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Abstract

Block-wise discrete diffusion offers an attrac-
tive balance between parallel generation and
causal dependency modeling, making it a
promising backbone for vision-language mod-
eling. However, its practical adoption has
been limited by high training cost, slow con-
vergence, and instability, which have so far
kept it behind strong autoregressive (AR) base-
lines. We present SDAR-VL, the first sys-
tematic application of block-wise discrete dif-
fusion to large-scale vision-language under-
standing (VLU), together with an integrated
framework for efficient and stable training.
This framework unifies three components: 1)
Asynchronous Block-wise Noise Scheduling
to diversify supervision within each batch; 2)
Effective Mask Ratio Scaling for unbiased
loss normalization under stochastic masking;
and 3) a Progressive Beta Noise Curricu-
lum that increases effective mask coverage
while preserving corruption diversity. Exper-
iments on 21 single-image, multi-image, and
video benchmarks show that SDAR-VL con-
sistently improves training efficiency, conver-
gence stability, and task performance over con-
ventional block diffusion. On this evaluation
suite, SDAR-VL sets a new state of the art
among diffusion-based vision-language mod-
els and, under matched settings, matches or
surpasses strong AR baselines such as LLaVA-
OneVision as well as the global diffusion base-
line LLaDA-V, establishing block-wise diffu-
sion as a practical backbone for VLU.

1 Introduction

Vision-Language Models (VLMs) are becoming
the backbone of multimodal Al, and robust multi-
modal understanding is a necessary foundation for
future unified systems that can both understand and
generate visual-textual content (Comanici et al.,
2025; Hurst et al., 2024). Current state-of-the-
art vision-language understanding models are dom-
inated by autoregressive (AR) decoders such as

Qwen-VL, InternVL, and the LLaVA family (Bai
et al., 2025; Wang et al., 2025a; Li et al., 2024a).
Their left-to-right factorization is well aligned with
text generation, but also enforces a strict causal or-
der that limits parallelism and makes it difficult to
support the flexible decoding patterns desired in
multimodal generation (Xin et al., 2025).

Discrete diffusion models (Austin et al., 2021;
Gulrajani and Hashimoto, 2023) offer an alterna-
tive sequence modeling paradigm: sequences are
generated by iterative denoising from corrupted in-
puts, enabling parallel decoding and bidirectional
context. They have already shown strong perfor-
mance in multimodal generation tasks such as im-
age synthesis and infilling (Xin et al., 2025; Li
et al., 2025a; Yang et al., 2025a), and are there-
fore promising as a unified backbone for both un-
derstanding and generation (Zhu et al., 2025a; Ye
et al., 2025). However, existing global discrete
diffusion approaches face two key obstacles when
scaled to vision-language understanding: (1) full-
sequence bidirectional denoising leads to per-step
quadratic complexity and low throughput, moti-
vating KV-cache—style accelerations (Peng et al.,
2025; Wuetal., 2025b; Ma et al., 2025); and (2) the
lack of causal inductive bias makes long-form text
generation difficult, so practical systems often fall
back to semi-autoregressive schemes (Zhu et al.,
2025a; Yang et al., 2025c). These adaptations im-
plicitly approximate block-wise causal processing,
suggesting that a more principled block-wise dif-
fusion formulation could be better suited to large-
scale multimodal understanding.

Block-wise diffusion models (Arriola et al.,
2025; Cheng et al., 2025; Wang et al., 2025b)
precisely follow this idea by partitioning se-
quences into autoregressive blocks, while perform-
ing masked diffusion in parallel within each block.
This preserves inter-block causal dependencies, re-
duces the computational cost of global diffusion,
and still benefits from local bidirectional context.



Despite encouraging results in pure-language set-
tings (Cheng et al., 2025), it remains unclear
whether block-wise discrete diffusion can serve as
a competitive and scalable backbone for vision-
language understanding.

In this work, we introduce SDAR-VL, the first
block-wise discrete diffusion framework for large-
scale vision-language understanding. Built on the
Block Discrete Denoising Diffusion (BD3) formu-
lation (Arriola et al., 2025; Cheng et al., 2025),
SDAR-VL targets the understanding side and ad-
dresses three BD3 training bottlenecks—high gra-
dient variance, biased loss scaling under stochastic
masking, and suboptimal noise scheduling—via an
integrated framework (Sec. 3): (1) Asynchronous
Block-wise Noise Schedule to smooth optimiza-
tion by sampling noise per block; (2) Effective
Mask Ratio Scaling to normalize loss using the re-
alized mask ratio; and (3) Progressive Beta Noise
Curriculum to shift toward higher mask ratios
while preserving corruption diversity.

We instantiate SDAR-VL with 4B- and 8B-
parameter models coupling a block-diffusion lan-
guage backbone with a SigLIP-2 vision encoder
and train them under a four-stage curriculum
that progressively introduces alignment, capa-
bility expansion, reasoning, and long chain-of-
thought (CoTl) signals. Across 21 single-image,
multi-image, and video benchmarks, SDAR-
VL achieves state-of-the-art performance among
diffusion-based multimodal models and, under
matched vision towers, data, and training bud-
gets, consistently outperforms the best global
diffusion baseline LLaDA-V (You et al., 2025).
Moreover, under comparable settings, SDAR-VL
matches or surpasses the autoregressive LLaVA-
OneVision (Li et al., 2024a), and long CoT distilla-
tion further strengthens performance on challeng-
ing multimodal reasoning benchmarks. In sum-
mary, our main contributions are:

* We provide the first systematic study of block-
wise discrete diffusion for vision-language un-
derstanding, showing it matches or surpasses
strong autoregressive VLMs while retaining
diffusion’s structural flexibility.

* We propose an integrated training
framework—asynchronous block-wise noise
scheduling, effective mask ratio scaling, and
a progressive Beta noise curriculum—that
jointly improves stability and efficiency for
large-scale block-wise diffusion.

* Through extensive experiments on 21 bench-
marks, we demonstrate that SDAR-VL sets
a new state of the art among diffusion-based
vision-language models and, under matched
conditions, consistently outperforms both the
global diffusion baseline LLaDA-V and the
autoregressive LLaVA-OneVision. With long
chain-of-thought distillation, the SDAR-VL-
Think variants further reach parity with or
surpass Col-enhanced autoregressive base-
lines such as the Qwen2.5-VL-based RI1-
OneVision on math benchmarks.

2 Preliminary

We build our work on the Block Discrete Denois-
ing Diffusion framework (BD3) (Arriola et al.,
2025; Cheng et al., 2025), which interpolates be-
tween autoregressive and diffusion paradigms. A
token sequence x of length L is partitioned into
B non-overlapping blocks {z!,..., 2"}, each of
length L’ = L/B. The model factorizes the likeli-
hood autoregressively over blocks:

B
logps(x) = > logpg(a® | 2<b), (1)
b=1

where < denotes all preceding clean blocks.
Each conditional distribution pg(z® | 2<%) is mod-
eled via a discrete diffusion process: a forward pro-
cess gradually masks tokens in 2, and a reverse
process, parameterized by Transformer with block-
causal attention, reconstructs the original block.

The standard BD3 training objective applies
the Negative Evidence Lower Bound (NELBO) to
each block-conditional distribution, scaling the per-
block loss by the inverse of the noise ratio ¢:

L(0) =FEzps Tl Z log py (:L'lo)’é S x<b)
LemM?

2
where M is the set of masked positions in block
b at noise level t. Here, 1/t compensates for re-
duced contributing tokens, but—as we discuss in
Sec. 3.2—this practice can introduce bias when ¢

and the realized mask proportion differ.

3 Method: The SDAR-VL Framework

SDAR-VL augments the BD3 training paradigm
to reduce gradient variance and improve conver-
gence under fluctuating corruption difficulty. It
consists of three components: (1) Asynchronous



Block-wise Noise Scheduling (ABNS) to diver-
sify within-step training signals and stabilize op-
timization, (2) Effective Mask Ratio Scaling
(EMRS) to provide unbiased loss normalization,
and (3) Progressive Beta Distribution Noise Cur-
riculum (PBNC) to balance noise coverage and di-
versity, yielding a more stable and efficient block-
wise discrete diffusion training framework.

