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Abstract. While autoregressive (AR) Multimodal Large Language Mod-
els (MLLMs) excel at complex document-to-markup generation, their
sequential decoding causes severe latency. Conversely, existing parallel
and diffusion-based methods accelerate inference but often struggle to
maintain strict structural dependencies, resulting in significantly higher
parsing errors. To bridge this gap, we propose DARL (Diffusion AutoRe-
gression with Look-ahead), a novel hybrid decoding framework. DARL
introduces a Sliding Diffusion Block (SDB) that maintains a verified
AR prefix for strict syntactic correctness while speculatively generat-
ing a localized window of future tokens in parallel. To optimize these
discrete diffusion trajectories, we introduce Online Monte Carlo Tra-
jectory Generation (OMTG) and Diffusion Trajectory Preference Opti-
mization (DTPO). OMTG dynamically samples candidate paths based
on the model’s real-time state, effectively mitigating the exposure bias
inherent in static heuristics. DTPO integrates immediate and look-ahead
rewards to optimize current accuracy and facilitate future correctness,
ensuring stable and rapid convergence of the predictive trajectory space.
Experiments on OmniDocBench-1.5 and olmOCR-Bench demonstrate
that DARL establishes a new Pareto frontier in document parsing. It
achieves up to a 2.3x speedup while matching or exceeding the state-of-
the-art accuracy of AR baselines. The code and model are available at
https://github.com/SCUT-DLVCLab/DARL.

Keywords: Document Parsing - Multimodal Large Language Models -
Discrete Diffusion - Preference Optimization

1 Introduction

Mainstream Multimodal Large Language Models (MLLMs) [2,10,31] have revo-
lutionized document parsing, enabling the end-to-end translation of dense visual
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Fig. 1: Qualitative Mechanics of Decoding Paradigms in Structured Pars-
ing. Autoregressive decoding maintains high structural accuracy but suffers from high
latency. Fully parallel diffusion maximizes throughput but destroys rigid contextual de-
pendencies (e.g., matching brackets in formulas). Our DARL framework introduces a
Sliding Diffusion Block that maintains a verified AR prefix while speculatively refining
future tokens in parallel, ensuring both absolute syntactic correctness and high speed.

inputs into structured text. This paradigm relies heavily on autoregressive (AR)
decoding to handle complex document-to-markup generation tasks, including
the conversion of scanned pages into intricate LaTeX formulas or structurally
rigid HTML tables. While AR generation effectively captures the rigorous token
dependencies required for high-accuracy structural parsing, its sequential next-
token prediction [26] mechanism imposes a severe latency bottleneck. In high-
density document parsing, where a single visual patch can translate to thousands
of formatting tokens, this sequential dependency becomes the primary obsta-
cle to real-time deployment. To mitigate AR latency, various parallel decoding
strategies [4,9,14,17] and Diffusion Large Language Models (dLLMSs) [3,30] have
been proposed. Yet, applying these methods to multimodal document parsing
reveals critical structural bottlenecks. Standard speculative decoding relies on
relaxed heuristic priors (e.g., n-gram matching) that work well for casual text
but fail spectacularly when faced with strict markup constraints, where a single
error can silently corrupt an entire layout. Conversely, fully parallel diffusion
architectures (as illustrated in Figure 1) attempt to predict all tokens simulta-
neously. While this maximizes throughput, it destroys the rigorous structural
dependencies inherent in code and markup languages. Without a strict direc-
tional context, fully diffusion models frequently generate mismatched brackets
or corrupted table alignments, yielding fundamentally broken outputs and infe-
rior parsing quality compared to AR baselines. Moreover, these methods struggle
to determine when denoising is complete, often relying on fixed refinement steps
or confidence thresholds that either under- or over-refine the results.
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To bridge this gap between sequential
accuracy and parallel efficiency, we pro-
pose DARL (Diffusion AutoRegression
with Look-ahead), a novel hybrid frame-
work tailored for structured visual-text
generation. Rather than abandoning AR
entirely, DARL introduces a Sliding
Diffusion Block (SDB) mechanism.
As shown in Figure 1, SDB operates as a 0 12 14 16 18 20 22 24
hybrid engine: it maintains a stable, veri- Speedup ()
fied AR prefix to ensure absolute syntac-
tic correctness, while speculatively gener-
ating a localized window of future tokens OmniDocBench-1.5, achieving a 2.31x
in parallel via discrete denoising. This speedup without compromising high ac-
approach effectively reconciles the struc-  cyracy.
tural stability of AR priors with the high
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Beyond the architecture, deploying discrete diffusion for structural parsing
presents a fundamental optimization challenge. Text diffusion must navigate
a massive, brittle combinatorial space where local accuracy does not guarantee
global layout coherence. To efficiently optimize the diffusion trajectory, we intro-
duce two synergistic training strategies. First, we propose Online Monte Carlo
Trajectory Generation (OMTG), which dynamically constructs candidate
trajectories based on real-time model states, eliminating the exposure bias inher-
ent in static generation strategies. Second, building upon this dynamic sampling,
we introduce Diffusion Trajectory Preference Optimization (DTPO).
Framing the decoding window generation as a reinforcement learning problem,
DTPO employs both immediate accuracy and look-ahead consistency rewards.
By explicitly penalizing generation paths that appear locally plausible but cause
structural drift in subsequent windows, DTPO incentivizes the model to predict
stable, rapidly converging trajectories.

