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Figure 1. We introduce DICE, a framework designed to enhance scalability and efficiency in MoE-based diffusion models. Existing
asynchronous methods accelerate parallel inference but suffer from outdated activations (staleness). DICE tackles this issue with step-,
layer-, and token-level optimizations, reducing staleness and achieving up to 1.26× speedup with minimal quality loss. Left: Architectural
comparison; Right: Visual quality results.

Abstract
Mixture-of-Experts-based (MoE-based) diffusion models

demonstrate remarkable scalability in high-fidelity image
generation, yet their reliance on expert parallelism intro-
duces critical communication bottlenecks. State-of-the-art
methods alleviate such overhead in parallel diffusion in-
ference through computation-communication overlapping,
termed displaced parallelism. However, we identify that
these techniques induce severe staleness — the usage of out-
dated activations from previous timesteps that significantly
degrades quality, especially in expert-parallel scenarios.
We tackle this fundamental tension and propose DICE, a
staleness-centric optimization framework with a three-fold
approach: (1) Interweaved Parallelism introduces stag-
gered pipelines, effectively halving step-level staleness for
free; (2) Selective Synchronization operates at layer-level
and protects layers vulnerable to staled activations; and
(3) Conditional Communication, a token-level, training-
free method that dynamically adjusts communication fre-
quency based on token importance. Together, these strate-
gies effectively reduce staleness, achieving 1.26× speedup
with minimal quality degradation. Empirical results estab-
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lish DICE as an effective and scalable solution. Our code
is available at https://github.com/Cobalt-27/DICE

1. Introduction

Diffusion models [4, 14] have revolutionized the field of
generative modeling, enabling the creation of high-fidelity
images [16, 39] and videos [15, 27], rivaling human cre-
ativity in quality and detail. Among the architectures, the
Diffusion Transformer (DiT) [1, 32, 40] with Mixture-of-
Experts (MoE) [36] stands out due to its effectiveness in
scalability. MoE enables large diffusion models to scale
up with sub-linear cost increases. It divides the model into
multiple experts, with only a subset activated for each in-
put. This selective activation reduces computation, achiev-
ing high performance at a lower cost. As demonstrated by
DiT-MoE [7, 43], MoE-based diffusion models have been
scaled to 16 billion parameters with superior quality.

Scaling MoE-based diffusion models necessitates ex-
pert parallelism [18, 33] to handle their extensive memory
footprint; however, it also introduces significant commu-
nication overhead. By distributing expert weights across
multiple GPUs, expert parallelism substantially reduces
memory usage but incurs significant communication over-
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Figure 2. Execution flows of (a) synchronous expert parallelism (no staleness); (b) displaced variant of expert parallelism (two-step
staleness, proposed in DistriFusion) [22] and (c) our interweaved parallelism (one-step staleness). Each color denotes a different layer,
showing how interweaving reduces staleness by staggering operations within the same step. The blue path highlights layer N , which spans
two more steps in displaced parallelism but only one in interweaved. FID and speedup refer to interweaved parallelism alone (Section 5.5).

head [11, 19, 20, 44]. As outlined in Figure 2(a), two all-to-
all communications (dispatch + combine) are required per
layer. This bottleneck presents a major challenge for scaling
diffusion models.

To address communication challenges in parallel in-
ference, state-of-the-art methods employ Displaced Paral-
lelism [22]. In standard synchronous execution, communi-
cation blocks computation, forcing devices to wait for acti-
vations to be transmitted. Displaced parallelism mitigates
this bottleneck by leveraging activation similarity across
steps: each step sends activations immediately, which are
then used in the next step (though outdated). This “send
now, receive next” strategy prevents blocking while still
providing a close approximation of current data due to sim-
ilarity (also termed redundancy). As visualized in Fig-
ure 2(b), experts of layer N at step T + 1 directly use acti-
vations transmitted from step T +2, enabling computation-
communication overlap.

However, displaced parallelism introduces the issue of
staleness—the utilization of activations from earlier steps
instead of real-time data—which can significantly degrade
model performance, increasing the Fréchet Inception Dis-
tance (FID) score from 5.31 to 8.27 (detailed in Section 5).
Staleness occurs because asynchronous communication de-

lays the usage of activations until a future step, causing lay-
ers to compute based on outdated information.

