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Abstract
Omni-capable Diffusion multimodal large lan-
guage models (Diffusion MLLMs) unify text-
to-image (T2I) generation and image-to-text
(I2T) understanding within one backbone, but
at substantial cost on both fronts: visual tokens
far outnumber surrounding text, and for T2I
this per-step cost compounds across many de-
noising steps. Token merging has been studied
separately in adjacent fields, yet training-free
acceleration spanning T2I+I2T in one omni-
capable Diffusion MLLM remains limited. We
present SaToMe, a training-free token-merging
method built around a local-deviation opera-
tor that we interpret as measuring local rep-
resentational uniqueness. The denoising tra-
jectory exposes two natural inputs to this op-
erator: the state h and the update direction
∆h. Their spreads behave very differently
along the trajectory—state-salience spread is
dynamic and identifies the active merging win-
dow, while update-salience masks are window-
stable and serve as a single-step protection sig-
nal for cell-level structural content. T2I uses
both signals; I2T, with no temporal axis, in-
stantiates the same uniqueness criterion on the
state alone, producing a single-pass additive
merge. The same I2T form transfers directly
to a separate I2T-only Diffusion MLLM with
a different visual representation, supporting
its applicability across these visual represen-
tations. SaToMe attains +20.14% T2I wall-
clock speedup on LLaDA-o at 67.5% visual-
token retention while largely preserving re-
ported generation quality, +35.5% I2T wall-
clock speedup on LLaDA-o, and +27.5% I2T
wall-clock speedup on LaViDa.

1 Introduction

Diffusion multimodal large language models (Dif-
fusion MLLMs) process visual and textual informa-
tion through non-autoregressive iterative denoising,
and have recently shown strong potential in mul-
timodal understanding and generation (Nie et al.,

2025; Li et al., 2025c; You et al., 2026). Omni-
capable Diffusion MLLMs support multiple tasks
within a shared backbone, including text-to-image
(T2I) generation and image-to-text (I2T) under-
standing, pushing multimodal unified modeling to-
ward a new generation of architectures (You et al.,
2026; Yang et al., 2025). However, their infer-
ence cost grows with both sequence length N and
denoising steps T : T2I generation repeatedly pro-
cesses a full visual latent sequence at every denois-
ing step (e.g., N = 4096 latent tokens and T = 50
steps in LLaDA-o), while I2T understanding must
process thousands of visual tokens produced by a
vision encoder. The efficiency bottleneck is there-
fore substantial in both capability paths, and is
particularly pronounced in T2I because of its multi-
step trajectory.

Token merging is a mature training-free
paradigm in ViTs and image-diffusion backbones
(Bolya et al., 2023; Bolya and Hoffman, 2023; Lu
et al., 2025), but methods such as ToMeSD (Bolya
and Hoffman, 2023) and ToMA (Lu et al., 2025)
rely on U-Net or diffusion-transformer architec-
tural conditions that have no direct counterpart in
the uniform bidirectional transformers of Diffusion
MLLMs. Orthogonal acceleration efforts for diffu-
sion language models modify caching or decoding
schedules (Hu et al., 2025; Liu et al., 2025; Wang
et al., 2026; Zuo et al., 2026) rather than the visual-
token computation within each step. Training-free
visual-token merging for omni-capable Diffusion
MLLMs therefore remains an underexplored set-
ting.

We observe that although T2I generation and
I2T understanding have substantially different in-
ference structures, they share a core decision prob-
lem: identifying which visual positions are redun-
dant and which carry critical information. T2I gen-
eration refines a 2D latent grid over a multi-step
denoising trajectory, whereas I2T understanding
processes a 1D visual token sequence in a single
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Figure 1: Salience-derived protected cells (outlined)
consistently align with object boundaries and high-
frequency regions across diverse T2I prompts. The
same salience intuition is reused at a cell-local scope in
§3.3 for protection and reconstruction-aware merging.

Figure 2: Salience scores visualized over representative
I2T input images. The same primitive highlights object-
bearing foreground regions over locally homogeneous
background, providing the basis for the direct token-
scope application in §3.4.

forward pass. Based on this observation, we de-
fine a local-deviation operator that we interpret as a
proxy for local representational uniqueness: posi-
tions whose representations align with their neigh-
borhood are locally redundant, while positions de-
parting from local consensus carry information not
captured by nearby context.

Denoising in Diffusion MLLMs naturally ex-
poses two inputs to this operator: the state h(t) and
the update direction ∆h(t) = h(t)−h(t+1). We find
that the two behave very differently along the trajec-
tory. State-salience has a spread σ(t) that profiles
when the operator is in a discriminative regime—
noise-dominated and post-convergence steps yield
uniform scores—and so identifies the active merg-
ing window. Update-salience, by contrast, rapidly
stabilizes after the noise-dominated phase and re-
mains close to its commit-step mask across the
active window (IoU ≥ 0.78 on a 50-prompt sub-
set), which justifies committing a protected set once
and freezing it throughout. T2I uses both signals;
I2T, with no temporal axis, instantiates the same
uniqueness criterion on the state alone, where high-
uniqueness tokens are kept and locally redundant
tokens are merged. The asymmetry between the
two task instantiations is therefore one of available
observations, not of method preference.

