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Abstract

Recent advances in AI-generated content have driven widespread
adoption of Diffusion Transformers (DiTs) for high-resolution, long-
duration content generation. While parallelization techniques accel-
erate diffusion inference, they face significant scalability challenges
due to excessive communication overhead in multi-node environ-
ments.

We observe that sequence partitions in Context Parallelism (CP)
exhibit distinct heterogeneity: spatially proximate partitions con-
tribute more significantly to attention computation results. By map-
ping this heterogeneous pattern to hierarchical communication
topology, we can access high-contribution partitions with reduced
communication cost. This insight motivates our novel selective at-
tention state mechanism that strategically balances partial attention
computation and historical result reuse across denoising steps.

We present DiTango1, an efficient parallel framework for DiT
generation. DiTango features an anchor-guided state selection plan-
ner that optimizes computation-reuse decisions for each partition,
complemented by a runtime that orchestrates efficient state-centric
operations. This design achieves superior system efficiency while
preserving generation quality.

Experimental evaluation on popular diffusion models demon-
strates that DiTango achieves up to 1.9× end-to-end and 3.2×
attention speedup with near-linear scaling in multi-node settings,
while maintaining generation quality comparable to state-of-the-art
approaches.

CCS Concepts

• Computer systems organization→ Parallel architectures; •
Computing methodologies→Machine learning.

∗Work completed during an internship at Shanghai AI Laboratory.
1DiTango is available at https://github.com/thu-pacman/Chitu-Diffusion
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1 Introduction

Diffusion models have become a foundational paradigm for AI-
generated content (AIGC), underpinning state-of-the-art image and
video synthesis systems. Driven by the trend toward long-sequence
generation (e.g., longer videos with higher spatial and temporal
resolution), Diffusion Transformers (DiTs) [23] have emerged as a
dominant backbone, enabling rapid progress in both closed-source
models (e.g., Sora [1], Kling [13]) and open-source models (e.g.,
Wan 2.2 [28], HunyuanVideo [12], CogVideoX [32]).

Despite the impressive progress in generation quality, DiT-based
generators remain prohibitively slow at inference time. For exam-
ple, Wan2.2 [28] takes over one hour on a single NVIDIA A100
GPU to generate a 5-second 720p video. This latency is largely
dominated by the full attention computation in DiT architectures:
unlike autoregressive LLMs that amortize attention costs through
KV caching, DiT must compute full attention over the entire spa-
tiotemporal sequence in each denoising step.

From a systems perspective, parallel inference offers a promising
approach to accelerate DiT-based diffusion generation. However,
Data Parallelism (DP) and Pipeline Parallelism (PP) provide lim-
ited benefits due to the inherent single-sample nature of diffusion
generation (batch size = 1). Consequently, practical deployments
primarily leverage two strategies: Tensor Parallelism (TP)[25] and
Context Parallelism (CP)[8, 11, 17]. TP shards model weights across
GPUs and employs collective operations to assemble intermediate
results, while CP[8, 11, 17] partitions tokens along the sequence
dimension with communication for remote Key-Value partition
access during attention. When attention computation dominates
the runtime, these data transfers can be effectively overlapped with
independent computation.
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Figure 1: Parallel inference performance breakdown for

multi-GPU deployments with 8 GPUs per node.
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Figure 2: Attention computation contribution is highly un-

equal with distance-based decay across different CP parti-

tions.

However, these parallel inference solutions still fall short of
practical requirements. Our profiling of Wan-14B[28] generating a
81-frame 720p video (75,600 tokens) on NVIDIA H20s reveals that
even with 8 GPUs in a single node, generation takes around 10
minutes. More critically, scaling to multiple nodes often degrades
performance due to communication bottlenecks, as shown in Fig. 1.

This performance degradation stems from the communication-
intensive nature of both TP and CP. TP requires frequent collective
operations for sharded model weights, while CP variants either
need All-to-All exchanges (Head-CP) or multiple rounds of P2P
transfers (Ring-CP) to access global Key-Value sequence. In multi-
node settings, limited inter-node bandwidth severely constrains
both collective and ring communication patterns. Furthermore, the
compute-communication overlap that proves effective within a
single node becomes significantly less efficient across nodes, exac-
erbating the end-to-end performance impact.

To address the performance bottleneck in parallel inference, we
identify a key pattern in CP-partitioned sequences for Diffusion
inference: attention contributions from different partitions exhibit
strong spatial locality. As shown in Fig. 2, we conduct a systematic
analysis on different models and prompts under CP size=8 by mea-
suring the Mean Squared Error (MSE) of attention outputs when
excluding specific KV partitions. Our findings reveal that partitions
contribute highly unequally to the final attention results. For in-
stance, excluding the nearest partition (distance= 0) yields MSE
of 10−2, while distant partitions (distance≥ 2) contribute merely
10−4—a difference of 2-3 orders of magnitude. Attention contribu-
tions systematically decay with spatial distance that KV Partitions
closer to the query (smaller |Q_idx − KV_idx|) consistently dom-
inate the computation, demonstrating clear spatial locality. This
spatial locality persists across diverse models, different DiT layers

and various input prompts—indicating it is an intrinsic property of
diffusion attention rather than an artifact of specific configurations.

This observation unveils a compelling optimization opportunity:
by aligning locality priorities with the distributed system topol-
ogy—mapping high-contribution partitions to nodes with efficient
intra-node communication while placing low-contribution ones
across nodes—we can strategically compute only the most cost-
effective partitions and reuse historical results for less critical ones.
This contribution-aware approach enables substantial efficiency
gains without sacrificing generation quality.

In this paper, we propose DiTango, an efficient and scalable gen-
eration system in distributed DiT inference. DiTango exploits the
heterogeneous contribution in CP-partitioned attention through
a selective computation strategy: it prioritizes cost-effective KV
pairs with high contribution and low communication costs, while
reusing attention states (partial attention computation results) from
previous denoising steps for less critical computations. As the two-
partition example illustrated in Fig.3, the conventional full attention
(Fig.3a) performs costly communication to access remote KV parti-
tion in step 1, despite their trivial contribution to the final result. In
contrast, DiTango (Fig. 3b) selectively computes crucial partition
locally while bypassing expensive communication by reusing atten-
tion states from previous denoising steps for trivial contributions.
This design elegantly preserves the mathematical properties of at-
tention computation while significantly reducing communication
overhead.