We quantify staleness as the difference in steps between
when the input was generated and the step in which its cor-
responding output is used. Displaced parallelism exhibits
2-step staleness, as the result used in Step T is driven by ac-
tivations from Step T + 2 in the same layer (highlighted in
Figure 2(b)), relying on outdated data. Our method reduces
this to 1-step, resulting in improved quality.

We conduct an in-depth analysis of the staleness phe-
nomenon in diffusion parallelism and derive several key
insights. At the step level, we find an optimized parallel
scheme to halve the staleness compared to displaced paral-
lelism yielding better quality without additional overhead.
At the layer level, we show that deeper MoE layers are
more sensitive to staleness due to the characteristics of vi-
sion tasks and MoE. At the token level, our analysis demon-
strates that router-score-driven signals effectively identify
critical tokens vulnerable to staleness.

Based on these findings, we propose DICE (Diffusion
Inference with staleness-CEntric optimizations), which en-
hances parallel inference at the step, layer, and token granu-
larities. DICE incorporates a three-fold approach to manage
staleness effectively: (1) Interweaved Parallelism reduces
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step-level staleness from 2-steps to 1-step compared to dis-
placed expert parallelism, halving the required buffer size,
and achieving this without additional overhead. Detailed
in Figure 2(c). (2) Selective Synchronization synchronizes
only the layers most sensitive to staleness, ensuring that crit-
ical information remains up-to-date; and (3) Conditional
Communication, a fine-grain strategy that adjusts commu-
nication frequency based on token importance. Together,
these optimizations mitigate staleness issues while enhanc-
ing memory usage and inference efficiency, achieving up to
a 1.26× speedup with minimal quality impact.

To summarize, our contributions are as follows:
• We identify the issue of staleness in MoE-based diffusion

model inference, highlighting its impact on performance.
• We conduct a comprehensive analysis of staleness, re-

vealing these key insights: optimizing the parallel scheme
can reduce staleness for free at the step level; deeper MoE
layers are more sensitive to staleness at the layer level,
and certain tokens are more adversely affected by stale-
ness at the token level.

• Based on these insights, we propose DICE, which opti-
mizes staleness at the step, layer, and token granularities
through interweaved parallelism, selective synchroniza-
tion, and conditional communication, respectively. DICE
outperforms state-of-the-art methods, providing a cohe-
sive framework to improve the quality, efficiency, and
scalability of parallel inference. Our code is publicly
available.

• We validate our solution across diverse configurations,
including different model sizes, hardware and baselines,
demonstrating superior efficiency and quality.

2. Preliminaries & Related Works
2.1. MoE-based Diffusion Models
Mixture-of-Experts (MoE) [36] is an architecture that ef-
fectively scales model capacity by partitioning the network
into multiple experts, with only a subset activated per in-
put; further detailed in supplement Section 7.1. DiT-MoE
[7] integrates MoE into Diffusion Transformers to effec-
tively scale diffusion models to 16.5 billion parameters. It
also employs shared experts to capture common knowledge
[33]. The largest DiT-MoE model features 32 experts and
achieves state-of-the-art performance on ImageNet [3].

2.2. Displaced Parallelism
Displaced Parallelism, introduced by DistriFusion [22],
leverages activation similarity between successive diffusion
steps to asynchronously transfer activations, overlapping
communication and computation for speedup. Activations
computed in the current step are sent asynchronously and
used in the next step. This mechanism is expanded upon
in supplement Section 7.2. However, this approach intro-

Figure 3. Visualization of expert parallelism. Each device holds a
subset of experts (Feed-Forward Networks, FFNs) and processes
a portion of the input batch. Different colors denote distinct data
samples.

duces staleness due to deferred communication, leading to
quality degradation, especially in expert parallelism. To ad-
dress this, we introduce staleness-centric optimizations that
enhance efficiency and maintain output quality. PipeFu-
sion [41] and AsyncDiff [2] also exploit activation similar-
ity to accelerate diffusion inference. In addition to displaced
parallelism, caching is an alternative optimization targeting
both U-Net [9, 29, 38, 42] and DiT [28, 35].

2.3. Expert Parallelism
Expert Parallelism [18] scales MoE models by distributing
expert weights across devices while replicating non-expert
layers. The input batch is split among devices (similar to
data parallelism), and tokens (patches) are routed via all-to-
all communication, enabling large-scale deployment. Com-
pared to other parallelism strategies[5, 25, 26, 37], expert
parallelism is inherently more compatible with MoE for its
alignment with the architecture.

