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Abstract

This paper introduces Dimple and Dimple+,
two discrete diffusion multimodal large lan-
guage models (AMLLMs). Dimple is derived
from a discrete diffusion large language model
(dLLM) that initially lacks multimodal under-
standing and acquires this capability through
a hybrid training strategy that begins with au-
toregressive learning and subsequently transi-
tions to discrete diffusion training. In contrast,
Dimple+ is initialized from an autoregressive
multimodal large language model and attains
parallel decoding ability via purely discrete dif-
fusion training. Both models achieve perfor-
mance on par with their autoregressive counter-
parts, while Dimple+ further sets a new state
of the art among existing dMLLMs. To im-
prove inference efficiency, we propose Con-
fident Decoding, a method that dynamically
adapts the number of tokens generated at each
iteration. Experimental results demonstrate de-
coding speedups of 2x—6x with only marginal
performance loss. Additionally, we show that
the Prefilling technique, previously developed
for autoregressive models, can be effectively
extended to dMLLMs with bidirectional atten-
tion, yielding nearly lossless acceleration of
1.7x-7x. Finally, we present the Structure
Prior method, which enables fine-grained con-
trol over output format and reasoning structure,
a capability that is challenging to achieve in
autoregressive models.

1 Introduction

Recent months have witnessed a surge of interest
in applying diffusion models to natural language
processing tasks. These Discrete Diffusion Large
Language Models (dLLMs) reframe generation as
a denoising process, allowing parallel decoding
and improved control over output structure. The
first general framework for diffusion over discrete
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spaces was introduced in D3PM (Campbell et al.,
2024), which set up the mathematical foundation
of the diffusion langauge model. Subsequently,
RDM (Zheng et al., 2024), MD4 (Shi et al., 2025a),
and MDLM (Sahoo et al., 2024a) reparameterized
and simplified the loss for discrete diffusion into
a weighted cross-entropy form, which was widely
adopted in later researches (Nie et al., 2025; Ye
et al., 2025b; Gong et al., 2025; Zhu et al., 2025).
Other explorations include extending discrete dif-
fusion models to continuous time (Campbell et al.,
2022), discrete flow matching (Gat et al., 2024) and
concrete score matching (Meng et al., 2022; Sun
et al., 2023). However, these works were typically
conducted on models under 2B parameters. Only
more recently, LLaDA (Nie et al., 2025), LLaDA
1.5 (Zhu et al., 2025), Diffu-GPT/LLaMA (Gong
et al., 2025), and Dream (Ye et al., 2025b) success-
fully scaled up dLLMs to much larger sizes.

Concurrently, the field of multimodal large lan-
guage models (MLLMs) has advanced rapidly, with
models such as LLaVA (Li et al., 2024a), Qwen-
VL (Bai et al., 2025), and InternVL (Mohbat and
Zaki, 2024) achieving state-of-the-art results on a
range of vision-language benchmarks. However,
most of the existing MLLMs rely exclusively on
autoregressive generation mechanisms.

In this work, we introduce Dimple and Dim-
ple+ , two Discrete Diffusion Multimodal Large
Language Models (AIMLLMs). Due to the inef-
ficiency of discrete diffusion training in learning
multimodal understanding ability, Dimple and Dim-
ple+ utilize a “first-autoregressive-then-diffusion”
training strategy and “autoregressive model initial-
ization” strategy, respectively. Dimple begins with
Dream (Ye et al., 2025b), a dLLM lacking multi-
modal understanding ability, and first undergoes
autoregressive training followed by the diffusion
training. Ablation studies in the supplementary
material show that this hybrid approach is signifi-
cantly more effective for learning multimodal un-
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derstanding ability than the pure diffusion training.
In contrast, Dimple+ is initialized from Qwen2.5-
VL (Bai et al., 2025), an MLLM with strong mul-
timodal understanding ability but without discrete
diffusion-based parallel decoding ability. By ap-
plying only discrete diffusion training, Dimple+
acquires the parallel decoding capability while in-
heriting Qwen2.5-VL’s strong multimodal under-
standing ability, achieving the SOTA performance
among dMLLMs.

To further improve inference efficiency and
controllability, we propose Confident Decoding,
which dynamically adjusts the number of tokens
decoded per iteration based on a confidence thresh-
old. This technique accelerates decoding by ap-
proximately 2x to 6x with only minor performance
degradation. We also demonstrate the feasibility
of applying the Prefilling technique in autoregres-
sive models to dMLLMs with bidirectional atten-
tion. Prefilling achieves nearly lossless speedups
of 1.7x to 7x on most benchmarks. In addition,
we explore the Structure Prior technique, which
enables fine-grained control over response struc-
ture. With Structure Prior, IMLLMs can perform
early answer prediction, structured reasoning, and
in-place output formatting, which are difficult to
achieve with autoregressive models.

Contributions.
lows:

Our key contributions are as fol-

¢ We introduce Dimple and Dimple+, both of
which achieve performance comparable to
their autoregressive baselines under the same
training budget. Moreover, Dimple+ estab-
lishes state-of-the-art results among dMLLMs.

* We propose Confident Decoding, re-
implement Prefilling, and explore Structure
Prior for dIMLLM inference that improve the
efficiency, flexibility, and controllability.

2 Preliminary

Discrete Diffusion Large Language Models
(dLLMs). dLLMs are a class of generative mod-
els that conceptualize text generation as a denoising
process over discrete time steps. Let £ ~ Ddata(Z0)
denote the original token sequence, and x; its noisy
version at time ¢ € [0,7]. The forward noising
process is defined as a Markov chain g(x1.7|xg) =
Hthl q(z¢|z—1), progressively adding noise to .
For discrete token modeling with an absorbing
state, this is formalized as:

q(w¢|xe—1) = Cat(wy; Q:$t71)7
q(x¢|xo) = awxo + (1 — a)m,
t

=[[a -5, (1)

i=1

where Q; = (1— ;)1 + B;1mT", with m being the
one-hot representation of a special [MASK] token.
The reverse (generative) process is modeled as:

T
po(zo:r) = polwr) [ [ po(wi-1]z)
t=1
T

- Hq(l’t—l\wo)m(ﬁ?o!wt), (2)

t=1

where each transition pg(x_1|x;) is learned to ap-
proximate the reverse of the noising process with
bidirectional attention. The training loss of Dis-
crete Diffusion, derived from the variational lower
bound of p(x), is a weighted cross-entropy loss:

Lp =E[Ly],

al L
Lo =Byayfag)| = D 50

n=1

m(5) log[fo(z)"]
3)

This loss can be implemented as a Masked Lan-
guage Modeling loss with a random mask ratio.
The mask ratio is function of the time index ¢,
which is a random variable. The expectation [,
is taken over a uniform distribution of time steps

€ [0,1]. In practice, for each training instance,
one time index ¢ is samples to determine the propor-
tion of tokens to be masked. The inner expectation
Ey(24|x0) 18 taken over the forward transition prob-
ability defined in Eq. 1. N denotes the number
of tokens in the current input sample xg. Inside
the summation Zn 1> a weighted cross-entropy is
computed over each token. The weights consist of
two parts: (1) a time-dependent factor ,and (2)
an indicator function 511?7,,1 which ensures that the
loss is only computed for masked tokens. Finally,
fo denotes the model’s prediction.

Challenges of Discrete Diffusion Training. Due
to the use of bidirectional attention and the lim-
ited number of sampled timesteps, training with
Discrete Diffusion directly incurs higher computa-
tional costs compared to autoregressive (AR) train-
ing (Prabhudesai et al., 2025; Yu et al., 2025).
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1. Compared to next-token prediction loss,
masked language modeling has lower utiliza-
tion of the training corpus. In Auto-Regressvie
training, every response token receives su-
pervision. In contrast, in discrete diffusion
training, only tokens where 5zg,m =1(.e.,
masked tokens) are used to compute the loss.
Take linear masking scheduling as an example,
with ¢t ~ Uniform(0, 1), only about half the
tokens are supervised.