However, implementing efficient attention state reuse presents
two fundamental challenges:

(1) Complex Selection Space - The reuse decision for each
state must balance multiple factors: computational contri-
bution, communication overhead, and reuse error. Making
optimal selections across numerous states to achieve both
good performance and quality becomes jointly complex.

(2) Irregular Access Patterns - Uneven selection disrupts the
structured pattern in context parallelism, resulting in inter-
leaved local memory accesses and heterogeneous communi-
cations that are inherently difficult to parallelize.

To address these challenges, DiTango introduces two key com-
ponents:

(1) Anchor-guided Selection Planner - By theoretically mod-
eling attention state errors and designing anchor step-guided
error prediction, we precisely identify states with minimal
impact for reuse to optimize the performance-quality trade-
off.

(2) State-centric Parallel Runtime - We schedule attention
states with similar characteristics in groups and design a se-
ries of state-centric manipulations for efficient computation
and retrieval. A specialized pipeline orchestrates these oper-
ations to maximize parallel computation and communication
efficiency.

Our contributions are summarized as follows:

• We identify and analyze the spatial locality in attention con-
tributions during DiT inference, revealing an opportunity to
selectively reuse attention states based on their contribution
significance and communication costs.
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Figure 3: Comparison between full-sequence attention and DiTango with selective computation via state reuse.

• We design and implement DiTango, a high-performance
generation system that leverages theoretical error modeling
to make precise reuse decisions while maintaining efficient
execution through group-wise state management.
• Extensive evaluations onWan2.1 [28] andHunyaunVideo [12]
demonstrate that DiTango achieves near-linear scalabil-
ity across 32 GPU cards, delivering up to 1.9× end-to-end
speedup and 3.2× core attention speedup while maintain-
ing superior generation quality compared to state-of-the-art
frameworks [7, 15, 27, 38].

2 Background and Motivation

2.1 Background

2.1.1 Diffusion Transformers. Diffusion Transformers (DiTs)[23]
generate content through an iterative denoising process, typically
requiring 20-50 steps. In each step, the same transformer model pro-
cesses latent representations to gradually refine them from random
noise to high-quality content. Unlike traditional U-Net architec-
tures, DiTs leverage transformer-based designs that excel at han-
dling long sequences through their attention mechanisms. Recent
DiT architectures[12, 20, 26, 28, 32] have widely adopted 3D full
attention, which unifies spatial and temporal dimensions into a sin-
gle sequence for processing. While this unified attention approach
significantly enhances generation quality and temporal consistency,
attention operations dominate computational cost, consuming over
70% of total generation time across all denoising steps.

2.1.2 Parallel Methods for Diffusion Generation. Not all parallel
methods suit DiT inference. Data Parallelism (DP) and Pipeline
Parallelism (PP) are ineffective for diffusion generation due to single-
sample inference patterns that prevent batch-level parallelization.
This leaves two primary strategies for DiT acceleration:

As shown in Fig. 4(a), Tensor Parallelism (TP) shards model
weights across devices. Linear layers require All-Reduce opera-
tions to aggregate partial results, while attention modules need
All-Gather communication to gather head-wise results. Though
memory-efficient, TP suffers from frequent synchronization over-
head.

Context Parallelism (CP) better addresses long-sequence gen-
eration by partitioning sequences across devices, eliminating com-
munication in linear layers while only requiring Key-Value (KV)
remote access for attention. Two main CP variants have emerged:
Head-CP [11] (Fig.4(b)) employs all-to-all communication to re-
distributes tensor layouts, enabling localized head computation.
Ring-CP[17] (Fig.4(c)) maintains sequence-wise partitioning but
exchanges KV blocks through ring communication, allowing each
GPU to access the full sequence progressively. Recent work like Uni-
fied Sequence Parallelism [8] provides frameworks to dynamically
switch between these strategies based on workload characteristics.

2.1.3 Diffusion Modules Feature Reuse. Feature reuse has emerged
as a popular optimization technique in diffusion models, leveraging
the observation that consecutive denoising steps often produce
similar intermediate features. This similarity enables training-free
but lossy acceleration through strategic caching and reuse of fea-
tures from previous steps, effectively bypassing certain computa-
tional dependencies. Different approaches target various aspects of
the model: Delta-DiT [2] reuses layer-wise computational features,
Pyramid Attention Broadcast (PAB)[38] focuses on attention output
reuse, while TeaCache[15] and TaylorSeer[18] dynamically reuse
DiT’s overall outputs based on input patterns. However, feature
reuse inevitably introduces approximation errors, making the de-
sign of reuse strategies crucial for maintaining generation quality.

2.2 Motivation

2.2.1 Limitation: The Scalability-Quality Dilemma. Recent gen-
eration frameworks have pursued higher performance by com-
bining parallel methods with feature reuse strategies. For exam-
ple, VideoSys [27] integrates Dynamic-SP [37] parallelization with
PAB [38]-based attention output reuse, while SGLang-Diffusion [39]
combines Unified-SP [8] parallelizationwith Cache-DiT’s TaylorSeer [18]-
based reuse mechanism. These approaches demonstrate impressive
acceleration within single-node environments. However, their per-
formance deteriorates significantly in multi-node scenarios due to
limited cross-node communication bandwidth.

This cross-node communication bottleneck creates a fundamen-
tal dilemma: to maintain reasonable performance scaling, these
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Figure 4: Parallel strategies for DiT inference.

frameworks must adopt more aggressive feature reuse strategies to
reduce communication overhead. However, such aggressive reuse
inevitably leads to substantial quality degradation. Conversely, at-
tempting to preserve generation quality by limiting feature reuse
results in poor scaling efficiency due to increased cross-node com-
munication. This inherent trade-off between distributed scalability
and generation quality highlights the limitations of treating par-
allelization and feature reuse as independent optimizations, sug-
gesting the need for a more integrated approach to distributed
generation acceleration.

2.2.2 Analysis: Spatial Locality of Partition Contribution. To under-
stand this challenge, we analyze the computation contribution of 16
partitions by measuring output differences when omitting specific
KV computations, averaged across DiT layers and timesteps using
50 prompts on Wan2.1. Fig. 5(a) reveals a striking pattern of spatial
locality: computational importance strongly correlates with spatial
proximity. Query-Key pairs from nearby partitions contribute sig-
nificantly more to attention outputs, with importance diminishing
as positional distance increases. This spatial locality pattern, consis-
tent across different models and inputs, offers a natural opportunity
for optimization when considering system topology.