MoE’s strong performance and reliance on expert paral-
lelism have motivated optimizations. FasterMoE [11] em-
ploys pipelined all-to-all communication and expert shad-
owing, DeepSpeed-MoE [33] leverages efficient communi-
cation and model compression; additional work addresses
communication via topology-aware token routing [11, 21].

However, these methods are not tailored for diffusion
models and do not tackle the unique challenges in diffusion
processes. Our work fills this gap by introducing staleness-
centric optimizations.

3. Motivation
Our motivation is based on three key observations: first, ex-
pert parallelism suffers from a critical communication bot-
tleneck that necessitates optimization; second, MoE-based
diffusion models exhibit high redundancy in their activa-
tions and routing, suggesting the feasibility of asynchronous
communication; and third, we identify staleness, a direct
consequence of such asynchrony, as the core challenge to
performance.
Communication bottleneck in expert parallelism. All-
to-all operations in expert parallelism introduce signifi-
cant communication overhead, presenting a major bottle-
neck [11, 19, 20, 44]. Our evaluation of DiT-MoE-XL on
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Figure 4. Step-wise similarity heatmaps (cosine similarity be-
tween diffusion steps) in DiT-MoE, with both axes as diffusion
steps. Results are shown for Layer 5 and 25, using one-hot routing
assignments for similarity computation.

8 GPUs shows that all-to-all communication accounts for a
substantial portion of the total inference time. Specifically,
for batch sizes 4, 8, and 16, the all-to-all communication
times were 15.91 seconds (61.7% of the total time), 28.99
seconds (69.8%), and 54.94 seconds (73.3%), respectively,
highlighting the necessity to mitigate the communication
inefficiency.
Redundancy in MoE-based Diffusion Models. We iden-
tify significant computational redundancy in DiT-MoE’s ex-
pert routing: adjacent diffusion steps exhibit similar token-
expert assignments (Figure 4) and activation values. This
strong consistency in both activation [28, 29] and routing
decisions persists across denoising steps. Such redundancy
enables asynchronous communication strategies in expert-
parallel systems.
Staleness degrades performance. We discovered that us-
ing outdated (stale) activations due to communication de-
lays in expert parallelism severely degrades model perfor-
mance. Displaced parallelism induces a two-step staleness
in expert parallelism, which causes a drop in image quality:
the FID score increases from 5.31 to 8.27 (Section 5).

4. Methodology

Efficient parallel inference for MoE-based diffusion mod-
els must address staleness—the use of outdated activations
caused by asynchronous communication. While displaced
expert parallelism [22] accelerates inference through over-
lapping, its asynchronous nature induces severe staleness,
compromising output quality.

We propose DICE, a staleness-centric solution designed
to reduce staleness on step, layer, and token levels. We
introduce a three-fold optimization strategy: Interweaved
Parallelism, Selective Synchronization, and Conditional
Communication. Each component addresses a distinct level
of staleness, providing a cohesive framework to boost effi-
ciency and performance.

4.1. Interweaved Parallelism
Our first optimization, Interweaved Parallelism, redefines
the timing of communication and computation to reduce
step-level staleness.

In Expert Parallelism, tokens are dispatched via an all-
to-all operation to designated experts across devices, pro-
cessed by local experts, and then returned to their original
devices through another all-to-all combine operation. This
synchronous process incurs considerable latency, impacting
inference speed.

State-of-the-art methods use displaced parallelism [22,
41] to overlap communication and computation in dis-
tributed diffusion inference. By asynchronously initiating
communication in one step and using the results in the sub-
sequent step, it reduces blocking time.

However, displaced parallelism results in a two-step
staleness, causing severe quality degradation: tokens dis-
patched in one step only reach their designated experts in
the next, and the results are then combined two steps later,
with FID increased from 5.31 to 8.27.

The proposed Interweaved Parallelism halves step-level
staleness (2-step → 1-step) through improved communica-
tion scheduling. As Figure 2(b) demonstrates, displaced
parallelism introduces 2-step staleness by deferring both
all-to-all communication into next step:

Staleness displaced = 1︸︷︷︸
dispatch

+ 1︸︷︷︸
combine

= 2-steps.