Extensive experiments on both general MLLMs and specialized document
parsing experts demonstrate that DARL effectively translates visual-structural
awareness into decoding efficiency. As highlighted in Figure 2, our method com-
pletely breaks the traditional latency-accuracy trade-off. It achieves up to a 2.3x
wall-time speedup while preserving, and in complex layout categories exceeding,
the state-of-the-art (SOTA) recognition performance of AR baselines.

Our primary contributions are summarized as follows:

— We propose DARL, a novel hybrid decoding paradigm that synergizes autore-
gressive modeling with Sliding Diffusion Blocks (SDB), successfully adapt-
ing diffusion-based parallel generation to the rigorous structural demands of
complex document parsing.

— We introduce Online Monte Carlo Trajectory Generation (OMTG) to dy-
namically sample candidate paths based on the model’s real-time state, ef-
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fectively mitigating the exposure bias inherent in static heuristics during
training.

— We design Diffusion Trajectory Preference Optimization (DTPO), which in-
tegrates immediate and look-ahead rewards to optimize current accuracy
and facilitate future correctness, ensuring stable and rapid convergence of
the predictive trajectory space.

— We conduct comprehensive evaluations on document parsing benchmarks,
verifying that DARL delivers SOTA Pareto efficiency across diverse MLLM
architectures.

2 Related Work

MLLMs for Document Parsing. Multimodal Large Language Models
(MLLMSs) have revolutionized document parsing by enabling end-to-end map-
ping from images to structured text [2,15,31]. Specialized models [12, 18,22 23

,34,39] have demonstrated state-of-the-art (SOTA) performance in recogniz-
ing complex layouts, including tables and formulas [411]. However, these models
predominantly rely on the autoregressive (AR) paradigm [10,26], which suffers
from a linear latency bottleneck as the output sequence length increases. In
high-density document tasks, this sequential dependency becomes the primary
obstacle to real-time deployment.

Parallel and Speculative Decoding. To mitigate the AR latency, vari-
ous parallel decoding strategies have been proposed. Speculative decoding [4,17]
and Jacobi decoding [27] accelerate inference by verifying multiple candidate
tokens in a single forward pass. Lookahead decoding [9] and Consistency LLMs
(CLLMs) [14] further reduce the sequential overhead by utilizing fixed-point iter-
ations or Jacobi trajectories. MSN [33] introduces noise during training to unlock
parallel capabilities. While effective for general text, these methods often rely
on simple n-gram or heuristic-based speculative priors, which struggle to cap-
ture the rigorous structural constraints found in LaTeX formulas or Markdown
tables.

Diffusion Models for Vision-Language Generation. Discrete denoising
diffusion models [1,11,13] have emerged as a powerful non-autoregressive alter-
native for multimodal generation. Recent work explores the synergy between dif-
fusion and autoregressive decoding through hybrid architectures [3,5,19,20,32],
achieving faster-than-AR inference by reconciling causal attention with parallel
token generation. In the vision-language domain, LLaDA-V [37], MMADA [35],
LaViDa [16], and dVLM-AD |[21] explore parallel token generation via iterative
denoising for image-to-text tasks. Block-wise diffusion VLMs such as SDAR-
VL [6] and DiffusionVL [38] translate pretrained autoregressive models into
efficient diffusion architectures. However, these methods often struggle to de-
termine when denoising is complete, requiring fixed refinement steps that may
under-refine or over-refine. Our DARL extends this line by introducing a Slid-
ing Diffusion Block with speculative verification, which dynamically determines
denoising completion, theoretically guaranteeing Pparr(y<:|x) = Par(y<i|z)
while achieving superior efficiency for structured document parsing.
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Preference Optimization in Generation. Reinforcement learning from
human feedback (RLHF) and preference optimization (PO) are typically used
to align MLLMs with human values or reasoning tasks. Group Relative Policy
Optimization (GRPO) [28] has recently shown great potential in mathemat-
ical reasoning without a separate reward model. In the context of diffusion,
Inpainting-Guided PO [44], diffu-GRPO [43] and LLaDA 1.5 [46] explores align-
ing diffusion trajectories with specific constraints. Our proposed DTPO draws
inspiration from these techniques but shifts the focus to the decoding trajectory
itself. By incorporating immediate and look-ahead rewards, DTPO incentivizes
the model to select trajectories that not only maximize immediate accuracy but
also provide a consistent semantic foundation for future generation windows.

