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Abstract

Diffusion-based multimodal large language models (Dif-
fusion MLLMs) have recently demonstrated impressive
non-autoregressive generative capabilities across vision-and-
language tasks. However, Diffusion MLLMs exhibit substan-
tially slower inference than autoregressive models: Each de-
noising step employs full bidirectional self-attention over the
entire sequence, resulting in cubic decoding complexity that
becomes computationally impractical with thousands of vi-
sual tokens. To address this challenge, we propose D3ToM,
a Decider-guided dynamic token merging method that dy-
namically merges redundant visual tokens at different de-
noising steps to accelerate inference in Diffusion MLLMs.
At each denoising step, D3ToM uses decider tokens—the to-
kens generated in the previous denoising step—to build an
importance map over all visual tokens. Then it maintains a
proportion of the most salient tokens and merges the remain-
der through similarity-based aggregation. This plug-and-play
module integrates into a single transformer layer, physically
shortening the visual token sequence for all subsequent layers
without altering model parameters. Moreover, D3ToM em-
ploys a merge ratio that dynamically varies with each denois-
ing step, aligns with the native decoding process of Diffu-
sion MLLMs, achieving superior performance under equiva-
lent computational budgets. Extensive experiments show that
D3ToM accelerates inference while preserving competitive
performance.

Code — github.com/bcmi/D3ToM-Diffusion-MLLM

1 Introduction
Diffusion-based large language models (Diffusion LLMs)
have recently emerged as a promising alternative generative
paradigm to autoregressive LLMs (Yang et al. 2025a). They
implement a discrete diffusion process at inference by start-
ing from a sequence of mask tokens and iteratively decod-
ing discrete text tokens via a trained reverse diffusion pro-
cess. Pioneering Diffusion-LLMs such as LLaDA (Nie et al.
2025; Zhu et al. 2025) and Dream (Ye et al. 2025a), have
achieved comparable results to autoregressive LLMs across
diverse language tasks (Ye et al. 2024; Gong et al. 2025a,b;
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Figure 1: D3ToM Performance. Our D3ToM outperforms
the current SOTA methods such as FastV, PDrop and Vi-
sionZip, achieving over 96% of the performance with only
10% of the visual tokens on LaViDa.

Wen et al. 2025; Huang et al. 2025b). Subsequently, LLaDA-
V (You et al. 2025) , MMaDA (Yang et al. 2025c) and
LaViDa (Li et al. 2025) extend this paradigm to vision–and-
language tasks via a visual instruction tuning framework
that integrates a vision encoder (Tschannen et al. 2025) and
connector to map visual features into the Diffusion LLM’s
text embedding space. Diffusion MLLMs achieve impres-
sive non-autoregressive generative capabilities across multi-
modal benchmarks.

Diffusion MLLMs theoretically allow faster decoding
than autoregressive models due to their capability of parallel
decoding multiple tokens per denoising step, unlike the au-
toregressive models’ sequential one-token-per-step decod-
ing. However, in practice Diffusion MLLMs suffer from
cubic time complexity during full-sequence decoding (Ma
et al. 2025). Formally, given a total sequence length N (in-
cluding input and output tokens) and T = O(N) denois-
ing steps, each step involves full bidirectional self-attention
over all N tokens with a complexity of O(N2), thus re-
sulting in an overall cubic complexity of O(N3). More-
over, Diffusion MLLMs process thousands of visual tokens,
making N far larger than in text-only settings and ampli-
fying the cubic cost of full-sequence denoising. Recent ad-
vances in Diffusion LLMs, such as Fast-dLLM (Wu et al.
2025), dLLM-Cache (Liu et al. 2025b), dKV-Cache (Ma
et al. 2025), and Prefix-DLM (Li et al. 2025), accelerate in-
ference by integrating existing KV-Cache mechanisms into
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Figure 2: Illustration of visual token redundancy. Proba-
bility density distribution of attention weights from output
tokens to grouped visual tokens. Because an image contains
over one thousand visual tokens while the decoder gener-
ates only 64 output tokens, every 16 consecutive visual to-
kens are averaged to form a single group, and attention from
each output token is aggregated over these groups. The re-
sulting distribution shows that most visual-token groups re-
ceive near-zero attention, indicating substantial redundancy.

bidirectional attention. Parallel decoding schemes such as
Confidence-Aware Parallel Decoding (Wu et al. 2025) and
SlowFast (Wei et al. 2025) enable simultaneous genera-
tion of multiple tokens per denoising step. However, these
strategies do not reduce the number of visual tokens, so N
remains large and the decoding cost persists in diffusion
MLLMs.