2. In diffusion training, the supervision signal
does not cover the entire generation trajec-
tory. Discrete diffusion inference proceeds
iteratively as xp7 — xp_1 — -+ — xg, but
during training each sample is trained on only
a single, or at most a few, randomly sampled
steps: x; — x¢—1. Consequently, it is impossi-
ble to cover the complete generation trajectory
for each sample. In contrast, in autoregressive
training, next-token prediction with causal at-
tention ensures that the supervision signal cov-
ers every step of the generation process for
each sample.

These two challenges result in discrete diffusion
models performing worse than autoregressive mod-
els under the same training budget. Empirical
evidence is presented in Sec. 4.

3 Methodology
3.1 Training

We adopt two strategies to mitigate the limitations
of discrete diffusion training. The first applies
autoregressive training prior to discrete diffusion
training to enhance the model’s learning of multi-
modal understanding ability. The second initializes
the model with the weights of an autoregressive
MLLM, followed by discrete diffusion training to
enable the acquisition of parallel decoding capabil-
ities. Details of the training configuration, masking
strategies, and sample padding are provided in the
supplementary material.

Strategy I (Dimple): Starting from a Diffusion
Large Language Model We denote the model
obtained using Strategy I as Dimple. We initialize
the model with Qwen2.5-VL’s vision encoder (Bai
et al., 2025), DLM Dream (Ye et al., 2025b), and a
randomly initialized two-layer projector (Liu et al.,
2023a). Following the alignment and instruction-
tuning paradigm of LLaVA (Liu et al., 2023b),
we design a three-stage training pipeline: Autore-
gressive Alignment (AA), Autoregressive Instruc-

tion Tuning (AT), and Diffusion Instruction Tuning
D).

In AA and AT, we modify Dream’s attention
mechanism by replacing the full attention mask
with a causal attention mask and applying a next-
token prediction loss. We adopt the LLaVA-
NEXT (Liu et al., 2024) training recipe and its
datasets. During AA, only the projector is train-
able; during AT, all components except the vision
encoder are trainable. In the experiments reported
in Sec. 4, we refer to the model obtained after
AA as the aligned model. In the DT phase, we
transition back to the diffusion-based generation
framework. The full attention mask in Dream is
restored, and the loss defined in Equation (3) is
applied. The LLaVA-NEXT instruction-following
dataset is reused for this phase. All components
except the vision encoder are trainable.

Strategy II (Dimple+): Starting from a Autore-
gressive Multimodal Large Language Model
We denote the model obtained using Strategy 11
as Dimple+. For initialization, we adopt the full
Qwen2.5-VL model (Bai et al., 2025). Training
consists of a single Diffusion Instruction Tuning
(DT) phase. Specifically, we modify the atten-
tion mask in Qwen2.5-VL to full attention and
apply the loss defined in Equation (3), updating
all components except the vision encoder. The
training data consists of the instruction-following
dataset from LLaVA-NEXT (Liu et al., 2024) and
1.3M purely text-based instruction-following sam-
ples collected from the MAmmoTH-VL (Guo et al.,
2025) dataset. Since Qwen2.5-VL (Bai et al., 2025)
has already undergone autoregressive alignment
and autoregressive instruction tuning, this imple-
mentation actually delegates the AA and AT phases
to Qwen2.5-VL.

3.2 Inference Techniques

Review: Confidence-Based Decoding. In dis-
crete diffusion models, the generation process pro-
ceeds iteratively over a fixed number of steps.
At each step, a subset of masked positions is se-
lected and updated based on their confidence scores.
Let x; denote the input sequence at step ¢. Let
z; € REXV be the corresponding logits, where V'
is the vocabulary size. Taking MaskGIT’s decod-
ing algorithm (Chang et al., 2022) as an example,
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the decoding process is as follows.

Probabilities: p; = softmax(z;/7);

Confidence: cgi) = max(pgi));
Select K positions: Z; = TopK(ct, K);

Sample tokens x,gi) ~ Categorical(pgi)) fori € 7;.
This approach ensures that tokens with higher pre-
diction confidence are updated earlier.

Confident Decoding. In previous confidence-
based decoding (Chang et al., 2022; Ye et al.,
2025b; Nie et al., 2025), the number of tokens
decoded per step is fixed. However, we argue that
decoding should adapt to the semantic structure of
the text: some steps may allow many tokens to be
confidently predicted, while others may necessitate
more caution. We therefore propose Confident
Decoding, which dynamically adjusts the number
of tokens updated per step based on a fixed confi-
dence threshold v € (0, 1). Formally, at each step
t, we define Z; = {i | ng‘) > v}, where cgi) is the
confidence score for position i. If Z; is non-empty,
all tokens at positions Z; are decoded. Otherwise,
we decode the token at the position with the highest
confidence. This method enables:

* decoding multiple tokens simultaneously
when model is highly confident, improving
efficiency;

* avoiding low-confidence updates, preserving
generation quality.

This adaptive mechanism reduces unnecessary up-
dates of uncertain tokens and enhances both quality
and speed of generation.

Prefilling. Let Lyomp denote the lengths of the
prompt, which includes the question, image, and
system prompts. Let Lyhswer denote the length
of the response. With vision tokens, the prompt
can become unignorably long. The use of a full
attention mask in diffusion decoding results in
a quadratic complexity O((Lprompt + Lanswer)?)
per decoding step. To alleviate this cost, we re-
implement the Prefilling strategy in the autoregres-
sive models, which saves the key-value pairs of
the prompt tokens after the first generation step
and reuse them in the following steps, reducing
the complexity to O(L2 q,.;). But, due to the use
of a full attention mask in dMLLM, the prefilling
technique is not strictly lossless.

4 Experiments

All training configurations, evaluation metrics, gen-
eration hyperparameters used during evaluation,
and other experimental details are provided in the
supplementary material. The sensitivity analysis
of the generation hyperparameters and additional
ablation studies on the “AR-then-Diffusion” train-
ing strategy are also included in the supplementary
material.

4.1 Benchmark Performance

Comparison with AR Baseline. We compare
the performance of Dimple and Dimple+ with their
corresponding AR baselines in Tab. 1. Each AR
baseline is trained with the same data, parame-
ter initialization, and total number of training it-
erations as Dimple and Dimple+, ensuring a fair
comparison. As shown by the results, both Dim-
ple and Dimple+ outperform their AR baselines.
Dimple achieves an average score of 62.4%, 1.8%
higher than its baseline, while Dimple+ surpasses
the baseline on 9 of 12 benchmarks. These results
indicate that, under the same training budget, dM-
LLM can match the performance of autoregressive
models on instruction-following and visual under-
standing tasks. We also include the performance
of LLaVA-NEXT (Liu et al., 2024) and Qwen2.5-
VL (Bai et al., 2025) as references. Compared
with Qwen2.5-VL, Dimple+ and its AR baseline
improve on some benchmarks but regress on oth-
ers. On the one hand, this results from insufficient
task coverage in the training data, which improves
performance on some benchmarks but degrades
it on others. On the other hand, it also suggests
that learning for parallel decoding is not entirely
orthogonal to multimodal understanding; instead,
the process of learning parallel decoding affects
multimodal understanding ability.

