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Figure 1. QuantCache is a training-free acceleration framework with an end-to-end 6.72× speedup against Open-Sora [53]. Compared
with ViDiT-Q [51] and AdaCache [15], QuantCache achieves superior quality scores, demonstrating the effectiveness of our method.

Abstract

Recently, Diffusion Transformers (DiTs) have emerged as
a dominant architecture in video generation, surpassing
U-Net-based models in terms of performance. However,
the enhanced capabilities of DiTs come with significant
drawbacks, including increased computational and mem-

* Equal contribution.
† Corresponding author: Yulun Zhang, yulun100@gmail.com

ory costs, which hinder their deployment on resource-
constrained devices. Current acceleration techniques, such
as quantization and cache mechanism, offer limited speedup
and are often applied in isolation, failing to fully address
the complexities of DiT architectures. In this paper, we
propose QuantCache, a novel training-free inference ac-
celeration framework that jointly optimizes hierarchical
latent caching, adaptive importance-guided quantization,
and structural redundancy-aware pruning. QuantCache
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achieves an end-to-end latency speedup of 6.72× on Open-
Sora with minimal loss in generation quality. Extensive
experiments across multiple video generation benchmarks
demonstrate the effectiveness of our method, setting a new
standard for efficient DiT inference. We will release all code
and models to facilitate further research.

1. Introduction
Recently, Diffusion Transformers (DiTs) [38, 48] have
gained significant attention due to their superior perfor-
mance in generative modeling, particularly in video genera-
tion tasks [4, 11, 16, 19, 37, 40, 43]. These models leverage
the powerful attention mechanism of transformers, which
allows them to capture long-range dependencies and pro-
duce high-quality outputs. However, this remarkable per-
formance comes at the cost of substantial computational and
memory requirements, which hinder their practical deploy-
ment, especially on resource-constrained devices. For in-
stance, generating a 64-frame, 512×512 resolution video
with the Open-Sora model [53] on an NVIDIA A800-80GB
GPU takes up to 130 seconds. The computational com-
plexity is compounded by the quadratic growth of atten-
tion mechanisms in DiTs, which increases with the fixed
long timesteps. Therefore, despite their impressive gener-
ative capabilities, DiTs face significant barriers to efficient
deployment in real-world and edge device applications.

Model quantization is a widely used technique for re-
ducing the memory and computational overhead of large
models by compressing weights and activations into low-
bit representations. Among the various quantization ap-
proaches, Post-Training Quantization (PTQ) [2, 6, 21, 51]
is particularly appealing due to its minimal training require-
ments and rapid deployment capabilities, making it ideal for
large models like DiTs. Unlike Quantization-Aware Train-
ing (QAT) [33], which requires extensive fine-tuning re-
sources, PTQ allows for efficient quantization with much
fewer computational costs. In addition to quantization, in-
ference acceleration frameworks have been explored to fur-
ther optimize diffusion models, including distillation [27],
pruning [8], and cache-based methods [3, 15].

However, these methods are often applied in isolation
and neglect to fully leverage the synergies among them. A
major limitation of existing approaches is their reliance on
static heuristics, which do not adapt to the dynamic nature
of the diffusion process. For instance, uniform quantiza-
tion strategies apply a fixed bit-width across all layers and
timesteps. They ignore that different layers exhibit vary-
ing levels of importance depending on the generation stage.
Similarly, existing caching strategies use predefined sched-
ules, neglecting to account for frame-specific variations in
content evolution. These issues motivate the need for a
more adaptive approach that can dynamically allocate com-
putational resources based on specific content analyses.

To address those challenges, we propose a joint op-
timization framework QuantCache for video generation.
First, we propose hierarchical latent caching (HLC) that
adaptively determines when to refresh cached features
based on inter-step feature divergence. HLC reduces re-
dundant computations while preserving generation quality.
Second, we propose adaptive importance-guided quantiza-
tion (AIGQ), where bit-widths are adjusted per timestep and
per layer according to feature sensitivity. AIGQ ensures that
more critical computations retain higher bit-widths while
redundant ones are processed at lower bit-widths. Finally,
we propose structural redundancy-aware pruning (SRAP)
that selectively prunes layers with highly correlated feature
representations within the same timestep, further reducing
computational cost. By jointly optimizing these three tech-
niques, QuantCache effectively minimizes redundant com-
putations while preserving the expressiveness of DiTs. Our
contributions can be summarized as follows:

• We propose an efficient video generation framework
QuantCache by jointly optimizing caching, quantiza-
tion, and pruning. QuantCache achieves 6.72× speedup
against Open-Sora [53] (Figure 1), surpassing SOTA
methods while maintaining high generation quality.