In our study, we find that Diffusion MLLMs exhibit con-
siderable redundancy among visual tokens. As shown in Fig-
ure 2, the self-attention weight distribution is heavily skewed
toward zero and attention values concentrate on a small sub-
set of visual tokens, indicating that only a few tokens cap-
ture the majority of visual information while the rest con-
tribute minimally. Although autoregressive MLLM research
has leveraged this redundancy through token pruning and
merging strategies (Bolya et al. 2023; Feng et al. 2024; Choi
et al. 2024; Hyun et al. 2025; Chen et al. 2024; Zhang et al.
2024b; Jeddi et al. 2025; Yang et al. 2025d; Zhang et al.
2024a), similar token compression techniques for Diffusion
MLLMs remain unexplored. Furthermore, we observe that
the subset of visual tokens receiving high attention shifts sig-
nificantly across successive denoising steps. As illustrated
in Figure 3, early iterations concentrate on the Chihuahua’s
body, corresponding to the decoding of “white”, whereas
later steps focus attention on the background stump as the
word “stump” is generated. This evolving attention pattern
reveals a step-wise sparsity in visual saliency that static
pruning cannot effectively capture.

Motivated by these dynamic attention patterns, we in-
troduce D3ToM, a decider-guided dynamic token merging
method for diffusion MLLMs. We define decider tokens as

The image features a small white Chihuahua dog 
standing on a tree stump. The dog is wearing a blue collar 
and a blue harness. It is a bearded and The dog and the 
background slightly blurred, giving it a dreamy quality to 
the image. There is no text visible in the image.

Step: 8 Step: 16 Step: 24 Step: 32

Figure 3: Visualization of attention weights. The figure
displays four snapshots of attention weights at different de-
noising steps (8, 16, 24, and 32) assigned to visual tokens.
Each snapshot shows attention distribution of the output to-
kens generated at the current denoising step on the input im-
age of a small white Chihuahua dog on a wooden stump.
The highlighted regions in each image represent the areas of
the input image that receive the most attention from the out-
put tokens generated at that specific decoding step. Different
colors indicate the attention focus of output tokens generated
at different steps.

the output token decoded at the previous denoising iteration.
At each denoising step t, D³ToM treats the attention weights
from these decider tokens to all visual tokens as importance
scores. Given a merge ratio α, it selects the top 1 − α frac-
tion of visual tokens to keep. For each of the remaining to-
kens, the method computes its similarity to all kept tokens
and merges it into the most similar kept token by aggre-
gating their embedding vectors. This merging is executed
within one transformer layer, physically reducing the visual
sequence for all downstream layers without modifying any
model parameters, and thereby accelerating the denoising
inference process.

Moreover, D3ToM modulates its merge ratio α across
denoising timesteps to match the shift from global seman-
tic construction to fine-grained refinement. Initial iterations
demand broad visual coverage and thus retain more to-
kens, while later iterations operate on increasingly local-
ized details and can sustain stronger merging. This timestep-
dependent adjustment ensures that token merging intensity
adapts to dynamic shifts in visual saliency during the diffu-
sion process.

Our extensive experiments validate the proposed design
from three key perspectives. For performance, our method
retains over 96% of the baseline model’s accuracy across
seven standard vision-language benchmarks, even when
compressing the visual sequence to just 10% of its original
size (Sec.4.2). In terms of efficiency, this same configura-
tion reduces computational cost to only 30% of the baseline
FLOPs and 43% of the wall-clock time, matching the per-
formance of state-of-the-art inner-LLM pruning techniques
(Sec.4.3). Finally, our method demonstrates compatibility
with other optimizations (Sec.4.4). When combined with
KV-Cache, D3ToM yields complementary savings, confirm-
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ing that our token merging approach addresses an orthogonal
computational bottleneck.