Comparison with Other dAMLLMs. We com-
pared the performance of Dimple+, LaViDA (Li
et al., 2025a), and LLaDA-V (You et al., 2025) in
Tab. 2. Dimple+ significantly outperforms the other
two baselines on most benchmarks, achieving state-
of-the-art results for dAMLLM models. Moreover,
training Dimple+ requires substantially lower com-
putational cost. Specifically, Dimple+ is trained on
only 2.6M samples, whereas training LLaDA-V in-
volves more than 17M samples. This demonstrates
the effectiveness of the “Autoregressive Model Ini-
tialization” strategy for dMLLM:s.
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Dimple-7B Dimple-7B Dimple-7B+  Dimple-7B+
Model (ours) (AR Baseline) (ours) (AR Baseline) LLaVA-NEXT-7B Qwen2.5-VL-7B
#Training Samples/Tokens 1.3M/0.8B 1.3M/0.8B 2.6M/1.6B 2.6M/1.6B 1.3M/- -12.6T
Base LLM/MLLM Dream(Qwen2.5) Qwen2.5 Qwen2.5 VL  Qwen2.5 VL Vicuna-1.5 Qwen2.5
GQA 59.24 59.1 63.2 64.1 64.8 60.0
MMBench_en_test 74.6 73.9 81.5 81.2 68.7 83.5
MME_percpetion 1514 1477 1558 1535 1519 1533
MME_cognition 432 457 627 610 332 620
MME _total 1946 1934 2185 2145 1851 2153
POPE 86.2 86.3 87.7 86.9 86.7 87.9
MMMU_val 45.2 45 50.2 49.1 35.8 58.6
SQA_img 77.1 77.2 79.1 83.6 72.8 52.1
AI2D 74.4 73.6 824 80 65.4 83.9
ChartQA 63.4 58.5 74.7 74.8 54.9 87.3
TextQA_eval 61.6 53.6 65.4 64.1 64.8 77.8
OCRBench 565 486 699 674 490 783
MathVista_test_mini 423 42.6 61.0 59.0 33.0 68.2
MM Vet 41.2 37.8 47.5 49.2 47.3 67.1
Average 62.4 60.6 70.7 70.2 58.5 73.8

Table 1: Benchmark Performance Comparison. Dimple outperforms autoregressive baselines trained on similar data
scales. In the table, the highlighted values in each row indicate the best-performing results among the following
four models: Dimple, Dimple (AR Baseline), Dimple+, and Dimple+ (AR Baseline).

Model MME_p MME ¢ MMEtotal MMMU AI2D ChartQA TextQA MathVista
Dimple+ (ours) 1558 627 2185 58.2 824 76.7 65.4 61.0
LaViDA-L 1366 341 1707 433 700 64.6 56.3 44.8
LaViDA-D 1463 389 1852 42.6 59.0 61.0 57.1 42.1
LLaDA-V 1507 491 1998 48.6 77.8 783 65.3 59.7

Table 2: Performance comparison with other Discrete Diffusion MLLMs. Our Dimple+ outperforms other models
with a clear Margin on most of the benchmarks. In the table, MME_p, MME_c, and MathVista are abbreviations for
MME_perception, MME_coginition, and MathVista_test_mini, respectively.

4.2 Ablation on Prefilling

The following experiments investigate the impact
of the prefilling technique on both performance
and generation speed in dMLLMs. We conducted
experiments with response lengths of 4 and 8, eval-
uating benchmark performance with and without
prefilling. As shown in Tab. 3, prefilling does
not lead to significant performance degradation on
most datasets, with the average performance drop
across all benchmarks being only 0.8%. This indi-
cates that, in the current model, visual perception
and the utilization of image tokens remain largely
unchanged during text generation. Next, we ex-
amined the effect of prefilling on generation speed.
By adjusting the batch size to 1 and 32, we sim-
ulated scenarios of low and high GPU utilization,
respectively. The results show that: (1) under low
GPU utilization (batch size = 1), prefilling yields
an average speedup of 1.79x; (2) under high GPU
utilization (batch size = 32), the acceleration effect
is more pronounced, reaching up to 7x.

4.3 Ablation on Confident Decoding

We evaluate the Confident Decoding from two per-
spectives: efficiency and performance. Confident

Decoding is designed to reduce the number of in-
ference steps, thereby accelerating generation. The
last row in Tab. 4 shows the actual number of de-
coding steps k under a fixed response length of 8,
along with the corresponding speedup factors (in
parentheses). As shown, Confident Decoding re-
duces k to 1.25 2.87, resulting in approximately 3x
to 6x speedup.

Next, we compare Confident Decoding with pre-
vious decoding strategies (Ye et al., 2025b; Nie
et al., 2025): MaskGIT, Entropy, and Random.
Unlike these methods, Confident Decoding is the
first algorithm capable of dynamically adjusting
the number of decoding steps, whereas the others
require a predefined fixed value of k. For fairness,
we set the number of decoding steps for the other
strategies to either the response length (8) or one-
quarter of it (2). As shown in Tab. 4, reducing
the decoding steps to 2 leads to a substantial per-
formance drop for other methods—up to 10% on
CharQA for MaskGIT and Entropy. In contrast,
Confident Decoding achieves performance com-
parable to the 8-step baselines with only about 2
steps. These results demonstrate that Confident De-
coding enables faster inference without sacrificing
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R.L. Prefilling Metric B.S. SQA MMMU MME POPE ChartQA AI2D
ACC 1 or32 84.4 434 1946 85.0 51.7 74.5
X TPS 1 34.8 21.3 22.7 22.4 21.5 229
32 459 35.5 37.0 36.9 36.3 372
4
ACC 1or32 84.4 43.4 1822 85.1 51.3 74.4
v TPS 1 49.3 (x1.32) 19.9 (x1.67) 21.3 (x1.63) 20.7 (x1.65) 20.1 (x1.69) 21.5(x1.62)
32 168.5 (x3.42) 62.8 (x3.16) 77.6 (x3.64) 78.2 (x3.78) 74.4 (x3.70) 79.7 (x3.71)
ACC 1or32 84.1 45.3 1900 84.8 58.4 74.5
X TPS 1 29.2 19.3 19.3 19.5 19.1 19.7
32 449 39.7 40.6 40.4 40.4 40.7
8
ACC 1 or 32 84.0 45.2 1905 84.0 58.4 74.2
v TPS 1 49.2 (x1.54) 18.1 (x2.06) 21.4 (x2.10) 20.7 (x2.07) 20.0 (x2.12) 21.6 (x2.07)
32 288.2 (x5.86) 116.5(x6.44) 145.1 (x6.80) 147.4(x7.12) 138.9(x6.95) 147.9 (x6.85)

Table 3: Ablation Study on the Prefilling Technique. We compared model performance (ACC) and inference speed
(Tokens Per Second, TPS) with and without the use of prefilling. Performance-related rows are highlighted in blue .
The underlined values indicate the speedup factor achieved with prefilling. “R.L.” and “B.S.” denote Response
Length and Batch Size, respectively. The results demonstrate that although, in theory, prefilling is not lossless in
dMLLMEs, it causes minor drops in performance on most benchmarks while delivering substantial improvements in

inference speed.

Steps  CharQA SQA POPE AI2D

) 8 63.0 772 86.1 72.9
MaskGit 2 522 76.2 85.5 71.1
Entro 8 63.0 772 86.0 73.0
Py 2 549 76.5 85.1 729
Random 3 59.3 76.1 86.0 728
2 57.1 76.0 85.2 71.0

g""ﬁd.em Acc 62.5 77.1 86.4 73.1

eocding
Steps  2.87(x2.8) 141 (x5.7) 125(x64) 1.46 (x5.5)

Table 4: Comparison of confident decoding with other
decoding algorithms. Confident decoding significantly
reduces the number of decoding steps while maintain-
ing nearly the same performance, thereby improving
decoding efficiency.

accuracy.

5 Generation Behaviors

In this section, we provide a showcase to demon-
strate that IMLLMs exhibit fundamentally differ-
ent decoding behaviors compared to autoregressive
models. Unlike autoregressive models, discrete dif-
fusion models offer the unique capability of explic-
itly controlling the content generated at arbitrary
positions. This allows us to specify certain tokens
as fixed in the final answer prior to generation. We
refer to such tokens as structure priors.

We present three illustrative examples. Each
includes the input image, the question, and the gen-
erated response from Dimple. For each case, we
annotate: the response length (i.e., the total num-
ber of tokens in the final answer), the number of
remaining tokens that need to be generated after
applying the structure prior, and the actual num-

ber of decoding steps (actual iteration) used in
generation. Furthermore, we visualize the genera-
tion history, which records at which iteration each
token was generated. Tokens provided by struc-
ture priors are marked with “-”, and special tokens
(e.g., padding) are excluded from the generation
history but counted in the actual number of decod-
ing steps. To enhance interpretability, we colored
the response: tokens decoded earlier are shown
in blue, while those generated later appear in red.
Tokens with similar decoding steps share similar
colors. All examples leverage the Prefilling tech-
nique and proposed Confident Decoding strategy.