3.1 Asynchronous Block-wise Noise Schedule

The conventional BD3 framework uses a syn-
chronous noise schedule: a single noise level ¢ is
sampled and applied to all blocks in a training sam-
ple, so every block experiences the same masking
ratio. As shown in Sec. 4.4 (Fig. 2), the average
loss increases monotonically with £, so sampling
one t per step introduces large step-to-step diffi-
culty fluctuations and high gradient variance.

We propose an asynchronous block-wise noise
schedule, where each block b independently sam-
ples its corruption level:

ty~P(|71), b=1,...,B. 3)

Let

b= logpy(ag|af,2<) (@)
LeMy,

denote the negative log-likelihood for block b. The
modified asynchronous training objective is:

Easync(g) = E:c,b,tb |:_f:j:| . (5)
Block-specific corruption exposes the model to

a richer distribution of reconstruction difficulties
within each step, averaging losses over diverse t;
and smoothing fluctuations from extreme draws.
Appendix B.2 shows that this asynchronous sam-
pling leaves the expected objective unchanged
while reducing the variance of the mini-batch es-
timator, explaining the improved training stability.

3.2 Effective Mask Ratio for Unbiased Loss
Scaling

Under ABNS, the standard BD3 loss scaling mul-
tiplies each block’s loss by 1/t;, implicitly assum-
ing that the sampled ratio ¢; matches the realized
masked proportion in that block. However, dis-
crete stochastic masking often causes deviations
between ¢, and the realized ratio, especially for

small blocks or high-variance schedules. This mis-
match yields biased NELBO estimates and nois-
ier scaling; with independent ¢; across blocks, it
can further increase gradient variance and offset
the stability gains of asynchronous scheduling. Ap-
pendix B.3 shows that the discrepancy grows with
the variance of the discrete masking process.

To resolve this issue, we introduce the effective

mask ratio: )

,_ m?f

bh=""7 (6)
where m® € {0, l}L, is the binary mask vector for
block b, and L' is the block length. By replacing
the sampled t;, with the realized t; in the normal-
ization term, we obtain an unbiased scaling:

Easync+unbiased(0) = E:}c,b, ty [_fZ:| ) (7)

Intuitively, this simply weights each block by
its realized corruption level rather than the nom-
inal target. Appendix B.3 shows that the result-
ing 1/t; scaling is unbiased for the ideal objective
(unlike the standard 1/t; scaling), and empirically
it removes systematic mis-scaling, lowers gradient

variance, and stabilizes training.

3.3 Progressive Beta Distribution Noise
Curriculum

A key lever to accelerate diffusion training is to
increase the effective mask ratio so that more to-
kens contribute to the loss in each step, improving
sample efficiency (Arriola et al., 2025). However,
naively shifting all sampled noise ratios toward
high values risks collapsing noise diversity, reduc-
ing the model’s exposure to varied reconstruction
difficulties and potentially harming generalization.

We address this trade-off with a progressive
Beta scheduler for P(t, | 7), which preserves a
wide support over ¢, while smoothly increasing the
mean p, and concentration C’:

ty ~ Beta(a, Br) 3

Hr = %ai_:ﬂra Cr = a; + B7. 9
We start from a moderate mean p.- and low concen-
tration C7, yielding a broad distribution over mid-
range corruption levels for stable early training.
Over a warmup horizon, both parameters increase:
the mean raises the expected mask ratio (more su-
pervised tokens per step), while the concentration
tightens the distribution around this mean without



collapsing its support. PBNC thus maintains noise
diversity while gradually shifting toward higher-
coverage, harder reconstructions. Figure 1 visu-
alizes this curriculum from easier, varied tasks to
harder, high-coverage ones.

Evolution of Sampled Noise Ratio Distribution over Training Progress
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Figure 1: Evolution of the progressive Beta noise
scheduler. Probability density functions of the block-
level noise ratio t; at different normalized training
progress values u, (color-coded). As training pro-
gresses, the distribution shifts and sharpens toward
higher t;, increasing masked tokens per sample while
preserving corruption diversity.

4 Experiment

4.1 Training Setting

Model Architecture Our experiments leverage
the SDAR-Chat model (Cheng et al., 2025), a novel
block diffusion-based large language model, in its
4B- and 8B-parameter variants. For the vision
encoder, we utilize Sigl.IP-2-S0400m-patchl4-
384 (Tschannen et al., 2025), renowned for its ro-
bust visual representation. The vision and lan-
guage modalities are bridged by a projector, imple-
mented as a randomly initialized two-layer MLP,
to align the feature spaces.

Datasets and Training Stages We adopt a four-
stage curriculum for vision—language alignment,
multimodal capability, and long chain-of-thought
(CoT) reasoning. Stage 1 trains only the pro-
jector on LLaVA-Pretrain (Liu et al., 2023) for
vision—language alignment. Stage 2 improves gen-
eral multimodal ability on the MAmmoTH-VL cor-
pus (Guo et al., 2024) using M-SI followed by
M-OV. Stage 3 strengthens reasoning on Visual-
Weblnstruct (VW) (Jia et al., 2025) and a mix-
ture of M-OV and VW. Stage 4 distills long CoT
from R1-OneVision (Yang et al., 2025b) to ob-

tain SDAR-VL-Think. Full dataset statistics, stage-
wise recipes, and hyperparameters are provided in
Appendix C.1 (Table 5).

Chain-of-Thought Template Masking To
encourage chain-of-thought-style responses, we
introduce two special tokens, <think> and
</think>, as delimiters of reasoning steps in the
output. During training on RI-OneVision, these
tokens are always masked under the masked recon-
struction objective, providing direct supervision
over reasoning-boundary placement and enabling
reliable long-Col template generation. This de-
sign improves template adherence, interpretability,
and performance on complex multimodal tasks.

Implementation Details Our 4B and 8B mod-
els share the four-stage pipeline above. We apply
sequence packing to reduce padding and increase
GPU utilization, using boundary-aware attention
and loss masks to ensure packed samples remain
isolated. In the initial alignment stage (Stage 1),
we exclusively train the projector while keeping
both the vision and language towers frozen. In the
subsequent fine-tuning stages, we unfreeze all com-
ponents and perform full-parameter fine-tuning of
the vision tower, language tower, and projector, us-
ing distinct learning rates to optimize overall per-
formance, as specified in Table 5.

For the ablation studies presented in Section 4.4,
we employ a two-stage training protocol. First,
we perform vision-language alignment by training
only the projector on the LLaVA-Pretrain dataset,
identical to Stage 1 of our main pipeline. Sec-
ond, we conduct full-parameter fine-tuning using
the LLaVA-NeXT dataset (Liu et al., 2024a). The
training hyperparameters are detailed in Table 5.

4.2 Evaluation Setting

Evaluation Benchmarks We evaluate SDAR-
VL-4B/8B on 21 benchmarks spanning four mul-
timodal ability categories. (1) General visual un-
derstanding and reliability: core perception, fac-
tuality, and robustness on MMBench (Liu et al.,
2024b), SEEDBench (Li et al., 2023), MME (Fu
et al.,, 2025a), MM-Vet (Yu et al., 2023), MM-
Star (Chen et al., 2024a), MMMU (Yue et al.,
2024), and HallusionBench (Guan et al., 2024).
(2) Mathematical and scientific reasoning: visual
math and science reasoning on MathVista (Lu
etal.,2023), MathVerse (Zhang et al., 2024), Math-
Vision (Wang et al., 2024b), and ScienceQA (Lu
et al., 2022). (3) Document-centric VQA: text-rich



Table 1: Performance on single-image benchmarks. Results marked with * are taken from prior work (see
Appendix C); all others are from our evaluations. Light-gray rows indicate the controlled group, which shares the
same vision tower, image processor, and closely matched training data as our models (external baselines additionally
marked with 7). Within this group, the best score for each benchmark is in bold.