Visually, the operator’s protected regions trace
object boundaries across diverse T2I content (Fig-
ure 1) and highlight object-bearing regions over
background on I2T inputs (Figure 2). For T2I, the
pixel-level VAE decoder requires preserving cell-
level structure; the operator is applied at the trajec-
tory level for window selection and at a cell-local
scope on ∆h for protection and reconstruction-
aware merging (Section 3.3). For I2T, the operator
on h applies directly without cell-local extensions

(Section 3.4).
We evaluate the full pipeline on LLaDA-o, an

omni-capable backbone supporting both T2I and
I2T. Because the I2T instantiation requires no spe-
cialization, we additionally apply it to LaViDa,
a separate I2T-only backbone with a different
visual representation paradigm, to test whether
the salience primitive transfers beyond backbone-
specific structure. On LLaDA-o, SaToMe achieves
a +20.14% wall-clock speedup for T2I generation
on 1K COCO prompts at 67.5% visual-token re-
tention while largely preserving reported genera-
tion quality; it also achieves a +35.5% wall-clock
I2T speedup at 50% retention, retaining 97.98%
of the baseline four-task average. On LaViDa, the
I2T instantiation reaches a +27.5% GQA-lite wall-
clock speedup while retaining 99.46% of the base-
line four-task average at the same 50% retention.
The complete T2I sweep and matched-retention
D3ToM-t comparison are reported in Table 1 and
Appendix B, respectively. The method is deployed
without retraining in either case.

Our contributions are summarized as follows:

• We introduce a local-deviation operator that
we interpret as a proxy for local representa-
tional uniqueness, applied to two natural in-
puts in Diffusion MLLMs (state h and update
direction ∆h), with task-side instantiations
differing only in the available observation bud-
get.

• We quantify a diffusion-MLLM–specific em-
pirical property: s(∆h) protection masks are
window-stable along the denoising trajectory
while s(h) masks drift; this property justifies
single-step commit + freeze and is the source
of the T2I instantiation’s quality retention.
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• We show training-free deployment of the
operator across the LLaDA-o and LaViDa
paradigms, including measured wall-clock
speedup spanning T2I generation and I2T
understanding on an omni-capable Diffusion
MLLM.

2 Related Work

Token merging and visual-token reduction. To-
ken merging was established by Bolya et al. (2023)
for ViT classification via Bipartite Soft Matching,
and adapted by ToMeSD (Bolya and Hoffman,
2023) to Stable Diffusion U-Nets through random
2×2 partitioning and by attention-aware ToMA (Lu
et al., 2025) to Diffusion Transformers; other ex-
tensions include layer-adaptive variants (Kim et al.,
2024) and adaptive U-Net windows (Lee et al.,
2025). These methods rely on architecture-specific
affordances—U-Net skip connections, DiT multi-
resolution structures, position-aware encodings—
to absorb merging errors. Adjacent vision-token
pruning approaches (Rao et al., 2021; Yin et al.,
2022; Liang et al., 2022; Marin et al., 2023) share
the same architectural-coupling tendency. Such
affordances have no direct counterpart in the uni-
form bidirectional transformers of omni-capable
Diffusion MLLMs.

Diffusion-LM and LLM acceleration. Two
routes exist for diffusion language models like
LLaDA (Nie et al., 2025) and Dream (Ye et al.,
2025), which build on discrete-diffusion lan-
guage modeling (Austin et al., 2021; Lou et al.,
2024; Sahoo et al., 2024): KV-cache adaptations
(Hu et al., 2025; Liu et al., 2025; Ma et al.,
2025) reduce per-step recomputation, while mask-
scheduling methods change unmasking order—
Window-Diffusion (Zuo et al., 2026) targets text-
only generation, whereas LADR (Wang et al.,
2026) exploits spatial locality to prioritize recovery
at the generation frontier in discrete-diffusion T2I.
LADR reduces decoding work at the schedule level,
whereas SaToMe reduces per-step visual-token
computation through token merging. Broader LLM
acceleration via attention-sink streaming (Xiao
et al., 2024), heavy-hitter eviction (Zhang et al.,
2023), IO-aware kernels (Dao et al., 2022), and
orthogonal diffusion-side directions—faster ODE
solvers (Lu et al., 2022a), distillation (Salimans
and Ho, 2022), and consistency-model parameter-
izations (Song et al., 2023)—target attention or
sampling-step count, not visual-token count.

Omni-capable Diffusion MLLMs. Building on
LLaDA, LaViDa (Li et al., 2025c) and LLaDA-
V (You et al., 2025) add vision encoders for I2T,
while LLaDA-o (You et al., 2026) and MMaDA
(Yang et al., 2025) unify T2I+I2T in a single back-
bone; concurrent autoregressive unified models in-
clude Show-o (Xie et al., 2025) and Janus (Wu
et al., 2024). Visual-token compression for au-
toregressive MLLMs (Alayrac et al., 2022; Liu
et al., 2023, 2024; Bai et al., 2023; Chen et al.,
2024b,a; Xing et al., 2024; Yang et al., 2024) de-
pends on causal attention and does not directly
transfer to bidirectional denoising. The most di-
rectly comparable work is D3ToM (Chang et al.,
2026), which dynamically merges visual tokens in
LaViDa via a decider-guided importance map for
I2T only; Sparse-LaViDa (Li et al., 2025b) acceler-
ates T2I+I2T on a LaViDa-O backbone (Li et al.,
2025a) but requires additional training. Our work
explores a training-free direction spanning both
T2I and I2T in omni-capable Diffusion MLLMs.

3 Method

3.1 Preliminaries

Diffusion-based generation evolved from pixel-
space modeling (Ho et al., 2020; Song et al., 2021)
to latent-space frameworks (Rombach et al., 2022)
and transformer architectures (Peebles and Xie,
2023; Podell et al., 2024); Diffusion MLLMs ex-
tend this lineage to unified multimodal sequences.
A Diffusion MLLM processes a sequence of length
N over T denoising steps in each forward pass.
Inference cost therefore scales with N×T for both
T2I generation and I2T understanding.

Let V denote the token vocabulary, [MASK] ∈ V
the mask token, and C the multimodal condition.
A denoising trajectory X(T ), X(T−1), . . . , X(0) is
initialized as

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

At each step, the backbone pθ predicts a condi-
tional distribution over the masked positions,

pθ

(
X | X(t), C

)
, (2)

after which a transition operator S produces the
next state:

X(t−1) = S
(
X(t), pθ(· | X(t), C), t

)
. (3)
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Figure 3: Overview of the SaToMe framework. A shared local-deviation operator—interpreted as local representa-
tional uniqueness—is applied to two natural inputs of the denoising forward pass (h and ∆h) and instantiated as a
windowed cell-level merge–restore pipeline for T2I generation, and as a direct token-level additive merge for I2T
understanding.

