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Abstract

Diffusion Transformers (DiTs) deliver high-
quality generation but require repeated Trans-
former evaluations over many denoising steps,
making inference expensive. Feature caching re-
duces this cost by reusing intermediate computa-
tions across denoising steps, where cache schedul-
ing determines when cached computations can
be reused or refreshed. Existing training-free
scheduling methods have explored lightweight
trajectory cues such as feature distance, update
magnitude, and spectral variation. However, the
orientation consistency of local updates remains
underexplored, despite its potential to reflect the
stability of local denoising trajectories. In this
work, we propose OriCache, a training-free fea-
ture caching method that explicitly incorporates
local update orientation into cache scheduling. Or-
iCache computes a cache score from lightweight
block inputs by combining update-scale variation
with directional alignment between consecutive
local updates. By jointly considering how much
local updates change and whether their direc-
tions remain consistent, OriCache captures com-
plementary aspects of denoising trajectory evo-
lution for recomputation decisions. Experiments
on FLUX.1-[dev] and Stable Diffusion 3.5-Large
show that OriCache improves over representative
static and adaptive caching baselines, and abla-
tions confirm that combining magnitude and ori-
entation yields more reliable cache decisions than
either cue alone.

1. Introduction

Diffusion Transformers (DiTs) (Peebles & Xie, 2023; Black
Forest Labs, 2024; Ma et al., 2024b; Yang et al., 2024;
Esser et al., 2024) have emerged as a powerful backbone for
modern generative models, achieving strong scalability and
high visual quality in image and video generation. Com-
pared with U-Net-based diffusion models (Ho et al., 2020;
Rombach et al., 2022; Podell et al., 2023), Transformer-
based architectures provide expressive token interactions
and are increasingly used in large-scale diffusion founda-

Step-wise dynamics Magnitude vs. orientation

magnitude Pearson=0.024
orientation Spearman=-0.104

0 10 20 30 40 50 0.00 0.02 0.04 0.06 0.08 010
Denoising step magnitude

Figure 1. Step-wise dynamics of two aspects of local trajectory
evolution on FLUX.1-[dev]: update magnitude and update ori-
entation. These two aspects show different behaviors along the
denoising trajectory and have low correlation, motivating orienta-
tion consistency as an additional cue for cache scheduling.

tion models. However, DiT inference remains expensive
because generation requires many iterative denoising steps,
each involving repeated evaluations of large Transformer
blocks. This repeated computation becomes a major bot-
tleneck when deploying DiT-based models under practical
latency or resource constraints.

A common approach (Selvaraju et al., 2024; Ma et al.,
2024a; Zhao et al., 2024; Kahatapitiya et al., 2025; Bu et al.;
Zhou et al., 2025) to reducing this cost is to exploit temporal
redundancy across neighboring denoising steps. Since in-
termediate representations often evolve smoothly along the
sampling trajectory, feature caching methods reuse previ-
ously computed features or module outputs across denoising
steps instead of recomputing them at every step. A central
problem in feature caching is cache scheduling, which de-
termines when cached computations can be safely reused
and when block outputs should be recomputed. Early meth-
ods typically use a static refresh schedule, periodically re-
computing features after a fixed number of denoising steps.
More recent studies have shifted toward adaptive cache
scheduling, where reuse decisions are made online using
signals from the denoising process.

Adaptive cache scheduling depends on how well the chosen
cue reflects the local dynamics of the denoising trajectory.
Prior training-free caching methods have explored differ-
ent proxies for cache reliability. Feature-distance-based ap-
proaches (Liu et al., 2025) measure how far intermediate rep-
resentations move across denoising steps, while magnitude-
aware methods (Ma et al., 2025) track the scale of feature or
residual updates to identify steps that require recomputation.
More recently, spectral-aware methods (Chung et al., 2026)
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Figure 2. Qualitative comparison on FLUX.1-[dev] with four configurations: 50-step baseline, FORA, TeaCache, and OriCache. Compared
with fixed-schedule and adaptive feature-change-based caching, OriCache better preserves the context and visual appearance of the
reference generation, suggesting that orientation consistency provides a meaningful cue for cache scheduling.

have used frequency-domain behavior as an additional sig-
nal for detecting changes in the denoising trajectory. These
cues provide useful signals for estimating when cached
computations become less representative of the current de-
noising step. In this work, we investigate another aspect
of local trajectory evolution: the orientation consistency of
update directions.