5.1 Example 1 (Tab. 5): Structured Reasoning
and Early Answering

In this example, the input consists of two images,
and the model is asked to identify the common
object present in both. We inject three structure
priors into the expected answer: “In the first image,
there ”, “In the second image, there ” and “The
common item in the two images is”. These priors
guide the model to follow a reasoning trajectory
resembling structured thought. Unlike the chain-
of-thought (CoT) strategies used in autoregressive
models, which rely on indirect guidance, structure
prior enables direct and precise control over inter-
mediate reasoning steps.

Remarkably, the correct answer “scissors” is de-
coded at the 10t iteration, prior to the completion
of the full response. The subsequent steps focus on
completing the thinking trajectory. This illustrates
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Question: What is the common item in the two images?
Response: In the first image, there is a pair of black scissors. In the second
image, there is a pair of black scissors and a pink plate with a pig face on

it. The common item in the two images is the scissors.
Response Length / #Remaining Tokens / Actual Iterations:

64/42/30
Generation History:
In the first image , there is a pair of black scissors . In the
- - - - - - -2 1 4 5 16 5 3 4 - -
second image , there is a pair of black scissors and a  pink plate
- - - - -2 2 13 12 15 14 17 18 19 23
with a pig s face  on it . The common item in the two  images is
22 24 25 26 27 20 21 4 5 - - - - - - - - -
the  scissors .
11 10 9

Table 5: Example: Structured Reasoning and Early Answering.

Question: Extract the information in the image.
Response: {"Date : "Apr 18, 2018", "Time: "12:00 AM",}

Response Length/#Remaining Tokens/Actual Iterations: 32/22/7

Generation History:

Date
Apr 18,2018

Time
12:00 AM

{ " Date " Apr 18, 2018",
- .- - - 511111111121- -

" Time :

» Phrase
My Event

Table 6: Example: Structured output and automatic semantic clustering during the generation process.

a key strength of diffusion models: they can arrive
at the final answer earlier in the generation process.
In contrast, autoregressive models must complete
the full sequence before producing the answer.

5.2 Example 2 (Tab. 6): Structured Output

In this example, the task involves extracting visual
information from an image. The question does not
specify the desired output format and the attributes
required. All of these are indicated by the struc-
ture prior. In this example, the structure prior is
“{date:”, “time:” and ”’}”. These priors define a
JSON-like response layout, and the model success-
fully generates structured content accordingly.

This example also provides direct evidence of
the effectiveness of Confident Decoding. The
number of tokens decoded per iteration varies dy-
namically. For instance, 9 tokens corresponding
to the date and year are decoded simultaneously
in a single step. Despite a total of 22 tokens to be
generated, the model completes generation in only
7 iterations, one-third of the total number of tokens.
This parallelism significantly accelerates inference.

5.3 Example 3 (Tab. 7): Length Control

Controlling output length is difficult in autoregres-
sive generation. However, discrete diffusion mod-
els inherently support this capability. In this case,
we specify structure priors at the end of the se-
quence. Specifically, we force tokens at positions
[-12 : —4] to be: “Thus, the answer is \box{”.
This allows us to strictly control where the model
concludes its generation and places the final answer.
We demonstrate two configurations with response
lengths of 16 and 32. In each case, the model ad-
justs its reasoning span to fill the available token
budget appropriately.

6 Related Work

In the supplementary material, we also discuss the
differences between Dimple and other approaches
based on parallel decoding and multimodal percep-
tion models.

The first problem when introducing diffusion
process into language decoding, is the choice of a
continuous diffusion space or discrete one. There
are explorations in the continuous spaces. DiffuSeq
(Yuan et al., 2023) use a partial noising and con-
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Question: How many objects are preferred by more than 90 percent of people

in at least one category? Please think step by step.

Response: Nothing is preferred by more than 90 percent of people in any

category. Thus, the answer is \box{Zero}.
Response Length/#Remaining Tokens/Actual Iterations:

32/23/16

Generation History:

Nothing is  preferred by more than 9 0 percent of people in any  category Thus
17 16 15 14 13 12 11 10 10 10 9 8 7 6 5 3 =
the answer is box { Zero }.

- - - - - - - 4 2

Response: All of the objects in the chart have a maximum of 90 percent, but no object actually reaches 90. Therefore, none
of the objects are preferred by more than 90 percent of people in at least one category. Thus, the answer is \box{Zero}.
Response Length/#Remaining Tokens/Actual Iterations: 64/55/37

Generation History:

All  of the objects in the chart have a  maximum  of 9 0 percent but
20 17 15 16 18 19 38 21 22 26 23 25 28 24 27 29 33
no object actually  reaches 9 0 Therefore none of the objects are preferred
34 35 36 37 31 32 30 13 14 12 11 11 10 8 7 6

by more than 9 0 percent of people in at least one category Thus

6 6 6 6 6 6 6 6 5 5 5 5 4 5 9 - -
the  answer s box { Zero }.

- - - - - - 3 2

Table 7: Example: Length Control.

ditional denoising process to model sequence-to-
sequence diffusion in continuous space. Argmax
Flows and Multinomial Diffusion propose continu-
ous relaxations for categorical distributions for bet-
ter generation stability (Hoogeboom et al., 2021).
SED (Strudel et al., 2022) directly use the embed-
ding space for the diffusion of natural language
tokens. For the exploration in the discrete space,
Structured Denoising Diffusion Models (SDDM)
introduce discrete diffusion tailored to linguistic
structures (Austin et al., 2023); RDM (Zheng et al.,
2024) reparameterizes the backward discrete diffu-
sion into a step sampling process to provide more
flexible and unified framework. For training dif-
fusion language model, loss function is the key.
MDLM (Sahoo et al., 2024a), MD4 (Shi et al.,
2025b) and SEDD (Lou et al., 2024) show that
both a simple weighted mask language modeling
loss and a score entropy loss, which is adopted
from the score matching loss, are suitable for train-
ing. In this work, we follow the thread of masked
language modeling scheme for the language diffu-
sion process. In this direction, Diffusion-LM (Xu,
2022) applies diffusion to masked language mod-
eling to enhance controllable text generation; Dif-
fusionBERT (Sahoo et al., 2024b) uses pretrained
BERT as an initialization of the diffusion train-
ing to accelerate convergence and improve perfor-

mance. Besides using a pure diffusion language
model, auto-regressive hybrids like AR-Diffusion
(Li et al., 2023b) and Semi-autoregressive methods
like SSD-LM (Han et al., 2023) aim to combine the
benefits of diffusion and autoregressive modeling.
SSD-LM also shows that with a simplex projec-
tion the diffusion process can also be conducted in
the natural vocabulary space. Recently, diffusion
language models have been scaled to show compa-
rable performance with the SOTA auto-regressive
model, to learn instruction following ability and to
have even better planning ability (Nie et al., 2025;
Gong et al., 2025; Ye et al., 2025a,b).

7 Conclusion

In this work, we introduce Discrete Diffusion
Multimodal Large Language Models Dimple and
Dimple+, both of which match the performance
of their autoregressive baselines while offering
unique advantages such as parallel decoding and
structure-aware generation. The main limitation
of Dimple is that Dimple-7B is trained on less
than 1/20th of the data used by state-of-the-art
models such as Qwen2.5-VL and Eagle2. Con-
sequently, while Dimple demonstrates competitive
performance among models of similar scale, it still
falls short compared to the most powerful models.
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- Supplementary Material -

S1 Training and Evaluation

S1.1 Training Configuration and Hyperparameters

Training Phase Ist: Autoregressive Alignment  2nd: Autoregressive Instruction Tuning  3rd: Diffusion Instruction Tuning
Training Method Autoregressive Autoregressive Diffusion
Training Data LLaVA-CC3M-Pretrain LLaVA-NEXT Instruction Tuning
#Training Data 559k 739k

learning rate 0.001 5e-6 Se-7
batch size 256 128 128
weight decay 0 0 0
warmup ratio 0.03 0.03 0.03

Ir schedule linear linear linear
max grad norm 1 1 0.1
epoch 1 1 1
optimizer AdamW AdamW AdamW

Table S1: Training Configuration and Hyper-Parameters.