The trajectory terminates at X(0); smaller t cor-
responds to states closer to the final output. Each
forward step computes continuous hidden states
H(t) ∈ RN×d, on which we define the local-
deviation operator (Section 3.2) and instantiate
task-specific merging (Sections 3.3 and 3.4; Fig-
ure 3).

3.2 Salience as Local Representational
Uniqueness

Operator. Given hidden states H =
[h1, . . . , hN ] ∈ RN×d at any forward pass
(timestep superscript omitted when unambiguous),
we aggregate the neighborhood of position i with
kernel size k and L2 normalization (AvgPoolk for
1D sequences, AvgPool2Dk for 2D grids):

h̄i = Norm


 1

|Nk(i)|
∑

j∈Nk(i)

hj


 , (4)

and define a local-deviation operator

si = 1− cos(hi, h̄i). (5)

We view si as a proxy for local representational
uniqueness: tokens aligned with their neighbor-
hood are locally redundant—neighbors carry sim-
ilar information—whereas tokens departing from
local consensus carry information not captured

by nearby context. This is consistent with local-
contrast notions of structural salience in vision rep-
resentations.

Trajectory-level discriminability of s(h). At
each denoising step t, the operator can be applied
to either of two natural inputs: the state h(t) or the
update direction ∆h(t) = h(t) − h(t+1). The two
behave very differently along the trajectory. The
spread of state-salience scores,

σ(t) = q0.95

(
{s(t)i }Ni=1

)
−q0.05

(
{s(t)i }Ni=1

)
, (6)

measures whether the operator is in a discrimina-
tive regime: large σ(t) separates locally unique
positions from redundant ones; small σ(t) indi-
cates a uniform regime—noise-dominated or post-
convergence—where merge decisions are unreli-
able. We use σ(t) to localize the active interval
W where the operator itself reports informative-
ness (Figure 4); window selection is therefore a
self-consistency property of the operator, not an
external hyperparameter.

Window-stability of s(∆h). Applied to ∆h(t),
the operator yields a substantially more stable sig-
nal: slowly-varying noise cancels via subtraction.
The protected mask derived from s(∆h) retains
mean IoU 0.86 (min 0.78) across the active win-
dow against the commit-step mask, while the corre-
sponding s(h) mask drifts to IoU 0.29 by late steps
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Figure 4: Salience-spread profile σ(t) along the de-
noising trajectory. Three regimes are visible: Stage I
plateau (σ≈0.36, noise-dominated), Stage II ramp to
peak σ≈0.475 at s33 (structure emerging), Stage III
decay (refinement). The active windowW = [s16, s45]
is the contiguous interval where σ(t) exceeds the early
plateau; its endpoints are read directly from the curve
rather than tuned.

(Appendix D). This supports committing the pro-
tected set once at the first window step and freezing
it throughout (§3.3).

Task instantiations differ only in observation
budget. T2I exposes both inputs: σ(t) on h tells
when merging is reliable, and s(∆h) at the commit
step tells where to protect (§3.3). I2T is single-pass
with no temporal axis, so only s(h) is available;
the same uniqueness criterion directly ranks tokens
(§3.4). The asymmetry between the two task in-
stantiations is one of available observations, not of
method preference.

3.3 Application to T2I Generation
T2I generation must produce a pixel-level image
through a VAE decoder, so cell-level structural in-
formation must be preserved. We instantiate the
operator first at the trajectory level (window selec-
tion via σ(t), §3.2) and then at a cell-local scope
for protection and reconstruction-aware merging
within that window.

Active window. The baseline σ(t) profile ex-
hibits three regimes (Figure 4): a Stage I plateau
(noise-dominated), a Stage II ramp (structure
emerging), and a Stage III decay (refinement). We
take the active window as the contiguous interval
where σ(t) sits above the early plateau,

W = [tstart, tend], σ(t) > τσ for t ∈ W, (7)

yieldingW=[s16, s45] on LLaDA-o T2I: the end-
points are the first and last steps where the operator
is discriminative, read off the curve rather than
tuned. Endpoint failure modes are in Appendix E.

Figure 5: Comparing the operator applied to h (left)
versus ∆h (right) at a representative step within the
active window. The ∆h map concentrates more tightly
on structure-bearing cells, consistent with the trajectory-
stability result in Appendix D.

Cell-local protection. Within W , we partition
the 2D latent grid into non-overlapping 2× 2 cells.
A cell’s protection score averages pairwise cosine
dissimilarities of ∆h within the cell:

Scell
c = 1− 1

6

∑

i,j∈c
i<j

cos(∆hi,∆hj). (8)

The top-rp cells form the protected set

P = TopK rp·|C|
(
{Scell

c }c∈C
)
, (9)

committed at the first step ofW and frozen through-
out; per-step refresh is unnecessary because s(∆h)
masks are window-stable (§3.2, Appendix D). The
protection ratio rp is swept in Table 1.

Cell-local merge and restoration. For each un-
protected cell, two destinations K and two sources
D = cell \K are chosen by enumerating all

(
4
2

)
=6

splits and minimizing the source-to-destination re-
construction error:

K∗ = arg min
|K|=2

(
1− 1

|D|
∑

i∈D
max
j∈K

cos(hi, hj)
)
.

(10)
Sources are removed from the LLM forward pass,
then restored toward their nearest destination

j∗(i) = argmax
j∈K∗

cos(hi, hj), (11)

via a soft α-blend (default α = 0.95; ablations in
Appendix E):

h̃src
i = α · hsrc

i + (1− α) · hdst
j∗(i). (12)

3.4 Application to I2T Understanding
For I2T there is no denoising trajectory, so only
s(h) is available and applies directly at token scope.
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The operator does not depend on attention special-
ization, so we can read it at the earliest LLM-side
layer (ℓ∗=1 on LaViDa, pre-layer-1 on LLaDA-o;
a pilot sweep found these indistinguishable). Let
I index the visual tokens (Nv = |I|); the lowest
top-r fraction by salience (most locally redundant)
form sources D, the rest become destinations K:

D = TopK rNv
{−si | i ∈ I}, K = I \ D.