A denoising trajectory can be understood as a sequence of
local updates that gradually transform a noisy latent repre-
sentation into a clean sample. From this perspective, each
step is characterized not only by how far the representa-
tion moves, but also by the direction in which it moves.
We therefore describe local trajectory dynamics from two
complementary perspectives: update magnitude and update
orientation. Update magnitude reflects the amount of move-
ment in representation space, whereas update orientation
reflects the local direction of trajectory evolution.

As shown in Figure 1, update magnitude and update orienta-
tion exhibit different step-wise behaviors during denoising.
This difference is important because diffusion inference
proceeds by repeatedly applying local updates along the
denoising trajectory. While magnitude indicates how far
the representation moves between steps, orientation indi-
cates the local direction in which the trajectory continues.
Therefore, a change in orientation can signal a change in
the local trajectory direction, even when the accumulated
feature distance evolves smoothly. This suggests that ori-
entation provides meaningful trajectory information that is
not fully reflected by magnitude-based signals. Since cache
scheduling decides where cached computations should ap-
proximate later points on the trajectory, such directional
information can help identify recomputation points more
reliably. This motivates using orientation consistency as an
additional trajectory cue for cache scheduling.

Based on this observation, we propose OriCache, an
orientation-guided feature caching method for DiT accel-
eration. OriCache estimates whether the current denoising

step remains locally consistent with the recent trajectory
before executing expensive block computation. To this end,
OriCache computes a cache score from block inputs using
two factors: an amplitude ratio and directional alignment.
The amplitude ratio captures update-scale variation, while
directional alignment measures whether the local update
direction remains consistent. By combining these two fac-
tors, OriCache accounts for both how much the trajectory
changes and whether it continues in a similar direction. The
resulting score determines whether the cached computation
can be reused or the block should be recomputed.

We evaluate OriCache on FLUX.1-[dev] and Stable Diffu-
sion 3.5-Large under various acceleration conditions. Ex-
periments show that OriCache improves the latency-fidelity
trade-off over representative static and adaptive caching
baselines. At comparable inference cost, OriCache better
preserves the reference generation in terms of reconstruction
and perceptual quality across both models. These results
suggest that orientation consistency provides a meaningful
complementary cue for cache scheduling in DiT inference.

In summary, our contributions are as follows:

* We analyze cache scheduling from the perspective of
denoising trajectory evolution, showing that feature-
change signals alone may not fully capture local trajec-
tory dynamics.

* We propose OriCache, an orientation-guided feature
caching method that jointly considers update magni-
tude and update orientation through a unified cache
score computed from block inputs.

* We demonstrate that orientation consistency provides
a complementary signal for cache scheduling, improv-
ing the latency-fidelity trade-off over representative
caching baselines on FLUX.1-[dev] and Stable Diffu-
sion 3.5-Large.
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Figure 3. Overview of OriCache. Before executing a target DiT block, OriCache estimates a cache score from lightweight block inputs
using update-scale variation and directional alignment. The score determines whether to reuse the cached output or recompute the block.

2. Related Work

2.1. Feature Caching for Diffusion Acceleration

Feature caching accelerates diffusion inference by exploit-
ing temporal redundancy across neighboring denoising steps.
Since intermediate representations often evolve smoothly
during sampling, cached features or block outputs can be
reused for nearby steps instead of being recomputed every
time. Early cache-based methods typically rely on static re-
fresh schedules. For example, DeepCache (Ma et al., 2024a)
reuses high-level features in U-Net-based diffusion models,
while FORA (Selvaraju et al., 2024) applies periodic feature
reuse to Diffusion Transformers by caching intermediate
Transformer computations.

Recent training-free adaptive methods improve cache
scheduling by selecting reuse steps online based on the
observed dynamics of the denoising trajectory. TeaCache
uses feature-based signals to estimate cache reuse deci-
sions (Liu et al., 2025), while MagCache (Ma et al., 2025)
studies magnitude-aware changes for cache scheduling. Sea-
Cache (Chung et al., 2026) further explores spectral behav-
ior during denoising and uses spectral-aware cues to guide
cache decisions. AdaCache (Kahatapitiya et al., 2025),
DiCache (Bu et al.), and EasyCache (Zhou et al., 2025)
also study adaptive cache decisions from sample-specific or
runtime-adaptive perspectives. These studies suggest that
cache scheduling can benefit from cues that capture different
properties of the denoising trajectory. OriCache follows this
direction by investigating orientation consistency as another

trajectory cue for cache scheduling.