‘MMBench SEEDBench MME MMVet MMStar MMMU HallBench MathVista

Model
‘ en-dev image test test test val avg mini
Closed-source Models
GPT-4V* 75.0 49.9 517/1409 49.9 57.1 56.8 - 49.9
GPT-40* - 76.2 - 76.2 - 69.1 - 63.8
Open-source Autoregressive Models
InternVL2-4B 77.4 73.3 1535/531 55.7 54.2 46.1 41.2 58.6
InternVL2-8B 82.7 75.4 1642/577 60.8 61.2 479 453 58.2
InternVL2_5-4B 82.6 74.9 1678/633 63.3 58.5 50.2 46.8 61.6
InternVL2_5-8B 84.1 77.1 1688/643  68.1 62.6 53.4 49.5 63.2
Qwen2-VL-7B 81.7 76.4 1673/641 66.5 61.1 50.4 494 61.3
Qwen2.5-VL-3B 79.8 73.9 1564/589 66.9 56.1 49.6 44.6 61.1
Qwen2.5-VL-7B 84.2 77.1 1683/624  70.7 65.4 55.1 52.3 69.7
LLaVA-OV-7Bf 82.1 76.7 1570/415 58.1 62.0 46.4 38.1 62.0
Discrete Diffusion Models
Dimple-8B* 74.6 - 1514/432 - - 452 - 423
LaViDA-L-8B* 70.5 - 1366/341 - - 433 - 44.8
LaViDA-O-8B* 76.4 - 1431/488 - - 45.1 - 56.9
MMaDA-8B* 68.5 - 1410/242 - - 30.2 - 33.7
LLaDA-V-8B*f 82.9 74.8 1507/491 - 60.1 48.6 - 59.7
Block-wise Discrete Diffusion Models
SDAR-VL-4B-Inst 78.7 75.4 1562/546 59.8 56.0 494 46.8 57.6
SDAR-VL-8B-Inst 82.2 75.5 1632/569 62.6 59.9 53.0 444 62.5
Model ‘MathVision MathVerse ScienceQA RealworldQA InfoVQA DocVQA ChartQA AI2D
‘ testmini  mini-vo/vd test test val/test  val/test test test
Closed-source Models
GPT-4V* - 32.8/- 75.7 61.4 - -/88.4 78.5 78.2
GPT-40* - 50.2/- - 58.6 - -/92.8 85.7 94.2
Open-source Autoregressive Models
InternVL2-4B 16.7 24.7/28.8 96.2 61.2 66.1/- 88.1/- 80.9 78.9
InternVL2-8B 19.2 24.2/32.2 97.2 64.7 73.0/- 91.0/- 82.2 83.7
InternVL2_5-4B 19.9 25.2/35.0 97.3 64.2 72.2/- 91.1/- 78.0 81.4
InternVL2_5-8B 18.8 27.2/39.9 98.1 69.4 75.5/- 92.0/- 82.8 84.5
Qwen2-VL-7B 18.7 25.7/32.9 86.1 70.4 76.3/- 93.9/- 83.1 83.1
Qwen2.5-VL-3B 21.0 35.6/38.6 81.7 65.2 76.1/- 92.9/- 84.1 81.2
Qwen2.5-VL-7B 25.2 42.7/44.6 89.3 68.5 82.2/- 94.9/- 86.2 84.8
LLaVA-OV-7B' 17.2 23.7/31.5 95.3 69.7 66.3/- 87.0/- 80.2  82.6
Discrete Diffusion Models
Dimple-8B* - - 77.1 - - - 634 744
LaViDA-8B* 20.4 -/27.2 80.2 - -/34.2 -/59.0 64.6  70.0
LaViDA-O-8B* - -/36.9 84.6 - -/44.6 -/73.7 80.0 76.7
MMaDA-8B* - -/13.5 55.8 - -/14.9 -/10.9 9.8 66.6
LLaDA-V-8B*f - -/28.5 - 63.2 66.3/- 83.9/- 78.3 77.8
Block-wise Discrete Diffusion Models
SDAR-VL-4B-Inst 21.3 33.5/38.9 89.8 67.6 70.5/- 86.9/- 81.8 79.1
SDAR-VL-8B-Inst 24.2 36.5/41.0 92.2 66.5 73.2/- 88.3/- 82.7 799




understanding on DocVQA (Mathew et al., 2021),
ChartQA (Masry et al., 2022), InfoVQA (Mathew
et al, 2022), and AI2D (Kembhavi et al.,
2016). (4) Multi-image and video understand-
ing: cross-image and temporal reasoning on
MuirBench (Wang et al., 2024a), BLINK (Fu
et al.,, 2024), MVBench (Li et al.,, 2024b),
VideoMME (Fu et al., 2025b), and MLVU (Zhou
et al., 2024). Details of the evaluation setup, met-
rics, and prompts are provided in Appendix C.

Baselines We primarily compare to autoregres-
sive vision—language models trained under set-
tings closely aligned with ours. Our training uses
the MAmmoTH (Guo et al., 2024) dataset, which
also underlies LLaVA-OneVision (Li et al., 2024a),
making model architecture, base language model,
vision encoder, and training budget broadly com-
parable. Accordingly, our main baselines are mod-
els of similar scale and configuration, including
InternVL-2 (OpenGVLab Team, 2024), Qwen2-
VL (Wang et al., 2024c), and LLaVA-OneVision-
OV (Li et al.,, 2024a), as well as newer itera-
tions Qwen2.5-VL (Bai et al., 2025) and InternVL-
2.5 (Chen et al., 2024b) to track progress across
model generations.

We also compare against diffusion-based lan-
guage models to contrast learning paradigms, in-
cluding Dimple (Yu et al., 2025b), LLaDA-V (You
et al., 2025), LaViDA (Li et al., 2025b), LaViDA-
O (Li et al., 2025a), and MMaDA (Yang et al.,
2025a). Among these, LLaDA-V uses the same
vision tower and training data configuration as our
models, enabling a controlled comparison that iso-
lates model design and optimization strategies.

Table 2: Performance on multi-image and video
benchmarks. Same notations as in Table 1. Rows
shaded in light gray indicate the controlled comparison
group, and the best results within this group are bold.

‘ MuirB BLINK VideoMME LVBench MLVU

Model
‘ multi-img multi-img ~ wo-subs val m-avg

GPT-4V* 62.3 51.1 59.9 61.3 49.2
GPT-40* - - 71.9 66.7 64.6
InternVL-2-4B 40.3 474 53.6 51.0 58.0
InternVL-2-8B 48.5 50.3 56.1 53.6 61.5
InternVL-2.5-4B 45.1 50.7 61.6 54.2 66.7
InternVL-2.5-8B 51.2 54.8 63.8 59.5 67.2
Qwen2-VL-7B 39.9 529 59.7 55.1 64.3
Qwen2.5-VL-3B 46.5 48.8 58.4 52.7 63.7
Qwen2.5-VL-7B 58.2 55.6 61.9 59.7 64.3
LLaVA-OV-7Bf 40.5 52.4 58.3 57.9 66.8
LLaDA-V-8B*f | 483 - 56.1 - 59.5
SDAR-VL-4B-Inst| 44.8 52.8 57.3 56.2 61.7
SDAR-VL-8B-Inst| 50.2 529 60.8 59.8 65.0

4.3 Main Results

We present the main evaluation results in Table 1
and Table 2. For fair comparisons, we highlight a
controlled group (shaded in gray) that shares the
same vision tower, image processor, and largely
matched training data configuration with our mod-
els; the best results within this group are boldfaced.
Across single-image, multi-image, and video set-
tings, SDAR-VL delivers strong and stable perfor-
mance, demonstrating the effectiveness of block-
wise discrete diffusion for multimodal learning.

Single-image benchmarks. As shown in Ta-
ble 1, SDAR-VL achieves strong performance
across general visual understanding, hallucina-
tion robustness, mathematical/scientific reasoning,
and document-centric VQA. Under the controlled
setting, our models consistently outperform the
closely matched diffusion baseline LLaDA-V and
lead the group on most benchmarks (14/21), in-
dicating robust perception and reliable reasoning
under matched architectures and data conditions.
Notably, our advantages are more pronounced on
reasoning- and text-rich tasks: the 8B model tops
the controlled group on MathVista, MathVision,
and MathVerse, while also achieving the best re-
sults on InfoVQA, DocVQA, and ChartQA. Be-
yond controlled comparisons, SDAR-VL surpasses
all discrete diffusion multimodal models and re-
mains competitive with strong autoregressive base-
lines. This competitiveness is notable given our
smaller training scale (~57B tokens) versus re-
ported scales of Qwen2-VL (~1.4T), Qwen2.5-VL
(~4.1T), and InternVL2.5 (252B/142B for 4B/8B).
We also observe consistent gains from 4B to 8B,
highlighting the benefit of scaling under the block-
wise discrete diffusion formulation.