3 Preliminaries

3.1 Lookahead Decoding

Lookahead decoding [9] is a parallel inference strategy that accelerates autore-
gressive generation without requiring an auxiliary draft model. It reformulates
decoding as a fixed-point iteration problem, maintaining a lookahead window of
size W to simultaneously predict and verify multiple tokens. In each iteration 7,
candidate tokens within the window are updated in parallel:

yIth = arg max p(v | yei iy ) ke {0, W =1k (1)

By utilizing n-gram matching to identify promising candidate sequences and
verifying them in a single forward pass, lookahead decoding can accept multi-
ple tokens per step, effectively breaking the sequential bottleneck of standard
autoregressive decoding.

3.2 Diffusion Large Language Models

Diffusion Large Language Models (dLLMs) [3] define a distribution pg(yo) through
forward masking and reverse denoising. The forward process masks tokens in-
dependently with probability ¢ € (0,1). The model is trained to predict original
tokens at masked positions by minimizing:

S

> 1lyi = 0] - logpo(yblye)] 2

i=1

Larim = —Eiyoy, {

where 1[-] identifies masked tokens in y;. This loss serves as a principled upper
bound on the negative log-likelihood, enabling efficient parallel generation during
the reverse process. During inference, denoising typically terminates after a fixed
number of refinement steps or when prediction confidence surpasses a preset
threshold.
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Fig. 3: Illustration of the Sliding Diffusion Block decoding process. In each
step, the model performs a hybrid generation: one Autoregressive Token (green) is
produced via next-token prediction, while a parallel Diffusing Trajectory (red) is
speculated within the sliding window. The verification mechanism (indicated by purple
markers) identifies Verified Tokens (gold) by checking the consistency between the
current diffusion results and the speculative trajectory generated in the previous step.
A Broken Verification (grey arrow with cross) occurs at the first point of discrepancy,
at which the accepted sequence terminates

4 Method

Autoregressive decoding in MLLMs suffers from inherent latency bottlenecks
due to sequential token generation, yet naive parallel decoding methods often
compromise generation quality in structured tasks like document parsing. To
this end, we propose DARL (Diffusion AutoRegression with Look-ahead), a
hybrid framework that strategically combines diffusion-based parallelism with
autoregressive priors.

Our approach addresses three core challenges: (1) How to parallelize token
generation without breaking semantic coherence? We introduce Sliding Dif-
fusion Blocks (SDB, §4.1) that generate tokens within bounded windows
while maintaining cross-window dependencies. (2) How to train diffusion models
to match hybrid decoding behavior? We develop Online Monte Carlo Tra-
jectory Generation (OMTG, §4.2), which dynamically constructs training
trajectories mirroring inference-time distributions. (3) How to optimize diffu-
sion quality beyond standard likelihood objectives? We propose Diffusion Tra-
jectory Preference Optimization (DTPO, §4.3), a reinforcement learning
method that leverages look-ahead rewards to align diffusion outputs with au-
toregressive quality .

4.1 Sliding Diffusion Block

Standard autoregressive (AR) models generate the sequence y token-by-token,
modeling p(y|x) = Hthl p(yt|y<t,x). Despite its high recognition accuracy, the
sequential nature imposes a severe time bottleneck during the parsing of lengthy
documents. To accelerate this, we introduce a Sliding Diffusion Block mechanism
that treats a window of tokens as a discrete diffusion unit.

