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Abstract. The adoption of powerful diffusion models is hindered by
their significant inference latency. Recent “cache-then-forecast” schemes
alleviate this issue by accelerating DiTs using derivative-based polynomi-
als, but they suffer from severe quality degradation at high acceleration
ratios. Our analysis reveals its root cause: the discrete extrapolation per-
formed on representations that are misaligned with the continuous diffu-
sion trajectory and are numerically unstable. Thus, accelerated DiTs suf-
fer from accumulated spatial errors, noisy derivative amplification, and
high-order instability. We therefore reformulate accelerated inference as
stable macro-trajectory extrapolation in ordinary differential equation
(ODE) space. Instead of predicting intermediate features, we align fore-
casting with the model’s Global Drift (GD), i.e., the end-to-end state
evolution, thereby eliminating feature inconsistency and memory over-
head. However, even this smooth macro-trajectory remains vulnerable
to the derivative fallacy: its higher-order temporal derivatives are intrin-
sically noisy. Thus, we introduce a derivative-free barycentric Lagrange
extrapolator to effectively bypass derivative instability and approxima-
tion error. We further propose a bounded Phase Mapping that regu-
larizes the extrapolation domain, suppressing oscillatory error growth.
These elements collectively constitute ResilPhase, a noise-resilient ac-
celeration framework. Experiments on FLUX.1-dev and HunyuanVideo
demonstrate state-of-the-art fidelity under aggressive acceleration ratios.
Code is publicly available at https://github.com/zqc214/ResilPhase.
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1 Introduction

Diffusion Transformers (DiTs) [11, 33] have become the gold standard for high-
fidelity visual generation [1, 30, 32, 35, 41, 45, 46, 50, 56], because of their scalable
architecture. However, their performance is achieved through an iterative denois-
ing process, requiring tens to hundreds of sequential forward steps that can not
be parallelized. This has become a significant latency bottleneck that obstructs
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real-time and large-scale deployment of DiTs. FLUX.1-dev takes 23.69 seconds
to generate an image on an A100 graphics card.

To address this latency bottleneck, recent training-free acceleration efforts
have evolved from passive “cache-then-reuse” paradigms [19,24,31,44] to “cache-
then-forecast” approaches [3, 25, 26, 55] that employ polynomials to predict fea-
ture trajectories. However, this prevailing paradigm suffers from severe quality
degradation at high acceleration ratios. We argue this failure stems from a single
root cause: discrete extrapolation is performed on intermediate representations
misaligned with the continuous diffusion trajectory and numerically unstable.
This root cause manifests in three intertwined limitations.

First, from a spatial perspective, most methods rely on a computationally in-
tensive layer-wise paradigm. Fitting polynomials to highly erratic micro-features
within Transformer blocks cascades errors across the network depth, incurring
massive memory overhead. While directly forecasting absolute outputs (e.g.,
FreqCa [23]) bypasses this, as highlighted by ∆-DiT [4], it discards highly cor-
related input priors, restricting prediction fidelity bounds. Conversely, meth-
ods reusing residual displacements (e.g., ∆-DiT [4]) remain trapped in local-
ized micro-updates, missing macroscopic continuous dynamics. Thus, existing
paradigms lack an end-to-end target that simultaneously preserves input priors
and aligns strictly with the ODE vector field.
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Fig. 1: Suppressing numerical instability via
Phase Mapping. (a) Standard trajectory extrap-
olation on uniform timesteps suffers from Runge’s
phenomenon, causing chaotic edge oscillations. (b)
Our method maps discrete steps to a bounded phase
space, minimizing the error bound for a stable fit.

Second, from a tempo-
ral perspective, current fore-
casting methods (e.g., Tay-
lorSeer [25] and HiCache [7])
rely exclusively on derivative-
based approximations. They
critically overlook the mathe-
matical nature of the dynamic
trajectory: while the macro-
trajectory itself is smooth, its
higher-order derivatives over
time are intrinsically chaotic
(as shown in Fig. 2(b)).
Estimating these derivatives
via finite differences exponen-
tially amplifies the noise.

Third, from a numerical approximation standpoint, performing polynomial
extrapolation over uniform, discrete time steps inherently triggers Runge’s phe-
nomenon. This numerical instability causes the extrapolation error bound to
grow uncontrollably at the interval edges, inevitably leading to catastrophic
quality degradation at aggressive acceleration ratios.

To overcome these intertwined bottlenecks, we propose ResilPhase, a noise-
resilient acceleration framework explicitly addressing the spatial, temporal, and
numerical limitations of existing paradigms. First, to resolve spatial cascading
errors inherent in layer-wise forecasting, ResilPhase shifts the prediction objec-
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(a) Global Drift Trajectory(Ours) (b) Finite Difference Trajectory (c) Prediction Error vs. Interval N

Fig. 2: Effectiveness of the derivative-free prediction strategy. Unlike (a) our
smooth global macro-trajectory, (b) the finite-difference derivative trajectory used by
prior methods is intrinsically chaotic. Applying polynomial extrapolation to such un-
stable dynamics causes severe prediction deviations. As shown in (c), evaluating pure
mathematical predictors reveals that our derivative-free Lagrange extrapolator main-
tains significantly lower L1 relative error across varying extrapolation intervals (N)
than derivative-based solvers (Taylor, Hermite).

tive to the network’s macroscopic dynamic evolution. We propose ODE-Aligned
Macro-Trajectory Targeting, formulating the prediction target as the Global
Drift (GD): the end-to-end state displacement between the model’s final output
and initial input. Unlike layer-wise approaches fitting highly oscillatory micro-
signals within Transformer blocks, forecasting the GD aligns the extrapolator
with the continuous probability flow ODE. This paradigm shift eliminates the
memory overhead of caching block features and strictly severs error accumulation
across network layers.