Theoretically, this pattern demonstrates how fine-grained token-
level attention sparsity studied in previous works [30], manifests
as a simpler distance-dependent pattern when observed at the par-
tition level.
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(a) KV partition contribution scores and (b) communication

costs across partitions, demonstrating natural alignment be-

tween computational importance and system topology.

2.2.3 Insight: System-Pattern Alignment. This computational pat-
tern naturally aligns with the hierarchical communication topology
in distributed systems:

• Local: KV stored in local memorywith negligible access overhead
• Intra-node: KV from different GPUs within the same node via
high-bandwidth NVLink
• Cross-node: KV from remote nodes via low-bandwidth Infini-
Band, incurring substantial cost

By mapping spatially adjacent partitions to hardware units with
efficient communication, we can achieve perfect alignment between
computation importance and communication efficiency. This align-
ment presents a compelling opportunity: prioritize high-importance,
low-cost computations while replacing expensive operations of mini-
mal contribution with historical results. This insight enables us to
explore previously unreachable optimization space in the scalability-
quality trade-off: by prioritizing computationswith high contribution-
to-cost ratios while reusing historical results for expensive yet less
critical operations, we canmaximize communication efficiencywith
minimal quality impact.

A straightforward approachwould be caching KV partitions from
previous steps. However, this faces a critical memory bottleneck:
storing all KV partitions requires 2 × 𝐿 × 𝐻 × 𝐷 × 𝑁 ×𝐶 memory,
where 𝐿=sequence length, 𝐻=heads, 𝐷=hidden size, 𝑁=layers, and
𝐶=CFG batch size. For Wan-14B (2 × 75600 × 40 × 128 × 40 × 2 in
BF16), this reaches 58GB per GPU, causing OOM when combined
with model weights and activations.

2.2.4 Solution: Attention State Reuse. To leverage this system-
pattern alignment while addressing the memory challenge, we
introduce attention state, commonly used in partitioned parallel
attention computation [5, 16, 17, 33], as our optimization medium.
For sequence partition 𝑖 , an attention state AS𝑡 (𝑖) at timestep 𝑡

comprises output OUT𝑡 (𝑖) and log-sum-exp LSE𝑡 (𝑖):

AS𝑡 (𝑖) =
[
OUT𝑡 (𝑖)
LSE𝑡 (𝑖)

]
,

LSE𝑡 (𝑖) = log
∑︁
𝑗∈I𝑖

exp(q𝑡 · k𝑗 )

OUT𝑡 (𝑖) =
∑︁
𝑗∈I𝑖

exp(q𝑡 · k𝑗 )
exp(LSE𝑡 (𝑖))

v𝑗

(1)

where q, k, v are query, key, and value vectors.
4
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A key property of attention states is their composability—they
can be composed associatively and commutatively. For partitions 𝑖
and 𝑗 :

AS𝑡 (𝑖) ⊕ AS𝑡 ( 𝑗) =
[
𝑒LSE𝑡 (𝑖 )OUT𝑡 (𝑖 )+𝑒LSE𝑡 ( 𝑗 )OUT𝑡 ( 𝑗 )

𝑒LSE𝑡 (𝑖 )+𝑒LSE𝑡 ( 𝑗 )
log(𝑒LSE𝑡 (𝑖 ) + 𝑒LSE𝑡 ( 𝑗 ) )

]
(2)

This composability enables flexible partition-wise computation
and reuse strategies.

Leveraging these properties, we design a selective compute and
reuse mechanism. Taking CP=4 and rank=0, as an example (Fig. 6):

In denoising step 𝑡 − 1, after computing attention states from
partitioned KVs through sequence-wise attention, we strategically
compose states from remote partitions (𝐴𝑆𝑡−1 (2) and𝐴𝑆𝑡−1 (3)) and
cache the result.

In step 𝑡 , we only compute fresh states for local and near parti-
tions (𝐴𝑆𝑡 (0) and𝐴𝑆𝑡 (1)), while reusing the cached composed state
(𝐴𝑆𝑡−1 (2 ⊕ 3)) for remote partitions, effectively bypassing both KV
transmission and attention computation overhead.

This attention state-based approach provides two key advan-
tages over naive KV reuse:(1) Enhanced acceleration by eliminating
both communication and computation costs for remote partitions.
(2) Improved memory efficiency through both compact state repre-
sentation (half of KV size) and flexible state composition.

3 DiTango overview

We propose DiTango, a parallel inference system that optimizes
diffusion generation through selective attention state reuse. As
illustrated in Figure 7, DiTango has two key components:

Anchor-guided selection planning (§4). Building on error
propagation analysis of attention state computation, DiTango mod-
els the accumulated error introduced by reuse and employs peri-
odic anchor steps for online decision-making. At anchor steps, the
system performs fresh computation across all partitions to reset
error accumulation, while using the observed attention weight dis-
tributions to predict reuse errors for subsequent steps. Through

0
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Figure 7: DiTango Overview

group-wise organization—partitioning the sequence into contigu-
ous groups aligned with device topology—and error budget con-
straints, the planner generates compute/reuse decisions for each
group that balance accuracy and efficiency.

State-centric parallel runtime (§5.2). To handle the heteroge-
neous computation and communication patterns arising from com-
pute/reuse decisions, DiTango decouples attention operations into
specialized state-centric primitives: Cross-Group Transfer consoli-
dates required KV partitions across devices via symmetric P2P ex-
changes; Intra-Group Composition computes fresh attention states
through ring-based communication within localized device groups;
Dynamic Group Compose adaptively merges cached states when
memory pressure is detected. The runtime orchestrates these op-
erations across asynchronous computation and communication
streams, leveraging dependency-free reuse operations to mask
cross-node communication latency and maximize resource utiliza-
tion throughout the pipeline.

Together, these components enable DiTango to exploit spatial lo-
cality in diffusion attention while maintaining accuracy guarantees
and efficient parallel execution across distributed accelerators.