• We propose hierarchical latent caching (HLC) that dy-
namically adjusts caching schedules based on feature di-
vergence. HLC significantly reduces redundant computa-
tions in Diffusion Transformers (DiTs).

• We propose adaptive importance-guided quantization
(AIGQ), a novel adaptive quantization framework that al-
locates precision levels based on timestep significance.

• We propose structural redundancy-aware pruning
(SRAP), an online layer pruning method that selectively
omits redundant computations within each timestep.

2. Related Works
2.1. Diffusion Transformers
Diffusion Transformers (DiTs) [4, 11, 16, 19, 37, 40, 43]
have emerged as a compelling alternative to traditional U-
Net architectures in generative modeling tasks. DiTs uti-
lize the self-attention mechanism [44] to effectively capture
long-range dependencies, thereby enhancing the quality of
generated visual content. For instance, Open-Sora [53] inte-
grates a Variational Autoencoder (VAE) [18] with DiTs, en-
abling efficient high-quality video generation. Despite their
notable success, transformer-based diffusion models face
challenges related to computational complexity and mem-
ory consumption. The self-attention mechanism’s computa-
tional requirements scale quadratically with the input size,
making high-resolution image and multi-frame video gen-
eration particularly resource-intensive. Addressing these
challenges is crucial for the practical deployment of such
models, especially with limited computational resources.
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2.2. Model Quantization
Model quantization [5, 21, 47] is a pivotal technique for en-
hancing the efficiency of deep learning models by convert-
ing full-precision weights and activations into lower-bit rep-
resentations, thereby reducing both memory footprint and
computational load. Post-Training Quantization (PTQ) [28]
stands out as a particularly effective approach, enabling
the compression of pre-trained models [24–26] without ne-
cessitating extensive retraining. In the realm of diffusion
models, PTQ has been successfully applied to U-Net-based
architectures [41]. The advent of Diffusion Transformers
(DiTs) has further propelled advancements in generative
modeling, offering superior scalability and performance.
However, the application of PTQ to DiTs presents unique
challenges due to their architectural distinctions from U-
Net-based models. Addressing this, ViDiT-Q [51] proposed
a quantization scheme tailored for DiTs that achieves loss-
less 8-bit weight and activation quantization, resulting in
significant memory and latency improvements. These ad-
vancements underscore the critical role of specialized PTQ
methods in optimizing the performance and efficiency of
diffusion models, particularly as architectures evolve from
U-Net-based structures to transformer-based designs.

2.3. Cache Mechanism
In the realm of diffusion models, cache-based acceleration
techniques have been developed to enhance inference effi-
ciency by reusing computations across timesteps. For in-
stance, DeepCache [34] leverages temporal redundancy in
U-Net architectures by caching high-level features during
the denoising process, achieving significant speedups with-
out necessitating model retraining. For DiT architectures,
AdaCache [15] introduces a training-free method tailored
for video Diffusion Transformers (DiTs), implementing a
content-dependent caching schedule that adapts to each
video’s complexity, thereby optimizing the quality-latency
trade-off. ∆-DiT [3] introduces a specialized caching
mechanism known as ∆-Cache, designed specifically for
DiT architectures. This approach involves analyzing the
role of each DiT block in image generation and selectively
reuses feature offsets, accelerating inference without com-
promising image quality. However, optimizing these cache
strategies remains challenging, particularly in balancing ef-
ficiency gains with the preservation of generation quality.

3. Method
3.1. Preliminary
Diffusion Models. Diffusion models [4, 11, 16, 19, 37,
40, 43] are a class of generative models inspired by the pro-
cess of diffusion in physics, where particles spread out over
time due to random motion. In the context of generative
modeling, diffusion models operate by gradually adding
noise to data in a forward process, and then reversing this
process to reconstruct the original data.

