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Abstract

Diffusion language models (dLLMs) demonstrate strong performance and high efficiency
across general tasks, yet their block-parallel decoding process makes them susceptible to er-
ror accumulation in multi-turn, long-horizon agentic settings. LLaDA?2.1 partially mitigates
this via token-to-token (T2T) editing, but its fixed-length substitution mechanism remains a
critical bottleneck in agentic workflows. To address this, we present LLaDA?2.2, which equips
dLLMs with flexible Levenshtein editing through four primitive edit operations—KEEP,
SUBSTITUTE, DELETE, and INSERT—with training labels derived via longest common sub-
sequence (LCS) alignment between intermediate drafts and ground-truth sequences. We
further propose L-EBPO, an agentic RL algorithm that optimizes editing decisions based
on environmental feedback. For practical long-horizon deployment, LLaDA2.2 extends the
context window to 128K tokens and introduces a block-routing mechanism to mitigate MoE
inference overhead. Empirical results demonstrate that LLaDA2.2 achieves performance
competitive with autoregressive baselines on long-horizon agentic benchmarks.
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Figure 1: Agent-Related benchmark results for LLaDA2.2-flash compared to Ling-2.6-flash.
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1 Introduction

Diffusion language models (dLLMs) have emerged as a promising paradigm in natural language process-
ing (Austin et al., 2021; Sahoo et al., 2024; Lou et al., 2024; Nie et al., 2025). By leveraging block-parallel
denoising (Arriola et al., 2025), dLLMs can alleviate the sequential latency bottleneck of token-by-token
generation in traditional autoregressive (AR) models. Our prior work, LLaDA2.1 (Ant Group, 2026), intro-
duced a token-level editing mechanism that mitigates the trade-off between generation speed and quality
in non-agentic tasks. However, when applications shift from single-turn static generation to multi-turn
dynamic agent environments (Yang et al., 2024; Yao et al., 2024; Ye et al., 2026; Wei et al., 2025), the nature
of the problem changes fundamentally. Whereas conventional text generation tasks focus on the quality
of independent single-turn outputs, an autonomous agent follows a continuous, closed-loop interaction
trajectory. It must track long interaction histories, formulate multi-step plans, invoke external tools (Yao et al.,
2022; Schick et al., 2023; Patil et al., 2023; Qin et al., 2023), process environmental feedback, and correct its
own behavior. In long-horizon reasoning, even a small local deviation in early decoding blocks can propagate
across subsequent interactions, creating structural challenges for stable parallel denoising.

To dissect the root causes of these failure modes, we analyze dLLMs within complex tool-use environments
and highlight two critical, unaddressed challenges:

Challenge I: Structural Rigidity and Reasoning-Path Collapse. In block-parallel generation, tokens within
the same block are decoded without explicit sequential conditioning, often resulting in n-gram repetitions,
malformed JSON, and ambiguous tool-call boundaries. These errors are difficult to repair because LLaDA2.1’s
one-to-one substitution fixes the output length and prevents token insertion or deletion. Beyond this structural
rigidity, arbitrary-order denoising can also reduce reasoning diversity: by postponing high-uncertainty
forking tokens while resolving easier positions first, it allows the surrounding context to prematurely
determine critical decisions, thereby pruning alternative reasoning paths and inducing solution-space
collapse (Ni et al., 2026).

Challenge II: Error Accumulation Destabilizes Long-Horizon Agentic Trajectories. In long-horizon,
multi-turn interactions, erroneous outputs from early generation steps are incorporated into context as hard
constraints for subsequent denoising blocks. Unlike conventional exposure bias, where training—inference
mismatches degrade output quality, these errors directly corrupt the task state itself, causing goal drift and
cascading failures throughout the trajectory. Compared to autoregressive models, which can implicitly condi-
tion on prior context and self-correct upon encountering anomalies, block diffusion models are structurally
more vulnerable to such error accumulation. Recent empirical analysis confirms that this brittleness renders
current dLLMs highly unreliable in agentic workflows requiring long-horizon causal planning (Lu et al., 2026).