4 Anchor-guided Selection Planning

4.1 Error Modeling

4.1.1 Attention State Error Propagation. We first analyze how er-
rors in attention states propagate through composition. Consider
two attention states with errors 𝛿OUT𝑖 and 𝛿LSE𝑖 for 𝑖 ∈ {1, 2}.
Define normalized weights:

𝑤𝑖 =
𝑒LSE𝑖

𝑒LSE1 + 𝑒LSE2
(3)

The composition operation propagates errors as:

𝛿OUT =𝑤1𝛿OUT1 +𝑤2𝛿OUT2

+𝑤1𝑤2 (OUT1 − OUT2) (𝛿LSE1 − 𝛿LSE2)
𝛿LSE =𝑤1𝛿LSE1 +𝑤2𝛿LSE2

(4)
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Figure 8: Partition importance𝑤 (𝑖, 𝑡) with different prompts

and layers.

For 𝑛 partitions, the accumulated output error satisfies:

∥𝛿OUT∥2 ≤
𝑛∑︁
𝑖=1

𝑤𝑖 ∥𝛿OUT𝑖 ∥2

+
∑︁
𝑖< 𝑗

𝑤𝑖𝑤 𝑗 ∥OUT𝑖 − OUT𝑗 ∥2 |𝛿LSE𝑖 − 𝛿LSE𝑗 |
(5)

The second term is second-order and can be safely ignored: (1)
the product 𝑤𝑖𝑤 𝑗 is small when one partition dominates, and (2)
|𝛿LSE𝑖 −𝛿LSE𝑗 | (difference of errors) is typically much smaller than
individual errors. This yields:

∥𝛿OUT∥2 ≈
𝑛∑︁
𝑖=1

𝑤𝑖 ∥𝛿OUT𝑖 ∥2 (6)

4.1.2 Online Attention State Error Model. Based on Equation 6, we
model the Attention State Error (ASE) of partition 𝑖’s cached state
AS𝑡𝑐 (𝑖) at current timestep 𝑡 as:

ASE(𝑖, 𝑡, 𝑡𝑐 ) =𝑤 (𝑖, 𝑡) · 𝛿 (𝑖, 𝑡, 𝑡𝑐 ) (7)

where 𝑡𝑐 is the cache timestep,𝑤 (𝑖, 𝑡) captures partition impor-
tance, and 𝛿 (𝑖, 𝑡, 𝑡𝑐 ) models temporal error growth over cache age
𝜏 = 𝑡 − 𝑡𝑐 .

Partition Importance Weight. The weight𝑤 (𝑖, 𝑡) corresponds to
𝑤𝑖 in Equation 6. Since computing exact𝑤 (𝑖, 𝑡) = 𝑒LSE𝑡 (𝑖 )/∑𝑘 𝑒

LSE𝑡 (𝑘 )

requires full attention, we leverage the empirical observation that
LSE distributions remain stable over 𝜏 ≤ 5-10 steps (Figure 8).

We update𝑤 (𝑖, 𝑡) only at anchor steps 𝑡𝑎—timesteps with full
attention computation:

𝑤 (𝑖, 𝑡) =𝑤 (𝑖, 𝑡𝑎) =
𝑒LSE𝑡𝑎 (𝑖 )∑𝑛

𝑘=1 𝑒
LSE𝑡𝑎 (𝑘 )

, ∀𝑡 ∈ (𝑡𝑎, 𝑡𝑎 + 𝜏max] (8)

Age Penalty Error. Computing 𝛿 (𝑖, 𝑡, 𝑡𝑐 ) = ∥AS𝑡 (𝑖) − AS𝑡𝑐 (𝑖)∥2
directly contradicts our reuse goal. Instead, we exploit that the local
partition 𝑖loc (the diagonal partition, always computed) serves as a
zero-cost error indicator.

At anchor step 𝑡𝑎 , we compute the scale ratio:

𝛼 (𝑖) =
∥AS𝑡𝑎 (𝑖)∥2
∥AS𝑡𝑎 (𝑖loc)∥2

(9)

For timesteps 𝑡 > 𝑡𝑎 , we extrapolate partition 𝑖’s error from the
local state change:

𝛿 (𝑖, 𝑡, 𝑡𝑎) = 𝛼 (𝑖) · ∥AS𝑡 (𝑖loc) − AS𝑡𝑎 (𝑖loc)∥2 (10)

Our evaluation guarantees that remote states evolve proportion-
ally to the local state, scaled by their relative magnitudes. Since
AS𝑡 (𝑖loc) is computed every step, Equation 10 incurs nearly zero ad-
ditional cost while achieving strong empirical accuracy (𝑅2 > 0.95,
Section 6.5).

4.2 Group-wise Compute & Reuse Selection

4.2.1 Group-wise organization. With a CP size of 𝑝 , KV tensors are
distributed across GPUs, each corresponding to an attention stare.
To achieve an efficient planning granularity, we group spatially
adjacent states. This is motivated by the observed spatial locality
that adjacent partitions exhibit similar computational contributions
and communication costs, leading to consistent selection decisions.
Consequently, the 𝑝 states are divided into 𝑝/𝑔 groups, each con-
taining 𝑔 states. In particular, because the local state is handled
separately, the intra-node group containing it has a reduced size of
𝑔 − 1.

Organizing partitions as group introduce following benefits:
Grouping strategy naturally reduces cross-term errors in Equa-
tion 5 as spatially adjacent states have similar outputs. It also en-
ables efficient unified scheduling andmemorymanagement through
group-level attention state composition. Building upon this group
organization and our error model, we now present the selection
strategy that determines which attention state groups to compute
or reuse at each timestep.

4.2.2 Strategy Formulation. For each timestep 𝑡 , we maintain a set
of attention state groups G = {𝐺0,𝐺1, ...,𝐺𝑚−1} where𝑚 = ⌈𝑝/𝑔⌉.
Our goal is to determine for each group 𝐺𝑖 :

Decision(𝐺𝑖 , 𝑡) =
{
COMPUTE compute fresh state
REUSE(𝑡𝑐,𝑖 ) reuse cached state from 𝑡𝑐,𝑖

(11)
where 𝑡𝑐,𝑖 denotes the last computation timestep for group 𝐺𝑖 .

The strategy balances quality (bounded error) and efficiency (maxi-
mized reuse).