The forward diffusion process starts with a clean data
sample x0 ∼ q(x) and progressively adds noise over T
timesteps. The noisy data at timestep t is defined as:

xt =
√
ᾱtx0 +

√
1− ᾱtϵt, ϵt ∼ N (0, I), (1)

where ᾱt is a schedule controlling the noise level at timestep
t, and ϵt is Gaussian noise. As the diffusion process pro-
gresses, xt becomes increasingly noisy, and by the final
timestep T , it is pure Gaussian noise.

The reverse diffusion process aims to recover the clean
data x0 from the noisy data xt. The model learns a param-
eterized distribution pθ(xt−1|xt), which predicts the clean
data at timestep t− 1 based on the noisy data at timestep t.
This is typically modeled as a Gaussian distribution:

pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)) , (2)
where µθ(xt, t) and Σθ(xt, t) are the mean and covariance
predicted by the model at timestep t.

In a typical Diffusion Transformers [10, 17, 20, 30,
38, 48], the noisy data xt is processed through a se-
quence of Transformer blocks. Each block consists of
self-attention (SA), cross-attention (CA), and feed-forward
networks (FFN). The self-attention mechanism allows the
model to capture complex relationships within the data,
while the cross-attention layers integrate additional condi-
tional information, like class labels or textual descriptions.
Model Quantization. Quantization [36] is a technique
employed to reduce the computational and memory de-
mands by representing weights and activations with lower
precision. This process involves approximating high-
precision values with low-bit representations, thereby ac-
celerating inference and decreasing storage requirements.

Formally, consider a neural network with L layers,
where each layer l has weights W (l) and activations X(l).
The objective of quantization is to find proper bit-widths
that minimizes the discrepancy between the original and
quantized models. In uniform quantization, both weights
and activations are mapped to discrete levels within a fixed
range. The quantization function Q for a tensor x with b-bit
representation is defined as:

xint = Q(x; s, z, b) = clamp
(⌊x

s

⌉
+ z, 0, 2b − 1

)
, (3)

where s is the scaling factor, z is the zero point, ⌊·⌉ denotes
rounding to the nearest integer, and clamp(·, a, c) restricts
the values to the interval [a, c]. The scaling factor s is typi-
cally determined by the range of x:

s =
max(x)−min(x)

2b − 1
. (4)

Quantization error arises from two primary sources:
clipping (or clamping) error and rounding error. Clipping
error occurs when the dynamic range of x exceeds the repre-
sentable range, leading to saturation. Rounding error results
from mapping continuous values to discrete levels. These
errors are influenced by factors such as the bit-width b, the
distribution of x, and the chosen quantization parameters.
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Figure 2. The overview of QuantCache with (a) HLC, (b) AIGQ, (c) SRAP. STA, CA, and FFN respectively refer to spatial-temporal
attention, cross attention, and feedforward network in a Transformer layer.

In Diffusion Transformers (DiTs), quantization presents
unique challenges. The isotropic architecture of DiTs [3],
lacking the skip connections found in U-Net structures,
makes traditional feature map caching methods less effec-
tive. We propose QuantCache, a novel training-free infer-
ence acceleration framework that jointly optimizes hierar-
chical latent caching, adaptive importance-guided quantiza-
tion, and structural redundancy-aware pruning.

3.2. Joint Optimization of HLC and AIGQ
To enhance the efficiency of Diffusion Transformers (DiTs)
in video generation, we propose a joint optimization
framework that integrates Hierarchical Latent Caching
with Adaptive Importance-Guided Quantization, as shown
in Figure 2. This framework stems from a novel obser-
vation: within the iterative denoising process, the relative
importance of different layers and timesteps fluctuates dy-
namically, depending on the evolution of latent represen-
tations and cross-step feature interactions. Crucially, we
find that certain layers play a pivotal role in refining spa-
tial structure, while others primarily contribute to temporal
smoothness. Similarly, the degree of information retention
across timesteps varies non-uniformly, creating opportuni-
ties for selectively caching features and adjusting quantiza-
tion granularity based on their functional relevance.