3. Method

3.1. Overview

OriCache accelerates DiT inference by reusing intermediate
block outputs across denoising steps. For each target block,
OriCache computes a cache score from the block input
before executing the expensive block computation. The
score measures how the local input update changes between
consecutive denoising steps in terms of both update scale
and update direction. Specifically, OriCache uses an update
amplitude ratio to capture magnitude variation and cosine
alignment to capture directional consistency. If the score
indicates that the local trajectory remains stable, the cached
block output is reused. Otherwise, the block is recomputed
and the cache is refreshed. This design enables training-
free cache scheduling with small overhead compared with
Transformer block computation.

3.2. Orientation-Guided Feature Caching

Following TeaCache (Liu et al., 2025), we use a block-level
input z; at denoising step ¢ as a lightweight proxy signal for
cache scheduling. We define the step-wise update vector as

AZt = Zt — Zt—1- (1)
This update provides a local signal for estimating the evo-
lution of the denoising trajectory. To jointly capture scale
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variation and directional evolution, OriCache compares con-
secutive input updates through their relative magnitude and
orientation.

Specifically, we first define the update amplitude ratio as

_ Azle
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where ¢ is a small constant for numerical stability. The
amplitude ratio measures how much the current update scale
changes relative to the previous update.

‘We then define the relative orientation between consecutive
updates by
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where 6, denotes the orientation difference between Az;
and Az;_1. A small 6, indicates that consecutive updates
follow a similar local direction, while a large 6; indicates a
directional change along the denoising trajectory.

Using these two quantities, we measure how far the current
local update deviates from the previous one in both scale
and orientation. The ideal case for cache reuse corresponds
to p; =~ 1 and 0; ~ 0, where the current update has both
a similar magnitude and a similar direction to the previous
update. We therefore define the cache score as

-1

’ Py sin 6y 0
This score measures the squared mismatch between the
current relative update and the unit reference update in an
jointly penalizes deviations. As a result, s; remains small
when the local trajectory evolves consistently in both scale

and orientation, and becomes large when either the update
magnitude or direction changes.

2
=p2+1-2p,cosby. (4)
2

3.3. OriCache Scheduling

OriCache uses the accumulated cache score since the most
recent refresh to decide whether to reuse or recompute the
target block. Let r denote the most recent denoising step
at which the target block was recomputed. We define the
accumulated score at step ¢ as

t
A= s 5)

1=r+1

If A; remains below the threshold 7, OriCache reuses the
cached output from step r. Otherwise, it recomputes the
target block and refreshes the cache:

~ yT‘y At < Ta
= 6
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where F'(-) denotes the target DiT block, y,. is the cached
block output from the most recent recomputed step, and 7 is
the cache threshold. When recomputation occurs, OriCache
sets the refresh step to the current step, r < t, stores the
newly computed output as the cache, y,. + F(z), and
resets the accumulated score.

The threshold 7 controls the operating point between gen-
eration quality and inference efficiency. A larger threshold
allows more cache reuse and stronger acceleration, while a
smaller threshold triggers more frequent recomputation and
better preserves fidelity. Because the score is computed from
block inputs before the target block execution, OriCache
requires neither auxiliary networks nor model retraining.
This provides a simple way to study orientation consistency
as a cache scheduling cue in DiT inference.

4. Experiments
4.1. Experimental Setup

We evaluate OriCache on two text-to-image diffusion mod-
els: FLUX.1-[dev] (Black Forest Labs, 2024) and Stable
Diffusion 3.5-Large (Esser et al., 2024). We use the Draw-
Bench prompt set (Saharia et al., 2022) and generate images
at a resolution of 1024 x 1024. For each model, we use
the 50-step generation as the reference output and evaluate
accelerated results under various acceleration conditions
to verify the effectiveness of the proposed orientation cue
across different cache reuse levels. For efficiency, we re-
port end-to-end latency and executed denoising FLOPs after
cache decisions. For visual quality, we compute PSNR,
SSIM, and LPIPS against the 50-step reference outputs. To
contextualize the results, we compare OriCache with repre-
sentative cache scheduling baselines, including FORA (Sel-
varaju et al., 2024) as a static scheduler and TeaCache (Liu
et al., 2025) as an adaptive feature-change-based scheduler.
All experiments are conducted on 2 NVIDIA RTX 4090
GPU.