While predicting the GD yields a smooth macro-trajectory ideal for fore-
casting (Fig. 2(a)), it paradoxically amplifies the weakness of derivative-based
methods. Like layer-wise micro-features, the GD’s higher-order temporal deriva-
tives remain intrinsically chaotic. Applying derivative-based solvers like Tay-
lor or Hermite to such noisy signals causes divergent predictions. Furthermore,
finite-difference estimation of these derivatives across discrete steps introduces
compounding approximation errors. To avoid this, we propose a derivative-free
extrapolator inspired by Lagrange interpolation. Avoiding the standard O(N2)
formulation, we develop a barycentric prediction scheme caching and reusing
weights. This reduces complexity to O(N) while eliminating derivative noise. As
a purely mathematical predictor, our approach achieves significantly lower and
more stable error across extrapolation intervals than prior solvers (Fig. 2(c)).

Even with a robust derivative-free formulation, polynomial extrapolation
over uniform discrete time steps remains susceptible to Runge’s phenomenon.
As shown in Fig. 1(a), this numerical instability causes severe edge oscillations;
ResilPhase is the first work to identify this as a critical bottleneck in diffu-
sion acceleration. To address this, we introduce a plug-and-play Phase Mapping
mechanism (Fig. 1(b)). As the first theoretically grounded technique to remap
the discrete temporal extrapolation domain, we bridge classical numerical analy-
sis and diffusion acceleration by utilizing Chebyshev nodes to project linear time
steps (t) into a bounded phase domain (s), achieving optimal stability for class-
conditional generation. Furthermore, we propose a data-driven Balanced Map-
ping tailored to complex text-to-image and video tasks. By performing extrapo-
lation within this bounded continuous space, our mappings effectively transform
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a divergent numerical issue into a highly stable prediction, strictly minimizing
the mathematical upper bound of the extrapolation error.

To summarize, our primary contributions are as follows:

– We propose ODE-Aligned Macro-Trajectory Targeting. By forecasting the
model’s Global Drift (GD) rather than layer-wise features, we strictly sever
spatial cascading errors, align with the continuous diffusion ODE, and elim-
inate heavy memory overhead.

– We introduce a noise-resilient, derivative-free Barycentric Lagrange extrapo-
lator. This O(N) framework perfectly synergizes with the GD by completely
bypassing the inherent noise and chaotic high-order derivatives of finite-
difference approximations.

– We design a plug-and-play Phase Mapping mechanism. By non-linearly pro-
jecting discrete time steps into a bounded phase space, it regularizes the
extrapolation domain to suppress oscillatory error growth, strictly minimiz-
ing the polynomial extrapolation error bound.

– Extensive experiments show ResilPhase achieves ∼5× speedups on FLUX.1-
dev and HunyuanVideo while maintaining highly competitive fidelity. Fur-
thermore, Phase Mapping acts as a plug-and-play stabilizer, mitigating ex-
trapolation errors in existing derivative-based accelerators.

2 Related Work

2.1 Diffusion Transformers and Traditional Acceleration

Diffusion Transformers (DiTs) achieve high-fidelity generation through a sequen-
tial noise-reversal process, which fundamentally imposes a severe inference la-
tency bottleneck. To mitigate this, early acceleration efforts primarily focused
on model compression, such as network pruning [6,13,14,16,49,62] and quantiza-
tion [8,15,17,20,40,59], or step reduction via efficient solvers [28,29,47,52,53,60]
and knowledge distillation [5, 21, 38, 42, 58, 61]. However, these approaches typi-
cally demand computationally expensive retraining to recover generation quality
and often rely on complex algorithmic designs. This reliance fundamentally lim-
its their plug-and-play generality, driving recent research toward more flexible,
training-free acceleration paradigms.

2.2 Acceleration Based on Feature Caching

Feature caching, the main training-free diffusion acceleration strategy, evolved
from passively reusing temporal features (DeepCache [31], FORA [39], ∆-DiT [4],
TeaCache [22], ToCa [63]) to actively predicting them (TaylorSeer [25], FoCa [55],
HiCache [7], SpeCa [26], ClusCa [57], FreqCa [23]). While recent methods like Di-
Cache [2] dynamically adjust caching intervals, these predictive approaches share
critical limitations. Spatially, layer-wise forecasting incurs memory overhead and
amplifies micro-feature errors across network depth. Temporally, these methods
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Fig. 3: The ResilPhase acceleration framework. (a) We shift from layer-wise features
to the ODE-aligned Global Drift (GD), the end-to-end state displacement. (b) Phase
Mapping non-linearly projects discrete time steps into a bounded phase space via
Chebyshev (CM) or Balanced (BM) to suppress numerical instability. (c) The pipeline
runs full computations every N steps, while our derivative-free Barycentric Lagrange
extrapolator of order m estimates the GD for intermediate steps.

implicitly assume smooth high-order derivatives, relying on finite-difference ap-
proximations. However, approaches using Taylor series [25,26], Hermite polyno-
mials [7,23], or ODE-based forecasting [55] encounter a mathematical bottleneck:
while the macro-trajectory is smooth, its temporal derivatives remain intrinsi-
cally chaotic. Consequently, applying derivative-based forecasting to these noisy
signals makes predictions susceptible to numerical instabilities like Runge’s phe-
nomenon, restricting maximum acceleration and robustness.