The training of Dimple can be divided into three stages. The first two stages involve autoregressive
alignment and instruction-following tuning, while the final stage utilizes diffusion-based instruction-
following tuning. The specific training configurations and hyperparameters for each stage are detailed in
Tab. S1. The training hyperparameters of Dimple+ are the same as those used in the DT stage of Dimple.
The training of Dimple and Dimple+ was conducted on H100 clusters, requiring approximately 100 GPU
hours each. Experiments in Tab. 3 is conducted on one single H100 GPU.

The number of training iterations for the Dimple AR baseline equals the sum of the iterations used
in the autoregressive training and diffusion training stages of Dimple. The AR baseline for Dimple+ is
trained with the same number of iterations as Dimple+. For both cases, the training hyperparameters of
the AR baselines are aligned with those used in the autoregressive training stage of Dimple.

S1.2 Masking Strategy

During training, the Autoregressive Alignment and Autoregressive Tuning phases use the standard next-
token prediction loss from AR training. In these stages, input samples are not masked. In contrast, during
the Diffusion Tuning stage, the response parts of the input samples are masked. The masking strategy
follows a linear schedule, where the proportion of masked tokens is proportional to the diffusion time step.
Letr € [0,1] and ¢ € [0, 1] denote the masking ratio and the time index, respectively. We define r = t.
That is, when ¢ = 0, no tokens are masked, and when ¢ = 1, all tokens are masked. This linear masking
strategy is also commonly used in prior discrete diffusion LLM training (Ye et al., 2025b; Gong et al.,
2024; Campbell et al., 2024).

S1.3 Training Sample Padding

Unlike autoregressive models, dMLLMs generate answers with a given response length and do not rely
on a [EOS] token to terminate the generation. To accommodate the diffusion generation process, we
replace the [EOS] token in the original training dataset with a random number of padding tokens specific
to Dream’s tokenizer. These tokens are used by the Dream model to learn to adaptively control the actual
length of the generated answers.

The Dream model relies on a predefined response length to determine the length of generated outputs,
ensuring that the number of textual tokens does not exceed this length. When the number of textual
tokens is less than the response length, Dream generates additional [Padding] tokens so that the total
number of tokens equals the predefined response length. Therefore, the model does not rely on a [E0S]
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Text Input for Autoregressive Training

User: [BOS]<image>\nWhat type of item is holding the napkin?\nAnswer the question with GPT-T-COCO format.[EOS]
Assistant:  [BOS]A clear napkin holder is holding the napkin.[E0S]
User: [BOSIWhat color is the napkin in the napkin holder?[EO0S]

Assistant:  [BOS]The napkin inside the napkin holder is blue-green.[EOS]

Text Input for Diffusion Training

User: [BOS]<image>\nWhat type of item is holding the napkin?\nAnswer the question with GPT-T-COCO format.[E0S]
Assistant:  [BOSJA clear napkin holder is holding the napkin.[Padding] ... [Padding]

mn1 [Padding] Tokens

User: [BOSIWhat color is the napkin in the napkin holder?[E0S]
Assistant:  [BOS]The napkin inside the napkin holder is blue-green.[Padding] ... [Padding]

ng [Padding] Tokens

Table S2: Training Examples Used for Autoregressive Training and Diffusion Training. n; and ng n are random
integers that enhance the model’s robustness to varying response lengths.

token to terminate generation. Instead, [EOS] tokens in the original training data should be replaced with
[Padding] tokens.

To enhance the Dimple model’s robustness to response length, we randomly replace each single [E0S]
token with n [Padding] tokens. The max and min value of n is selected based on the length of the
ground truth response. For a ground truth answer with the length of [, the derivation of n can be written as
follows.

n ~ RandomlInteger(nmin, Mmaz ),

(141, 2Mos2(H+D1) if < 16,

Tumin, T = i
( min mam) (l+ 1, 16 - [%])’ otherwise

Tab. S2 show an example of input sample for diffusion training.

S1.4 Evaluation Configuration

We conducted benchmark evaluations using the Imms-eval library. Both the evaluation metrics and
prompts were based on the default configuration provided by Imms-eval. Throughout all evaluations, we
employed the MaskGIT decoding algorithm from Dream, with the algorithm temperature set to 0 and
confident decoding disabled. The overall decoding temperature was set to 0, and the top-p value was fixed
at 0.01, resulting in a largely deterministic generation process.

The most influential parameter affecting evaluation performance is the response length. For all datasets
except MM Vet, we experimented with response lengths of 4, 8, and 16. Table 1 reports the best results
among these three settings. The MM Vet dataset is an exception due to the high variability in the ground
truth response lengths—ranging from a single word to over 500 tokens. For MM Vet, we fixed the token
length for all responses to 64. While this is not an optimal choice, as it limits the model’s capacity
to fully address long-response questions and wastes tokens on short responses, it provides a uniform
evaluation setting. We consider adaptive response length selection as a direction for future research.
During evaluation, the number of generation steps was set equal to the response length, enforcing the
model to decode exactly one token per step.

Following the default configuration, the evaluation metrics used for each benchmark are listed as
follows.

¢ Accuracy: GQA, MMBench, POPE, MMMU, SQA, AI2D, ChartQA, TextQA
¢ Number of Correct Answer: MME, OCRBench

* GPT-Based Accuracy: MathVista, MM Vet
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We collect the number in the Table 1 as follows. Dimple’s, Dimple+’s and their AR Baselines’
performance is obtained using Imms-eval library, which is also used in LLaVA (Li et al., 2024b; Zhang
et al., 2024b). For Qwen2.5-VL, results are collected from their official reports and VLMEvalKit (Duan
et al., 2024). For LLaVA-NEXT, results on OCRBench are taken from (Azadani et al., 2025); results on
MathVista test-mini, ChartQA, and AI2D are obtained using Imms-eval. Other results for LLaVA-NEXT
and the results for other models are collected from their official reports. The training data information is
collected from the respective official reports.

S1.5 Evaluation of Model after Alignment

To evaluate the captioning capabilities of the model after alignment, we employed GPT-40 for assessment.
The prompt used for evaluation is shown in Tab. S3.

S1.6 Model and Data Used

The Qwen2.5 and Qwen2.5-VL series is released with explicit documentation regarding model scale,
training data composition, language coverage, and licensing conditions. The model family provides
broad multilingual support, including Chinese and English. Most open-weight Qwen2.5 and Qwen2.5-VL
models are released under the Apache 2.0 License.

The LLaVA-CC3M-Pretrain dataset is a visual instruction pretraining dataset derived from CC3M and
related captioning resources. Its dataset card identifies the modality as image-text data and the language as
English. The dataset documentation states that the data is intended to support research on large multimodal
models and to facilitate reproduction of the LLaVA work. It also specifies that users must comply with
the original licenses and terms of the underlying CC3M and BLIP resources. CC3M permits use of the
dataset while requesting acknowledgement of Google LLC as the data source and providing the data on
an “as is” basis. In this paper, our use of LLaVA-CC3M-Pretrain Data is solely for academic research and
is consistent with the stated purpose and licensing requirements of the dataset.

The LLaVA-NeXT instruction tuning data is associated with the LLaVA-NeXT project, which em-
phasizes that its datasets and checkpoints are subject to the licenses and terms of their original sources.
These include, where applicable, the OpenAl Terms of Use, LLaMA community or research licenses,
Tongyi Qianwen research license terms, and the licenses of underlying vision-language datasets. The
LLaVA-NeXT documentation further describes related evaluation and recaptioned data, including English
and Chinese image captioning examples and video captioning data derived from ActivityNet, while noting
that some evaluation data is intended for internal development rather than formal benchmarking. In
this work, our use of LLaVA-NeXT instruction tuning resources follows the relevant original license
conditions and remains within the academic research context for which these resources were released.

