypeρ(Qs)

)
.

(40)
Increasing Qs can therefore amortize prefix reads,
weights, and launch overhead, but resident and
dummy slots reduce ηtok. This balance explains
why the measured TPF gains of 1.78× and 1.47×
become TPS gains of 1.44× and 1.19×.

E Experimental Details

This appendix reports the inference and MultiTF
post-training hyperparameters used in our experi-
ments. “—” indicates that the corresponding hy-
perparameter is not applicable. SingleBD (Na-
tive) denotes the original single-block inference
of each BD-LM; MultiBD (training-free) denotes
MultiBD inference without post-training; MBD-*
denotes the corresponding MultiTF-trained model.
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Table 10: Inference hyperparameters for all evaluated configurations. τadd controls when a future block is acti-
vated; τsemi controls semi-completion or fallback progress; τstable controls activation stability; τM2T and τT2T are
confidence thresholds for mask-to-token filling and token-to-token revision.

Configuration Task Buffer Block Max Len Max New Max NFE τadd τsemi τstable τM2T τT2T

LLaDA2-Mini-DMax
SingleBD (Native) Math 1 32 4096 4096 1024 — — — 0.50 —
SingleBD (Native) Code 1 32 4096 4096 1024 — — — 0.65 —
MultiBD (training-free) Math 2 32 4096 4096 1024 0.10 0.90 0.50 0.50 —
MultiBD (training-free) Code 2 32 4096 4096 1024 0.90 0.90 0.50 0.65 —
MBD-LLaDA2-Mini-DMax Math 2 32 4096 4096 1024 0.10 0.90 0.50 0.50 —
MBD-LLaDA2-Mini-DMax Code 2 32 4096 4096 1024 0.90 0.90 0.50 0.65 —

LLaDA2-Mini
SingleBD (Native) Math 1 32 4096 4096 1024 — — — 0.95 —
SingleBD (Native) Code 1 32 4096 4096 1024 — — — 0.95 —
MultiBD (training-free) Math 2 32 4096 4096 1024 0.10 0.90 — 0.95 —
MultiBD (training-free) Code 2 32 4096 4096 1024 0.90 0.90 — 0.95 —
MBD-LLaDA2-Mini Math 2 32 4096 4096 1024 0.10 0.90 — 0.95 —
MBD-LLaDA2-Mini Code 2 32 4096 4096 1024 0.90 0.90 — 0.95 —

SDAR-8B-Chat-b32
SingleBD (Native) Math 1 32 4096 4096 1024 — — — 0.95 —
SingleBD (Native) Code 1 32 4096 4096 1024 — — — 0.95 —
MultiBD (training-free) Math 4 32 4096 4096 1024 0.10 0.90 — 0.95 —
MultiBD (training-free) Code 4 32 4096 4096 1024 0.90 0.90 — 0.95 —
MBD-SDAR-8B-Chat-b32 Math 4 32 4096 4096 1024 0.10 0.90 — 0.95 —
MBD-SDAR-8B-Chat-b32 Code 4 32 4096 4096 1024 0.90 0.90 — 0.95 —

SDAR-8B-Chat-b4
SingleBD (Native) Math 1 4 4096 4096 1024 — — — 0.95 —
SingleBD (Native) Code 1 4 4096 4096 1024 — — — 0.95 —
MultiBD (training-free) Math 4 4 4096 4096 1024 0.10 0.25 — 0.95 —
MultiBD (training-free) Code 4 4 4096 4096 1024 0.75 0.75 — 0.95 —
MBD-SDAR-8B-Chat-b4 Math 4 4 4096 4096 1024 0.10 0.25 — 0.95 —
MBD-SDAR-8B-Chat-b4 Code 4 4 4096 4096 1024 0.75 0.75 — 0.95 —

LLaDA2-Mini-CAP
SingleBD (Native) Math 1 32 4096 4096 1024 — — — 0.95 —
SingleBD (Native) Code 1 32 4096 4096 1024 — — — 0.95 —
MultiBD (training-free) Math 2 32 4096 4096 1024 0.10 0.90 — 0.95 —
MultiBD (training-free) Code 2 32 4096 4096 1024 0.90 0.90 — 0.95 —

LLaDA2.1-Mini
SingleBD (Native) Math 1 32 4096 4096 1024 — — — 0.70 0.50
SingleBD (Native) Code 1 32 4096 4096 1024 — — — 0.70 0.50
MultiBD (training-free) Math 2 32 4096 4096 1024 0.10 0.90 — 0.70 0.50
MultiBD (training-free) Code 2 32 4096 4096 1024 0.90 0.90 — 0.70 0.50

Table 11: MultiTF post-training hyperparameters. tlow and thigh denote the mask-ratio range; ρ is the margin ratio
used to determine the effective upper bound teff ; Nrand is the number of random group-layouts per sample. The
random-scheduler ablation uses a separate power-law bias γrand, which is independent of ρ and is not used in the
chain-uniform scheduler.

Target Model Task Objective Data Seq Len Block Max Group tlow thigh ρ Nrand Steps

MBD-LLaDA2-Mini-DMax Math MultiTF + DMax OPUT 60k 2048 32 2 0.001 1.00 ρcfg 0 15000
MBD-LLaDA2-Mini-DMax Code MultiTF + DMax OPUT 60k 2048 32 2 0.001 1.00 ρcfg 2 4000

MBD-LLaDA2-Mini Math MultiTF CE 60k 2048 32 2 0.001 1.00 ρcfg 0 15000
MBD-LLaDA2-Mini Code MultiTF CE 60k 2048 32 2 0.001 1.00 ρcfg 0 6500

MBD-SDAR-8B-Chat-b32 Math MultiTF CE 20k 2048 32 4 0.001 1.00 ρcfg 3 3125
MBD-SDAR-8B-Chat-b32 Code MultiTF CE 10k 2048 32 4 0.001 1.00 ρcfg 3 1670

MBD-SDAR-8B-Chat-b4 Math MultiTF CE 20k 2048 4 4 0.001 1.00 ρcfg 2 1250
MBD-SDAR-8B-Chat-b4 Code MultiTF CE 10k 2048 4 4 0.001 1.00 ρcfg 2 200
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