(13)
Each source token is additively merged into its

nearest destination, then physically removed:

j∗(i) = argmax
j∈K

cos(hi, hj), hj∗(i) ← hj∗(i)+hi.

(14)
No unmerging is needed; this simplicity makes

the I2T instantiation a natural testbed for cross-
backbone transfer (Section 4).

4 Experiments

4.1 Experimental Setup
Backbones We evaluate on two Diffusion
MLLMs with continuous visual representations:
LLaDA-o (You et al., 2026) for T2I and I2T, and
LaViDa (Li et al., 2025c) for I2T only. They use
different paradigms—continuous VAE latents and
SigLIP embeddings (Zhai et al., 2023)—forming a
cross-paradigm validation setting. Our method is
training-free and runs on a single 96GB GPU; full
per-task configurations are in Appendix A.

Baselines and references For T2I, no published
training-free token-merging baseline exists for
omni-capable Diffusion MLLMs, so the primary
comparison is against the unmodified LLaDA-
o backbone; as a negative control probing task-
constraint–aware design, we add ToMeSD-port, a
direct adaptation of ToMeSD’s (Bolya and Hoff-
man, 2023) random 2× 2 partitioning to LLaDA-o
(no protection, no trajectory window, no restora-
tion). For I2T, we compare against the concurrent
training-free D3ToM (Chang et al., 2026), whose
decider-attention is complementary to our salience
scoring.

Benchmarks and protocol T2I is evaluated
on 1K COCO prompts (Lin et al., 2014) with
FID (Heusel et al., 2017), IS (Salimans et al., 2016),
and GenEval (Ghosh et al., 2023), supplemented
by qualitative comparisons (Figure 6). I2T is eval-
uated on GQA-lite (Hudson and Manning, 2019),

rp Retain ρ FID ↓ IS ↑ GenEval ↑ Speedup ↑
Baseline 100% 76.63 24.40 0.790 —

0.75 87.5% 74.9 24.25 0.786 +7.9%
0.55 77.5% 73.4 24.08 0.779 +14.1%
0.35 67.5% 72.53 23.89 0.766 +20.14%
0.15 57.5% 78.5 23.20 0.735 +26.0%
0.00 50.0% 86.3 22.13 0.690 +30.3%

Table 1: T2I quality and wall-clock speedup for SaToMe
on 1K COCO across protection ratios; the baseline is
unmodified LLaDA-o and the shaded row is the default
setting.

ScienceQA (Lu et al., 2022b), AI2D (Kembhavi
et al., 2016), and MMMU (Yue et al., 2024). T2I
uses default rp = 0.35 (67.5% retention), within
the moderate-retention range adopted by prior T2I
token-merging work (Bolya and Hoffman, 2023;
Kim et al., 2024; Lu et al., 2025; Lee et al., 2025);
the complete sweep is reported in Table 1. I2T
reports a 3-point retention sweep at 50%, 25%, and
10%, matching the aggressive range used by Chang
et al. (2026).

4.2 Main Results

T2I generation Table 1 reports the complete
LLaDA-o T2I sweep on 1K COCO. At rp=0.35,
SaToMe maintains the reported generation qual-
ity under +20.14% wall-clock speedup (Table 3);
ToMA and ToMeSD transfer diagnostics are re-
ported in Appendix F. Qualitative samples are in
Figure 6.

I2T cross-paradigm transfer Table 2 reports
I2T across four benchmarks at three retention
points on two backbones. At 50% retention—
directly comparable to D3ToM-t—SaToMe is es-
sentially lossless (≥97.9% of the 4-task baseline
average on both backbones) and improves over
D3ToM-t on GQA-lite and SQA. The GQA-lite ad-
vantage persists at 25%; the two methods are com-
parable at 10%. Wall-clock saving grows monoton-
ically as retention drops on both backbones, with
LLaDA-o consistently above LaViDa (Table 3)—
analyzed in §4.3.

4.3 Efficiency Analysis

We analyze efficiency through both theoretical
FLOPs and measured wall-clock. Both task instan-
tiations reduce the per-step visual-token count—for
T2I, each unprotected 2 × 2 cell shortens from 4
to 2 tokens while protected cells (fraction rp) keep
all 4, giving retained ratio ρT2I = 1 − 1

2(1 − rp);
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Figure 6: Qualitative T2I comparison on representative prompts, checking that token merging preserves visual
structure, style, and fine details.

Method GQA SQA AI2D MMMU Avg Retain ↑
Panel A — LaViDa (SigLIP-encoder path)

Baseline, Retain 100%
LaViDa baseline 66.20 72.19 69.17 44.00 100%

Retain 50%
D3ToM-t 63.00 72.38 67.76 43.00 96.85%
Ours 66.40 72.73 68.07 43.00 99.46%

Retain 25%
D3ToM-t 60.40 71.64 66.19 42.33 95.23%
Ours 64.00 71.84 66.29 42.78 97.36%

Retain 10%
D3ToM-t 62.60 71.44 65.87 42.67 95.31%
Ours 62.60 69.26 66.55 41.33 95.30%

Panel B — LLaDA-o (continuous-VAE path)

Baseline, Retain 100%
LLaDA-o baseline 68.20 71.99 80.60 44.00 100%

Retain 50% / 25% / 10%
Ours (50%) 66.80 70.25 78.59 43.78 97.98%
Ours (25%) 65.80 67.97 73.38 39.44 93.55%
Ours (10%) 62.60 64.11 66.90 38.56 88.10%

Table 2: I2T accuracy under a 3-point retention sweep on two backbones; efficiency in Table 3. D3ToM-t is
evaluated under the same pipeline as our method. Blue shading identifies SaToMe rows; bold values mark the better
entry within matched LaViDa blocks, with ties bolded in both rows.

for I2T, the top-r fraction is merged and physically
removed—and the merging module itself adds only
a cost linear in the visual-token count (salience scor-
ing, cell-local enumeration, nearest-destination as-
signment), with no global pairwise matching. The
realized speedup factorizes as Swall = SFLOPs · η: a
theoretical FLOPs saving SFLOPs scaled by a con-
version rate η that captures how much of the base-
line runtime lies in the transformer compute that
merging actually shortens. This separates ideal

compute savings from realized wall-clock gains.