Our method achieves 1-step staleness via three key
mechanisms: (1) Launching asynchronous dispatch with
staggered execution (0-step delay) that completes within the
current step, as highlighted in blue in Figure 5, (2) Process-
ing expert outputs while initiating the next combine opera-
tion, and (3) Finalizing combined results in the subsequent
step (1-step delay). Interweaved parallelism alone improves
FID from 8.27 to 6.97. Our solution establishes:

Staleness interweaved = 0︸︷︷︸
dispatch

+ 1︸︷︷︸
combine

= 1-step.

Notably, this scheduling interleaves operations across
layers while preserving two critical properties: (i) original
dataflow dependencies remain unmodified, and (ii) all com-
putations strictly adhere to their designated layers without
cross-layer activation fusion or reuse.

Interweaved parallelism achieves similar overlap to dis-
placed parallelism, as each all-to-all communication still
overlaps with one layer’s computation. It also halves the
buffer size, storing only the combined results for the next
step, unlike displaced parallelism, which buffers both dis-
patched and combined results.

Interweaved parallelism serves as a free-lunch optimiza-
tion over displaced parallelism, halving staleness for bet-
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Figure 5. Overview of DICE. The blue path highlights layer N’s dataflow. Interweaved Parallelism interleaves operations; This execution
pattern reducing the steps that cause staleness from two to one, half of displaced expert parallelism [22]. Selective Synchronization targets
staleness-vulnerable deeper layers, and Conditional Communication prioritizes important tokens based on router scores.
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Figure 6. Visual comparison of synchronization strategies in DiT-
MoE-XL. Synchronizing only the deep layers provides the most
effective optimization. FID shown for cfg = 1.5.

ter image quality, reducing buffer size, while achieving the
same degree of overlap.

4.2. Selectively Synchronize Vulnerable Layers
At the layer level, selectively synchronizing vulnerable lay-
ers can significantly improve image quality. Our analy-
sis reveals that the impact of staleness exhibits layer-wise
asymmetry in MoE-based diffusion models: shallow ex-
perts extracting low-level features are inherently robust to
asynchronous communication, while experts in deeper lay-
ers handling high-level semantics prove fundamentally vul-
nerable to activation staleness. This architectural prop-

erty aligns with DeepSpeed-MoE’s observation in language
models [33] where deeper layers benefit more from MoE.

Guided by this understanding, we propose Selective Syn-
chronization, which synchronizes only the more vulnera-
ble deeper layers while allowing shallow layers to continue
asynchronously. This targeted approach ensures that deeper
layers benefit from up-to-date information without the need
for full synchronization. Experimental validation in Fig-
ure 6 confirms the layer-wise vulnerability pattern. Ablation
studies (Section 5.4) demonstrate how our partial synchro-
nization achieves optimal quality-efficiency tradeoffs.

4.3. Freshness-Latency Trade-Off via Conditional
Communication

Balancing freshness and communication efficiency requires
token-level prioritization (Figure 5). We achieve this by
exploiting inherent properties of MoE routing in diffusion
models: (1) High-score tokens dominate output through
router score-weighted summation. Thus, more vulnera-
ble to staleness perturbation (Equation 1); (2) Their ex-
pert assignments exhibit stronger semantic alignment, mak-
ing stale activations more detrimental. Our solution-
Conditional Communication, dynamically adjusts commu-
nication frequency through score-driven signals.

To quantify staleness impact, consider a token i assigned
to expert e with expert activations he

i and router scores sei ,
the output yi =

∑E
e=1 s

e
ih

e
i with L2-norm ∥yi∥. The gra-

dient:
∂∥yi∥
∂he

i

=
sei · yi

∥yi∥
, (1)

implies staleness-induced activation perturbations (∆he
i )

propagate to outputs proportionally to sei .
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Figure 7. Illustration of Conditional Communication. High-scoring tokens are transmitted every step to maintain freshness, while lower-
scoring tokens reuse cached value and update every few steps (stride=2 in this example).”Unselected” refers to scores outside the top-K
choices(K is the number of activated experts per token), indicating that the corresponding experts are not activated and no data should be
transmitted.

Our training-free solution maintains freshness for criti-
cal tokens while tolerating staleness in less impactful ones,
as shown in Figure 7; elaborated in supplement Section 9.
It achieves substantial communication reduction with mini-
mal quality trade-off, as validated in Section 5.4.