Our contributions are summarized as follows:
• We propose D3ToM, a novel token merging strategy

guided by decider tokens. Our method significantly re-
duces sequence length by exploiting visual redundancy
and adaptively adjusts its merge ratio throughout the de-
noising process to maintain high model performance.

• Our method is designed as a training-free, plug-and-play
module requiring no modification of existing model pa-
rameters. This ensures broad applicability and seamless
integration into diverse Diffusion MLLM architectures.

• We demonstrate that our approach is orthogonal to ex-
isting KV caching optimizations. When used in conjunc-
tion, these methods yield additive efficiency gains by ad-
dressing different computational bottlenecks.

2 Related Work
2.1 Visual Token Reduction in Autoregressive

MLLMs
To mitigate the computational overhead of lengthy visual
token sequences in autoregressive MLLMs, several meth-
ods (Xu et al. 2025a; Huang et al. 2025a; Xu et al. 2025b;
Liu et al. 2025a; Jiang et al. 2025; Ye et al. 2025b; Alvar
et al. 2025; Yang et al. 2025b; Kallini et al. 2025) have been
proposed. For instance, FastV (Chen et al. 2024) prunes to-
kens with minimal attention scores at intermediate layers.
LLaVA-PruMerge (Shang et al. 2024) adaptively prunes less
informative tokens via attention sparsity and subsequently
merges them using a k-nearest neighbor strategy. Pyramid-
Drop (Xing et al. 2024) progressively reduces token counts
in stages with a lightweight attention-based strategy. Other
approaches focus on different criteria. SparseVLM (Zhang
et al. 2024b) prunes visual tokens with low contribution
to text-related signals and reconstructs compact represen-
tations through clustering. VisionZip (Yang et al. 2025d)
merges dominant visual tokens based on attention and sim-
ilarity scores. HoliTom (Shao et al. 2025) employs prun-
ing by spatial-temporal merging for video LLMs. However,
these effective approaches are fundamentally designed for
autoregressive specific architectures, rendering them incom-
patible with the non-causal denoising process in diffusion
based MLLMs.

2.2 Efficiency Enhancements for Diffusion LLMs
Diffusion LLMs have primarily pursued two directions. The
first adapts caching mechanisms to the non-causal attention
of diffusion models. Methods like Fast-dLLM (Wu et al.
2025), dKV-Cache (Ma et al. 2025), dLLM-Cache (Liu et al.
2025b), and Prefix-DLM (Li et al. 2025) introduce tailored
strategies to cache key-value pairs from stable prefixes or
employ adaptive schedules, reducing redundant computa-
tions across denoising steps. The second direction focuses
on accelerated sampling. Techniques such as Confidence-
Aware Parallel Decoding (Wu et al. 2025), Confident De-
coding in Dimple (Yu, Ma, and Wang 2025), and Slow-
Fast (Wei et al. 2025) Sampling reduce the required denois-

ing iterations by dynamically reordering or parallelizing to-
ken decoding. Although these advances substantially accel-
erate Diffusion LLMs, they do not specifically address the
redundancy and computational burden associated with ex-
tensive visual token sequences in Diffusion MLLMs. Con-
sequently, the central challenge posed by long visual se-
quences remains unresolved.

3 Method
3.1 Preliminary: Diffusion MLLMs
Diffusion MLLMs are a class of generative models that pro-
duce text conditioned on multimodal inputs through a non-
autoregressive denoising process. The core mechanism in-
volves progressively refining a fully masked sequence into a
coherent output that is contextually grounded in both visual
and textual information.

Let [MASK] be a dedicated mask token in the token vo-
cabulary set. The model receives a visual input, such as an
image I , and a text prompt P . A vision encoder first pro-
cesses the image to produce a sequence of visual embed-
dings V = Evision(I). The total sequence length for the
model’s forward pass is denoted by N , which includes vi-
sual tokens, prompt tokens, and the text sequence to be gen-
erated.