Multi-image and video benchmarks. Table 2
further shows that SDAR-VL generalizes ef-
fectively to multi-image and video understand-
ing.  Within the controlled group, our 8B
model achieves the best performance on BLINK,
VideoMME, and LVBench, and remains competi-
tive on MLV U, demonstrating strong cross-image
and cross-frame aggregation ability. Compared
with the matched diffusion baseline LLaDA-V,
SDAR-VL shows consistent improvements across
shared tasks, suggesting that block-wise diffusion
provides a stronger foundation for multi-context
visual reasoning. Against broader open-source
baselines, our results are competitive overall, out-



Table 3: Comparison of reasoning model perfor-
mance before and after long Chain-of-Thought
(CoTl) distillation. ‘Inst’ denotes models prior to
long CoT distillation, while models with long CoT are
indicated accordingly. R1-OneVision is a long-Col-
distilled variant built upon a Qwen2.5-VL-7B model.

‘ MathVista MathVerse MathVision
Model
‘ mini mini-vision testmini

Qwen2.5-VL-7B* 63.7 38.2 254
R1-Onevision-7B* | 64.1 (10.6%) 40.0 (14.7%) 29.9 (117.7%0)
Lavida-8B* 44.8 27.2 20.4
Lavida-8B-Reason* | 45.2 (10.9%) 29.3 (17.7%) 24.0 (117.6%)
SDAR-VL-4B-Inst 57.6 33.5 21.3
SDAR-VL-4B-Think | 60.4 (14.9%) 38.6 (115.2%) 25.7 (120.7%)
SDAR-VL-8B-Inst 62.5 36.5 24.2
SDAR-VL-8B-Think | 64.2 (12.7%) 41.8 (114.5%) 28.0 (115.7%)

performing Qwen2.5-VL on LVBench and MLVU
while remaining close on VideoMME.

Effect of long CoT distillation. Table 3 shows
that SDAR-VL consistently benefits from long CoT
distillation, with clear gains on MathVista, Math-
Verse, and MathVision for both 4B and 8B vari-
ants. After distillation, SDAR-VL reaches strong
competitiveness against Col-enhanced autoregres-
sive baselines, achieving near-parity on MathVi-
sion and surpassing R1-OneVision on MathVista/-
MathVerse. In contrast, the full discrete diffusion
baseline (LaViDA) exhibits smaller improvements,
suggesting long CoT signals are easier to exploit
under the block-wise formulation. Overall, these
results indicate that SDAR-VL offers a more ef-
fective interface to distill long-form reasoning into
diffusion-based multimodal models.

Loss vs. t (Stage 1)

Loss vs. t (Stage 2)

Mean Loss
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Mask Ratio (t) Mask Ratio (t)

Figure 2: Correlation between mask ratio ¢ and av-
erage training loss at two stages. Each point is the
mean loss over samples with a fixed ¢; loss grows with
t, indicating that higher noise increases reconstruction
difficulty and motivating asynchronous noise schedul-
ing for more stable training.
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Figure 3: Training loss of ablation variants on the 4B
model during LLaVA-NeXT fine-tuning. Top: train-
ing loss for synchronous noise scheduling (SNS), asyn-
chronous scheduling (ABNS), and ABNS with effective
mask ratio scaling (EMRS). Bottom: loss variance for
SNS and ABNS, showing reduced fluctuation and im-
proved stability with ABNS.

4.4 Ablation Studies

To isolate the individual and combined effects
of the proposed SDAR-VL components (Sec. 3),
we perform controlled ablations on the 4B vari-
ant. All models follow the same two-stage proto-
col (Sec. 4.1): projector-only alignment and subse-
quent full-parameter fine-tuning on LLaVA-NeXT.

We start from a BD3 (Arriola et al., 2025; Cheng
et al., 2025) baseline with synchronous noise
scheduling (SNS), where a single mask ratio ¢ is
sampled per step for all blocks with 1/¢ loss scal-
ing. We then introduce a sequence of incremental
variants. ABNS replaces SNS with Asynchronous
Block-wise Noise Scheduling (Sec. 3.1), indepen-
dently sampling a noise ratio t; for each block to in-
crease in-step supervision diversity. ABNS+EMRS
further applies Effective Mask Ratio Scaling
(Sec. 3.2), normalizing the loss by the realized
mask ratio ¢, instead of the sampled ¢ to reduce
bias and gradient variance. ABNS+EMRS+Clamp
serves as a strong static baseline that restricts the
noise distribution to a high-noise uniform range
ty ~ U(0.45,0.95), emphasizing challenging re-
constructions but reducing exposure to low-noise
cases. Finally, ABNS+EMRS+PBNC corresponds
to the full SDAR-VL configuration and adopts the
Progressive Beta Distribution Noise Curriculum
(PBNC, Sec. 3.3), which gradually increases both
the mean and concentration (1, C) of the noise
distribution to balance diversity and difficulty; we
report results for two curriculum sharpness settings



Table 4: Ablation study of SDAR-VL components on the 4B model. We progressively add each component and
evaluate performance on nine benchmarks after fine-tuning on LLaVA-NeXT. Scores are reported as percentages.
The best result in each column is bolded. All models in this table use the same training budget.

Method ‘ SEEDBench MMStar MME DocVQA ChartQA AI2D MathVista ScienceQA HallBench
‘ image test perp/cog val test test mini test avg
Baseline (SNS) 71.6 46.2 14807326 68.2 65.4 71.9 41.6 754 36.8
ABNS 71.8 47.0 1482/327 68.1 67.4 72.0 40.2 74.9 37.5
ABNS + EMRS 72.1 475 1489/344 68.8 68.9 74.6 422 77.6 37.8
ABNS + EMRS + Clamp 72.6 48.2 1490/344 70.2 68.1 73.6 419 75.4 36.5
ABNS + EMRS + PBNC (c=25) 73.5 47.7 1501/331 69.4 69.3 74.5 43.8 77.8 38.4
ABNS + EMRS + PBNC (c=50) 73.5 48.5 1515/336 70.2 68.2 74.4 42.7 77.6 40.1

with Cpai=25 and Clipa=50.
4.4.1 Mask Ratio-Loss Analysis

To motivate asynchronous noise scheduling, we an-
alyze how reconstruction difficulty varies with the
mask ratio . Using checkpoints from two stages
(the initial stage and LLaVA-NeXT fine-tuning),
we evaluate a fixed 10k subset of LLaVA-NeXT
and compute the mean loss for each discrete ¢.

As shown in Figure 2, the loss increases mono-
tonically with ¢, with strong positive Spearman cor-
relations in both stages. This indicates that higher
mask ratios correspond to harder reconstruc-
tions and thus larger losses. Consequently, un-
der synchronous scheduling, sampling a single ¢
per step can translate directly into substantial step-
to-step loss variance, potentially destabilizing op-
timization. In contrast, asynchronous block-wise
noise scheduling (ABNS) assigns diverse mask ra-
tios tp across blocks within a step, effectively av-
eraging over a richer ¢ distribution and smoothing
loss fluctuations to improve training stability.

4.4.2 Training Loss Dynamics

We next analyze training loss curves of three
configurations:  synchronous scheduler (SNS),
asynchronous block-wise scheduler (ABNS), and
ABNS with mask ratio scaling (EMRS).

Figure 3 (top) shows the average training loss
during LLaVA-NeXT fine-tuning. ABNS and SNS
exhibit similar mean loss trends, whereas EMRS
consistently lowers the loss and improves conver-
gence stability, indicating more effective optimiza-
tion via unbiased loss scaling. The bottom sub-
plot shows that ABNS markedly reduces loss vari-
ance despite comparable mean loss, underscoring
its key role in stabilizing training.

Due to the strong dependence of loss magni-
tude on ¢, plotting loss curves across different
noise schedulers with varying mask ratio scalings
(e.g., clamp or progressive beta) is not meaningful.

Hence, those are excluded from loss curve plots but
evaluated in downstream benchmarks.

4.4.3 Downstream Task Performance

Table 4 presents ablations on the 4B model with
identical training budget across nine benchmarks.
Relative to SNS, ABNS yields modest gains on
ChartQA, MMStar, and HallBench, indicating lim-
ited but positive effects from increased in-step
noise diversity. EMRS brings broader improve-
ments across most tasks, notably on MME cogni-
tion and ScienceQA, suggesting more stable opti-
mization via unbiased scaling. Clamp improves
select scores (e.g., DocVQA) but hurts robustness,
revealing a non-trivial coverage—diversity trade-
off. PBNC best resolves this trade-off and deliv-
ers the strongest overall performance; Cfpa=25
tends to favor reasoning- and text-rich tasks, while
Ciina1=50 strengthens general understanding and
hallucination robustness. Overall, ABNS, EMRS,
and PBNC provide complementary benefits, and
the full SDAR-VL setup achieves the best results.