S2 Confident Decoding

We propose Confident Decoding, a token selection strategy designed for diffusion-based generation.
Unlike traditional decoding methods that fix the number of tokens to be updated per iteration, Confident
Decoding dynamically selects positions to decode based on the model’s confidence in its predictions.

Overview. At each decoding step, the model evaluates the confidence of its predictions across all
masked positions. If any of the confidence scores exceed a predefined threshold -y, the corresponding
tokens are decoded all together. Otherwise, a fallback strategy is used to ensure generation continues
in accordance with the total decoding budget. That is, if no confidence score exceeds the threshold, the
second stage of selection is triggered, and another decoding algorithm can be invoked. Thus, the complete
decoding pipeline can combine Confident Decoding with MaskGIT, Random selection, or other strategies.
Alg. 1 presents an example of the pseudocode for Confident Decoding. This mechanism enables adaptive
decoding, leading to both improved generation quality and computational efficiency.

Confidence Estimation. Confident Decoding does not impose any constraints on the method for
computing confidence. It can use the maximum prediction probability as the confidence value, as used in
MaskGIT, the entropy of the prediction distribution, or the margin between the highest and second-highest
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Algorithm 1: Confident Decoding

// Take temperature as an example of probability adjustment.

// Confidence is calculated in a MaskGIT way.

// Use random selection callback.

Input: Input token sequence x, logits z¢, temperature 7, threshold v, number of positions K to
select if the fallback is triggered, number of masked tokens N

Output: Updated token sequence X1

// Step 1: Sample token predictions and compute confidence
// Pre-revision probabilities
p: < softmax(z;) ;
// Post-revision probabilities
p: < softmax(z:/7) ;
foreachi € {1,..., N} do
// MaskGIT confidence
¢ = max(p") ;
// sampling
i'gl) ~ Categorical(fxgz)) ;
// Step 2: Position selection

Tiy1 < Tt
if 3i, ¢(V) > ~ then
// Step 2.1: Confident decoding
T+ {ilc®>nie{l,...,N}};
foreach i € 7 do
L xﬁl — i‘iz) ;
else
// Step 2.2: Fallback: decoding via random selection

Randomly select K positions: Z <— RandomSample({1,..., N}, K) ;

foreach i € 7 do

o 20

return r;4

prediction probabilities. In general, the confidence can be expressed as a function ¢ = ¢(p), where p is a
prediction probability vector of length V', and the output is a scalar confidence score.

Since the prediction probabilities in LLMs can be revised by decoding parameters such as temperature,
top-p and top-k, prior work has considered two options for choosing the input probability p: either
before (Nie et al., 2025) or after such revisions (Ye et al., 2025b). In our experiments, we use the
prediction probabilities before these revisions to compute confidence. This choice is motivated by the fact
that adjustments, like temperature and top-p, are applied in a position-wise manner, without accounting for
inter-positional relationships or preserving the relative confidence across different positions. For example,
in high-temperature or low top-p settings, the revised probability may become almost deterministic, where
one position has a probability of approximately 1 and all others are 0. Such a probability is uninformative
for computing confidence, as all positions would yield identical confidence scores.

S3 Ablation on Dimple Training

Following experiments demonstrates the advantages of the proposed autoregressive-then-diffusion hybrid
training paradigm over the pure diffusion training. The pure diffusion pipeline consists of 2 phases:
Diffusion Alignment (DA) and Diffusion Tuning (DT). Our hybrid approach incorporates 3 phases:
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(a) Performance after Alignment. (b) Length Bias: ChartQA. (c) Length Bias: AI2D.

Figure S1: Comparison of Captioning Capabilities After Alignment (Fig. S1a), and the Length Bias Phenomenon
on the ChartQA and AI2D Datasets After Instruction Tuning (Figs. S1b and Slc).

ID: ChartQA-two-col-592
Question: Which age group has the max-
imum number of people using internet?

Response of length 8:
“25-34 "

Response of length 32:
- s5-4a10% . : “25-34, 35-44, 45-54, 55-64

-25-3432%

-556410%

- 45-5414%

L

Figure S2: An example of Length Bias Phenomenon Collected from ChartQA. The response is generated by the
model after 2-epoch diffusion tuning. The red and blue boxes on the left indicate the source locations of the numbers
in the response.

Autoregressive Alignment (AA), Autoregressive Tuning (AT), and Diffusion Tuning (DT).

After Alignment To evaluate the captioning capability of the aligned models, we randomly sampled 128
images from the LLaVA-CC3M dataset (Liu et al., 2023b) (excluded from training) and generated captions
using the aligned models. The model trained with DA used the diffusion generation pipeline, while the
model trained with AA used the autoregressive generation pipeline. Given an image and its caption, we
prompted GPT-40-2024-11-20 to rate the captions on four dimensions—accuracy, completeness, relevance,
and conciseness—on a scale of 1-100, with the final score being the average of the four dimensions. The
results, summarized in Fig. S1a, show that the model aligned using AA outperforms the one aligned using
DA across all metrics.

After Instruction Tuning We compared six different instruction tuning strategies:

* Strategies A, B: Continue with DT for 1 or 2 epochs after DA.
* Strategies C, D: Perform 1 epoch of AT with two different learning rates after AA.
* Strategies E, F: Continue with 1 epoch of DT using two different learning rates after C and D.

Tab. S4 presents the performance of all six strategies. Since the final goal is to obtain a model capable of
diffusion generation, all models were evaluated using the diffusion generation pipeline. First, comparing
strategies A and D, which are both trained with the same learning rate for 1 epoch, AT outperforms DT on
7 out of 9 benchmarks. However, models trained with AT alone suffer from a gap between autoregressive
training and diffusion-based inference. Then, comparing strategies B and F, the AT-then-DT strategy
outperform the pure diffusion tuning strategy across all benchmarks.

Length Bias Another notable weakness of models trained purely with diffusion is the presence of severe
length bias, making them highly sensitive to the response length hyperparameter. This issue is especially
pronounced in chart-based QA tasks. Figs. S1b and S1c illustrate the relationship between response length
and accuracy on AI2D and ChartQA. The AT+DT model maintains relatively stable performance across
varying lengths, whereas the pure diffusion model shows dramatic performance drops as length increases.
For example, in ChartQA, accuracy drops from 42.7% to 8.6% as the response length increases from 8
to 32. Fig. S2 shows an example from ChartQA, where the pure diffusion model exhibits a tendency
to translate all mask tokens into normal textual tokens. This behavior leads the model to continuing to
generate text even after producing a correct answer, as it lacks the ability to “stop” appropriately.
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S4 Sensitivity Analysis on Generation Parameters

We conducted a sensitivity analysis on the following hyperparameters: Response Length (L), Number of
Steps (k), Confidence Threshold (), Temperature (¢), and Top-p (p). 1. Response Length (L)

Fixing k = L,y = 1,t = 0, and p = 0.01, we analyzed the sensitivity to response length. While
response length does affect performance, its impact is generally minor across most datasets.

2. Steps (k)

Fixing L = 8, v = 1,1 = 0, and p = 0.01, we varied k and observed that reducing k degrades
performance, indicating a trade-off between decoding speed and performance.

3. Confident Decoding Threshold ()

Fixing L = 8,¢ = 0, and p = 0.01, we evaluated the effect of confident decoding. Within the range
v € [0.8, 1.0], confident decoding remains stable and does not significantly impact performance across
most datasets.

4. Temperature (t)

Fixing L = k =8,y =1, and p = 0.95, we varied the temperature. The model performs best when
t < 0.2; higher values of ¢ significantly harm performance.