The model generates a response sequence X =
(x1, . . . , xO) of a fixed length |O| over T discrete denois-
ing steps, indexed by t = T, . . . , 1. Let X(t) denote the state
of the generated text sequence at step t. The process begins
with a sequence composed entirely of mask tokens:

X(T ) = ([MASK], . . . ,[MASK]). (1)

At each step t, a Transformer-based model pθ with Lmodel
layers, parameterized by θ, predicts the probability distribu-
tion over the clean sequence X given the current noisy state
X(t) and the multimodal context (V, P ):

pθ(X|X(t), V, P ). (2)

From this distribution, the most probable clean sequence, X̂ ,
is typically identified via greedy decoding. Subsequently, a
scheduling function S determines the state for the next step,
X(t−1), by selectively replacing a subset of mask tokens in
X(t) with the corresponding predicted tokens from X̂:

X(t−1) = S(X̂,X(t), t). (3)

This iterative process is repeated until t = 1, yielding the
final generated sequence X(0). The set of newly predicted
tokens in the transition from X(t) to X(t−1) will serve as
crucial guides in the subsequent denoising step, as we will
detail next.

3.2 Decider-Guided Dynamic Token Merging
The core of our methodology is D3ToM, a decider-guided
dynamic token merging strategy. We design it as a plug-and-
play module to address the computational demands of the
iterative denoising process. For clarity, we denote the ma-
trix of hidden states for a sequence of length N as H ∈
RN×dmodel , where dmodel is the hidden dimension.
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Figure 4: The architecture of the D3ToM framework. The main architecture (left) shows the merging operation occurring at
layer l∗. The detailed process (right) illustrates the two key stages: (1) Decider-Guided Selection, where decider tokens guide
the selection of visual tokens to be kept, and (2) Similarity-Guided Merging, where merging tokens are aggregated into their
most similar kept tokens.

The Decider-Guided Mechanism At each diffusion step
t (1 ≤ t ≤ T − 1), we designate the tokens revealed in the
preceding iteration as decider tokens. Formally, we define
this set as follows:

D(t) =
{
x
(t)
i

∣∣∣ x(t)
i ̸= [MASK] ∧ x

(t+1)
i = [MASK]

}
, (4)

where X(t) = (x
(t)
1 , . . . , x

(t)
O ) denotes the partially decoded

sequence at step t and x
(t)
i is its i-th token. At the designated

merge layer l∗, letH(l∗,t) ∈ RN×dmodel denote the token rep-
resentations at step t, and let WQ,WK ∈ Rdmodel×dmodel be
the query and key projection matrices.We then compute the
self-attention matrix:

A = softmax
( (H(l∗,t)WQ) (H(l∗,t)WK)⊤√

dmodel

)
, (5)

where Ai,j denotes the attention weight from output token
x
(t)
i (query position) to visual token v

(t)
j (key position).

We quantify the importance of each visual token v
(t)
j by

aggregating the attention it receives from all decider tokens
in D(t):

S
(t)
j =

∑
x
(t)
i ∈D(t)

Ai,j . (6)

Based on these scores, we partition the set of all visual
tokens V into two disjoint subsets: the tokens to be kept,
Vkept(t), and those to be merged, Vmerge(t). Let Rank(S(t)

j )

be the rank of token vj according to its score. We define
these sets as:
Vkept(t) := {vj ∈ V | Rank(S(t)

j ) ≤ (1− αt)|V |},
Vmerge(t) := V \ Vkept(t).

(7)

To prepare for the next iteration, we update the decider set to
exclusively include the most recently revealed tokens. This
ensures that only newly decoded tokens guide the next im-
portance computation.