Hierarchical Latent Caching. Unlike conventional
caching mechanisms relying on static cache intervals, in-
spired by [3, 15, 22, 31], our approach leverages an adaptive
refresh strategy that dynamically determines where recom-
putation is necessary. Given that DiTs lack the explicit skip
connections found in U-Net architectures, we model cache
decisions using an importance-aware metric that considers
inter-step feature variations. Specifically, at timestep t, we
compute a timestep-wise feature divergence score D(l)

t :

D(l)
t =

∥p(l)t − p
(l)
t−k∥1

k
· ∥∇tm

(l)
t ∥, (5)

where p
(l)
t represents the activation at layer l and timestep

t, t − k is the last cached step, and ∇tm
(l)
t denotes the

inter-frame gradient of the feature map, capturing the rate
of change in motion across consecutive timesteps.

Based on the feature divergence score, we establish a
cache-refresh decision function:

τ
(l)
t =


τmax, if D(l)

t < δ1,

τmid, if δ1 ≤ D(l)
t < δ2,

τmin, if D(l)
t ≥ δ2,

(6)

where τ (l)t determines the number of steps before recompu-
tation, adapting caching frequency to content variations.
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Figure 3. AIGQ: adaptive importance-guided quantization.

Adaptive Importance-Guided Quantization. While
caching effectively reduces redundant computations, quan-
tization offers an orthogonal opportunity to optimize infer-
ence efficiency. However, naive low-bit quantization risks
degrading spatial and temporal coherence, particularly in
critical layers. To address this, we introduce an importance-
driven mixed-precision quantization scheme that dynam-
ically assigns bit-widths to both weights and activations
based on their perceptual relevance, as shown in Figure 3.

(1) Weight Quantization: Instead of applying a uniform
bit-width across all layers, inspired by [14, 42, 51], we al-
locate a quantization budget Btotal by first estimating layer
sensitivity. Specifically, we evaluate each layer based on its
numerical error, perceptual distortion, and temporal dynam-
ics. Layers that contribute significantly to fine-grained tex-
ture reconstruction or motion continuity are assigned higher
precision, whereas those with minimal impact on perceptual
quality are allocated lower bit-widths.

To further mitigate quantization-induced artifacts, we in-
corporate a channel-balancing mechanism that combines
scaling and rotation. The scaling-based approach corrects
static imbalances originating from pretrained scale shift ta-
bles, while the rotation-based method addresses dynamic
variations caused by timestep embeddings. By first apply-
ing scaling to stabilize the initial activation distribution, fol-
lowed by a lightweight rotation transformation, we ensure
a more uniform data distribution across channels, reduc-
ing extreme outliers that could degrade quantization per-
formance. Given the total bit-width budget, we iteratively
allocate precision levels while satisfying:∑

l

B(l) ≤ Btotal, (7)

where bit-widths are assigned to layers that exhibit higher
sensitivity to quantization. This adaptive allocation ensures
that critical layers retain sufficient precision while computa-
tional efficiency is maximized, enabling effective compres-
sion with minimal impact on generative quality.

(2) Activation Quantization: Beyond optimizing weight
precision, we extend our quantization strategy to activa-
tion, where bit-widths are dynamically modulated based on
timestep-level redundancy. Inspired by [3, 6, 15], We ob-
serve that not all timesteps contribute equally to the final
output quality. In early stages or during redundant interme-
diate steps, feature representations often exhibit high simi-
larity, suggesting that lower precision is sufficient without
compromising perceptual fidelity. Conversely, during crit-
ical transitions—such as the emergence of fine details or
significant structural changes—higher precision is essential
to capture the complexity of the evolving content.

Based on the observation, we propose a novel timestep-
wise content-adaptive bit allocation function that tailors ac-
tivation bit-widths to the specific demands of each step,
thereby optimizing both computational efficiency and out-
put quality. Formally, our allocation function is defined as:

bit-width(t) =


Bitmax, if Dt < θ1,

Bitmid, if θ1 ≤ Dt < θ2,

Bitmin, if Dt ≥ θ2,

(8)

where Dt represents a timestep-specific redundancy metric
(e.g. distance between consecutive feature maps), and θ1
and θ2 are empirically determined thresholds that delineate
low, medium, and high redundancy regimes. Here, Bitmax,
Bitmid, and Bitmin denote the maximum, intermediate, and
minimum bit-widths, respectively.