Let w be the window size (e.g., 16 tokens). At any step ¢, the model aims
to predict a block of future tokens y;.;1,, in parallel. Unlike standard AR which
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Fig. 4: Overview of the DARL training pipeline. (a) Online Monte Carlo Tra-
jectory Generation (OMTG): The model generates multiple candidate Diffusing
Trajectories {fl(l), e ﬁ(K>} through multinomial sampling with temperature scaling.
These trajectories are then fed back into the model as input to compute the DAR
Loss (top-left), training the model to reconstruct ground truth from speculative noise.
(b) Diffusion Trajectory Preference Optimization (DTPO): The same sampled
trajectories are evaluated to compute the DTPO Loss. An Immediate Reward (r1)
measures the Longest Common Prefix (LCP) between the trajectory and the ground
truth, while a Look-ahead Reward (r2) assesses how well the trajectory facilitates the
prediction of the subsequent window.

conditions strictly on ground truth history, our block operates in a hybrid state.
We define the input to the model as a concatenation of the stable context
V<t and a speculative window Zs.4.,, where the latter comprises a partial tra-
jectory h (tentatively generated tokens) and initialization tokens m (special-
ized <INIT> masks). Formally, the model approximates the joint probability
Po(Yt-t+w|Y<t, Zt:t+w, X), allowing it to refine h and populate m simultaneously
as a discrete denoising step. As illustrated in Figure 3, the complete inference
workflow integrates single-token autoregressive prediction with multi-token dif-
fusion speculation and subsequent consistency-based verification.

4.2 Online Monte Carlo Trajectory Generation (OMTG)

A critical challenge in training non-autoregressive or block-parallel models is the
"exposure bias" or distribution shift: during inference, the model must correct
its own imperfect predictions, but standard training uses ground-truth forcing.
To address this, we propose Online Monte Carlo Trajectory Generation
(OMTG), a dynamic data construction strategy implemented directly within
the training loop, as illustrated in Figure 4 (a).



8 W. Yang et al.

Instead of using static masking patterns, OMTG leverages the current model
state to generate training trajectories. For a target sequence y and a window
at offset k, we split the window into a pickup segment (length [,,) and a initial
segment (length [,,), such that [, +1,, = w. The lengths l, and [,, are determined
by randomly sampling a split point for each training instance (e.g., I, ~ U(0,w—
1)).

Trajectory Sampling: We freeze the gradient and prompt the model to
predict the [, tokens given the stable context y.;. We use multinomial sam-
pling with temperature scaling to generate K distinct candidate trajectories
{(h® . hEY,

Input Construction: For each candidate ﬁ(i), we append [, initialization
tokens. The input becomes [y <x; h(); <INIT>y, ]

Dynamic Supervision: To inherit the foundational autoregressive (AR)
properties of language models, we optimize the model by minimizing the cross-
entropy loss across the entire target sequence from the sequence start to the
window boundary (1 : &k + w):

k4w
LDAR = — Z log po(yi | ¥ins X), (3)

=1

where y;, is the composite input comprising stable context, diffusing trajectory,
and initialization tokens. By supervising the sequence in its entirety rather than
only the speculative window, the model effectively treats the task as a unified
next-token prediction objective. This approach allows the model to rectify gen-
eration errors through a “self-correction” mechanism while ensuring it retains
the robust generative capabilities of standard AR modeling.

4.3 Diffusion Trajectory Preference Optimization (DTPO)

While OMTG aligns the training distribution, standard Cross-Entropy loss (LpaR)
only optimizes for local accuracy and fails to capture long-term semantic con-
sistency. To incentivize the model to select trajectories that are not only locally
correct but also facilitate future generation, we introduce Diffusion Trajectory
Preference Optimization (DTPO).

DTPO frames the window generation as a Reinforcement Learning prob-
lem. We treat the candidate trajectories {fl(i)} generated by OMTG as actions
sampled from the policy my. We employ a Group Relative Policy Optimization
(GRPO) approach [28] to update the model, avoiding the need for a separate
value network, as illustrated in Figure 4 (b).

Reward Modeling We design a composite reward function R(7) consisting of
two terms to evaluate a trajectory 7:

1) Immediate Accuracy Reward (r1): This term measures the accuracy
of the generated trajectory against the ground truth. We calculate the length
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Fig.5: Joint Optimization Framework of DARL. The training pipeline inte-
grates Supervised Fine-Tuning (SFT) and Reinforcement Learning (RL) simultane-
ously within a unified objective. To preserve the model’s fundamental autoregressive
nature without the need for a separate reference model, the DAR loss provides a con-
stant supervised anchor. All Diffusing Trajectories are obtained base on the current
model state through the OMTG algorithm to ensurs the supervision remains dynami-
cally aligned with the model’s evolution.

of the longest common prefix (LCP) between the generated segment h and the
target Ytarget:
len(LCP(ha ytarget))

|Ytarget‘

ri(h) = : (4)

2) Look-ahead Consistency Reward (73): A high-quality trajectory must
not only be locally accurate but also serve as a robust foundation for future gen-
eration. To evaluate this, we perform a look-ahead step targeting the subsequent
I, tokens (the initial segment for the next iteration).