4.2.3 Error-based Selection. For each group 𝐺𝑖 at timestep 𝑡 , we
compute its aggregated Attention State Error by summing errors
from all partitions within the group:

ASE(𝐺𝑖 , 𝑡) =
∑︁
𝑗∈𝐺𝑖

𝑤 ( 𝑗, 𝑡) · 𝛿 ( 𝑗, 𝑡, 𝑡𝑐,𝑖 ) (12)

Given an error threshold 𝜖 , the selection decision follows:

Decision(𝐺𝑖 , 𝑡) =
{
COMPUTE if ASE(𝐺𝑖 , 𝑡) > 𝜖

REUSE(𝑡𝑐,𝑖 ) otherwise
(13)

4.2.4 Anchor Step Enforcement. To prevent unbounded error ac-
cumulation and ensure periodic weight updates (Eq. 8 and 9), we
enforce anchor steps where all groups perform full computation.
An anchor step is triggered when:

6
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Algorithm 1 Attention State Selection Strategy
1: Input: timestep 𝑡 , groups G, cache ratio 𝑅, local threshold 𝜖local
2: Compute 𝛿local (𝑡 )
3: for each group𝐺𝑖 ∈ G do

4: Compute ASE(𝐺𝑖 , 𝑡 ) ←
∑

𝑗 ∈𝐺𝑖
𝑤 ( 𝑗, 𝑡 ) · 𝛿 ( 𝑗, 𝑡, 𝑡𝑐,𝑖 )

5: end for

6: all_exceed← ∀𝐺𝑖 : ASE(𝐺𝑖 , 𝑡 ) > 𝜖

7: local_drift← 𝛿local (𝑡 ) > 𝜖local
8: is_anchor← all_exceed ∨ local_drift
9: if is_anchor then
10: for each group𝐺𝑖 do

11: Decision(𝐺𝑖 , 𝑡 ) ← COMPUTE
12: end for

13: Update 𝜖 based on 𝑅 and anchor errors
14: Update 𝑤 ( 𝑗, 𝑡 ) and 𝛼 ( 𝑗 ) for all partitions 𝑗
15: 𝑡𝑐,𝑖 ← 𝑡 for all𝐺𝑖

16: else
17: for each group𝐺𝑖 do

18: if ASE(𝐺𝑖 , 𝑡 ) > 𝜖 then

19: Decision(𝐺𝑖 , 𝑡 ) ← COMPUTE, 𝑡𝑐,𝑖 ← 𝑡

20: else

21: Decision(𝐺𝑖 , 𝑡 ) ← REUSE(𝑡𝑐,𝑖 )
22: end if

23: end for

24: end if

25: return {Decision(𝐺𝑖 , 𝑡 ) }

IsAnchor(𝑡) =

True if ∀𝐺𝑖 : ASE(𝐺𝑖 , 𝑡) > 𝜖

True if 𝛿local (𝑡) > 𝜖local

False otherwise
(14)

where 𝛿local (𝑡) is the relative error of the local state. Unlike
prior static thresholds, 𝜖 is adapted online as a percentile of the
global anchor correction errors to match the target acceleration
ratio, while the static 𝜏max is replaced by this dynamic local drift
condition. At anchor steps, we: (1) force all groups to compute, (2)
update partition importance weights𝑤 ( 𝑗, 𝑡), (3) update scale ratios
𝛼 ( 𝑗), and (4) reset cache timestamps 𝑡𝑐,𝑖 ← 𝑡 .

Algorithm 1 summarizes our selection strategy. At each timestep,
we first compute local attention and predict errors for all groups
(lines 2-4). Thenwe check anchor conditions (lines 5-7). If anchoring
is triggered, all groups compute and metadata is updated (lines 8-
13); otherwise, groups selectively compute or reuse based on error
thresholds (lines 14-21).

5 State-Centric Attention Runtime

Given the compute/reuse decisions from selection (Sec. 4), the run-
time must efficiently execute heterogeneous partition access pat-
terns while maximizing computation-communication overlap and
managing memory constraints. We design a suite of attention state-
centric manipulations and orchestrate them in a pipelined runtime
system.

5.1 State-Centric Manipulations

5.1.1 Cross-Group KV Transfer. When a group 𝐺𝑖 is selected for
computation (COMPUTE), we must gather its KV partitions from re-
mote devices to enable local attention computation. At timestep

𝑡 , let C𝑡 = 𝐺𝑖 | Decision(𝐺𝑖 , 𝑡) = COMPUTE be the set of groups re-
quiring fresh computation. Since our compute/reuse strategy is
globally consistent across all devices, each GPU can independently
determine its communication peer based on the partition distance
within each group.

As illustrated in Figure 10(a), the Cross-Group KV Transfer op-
erates through symmetric P2P communication. For each group
𝐺𝑖 ∈ C𝑡 , devices holding partitions of𝐺𝑖 exchange their KV pairs:
each GPU performs a SendRecv operation, simultaneously sending
its local KV partition to one peer while receiving a different parti-
tion from another peer. For example, in a group spanning Node 0
and Node 1, GPU 0 sends its partition to GPU 4 (cross-node) while
GPU 4 sends to GPU 0, creating a symmetric exchange pattern.

The goal of this operation is to relocate each required KV parti-
tion to the device closest to where it will be consumed, consolidating
all partitions of a compute-selected group within a localized de-
vice set. By organizing communication at the group granularity,
we fully exploit hierarchical bandwidth: intra-node transfers lever-
age NVLink, while cross-node transfers use InfiniBand, ensuring
efficient utilization of available interconnects.

5.1.2 Group State Computation. Once KV partitions are trans-
ferred, each group independently computes its fresh attention state
through ring-based composed attention. As shown in Figure 10(b),
devices within group 𝐺𝑖 form a communication ring where KV
partitions circulate while attention computation proceeds.

The computation consists of 𝑔 sequential steps (where 𝑔 = |𝐺𝑖 |
is the group size). At each step, every device: (1) computes partial
attention using its current local KV partition and the query, (2)
incrementally composes this result with its accumulated attention
state using the composition operation from Equation 4, and (3)
sends its KV partition to the next device in the ring while receiving
a new partition from the previous device.

This ring-attention pattern overlaps (𝑔 − 1) KV transfers with
attention computation. The objective of this manipuation is to
efficiently produce the complete composed attention state AS𝑡 (𝐺𝑖 )
for group 𝐺𝑖 on each participating device. After 𝑔 steps, every
device has processed all partitions in the group and obtained the
full composed state, which is then stored in the attention state
cache for future reuse. The group-based computation boundary
again leverages hierarchical bandwidth, as ring circulation occurs
within the localized device set established by the Cross-Group KV
Transfer.

5.1.3 Dynamic Group State Compose. DiTango continuously mon-
itors systemmemory usage.Whenmemory consumption approaches
a predefined threshold𝑀max, the system triggers Dynamic Group
State Compose to prevent out-of-memory failures. This manipula-
tion merges existing attention states into coarser-grained groups,
exponentially reducing memory overhead.