The intuition behind this design is straightforward yet
powerful: steps with high feature redundancy (i.e., Dt ≥
θ2) can tolerate aggressive quantization to Bitmin, as the
information loss is minimal and does not degrade the gener-
ative process. In video generation, consecutive frames with
subtle changes—like a static background—require less pre-
cision in activations, allowing us to allocate fewer bits with-
out sacrificing visual coherence. In contrast, steps with low
redundancy (i.e., Dt < θ1), such as those involving abrupt
scene transitions or the refinement of intricate textures, de-
mand Bitmax to preserve the fidelity of complex features.
The intermediate range (Bitmid) serves as a balanced com-
promise for timesteps with moderate complexity, ensuring
a smooth trade-off between efficiency and quality.

This adaptive strategy reduces memory footprint and
computational overhead, and aligns quantization decisions
with the intrinsic dynamics of the generative model. By ad-
justing activation precision dynamically, we avoid pitfalls
of uniform quantization, which over-allocates resources to
redundant steps or under-allocates to critical ones.
Unified Optimization for Efficient Video Generation.
By integrating Hierarchical Latent Caching (HLC) with
Adaptive Importance-Guided Quantization (AIGQ), we
construct a self-adaptive compute allocation strategy that
minimizes unnecessary computation while preserving video
generation quality. HLC uses D(l)

t in Equation (5) to assess
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Figure 4. Spatial and temporal differences across adjacent layers for spatial-temporal attention, cross-attention, and feed-forward network.

feature divergence at timestep t, guiding adaptive caching.
AIGQ leverages a related timestep-wise metric Dt, derived
from D(l)

t via feature similarity, to dynamically adjust ac-
tivation bit-widths. For smaller skips (low τ

(l)
t in Equa-

tion (6)), we use smaller bit-widths to exploit redundancy,
while for larger skips (high τ

(l)
t in Equation (6)), we apply

larger bit-widths to enhance precision in post-skip steps, en-
suring video quality. This cohesive timestep-wise strategy
optimizes computation and precision.

3.3. Structural Redundancy-Aware Pruning
To further enhance the efficiency of DiTs, we propose
a novel Structural Redundancy-Aware Pruning (SRAP)
mechanism. In Figure 4, SRAP adaptively prunes layers
within a single timestep based on their internal feature sim-
ilarity. Unlike conventional static layer pruning strategies
that predefine a fixed subset of layers to be pruned, SRAP
dynamically determines layer importance at runtime by an-
alyzing the intrinsic similarity of intermediate representa-
tions. This allows us to minimize redundant computations.
Motivation: Layer-Wise Redundancy in DiTs. Studies
in vision transformers show that early layers capture coarse-
grained details, while deeper layers refine high-frequency
components [9, 50]. However, in DiTs, Feature evolu-
tion is highly iterative across timesteps. We observe that
certain layers within a single timestep exhibit significant
representational overlap. This phenomenon suggests that
some computations can be pruned without information loss.
By quantifying this redundancy, we introduce a data-driven
mechanism to selectively prune layers at inference time.
Quantifying Redundancy with Cosine Similarity. To
determine which layers can be pruned, inspired by [7, 35],
we compute a layer-wise cosine similarity score between
consecutive layers at timestep t (Figure 4):

S
(l,l+1)
t =

⟨p(l)t , p
(l+1)
t ⟩

∥p(l)t ∥∥p(l+1)
t ∥

, (9)

where p
(l)
t and p

(l+1)
t represent the feature representations

at layers l and l+ 1 within timestep t. The closer this score
is to 1, the higher the redundancy between layers.