To address these challenges, we present LLaDA2.2, which extends dLLMs beyond rigid token-level substitu-
tion to support flexible Levenshtein editing. The system is built around three interconnected components:

Efficient Infrastructure for MoE Diffusion Models. To ground these capabilities in real-world, large-scale
agent scenarios, we extend the model’s context window to 128K via progressive long-context continual
pre-training. Crucially, we introduce a block routing mechanism that precisely regulates the computation
of the Mixture-of-Experts (MoE) block-diffusion architecture (Fedus et al., 2022; Dai et al., 2024), effectively
addressing the painful bottleneck of skyrocketing inference costs in long-context agent applications.

Levenshtein Editing Paradigm. To tackle Challenge I, we move beyond the fixed-length token substitution
constraints of traditional dLLMs by introducing DELETE and INSERT edit-control tokens. Prior edit-based
sequence generation work has shown that insertion and deletion operations can enable dynamic length
changes (Stern et al., 2019; Gu et al., 2019); LLaDAZ2.2 integrates Levenshtein editing into the dLLM denoising
process. By optimally aligning the model’s intermediate drafts with the ground truth during training,
LLaDA2.2 dynamically derives Levenshtein editing labels. This empowers the diffusion process to alter
sequence lengths and manipulate sequence positions during parallel decoding, removing redundant spans
through deletion and creating new positions through insertion.

Environment-Aware Agentic Reinforcement Learning System. To mitigate the long-horizon error accu-
mulation identified in Challenge II, we model Levenshtein-based error-correction decisions in multi-turn
interactions as an interactive reinforcement learning process. Building on recent progress in reinforcement
learning for dLLMs (Zhao et al., 2026; Ou et al., 2025; Rojas et al., 2025), we propose Levenshtein Editing Evi-
dence Lower Bound (ELBO)-based Block-level Policy Optimization (L-EBPO), which combines LCS-derived
edit labels with environmental reward signals. L-EBPO trains the agent to make robust error-correction
decisions in uncertain tool-use scenarios, thereby blocking error accumulation and preventing goal drift.
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Figure 2: Overview of the training & inference framework for LLaDA2.2.

Across 7 agentic benchmarks (Jimenez et al., 2024; Deng et al., 2025; Zan et al., 2025; Yao et al., 2024; Ye
et al., 2026; Bandi et al., 2026), LLaDA2.2-flash achieves an average score of 53.83, compared with 55.74
for the autoregressive Ling-2.6-flash baseline, and outperforms it on 72-Bench, PinchBench, and MCP-
Atlas. Its average BF16 decoding throughput across 11 workloads is 1.64x that of Ling-2.6-flash. These
results demonstrate a competitive balance between agentic performance and efficiency while also exposing
limitations in long-horizon repository repair, strict function calling, instruction following, and knowledge-
intensive reasoning.

2 Continued Pre-training

LLaDAZ2.2 is initialized from the LLaDA2.1 (Ant Group, 2026) base model and undergoes a dedicated
continued pre-training (CPT) stage to lay the foundation for long-context agentic capabilities. This stage
optimizes the base model’s core representation and fundamental text-processing abilities, preparing it for
subsequent instruction alignment and policy learning. The CPT stage serves two primary purposes: first,
context extension, expanding the native context window of the LLaDA2.1 base model from 8K to 128K tokens;
second, routing transition, switching the MoE routing mechanism from token-level routing to block-level
routing.

2.1 Progressive Long-Context Extension

LLaDAZ2.2 extends the context window through a progressive long-context training schedule. Starting from
the LLaDAZ2.1 8K base model, we first continue training at a 64K context length on 300B tokens, and then
further extend the model to a 128K context length on another 200B tokens. This staged schedule avoids
an abrupt transition from short to very long contexts, allowing the model to gradually adapt its positional
representations, attention patterns, and block-diffusion denoising behavior.

The long-context data mixture is dominated by long-form documents and repository-level code data, espe-
cially examples whose effective lengths fall in the 64K-128K range. We retain document-aware packing and
attention boundaries so that unrelated documents do not introduce spurious bidirectional dependencies
during diffusion training. In the final 128K stage, we additionally introduce agentic data, including long
software-engineering contexts, tool-use traces, and browsing trajectories. This places agentic supervision after
the model has already acquired stable long-context behavior, making the final stage primarily responsible for
adapting long-context capacity to interactive agent workflows.

Throughout both stages, the training objective remains compatible with block diffusion: the model denoises
corrupted blocks while conditioning on valid preceding clean blocks and in-block noisy context. As a
result, the final LLaDA2.2 model supports native 128K context without relying on inference-time context
extrapolation alone.