Theoretical FLOPs. With L layers, merging in-
serted after ℓ∗, and T denoising steps, the merged
compute cost and FLOPs saving are

Cours = T
[
ℓ∗Clayer(N)

+ (L−ℓ∗)Clayer(Nmerged)
]
+ Covh,

SFLOPs = 1− Cours

TL · Clayer(N)
,

(15)
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with per-layer cost Clayer, overhead Covh, and
merged length Nmerged derived in Appendix G. T2I
repeats this saving across the trajectory; I2T applies
it once. The conversion rate depends on the share
of runtime spent in the shortened transformer path.
Non-mergeable components such as visual encod-
ing, data handling, and framework overhead there-
fore make wall-clock gains backbone-dependent.

Cross-backbone efficiency. The wall-clock gap
between the two backbones decomposes into an al-
gorithmic term and a system term. On the algorith-
mic side, LLaDA-o carries a higher visual-token
fraction and merges earlier—pre-LLM (ℓ∗=0) ver-
sus LaViDa’s ℓ∗=1—so more downstream layers
run on the shortened sequence and SFLOPs rises
from 44.5% to 49.8%. On the system side, its
lower non-mergeable overhead lifts η from 61.8%
to 71.3%: LaViDa’s SigLIP emits a fixed 729 to-
kens per image, whereas LLaDA-o’s NaViT-style
encoder emits a larger, image-dependent count,
concentrating a greater share of per-step cost in the
shortenable transformer path. The two terms com-
pound, so visual-token merging yields larger real-
ized acceleration on visual-token-dominated back-
bones whose compute concentrates in the trans-
former path. The merge map is deterministic, so
the same source-to-destination assignment applies
to cached visual key/value tensors and is compati-
ble with KV-cache decoding. Under the matched
LaViDa no-KV protocol, SaToMe has lower wall-
clock time than D3ToM-t at all three retention
points.

Shallow-merge advantage. Because our opera-
tor reads local hidden-state deviation rather than
attention scores, it can be applied at the earliest
LLM-side layer (ℓ∗=1 on LaViDa, pre-layer-1 on
LLaDA-o), placing essentially all transformer com-
pute downstream of the merge point; concurrent
D3ToM (Chang et al., 2026) similarly merges shal-
lowly (ℓ∗=3). Attention-score pruning instead cou-
ples to attention maturation (FastV (Chen et al.,
2024a) prunes at layer 2 on AR LLaVA), and di-
rect ports of attention-output merging to LLaDA-o
T2I fail across the axes we tested (Appendix F).
Ablations are reported in Appendix E; cache-on
composition is reported in Appendix C.

5 Conclusion

We presented SaToMe, a training-free token merg-
ing method for omni-capable Diffusion MLLMs

Method (Retain) Wall (s) Speedup ↑ FLOPs ↓
T2I — LLaDA-o, 1K COCO

Baseline (100%) 26807.5 — 1.000
Ours (67.5%) 21407.6 +20.14% 0.790

I2T — LaViDa, GQA-lite

Baseline (100%) 552.17 — 1.000
D3ToM-t (50%) 411.23 +26.4% 0.609
D3ToM-t (25%) 333.26 +40.4% 0.416
D3ToM-t (10%) 279.14 +50.1% 0.302
Ours (50%) 400.57 +27.5% 0.555
Ours (25%) 305.28 +44.7% 0.337
Ours (10%) 245.96 +55.5% 0.207

I2T — LLaDA-o, GQA-lite

Baseline (100%) 113.0 — 1.000
Ours (50%) 72.9 +35.5% 0.502
Ours (25%) 60.3 +46.6% 0.265
Ours (10%) 47.1 +58.3% 0.127

Table 3: Wall-clock and FLOPs across T2I and I2T
(single 96GB GPU; same pipeline within each panel).
LaViDa I2T uses a matched 500-sample GQA-lite no-
KV protocol; D3ToM-t speedups are computed against
its same-pipeline no-merge baseline (558.89s; within
1.2% of the LaViDa baseline). Per-row FLOPs ratios
are derived in Appendix G.

built around a local-deviation operator interpreted
as local representational uniqueness. The denois-
ing trajectory exposes two operator inputs—state
h and update direction ∆h—whose distinct trajec-
tory behaviors determine when merging is reliable
and where structural cells must be protected; T2I
uses both signals, I2T uses only s(h). SaToMe
delivers meaningful wall-clock acceleration on
LLaDA-o T2I/I2T and LaViDa I2T while pre-
serving generation fidelity and downstream accu-
racy, indicating that uniqueness-driven merging is
a practical training-free route across the generation–
understanding spectrum of Diffusion MLLMs.

Limitations

Open omni-capable Diffusion MLLMs are con-
centrated at the 8B scale; our evaluation covers
two representative backbones (LLaDA-o, LaViDa)
and does not extend to other scales or newer omni
models. The T2I windowW is derived from the
σ(t) profile (§3.2–§3.3), but the protection ratio
rp=0.35 and soft-blend α=0.95 come from pilot
inspections and may need re-estimation on back-
bones with markedly different denoising schedules
or visual encoders. T2I quality is reported on 1K
COCO prompts at a single seed; broader multi-seed
and compositional evaluations remain future work.
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A Implementation Details

Hardware and software All experiments run on
a single NVIDIA RTX PRO 6000 (96GB) with
model weights fully resident in GPU memory.
Backbone weights are loaded in bfloat16 preci-
sion. T2I generation uses the LLaDA-o pipeline;
I2T evaluation uses the lmms-eval framework with
backbone-specific model wrappers.