Based on the cosine similarity measure, we define a layer
pruning probability function:

P (l)
prune =


1, if S(l,l+1)

t > τhigh,

Pbase, if τlow ≤ S
(l,l+1)
t ≤ τhigh,

0, if S(l,l+1)
t < τlow,

(10)

where τhigh and τlow define redundancy thresholds, and Pbase
is a baseline probability allowing occasional pruning when
similarity is moderate. If two layers exhibit strong redun-
dancy (S(l,l+1)

t > τhigh), we completely bypass computa-
tions for p(l+1)

t , reducing the inference cost.
Adaptive Layer Pruning Strategy. Rather than apply-
ing uniform layer pruning across all timesteps, we intro-
duce an adaptive pruning mechanism that considers tempo-
ral feature dynamics. Specifically, we track the cumulative
feature variation across previous timesteps:

Vt =

k∑
i=0

∥pt − pt−i∥1. (11)

If Vt is below a threshold δlow, indicating that the diffusion
process is carefully refining rather than radically transform-
ing content, we increase the layer pruning probability across
all redundant layers. Conversely, if Vt exceeds δhigh, mean-
ing that drastic changes are actively occurring, we reduce
layer pruning to maintain information flow.
Joint Optimization with Quantization and Caching.
The integration of Structural Redundancy-Aware Prun-
ing (SRAP) with our existing quantization and caching
strategies creates a three-tier compute optimization frame-
work: (1) Hierarchical Latent Caching eliminates re-
dundant computations across timesteps. (2) Adaptive
Importance-Guided Quantization dynamically reduces nu-
merical precision based on feature sensitivity. (3) Struc-
tural Redundancy-Aware Pruning selectively prunes layers
within a timestep to prevent unnecessary overhead.

By holistically optimizing compute allocation across
layers and timesteps, our method significantly accelerates
DiT inference while preserving generative fidelity. This
marks a substantial step forward in efficient video diffusion
model and deployment for real-world applications.
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Method
Bit-width

(W/A)
Motion
Smooth.

BG.
Consist.

Subject
Consist.

Aesthetic
Quality

Imaging
Quality

Dynamic
Degree

Scene
Consist.

Overall
Consist.

Open-Sora [53] 16/16 98.42 96.44 95.20 60.07 59.66 33.33 41.72 26.89

Q-diffusion [23] 8/8 96.54 94.47 92.52 58.00 56.57 38.88 38.57 26.33
Q-DiT [2] 8/8 95.72 95.01 91.68 58.68 56.54 38.88 34.06 26.77
PTQ4DiT [46] 8/8 98.02 96.33 96.23 58.40 53.29 37.50 36.36 25.98
SmoothQuant [47] 8/8 98.09 94.47 92.49 58.79 58.29 38.88 38.61 26.33
Quarot [1] 8/8 97.09 95.34 90.00 55.96 56.34 37.50 37.55 26.09
ViDiT-Q [51] 8/8 98.28 96.15 95.16 59.89 59.47 34.72 40.26 26.74
QuantCache 8/8 98.52 96.12 94.62 58.57 55.94 31.94 36.92 26.97

Q-DiT [2] 4/8 99.88 97.33 96.50 31.14 21.83 2.77 0.00 5.11
PTQ4DiT [46] 4/8 94.62 98.50 98.69 32.76 35.57 5.56 3.75 11.76
SmoothQuant [47] 4/8 96.69 94.66 97.85 46.67 44.01 12.50 27.82 18.72
Quarot [1] 4/8 94.63 94.55 99.70 46.04 41.46 37.50 29.94 18.91
ViDiT-Q [51] 4/8 97.82 95.54 93.55 58.23 57.21 33.33 38.12 26.61
QuantCache 4/6 98.57 96.34 94.56 58.63 55.94 34.72 39.39 26.77

Table 1. Performance comparison of various methods on VBench [12, 13]. The bit-width “16” refers to FP16 without quantization, while
QuantCache-4/6 represents the version with adaptive importance-guided quantization. Due to failure to generate readable content, Q-
diffusion for W4A8 is omitted. Notably, QuantCache-4/6 shows negligible loss in quality metrics compared to the baseline Open-Sora.