5. Top P (p)

Fixing L = k =8,y =1, and t = 0.2, we varied the top-p value and found that performance is largely
unaffected. This suggests the model is not highly sensitive to p.

S5 Further Discussion on Related Works
S5.1 Multimodal Large Language Models

Multimodal large language models (MLLMs) have rapidly progressed with several open-source series
such as LLaVA, Eagle, InternVL, and Qwen-VL. LLaVA aligns vision encoders with LL.Ms via visual
instruction tuning and demonstrates competitive performance using efficient training and external tool use
(Liu et al., 2023b,a; Li et al., 2024a; Liu et al., 2024). Eagle models explore vision-language integration
through multiple encoders and long-context strategies, notably Automatic Degrade Sampling and Image
Area Preservation (Azadani et al., 2025; Li et al., 2025b; Chen et al., 2025). InternVL focuses on scaling
vision-language models, evolving from large vision encoders to joint multimodal pretraining, and achieves
state-of-the-art results with models like InternVL2.5 and InternVL3 (Chen et al., 2024b,a; Mohbat and
Zaki, 2024; Luo et al., 2025). Qwen-VL introduces multilingual vision-language models with dynamic
resolution processing and bounding-box generation, achieving competitive performance across diverse
tasks (Bai et al., 2023; Zhang et al., 2024a; Bai et al., 2025).

With the advancement of discrete large language models (dLLMs), discrete diffusion has also been
applied to multimodal understanding tasks. Concurrent with Dimple, models such as UniDisc (Swerdlow
etal., 2025), MMaDA (Yang et al., 2025), LLaDA-V (You et al., 2025), and LaViDA (Li et al., 2025a) have
emerged. Among them, UniDiscc (Swerdlow et al., 2025) and MMaDA (Yang et al., 2025) are unified
discrete diffusion models that jointly model multimodal and text generation within the discrete diffusion
framework. Dimple, LLaDA-V (You et al., 2025), and LaViDA (Li et al., 2025a) are all multimodal
understanding models. In terms of training, LLaDA-V (You et al., 2025) successfully scales the training
dataset to 17 million samples. LaViDA (Li et al., 2025a) introduces complementary masking strategies
for training data, while Dimple proposes a hybrid training method called “First-Autoregressive-then-
Diffusion”. For inference, both Dimple and LaViDA (Li et al., 2025a) demonstrate the effectiveness
of pre-filling techniques in discrete diffusion models. Additionally, Dimple introduces the Confident
Decoding algorithm, the first method capable of dynamically controlling the number of generation steps
in a discrete diffusion model, thereby balancing generation speed and quality.

SS5.2  Parallel-Decoding

Parallel decoding techniques have been widely used in image generation (Chang et al., 2022, 2023; Li
et al., 2023a, 2024c¢) and audio generation (Huang et al., 2025; Borsos et al., 2023; Ziv et al., 2024) to
accelerate the generation process. There are two main approaches for selecting which token positions to
decode. One approach relies on the magnitude of confidence score: these methods first predict tokens at
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all positions, compute confidence score for each position, and then retain the predictions at positions with
high confidence scores (Chang et al., 2022, 2023; Li et al., 2023a; Borsos et al., 2023; Ziv et al., 2024).
Another approach randomly selects a subset of positions to decode (Li et al., 2024c; Huang et al., 2025).

In these works, the number of positions decoded at each timestep is determined by a pre-defined
scheduling function. For example, the commonly used cosine schedule imposes a fixed slow-to-fast
generation pattern. A limitation of this strategy is that the top-k tokens with the highest confidence scores
are always decoded, even if some of them have low absolute confidence. For example, if and the top two
confidence scores are 0.95 and 0.1, both tokens will be decoded, despite the second one being highly
uncertain.

To address this limitation, our confident decoding algorithm differs from previous works by allowing
the model to dynamically determine the number of tokens to decode at each timestep based on its own
confidence score. Specifically, we set a confidence threshold and only decode tokens whose predicted
confidence exceeds this threshold. This prevents the model from decoding uncertain tokens and allows it
to adaptively adjust decoding speed depending on the input query. While both our approach and prior
works make use of confidence scores, our method introduces greater flexibility by not fixing the number
of tokens decoded per step.

S5.3 Diffusion Multimodal Large language Models

In the main-text, we provide the discussion and performance comparison among dMLLMs. Here, we
provide Tab. S10 for a summarization of the differences among these models. Because UniDisc uses
Held-out evaluation, it trains one model for each dataset. So we leave its #Training Data as blank.

S6 Discussions

Limitations. Dimple-7B is trained on less than 1/20th of the data used by state-of-the-art models such
as Qwen2.5-VL and Eagle2. Consequently, while Dimple demonstrates competitive performance among
models of similar scale, it still falls short compared to the most powerful models. Therefore, scaling up
training data and model parameters is a key future direction for AIMLLM. Although confident decoding
improves efficiency, the full attention mechanism in discrete diffusion still incurs quadratic memory and
computational complexity, limiting scalability to longer sequences and low-resource environments. Thus,
further investigation into optimizing dMLLM inference is essential.

Broader Impact Dimple’s safety concerns arise from both the underlying DLM model and Dimple’s
vision encoding process. Like other MLLMs, it is also susceptible to issues such as hallucination and
generation bias.

Safeguards. The following Usage Disclosure is included in the Dimple document. “We release the
Dimple model for academic and non-commercial research purposes only. Users are strongly discouraged
from using the model to generate misleading or harmful content, including but not limited to disinforma-
tion, impersonation, or harassment. Dimple is not designed or validated for use in safety-critical domains
such as medical decision-making, autonomous vehicles, or legal advice systems. ”

S7 Examples

In this section, we provide additional examples of Dimple’s generations to qualitatively showcase its
capabilities. A typical phenomenon is that the existence of randomness in the decoding algorithm affects
the length of the meaningful text generated. Here, meaningful text refers to tokens excluding special
tokens such as padding token and mask token. Given a response length, shorter outputs indicate a higher
proportion of meaningless padding tokens, whereas longer outputs imply fewer such tokens. Here, the
decoding algorithm specifically refers to the method used to select which tokens are decoded, such as
MaskGIT. The randomness in the decoding algorithm is affected by two factors: first, whether token
selection is performed via sampling or by greedily choosing the position with the highest confidence;
second, the value of the temperature parameter. When there is no randomness, Dimple tends to generate
shorter responses. In contrast, with randomness, Dimple is more likely to produce longer responses.
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Not all questions exhibited the aforementioned phenomenon. Some questions are inherently unaffected.
For instance, as shown in Tab. S11, mathematical reasoning tasks naturally require multi-step reasoning,
resulting in relatively long answers regardless of the presence of randomness. In contrast, in Tabs. S12
and S13, tasks such as pure OCR recognition or counting—which involve only perception without the need
for deeper understanding or analysis—tend to yield short answers, regardless of the decoding strategy.

However, for tasks where the response length is not intrinsically fixed, the presence or absence of
randomness in decoding has a significant impact. For example, in Tabs. S14 to S16, tasks that require
both perception and visual understanding, or involve describing images, clearly show that decoding with
randomness tends to generate much longer responses.

In Tabs. S14 to S16, the response length is set to be 128 and the decodinng algorithm is MaskGIT. For
the “without randomness” setup, the temperature of the MaskGIT is 0. For the “with randomness” setup,
the temperature is 0.4.
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Caption Evaluation Instructions

You will be given one image and one generated visual caption describing the image.

Your task is to carefully evaluate how well the caption reflects the content of the image based on

four dimensions:

1. Accuracy: Does the caption correctly describe the objects, actions, or scene in the image?

2. Completeness: Does the caption capture the essential and important aspects of the image,
without omitting critical content?

3. Relevance: Is all the information in the caption relevant to the image? Are there any

hallucinated, fabricated, or irrelevant elements?