3 Methodology

3.1 Preliminaries and the Derivative-Induced Instability

Diffusion Transformers (DiT) A DiT model functions as a learnable velocity
field in a probability flow ODE. It consists of a stack of L Transformer blocks.
We denote the transformation of the l-th block as gl, where l ∈ {1, . . . , L}. For
the input latent state xt at timestep t and condition c, the end-to-end mapping
is a composition of these blocks: G(xt, c) = gL(gL−1(. . . g1(xt, c) . . . )). Thus, the
input (xt, c) is transformed into the final output velocity (or noise prediction)
through this complete process G.

Predictive Caching for Acceleration. To reduce inference latency, pre-
dictive caching uses a sparse schedule. Given an acceleration rate N , full forward
passes occur only at anchor timesteps (e.g., t, t−N, . . . ). For intermediate steps,
computations are skipped and features are estimated via a lightweight predictor.
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Conventionally, this prediction is layer-wise. Let F (xl
t) denote the feature out-

put of layer l at timestep t. Existing methods (e.g., TaylorSeer [25], SpeCa [26])
assume smooth feature trajectories and employ polynomial expansions (like Tay-
lor series) for forecasting:

Fpred,m(xl
t−k) = F (xl

t) +

m∑
i=1

∆iF (xl
t)

i!
(−k)i, (1)

where ∆iF is the i-th order finite difference derivative approximation.
The Derivative-Induced Instability. Applying Equation (1) to discrete

diffusion dynamics is inherently unstable. While feature values are smooth, their
finite-difference derivatives (∆iF ) are dominated by chaos (Fig. 2). Because finite
differences act as high-pass filters that exponentially amplify noise, derivative-
based solvers (including Hermite splines [7]) inherently destabilize trajectory
reconstruction. This necessitates our derivative-free paradigm.

3.2 The ResilPhase Framework

To bypass derivative instability, we adopt a derivative-free approach. For m+ 1
historical data points {(t0, F0), . . . , (tm, Fm)}, the unique degree-m interpolation
polynomial P (t) is:

P (t) =

m∑
j=0

FjLj(t). (2)

ResilPhase (Fig. 3) makes two choices. First, the target Fj is the Global Drift,
replacing erratic layer-wise features with a smooth macro-trajectory. Second, we
stabilize the basis Lj via Barycentric Interpolation and Phase Mapping. This
enables accurate extrapolation every N steps without gradient noise.

3.3 ODE-Aligned Macro-Trajectory Targeting

Previous caching-based acceleration methods rely on layer-wise prediction. How-
ever, from a dynamic systems perspective, forcing polynomials to fit highly non-
linear, erratic micro-features within individual Transformer blocks causes pre-
diction errors to cascade across the network depth.

The Spatial Cascading Error of Layer-wise Forecasting. Let xl−1
t be

the latent input to the l-th Transformer block at timestep t. In a DiT block, the
exact forward computation updates the hidden state via residual connections
across the self-attention (fattn,l) and MLP (fmlp,l) modules. For mathematical
simplicity, we group the sum of these residual updates at layer l into a single
function fl, meaning the exact transformation is xl

t = xl−1
t + fl(x

l−1
t ). During a

skipped step, layer-wise methods must approximate these internal updates via
a polynomial predictor Pl, yielding the estimated feature:

x̂l
t = x̂l−1

t + Pl(x̂
l−1
t ). (3)

Let el = ∥Pl(x̂
l−1
t )−fl(x̂

l−1
t )∥ and El = ∥x̂l

t−xl
t∥ denote the local prediction

error and the total accumulated state error up to layer l, respectively. Assuming
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the transformation fl is Lipschitz continuous with constant Lf , we bound the
accumulated error via the triangle inequality:

El = ||(x̂l−1
t + Pl(x̂

l−1
t ))− (xl−1

t + fl(x
l−1
t ))||

≤ ||x̂l−1
t − xl−1

t ||+ ||Pl(x̂
l−1
t )− fl(x̂

l−1
t )||+ ||fl(x̂l−1

t )− fl(x
l−1
t )||

≤ El−1 + el + LfEl−1 = (1 + Lf )El−1 + el.

(4)

Solving this recurrence relation from the first layer l = 1 to the final layer L
(noting that the input is exact, thus E0 = 0), the total spatial cascading error
is bounded by:

EL ≤
L∑

l=1

(1 + Lf )
L−lel. (5)

This rigorous mathematical bound reveals a fundamental flaw in existing
paradigms: spatial prediction errors amplify exponentially across the network
depth L. Fitting high-frequency micro-features at each intermediate layer merely
exacerbates the local error el, driving the total divergence EL uncontrollably high
at aggressive acceleration ratios.