Method Bit-width CLIPSIM CLIP- VQA- VQA-
(W/A) Temp Aesthetic Technical

Open-Sora [53] 16/16 0.1842 0.9983 62.58 50.18

Q-DiT [2] 8/8 0.1833 0.9972 60.24 34.78
PTQ4DiT [46] 8/8 0.1882 0.9986 53.85 53.03
SmoothQuant [47] 8/8 0.2000 0.9981 59.01 51.24
Quarot [1] 8/8 0.1990 0.9971 57.97 51.99
ViDiT-Q [51] 8/8 0.1999 0.9986 59.91 54.34
QuantCache 8/8 0.1925 0.9989 60.19 52.39

Q-DiT [2] 4/8 0.1729 0.9828 0.01 0.02
PTQ4DiT [46] 4/8 0.1778 0.9968 2.18 0.32
SmoothQuant [47] 4/8 0.1878 0.9978 90.77 22.72
Quarot [1] 4/8 0.1863 0.9960 46.75 32.95
ViDiT-Q [51] 4/8 0.1854 0.9984 59.84 49.11
QuantCache 4/6 0.1904 0.9981 59.92 49.14

Table 2. Performance comparison of various methods on CLIP
and Dover. The bit-width “16” refers to FP16 without quantiza-
tion, while QuantCache-4/6 represents the version with adaptive
importance-guided quantization.

4. Experiment
4.1. Experiment Settings
We evaluate the effectiveness of QuantCache on Open-
Sora1.2 [53], exploring different bit-width configurations
and acceleration strategies. The videos are generated with
100 timesteps. More comprehensive discussion of imple-
mentation details are provided in supplementary materials.
Quantization Scheme. We employ a uniform min-max
quantization with per-channel weight and dynamic per-
layer activation quantization. The activation quantization
parameters are computed online with minimal computa-
tional overhead, ensuring adaptability across varying fea-
ture distributions. Our mixed-precision weight quantization
is determined offline using a small calibration dataset, bal-
ancing numerical efficiency with generation quality.

Evaluation Settings. We evaluate the performance of
QuantCache using the VBench benchmark suite [12, 13],
which provides a comprehensive set of evaluation metrics.
In alignment with prior works [39, 51] , we select 8 key
evaluation dimensions from VBench to ensure a thorough
assessment. Furthermore, we adopt CLIP used in [32] and
Dover [45] and benchmarks, chosen based on their rele-
vance to our experimental objectives. Specifically, we use
CLIPSIM and CLIP-Temp to measure the alignment be-
tween text and video, as well as to assess temporal seman-
tic consistency. Additionally, we utilize DOVER for video
quality assessment, which evaluates the generation quality
from both aesthetic perspectives and technical metrics.
Hardware Implementation. To efficiently implement
QuantCache in hardware, we developed optimized GEMM
CUDA kernels that handle both quantization and caching
mechanisms, resulting in better resource utilization and im-
proved inference speed. Inspired by [29, 47, 51], we absorb
the scaling-based channel balancing factors into the pre-
ceding layers offline to enhance computational efficiency.
Additionally, we apply kernel fusion, which combines the
quantization process with rotation transformations, while
leveraging intermediate feature caching. The optimized
CUDA kernels effectively reduce the computational cost
of QuantCache, achieving a 6.72× speedup on a single
NVIDIA A800-80GB GPU with CUDA 12.1.

4.2. Main Results
Tables 1 and 2, demonstrate the significant improvements
achieved by QuantCache, over other SOTA methods.
VBench Quality Comparison. First, we analyze the
quality of the generated video frames using VBench [12,
13] (Tab. 1). In terms of bit-width, QuantCache oper-
ates with bit-widths of 8/8 and 4/6 for weights and acti-
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Methods Motion Smooth. BG. Consist. Subject Consist. Aesthetic Quality Imaging Quality Speedup
HLC AIGQ SRAP

- - - 99.29 98.10 97.74 63.09 59.37 1.00×
✓ - - 99.21 97.59 97.65 62.09 58.28 4.12×
✓ ✓ - 99.16 97.62 97.62 61.61 55.68 6.33×
✓ ✓ ✓ 98.91 96.19 97.29 61.39 55.64 6.72×

Table 3. Ablation studies. Evaluation on motion smoothness, background consistency, subject consistency, aesthetic quality, imaging qual-
ity, and speedup demonstrates the proposed HLC, AIGQ, and SRAP achieve significant speedup with minimal performance degradation.