2.2 Block Routing for MoE Block Diffusion

In a standard MoE transformer, each token independently selects its top-k experts. This is natural for
autoregressive decoding, where each step usually processes a small number of new tokens. In block
diffusion decoding, however, each step processes an entire block, commonly 32 or 64 tokens. If every
token independently routes to top-k experts, the expert set touched by one block becomes the union of all



token-level choices. The active expert footprint can therefore grow from k experts in the AR case to as many

as min(Bk, E) experts for block size B and total experts E.
This creates a systems bottleneck for MoE-dLLMs. A larger
and input-dependent expert set increases HBM traffic, re-
duces expert weight reuse, and raises dispatch/combine
communication cost under expert parallelism. The issue
becomes more visible in long-context inference and limited-
device deployment, where expert working-set predictabil-
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This rule gives each token a chance to nominate experts with strong local preference. The block then admits
the top-C experts according to g, forming a fixed-capacity expert pool P. In our default setting, C = 48 for
E = 256 routed experts. Token-wise top-k routing is then performed only inside P, while scores outside the
pool are masked.
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Block routing gives every block a predictable expert working-set upper bound O(C), which improves
memory planning and expert-parallel execution. At the same time, because token-wise top-k selection is still
performed inside the admitted pool, the model preserves token-level specialization rather than collapsing
routing into a single block-level decision. In our training recipe, switching to block routing introduces little
to no degradation in model quality after continued pre-training, while providing a more stable and efficient
routing structure for block diffusion inference.

3 Post-training

LLaDAZ2.2 follows the overall post-training pipeline of LLaDA2.1, including diffusion-specific instruction
tuning and policy optimization. We therefore focus this section on the main change introduced for agentic
settings: extending the editable denoising process from fixed-length token substitution to Levenshtein editing
within each diffusion block. This extension is motivated by failure modes that are difficult to repair with
token-to-token (T2T) editing alone, such as repeated n-grams, missing tool arguments, incomplete code edits,
and tool calls whose boundaries have been mixed together.

3.1 Supervised Fine-Tuning with Levenshtein Editing

Unlike T2T correction, which is restricted to position-wise keep and substitute operations, LLaDA2.2 supports
four operations: keep, substitute, delete, and insert. DELETE and INSERT serve as two additional edit-control
tokens. At position i, DELETE removes the current token x;, whereas INSERT creates a new editable position
immediately before x;.

LCS-based label construction. Let x and y denote the valid draft and target token sequences in a block,
with lengths m and #, respectively. In our block implementation, m = n < B. We compute their LCS and use
its matches as anchors, obtaining operation labels

a=(a,...

,am) € {K,S,D,1}". (2)



Except when used as an insertion site, a matched anchor yields a keep label. For each gap preceding an anchor,
aligned positions yield substitute labels, surplus draft positions yield delete labels, and a target-surplus gap
assigns one insert label to the following anchor. At most one insert label is assigned to such a gap in one
editing round; additional missing positions are created over subsequent rounds. All draft positions after the
final anchor are labeled delete; if no anchor exists, all positions are labeled delete. The resulting supervision
label is

y(T(i) lf a; c {K, S},
¢; = { DELETE ifa; =D, 3)
INSERT ifa; =L

where o (i) is the target index assigned to a keep or substitute operation. During early editing stages, [MASK]
may match any target token in the LCS. For masked positions selected during backtracking, the matched
target index is adjusted to the nearest feasible position before its target-token label is assigned. The first
training round uses ordinary target-token supervision, and these LCS-derived labels are recomputed from
the updated draft in subsequent editing rounds.

Fixed-length block constraint. Edits are applied independently to the m valid positions in each block.
Delete removes x; and left-shifts subsequent tokens, whereas insert expands x; into ([MASK], x;) so that a later
denoising round can fill the new slot. The result is padded with [MASK] tokens or truncated at the tail to
restore m positions, keeping the block length fixed.

Effectiveness of Levenshtein Editing. We isolate the effect of Levenshtein editing by fine-tuning the same
LLaDAZ2.2 base model on identical SWE trajectories, varying only whether Levenshtein editing is enabled. As
shown in Figure 4, enabling Levenshtein editing improves SWE-bench Verified performance from 35.8 to 44.4,
an absolute gain of 8.6 points. This result demonstrates that allowing insertions and deletions substantially
improves performance on repository-level software engineering tasks.