4. Conciseness: Is the caption free from redundancy or unnecessary elaboration?

For each dimension, assign a score from 0 to 100 and present it in the following format:

1113

**Accuracy**

Justification: {{your explanation here}}

Accuracy score: {{score}}

**Completeness**

Justification: {{your explanation here}}

Completeness score: {{score} }

**Relevance**

Justification: {{your explanation here}}

Relevance score: {{score}}

**Conciseness**

Justification: {{your explanation here}}

Conciseness score: {{score} }

999

Then, provide the average score over the four dimensions. Justify your overall score in a paragraph

and finish with the sentence:
““The final score is {{score}}.

999

Image: [image]
Generated caption: [caption]

Table S3: Instructions used when Evaluating Captions for the Models after Alignment.

TextVQA SQA MMMU MME POPE MMVet ChartQA AI2D
A DT (Ir=5e-6, 1 Epoch) 38.4 70.2 45.1 1420 360 839 35.2 40.8 71.3
B DT (Ir=5e-6, 2 Epoch) 36.6 70.6 44.0 1508 397  84.7 34.9 43.7 73.5
C AT (Ir=2e-5, 1 Epoch) 49.2 79.5 38.1 1298 403  84.3 32.9 53.7 70.5
E + DT (Ir=5e-6, 1 Epoch)  49.8 81.9 42.6 1483 426  85.3 34.1 53.9 74.4
D AT (Ir=5e-6, 1 Epoch) 49.8 83.7 43.3 1404 422 82.6 36.3 55.6 71.8
F + DT (Ir=5e-7, 1 Epoch) 49.4 84.4 45.2 1514 432 85.1 41.2 58.4 74.4

Table S4: Performance Comparison Between Autoregressive Tuning (AT) and Diffusion Tuning (DT). The results
show that the best performance is achieved by first applying autoregressive tuning followed by diffusion tuning.
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L CharQA SQA POPE AI2D

16 63.3 76.7  86.3 73
8 63.0 772 86.1 729
4 56.4 715 862 729

Table S5: Sensitivity analysis of L.

k CharQA SQA POPE AI2D

63.0 772 861 729
57.2 76.1 859 728
52.2 762 855 711

N B~ 0o

Table S6: Sensitivity analysis of k.

v CharQA SQA POPE AI2D

1 63.0 712 86.1 729
0.9 62.5 770 864  73.1
0.8 61.9 771 863  73.1
0.7 60.1 76.8 859 728

Table S7: Sensitivity analysis of ~.

t CharQA SQA POPE AI2D

48.5 574 7719  55.6

1 57.9 744 83.1 703

0.2 63.0 769 863 734
0 63.0 772  86.1 72.9

Table S8: Sensitivity analysis of £.

p CharQA SQA POPE AI2D

0.95 63.6 769 862 734
0.5 63.0 772 863 727
0.1 62.9 772  86.1  73.0

Table S9: Sensitivity analysis of p.

Dimple UniDisc MMaDA LLaDA-V LaViDA-L LaViDA-D
Model Size 7B 1.4B 8B 8B 8B 7B
#Training Data 1.3M * ~2M 17M 1.6M 1.eM
Training Loss AR then Diffusion Diffusion Diffusion Diffusion  Diffusion  Diffusion
Reinforcement Leraning v
Complementary Masking Training v v
Inference with Prefilling v v v
Confident Decoding with Dynamic Inference Scheduling v

Table S10: Technical comparison between Dimple and other approaches, highlighting its AR-then-diffusion training
paradigm and the use of Prefilling and Confident Decoding for faster inference.
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Mathematical Reasoning

(X »)"=4

User: First please perform reasoning, and think step by step to provide best answer to
the following question: What is x in the equation?

Dimple: The equation in the image is (X+3)? = 4. To find the value of x, we need to
solve the equation. First, we take the square root of both sides to get rid of the
square. This gives us x + 3 = £2. Then, we subtract 3 from both sides to isolate
x. This gives us x = -3 £ 2. This results in two possible values for x: x =-3 + 2
=-1and x =-3 -2 =-5. So, the value of x is either -1 or -5.

Table S11: Example of Dimple Generation. The image and question are collected from the MM Vet dataset (Yu
et al., 2023). This example demonstrates Dimple’s capabilities in OCR and mathematical reasoning.

OCR

Gonnecticut Jaw of 1642

me‘ymmormmia awitch—
thatis, kath or consulteth witha

Sfamifiar spirit—they skallbe put to
death’

User: What are all the scene text in the image?

Dimple: Connecticut law of 1642, If any man or woman be a witch- that is, hath or
consulteth with a familiar spirit-they shall be put to death

Table S12: Example of Dimple Generation. The image and question are collected from the MM Vet dataset (Yu
et al., 2023). This example demonstrates Dimple’s capabilities in pure OCR.

Counting

User: How many tomatoes are there?

Dimple: Five

Table S13: Example of Dimple Generation. The image and question are collected from the MM Vet dataset (Yu
et al., 2023). This example demonstrates Dimple’s capabilities in counting.
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Chart Understanding

Lamp doesn't work

Lamp
plugged in?

[>{ Plug in lamp.

D>

e
Replace bulb

Repair lamp

User: What is the solution if the lamp is plugged in and the bulb
has burned out?

Dimple (w/o Randomness): The solution is to replace the bulb.

Dimple (w Randomness): If the lamp is not plugged in and the bulb has burned out, the
solution would be to replace the bulb. This is because if the
bulb is dead and it’s not plugged into the power source, then
replacing the bulb is necessary to restore the functionality
of the lamp.

Table S14: Example of Dimple Generation. The image and question are collected from the MM Vet dataset (Yu
et al., 2023). This example demonstrates Dimple’s capabilities in OCR and chart understanding.

Recognition

User: First please perform reasoning, and think step by step to provide
best answer to the following question: Is this airplane taking off
or landing?

Dimple (w/o Randomness): The airplane is taking off.

Dimple (w Randomness): The airplane is taking off because, as can be seen in the image, the
landing gear is off the ground, and the lower part of the wing is
visible. This indicates the airplane is not yet on the runway, and it
is in the air.

Table S15: Example of Dimple Generation. The image and question are collected from the MM Vet dataset (Yu
et al., 2023). This example demonstrates Dimple’s capabilities in recognition.
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Chicken Nugget Map Meme

Sometimes | just look at pictures of
the earth from space and | marvel at
how beautiful it all is.

User: Can you explain this meme in detail?

Dimple (w/o Randomness): The meme features a tray of golden chicken nuggets, arranged to
resemble a world map.

Dimple (w Randomness): The meme is a humorous image featuring a tray of golden breaded
or fried food on a baking sheet, along with the text "Sometimes
I just look at the pictures of the Earth from space and I marvel
at how beautiful it is." The meme appears to be comparing the
appearance of the food on the tray to a stunning view of a planet
from space, emphasizing the beauty of the Earth in relation to the
food. The contrast between the food on the tray and the celestial
image adds to the comparison in a playful and entertaining way.
The overall message of the meme is to highlight the wonder and
beauty of the natural world.

Table S16: Example of Dimple Generation. The image and question are collected from the LLaVA Paper (Liu et al.,
2023b). This is a typical example demonstrates the model’s ability to understand memes and the abstract humor
embedded within them.

GSMBS8K Question: Driect Instruction

User: The cafeteria had 23 apples. If they used 20 to make lunch and bought 6 more, how
many apples do they have? Directly answer the question.

Dimple: 9

Table S17: Example of Dimple Generation with explicit instruction.
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GSMSK Question: In-Context Learning

User:

Dimple :

Q: Roger has 5 tennis balls. He buys 2 more cans of tennis balls. Each can has 3
tennis balls. How many tennis balls does he have now?

A: <think> Roger started with 5 balls. 2 cans of 3 tennis balls each is 6 tennis balls. 5
+ 6 = 11. </think> The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to make lunch and bought 6 more, how
many apples do they have?

<think> They started with 23 apples and used 20 so 23 - 20 = 3 apples. They bought 6
more so they have 3 + 6 =9 apples. </think> The answer is 9.

Table S18: Example of Dimple Generation with In-Context Learning.

19170