vations, comparable to other methods like Q-diffusion [23],
Q-DiT [2], PTQ4DiT [46], and SmoothQuant [47]. Specif-
ically, for the 8/8 bit-width setting, QuantCache achieves
strong performance, with only minor reductions compared
to the baseline Open-Sora [53] model. In the 4/8 bit-width
setup, Q-DiT and PTQ4DiT struggle to maintain content
quality. In the more challenging 4/6 bit-width configura-
tion, QuantCache still outperforms other methods with 4/8
bit-width, showing the model’s robustness across different
precision settings.
CLIP and Dover Quality Comparison. Table 2 demon-
strates the generated outputs using CLIP and Dover met-
rics, including CLIPSIM, CLIP-Temp, and two VQA tasks:
Aesthetic and Technical. QuantCache achieves a higher
aesthetic and technical score in both the 8/8 and 4/6 bit-
width configurations, demonstrating its ability to generate
high-quality video content even with reduced bit-widths.
For more detailed comparisons across additional prompts,
please refer to the supplementary file.

4.3. Ablation Studies
We present ablation studies in Tab. 3 to evaluate the contri-
bution of different components in our proposed framework.
We use the Open-Sora [53] prompt sets for video genera-
tion and select five representative evaluation metrics from
VBench [12, 13] for performance assessment. We begin
by evaluating the baseline configuration, where no enhance-
ments are applied, providing a reference point for assessing
the impact of each technique.
Evaluation of HLC. As shown in Tab. 3, enabling HLC
improves efficiency by reducing redundant timesteps, re-
sulting in a notable speedup of 4.12×. Quality metrics show
minimal degradation, with only slight reductions observed
in comparison to the baseline.
Evaluation of AIGQ. Next, we incorporate AIGQ along-
side HLC. The dynamic allocation of precision to weights
and activations based on their importance further refines the
model’s performance, leading to a higher speedup of 6.33×
with negligible visual degradation.
Evaluation of SRAP and Full Model. We evaluate the
full model, where SRAP selectively prunes redundant lay-
ers to contribute to further acceleration. The complete im-
plementation of QuantCache achieves a speedup of 6.72×.
Despite slight quality loss, this configuration provides the
best trade-off between efficiency and generation quality.

Method Bitwidth (W/A) Cache Speedup

Open-Sora [53] 16/16 - 1.00 ×
T-Gate [49] 16/16 ✓ 1.10 ×
PAB [52] 16/16 ✓ 1.34 ×
ViDiT-Q [51] 8/8 - 1.71 ×
AdaCache-slow [15] 16/16 ✓ 1.46 ×
AdaCache-fast [15] 16/16 ✓ 2.24 ×
QuantCache 4/6 ✓ 6.72 ×

Table 4. Speedup performance comparison of various methods,
including the impact of bitwidth and cache on their performance.

4.4. Speedup Performance
As shown in Tab. 4, T-Gate [49], PAB [52], ViDiT-Q [51],
and AdaCache [15] provide more efficient solutions com-
pared to the baseline Open-Sora [53]. The speedup for
these methods ranges from 1.10× (for T-Gate) to 2.24×
(for AdaCache-fast), while QuantCache achieves a remark-
able speedup of 6.72×, significantly surpassing all other
methods while maintaining high generation quality. This
substantial improvement is attributed to our low bit-width
quantization and sophisticated caching strategies.
CUDA Acceleration. A key factor in QuantCache’s
superior performance lies in its ability to balance low bit-
width quantization with caching, incorporating kernel fu-
sion techniques in our CUDA implementation for enhanced
computational efficiency. These kernels integrate quantiza-
tion with rotation transformations and intermediate feature
caching. QuantCache maximizes GPU resource utilization,
resulting in both faster computation and lower latency, mak-
ing it particularly well-suited for efficient video generation.

5. Conclusion
We propose a joint optimization framework that integrates
hierarchical latent caching, adaptive importance-guided
quantization, and structural redundancy-aware pruning to
accelerate Diffusion Transformers (DiTs) for video gen-
eration. By adaptively reusing cached features, adjusting
bit-widths based on content sensitivity, and pruning redun-
dant layers, our method achieves efficient inference while
maintaining high generation quality. Our approach achieves
a 6.72× speedup on Open-Sora with minimal degradation
in generation quality. We believe QuantCache provides a
scalable and efficient solution for accelerating DiTs, mak-
ing high-fidelity video generation more accessible for real-
world and resource-constrained applications.
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