5 Conclusion

We introduced SDAR-VL, a block-wise discrete
diffusion framework for vision-language under-
standing that stabilizes BD3 training via asyn-
chronous block-wise noise scheduling, effective
mask ratio scaling, and a progressive Beta noise
curriculum. Across 21 benchmarks, SDAR-VL
sets a new state of the art among diffusion-based
vision-language models and, under matched set-
tings, outperforms the diffusion baseline LLaDA-
V as well as autoregressive LLaVA-OneVision.
With long CoT distillation, SDAR-VL-Think fur-
ther reaches parity with or surpasses Col-enhanced
autoregressive baselines such as the Qwen2.5-VL-
based R1-OneVision on math-centric benchmarks,
highlighting block-wise discrete diffusion as a
practical backbone for multimodal reasoning.



6 Limitations

While SDAR-VL demonstrates that block-wise
discrete diffusion is a competitive backbone for
vision-language understanding, several limitations
remain that merit future investigation:

Model Scaling and Compute Constraints. Due
to academic computational resource constraints,
our experiments are limited to the 4B and 8B pa-
rameter scales. While we observe positive scaling
trends between these two sizes, it remains to be
verified whether the stability and efficiency gains
of the SDAR-VL framework hold at the scales of
30B or 70B+ parameters, where diffusion-based
loss scaling dynamics can become more complex
and unpredictable.

Scope of Generality and Unified Generation.
The fundamental advantage of diffusion models
lies in their modeling universality—the ability to
handle continuous and discrete modalities within
a single framework. However, due to scope and re-
source considerations, this work prioritizes solving
the fundamental bottlenecks of training efficiency
and stability for block-wise diffusion, restricting
our evaluation to multimodal understanding (i.e.,
text generation). Consequently, we have not yet ex-
ploited the model’s capacity for generating visual
or auditory content. We believe the next frontier
will likely be Multimodal Native Diffusion, where
a single diffusion transformer generates text, im-
age, and audio tokens in a unified denoising pro-
cess, finally fulfilling the promise of true general-
purpose generative models.
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A Related Work
A.1 Large Language Diffusion Models

The paradigm of sequence generation has recently
seen the emergence of diffusion models as a com-
pelling alternative to traditional autoregressive ap-
proaches (Nie et al., 2025; Gong et al., 2024; Zhu
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et al., 2025b; Cheng et al., 2025). Unlike AR mod-
els that predict sequences token-by-token, discrete
diffusion models treat generation as a denoising
process, learning to reverse a gradual corruption of
data (Austin et al., 2021; Gulrajani and Hashimoto,
2023; Lou et al., 2024; Sahoo et al., 2024; Ar-
riola et al., 2025). Among these, masked diffu-
sion has become the de facto standard, where the
model learns to restore original tokens from a se-
quence corrupted with ‘MASK]’ tokens at vari-
ous noise levels (Austin et al., 2021; Sahoo et al.,
2024). This architectural shift offers several fun-
damental advantages. First, it enables parallel de-
coding, directly addressing the high latency inher-
ent in the sequential nature of AR inference (Zhang
et al., 2025). Second, by relaxing the strict left-to-
right causal bias, diffusion models possess a bidi-
rectional context, an inductive bias better suited for
tasks requiring holistic reasoning and non-local de-
pendency modeling (Ye et al., 2024a, 2025). This
flexibility also hints at broader capabilities, such
as iterative self-correction, flexible generation or-
ders (e.g., infilling) and a more generalized model-
ing framework (Yu et al., 2025a; Ji et al., 2025; Ye
et al., 2024b). This trend has recently culminated
in hybrid architectures like block-wise diffusion,
which fuse a global autoregressive structure with
local parallel diffusion, preserving causal flow for
variable-length generation while benefiting from
intra-block parallelism (Arriola et al., 2025; Cheng
et al., 2025; Wang et al., 2025b; Wu et al., 2025a).

A.2 Multimodal Large Language Diffusion
Models

Inspired by successes in language, discrete diffu-
sion has been extended to the multimodal domain,
first targeting understanding tasks. Pioneering
works like LLaDA (Zhu et al., 2025a), LaViDA (Li
et al., 2025b), and Dimple (Yu et al., 2025b) es-
tablished the paradigm: image and text features
are concatenated and denoised as a single se-
quence via a global masked diffusion process. This
foundation was quickly built upon by more ambi-
tious efforts toward a unified architecture for both
understanding and generation, such as Lumina-
DiMOO (Xin et al., 2025), MMaDA (Yang et al.,
2025a), Lavida-O (Li et al., 2025a) and Mud-
dit (Shi et al., 2025), which frame all tasks within
a single, elegant denoising framework.

However, this rapid pursuit of unification has
exposed a foundational weakness. These models,
whether for understanding or generation, predomi-



nantly rely on a global diffusion process. This ap-
proach suffers from crippling quadratic complex-
ity and a notoriously difficult learning objective
when applied to long, mixed-modality sequences,
often resulting in “suboptimal performance” on
complex reasoning tasks (You et al., 2025; Xin
et al., 2025). We argue that a robust and effi-
cient understanding model is a prerequisite for
any unified system. Consequently, we are the
first to systematically apply the block-wise diffu-
sion paradigm (Arriola et al., 2025; Cheng et al.,
2025) to this problem. Our approach circumvents
the scalability issues of global diffusion by com-
bining intra-block parallel denoising with an effi-
cient inter-block autoregressive structure, creating
a more powerful and practical foundation for mul-
timodal understanding.

B Theoretical Analysis of SDAR-VL

In this section, we formalize the training dynam-
ics of BD3 and SDAR-VL and show that: (i) asyn-
chronous block-wise noise scheduling strictly re-
duces the variance of the stochastic gradient esti-
mator (thus stabilizing training), and (ii) the stan-
dard BD3 loss scaling based on the sampled noise
ratio tp is a biased estimate of an ideal NELBO ob-
jective, while our effective mask ratio ¢} yields an
unbiased estimator.

Throughout, we focus on a single block b within
a sequence and treat the contribution of that block
to the loss or to a particular gradient coordinate as
a scalar random variable Z. All statements there-
fore apply coordinate-wise to the full gradient vec-
tor. For notational simplicity, we omit the explicit
dependence on x and € whenever it is clear from
context.

B.1 Theoretical Setup and Notation

For a given training step, consider a sequence
x decomposed into B blocks, and a noise level
t sampled from a scheduling distribution P(- |
7). Given t, a binary mask m € {0,1}* of
block length ' is sampled (e.g., via independent

Bernoulli or more structured masking), inducing
the realized or effective mask ratio

o llmlly
t="7

(10)

For block b, we denote the corresponding block-
level loss by

bt b _<b
by = E - logp@(:lcO | x4, , ),
eMp,

1)
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where be is the set of masked positions in block

b under the mask m®.

To analyze variance and bias, we abstract the
contribution of block b at a given step into a scalar
random variable

Z = Z(ty, m"), (12)

which can be either the block loss itself Z = £,

or any fixed linear functional of the gradient, e.g.
Z = u' Vyl, for some fixed vector u. For a given
noise level ¢, define

p(t) :=E[Z|t], o>(t):=Var(Z]|t). (13)

Expectations are taken over data, masks, and any
other randomness conditioned on ¢.

B.2 Variance reduction via asynchronous
block-wise noise scheduling

We compare two ways of sampling the noise levels
for a batch of B blocks:

* Synchronous schedule: A single noise level
t is sampled from P(- | 7) and shared
by all B blocks in the sequence. Condi-
tioned on ¢, we obtain i.i.d. block contribu-

tions Z1,...,Zp il | ¢, and the batch-

level estimator is

B
_ 1
Lsyne = — Zp. 14
- B; b (14)

* Asynchronous block-wise schedule: Each
block b independently samples its own noise

level t;, ~ P(- | 7) and mask m”. Thus,
(ty, Zp) are i.i.d. across blocks, and the batch-
level estimator is

_ 1 E
Zasync = E bz:; L. (15)

Note that the same notation Z is used in both
cases, but in the synchronous setting all Z; share
the same t, whereas in the asynchronous set-
ting each Z; is associated with an independently
drawn t;.