Given current group size𝑔 and a scaling factor 𝑘 (typically 𝑘 = 2),
the operation:

GroupCompose(𝑔→ 𝑘𝑔) : 𝐴𝑆𝑡 (𝐺𝑖 ) ⊕ 𝐴𝑆𝑡 (𝐺𝑖+1)⊕
...𝐴𝑆𝑡 (𝐺𝑖+𝑘−1) → 𝐴𝑆𝑡 (𝐺 ′⌊𝑖/𝑘 ⌋)

(15)

This merging continues recursively until memory usage falls
below𝑀max or an anchor step occurs (which recomputes all states
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posed attention state computation within each group.

and resets to the original group size 𝑔). The composed states remain
valid for reuse due to the compositional properties of attention
states (Eq. 4).

5.2 Runtime Orchestration

DiTango runtime orchestrates the state-centricmanipulations across
dual asynchronous streams—computation and communication—to
maximize overlap while constraining memory usage. Figure 9 illus-
trates the pipeline execution flow.

Memory-aware initialization. At each timestep, the runtime
first invokes Dynamic Group State Compose to monitor memory
consumption. If the cached attention states approach the threshold
𝑀max, the systemmerges existing states into coarser groups (Sec. ??),
exponentially reducing memory overhead. This may trigger re-
planning of compute/reuse decisions if the group size 𝑔 changes,
ensuring the selection strategy remains valid under the updated
granularity.

Local attention and selection planning. The computation
stream then executes local attention on the query’s head partition,
overlapped with the communication stream’s first Cross-Group KV
Transfer. Concurrently, the runtime performs selection planning
for the next timestep, determining which groups to compute or
reuse based on the accumulated error budget (Alg. 1). This planning-
computation overlap hides the decision latency.

Group state computation pipeline. For each group 𝐺𝑖 ∈ C𝑡
(the set of groups selected for computation), the runtime sequen-
tially executes:
(1) Evict stale states: Remove AS(𝐺𝑖 ) from cache, as it will be re-

placed by the fresh state AS𝑡 (𝐺𝑖 ).
(2) Group State Computation: Execute ring-based composed atten-

tion (Sec. 5.1.2) within the localized device set established by
Cross-Group Transfer. The communication stream performs
(𝑔 − 1) intra-group P2P transfers, overlapped with attention
computation in the compute stream.

(3) Store fresh state: Cache AS𝑡 (𝐺𝑖 ) for future reuse.
This pipeline repeats for all |C𝑡 | compute-selected groups. The

runtime dynamically schedules state reuse operations—directly load-
ing cached AS𝑡 − 1(𝐺 𝑗 ) for reused groups—to fill computation bub-
bles caused by cross-node communication latency in Cross-Group
Transfer. This flexible interleaving ensures high GPU utilization
throughout the pipeline.

Flexible reuse scheduling. A key design insight is leveraging
state reuse operations to mask communication latency. Unlike Fresh
Attention State Computation, which depends on prior KV access
completing, reuse operations—directly loading cached AS𝑡−1 (𝐺 𝑗 )
from local memory—have no data dependencies and can execute
immediately. The runtime strategically schedules these lightweight
reuse operations to fill computation bubbles caused by cross-node
communication in Cross-Group Transfer, maintaining high GPU
utilization throughout the pipeline.

The "Partition Status" visualization in Figure 9 illustrates the
progress of DiTango attention: each partition transitions from
unprocessed (gray) to either computed (green) via Group State
Computation or reused (yellow) via cached state loading. In the
example with 8 partitions, partitions 0, 2, 3, 4, 5 are computed while
1, 6, 7 are reused. Our selection algorithm (Alg. 1) guarantees that
by the end of each timestep, all 𝑛 partitions are covered through
either fresh computation or cached reuse, ensuring completeness
of the final attention output.

6 Evaluation

DiTango is implemented in 7K lines of Python (https://github.com/
thu-pacman/Chitu-Diffusion), ensuring seamless integration with
modern video generation models. We evaluate both its performance
and quality improvements, followed by detailed ablation studies to
dissect the key factors driving these gains.
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Figure 11: Performance evaluation of DiTango. Bars for baselines of too long running time are truncated, and their execution

times are marked on the bars. The numbers above DiTango’s bars show speedups over the best baseline inmulti-node inference.

6.1 Evaluation Setup

Platform. We evaluate DiTango on 4 nodes with 8 NVIDIA H20
GPUs per node (148 TFLOPS FP16, 96GB), with NVLink (900GB/s)
for intra-node communication and InfiniBand (400Gbps) for inter-
node communication. Our software stack consists of PyTorch 2.5.0,
Python 3.10.16, CUDA 12.4, and GCC 11.4.

Workloads. We evaluate DiTango using the best open-source
models on VBench Leaderboard [10]:Wan2.1-14B,Wan2.1-1.3B [28],
and HunyuanVideo [12]. Table 1 summarizes their key character-
istics. The Tensor Shape is defined as [batch size, sequence length,
head number, hidden size]. Wan2.1 models utilize Classifier-Free
Guidance[9], with a latent batch size set to 2. For memory-efficient
inference, we offload T5 encoder to CPU in Wan2.1-14B.

Table 1: Evaluated Model Specifications

Model Size Type Frames Reso. Tensor Shape

Wan2.1-14B 14B FP16 81 720×1280 [2, 76K, 40, 128]
HunyuanVideo 13B BF16 129 720×1280 [1, 119K, 48, 64]
Wan2.1-1.3B 1.3B FP16 81 832×480 [2, 33K, 12, 128]

Baselines. We evaluate DiTango against five state-of-the-art
baselines: Tensor-parallelism [25], the best performing Context
Parallel variant between Seq-wise CP [17] and Head-wise CP [11],
Hybrid CP [8] implemented via xDiT [7], and two feature reuse-
based lossy acceleration systems - VideoSys [27, 38] with PAB
(Pyramid Attention Broadcast, warm-up/cool-down=4, broadcast
range=3) and SGLang-Diffusion [39] (denoted as SGLD) which
integrates Cache-DiT [6].

