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Supplementary Material

1. Experimental Details

1.1. Benchmarks

We conduct our experiments across a diverse suite of multi-
modal benchmarks. For image understanding, we evaluate
on ten datasets: MME [4], SQA [14], GQA [6], POPE [9],
MMB [12], TVQA [19], CQA [15], MMMUP [21], IVQA
[17], and DVQA [16]. For video understanding, we further
assess performance on two benchmarks: VMME [5] and
Video Detail Caption [13].

MME. MME is a comprehensive benchmark evaluating
multimodal models on 14 perception and cognition sub-
tasks, including OCR, counting, spatial localization, and
visual recognition of scenes, landmarks, and artworks. All
tasks are formulated as binary judgment questions with cu-
rated instruction—answer pairs to ensure fairness. We re-
port the standard perception score on 2,374 image—question
pairs.

SQA. ScienceQA evaluates multimodal reasoning and
zero-shot generalization in scientific domains. It covers
natural, language, and social sciences, with questions orga-
nized hierarchically across multiple topics and skills. Each
question is a multiple choice question, often paired with
an illustrative image. We evaluate on the image dataset of
2,017 question—answer pairs.

GQA. GQA evaluates structured visual reasoning using
images, scene graphs, and automatically generated ques-
tions. Each image is paired with a scene graph from
the Visual Genome dataset [7], providing detailed objects,
attributes, and relations. We follow standard protocol
and report accuracy on the test-dev set with 12,578 im-
age—question pairs.

POPE. POPE evaluates object hallucination in vi-
sion—language models using binary questions about object
presence in images from the MSCOCO dataset [10]. Per-
formance is measured by the average F1 score over three
sampling strategies, covering 8,910 image—question pairs.

MMB. MMBench provides a hierarchical evaluation of
multimodal understanding across three levels—perception
and reasoning (L1), six sub-skills (L2), and 20 tasks
(L3)—each formulated as multiple-choice questions. It is

available in English and Chinese versions, containing 4,377
and 4,329 image—question pairs, respectively. We evaluate
on MMBench-EN subset.

TVQA. TextVQA benchmarks VQA models that must
read and reason over text in natural images. It comprises
45,336 questions on 28,408 images (from text-rich Open
Images categories), with 10 human answers per question.
We follow the standard setting and evaluate accuracy on this
dataset.

CQA. ChartQA benchmarks question answering over
chart images that require both visual and logical reason-
ing. It includes 9,608 human-written questions and 23,111
questions generated from chart summaries, spanning 20,882
real-world charts collected from Statista, Pew Research,
Our World in Data, and the OECD. Answers are often open-
vocabulary and may involve arithmetic or comparisons. We
follow the dataset’s official evaluation protocol.

MMMUP. MMMU-Pro is a strengthened version of
MMMU that aims to test genuine multimodal understand-
ing and reasoning. It (i) filters out items solvable by text-
only models, (ii) augments candidate options, and (iii) in-
troduces the vision-only input setting MMMU-Pro Vision,
where questions and options are embedded directly into im-
ages so models must truly “see” and read. In our experi-
ments, we report results on the Vision subset following the
paper’s protocol.

IVQA. InfoVQA evaluates VQA on infographics that re-
quire joint reasoning over layout, embedded text, graphi-
cal elements, and data visualizations. The dataset contains
5,485 images with 30,035 questions; answers are mainly
extractive, with some numerical ones derived via counting,
sorting, or simple arithmetic. We follow the official proto-
col and report accuracy.

DVQA. DocVQA focuses on question answering over
real document images that require both reading and layout
understanding. The dataset contains 12,767 document im-
ages of varied types and content, paired with about 50,000
human-annotated question—answer pairs. Each question in-
volves information extraction, reasoning across text blocks,
or interpreting document structure. We follow the dataset’s
official evaluation protocol.



VMME. VideoMME is a large-scale benchmark for eval-
uating video understanding in LVLMs. It includes 900
videos (/254 hours) from six domains and 30 subcat-
egories, covering short (<2 min), medium (4-15 min),
and long (30-60 min) durations. Each video has three
expert-authored multiple-choice questions, yielding 2,700
video—question pairs. We evaluate on the full dataset.