We construct a look-ahead input zjoox = [y<t; fl; Myext] (Where |mypexs| =
ln), which is forwarded through the model M to obtain the predicted future
segment Yeuture = M (Z1ook)[—ln :]. The look-ahead reward is then calculated as
the LCP ratio between this look-ahead prediction and the corresponding ground
truth Ygt_future:

~ leH(LCP(yfuturc,y t futurc))
h) = z £ : (5)

T2

By favoring paths that yield correct look-ahead predictions, DTPO ensures in-
centivizes the selection of trajectories that significantly reduce the predictive
uncertainty of the subsequent window, thereby facilitating rapid convergence
and accelerating the inference process in the next sliding iteration.

Policy Optimization The total reward for the i-th trajectory in a group of K
samples is R; = 7‘52) + rg). To reduce variance, we compute the advantage A; by
normalizing rewards within the group:

R; —
Ay = 2 ER (6)
OR t+ €
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where u g and op are the mean and standard deviation of rewards in the current
batch. The DTPO loss is formulated as:

K
1 ). (
Lorpo = — 75 SN 4 log o (y;” y ). (7)
=1 ¢

This objective increases the probability of tokens belonging to trajectories that
yield higher consistent rewards relative to their peers.

5 Experiments

5.1 Experimental Setup

Dataset Construction. To train our DARL, we curated a high-quality doc-
ument parsing dataset comprising 49K samples across diverse domains, including
magazines, newspapers, handwritten notes [40], examination papers, textbooks,
PPT slides, financial research reports, and scanned old books. The initial anno-
tations were generated using PaddleOCR-VL [7]. To ensure high-accuracy super-
vision, we removed all image-related non-textual tokens and performed extensive
manual correction to rectify layout and recognition errors, resulting in a clean,
text-centric document parsing corpus. Detailed data categories are provided in
the supplementary material.

Benchmarks and Metrics. To verify the model’s generation performance
on multimodal long-form text, we evaluate DARL on two challenging document
parsing benchmarks: 1) OmniDocBench-1.5 [24], a comprehensive benchmark
for document parsing that covers various layout elements like complex tables,
formulas, and reading order; and 2) olmOCR-Bench [27], a rigorous evaluation
suite for PDF-to-Markdown conversion that assesses the structural and factual
accuracy of long-form document reconstruction through a fine-grained unit-test
framework.

For efficiency, we report Wall-time Speedup and Awvg. Iterations (the average
number of model forward passes per document). For accuracy, we adopt the
original metrics established by each benchmark, including Overall score, Text
Edit Distance, and specialized scores for Formulas [30] and Tables [45].

Implementation Details. Our model is initialized from dots.ocr-3B [18]
given its superior recognition performance. Training was performed on 8 NVIDIA
A800 GPUs for 2 epochs with a per-device batch size of 1, lasting approximately
5 days. We utilized the AdamW optimizer with a peak learning rate of 2 x 107°
and a linear warmup of 500 steps. The weight decay was set to 0.01. During
OMTG sampling, we set K = 4 candidate trajectories. For DTPO, A\; and Ag
was set to 1 and 0.1, respectively.

For training-free baselines including Jacobi Decoding [27] and LADE [9],
we directly utilize their official decoding implementations. For MSN [33] and
EAGLE-3 [17], we adapt their frameworks to the dots.ocr backbone by train-
ing on our curated data following their original configurations to ensure a fair
comparison. All benchmarks are conducted with Flash-Attention 2 [3] to ensure
an optimized evaluation environment.
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Table 1: Performance comparison on OmniDocBench-1.5. We compare DARL
with the autoregressive (AR) baseline and state-of-the-art acceleration methods. Effi-
ciency is evaluated using Wall-time Speedup, Average Time (seconds per document),
and Average Iterations (number of forward passes). DARL achieves the highest speedup
(2.31x) while maintaining or exceeding the recognition accuracy of the AR expert
model. * denotes the AR baseline further fine-tuned on our curated dataset for a fair
comparison.