Lemma 1 (Unchanged expectation). Under the
two sampling schemes above, the estimators Zy,.
and Zsync have the same expectation:
E[Zoync] = E[Zasyne] = E[Z]. (16)

Proof. By the law of total expectation,
E{Zune] = Ee [E[Zune | 1] = Eefu(t)] =E[2).  (7)

In the asynchronous setting, (Z)Z , are i.i.d.
copies of Z, so

B
]E[Zasync} = E[% Z Zb:| = ]E[Z] (18)
b=1



Lemma 2 (Variance reduction). Assume B >
2 and that the conditional mean (¢) is not almost
surely constant as a function of ¢, i.e. Var,(u(t)) >
0. Then

Var(Zum) = 3 (Blo(©)] + Vari (u(®),  (19)

n %]Et 02(1)].

Var(Zgync) = Varg(uu(t)) (20)

Subtracting (19) from (20) gives
Var(Zogne) — Var(Zusgne) = (1 - g) Vare (u(t)). (1)

This quantity is strictly positive whenever B > 1

and Var(pu(t)) > 0.
Proof. For the synchronous scheme, we apply
the law of total variance:

Var(Zgyne) = Var(E[Zyne | t]) + E[Var(Zyne | 1)]. (22)

Conditioned on ¢, the Z;, are i.i.d. with conditional
mean £(t) and variance o(t), whence
_ _ 1
E[Zoyne | t] = p(t),  Var(Zyne | ) = Eaz(t). (23)
Substituting gives (20). In the asynchronous
scheme, (Z)$_, are i.i.d. draws from the marginal
distribution of 7, so

Var( 7async) = %VHT(Z) (24)
Again by the law of total variance,
Var(Z) = Ei[0 (1)] + Var, (u(t)), (25)

which yields (19). The difference (21) then follows
directly. g

Remark 1 (Training stability). Lemma 2 shows
that for any fixed noise distribution P(- | 7)
and model parameters 6, asynchronous block-wise
noise scheduling leaves the expectation of the
batch estimator unchanged (Lemma 1) while reduc-
ing its variance by (1 — 1/B)Var(u(t)). Empiri-
cally, we observe a strong dependence of the loss
on the noise level ¢, which implies that Var,(p(t))
is non-negligible. In this regime, asynchronous
scheduling stabilizes training by averaging over
multiple noise levels within a single step, rather
than concentrating the variability induced by dif-
ferent ¢ across different steps.

B.3 Bias of standard loss scaling and
unbiasedness of the effective mask ratio

We now formalize the bias introduced by the stan-
dard BD3 loss scaling using the sampled ratio tp,
and show that replacing ¢; with the realized mask
ratio t; restores an unbiased estimate of a natural
NELBO objective.
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Ideal objective based on realized corruption.
Intuitively, the “strength” of supervision con-
tributed by block b should be proportional to the
actual fraction of tokens that are masked, rather
than the nominal target ¢;. This motivates the fol-
lowing ideal objective:

7

Here ¢} is drawn from the scheduling distribution
P(- | 7), and m? is sampled conditioned on ;.

£r(0) = IE[ - 26)

Standard BD3 scaling as a biased estimator.
In the standard BD3 framework, the block-wise
contribution is scaled by the sampled noise ratio t:

V= —f—b, Lo(0) :=E[V]. 27
b
Comparing Ly(0) with the ideal objective £*(0)

in (26) gives a precise expression for the bias.

Lemma 3 (Bias of standard BD3 scaling). The
standard BD3 objective L (6) is in general a biased
approximation of £*(6):

1 1

z:o(e)fz*(e):E[fzb(gfg)]. 28)

Unless t;, = t; almost surely, the right-hand side is
non-zero whenever ¢, correlates with the realized

corruption level.
Proof. By definition,

o)

W (29)

Lo(0) :E[ £ (6) :E[

&
— E}
Subtracting these gives (28). If ¢, # ¢} with posi-
tive probability and the loss ¢; depends monotoni-
cally on the realized corruption level t;, then ¢}, is

non-trivially correlated with % — ti,, and the expec-
b
tation in (28) does not vanish.
It is sometimes useful to decompose the bias in
terms of mean and covariance:
() = 1
Lo(6) — L7(8) = E[ts] E[tg tb]

1 1
(E y L - 7)7
-+ Cov b tb té

(30)

highlighting that the mismatch between t; and ¢,
distorts the relative weighting of easier and harder
blocks.

A simple approximation illustrating the depen-
dence on block size. To obtain further intu-
ition, consider the following stylized approxima-
tion. Suppose that, for a fixed block length L', the
block loss can be expressed as
Oy = L't} h(ty,), 3D
where h(t') denotes the average negative log-
likelihood per masked token at realized mask ratio



t'. Empirically, h is non-decreasing and often con-

vex in t': higher corruption ratios lead to more diffi-
cult reconstructions. Assume that the mask is sam-
pled via independent Bernoulli(;) trials, so that

ty = ty+e, Ele | ts]) =0, Var(e | tp) =

(32)
In this approximation, the difference between the
two block contributions becomes

by by N by
—U:=——4+— =~ —L'h(ty)(=>—1 =——
V-u tb+tg (b)(tb ) v t
(33)

A second-order Taylor expansion of h(t}) around
tp and taking conditional expectations over ¢ yields
a bias term that scales proportionally to Var(e |
ty) o< 1/L'. Thus, the discrepancy between
t, and tg—and hence the bias in (28)—is most
pronounced for small blocks (small L’) or high-
variance masking schemes.

Effective mask ratio as an unbiased estimator.
Our proposed effective mask ratio replaces t; with

the realized ratio ¢; in the scaling factor:

b

Lau(0) ::IE[ 7| (34)
b

Lemma 4 (Unbiasedness of effective mask ra-
tio). For any parameter 6,

Lav(0) = L*(6). 35)

Under standard regularity assumptions (e.g., dom-
inated convergence),

VoLau(0) = VoL ().
(36)
In other words, using ¢; in the normalization yields
an unbiased estimator of the ideal objective (26)
and its gradient.
Proof. By definition, Lau() = E[—(y/t)],
which coincides with £*(#) in (26). Under the

stated regularity conditions, differentiation and ex-
pectation can be interchanged, giving

VoLlau(d) = IE[ - V%fb]

Vol
t

VoLau(0) = ]E[ ] = VoL*(0). 37
Remark 2 (Interaction with asynchronous
scheduling). Combining Lemma 2 and
Lemma 4, SDAR-VL can be viewed as opti-
mizing the ideal objective L£*(#) using: (i) an
unbiased, variance-reduced gradient estimator
achieved by asynchronous block-wise noise sam-
pling, and (ii) an unbiased scaling of each block’s
contribution based on its realized corruption level
t,. Together, these modifications remove a sys-
tematic mis-scaling present in the standard BD3
objective and reduce gradient variance, leading to
more stable training dynamics in practice.

ty(1 —ty)
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C Experiments

C.1 Training Setting

Datasets and Training Stages Our training cur-
riculum follows a sequential, multi-stage approach
designed to progressively build the model’s capa-
bilities. The main training pipeline consists of
six steps, which are organized into four stages, as
detailed below. The specific hyperparameters for
each step are provided in Appendix C.1, Table 5.

» Stage 1: Vision-Language Alignment. We
begin by pre-training on the LLaVA-Pretrain
dataset (Liu et al., 2023). This initial stage is
dedicated to aligning the projector, connect-
ing the visual features from the vision tower
to the language model’s embedding space.

» Stage 2: Capability Expansion. In the sec-
ond stage, we fine-tune the model on the
comprehensive MAmmoTH-VL dataset (Guo
etal., 2024). This is done sequentially, first on
M-SI (10M single-image samples) and then
on M-OV (2M diverse-modality samples), to
equip the model with a broad understanding
of multimodal concepts.

* Stage 3: Reasoning Enhancement. This
stage focuses on enhancing complex reason-
ing. We first fine-tune on the reasoning-
centric VisualWeblnstruct (VW) dataset (Jia
et al., 2025). To further cultivate balanced
reasoning skills, we conclude training with a
mixture of M-OV and VW data.

» Stage 4: Long CoT Distillation. We fur-
ther distill long-form chain-of-thought rea-
soning by fine-tuning SDAR-VL-Instruct on
RI-OneVision (Yang et al., 2025b). This
step injects multi-step reasoning patterns and
yields SDAR-VL-Think, which improves per-
formance on challenging math benchmarks.