5. Experiments
5.1. Setups
Hardware. Our experiments were conducted on 8 NVIDIA
GeForce RTX 4090 (24GB) GPUs connected via
PCIe, powered by 128 vCPU Intel(R) Xeon(R)
Gold 6430 CPU.
Models and Datasets. We evaluate our approach on two
configurations of the DiT-MoE model [8]: DiT-MoE-XL,
which is configured with 8 experts across 28 layers, and
DiT-MoE-G, with 16 experts across 40 layers, both con-
taining 2 extra shared experts. DiT-MoE is trained on Ima-
geNet, which we use as the benchmark for evaluation.
Baselines. To evaluate the effectiveness of our approach,
we compare it against three baselines: DistriFusion [22]
(displaced sequence parallelism), a state-of-the-art method
for distributed diffusion models employing patch paral-
lelism; Expert Parallelism [18], the standard approach for
parallelizing MoE models; and displaced expert paral-
lelism, the displaced variant [22] of expert parallelism,
which overlaps communication and computation.

Our main results use a 50-step configuration, which is
hardcoded in the DiT-MoE codebase, for fair comparisons.
We also provide additional results for 10-and 20-step set-
tings, showing that DICE is even more effective under fewer
steps.
Metrics. We assess the performance of our method using
several well-established metrics, including Fréchet Incep-
tion Distance (FID) [12], Sliced Fréchet Inception Distance
(sFID) [30], Inception Score (IS) [34], as well as Precision
and Recall [17].
Implementation Details. Our implementation is based
on PyTorch 2.0.0+cu118 [31]. We utilize Recti-

Class-Conditional ImageNet 256×256

Method FID ↓ sFID ↓ IS ↑ Precision ↑ Recall ↑

Expert Parallelism 5.31 10.10 235.89 0.75 0.60

DistriFusion 7.79 12.13 206.24 0.72 0.59
Displaced Expert Parallelism 8.27 11.58 204.07 0.71 0.59
Interweaved Parallelism 6.97 11.01 216.62 0.72 0.59
DICE 6.11 10.93 225.65 0.73 0.59

Table 1. Quantitative evaluation. We employed Rectified Flow
with 50 steps to generate 50K samples, evaluating on the ImageNet
256×256 dataset.

fied Flow [13, 24] for the DiT-MoE-XL and G models, as
they are specifically trained to support this approach. The
core codebase builds upon the original DiT-MoE imple-
mentation [6]. For expert parallelism, we referenced Fast-
MoE [10]. Sequence Parallelism [23] and DistriFusion [22]
are adapted to DiT-MoE. We provide more details in sup-
plement Section 9.

5.2. Main Results
Quality results. In Figure 8, we present qualitative re-
sults and quantitative evaluations in Table 1. Images gener-
ated by DICE closely match those from expert parallelism,
maintaining high visual fidelity.
DICE significantly outperforms DistriFusion and dis-

placed expert parallelism in all quality metrics, notably
demonstrating a significantly lower FID of 6.11 compared
to 7.79 (DistriFusion) and 8.27 (displaced expert para.). In
fact, interweaved parallelism alone, due to its effective miti-
gation of staleness, already achieves superior image quality
compared to other methods, while DICE further increases
quality through well-optimized trade-off.
Speedups and memory analysis. DICE effectively
achieves a 1.2× acceleration over expert parallelism while
maintaining the quality. As demonstrated in Figure 9, DICE
consistently exhibits significant speedups over expert paral-
lelism across various batch sizes and image resolutions on
both DiT-MoE-XL and G, reaching a maximum of 1.26× at



Figure 8. Qualitative results. DICE can reduce latency, increase throughput, save memory, and ensure image quality.

Figure 9. Batch size scaling (at 256 × 256 resolution) and Image size scaling (with batch size 1 per device) performance of DiT-MoE on
8 NVIDIA RTX 4090 GPUs, demonstrating DICE’s superior efficiency in speed and memory usage.

batch size 32.
DICE consumes relatively less memory compared to

other acceleration methods. Our method requires only half
the buffer size of displaced parallelism. However, the mis-
match between peak memory and buffer sizes makes the
memory optimization less visible in the figure. Compared
to DistriFusion, DICE has better memory efficiency, as Dis-
triFusion runs out of memory on the XL model at batch
size 16 and higher. Additionally, the large parameter size of
the DiT-MoE-G model (around 33GB) prevents DistriFu-
sion from running in our setup, highlighting the necessity
of expert parallelism in reducing memory footprint.