Model ‘ Venue ‘SpccdupT Avg. Time| Avg. Itcr.uOvcrallT Text| Formula®™ 1 Tablet Table® T Read Order])
dots.ocr (AR) [18] - 1.00x 25.85 1091.5 87.57 0.065 85.44 83.76  87.39 0.075
Jacobi Dec. [27] ACL’23 1.09x 23.71 1005.0 87.51 0.071 86.30 83.33 87.09 0.076
LADE [9] ICML’24 | 1.34x 19.26 733.4 87.32  0.070 85.59 83.37 87.27 0.076
MSN [33] EMNLP’24| 2.07x 12.49 527.2 87.23 0.093 85.17 85.81 88.76 0.079
DiffusionVL | - 1.69x 15.30 683.9 85.92 0.112 84.31 84.65 88.57 0.098
EAGLE-3 [17] |NeurIPS'25| 1.74x 14.88 625.0 87.38 0.084 86.14 84.40 88.21 0.089
dots.ocr (AR)* - 1.04x 24.86 1033.3 87.15 0.095 87.62 83.35 85.69 0.072
DARL Ours 2.31x 11.19 485.6 87.69 0.101 85.43 87.73 89.41 0.072

Table 2: Performance comparison on olmOCR-Bench. We report the wall-time
speedup, average decoding time, and iteration counts alongside the parsing accuracy.
DARL achieves a state-of-the-art speedup of 2.27x and consistently outperforms both
the autoregressive baseline and other parallel decoding methods across most categories.
* denotes the AR baseline further fine-tuned on our curated dataset for a fair compar-
ison.

. " Avg. | Avg. " o ArXiv, Old Scans, .+ Old , Headers &, Multi Long
Model ‘ Venue |Speedupf Timel lter.l Overallf Baset MathT Math T Tablest ScansT Footers ColumnT Tiny TextT
dots.ocr (AR) [13] - 1.00x  28.65 1216.9| 78.9 £ 1.0 99.1 81.3 72.3 89.1 41.6 85.9 82.9 79.2
Jacobi Dec. [27] ACL23 1.12x  25.61 1121.0| 78.9 £ 1.0 98.7 81.3 72.1 88.9  41.6 84.9 82.5 81.0
LADE [9] ICML24 1.38x  20.73 800.6|78.9+ 1.0 988 81.3 72.1 89.0 41.6 84.9 82.5 81.1
MSN [33] EMNLP’24| 1.98x 1446 614.1 | 779+ 1.1 97.1 735 78.4 79.8  53.8 90.4 79.5 70.6
EAGLE-3 [17] |NeurIPS'25| 1.66x 17.24 726.6 | 77.9 + 1.1 98.8 81.2 71.0 89.2 399 85.0 82.5 75.8
dots.ocr (AR)* - 1.08x  26.52 1122.3| 79.9 £ 1.0 99.4 80.2 71.2 76.7  57.0 97.2 82.5 75.1
DARL Ours 2.27x 12.61 519.3|81.7 &+ 1.0 98.0 78.7 79.3 88.4  62.5 89.2 82.9 747

5.2 Overall Training Objective

The final training objective combines the supervised diffusion loss and the pref-
erence optimization loss:

Lrotal = M Lpar + A2LpTPO, (8)

where Lpagr ensures the model learns basic syntax and structure, while LpTpo
refines the decision boundaries for optimal trajectory planning. This hybrid ap-
proach allows DARL to converge significantly faster than pure AR methods while
achieving superior generation quality compared to pure diffusion baselines.

5.3 Main Results

Performance on OmniDocBench-1.5. As detailed in Table 1, DARL
establishes a new state-of-the-art for efficient document parsing, achieving a
2.31x wall-time speedup while marginally improving parsing accuracy to 87.69.
While traditional speculative methods like EAGLE-3 and MSN struggle with the
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Table 3: Ablation study of DARL components on OmniDocBench-1.5. We
evaluate the impact of the Sliding Diffusion Block (SDB), the immediate reward (r1),
and the look-ahead reward (r2) on both efficiency and accuracy.

SDB 7 TQ‘Speedup T Avg. Time| Avg. Iter.HOverallT

X X X| 1.00x 25.85 1091.5 87.57
v X X| 1.98x 13.03 547.3 87.21
vV /X 214x 12.09 519.7 87.53
v / /| 2.31x 11.19 485.6 87.69

rigid structural dependencies of LaTeX and Markdown, DARL’s Sliding Diffusion
Block enables joint parallel refinement of 16-token windows. This superiority is
most evident in the Table Structure metric (89.41 vs. MSN’s 88.76), driven by
the Look-ahead Reward (r3) in DTPO. By penalizing trajectories that are locally
plausible but globally inconsistent, 7o ensures a stable semantic foundation for
subsequent windows, reducing the average iteration count to a record of 485.6.