3.2 Agentic Reinforcement Learning Training

The agentic RL post-training of LLaDA?2.2 shares both
the objectives and requirements of autoregressive agen-
tic RL training, encompassing diverse cross-domain 6.6 pts
tasks that involve complex tool use, multi-turn envi- —
ronment interactions, and substantial demands on sys-
tem resources and inference infrastructure. Notably,
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agentic RL problem as a two-level control hierarchy. The
outer level, governed by EBPO, optimizes trajectory- . . .
level decisions across agent interaction rounds. The  Figure 4: Effect of Levenshtein editing on SWE-
inner level manages intra-block splice editing—when bench Verified. Enabling editing improves the
and where to apply DELETE and INSERT within a single resolution rate from 35.8 to 44.4.

generation step. We propose L-EBPO, which unifies

these two levels through a single extended action space:

SWE-bench Verified (%)

A =V U {DELETE, INSERT}. 4)

This action space enables both token prediction and Levenshtein editing decisions to be optimized under a
common objective. The adapted log-ratio takes the following form:

N B
logp(y|x) ~ Z Wy (log po(ap | zn, x; M) —log P, (ap | zn, x; M)) , ap € ALs, (5)
n=1 b=1
where a;, denotes the action vector for block b, encompassing both token predictions and Levenshtein editing
decisions. Since DELETE and INSERT are transient—present during decoding but absent from the output
sequence—the edit trace must be recovered for likelihood estimation. Following the Levenshtein editing
algorithm introduced in Section 3.1, we derive the optimal edit labels at each noise level by aligning the
noised rollout with the original action sequence, thereby enabling gradient signals to flow through structural



decisions. Attention masking for multi-turn agentic trajectories differs slightly from that for simple responses.
Within a diffusion block, if there are multiple turns containing model outputs and tool-call responses, all turns
except the first should be masked because of potential information leakage from intra-block full attention.

Agentic Training Environment For agentic tasks, we construct the RL training pipeline atop a collection
of diverse task harnesses and isolated execution environments. Training and rollout workers are jointly
orchestrated through ASystem (Ling Team et al., 2025), a unified reinforcement learning system designed for
large-scale post-training. Rollout generation is handled by SGLang (Ant Group Team & SGLang Team), and
execution environments are provisioned via a large-scale sandbox cluster managed by AKernel (Ant Group
Team), which provides the controlled, reproducible execution contexts required by each task harness.

Reward signals are derived entirely from environmental feedback collected during agentic rollouts, and
comprise three additive components: tool-call execution correctness, output format validity, and overall task
completion. To reduce training wall-clock time, we adopt an asynchronous training scheme in which rollout
collection, sandbox serving, environment execution, and policy optimization proceed concurrently across
distributed workers.

Through these designs, the policy learns not only the syntactic conventions of Levenshtein editing established
during supervised alignment, but also the strategic decision-making required to maximize marginal value
within long-horizon agentic trajectories.

4 Evaluation

4.1 Benchmarks and Evaluation Protocol

Benchmark suite. Our suite comprises 17 benchmarks, split into 7 agentic and 10 general benchmarks,
emphasizing agentic capabilities while maintaining broad general coverage.

Agentic benchmarks. The agentic subset includes three repository-level software engineering benchmarks:
SWE-bench Verified, SWE-bench Pro, and SWE-bench Multilingual (Jimenez et al., 2024; Deng et al., 2025;
Zan et al., 2025). It also features T2-Bench (Yao et al., 2024) for multi-turn tool-agent—user interaction,
Claw-Eval (Ye et al., 2026) for autonomous agency, and PinchBench (A, 2026) and MCP-Atlas (Bandi et al.,
2026) for interactive tool use.

General benchmarks. The 10 general benchmarks cover core domains: mathematics (AIME 2026 (Art of Problem
Solving Wiki, 2026), OlympiadBench (He et al., 2024a)), coding (LiveCodeBench (Jain et al., 2024)), instruction
following (IFBench (Pyatkin et al., 2025), Multi-IF (He et al., 2024b)), reasoning (KOR-Bench (Ma et al., 2024)),
scientific Q&A (GPQA-Diamond (Rein et al., 2024)), long-context understanding (LongBench v2 (Bai et al.,
2024)), and function calling (BFCL v3/v4 (Patil et al., 2025)).