C.2 Evaluation Setting

Evaluation Protocol For SDAR-VL, we adopt
block-inference-based low-confidence greedy
static decoding, with both the block length and
the number of denoising steps fixed to 4. The
decoding procedure follows SDAR (Cheng et al.,
2025). Unless otherwise specified, all reported
results for SDAR-VL use this configuration.

For the open-source baselines in Table 1, in-
cluding the InternVL series, Qwen-VL series, and



Table 5: Training Hyperparameters and Datasets. We detail the configurations for each sequential training
stage. M-SI and M-OV denote the single-image and one-vision subsets of MAmmoTH (Guo et al., 2024), while
VW represents VisualWeblnstruct (Jia et al., 2025). Our model is trained on the first five datasets sequentially. The
final dataset, LLaVA-NeXT (Liu et al., 2024a), is used for full fine-tuning in our ablation studies (Sec. 4.4). The
presented settings are applied consistently for training both the 4B and 8B versions of our model.

Training Data | LLaVA-Pretrain | M-SI | M-OV VW | M-OV+VW | R1-Onevision | LLaVA-NeXT
Vision Tower SigLIP-2-S0400m-patch14-384 (Tschannen et al., 2025)

Language Tower SDAR-Chat (4B and 8B) (Cheng et al., 2025)

Attention Mechanism Blockwise Attention

Batch Size 32 64 64 64 64 32 32
Packing Length 8192 16384 16384 16384 16384 16384 8192

# Samples 558K 10M 2M 900K 3M 155K 738K
Epochs 2 1 1 1 1 3 1
Training Tokens 1.1B 33.8B 9.3B 1.8B 11.1B 2.6B 2.7B
LR of Vision Tower — 2x107% | 2x1076 | 2x 1076 | 2x 1076 2 x 1076 2 x 107°
LR of Language Tower — 1x107° | 1x107° [ 1x107° | 1x107° 1x107° 1x107°
LR of Projector 1x1073 1x107° [ 1x107° | 1x 1075 | 1x 1073 1x107° 1x107°

LLaVA-OneVision-OV models, we run local eval-
uations using the VLMEval-Kit framework (Duan
etal., 2025) with standard greedy decoding and the
default evaluation configurations provided by the
toolkit. The multi-image and video results in Ta-
ble 2 follow the same evaluation setup and sources
as Table 1. For closed-source models, the GPT-
4V and GPT-4o results are directly taken from the
LLaVA-OneVision paper (Li et al., 2024a). For dis-
crete diffusion baselines in Table 1, the LLaDA-
V scores are from its original paper (You et al.,
2025), while the remaining diffusion-based results
are taken from LaViDA-O (Li et al., 2025a). For
the reasoning-focused comparison in Table 3, we
use the Qwen2.5-VL and R1-OneVision-7B results
reported in R1-OneVision (Yang et al., 2025b), and
the LaViDA-8B results reported in LaViDA (Li
et al., 2025b).

Evaluation Benchmarks To comprehensively
assess the capabilities of our SDAR-VL models
(4B and 8B), we conduct an extensive evaluation
across a diverse suite of 21 established bench-
marks. These benchmarks are carefully selected
to probe a wide spectrum of multimodal abilities,
from foundational visual perception to complex,
high-level reasoning. The evaluation suite is orga-
nized into four key categories:

* General Visual Understanding & Reliabil-
ity: We assess core vision-language capa-
bilities and factual correctness using estab-
lished benchmarks, including MMBench (Liu
et al., 2024b), SeedBench (Li et al., 2023),
MME (Fu et al., 2025a), MM-Vet (Yu et al.,
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2023), and MMStar (Chen et al., 2024a).
To assess knowledge-intensive understand-
ing, we evaluate on MMMU (Yue et al.,
2024). In addition, we evaluate robustness

against object hallucination using Hallusion-
Bench (Guan et al., 2024).

* Mathematical and Scientific Reasoning:
We test advanced reasoning skills on bench-
marks requiring complex problem-solving.
This includes MathVista (Lu et al., 2023),
MathVerse (Zhang et al., 2024) (for which
we use chain-of-thought (Col') decoding; in
Table 1, “vo” and “vd” denote the vision-
only and vision-dominant settings, respec-
tively), and MathVision (Wang et al., 2024b)
for mathematical reasoning in visual contexts,
and ScienceQA (Lu et al., 2022) for multi-
modal scientific question answering.

¢ Document-centric VQA: We evaluate
the model’s ability to understand and rea-
son over text-rich images across diverse
formats using DocVQA (Mathew et al.,

2021), ChartQA (Masry et al.,, 2022),
InfoVQA (Mathew et al., 2022), and
AI2D (Kembhavi et al., 2016).

* Multi-image and Video Understand-

ing: We evaluate multi-image reasoning
with MuirBench (Wang et al., 2024a) and
BLINK (Fu et al.,, 2024). For video un-
derstanding, we use MVBench (Li et al,
2024b), VideoMME (Fu et al., 2025b), and
MLVU (Zhou et al., 2024) to assess temporal



comprehension and cross-frame aggregation. . .
p gareg characteristic of Renaissance art.

2. Donatello’s Style: Donatello was an Italian sculptor of
the early Renaissance period, known for his detailed and
. expressive sculptures. His works often feature human fig-
Case D.1: HallusionBench ures with a high degree of realism and emotional expres-
sion.
g 3. Comparison to Known Works: Donatello’s famous
works include "David,” ”St. George,” and "The Feast of
Herod.” These sculptures are known for their intricate de-
tails, dynamic compositions, and the use of perspective.
4. Analysis of the Image: The relief sculpture in the im-
age exhibits similar characteristics to Donatello’s works:
The figures are depicted with a high level of detail and re-
alism. The composition is dynamic, with figures arranged
in a way that suggests movement and interaction.
The use of perspective and the three-dimensional of the
figures are indicative of Donatello’s style.
5. Conclusion: Based on the stylistic similarities between
the artwork in the image and Donatello’s known works,
it is reasonable to conclude that this artwork was indeed
created by Donatello.
Ground-truth answer: Yes Therefore, the answer is: Yes.
Model output (SDAR-VL-Instruct-8B):
To determine if the two yellow lines are the same length,
we need to analyze the image and compare the lengths of
the yellow lines.

D Example Appendix

Question: Are the two yellow lines the same length?

Case D.3: MMMU: Financial Accounting

1. Identify the Yellow Lines: ) Hudson Alexander, Capital Dec. 1 $175,300
The first yellow line is lqcated near the top of the image. Dec. revenue 56,400
The second yellow line is located near the bottom of the Dec. expenses 59,800
image.

2. Compare the Lengths:

Visually inspect the lengths of both yellow lines. Question: Here are facts for the Hudson Roofing Com-
Note that both yellow lines appear to span the same hori- pany for December. <image 1> Assuming no investments
zontal distance across the image. or withdrawals, what is the ending balance in the owners’
3. Conclusion: capital account?

Based on the visual comparison, it can be concluded that A $171,900 B $170,000 C $172,500 D $181,900
the two yellow lines are indeed the same length. Ground-truth answer: Yes

Therefore, the answer is yes.

Case D.2: MME: artwork

Model output (SDAR-VL-Instruct-8B):

To determine the ending balance in the owners’ capital ac-
count, we need to consider the initial capital, the revenue,
and the expenses for the month of December.

1. Initial Capital: The starting capital is $175,300.

2. Revenue: The revenue for December is $56,400.

3. Expenses: The expenses for December are $59,800.
To find the ending balance, we add the revenue
to the initial capital and then subtract the expenses:
Ending Balance = Initial Capital 4+ Revenue — Expenses
Ending Balance = 175, 300 + 56,400 — 59, 800
Ending Balance = 171, 900

Therefore, the ending balance in the owners’ capital ac-
count is $171,900. The correct answer is A.