Similarity-Based Merging Given a merge ratio αt, our
method merges the tokens in Vmerge(t) into their nearest
neighbors within Vkept(t), based on cosine similarity. This
process reduces the sequence length from its pre-merge
value, N , to a post-merge length, Nm(t), given by:

Nm(t) = N − αt|V |. (8)
The merging operates on the post-attention hidden states
H̃(l∗,t) ∈ RN×dmodel from layer l∗, where H̃(l∗,t) =

(h̃
(t)
1 , . . . , h̃

(t)
N ) and each h̃

(t)
j ∈ Rdmodel denotes the post-

attention representation of token.
For each token v

(t)
m ∈ Vmerge(t), we identify its most sim-

ilar counterpart in the kept set using cosine similarity:

k∗ = arg max
v
(t)
k ∈Vkept(t)

h̃
(t)
m · h̃(t)

k

∥h̃(t)
m ∥2 ∥h̃(t)

k ∥2
. (9)

The merging step then aggregates the representations:

h̃
(t)
k∗ ← h̃

(t)
k∗ + h̃(t)

m . (10)
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Finally, we physically remove the merged token positions
from the hidden state matrix, yielding a shortened tensor
H̃(t)

merge∈RNm(t)×dmodel . This tensor then propagates through
the subsequent layers, reducing the computational complex-
ity for these layers.

Timestep-Dependent Merge Schedule To further align
token merging with the evolving nature of the diffusion pro-
cess, we introduce a timestep-aware variant, D3ToM-t, in
which the merge ratio αt varies with the denoising timestep.
Intuitively, early iterations construct a coarse semantic draft
and therefore benefit from high token retention, whereas
later iterations focus on detail refinement and can tolerate
more aggressive merging.

Let αmin and αmax denote the minimum and maximum
merge ratios allowed during inference. We define a linear
schedule:

αt = αmin+(αmax − αmin)
t− 1

T − 1
, 1 ≤ t ≤ T. (11)

Under this schedule, αt is smallest at the beginning of de-
coding and largest near the end, merging more redundant
tokens.

4 Experiments
4.1 Experimental Setup
Models and Baselines We implement D³ToM on
LaViDa (Li et al. 2025) and compare it with represen-
tative autoregressive token-reduction methods including
FastV (Chen et al. 2024), PyramidDrop (Xing et al. 2024),
and VisionZip (Yang et al. 2025d), adapted to the diffusion
setting.

Benchmarks. We evaluate our method on 7 multimodal
benchmarks including MMMU (Yue et al. 2024), MM-
Bench (Liu et al. 2024b), LLaVA-Bench (Liu et al. 2024a),
GQA (Hudson and Manning 2019), ScienceQA (Saikh et al.
2022), AI2D (Hiippala et al. 2021) and MathVision (Ahmad
et al. 2025).

4.2 Main Results
Table 1 demonstrates that D3ToM and its timestep-aware
variant D3ToM-t consistently preserve more task accu-
racy than all competing compression strategies under every
token-retention regime. When we retain only a quarter of the
visual tokens, D3ToM-t maintains over 98% of the original
LaViDa performance. At the extreme 10% retained setting,
it retains 96.75%.

The dynamic schedule in D3ToM-t provides consistent
gains over the fixed-ratio version across all budgets, indi-
cating that our decider-guided merging preserves critical vi-
sual information even under aggressive compression. Col-
lectively, these results confirm that D3ToM delivers state-of-
the-art performance retention for diffusion-based MLLMs
across a broad spectrum of multimodal tasks.

4.3 Efficiency Analysis
Efficientness Evaluation We begin by defining the core
parameters for our analysis: d is the hidden size, m is the

Algorithm 1: D3ToM Denoising with Decider-Guided Dy-
namic Token Merging

1: Input: visual tokens V , prompt tokens P , total denois-
ing steps T , total layers Lmodel, merge layer l∗, merge
schedule {αt}Tt=1

2: Output: final decoded sequence X(0)

3: Init: X(T ) ← ([MASK], . . . ,[MASK]), D(T ) ← ∅
4: Let V be the index set of visual tokens in the concate-

nated sequence
5: for t = T down to 1 do
6: H(0,t) ← Embed(Concat(V, P,X(t)))
7: for l = 1 to Lmodel do
8: (H̃(l,t), A(l,t))← SelfAttnl