4.2. Comparison Results

Table 1 compares direct step reduction and cache-based ac-
celeration on FLUX.1-[dev] and Stable Diffusion 3.5-Large.
Directly reducing the number of denoising steps lowers la-
tency, but it also noticeably degrades visual fidelity. On
FLUX.1-[dev], reducing the sampling budget from 50 steps
to 25 steps gives a 1.97x latency speedup, but the quality
drops to 17.81 PSNR, 0.7512 SSIM, and 0.2884 LPIPS. The
degradation becomes more severe at 17 steps, where the
speedup increases to 2.82 x but the quality further decreases
to 15.75 PSNR, 0.6834 SSIM, and 0.3909 LPIPS. A similar
trend is observed on Stable Diffusion 3.5-Large: the 25-step
and 17-step baselines improve latency, but progressively
reduce reconstruction and perceptual fidelity. These results
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Table 1. Quantitative comparison on FLUX.1-[dev] and Stable Diffusion 3.5-Large. We compare direct step reduction and cache-based
acceleration under different acceleration settings. OriCache improves visual fidelity over representative cache scheduling baselines at
comparable latency, supporting orientation consistency as a transferable cache-scheduling cue.

FLUX.1-[dev]

Stable Diffusion 3.5-Large

Method

Efficiency Visual Quality Efficiency Visual Quality

Latency| Speedupt PSNR{ SSIM1 LPIPS| Latency] Speedupt PSNRt1 SSIMt LPIPS|
50 steps 36.79 1.00 - - - 30.81 1.00 - - -
25 steps 18.66 1.97 17.81 0.7512 0.2884 15.90 1.94 16.32  0.7274 0.3489
17 steps 13.07 2.82 15.75 0.6834  0.3909 10.78 2.86 14.57 0.6372 0.4784
FORA (N = 4) 10.68 3.44 1473  0.6524 0.4499 11.68 2.64 14.61 0.6433 0.4710
TeaCache (¢ = 0.6) 11.55 3.19 16.71  0.7053  0.3595 11.61 2.65 1746  0.7371 0.3317
OriCache (7 = 1.5) 11.83 3.11 18.34 0.7379 0.3034 11.62 2.65 19.15 0.8089 0.2400
FORA (N = 6) 7.81 4.71 14.04 0.6197 0.5169 7.23 4.26 13.53  0.5296 0.6331
TeaCache (¢ = 1.0) 8.32 442 15.32  0.6403 0.4662 8.72 3.53 15.72 0.6421 04671
OriCache (7 = 3.0) 7.80 4.72 1599 0.6538 0.4403 7.48 4.12 16.57 0.7217 0.3752
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Figure 4. Qualitative comparison with the 50-step reference on
FLUX.1-[dev] under high acceleration conditions. OriCache better
preserves the original visual context and overall scene structure.

indicate that reducing the sampling budget alone changes
the denoising trajectory and cannot reliably preserve the
50-step reference generation.

We next compare cache-based acceleration methods. In
the moderate acceleration setting, FORA provides strong
latency reduction but suffers from substantial quality degra-
dation due to fixed periodic reuse. TeaCache improves
fidelity by using adaptive cache decisions. OriCache fur-
ther improves reference similarity at comparable latency.
On FLUX.1-[dev], OriCache with 7 = 1.5 achieves 18.34
PSNR, 0.7379 SSIM, and 0.3034 LPIPS, outperforming
TeaCache with ¢ = 0.6. On Stable Diffusion 3.5-Large,
OriCache achieves 19.15 PSNR, 0.8089 SSIM, and 0.2400
LPIPS, while maintaining nearly the same latency as Tea-
Cache. This suggests that orientation consistency provides
useful information for selecting recomputation points be-
yond feature-change-based adaptive scheduling.

The same tendency appears in the higher acceleration set-
ting. FORA achieves the highest or comparable speedup,
but its visual quality drops significantly on both models.
TeaCache partially recovers fidelity, while OriCache con-
sistently improves all visual quality metrics over TeaCache.
On FLUX.1-[dev], OriCache with 7 = 3.0 improves PSNR
from 15.32 to 15.99 and LPIPS from 0.4662 to 0.4403
compared with TeaCache. On Stable Diffusion 3.5-Large,
OriCache improves PSNR from 15.72 to 16.57, SSIM from
0.6421 to 0.7217, and LPIPS from 0.4671 to 0.3752, while
also achieving lower latency than TeaCache. These results
show that the proposed orientation cue is not limited to
FLUX.1-[dev], but also provides useful cache-scheduling
information on another large-scale diffusion Transformer
model.