Formulating the Global Drift. To fundamentally sever this spatial er-
ror accumulation, we must elevate the prediction objective from intermediate
micro-features to the macroscopic evolution of the ODE. We define the Global
Drift (GD), denoted as D(xt), as the end-to-end state displacement between the
model’s final output G(xt) and its initial input xt:

D(xt) = G(xt)− xt. (6)

Instead of predicting L distinct layer updates, a single macro-predictor Pmacro
forecasts this trajectory during skipped steps, yielding D̂(xt). The final output
is reconstructed via addition: Ĝ(xt) = xt + D̂(xt).

Mathematically, the approximation error of our macro-trajectory framework
is strictly determined by a single term:

Emacro = ||Ĝ(xt)−G(xt)|| = ||D̂(xt)−D(xt)|| = emacro. (7)

By treating the entire DiT stack as a unified probability flow step, we com-
pletely bypass the cascading recurrence relation. The error bound is decoupled
from the network depth L, successfully reducing the spatial error accumulation
from O((1 + Lf )

L) to O(1).
While the GD formulation successfully eliminates spatial error amplification,

forecasting this macro-trajectory with derivative-based solvers remains vulner-
able to the chaotic noise highlighted in Section 3.1. This necessitates a robust,
derivative-free extrapolation framework, which we introduce next.

3.4 Derivative-Free Barycentric Interpolation

To circumvent the catastrophic noise amplification inherent in derivative-based
solvers as highlighted in the Derivative Paradox, we strictly ground our frame-
work in a derivative-free approach. We define our target feature value Fj as
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the fully computed Global Drift D(xt) at historical timestep tj . A straightfor-
ward yet effective formulation of the interpolation polynomial P (t) relies on the
classical Lagrange basis polynomials Lj , where

Lj(t) =

m∏
k=0,k ̸=j

t− tk
tj − tk

. (8)

However, the standard Lagrange formula is computationally expensive with
a computational complexity of O(m2). To address this issue, we adopt a more
stable and efficient variant: the Barycentric Lagrange Interpolation Formula:

P (t) =

∑m
j=0

wj

t−tj
Fj∑m

j=0
wj

t−tj

, (9)

where wj =
1∏m

k=0,k ̸=j(tj − tk)
. (10)

In this formulation, the barycentric weights wj depend only on the relative
positions of the interpolation nodes {tj}, not the target feature values {Fj}. This
pivotal property allows the weights to be precomputed and cached during the full
computation steps, making them readily available for all subsequent predictions.
Thus, the complexity can be reduced to O(m).

3.5 Phase Mapping for Prediction Stability

While the barycentric extrapolator isolates gradient noise, applying polynomial
extrapolation over uniform discrete timesteps triggers severe numerical instabil-
ity. This classic issue, Runge’s phenomenon, causes uncontrollable edge oscil-
lations that degrade fidelity at high acceleration ratios. To suppress this error
growth, we introduce a plug-and-play Phase Mapping mechanism (Fig. 3(b)).

The Source of Numerical Instability. To understand this instability
mathematically, we examine the error term for Lagrange interpolation. For a
function F (t) that is m + 1 times differentiable, there exists a real number
ξ ∈ [tmin, tmax] such that the error E(t) = F (t) − P (t) of its degree-m poly-
nomial interpolation P (t) is:

E(t) =
F (m+1)(ξ)

(m+ 1)!

m∏
j=0

(t− tj), (11)

where tjs are time steps used for interpolation. There are two independent com-
ponents of this function: Dm+1 = F (m+1)(ξ)

(m+1)! , and e(t) =
∏m

j=0(t− tj).
Because the Dm+1 term is an inherent property of the DiT model and cannot

be modified, the only way to reduce the total error E(t) is by minimizing the
node-dependent term e(t). We achieve this by remapping the uniformly spaced
time steps tj to a new, non-uniform distribution of nodes sj (i.e., a mapping of
t → s). Based on the properties of DiTs, we propose two such mapping techniques
suitable for different tasks: Chebyshev Mapping and Balanced Mapping.
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Chebyshev Mapping For a given set of m+1 recent, fully computed timesteps
{t0, . . . , tm}, we generate the corresponding Chebyshev nodes {sk} as follows:

sk = cos

(
(2k + 1)π

2(m+ 1)

)
, for k = 0, . . . ,m. (12)

However, this formula only prescribes the discrete nodes {sk} for known timesteps
and is not a continuous function applicable to an arbitrary ttarget. To extrapo-
late the phase coordinate starget for a target step ttarget < tm, we employ stable
linear extrapolation using the two most recent points:

starget = sm +
sm − sm−1

tm − tm−1
(ttarget − tm). (13)

Balanced Mapping While the fixed structure of Chebyshev nodes effectively
bounds the error space, its predetermined nature lacks the flexibility to dynami-
cally adjust to varying temporal distributions encountered during highly complex
text-conditioned tasks. To provide a more robust and adaptable phase transfor-
mation, we propose a novel, data-driven mechanism called Balanced Mapping.