VDC. Video Detail Caption is a video captioning bench-
mark released by LMMs-Lab, where each video clip is
paired with a detailed textual description. The test set con-
tains 499 samples, each including a video name, a question
prompt, and an answer paragraph. We follow the official
evaluation protocol and assess performance using GPT-4o-
mini as the evaluator.

1.2. Backbone Models

LLaDA-V. LLaDA-V [20] represents the pure diffusion
paradigm in multimodal large language modeling. It ex-
tends the LLaDA diffusion language backbone with a
SigLIP-2 vision encoder and a lightweight MLP projec-
tor, enabling multimodal understanding entirely through
masked diffusion rather than next-token prediction. As a
purely diffusion-trained model, LLaDA-V exemplifies non-
autoregressive probabilistic reasoning and demonstrates
strong scalability across image, document, and video un-
derstanding benchmarks.

LaViDa-Dream. LaViDa-Dream [8] represents the
autoregressive-to-diffusion adaptation paradigm. It builds
on Dream-7B, a discrete diffusion language model (DLM)
adapted from autoregressive pretraining, and extends it to
the multimodal setting through visual instruction tuning.
By incorporating techniques such as complementary mask-
ing and Prefix-DLM caching, LaViDa-Dream achieves
efficient multimodal reasoning while exemplifying the
AR-to-diffusion adaptation route in dAMLLMs.

1.3. Token Compression Methods

ToMe. ToMe [2] is a training-free efficiency method that
accelerates inference by merging similar tokens instead of
pruning them. It computes pairwise similarity between at-
tention keys and merges the most redundant token pairs dur-
ing encoding through a fast bipartite matching algorithm.

DivPrune. DivPrune [1] formulates visual token pruning
as a diversity-driven token selection problem. It defines a
min—-max diversity objective, encouraging the retained to-
kens to be maximally dissimilar to each other, and applies
a greedy selection strategy to iteratively preserve the most
informative and diverse subset of visual tokens.

Benchmark(s) gen_length block_length gen_steps think_mode
LLaDA-V [20]

MME, SQA, GQA,

POPE, MMB, TVQA, 2 2 2 no_think

MMMUP, VMME

CQA 16 16 8 no_think

DVQA, IVQA 32 32 16 no_think

VDC 128 128 64 think

LaViDa-Dream [8]

MME, SQA, GQA,

POPE, MMB, TVQA, 4 4 2 no_think

MMMUP

CQA 16 16 8 no_think

DVQA, IVQA 32 32 16 no_think
Table 1. Generation hyperparameters used for different

benchmarks. The settings largely follow the default configura-
tions of the respective backbone models, with minor adjustments
to ensure stable decoding across short- and long-answer tasks.

FastV. FastV [3] is a training-free method that accelerates
vision—language models by pruning redundant visual tokens
in the early decoding stage. It removes the least informative
tokens after the second LLM layer based on averaged atten-
tion scores.

VTW. VTW [11] is a training-free acceleration method
that withdraws all visual tokens after a specific transformer
layer to reduce inference cost in vision-language models.
The withdrawal layer is chosen via a KL divergence crite-
rion, enabling VTW to cut FLOPs and memory usage by
over 40% without significant performance degradation.

SparseVLM. SparseVLM [22] introduces adaptive cross-
modal sparsity to reduce redundancy in both visual and tex-
tual tokens. It ranks token importance via cross-modal at-
tention, dynamically applies different sparsity ratios to vi-
sion and language streams, and employs a token recycling
mechanism that reuses informative pruned tokens to pre-
serve contextual completeness.

TRIM. TRIM [18] is a training-free token reduction
method that measures text—image similarity in the CLIP
representation space to rank visual tokens. It selects im-
portant tokens via an IQR-based threshold and appends an
aggregated representation of unselected tokens.

2. Generation Hyperparameters

We summarize in Table 1 the generation hyperparame-
ters used in our experiments for both the LLaDA-V and
LaViDa-Dream backbone models. The generation settings
generally follow the default configurations provided in the
original model implementations, with minor adjustments
to ensure stable decoding across short- and long-answer
tasks. Specifically, for LaViDa-Dream, the parameters



gen_length, block_length, and gen_steps are set
to 4, 4, and 2, respectively, for the group of benchmarks
including MME, ScienceQA, and GQA to ensure decoding
stability.
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