Case D.4: MMbench: finegrained_perception

Uniied Denmang Litnuania
Kingdom

- Bel
wtand o Netherlands gong  POland —

e o Waisaw i
Belgium g
Patis Czechia

Question: Is this artwork created by donatello? Please R
answer yes or no. e

Slovahia MBI
Austria Moldava
‘ Hungary
Lo - Romania
Croatis
Warseille Serbla
3 Italy =
Barcaons sRome Bulgaria Georgia

sk Son

Ground-truth answer: Yes

Wadril o
Portugal Mad Siangu Akoes Azerbaljan

Model output (SDAR-VL-Instruct-8B): Lison Spain I Grekee e

Alglers Tunis v
e - ahens Tahean
a7t i

To determine if the artwork in the image was created by et i e

Donatello, we need to analyze the style and characteristics Tumsi | PR "
lorocco Israel i

of the artwork and compare them to Donatello’s known i i

works.

1. Identify the Artwork: The image shows a detailed Question: What direction is Czechia in the Mediter-
relief sculpture with figures in dynamic poses, which is ranean Sea?
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A.east B.south C.west D.north
Ground-truth answer: D

Model output (SDAR-VL-Instruct-8B):

To determine the direction of Czechia relative to the
Mediterranean Sea, we need to analyze the geographical
positions of both locations on the map.

1. Identify the Mediterranean Sea: The Mediterranean
Sea is located in the southern part of Europe, bordered by
countries such as Spain, France, Italy, Greece, and others.
2. Locate Czechia: Czechia is situated in Central Europe,
bordered by countries such as Poland, Slovakia, Austria,
Germany, and the Czech Republic.

3. Determine the Direction:

The Mediterranean Sea is to the south of Czechia.
Therefore, Czechia is to the north of the Mediterranean
Sea.

Given these observations, the correct answer is:

D. north

B alamy stock photo

Question: Which object is closest to the crowd in the im-
age?
A Airliner B TrainTrain ClJet D None of the above

Ground-truth answer: A

Model output (SDAR-VL-Instruct-8B):

To solve the problem, I will analyze the image to identify
the object closest to the crowd. I will describe the im-
age, focusing on the relevant details, and then use logical
reasoning to determine the correct answer from the given
options.

The image shows a large crowd of people gathered on a
grassy area near arunway. A large airliner is visible on the
runway, with its nose pointing towards the crowd. There
is also a train track adjacent to the crowd, but a train is not
visible in the image.

The question asks which object is closest to the crowd.
The airliner is positioned on the runway, close to the
crowd. The train track is next to the crowd, but no train is
present. Therefore, the airliner is the object closest to the
crowd.

A

Case D.6: Mathverse: geometry (angle)

As shown in the figure, AB parallel CD, EG bisects angle BEF,
then angle 2 is equal to ()
Choices: A:50° B:60° C:65° D:90°

C /F \5OO G\ D

Question: According to the question shown in the image,
first provide your reasoning, then give the measure of an-
gle 2 and the correct option letter (A-D).

Ground-truth answer: 65° (option C).

Model output (SDAR-VL-Think-8B):

<think>

Okay, so I'm trying to solve this geometry problem. Let
me analyze the image directly. The image shows two par-
allel lines, AB and CD, with a transversal EG intersecting
them. Line EG bisects angle BEF, and there’s an angle
marked as 50 degrees at point F. The question asks for
the measure of angle 2, which is equal to angle EGF.
First, let’s focus on the parallel lines AB and CD. Since
EG is a transversal, it creates corresponding angles and
alternate interior angles. The image shows that EG bisects
angle BEF, meaning it splits angle BEF into two equal
parts.

Given that angle F is 50 degrees, and considering the prop-
erties of parallel lines, angle BEF must be supplementary
to angle F. Therefore, angle BEF is 180 degrees minus
50 degrees, which equals 130 degrees. Since EG bisects
angle BEF, each of the two angles created by the bisector
will be half of 130 degrees, i.e., 65 degrees.

This means angles BEG and FEG are both 65 degrees.
Now, consider angle EGF: since EG is a transversal and
bisects angle BEF, angle EGF is one of the angles created
by the bisector. Therefore, angle EGF is 65 degrees. Thus,
angle 2, which is equal to angle EGF, is also 65 degrees.
</think>

The measure of angle 2 is 65 degrees, which corresponds
to option C. Answer: C.

Case D.7: Mathverse: analytic geometry

Find the equation of the hyperbola.
y

Foci

/"/_ (-1.3)
/ Center

(-1.0)

Vertices

Question: Find the equation of the hyperbola.




2 2
Ground-truth answer: % — w =1.
Model output (SDAR-VL-Think-8B):

<think>

Okay, so I need to figure out the equation of the hyper-
bola based on the image provided. Let me start by recall-
ing what I know about hyperbolas. A hyperbola is a type
of conic section that has two separate branches. The stan-
dard form of its equation depends on whether it’s oriented
horizontally or vertically.

As seen in the image, the center is at (—1,0), which
means the hyperbola is shifted to the left by 1 unit. The
center is also the midpoint between the vertices, which
are at (—1,3) and (—1, —3). Since both vertices have the
same x-coordinate, they lie vertically above and below the
center. This indicates that the hyperbola is vertical, mean-
ing its transverse axis is along the y-axis.

For a vertical hyperbola, the standard form of the equation

2 132

is (y Qk) _ bzh) = 1, where (h, k) is the center.
a

In this case, h = —1 and k = 0, so the equation becomes

v @+

a2 2

Next, I need to determine the values of a and b. The dis-
tance from the center to each vertex is a. Since the vertices
are at (—1, 3) and (—1, —3), the distance from the center
(—21, 0) to each vertex is 3 units. Therefore, a = 3, so
a® =09.

The foci of the hyperbola are at (—1,3v/2) and
(—1,—3+/2). The distance from the center to each focus

is ¢ = 3v/2. For a hyperbola, the relationship between a,
b, and cis ¢ = a® + b2 Plugging in the known values

gives ¢ = 18and a® = 9,50 b> =18 —9 = 9.
2

Putting everything together, the equation becomes % —

@+1?

9
</think>
Step-by-step summary. (1) Identify the center at
(—=1,0). (2) Use the vertical vertices (—1,+3) to get
a® = 9. (3) Use the foci (—1,+3+/2) to get ¢ = 18
and hence b> = 9. (4) Substitute into the standard form
of a vertical hyperbola.

y?  (z+1)*

A = 1.
nswer 9

Case D.8: Mathvision: metric geometry

Question: Question: A circle K is inscribed in a quarter
circle with radius 6 as shown in the figure. What is the
radius of circle K?

(A) °52 (B) 22 (0) 2.5 (D) 3 (B) 6(v2 — 1)
Ground-truth answer: E

Model output (SDAR-VL-Think-8B):
<think>

Okay, so I have this geometry problem involving a circle
inscribed in a quarter circle. The quarter circle has a ra-
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dius of 6, and I need to find the radius of the smaller circle
K.

First, let’s consider the image itself. The image shows a
quarter circle with a radius of 6, and inside it, there’s a
smaller circle K that is tangent to both the arc and the
two sides of the quarter circle. This means the smaller
circle K is touching the curved part of the quarter circle
and the two straight sides.

Next, let’s focus on the positioning of the smaller circle
K. As seen in the image, the center of the smaller circle
K is at a distance equal to its radius from both sides of
the quarter circle. If we place the quarter circle in a coor-
dinate system with its center at the origin (0,0), the two
sides of the quarter circle would be along the x-axis and
y-axis. The center of the smaller circle K would then be
at some point (r, r), where r is the radius of the smaller
circle.

Now, let’s consider the distance from the center of the
smaller circle K to the arc of the quarter circle. This dis-
tance is the radius of the quarter circle minus the radius of
the smaller circle, which is 6 - r. However, this distance is
also the hypotenuse of a right triangle with legs of length
r each. Therefore, we can use the Pythagorean theorem to
express this distance as V2 412 =212 = ry/2.
Setting these two expressions for the distance equal to
each other, we get:

6—1r=rV2
Solving for r, we rearrange the equation:

6=r+rv2

6=r(1+?2)
6
"Tir

To rationalize the denominator, we multiply the numerator
and the denominator by the conjugate of the denominator:

__ 6(1-v2)
1+ V2)(1-Vv2)
_ 60— v3)
T
_ 60— v3)
==
r=—6(1—+2)
r=6(v2-1)

Thus, the radius of the smaller circle K is 6(v/2 — 1).
Answer: E
</think>

The radius of the smaller circle inscribed in the quarter
circle is calculated using geometric relationships and the
Pythagorean theorem. By setting up an equation based on
the distances from the center of the smaller circle to the
sides and the arc, we determine that the radius is 6(+/2 —
1).

Answer: E
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