Backbones LLaDA-o is an omni-capable Diffu-
sion MLLM supporting both T2I generation and
I2T understanding within a shared backbone, with
a continuous-VAE visual representation. The dif-
fusion backbone has L = 32 transformer layers,
hidden dimension d = 4096, FFN intermediate
width m = 12288, and 32 attention heads. For
T2I, the backbone operates on a 64× 64 latent grid
(Nv = 4096 tokens) producing 1024 × 1024 im-
ages by default. For I2T, LLaDA-o uses a SigLIP-
NaViT vision tower with dynamic patchification
(stride 14, max resolution 980, min 378, max pixels
2,007,040); the visual token count therefore varies
per image and is not fixed. LaViDa shares the
same diffusion backbone configuration (L = 32,
d = 4096, m = 12288) but uses a SigLIP-so400m-
patch14-384 vision tower, producing 729 visual
tokens (27× 27 grid) per 384× 384 image.

T2I generation The denoising trajectory con-
tains T = 50 steps with classifier-free guidance
scale 4.0. The active merging window is W =
[s16, s45], covering 30 of the 50 steps; merging is
disabled outsideW . The window endpoints were
identified from the salience-spread curve (Figure 4)
as the contiguous interval where σ(t) is clearly
above the early-stage plateau, and validated against
the qualitative endpoint-failure modes in Figure 8.
Within the window, the 64× 64 latent grid is par-
titioned into non-overlapping 2× 2 cells. The de-
fault protection ratio is rp = 0.35 (67.5% reten-
tion), chosen as the operating point that balances
retention and qualitative fidelity in our pilot inspec-
tion. Source positions are restored through a soft
α-blend with α = 0.95; this value was selected
from the operator ablation in Appendix E Table 7,
where α = 1.0 leaves persistent source noise and
α = 0.95 was the only setting producing clean out-
puts across all pilot prompts. The salience score
uses a k = 11 kernel for the AvgPool2D neigh-
borhood aggregation, chosen as a small odd kernel
that captures local context without over-smoothing;
cell-level protection uses 2 × 2 intra-cell cosine

isolation rather than AvgPool.

I2T understanding LaViDa applies merging af-
ter the first LLM layer (ℓ∗=1); LLaDA-o applies
merging before the first LLM layer (ℓ∗=0, i.e., pre-
LLM on the projected visual tokens). The merge
ratio r matches the target visual-token retention
(e.g., r = 0.5 at 50% retention). Decoding follows
the D3ToM evaluation protocol with backbone-
specific output lengths |O|: 16 for GQA-lite, 64
for AI2D and MMMU, 100 for ScienceQA. Gener-
ation uses prefix_lm=False, block_length= 64,
and step_ratio= 0.5 unless otherwise specified.
For the matched LaViDa GQA-lite timing sweep,
we use max_new_tokens= 16, block_length=
16, step_ratio= 1.0, schedule=shift, and dis-
able KV cache. The salience score uses a k = 11
kernel for the AvgPool1D neighborhood aggrega-
tion.

Evaluation protocol T2I evaluation uses 1K
COCO captions sampled with seed 42; FID and
IS are computed against the same caption set;
GenEval uses its standard prompt suite. I2T eval-
uation uses GQA-lite, ScienceQA, AI2D, and
MMMU through the lmms-eval framework; the
matched LaViDa GQA-lite timing sweep uses the
first 500 samples. Wall-clock measurements use
warmup_runs= 1 followed by timed_runs= 2,
with the median reported unless a task-specific tim-
ing sweep is specified. The T2I quality comparison
uses paired seed 42; other results follow their task-
specific protocols.

Reproducibility The implementation and con-
figuration files are publicly available at https:
//github.com/sixun-liu/SaToMe.

B Matched I2T Comparison

We report matched-retention results for SaToMe
and D3ToM-t on LLaDA-o I2T. The shared no-
merge baseline has a four-task average of 66.20
and a wall time of 113.0 seconds.

C KV-Cache Composition

With KV caching enabled, SaToMe provides addi-
tional wall-clock acceleration relative to the corre-
sponding cache-only baseline, without a measured
accuracy change.
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Retention Method GQA SQA AI2D MMMU Avg. Wall (s) Speedup

50% SaToMe 66.80 70.25 78.59 43.78 64.86 72.9 +35.5%
50% D3ToM-t 63.40 69.90 78.28 43.78 63.84 74.1 +34.4%
25% SaToMe 65.80 67.97 73.38 39.44 61.65 60.3 +46.6%
25% D3ToM-t 62.20 67.77 73.28 38.99 60.56 65.2 +42.3%
10% SaToMe 62.60 64.11 66.90 38.56 58.04 47.1 +58.3%
10% D3ToM-t 62.60 66.29 66.22 39.90 58.75 53.2 +52.9%

Table 4: Matched-retention D3ToM-t comparison on LLaDA-o I2T under the same evaluation pipeline.

Backbone
Visual
tokens

Extra
speedup

Accuracy
change

LaViDa 729 fixed +7.5% 0.0 pp
LLaDA-o ≈ 1,912 avg. +18.0% 0.0 pp

Table 5: KV-cache composition results relative to cache-
only inference.

anchor t IoU(s(∆h), ref= s16) IoU(s(h), ref= s16)

s0 0.360± 0.089 0.595± 0.045
s12 0.863± 0.056 0.837± 0.029
s24 0.883± 0.046 0.659± 0.034
s36 0.833± 0.054 0.398± 0.031
s48 0.710± 0.080 0.288± 0.026

Table 6: Protection-mask IoU against the s16 refer-
ence (50 prompts). Inside the active window [s16, s45],
s(∆h) stays close to the commit-step mask (mean 0.86,
min 0.78); s(h) drifts. Bold marks s(∆h) anchors in-
side or adjacent to the window.