Performance on olmOCR-Bench. As shown in Table 2, DARL achieves
a 2.27x speedup with a peak accuracy of 81.7, significantly surpassing both the
AR baseline (78.9) and MSN (77.9). Gains are most pronounced in complex
elements such as Headers & Footers (89.2) and Multi-column layouts (82.9).
Notably, the leap in the Old Scans category from 41.6 to 62.5 reflects the benefit
of our meticulous data curation. This highlights that DARL is more than a
mechanical acceleration method, as it successfully translates high-quality data
into robust parsing expertise that fixed heuristic priors cannot capture.

5.4 Ablation Study

Analysis of Framework Com- BN Overall Accuracy] ~ —— Average Timel
ponents. Table 3 evaluates the syn- . 14
ergy between the Sliding Diffusion _ % '?,‘;;‘;‘;,j,",“;;,m‘
Block (SDB) and DTPO. Naive SDB R
achieves a 1.98x speedup but suffers
an accuracy drop (87.21 vs. 87.57)
due to error accumulation in paral-
lel decoding. Introducing the imme-
diate reward r; recovers the base- 8 16 % 0
line accuracy and boosts speed to Block Size

2.14x by prioritizing local accuracy, Fig. 6: Effect of Block Size on parsing
which reduces re-sampling overhead. performance and efficiency. We identify
The most significant gains arise from 4 = 16 as the optimal balance, achieving
the look-ahead reward ra; by incen- peak accuracy and near-minimal latency.
tivizing "future-friendly" trajectories,

ro not only maximizes efficiency (2.31x) but also enables DARL to surpass the
original AR baseline in accuracy (87.69). This confirms that look-ahead rewards
effectively mitigate semantic drift, transforming local speculation into a globally
consistent optimization.

2.31s/i g
1 .I<1l /

I~
duul ], AZRIIAY

11.65 s/it 1
..

N:ﬁit

Overall Accuracy

84 87.53

8291 82.74




DARL 13

——— DAR Loss (w/o DTPO) = DAR Loss (with DTPO) = = Reward Mean (with DTPO)
2.00 L1.0
1.75
= 0.8 o
S 1501 5
- =
a °
o 1.251 0.6 §
- H
> Q
S 1.00- ,,;
£ 04 ¢
w °
@ 0.75 92
©
2 =
© 4504 0.2
0.25
0.0

0 1000 2000 3000 4000 5000 6000
Training Steps

Fig.7: Training Dynamics of DTPO. Comparison of the Cross-Entropy Loss
(Lpar) with and without Diffusion Trajectory Preference Optimization. The inte-
gration of DTPO yields a significantly lower and more stable loss convergence, which
strongly correlates with the steady increase in the Trajectory Reward Mean.

Training Dynamics and Stability. To further understand the impact of
DTPO on the optimization process, we visualize the training cross-entropy loss
(Lpar) and the mean trajectory reward in Figure 7. To better observe the im-
pact of DTPO on training stability, we deliberately set a fixed random seed
for the training dataloader across different runs. This aligns the data feeding
process, a phenomenon corroborated by the synchronous loss spikes observed
in both configurations when the models simultaneously encounter inherently
challenging document layouts (e.g., dense mathematical formulas or degraded
historical scans). However, despite encountering the exact same hard batches,
the model equipped with DTPO not only achieves a consistently lower overall
loss but also recovers much faster from these spikes. This enhanced stability
strongly correlates with the steady increase in the look-ahead trajectory reward,
demonstrating that explicitly rewarding the model for foreseeing optimal future
trajectories effectively guides the model toward a more robust and rapidly con-
verging generation path.

Impact of Block Size. Figure 6 identifies w = 16 as the optimal balance
for DARL. While w = 8 limits parallelism, w > 16 causes a precipitous decline
in accuracy as predictive uncertainty grows exponentially with window length,
especially in dense segments like formulas. Although w = 32 achieves minimal
latency per iteration, the resulting trajectory drift from the ground-truth mani-
fold is prohibitive. Thus, w = 16 best aligns with the model’s semantic receptive
field, maximizing acceleration without compromising structural integrity.

Alternatives to LCP Reward. While edit distance is a more generalized
metric for measuring sequence similarity, we choose Longest Common Prefix as
our reward function because it directly aligns with the continuous token verifi-
cation mechanism during speculative inference. As shown in Table 4, replacing
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Table 4: Comparison of reward functions on OmniDocBench-1.5. ED denotes
edit distance, and LCP denotes longest common prefix.

Method ‘#Params‘Speedup 1 Avg. Time | Avg. Iter. L‘Overall T
dots.ocr (AR)| 3B | 1.00x 25.85 1091.5 | 87.57
DARL (ED) 3B 2.13x 12.14 522.4 87.85
DARL (LCP) 3B 2.31x 11.19 485.6 87.69

Table 5: Generalization of DARL across diverse VLLM architectures and
scales. The plug-and-play capability of DARL is evaluated across General VLLMs and
Expert Models specialized for document parsing.