Figure 4 shows qualitative comparisons with the 50-step ref-
erence. Consistent with the quantitative results, OriCache
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better preserves the visual context of the reference gen-
eration under cache-based acceleration. Compared with
fixed-schedule caching and feature-difference-based adap-
tive caching, OriCache maintains more faithful object struc-
ture, spatial layout, and local appearance. This qualitative
behavior supports our hypothesis that orientation consis-
tency captures trajectory information that is not fully re-
flected by feature-change magnitude alone.

We interpret this result from the perspective of denoising
trajectory approximation. Cached block outputs are com-
puted at previous denoising steps and reused to approximate
later computations. When the local trajectory changes di-
rection, reusing cached computations without considering
directional consistency can lead to context drift or structural
changes in the generated image. By using orientation as an
additional cache-scheduling cue, OriCache can refresh the
cache at steps where the local trajectory direction becomes
less consistent. This helps the accelerated generation re-
main closer to the 50-step reference in both visual structure
and perceptual appearance. Overall, the quantitative and
qualitative results suggest that orientation consistency is a
meaningful cue for cache scheduling.

4.3. Ablation Study

To verify whether orientation consistency provides a mean-
ingful cue for cache scheduling, we conduct a component-
wise ablation study on FLUX.1-[dev]. We compare three
variants: a magnitude-only score based on update-scale
variation, an orientation-only score based on directional
consistency between consecutive updates, and the full Ori-
Cache score combining both cues. The 50-step generation
is used as the reference for visual quality evaluation.

The magnitude-only criterion achieves 16.71 PSNR, 0.7053
SSIM, and 0.3595 LPIPS with 903.10T FLOPs, while the
orientation-only criterion achieves higher PSNR and lower
LPIPS, reaching 17.01 PSNR and 0.3534 LPIPS with a
similar FLOPs budget of 919.38T. This suggests that orien-
tation consistency is not redundant with magnitude-based
change, but provides additional trajectory information for
recomputation decisions under comparable computation.

Figure 5 shows a similar trend qualitatively. The orientation-
only variant better preserves the overall composition and
visual context of the 50-step reference, indicating that up-
date direction is related to the structural evolution of the
denoising trajectory. However, orientation alone does not
fully capture update-scale variation, leaving differences in
local appearance and fidelity.

Combining magnitude and orientation yields the best visual
quality across all metrics. Compared with the magnitude-
only criterion, the full score improves PSNR from 16.71 to
18.34, SSIM from 0.7053 to 0.7379, and LPIPS from 0.3595
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Figure 5. Qualitative ablation on FLUX.1-[dev]. The combined
score better preserves local details and overall fidelity.

Table 2. Ablation on cache score components on FLUX.1-[dev].
The combined score improves fidelity at a similar FLOPs budget.

Criterion | FLOPs| Speedup? | PSNRT SSIM{ LPIPS|
Baseline 3710.50 1.00 - - -
Magnitude only | 903.10 4.11 16.71  0.7053  0.3595
Orientation only | 919.38 4.04 17.01  0.7047 0.3534
Mag. + Ori. 923.35 4.02 18.34 0.7379 0.3034

to 0.3034, while using only a slightly larger FLOPs budget
of 923.35T. These results indicate that the improvement is
not simply due to substantially more computation; rather,
orientation provides complementary information about di-
rectional changes in the denoising trajectory. This supports
its use as a meaningful cue for cache scheduling.

5. Conclusion

We presented OriCache, a training-free feature caching
method that uses orientation consistency as a cue for DiT
cache scheduling. OriCache is motivated by the view that
cache scheduling can benefit from trajectory cues that de-
scribe not only how much the representation changes, but
also how the local denoising direction evolves. To this
end, OriCache computes a cache score from block inputs
using update-scale variation and directional alignment. Ex-
periments on FLUX.1-[dev] and component-wise ablations
show that OriCache improves the latency-fidelity trade-off
over representative static and adaptive caching baselines,
while demonstrating that update orientation provides com-
plementary information for cache scheduling. Qualitative
results further indicate that orientation-aware scheduling
helps preserve the visual context and structure of the refer-
ence generation under cache reuse. These findings suggest
that update orientation is a meaningful trajectory cue for
cache scheduling and may serve as a useful component for
future training-free acceleration methods for DiTs.
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