(
H(l−1,t)

)
9: if l = l∗ and D(t) ̸= ∅ then

10: α← αt

11: S
(t)
j ←

∑
x
(t)
i ∈D(t) A

(l,t)
i,j , ∀j ∈ V

12: Vkept(t)← TopK(1−α)|V |
(
S(t)

)
13: Vmerge(t)← V \ Vkept(t)
14: for all vm ∈ Vmerge(t) do
15: k∗ ← arg max

vk∈Vkept(t)
cos

(
h̃(l,t)
m , h̃

(l,t)
k

)
16: h̃

(l,t)
k∗ ← h̃

(l,t)
k∗ + h̃

(l,t)
m

17: end for
18: Remove positions in Vmerge(t) from H̃(l,t) to ob-

tain Ĥ(l,t)

19: else
20: Ĥ(l,t) ← H̃(l,t)

21: end if
22: H(l,t) ← FFNl

(
Ĥ(l,t)

)
23: end for
24: X̂ ← Decode

(
H(Lmodel,t)

)
25: X(t−1) ← S

(
X̂,X(t), t

)
26: D(t−1) ←

{
x
(t−1)
i

∣∣x(t−1)
i ̸= [MASK], x

(t)
i =

[MASK]
}

27: end for
28: return X(0)

intermediate feed-forward width, L is the number of lay-
ers, and T is the number of denoising steps. The total token
count N per step is given by:

N = |V |+ |P |+ |O|. (12)

The computational cost for a single Transformer layer pro-
cessing n tokens, denoted FLOPslayer(n), consists of self-
attention and feed-forward network (FFN) components, as
follows:

FLOPslayer(n) = 4nd2 + 2n2d︸ ︷︷ ︸
self-attention

+3ndm︸ ︷︷ ︸
FFN

. (13)

Consequently, the total cost for a baseline forward pass with-
out merging is:

FLOPsbaseline = T × L× FLOPslayer(N). (14)

For our method, D3ToM, we introduce a merge ratio αt ∈
[0, 1) at each step t, yielding a reduced sequence length
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Method MMMU SQA MMB MathVision AI2D LLaVA-B GQA Avg.↑
Upper Bound, Retain 100% Tokens

LaViDa 43.78 72.34 74.24 20.39 69.46 71.60 66.20 100.0%

Retain 50% Tokens

FastV 40.68 69.16 64.37 16.85 62.85 58.70 56.20 87.89%
PDrop 41.45 70.64 66.45 17.12 64.24 62.90 60.30 91.03%
VisionZip 42.67 70.30 68.18 17.96 66.06 63.30 59.40 92.54%
D³ToM 43.00 72.38 71.97 18.75 67.76 70.20 63.00 96.85%
D³ToM-t 42.78 72.53 72.73 20.39 66.71 70.80 63.20 98.05%

Retain 33.3% Tokens

FastV 40.87 66.47 62.75 15.46 60.38 52.60 52.80 83.68%
PDrop 41.74 70.16 64.08 17.67 64.51 62.40 57.80 90.38%
VisionZip 42.11 70.10 68.18 18.45 65.58 62.10 57.60 91.94%
D³ToM 43.11 71.92 70.70 19.28 66.71 71.00 62.40 96.73%
D³ToM-t 42.67 72.43 73.48 19.74 65.67 71.40 63.20 97.59%

Retain 25% Tokens

FastV 40.12 61.87 60.38 15.13 57.74 49.70 50.40 80.20%
PDrop 40.59 69.47 62.20 17.54 64.19 59.80 56.40 88.53%
VisionZip 40.78 70.90 64.40 18.39 65.38 58.60 58.20 90.28%
D³ToM 42.33 71.64 69.70 18.68 66.19 70.80 60.40 95.23%
D³ToM-t 43.00 72.48 73.48 20.07 65.45 72.10 63.60 98.12%