Evaluation protocol. We evaluate task performance and decoding efficiency. For performance, we compare
LLaDAZ2.2-flash with Ling-2.6-flash across all 17 benchmarks, alongside LLaDA2.1-flash on 10 general
benchmarks. For efficiency, we measure throughput across 11 representative workloads, comparing both
BF16 and FP8-quantized variants of LLaDA2.2-flash against Ling-2.6-flash.

4.2 Overall Benchmark Performance

As shown in Table 1, LLaDAZ2.2-flash achieves an average score of 53.83 across 7 agentic benchmarks, 1.91
points below Ling-2.6-flash (55.74). It outperforms Ling-2.6-flash on T2—Bench, PinchBench, and MCP-Atlas,
and nearly matches it on Claw-Eval. Its main weaknesses lie in repository-level software engineering:
LLaDA2.2-flash trails by 8.73 points on SWE-bench Multilingual and 11.92 points on SWE-bench Verified.
The latter comparison warrants caution as the models used different evaluation scaffolds. Overall,
LLaDA2.2-flash is competitive in interactive tool-use tasks, though long-horizon repository repair remains
challenging.

Across the 10 general benchmarks in Table 2, LLaDA2.2-flash obtains an average score of 56.81, compared
with 65.90 for Ling-2.6-flash. It surpasses Ling-2.6-flash on LongBench v2 (45.13 vs. 42.94) and remains close
on Multi-IF (73.67 vs. 74.80). The LongBench v2 result is consistent with the goal of extending the context
window to 128K tokens. Larger gaps remain on BFCL v3 and v4, LiveCodeBench, IFBench, GPQA-Diamond,
and AIME 2026, revealing weaknesses in structured function calling, code generation, instruction following,



and knowledge-intensive reasoning. These general capabilities therefore remain key priorities for future
improvement.

Table 1: Task-performance scores on agentic benchmarks.

Benchmark Ling-2.6-flash LLaDA2.2-flash
Avg. 55.74 53.83
SWE-bench Verified 61.20° 49.28
SWE-bench Pro 31.88 30.10
SWE-bench Multilingual 33.73 25.00
72-Bench 76.36 80.33
Claw-Eval 64.56 64.22
PinchBench 81.30 81.66
MCP-Atlas 41.12 46.21

Table 2: Task-performance scores on general benchmarks.

Category Benchmark Ling-2.6-flash LLaDA2.1-flash LLaDA2.2-flash
Avg. 65.90 59.23 56.81
Function Calling BFCL v4 66.81 41.04 60.78
BFCL v3 76.05 75.61 67.17
Math AIME 2026 73.65 74.01 62.24
OlympiadBench 79.59 76.59 74.48
Coding LiveCodeBench 60.96 45.37 44.77
Instruction Following  IFBench 57.40 37.07 30.20
Multi-IF 74.80 76.41 73.67
Reasoning KOR-Bench 66.48 65.12 60.96
Knowledge GPQA-Diamond 60.35 67.30 48.67
Long Context LongBench v2 42.94 33.80 45.13

Table 3: Throughput comparison between Ling-2.6-flash and LLaDA?2.2-flash across different benchmarks.
Throughput is measured in tokens per second (TPS).

Category Benchmark Ling-2.6-flash LLaDAZ2.2-flash
BF16 BF16 w/ FP8 Quant
Agentic SWE-bench Verified 303.20 519.00 601.50
SWE-bench Pro 283.40 485.30 578.60
SWE-bench Multilingual 200.60 459.50 535.70
72-Bench 334.90 592.80 705.30
Function Calling BFCL-v4 331.50 703.82 846.60
Math AIME 2026 351.24 514.10 588.50
Coding LiveCodeBench 354.90 599.00 721.30
Instruction Following  IFBench 327.24 473.40 566.50
Reasoning KOR-Bench 352.75 452.10 550.00
Knowledge GPQA-Diamond 324.55 337.60 408.80
Long Context LongBench-v2 145.50 281.20 320.80

For LLaDA2.2-flash, the SWE-bench series is evaluated with the Claude Code scaffold. Each task-performance score
is the arithmetic mean of 5 runs.

The Ling-2.6-flash SWE-bench Verified score (*) is reported in Li et al. (2026) (evaluated via OpenHands), while the
model’s SWE-bench Pro and Multilingual scores were evaluated in our setup using the same Claude Code scaffold as
LLaDAZ2.2-flash. For the decoding efficiency evaluation, multi-token prediction (MTP) is enabled with 4 draft tokens.