D Trajectory Stability of Protection
Masks

We quantify how stable the protected-cell mask
is across denoising steps in order to justify the
single-step commit used in §3.3: the protected
set is selected at the first window step t=s16 and
frozen throughout. For each of 50 random prompts
from the COCO/FID-1K pool, we run a baseline
(no-merge) trajectory, compute s(∆h) and s(h)
cell-protection scores (Equation 8) at five anchor
steps t ∈ {s0, s12, s24, s36, s48}, form the top-rp
(rp=0.35) protected set at each anchor, and report
the IoU of each anchor’s mask against the s16 ref-
erence mask actually used by the method.

Findings. After the initial noise-dominated
phase, s(∆h) rapidly stabilizes and remains close
to the commit-step mask: in [s12, s36] the IoU
stays at 0.83–0.88, and across the active window
endpoints (s16 to s45) the mean IoU is 0.86 with
minimum 0.78. By contrast, s(h) is competitive
only near the commit step (s12: 0.84) and drifts
to 0.40 at s36 and 0.29 at s48, indicating that

the state-salience map is bound to the instanta-
neous noise composition. The noise-dominated
step s0 is an honest exception—s(∆h) there is no
more stable than s(h)—which is consistent with
the operator-discriminability picture in §3.2: the
regime before structure emerges is uniform under
both inputs.

Implication. Within the active window selected
by σ(t), s(∆h) provides a trajectory-stable protec-
tion signal, supporting the single-step commit and
freeze in §3.3. The contrast with s(h)’s late drift
further indicates that the update direction, not the
instantaneous state, is the right input to the opera-
tor for the protection role; raw h remains a useful
ablation but is not equivalent to ∆h as a protection
signal.

E Failure Taxonomy and Component
Analysis

We organize the observed T2I failures around three
mechanism-level axes: window selection, token
protection, and source restoration. These con-
trolled diagnostics explain the corresponding de-
sign choices; they are not estimates of dataset-level
failure frequencies. We isolate the first two axes
qualitatively (Figure 8 and Figure 9) and the restora-
tion operator quantitatively (Table 7).

Window selection Failure modes (Figure 8):
starting too early disrupts image structure before it
forms and causes style drift; ending too late dam-
ages details and leaves residual noise. The window
[s16, s45] balances these effects and matches the
reliable middle of the salience-spread curve.

Protection necessity Without protection,
salience-only merging removes structural cells
along object contours (Figure 9, left); with ∆h
protection, update-direction–salient cells are
preserved (right). The choice of ∆h over raw ht is
illustrated in Figure 5.
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Figure 7: Denoising trajectory for a representative T2I prompt at ten anchor steps (s0–s45, step 5). The pure-noise
plateau (s0–s10) yields the uniform σ(t) regime described in §3.2; structural content begins to emerge around
s15, matching the active-window onset at s16; s35–s45 contains the final refinement. Together with Table 6, this
trajectory illustrates why s(∆h) protection masks remain stable inside [s16, s45] while s(h) drifts with the changing
state composition.

Figure 8: Window endpoint failure modes. Starting
before s16 disrupts image structure before it forms and
causes style drift; ending after s45 leaves visible noise
and damages fine details. The window [s16, s45] pre-
serves baseline-like generation across diverse prompts.

Merge operator Table 7 ablates source-position
restoration: hard copy (α = 1.0) leaves persistent
noise; soft blend (α = 0.95, default) eliminates it;
β-weighted source merging performs worse than
prune-only; fixing the source-destination pair from
the first step causes block-like artifacts. Per-step
reselection with soft restoration is the only config-
uration that consistently avoids artifacts.

F T2I Token-Merging Transfer
Diagnostics

Scope. ToMA and ToMeSD were developed for
different diffusion architectures and interfaces. We
therefore treat the following LLaDA-o experiments
as direct-port diagnostics, rather than matched re-
productions or native-backbone rankings.

Figure 9: Protection necessity at the first merge step
(t=s16), three representative prompts. Left, no protec-
tion: salience-only merging removes structural cells
along object contours. Right, ∆h (ours): update-
direction salience preserves them. The ∆h vs raw-h
comparison appears in Figure 5.

ToMA. A direct ToMA (Lu et al., 2025) port
covering all denoising steps and most layers
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Variant Outcome

Hard copy (α = 1.0) 5/5 noisy; source positions retain
initial noise.

Soft blend (α = 0.95) 5/5 clean; default setting.
Source merge (β =
0.5)

Worse than prune-only; injection
is harmful.

Fixed first-step pair 5/5 blocky; per-step reselection is
needed.

Table 7: Source-position restoration operator ablation.
Each variant generates the same 5 prompts; the soft-
blend α = 0.95 default is the only configuration that
consistently avoids artifacts.

Method Speedup FID ↓ IS ↑ GenEval ↑
LLaDA-o baseline — 76.63 24.40 0.790
Direct ToMA port +13.0% 91.2 21.5 0.640

Table 8: Direct ToMA-port diagnostic on LLaDA-o T2I.

with cross-step reuse achieves +13.0% wall-
clock speedup, but changes the LLaDA-o base-
line from FID/IS/GenEval 76.63/24.40/0.790 to
91.2/21.5/0.640.

Setup. ToMeSD (Bolya and Hoffman, 2023)
merges visual tokens through a random 2 × 2
partition with attention-output unmerge, relying
on U-Net skip connections to absorb the result-
ing reconstruction error. LLaDA-o T2I has no
such affordance, so any direct port must choose
simultaneously a layer-depth scope, a temporal
scope, and whether to extend merging through the
FFN. We sweep four configurations on 5 standard
prompts (seed 42, T=50, CFG= 4), each isolat-
ing one expansion axis relative to a conservative
shallow-window reference. Speedups are wall-
clock against the unmodified LLaDA-o baseline
(≈ 26.8s/prompt).