Retain 16.7% Tokens

FastV 38.13 57.45 58.46 14.26 56.68 48.90 50.10 77.25%
PDrop 40.85 68.74 60.83 17.28 63.14 60.60 56.20 87.92%
VisionZip 41.56 70.75 67.42 17.73 65.25 58.90 57.20 90.44%
D³ToM 41.78 72.19 71.21 18.85 65.67 71.30 62.60 96.04%
D³ToM-t 43.11 72.73 73.48 20.07 65.67 71.90 63.40 98.16%

Retain 10% Tokens

FastV 38.42 55.38 57.74 14.42 55.40 49.20 48.40 76.34%
PDrop 40.27 66.95 60.17 17.74 63.27 55.70 55.20 86.41%
VisionZip 40.78 70.80 65.91 18.09 65.45 54.30 54.40 88.68%
D³ToM 42.67 71.44 68.93 18.52 65.87 70.10 62.60 95.31%
D³ToM-t 42.89 72.58 73.48 18.68 65.67 70.20 63.40 96.75%

Table 1: Performance evaluation on standard multimodal benchmarks. Scores are reported for each benchmark, along with the
average performance retention relative to the vanilla model (100%).

Nm(t) = N−αt|V |. This operation introduces a small com-
putational overhead:

FLOPsmerge(t) = 2αt(1− αt) |V |2d + αt|V |d. (15)
The total per-step cost, with merging applied at layer l∗, is
the sum of costs from the pre-merge layers (< l∗), the split-
computation layer l∗, the post-merge layers (> l∗), and the
merge overhead itself:

FLOPsstep(t) = l∗ × FLOPslayer(N)

+
[
FLOPsattn(N) + FLOPsffn

(
Nm(t)

)]
+ (L− l∗ − 1)× FLOPslayer

(
Nm(t)

)
+ FLOPsmerge(t).

(16)

The total computational cost for D3ToM is the sum of these
per-step costs over the entire trajectory:

FLOPsD3ToM =
T∑

t=1

FLOPsstep(t). (17)

When comparing a constant merge ratio ᾱ with a time-
varying linear schedule {αt} that has the same mean, the pri-
mary difference in FLOPs, ∆, arises only from the quadratic
self-attention term:

∆ = 4d|V |2
[
(T − 1)Var(αt)

]
. (18)

This difference is negligible when |V | ≪ N , satisfy-
ing ∆/(4dN2) < 1%. This proves that the cost of the
time-varying schedule is approximately equal to that of the
constant-ratio configuration:

FLOPsD3ToM-t ≃ FLOPsD3ToM. (19)

We derive the FLOPs expressions for all baseline methods
under the same diffusion-MLLM assumptions. To ensure a
fair comparison, we match their total effective token budget,
meaning the cumulative sequence length over all denoising
steps, to that of D3ToM. In this way, any observed differ-
ences reflect the algorithmic behavior rather than discrepan-
cies in token counts.
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TFLOPs↓ Time (s)↓
Method Abs. Rel. Abs. Rel.

Upper Bound, Retain 100% tokens

LaViDa 262.60 100% 1156.65s 100%

Retain 50% tokens

FastV 158.10 60.2% 786.42s 68.0%
PDrop 187.18 71.3% 845.61s 73.1%
VisionZip 143.57 54.7% 764.14s 66.1%
D3ToM 159.42 60.7% 766.40s 66.3%
D3ToM-t 160.03 60.9% 764.89s 66.1%

Retain 33.3% tokens

FastV 124.01 47.2% 667.24s 57.7%
PDrop 137.13 52.2% 718.06s 62.1%
VisionZip 104.74 39.9% 636.99s 55.1%
D3ToM 125.73 47.9% 664.89s 57.5%
D3ToM-t 125.99 48.0% 667.30s 57.7%

Retain 25% tokens

FastV 107.22 40.8% 612.72s 53.0%
PDrop 119.57 45.6% 661.43s 57.2%
VisionZip 85.62 32.6% 557.85s 48.2%
D3ToM 109.12 41.6% 604.87s 52.3%
D3ToM-t 109.27 41.6% 604.68s 52.3%