Unlike Chebyshev mapping, this adaptive strategy process begins by analyz-
ing the current set of m+ 1 fully computed timesteps {tj}mj=0 to compute their
mean µt and maximum absolute deviation dmax = maxj |tj − µt|.

The complete non-linear mapping is then given by:

s = tanh

(
α · t− µt

dmax

)
, (14)

where α > 0 is a configurable hyperparameter. This data-driven transforma-
tion dynamically confines mapped coordinates via a hyperbolic tangent function,
adapting to the spread of recent timesteps. Although α enables fine-grained con-
trol, a default α = 0.55 consistently ensures robust performance across diverse
settings. Ultimately, Balanced Mapping delivers a resilient, plug-and-play ex-
trapolation domain robust to numerical outliers.

Error Analysis We quantitatively compare the node-dependent error bound,
maxt |e(t)|, with and without phase mapping.

Without Phase Mapping. Without phase mapping, the maximum value of the
interpolation error polynomial is:

|eori(ttarget)| =
m∏
j=0

|ttarget − tj |

≤ |eori(tm −N + 1)| =
m∏
j=0

|(m− j + 1)N − 1|. (15)
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Chebyshev Mapping. With Chebyshev mapping, the corresponding error poly-
nomial is given by:

e(s) =

m∏
j=0

(s− sj). (16)

The point of maximum error still corresponds to the physical time ttarget =
tm−N+1, which is mapped to the coordinate starget in the phase space. Although
the extrapolated target coordinate starget slightly exceeds the interval (−1, 1), it
maintains a mathematically bounded distance to the historical Chebyshev nodes.
By algebraically mapping the physical time differences into the phase space, we
derive the rigorous upper bound for the error polynomial’s magnitude:

|echeby(starget)| ≤
m∏
j=0

∣∣∣∣2(m− j + 1)− 2

N

∣∣∣∣ . (17)

Balanced Mapping. Similar to Chebyshev Mapping, we have:

|ebal(starget)| ≤
m∏
j=0

|Tbal|, (18)

where Tbal =
sinh( 2α(N−1)

mN )
cosh(α)·cosh(α 2−mN−2N

mN )
+ 2(m− j).

Comparative Analysis. We now compare the three error bounds. Let us define
a function f(N, j,m) as the difference between the terms inside the products.
The difference between no mapping and Chebyshev Node Mapping is:

f(N, j,m) = (m− j)(N − 2) +N +
2

N
− 3. (19)

In our acceleration task, constraints are N ≥ 2 and m − j > 0. As f(N, j,m)
increases monotonically with N ≥ 2, it follows that f(N, j,m) > 0. This demon-
strates that Chebyshev Mapping significantly reduces the polynomial’s error
upper bound. A similar analysis shows Balanced Mapping also lowers the error
bound versus the no-mapping baseline.

When comparing the two mapping schemes, extensive empirical evaluations
reveal a distinct, task-dependent superiority. Specifically, Chebyshev Mapping
proves to be highly effective for class-conditional image generation tasks. In
contrast, for highly complex, text-conditioned generation tasks such as text-to-
image and text-to-video, our novel Balanced Mapping consistently demonstrates
a clear advantage in preserving semantic alignment and visual fidelity.

3.6 Methodology Summary

In conclusion, ResilPhase integrates three core components to construct a noise-
resilient acceleration framework: (1) targeting the ODE-aligned Global Drift
to bypass spatial cascading errors; (2) a derivative-free Barycentric Lagrange
Interpolator to eliminate temporal gradient noise; and (3) a bounded Phase
Mapping mechanism to suppress numerical extrapolation instability.



ResilPhase 11

The final predicted macro-trajectory displacement is formulated as:

D̂(xpred) = P (spred) =

∑m
j=0

wj

spred−sj
Dj∑m

j=0
wj

spred−sj

. (20)

Ultimately, ResilPhase delivers remarkably stable, high-fidelity extrapola-
tions across diverse generative tasks, maintaining exceptional generation quality
even under extreme acceleration regimes.

4 Experiments

4.1 Settings

Model Configurations. We evaluate four mainstream models using a 50-
step sampling schedule for fair comparison. For text-to-image, we use FLUX.1-
dev [18] with the Rectified Flow [27] sampler and SDXL-base-1.0 [34]. For text-
to-video, we use HunyuanVideo-Large [43]. For class-conditional generation, we
employ DiT-XL/2 [33] with DDIM [41]. Detailed settings and SDXL analyses
are in the Supplementary Material.

Evaluation. We evaluate across three tasks. For the text-to-image task,
we use 200 DrawBench [37] prompts, assessing quality and alignment with Im-
ageReward [51] and CLIP Score [9]. For the text-to-video task, we use 946
prompts, evaluating on 16 core dimensions. For both tasks, we also report PSNR,
SSIM [48], and LPIPS [54] for fidelity against original results. For the class-
conditional task, we generate images from 1,000 ImageNet [36] categories and
evaluate using FID-50k [10], sFID, and Inception Score (IS). Further details are
in the supplementary material.

4.2 Text-to-Image Generation

FLUX.1
×1.00

ResilPhase
×4.17

“A cinematic 
shot of Iron Man 

landing on a 
rooftop.”