6.2 DiT End-to-End Performance

We conduct comprehensive evaluations on both end-to-end DiT
inference latency and core attention mechanism performance. In

terms of end-to-end performance, DiTango demonstrates signifi-
cant efficiency improvements, achieving up to 1.9× speedup com-
pared to state-of-the-art baselines when performing Wan-14B [28]
inference across 32 H20 GPUs (Fig.11a). While existing parallel
methods such as TP, CP, and xDiTmaintainmodel accuracy through
full attention computation, DiTango achieves superior performance
through selective operation bypassing without compromising gen-
eration quality.

In single-node scenarios (≤ 8 GPUs), DiTango exhibits slightly
longer processing times compared to traditional lossy acceleration
frameworks VideoSys and SGLang-Diffusion, primarily due to its
higher computation ratio designed to preserve generation quality.
However, in multi-node deployments, DiTango outperforms all
baselines by effectively bypassing cross-node communication while
maintaining high-quality generation results. This demonstrates
DiTango’s particular effectiveness in distributed computing en-
vironments where communication overhead typically becomes a
significant bottleneck.

While DiTango exhibits strong scalability onWan-14B and Hun-
yuanVideo, its performance on Wan-1.3B deteriorates beyond 24
GPUs as the limited computation is insufficient to hide intra-node
communication latency, resulting in communication-bound behav-
ior.

6.3 Core Attention Performance & Efficiency

Core Attention Latency. In our evaluation of core attention la-
tency (Fig.11b), DiTango demonstrates remarkable efficiency, achiev-
ing an average 2× speedup compared to all baselines. Notably, this
performance advantage extends even over VideoSys [27], despite
its aggressive optimization strategy of bypassing approximately
one-third of attention computations. SGLang-Diffusion [39] ex-
hibits comparable core attention performance to xDiT [8] due to

9
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their shared parallel attention implementation, with its optimiza-
tion is limited to bypassing coarse-grained DiT steps rather than
fine-grained attention operations.
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Figure 12: Core attention computational efficiency measured

in FLOP/s across different GPU configurations. Note that
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lying attentionmechanismswith their base implementations

(CP and xDiT respectively).

FLOP/s. To further demonstrate the efficiency of DiTango at-
tention, we employ FLOP/s metrics to evaluate core attention of
different frameworks. Without any kernel-level optimizations, Di-
Tango achieves superior computational efficiency in multi-node
scenarios through its communication-optimized design, maintain-
ing high FLOP/s where traditional parallel approaches suffer from
communication bottlenecks (Fig. 12). In single-node settings, while
DiTango shows lower FLOP/s due to extra state-centric operations
overhead, its overall latency advantage stems from reduced atten-
tion computations compared to traditional approaches that achieve
high FLOP/s through computation-communication overlap.

6.4 Generation Quality & Tradeoff

We comprehensively evaluate the generation quality of DiTango
against existing frameworks using multiple metrics: PSNR, SSIM,
and LPIPS for fidelity comparison against original model outputs,
and VBench Score [10] for overall generation quality assessment.
As shown in Table 2, DiTango consistently achieves superior per-
formance across most quality metrics while delivering significantly
higher speedup across all evaluated models. Notably, baseline meth-
ods including TP, CP, and xDiT maintain original model perfor-
mance through lossless parallelization, thus serving as quality refer-
ences with optimal VBench Scores but without comparative PSNR,
SSIM, or LPIPS measurements.

We conduct an in-depth analysis of the factors contributing to
DiTango’s superior generation performance. As illustrated in Fig.
13(a), DiTango achieves higher generation quality under equiv-
alent computation budgets through two key mechanisms: (1) its
contribution-aware approach that precisely identifies and preserves
the most crucial computations, and (2) its communication-efficient
design that enables more effective computation within given time
constraints. These architectural advantages result in a significantly
better Pareto frontier in the quality-performance trade-off space,
as shown in Fig. 13(b), where DiTango consistently outperforms
existing approaches in balancing generation quality against com-
putational efficiency.

Method

Latency Visual Quality

Speedup ↑ LPIPS ↓ SSIM ↑ PSNR ↑ VBench(%) ↑

Wan-1.3B 1.20× - - - 82.34

VideoSys 3.13× 0.288 0.676 14.08 81.37
SGLD 2.87× 0.220 0.728 15.77 81.92

DiTango 6.08× 0.214 0.734 16.34 82.21

Wan-14B 7.02× - - - 81.53

VideoSys 11.25× 0.215 0.743 16.36 80.14
SGLD 16.51× 0.261 0.707 15.02 79.86

DiTango 31.15× 0.137 0.806 18.55 80.79

HunyuanVideo 6.26× - - - 78.22

VideoSys 13.28× 0.174 0.631 21.15 77.45
SGLD 21.00× 0.178 0.558 20.70 77.12

DiTango 24.87× 0.166 0.621 21.40 77.89

Table 2: Performance and Quality comparison across differ-

ent models. Speedup ratios compare 32-GPU parallel infer-

ence against single-GPU baseline.
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Figure 13: Quality analysis with 32-GPU inference on Wan-

14B: (a) Quality comparison under different computation

ratios; (b) Quality-speedup tradeoff under different reuse

configurations.

6.5 Performance Breakdown

We analyze the effectiveness of key components in DiTango.

Error Modeling Accuracy. To validate the effectiveness of our er-
ror modeling approach, we evaluate the prediction accuracy across
diverse samples spanning different timesteps, layers, and prompts.
As shown in Fig. 14, our error model demonstrates remarkable accu-
racy with an R2 value of 0.9792 and a Pearson correlation coefficient
of 0.9899, indicating a strong linear relationship between predicted
and actual errors. This high correlation validates two key design
principles of DiTango: (1) the attention state errors across different
ranks are indeed highly correlated with local state errors, and (2)
our anchor-guided selection mechanism effectively captures error
propagation patterns within temporal windows. The low RMSE
(32.46) and MAE (21.88) values further confirm that our model
can reliably predict error magnitudes, enabling informed decisions
in the selection planner for balancing computation efficiency and
generation quality.
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Figure 14: DiTango error modeling accuracy.