Class-Conditional ImageNet 256×256

Method FID ↓ sFID ↓ IS ↑ Precision ↑ Speedup ↑

Expert Parallelism 10.24 11.79 197.16 0.70 -

DistriFusion 27.36 22.26 113.64 0.58 OOM
Displaced Expert Parallelism 27.61 15.42 111.05 0.55 1.28×
DICE 15.13 14.52 166.32 0.66 1.20×

Table 2. Results on 10 Steps. All asynchronous methods apply 2
synchronized steps post cold start.



Class-Conditional ImageNet 256×256

Method FID ↓ sFID ↓ IS ↑ Precision ↑ Speedup ↑

Expert Parallelism 6.41 10.66 226.01 0.74 -

DistriFusion 13.72 16.00 164.98 0.67 OOM
Displaced Expert Parallelism 15.27 13.44 156.82 0.64 1.33×
DICE 8.60 12.3 205.05 0.71 1.24×

Table 3. Results on 20 Steps. We employed Rectified Flow with
20 steps with 4 synchronized steps.

Class-Conditional ImageNet 256×256

Interweaved Selective Sync Conditional Comm FID ↓ sFID ↓ IS ↑

✓ × × 6.97 11.01 216.62

✓ Deep × 5.74 10.53 230.23
✓ Shallow × 6.55 10.63 221.61
✓ Staggered × 5.95 10.39 227.78

✓ × Low Score 7.24 11.26 214.10
✓ × High Score 7.51 11.51 211.40
✓ × Random 7.37 11.38 212.84

Table 4. Ablation quantitative evaluation. We applied various
strategies to DICE to generate 50K samples, evaluated on the Im-
ageNet 256×256 dataset. The rows sequentially compare different
strategies for selective synchronization and conditional commu-
nication.

5.3. Experiments on Fewer Steps
To ensure broader applicability, we performed additional
comparative experiments using 10 and 20 sampling steps.
Quality results. Table 2 and 3 show that even in fewer
steps, DICE continues to exhibit better performance. In
terms of quality, DICE achieves FID scores of 15.13 and
8.60, which are lower than those of DistriFusion and the
displaced expert parallelism. These results further demon-
strate that our method achieves acceleration while incurring
minimal quality loss.
Speedups and memory analysis. DICE continues to gain
favorable acceleration at reduced steps. As evidenced in
Tables 2 and 3, it maintains a speedup exceeding 1.2×. In
comparison to DistriFusion, DICE consistently exhibits a
notable advantage in memory efficiency, whereas DistriFu-
sion encounters out-of-memory (OOM) in these setups.

5.4. Ablation Study
Selective Synchronization. Our analysis indicated that
deeper layers are more sensitive to staleness. Ablation re-
sults (Table 4) confirm that synchronizing only the deeper
half (Deep) yields the best image quality, effectively trading
a small latency increase for substantial gains.
Conditional Communication. Our approach leverages
router scores as a reliable signal for token importance, up-
dating high-score tokens every step while reducing the com-
munication frequency for lower-score tokens. Ablation re-

Figure 10. Latency-quality trade-off of proposed optimizations.
Interweaved parallelism reduces latency without sacrificing qual-
ity, while additional techniques enhance efficiency. Baselines are
shown in dark colors, with latency measured at batch size 16. Dis-
triFusion is out-of-memory thus not plotted.

sults (Table 4) show that deprioritizing lower-score tokens
leads to superior image quality, validating the effectiveness
and efficiency of our trade-off between quality and reduced
communication.

5.5. Latency-Quality Trade-Off

DICE achieves an efficient trade-off between quality and
latency, as presented in Figure 10. Interweaved parallelism
offers a free-lunch optimization, improving quality with no
latency added, while additional techniques further improve
efficiency.

6. Conclusion

We propose DICE, a staleness-centric optimization frame-
work that accelerates MoE-based diffusion model inference
through three core innovations: Interweaved Parallelism
for reducing step-level staleness, Selective Synchronization
for selectively synchronizing staleness-sensitive layers, and
Conditional Communication, a token-aware strategy that
dynamically adjusts communication frequency. Together,
these techniques reduce memory usage, enhance inference
efficiency, and achieve up to 1.26× speedup over expert
parallelism with minimal quality loss. We anticipate that
DICE will pave the way for scalability and efficiency im-
provements in diffusion model serving.
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