“A whale 
breaches under 
the aurora, near 
glaciers and a 
distant ship.”

TaylorSeer
×3.96

ClusCa
×4.00

ToCa
×2.37

Teacache
×4.07

FORA
×4.16

“Monkey D. 
Luffy on the 

prow of his ship, 
iconic manga 

style.”

“A vibrant coral 
reef teeming 

with tiny, 
colorful tropical 

fish.”

Fig. 4: Qualitative comparison on FLUX.1-dev.
While baseline methods suffer from visual artifacts
and semantic errors at high speedup ratios, Resil-
Phase preserves both high fidelity and prompt accu-
racy, showing its superiority.

As shown in Tab. 1, Re-
silPhase consistently outper-
forms competitors in both
speed and generation qual-
ity, with its advantage widen-
ing at higher acceleration ra-
tios. Notably, at an aggressive
4.97x speedup on FLUX.1-
dev, ResilPhase maintains an
exceptional ImageReward of
1.0258, delivering a > 64%
improvement over the lead-
ing forecasting baseline Tay-
lorSeer (0.6241), alongside a
52% lower LPIPS score. This
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Table 1: Quantitative comparison of text-to-image generation for FLUX.1-
dev. Methods are compared at similar latency acceleration ratios across
three tiers of speedups to evaluate generation quality.

Method Acceleration ImageReward ↑ CLIP↑ PSNR↑ SSIM↑ LPIPS↓FLUX.1-dev Latency(s) ↓ Speed ↑ DrawBench Score

[dev]: 50 steps 23.69 1.00× 1.0804 32.711 - - -

[dev]: 11 steps 5.21 4.55× 0.9541 32.485 28.397 0.5939 0.5001
FORA (N = 6) [39] 5.20 4.56× 0.8468 32.178 28.230 0.5700 0.5405
TeaCache (l = 1.4) [22] 4.92 4.82× 0.7850 32.588 27.954 0.3837 0.8349
ToCa (N = 12, R = 90%) [63] 9.19 2.58× 0.7284 31.475 28.444 0.5380 0.5768
ClusCa (N = 12, O = 2) [57] 4.88 4.85× 0.4958 30.353 28.079 0.3724 0.7340
SpeCa (τ0 = 12, β = 0.3) [26] 4.96 4.78× 0.9798 32.571 28.366 0.5567 0.5324
PFDiff (K = 3, H = 3) [44] 5.82 4.07× 1.0386 32.816 28.671 0.6162 0.4670
HiCache (N = 11, O = 2) [7] 5.08 4.66× 0.8040 31.604 28.268 0.5261 0.5955
FreqCa (N = 6, O = 2) [23] 4.85 4.88× 1.0130 32.114 28.120 0.4023 0.6877
TaylorSeer (N = 11, O = 2) [25] 5.10 4.65× 0.6241 31.895 27.940 0.3014 0.8012
ResilPhase (N = 6, O = 1) 4.77 4.97× 1.0258 32.847 29.536 0.6655 0.3834

[dev]: 13 steps 6.11 3.88× 0.9821 32.586 28.498 0.6136 0.4682
FORA (N = 5) [39] 5.69 4.16× 0.9235 32.370 28.288 0.5694 0.5156
TeaCache (l = 1.0) [22] 5.82 4.07× 0.8518 32.750 27.960 0.3832 0.8253
ToCa (N = 10, R = 90%) [63] 10.00 2.37× 0.8867 32.038 28.601 0.5778 0.5176
ClusCa (N = 8, O = 2) [57] 5.92 4.00× 0.9913 32.410 28.430 0.5528 0.5310
SpeCa (τ0 = 8, β = 0.3) [26] 5.84 4.06× 1.0459 32.764 28.715 0.6176 0.4460
PFDiff (K = 3, H = 2) [44] 5.83 4.06× 1.0442 32.731 28.923 0.6481 0.4223
HiCache (N = 7, O = 2) [7] 5.96 3.97× 1.0079 32.622 28.705 0.6147 0.4542
FreqCa (N = 5, O = 2) [23] 5.76 4.11× 1.0496 32.716 28.132 0.4101 0.6835
TaylorSeer (N = 7, O = 2) [25] 5.98 3.96× 0.9406 32.657 28.049 0.3931 0.7119
ResilPhase (N = 5, O = 1) 5.68 4.17× 1.0591 32.901 29.556 0.7024 0.3342