Failure axes. Table 9 summarizes the four direct-
port variants and Figure 10 shows the qualita-
tive outcome on five representative prompts. The
shallow-window variant yields only +4.4% wall-
clock while introducing visible colored speckle.
Expanding to all 32 attention layers reaches +9.5%
but produces catastrophic speckle that renders sev-
eral prompts barely readable. Expanding temporal
coverage to all 50 denoising steps yields +7.3%
with worsening drift residue. Extending the de-
sign to also merge through the FFN at layers 0−15
reaches +13.1% but the outputs become unusable.
No single configuration achieves both meaningful
speedup and acceptable visual quality; SaToMe

(second row of Figure 10) by contrast matches the
baseline visually across all prompts at +20.14%
speedup.

Implication for SaToMe. The three failure axes
match three design choices we ultimately settled
on:

• Trajectory window. The full-trajectory vari-
ant shows that applying merging at noise-
dominated early steps degrades quality with-
out compensating speedup—consistent with
σ(t) falling below the discriminative regime
there (§3.2).

• Cell-local protection. The all-attention vari-
ant shows that expanding random-partition
merging to deeper attention layers removes
structural content along object contours; the
cell-local ∆h protection in §3.3 reserves these
cells across the entire active window.

• Physical removal vs. attention-output un-
merge. The attention+FFN variant shows that
extending attention-output merging through
the FFN amplifies unmerge error into visible
noise; SaToMe instead physically removes
source tokens, so subsequent attention and
FFN both operate on the shorter sequence
without channel-specific unmerge.

Design exploration. Before settling on uniform
pre-layer token removal, we considered separate
attention-only and attention+FFN variants and a
sweep over merge-layer depth. The four variants
represent representative points of that exploration.
The final design is the simplest configuration we
found that consistently retains baseline-like quality
at meaningful speedup; more elaborate per-channel
designs did not improve on it on this backbone.

G Detailed FLOPs Derivation

This appendix derives the FLOPs cost expressions
used in Section 4.3.

Sequence decomposition Let the per-step se-
quence length N be decomposed into visual,
prompt, and response tokens:

N = Nv +Np +Nr. (16)

T2I retention For T2I, each unprotected 2 × 2
cell is shortened from 4 tokens to 2, while protected
cells keep all 4. Let C be the set of cells, P the
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Variant Steps Layers (channel) Speedup Visual outcome

Shallow-window [s16,s45) 0−15 (attn) +4.4% speckle; recognizable
All attention [s16,s45) 0−31 (attn) +9.5% catastrophic speckle
Full trajectory [s0,s50) 0−15 (attn) +7.3% drift residue worsens
Attention + FFN [s16,s45) 0−15 (attn+MLP) +13.1% unusable noise

Table 9: ToMeSD-style direct-port diagnostics on LLaDA-o T2I. Each row changes one expansion axis relative to
the shallow-window variant; visual outcomes are from qualitative inspection of generated samples.

Figure 10: Qualitative comparison on five representative T2I prompts (columns). Rows from top: Baseline
(unmodified LLaDA-o); SaToMe (ours, rp=0.35, +20.14% wall-clock); and the four ToMeSD-port variants
described in Table 9. Per-image wall-clock speedup is annotated in each panel. The variants exhibit visible
degradation at lower speedups, whereas SaToMe (second row) matches the baseline visually at +20.14%.
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protected set, and rp = |P|/|C| the protection ratio.
The retained visual-token ratio after merging is

ρT2I = 1− 1
2(1− rp). (17)

I2T merged length For I2T, the top-r fraction of
visual tokens is merged and removed:

N I2T
merged = N − r ·Nv. (18)

Per-layer cost The per-layer cost for a sequence
of length n is approximated as

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

+3ndm︸ ︷︷ ︸
FFN

, (19)

where d is the hidden size and m is the FFN
intermediate width.

Merging overhead The merging overhead is
linear in the number of visual tokens and in-
cludes salience scoring, cell-local enumeration, and
nearest-destination assignment:

Coverhead = O(Nv · k · d), (20)

where k is the neighborhood kernel size.

Per-row FLOPs ratios. The values in the FLOPs
column of Table 3 instantiate the expressions above
with backbone-specific parameters. With L=32,
d=4096, m=12288 (Appendix A), the per-step ra-
tio is

rstep(N,Nv, r, ℓ
∗)

=
ℓ∗Clayer(N) + (L−ℓ∗)Clayer(N−rNv)

LClayer(N)
,

(21)

where r∈{0.5, 0.75, 0.9} corresponds to reten-
tion {50%, 25%, 10%}. For LaViDa I2T, the
SigLIP-so400m-patch14-384 encoder emits a fixed
Nv=729; with ℓ∗=1 (post-layer-1 merge) and total
prefill N≈806 on GQA-lite (including the Nr=16
generation budget), Eq. 21 yields the published
0.555 at 50% and 0.337/0.207 at 25%/10%. For
LLaDA-o I2T, the NaViT-style encoder emits an
image-dependent Nv averaging ≈ 1,912 on GQA-
lite; with pre-LLM merging (ℓ∗=0), Eq. 21 yields
0.502/0.265/0.127. For LLaDA-o T2I, merging
is active only on Tactive=30 of T=50 denoising
steps within the window [s16, s45], so the effective
per-trajectory ratio averages full and merged steps:

reff
T2I =

T−Tactive
T + Tactive

T · rstep(N,Nv, 1−ρT2I, 0),
(22)

which at Nv=4096, rp=0.35 (so ρT2I=0.675), and
N≈4156 gives 0.790, consistent with the observed
+20.14% wall-clock speedup. The merging over-
head Coverhead is linear in Nv and contributes <
0.1% of the per-step cost in all configurations; we
omit it from the reported ratios.
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