Retain 16.7% tokens

FastV 90.54 34.5% 554.13s 47.9%
PDrop 105.87 40.3% 609.27s 52.7%
VisionZip 66.62 25.4% 504.37s 43.6%
D3ToM 92.61 35.3% 550.37s 47.6%
D3ToM-t 92.68 35.3% 552.14s 47.8%

Retain 10% tokens

FastV 77.14 29.4% 487.19s 42.1%
PDrop 97.16 37.0% 578.31s 50.0%
VisionZip 51.36 19.6% 420.01s 36.3%
D3ToM 79.35 30.2% 492.70s 42.6%
D3ToM-t 79.37 30.2% 493.88s 42.7%

Table 2: Inference cost under Sec.4.3. Values are averaged
over LLaVA-Bench with T=32 and O=64.

Efficientness Results We evaluate the computational ef-
ficiency of our method using both theoretical FLOPs and
measured inference time. The results reported in Table 2
are obtained by running LLaVA-Bench on a single NVIDIA
A6000 GPU.

Compared with inner-LLM pruning baselines, D3ToM
and D3ToM-t use essentially the same FLOPs and infer-
ence time as FastV and remain below PDrop. At the 10%
retention point, D3ToM-t consumes about 30% of the ref-
erence FLOPs and 42% of the wall-clock time while de-
livering higher accuracy. VisionZip lowers raw cost further
by deleting tokens in visual encoder, but its one-shot prun-
ing cannot follow the evolving visual saliency during diffu-
sion process. By adjusting token selection at every denoising
step, our decider-guided merging maintains competitive ef-
ficiency without the performance limitations.

Method* MMMU SQA MMB AI2D Avg.↑
Upper Bound, Retain 100% Tokens

LaViDa* 43.78 71.34 70.44 69.82 100%

Retain 50% Tokens

D³ToM* 42.89 71.39 70.45 69.92 99.5%
D³ToM-t* 43.00 71.19 70.36 69.98 99.5%

Retain 33.3% Tokens

D³ToM* 43.00 71.29 70.10 69.88 99.4%
D³ToM-t* 42.56 71.19 70.27 69.79 99.2%

Retain 25% Tokens

D³ToM* 43.22 71.54 70.28 69.62 99.6%
D³ToM-t* 42.67 70.47 70.36 69.92 99.1%

Retain 16.7% Tokens

D³ToM* 43.22 71.59 70.10 69.72 99.6%
D³ToM-t* 42.44 71.34 70.45 69.75 99.2%

Retain 10% Tokens

D³ToM* 43.67 71.69 69.50 69.66 99.7%
D³ToM-t* 42.78 71.24 70.36 69.92 99.4%

Table 3: Compatibility with KV-Cache: * indicates that the
method is augmented with the Prefix-DLM Cache.

4.4 Compatibility with KV-Cache
During cached decoding the model stores key and value ten-
sors K,V ∈R(|V |+|P |)×dmodel . After importance filtering we
obtain the kept index set K and its complementM. For ev-
ery m∈M we route it to the most similar kept token

π(m) = argmax
k∈K

Km ·Kk

∥Km∥2 ∥Kk∥2
. (20)

We then merge caches and renormalise
Kπ(m) ← Kπ(m) +Km,

Vπ(m) ← Vπ(m) + Vm,
(21)

and finally drop the positions inM, so subsequent attention
operates on the shorter cache of length Lkept. The procedure
is vectorised and does not modify model parameters.

Table 3 demonstrates that integrating D3TOM with the
Prefix-DLM cache consistently shortens the cached se-
quence while retaining alomst full of model accuracy. These
confirm decider-guided token merging and KV caching act
on distinct parts and can therefore be combined without
compromising prediction quality.

5 Conclusion
We introduce D3ToM, a simple yet effective approach that
physically shortens the visual token sequence in Diffusion
MLLMs, thereby reducing the computational burden of de-
noising inference. By dynamically focusing computation on
the most salient visual tokens, D3ToM preserves generation
quality throughout the diffusion process. Empirical results
confirm that the proposed merging strategy accelerates infer-
ence while maintaining competitive accuracy across diverse
multimodal benchmarks.
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