Type ‘ Model ‘#Params‘SpeedupT Avg. Time| Avg. IterAHOverallT

Qwen3-VL g | 100X 3095 10505 | 8247

General]l  +DARL 233 13.24 4052 | 82.24
Model | “p VT35 1.00x  32.36 1053.8 | 80.76
DARL 220%  14.66 4217 | 80.19

dots.ocr 1.00x 2585 10915 | 87.57

Expert| +DARL 231x  11.19 485.6 | 87.69
Model 7. onets-OCR2 1.00x  26.56 1159.0 | 82.76
DARL 295%  11.80 1924 | 82.91

LCP with edit distance yields comparable overall accuracy, with edit distance
achieving 87.85 versus LCP’s 87.69. However, LCP achieves a higher speedup
ratio of 2.31x versus 2.13x and fewer iterations at 485.6 versus 522.4, as it more
precisely captures the left-to-right acceptance behavior inherent in our sliding
verification process.

5.5 Generalization across VLLMs

To evaluate cross-model compatibility, we apply DARL to diverse backbones,
including general-purpose and specialized models. As shown in Table 5, DARL
consistently delivers over 2.2x speedup and reduces iterations by ~60% across
all tested architectures. Accuracy fluctuations remain minimal (within +0.6%),
with marginal gains observed in expert models. These results demonstrate that
DARL’s efficiency gains are robust to different pre-training objectives and model
scales, confirming its effectiveness as a general acceleration strategy for VLLM-
based document parsing.

5.6 Scaling Law of DARL

To investigate the impact of model scale on DARL’s efficiency, we conduct ex-
periments across different parameter sizes using the InternVL3.5 architecture.
As shown in Table 6, larger models demonstrate stronger denoising capabilities,
resulting in fewer iterations and higher speedup ratios. The 14B model achieves
a remarkable 2.78x speedup with only 337.4 average iterations, compared to
2.20x speedup and 421.7 iterations for the 2B variant. This trend suggests that
DARL’s diffusion-based parallel generation benefits significantly from increased
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Table 6: Scaling behavior of DARL across different model sizes of In-
ternVL3.5 on OmniDocBench-1.5.

Method ‘#Params‘Speedup 1 Avg. Time | Avg. Iter. HOverall 1
InternVL3.5 (AR)‘ 2B ‘ 1.00x 32.36 1053.8 | 80.76
+DARL 2B 2.20 14.66 421.7 80.19
InternVL3.5 (AR)] 8B 1.00x 42.25 1026.0 | 86.81
DARL 8B 2.52x 16.79 376.9 86.28
InternVL3.5 (AR)] 14B 1.00x 48.01 1011.6 | 92.67
+DARL 14B 2.78x 17.27 337.4 92.50

model capacity, as larger models can more accurately predict and refine specu-
lative trajectories in fewer steps. The consistent accuracy across scales further
validates the robustness of our sliding verification mechanism.

6 Limitations

Despite its efficiency, DARL has several limitations. First, its performance on
highly open-ended tasks (e.g., image captioning) remains unverified, as current
rewards based on prefix matching may be too restrictive for high-entropy gen-
eration with multiple valid trajectories. Our experiments focus on models up to
14B parameters due to computational constraints. While DARL’s architecture-
agnostic design suggests it should scale to larger models (e.g., 70B-+), empirically
validating scaling laws, particularly how the optimal diffusion window size and
number of denoising steps vary with model capacity, remains an important open
question for future work.

7 Conclusion

In this paper, we introduce DARL, a hybrid diffusion-autoregressive frame-
work that achieves 2.3x inference speedup on document parsing tasks while
maintaining state-of-the-art accuracy. By introducing Online Monte Carlo Tra-
jectory Generation (OMTG) and Diffusion Trajectory Preference Optimization
(DTPO), DARL addresses key challenges in parallel decoding: exposure bias,
convergence efficiency, and cross-architecture generalization. Extensive evalua-
tions on OmniDocBench-1.5 and olmOCR-Bench demonstrate DARL’s effec-
tiveness in both accelerating inference speed and improving accuracy. While our
approach currently focuses on document parsing, the underlying principles of
trajectory-guided diffusion and DTPO may extend to other long-form multi-
modal tasks such as dense image captioning, layout generation [42], and GUI-
to-HTML synthesis. Future work will explore scaling to larger MLLMs and in-
tegration with tree-structured speculative verification to further reduce latency.
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