Runtime Efficiency. We analyze the runtime efficiency of Di-
Tango’s state-centric attention mechanism across different state
group sizes in a 32-GPU distributed setting. As shown in Fig. 16, Di-
Tango consistently achieves higher computation ratios compared
to baseline approaches like CP and SGL-Diffusion. This superior
computational efficiency is attributed to our effective computation-
communication overlap strategy and hierarchical communication
design. With group sizes of 4 and 8, DiTango demonstrates optimal
performance by minimizing cross-node communication. However,
at group size 16, while still maintaining better efficiency than base-
lines, performance is slightly impacted due to necessary inter-group
state communications. Notably, the overhead from DiTango’s ad-
ditional components (planner execution and memory operations)
remains minimal, as indicated by the small "Others" portion in the
breakdown.
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Attention Runtime Breakdown (%)
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Figure 15: Runtime breakdown analysis showing the propor-

tion of computation, communication, and other operations

across different approaches and group sizes in 32-GPU dis-

tributed inference.

Extra Overhead. Despite the complex scheduling logic, DiTango
introduces minimal system overhead. Computationally, the anchor-
guided selection planner incurs negligible overhead. During an-
chor steps, the additional statistic analysis is performed on norm-
compressed representations rather than full-precision tensors, adding
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Figure 16: Ablation study showing the impact of different

DiTango components on speedup and generation quality

(PSNR) for Wan-14B inference on 32 GPUs.

less than 1% to the overall computation compared to a standard full-
compute pass. On the memory side, maintaining the attention state
cache does require additional capacity. For instance, caching the
necessary attention states at full precision consumes approximately
30,GB of extra memory for large models like HunyuanVideo and
Wan2.1-14B. However, unlike large language models, DiTs possess
relatively small parameter footprints. Consequently, this additional
memory overhead is well within the capacity of modern GPU ar-
chitectures. Memory-aware management in section 5.2 is robust
enough to ensure practical deployability without out-of-memory
constraints.

6.6 Ablation Study

We conduct an ablation study to analyze the synergistic effects of
DiTango’s key components on performance and generation quality.
Using Wan-14B model inference on 32 GPUs as our experimental
setting, we evaluate four configurations with increasing system
complexity. The baseline approach of full attention result reuse
demonstrates the limitations of coarse-grained reuse strategies,
showing both modest speedup and generation quality. Introduc-
ing fine-grained state reuse with random selection shows limited
improvements, as its effectiveness is hampered by unstructured
communication patterns and uncontrolled error accumulation. The
addition of our selection planner marks a significant improvement
in generation quality while also enhancing speedup through more
informed state selection. Finally, the complete DiTango implemen-
tation with both selection planner and state-centric runtime or-
chestration achieves optimal performance while maintaining high
generation quality, demonstrating how these components work in
concert to overcome the scalability-quality trade-off.

7 Related Work

Parallelism for Diffusion. Traditional 3D parallelism strategies
like Megatron-LM [25] exhibit limited efficacy for single-sample
diffusion generation. Since the batch size is inherently 1, neither
Data Parallelism nor Pipeline Parallelism can be efficiently utilized.
While AsyncDiff [4] introduces a timestep-wise pipeline, it funda-
mentally relies on multi-sample batching, making it inapplicable to
single-sample scenarios.

Context Parallelism (CP) [8, 11, 17] targets long sequence gener-
ation but incurs significant communication overhead when lacking

11



HPDC ’26, July 13–16, 2026, Cleveland, OH, USA Yuyang Chen, Runxin Zhong, Zan Zong, Hengjie Li, Yuyang Jin, and Jidong Zhai

proper state decomposition and topology-aware scheduling. Con-
versely, Classifier-Free Guidance (CFG) Parallelism [9], which par-
allelizes the positive and negative prompt branches, is orthogonal
to our approach and can be seamlessly integrated with DiTango.

Recently, some approaches have exploited stepwise feature sim-
ilarity to enhance parallel efficiency. DistriFusion [14] leverages
asynchronous all-gather for KV cache reuse to mitigate communica-
tion in U-Net architectures; however, this design yields sub-optimal
results for DiTs due to their differing attention patterns. PipeFu-
sion [7, 29] treats sequence chunks as micro-batches to enable
pipeline parallelism, yet it encounters severe consistency degrada-
tion, particularly in video generation tasks.

Lossy Diffusion Acceleration. Diffusion generation is inherently
computation-intensive yet robust to noise, making lossy acceler-
ation a mainstream technique for achieving significant speedups
with negligible visual degradation. Model-level methods like distilla-
tion [19, 22, 24] can reduce inference steps by an order of magnitude,
but they require extensive extra data and training. At the operator
level, quantization [35, 36] and sparsity [30, 31] kernels provide effi-
cient hardware-level acceleration; these techniques are orthogonal
to DiTango and can be seamlessly integrated with it.

Caching-based methods [2, 3, 15, 21, 34, 38] exploit temporal
redundancy across diffusion steps, skipping corresponding com-
putations by reusing similar intermediate features. Compared to
distillation, they are training-free and easy to deploy. However, their
coarse-grained reuse strategies and reliance on heuristic configu-
rations severely limit their acceleration potential. This limitation
becomes particularly pronounced in long video generation, where
feature dynamics shift rapidly and require more fine-grained adap-
tivity.

8 Conclusion

In essence, DiTango is a parallel caching framework that strikes
an elegant balance between algorithmic design and system orches-
tration, delivering substantial performance gains without compro-
mising generation quality. It addresses the scalability bottlenecks
caused by limited bandwidth in distributed diffusion inference. By
selectively reusing attention states, DiTango mitigates expensive
partition access overhead while preserving critical computations.
At its core, the combination of an online selection planner and
an efficient runtime engine enables fine-grained compute-reuse
control over sequence partitions. Our findings highlight that this
granularity is crucial for achieving both system scalability and gen-
eration fidelity, which is validated by significant speedups with
minimal quality loss over state-of-the-art methods on typical GPU
clusters.

Looking ahead, DiTango demonstrates strong potential for large-
scale generative model serving. It is particularly effective in het-
erogeneous clusters, where it can reduce generation latency to the
second-level, paving the way for real-time and interactive genera-
tion applications.

Despite these advancements, we acknowledge two current limi-
tations of DiTango. First, in high-bandwidth environments (e.g.,
single-node setups) where cross-node communication is no longer
the primary bottleneck, methods focusing purely on computation
reduction may yield higher throughput; thus, a hybrid deployment

strategy combining both paradigms is optimal in practice. Second,
although DiTango incorporates memory-aware management, the
attention state cache still consumes substantial capacity, which
can constrain GPU utilization in production environments. Future
work will focus on addressing this memory footprint through cache
compression techniques or intelligent CPU offloading mechanisms
to further unleash the potential of parallel diffusion systems.
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