4.3 Inference Throughput

Table 3 reports the BF16 inference throughput of LLaDA2.2-flash and Ling-2.6-flash, with MTP enabled
for the latter. Across the 11 evaluated workloads, LLaDA2.2-flash is consistently faster, delivering a 1.64 x
average speedup over Ling-2.6-flash. Quantizing LLaDA2.2-flash from BF16 to FP8 provides an additional
18.6% increase in average throughput.

5 Limitations & Outlook

Although our method marks a promising step toward developing agentic long-context block-diffusion
language models, it remains at an early stage. Block routing enables more precise control over the number
of activated experts during MoE block-diffusion inference, helping reduce system-level cost fluctuations in
multi-turn agent scenarios. Furthermore, the Levenshtein editing mechanism provides the model with a local
repair capability beyond fixed-length token-to-token replacement, while L-EBPO combines LCS-derived edit
labels with environmental reward signals. Together, these mechanisms alleviate, to some extent, repetition,
reasoning-path collapse, and error accumulation that destabilizes long-horizon agentic trajectories under
block-parallel generation, though they do not fully resolve these issues.

Local Inconsistency in Block Diffusion Decoding. Block diffusion models still trail strong AR models
in generating strictly structured outputs. Because multiple positions are predicted in parallel within each
denoising step, they cannot condition on one another until subsequent refinement steps. This delayed
dependency weakens local consistency in order-sensitive tasks such as nested JSON generation, complex
SQL synthesis, and multi-argument tool calling, leading to errors such as mismatched delimiters, misaligned
fields, and ambiguous boundaries. Levenshtein editing enables post-hoc repair, but it cannot fully recover
the token-by-token prefix constraints of AR decoding or guarantee syntactic validity.

Asymmetric Edit Learning and Error Accumulation. Levenshtein editing directly addresses repetition and
local structural defects, but its two core edit-control tokens are not equally learnable. DELETE often corresponds
to locally visible redundancy, whereas INSERT requires the model to detect an omission, determine where new
content is needed, and coordinate the inserted position with subsequent refinement steps. This asymmetry
makes repetitions easier to remove than missing content or structural gaps to repair. More importantly,
uncorrected errors enter the context and compound over time, leading to goal drift—local edits alone cannot
eliminate long-horizon error accumulation.

RL Training Efficiency and MoE Train-Inference Discrepancy. The reinforcement learning stage also faces
optimization difficulties that differ from those in AR models. Since a dLLM generation trajectory contains
multiple rounds of block-level denoising and editing decisions, its exact sequence-level likelihood is difficult
to compute efficiently. LLaDA2.1 therefore adopts EBPO, which uses an ELBO-based approximation as
a tractable proxy for policy ratio estimation. L-EBPO follows the same approach and extends the EBPO
framework to trajectories involving Levenshtein editing. However, throughout the RL training of the
LLaDA2 series, several challenges remain to be addressed, including the training efficiency and optimization
stability of EBPO, as well as two forms of train-inference discrepancy in MoE-based dLLM: the mismatch
between ELBO-based likelihood estimation during training and confidence-based decoding during inference,
and the discrepancy between expert routing behavior in MoE training and inference.

More broadly, the core training paradigm for dLLMs remains underexplored. Optimal strategies for data
mixing and curriculum design between general and agentic corpora are yet to be established—while excessive
agentic data risks degrading broad base capabilities, insufficient supervision constrains tool-use proficiency
and long-horizon execution. Furthermore, extending techniques like Multi-Teacher On-Policy Distillation
(MOPD) (Ma et al., 2026) to dLLMs presents an important yet unresolved challenge.

Outlook. Looking forward, several research frontiers offer significant promise. First, editing could integrate
verify-while-decode objectives to continuously ensure consistency with previously generated tokens, aligning
with the introspective modeling perspective of I-DLM (Yu et al., 2026). Second, continuous diffusion
paradigms (Hu et al., 2026; Jo & Hwang, 2025) present a viable path beyond discrete mask-and-edit transitions.
Third, online alignment warrants further exploration within block diffusion, particularly through lower-
variance likelihood estimation, more targeted exploration, and finer-grained credit assignment. Together,
these avenues may enhance the reliability and scalability of diffusion models in long-horizon interactions.
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