[dev]: 15 steps 7.00 3.38× 1.0044 32.618 28.612 0.6345 0.4375
∆-DiT (N = 10) 7.60 3.12× 0.1164 30.369 28.157 0.5587 0.6408
FORA (N = 4) [39] 7.50 3.16× 0.9791 32.684 28.342 0.6078 0.4725
TeaCache (l = 0.7) [22] 7.44 3.18× 0.9536 32.794 27.961 0.3813 0.8176
ToCa (N = 8, R = 90%) [63] 10.78 2.20× 0.9537 32.490 28.786 0.5954 0.4764
ClusCa (N = 6, O = 2) [57] 6.77 3.50× 1.0429 32.795 28.813 0.6205 0.4384
SpeCa (τ0 = 4, β = 0.3) [26] 6.78 3.49× 1.0598 33.108 29.120 0.6662 0.3786
PFDiff (K = 2, H = 1) [44] 7.66 3.09× 1.0566 32.989 29.557 0.7030 0.3517
HiCache (N = 5, O = 2) [7] 7.34 3.23× 1.0438 32.898 29.240 0.6830 0.3568
FreqCa (N = 4, O = 2) [23] 6.74 3.51× 1.0457 33.041 28.146 0.4086 0.6850
TaylorSeer (N = 5, O = 2) [25] 7.41 3.20× 1.0566 32.811 29.132 0.6701 0.3757
ResilPhase (N = 4, O = 1) 6.62 3.58× 1.0647 32.874 30.020 0.7216 0.2989

– Note: ResilPhase results were obtained utilizing Balanced Mapping.

quantitative robustness translates directly to superior visual fidelity. As visually
confirmed in Fig. 4, while baseline methods suffer from severe distortions and
artifacts at extreme speedups, ResilPhase successfully preserves detailed struc-
tures and color accuracy, establishing a new state-of-the-art balance between
inference acceleration and exceptional image quality.

4.3 Text-to-Video Generation
As shown in Tab. 2, ResilPhase achieves the optimal speed-quality balance across
all acceleration levels. At an aggressive ∼5× speedup, it outperforms the SOTA
TeaCache with a higher VBench [12] score (79.78) and a 10% lower LPIPS, an
advantage that widens further at the ∼4.3× tier. These quantitative gains trans-
late directly to superior visual fidelity (Fig. 5). While competing methods suffer
from severe artifacts like object blur, incorrect scales, and distorted motions at
high speeds, ResilPhase consistently delivers smooth, temporally coherent videos
with crisp, semantically accurate details.
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Blurry objects and incorrect clock scale

“an orange and a clock” “A cute happy Corgi playing in park, 
sunset”

“A panda drinking coffee in a cafe 
in Paris by Hokusai, in the style of 

Ukiyo”

SpeCa
×4.65

Teacache
×4.62

ToCa
×4.86

ClusCa
×4.88

TaylorSeer
×4.63

ResilPhase
×4.98

Distorted dog and blurry image Missing details, ghosting, and blurriness

FORA
×4.87

Fig. 5: Qualitative comparison of text-to-video generation methods. While competing
methods suffer from object distortion, missing details, and motion inconsistency, Re-
silPhase maintains superior temporal coherence and visual quality.

Table 2: Quantitative comparison for
HunyuanVideo text-to-video
generation, grouped by two tiers of
similar latency acceleration ratio.
Method Speed ↑ PSNR ↑ SSIM ↑ LPIPS ↓ VBench ↑

50-steps 1.00× - - - 80.87

FORA (N = 6) 4.87× 15.871 0.6073 0.4584 78.70
TeaCache (l = 0.4) 4.62× 17.923 0.6547 0.3760 79.77
ToCa (N = 10, R = 90%) 4.86× 17.581 0.5857 0.4501 76.37
ClusCa (N = 9, O = 1) 4.88× 14.690 0.5353 0.5139 76.98
SpeCa (τ0 = 1.5, β = 0.2) 4.65× 16.461 0.5883 0.4219 79.59
TaylorSeer (N = 7, O = 1) 4.63× 15.520 0.5641 0.4581 79.07
ResilPhase (N = 6, O = 1) 4.98× 18.920 0.6709 0.3341 79.78

FORA (N = 4) 3.57× 16.582 0.6244 0.4010 80.10
TeaCache (l = 0.3) 4.01× 19.050 0.6846 0.3207 80.38
ToCa (N = 7, R = 90%) 4.09× 18.299 0.6246 0.3688 79.00
ClusCa (N = 6, O = 1) 4.05× 16.116 0.5881 0.4230 79.74
SpeCa (τ0 = 1.2, β = 0.1) 4.20× 16.488 0.5888 0.4198 79.77
TaylorSeer (N = 5, O = 1) 3.70× 17.117 0.6316 0.3690 80.27
ResilPhase (N = 5, O = 1) 4.28× 19.481 0.6992 0.2954 80.42

Table 3: Quantitative comparison
for DiT-XL/2 class-to-image
generation on ImageNet.
Method Speed ↑ FID ↓ sFID ↓ IS ↑

DDIM-50 steps 1.00× 2.367 4.387 236.06

DDIM-12 steps 4.20× 8.465 8.664 180.41
FORA (N = 8) 3.64× 16.694 23.396 128.08
ToCa (N = 12, R = 93%) 3.53× 34.110 30.341 85.51
ClusCa (N = 12,K = 4, O = 2) 3.84× 15.206 9.405 124.03
SpeCa (τ0 = 1.5, β = 0.5) 4.36× 6.866 8.250 171.68
TaylorSeer (N = 13, O = 2) 2.72× 15.415 16.005 120.76
ResilPhase (N = 5, O = 3) 4.41× 2.832 5.026 219.19

DDIM-20 steps 2.50× 3.858 5.201 216.76
FORA (N = 4) 2.60× 4.770 7.591 210.98
ToCa (N = 5, R = 93%) 2.67× 6.321 7.027 196.06
ClusCa (N = 6,K = 8, O = 4) 2.61× 3.251 5.207 217.60
SpeCa (τ0 = 0.1, β = 0.5) 2.65× 2.633 4.848 231.32
TaylorSeer (N = 8, O = 3) 2.14× 4.807 7.088 197.22
ResilPhase (N = 3, O = 4) 2.78× 2.347 4.672 233.57

4.4 Class-Conditional Image Generation

On DiT-XL/2, ResilPhase uniquely improves quality while accelerating. At a
2.78× speedup, it achieves an FID of 2.347, outperforming both the full 50-step
DDIM baseline (2.367) and the SOTA competitor ClusCa (3.251). Its robustness
shines at a 4.41× speedup, maintaining a low FID of 2.832 while most caching
baselines collapse (FID > 15). Even against the strongest competitor in this tier
(SpeCa, FID 6.866), ResilPhase delivers a massive 58% FID reduction. Consis-
tently leading in sFID and IS, ResilPhase proves highly effective at preserving
original quality under aggressive acceleration.
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Table 4: Ablation study of ResilPhase components on the FLUX-1.dev.

Configuration Predictive Objective Phase Mapping Speed ↑ ImageReward ↑ CLIP↑ PSNR↑ SSIM↑ LPIPS↓Global Drift Layer-wise Output Chebyshev Balance DrawBench Score

✔ 3.08× 1.0546 32.937 29.435 0.6948 0.3323
✔ 3.57× 1.0573 32.929 29.447 0.7003 0.3284

Lagrange ✔ ✔ 3.08× 1.0559 32.975 29.436 0.6947 0.3324
(N = 4, O = 1) ✔ ✔ 3.08× 1.0580 32.874 29.929 0.7139 0.2995

✔ ✔ 3.58× 1.0595 32.914 29.448 0.7004 0.3281
✔ ✔ 3.58× 1.0647 32.918 30.020 0.7216 0.2989

✔ 3.64× 1.0404 32.682 29.013 0.6659 0.3853
✔ 4.17× 1.0557 32.758 29.093 0.6786 0.3808

Lagrange ✔ ✔ 3.64× 1.0409 32.655 29.014 0.6659 0.3853
(N = 5, O = 1) ✔ ✔ 3.64× 1.0528 32.998 29.472 0.6955 0.3343

✔ ✔ 4.17× 1.0517 32.797 29.034 0.6715 0.3811
✔ ✔ 4.17× 1.0591 32.901 29.556 0.7024 0.3342

✔ 4.06× 1.0098 32.803 28.706 0.6184 0.4479
✔ 4.96× 1.0150 32.658 28.734 0.6292 0.4388

Lagrange ✔ ✔ 4.06× 1.0126 32.688 28.704 0.6183 0.4478
(N = 6, O = 1) ✔ ✔ 4.05× 1.0347 32.707 29.192 0.6526 0.3831

✔ ✔ 4.97× 1.0186 32.708 28.734 0.6291 0.4388
✔ ✔ 4.97× 1.0258 32.847 29.536 0.6655 0.3834

– Note: Lagrange refers to the baseline configuration utilizing only Barycentric Lagrange extrap-
olation, without any phase mapping.

4.5 Ablation Study

Ablation Study of ResilPhase Components. Tab. 4 shows forecasting Global
Drift outperforms layer-wise prediction by eliminating cascading errors. Phase
Mapping further boosts quality, with Balanced Mapping proving more suitable
for text-to-image tasks than Chebyshev Mapping. We also compared Global
Drift against predicting the Final Output, an alternative avoiding intermediate
caching. Fig. 6 confirms Global Drift consistently maintains superiority over the
Final Output across extrapolation intervals.

(a) GD vs. FO (w/o Phase Mapping) (b) GD vs. FO (w/ Phase Mapping)

Fig. 6: Comparing the performance of Global Drift (GD) and Final Output (FO) pre-
dictions across extrapolation intervals (N) with and without Balance Phase Mapping.

Generalizability of the Phase Mapping. Integrating Phase Mapping into
TaylorSeer and HiCache consistently boosts ImageReward (Fig. 7) and other
perceptual metrics. Furthermore, our appendix provides theoretical proofs that
this mechanism strictly reduces their extrapolation error bounds, which strongly
confirms its plug-and-play generalizability for existing polynomial accelerators.

5 Conclusion

We introduce ResilPhase, a noise-resilient, training-free acceleration framework
for Diffusion Transformers. It overcomes spatial, temporal, and numerical bottle-
necks in existing paradigms by synergizing an ODE-aligned Global Drift target to
eliminate cascading errors, a derivative-free Barycentric Lagrange extrapolator
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(a) TaylorSeer+Phase Mapping (b) HiCache+Phase Mapping

Fig. 7: Comparing the performance of TaylorSeer and HiCache with different phase
mapping strategies on FLUX.1-dev across acceleration intervals.

to bypass gradient noise, and a bounded Phase Mapping mechanism to suppress
extrapolation instability. Experiments confirm it achieves state-of-the-art speed
and quality at aggressive acceleration ratios, establishing a robust real-time in-
ference paradigm and plug-and-play stabilizer for existing accelerators.
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