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Abstract. Diffusion models achieve strong image and video generation
quality but remain slow at inference due to multi-step denoising. Caching
accelerates inference by reusing intermediate features across timesteps,
yet its effectiveness depends critically on refresh scheduling (when to per-
form full recomputation). Existing schedules fall into three paradigms:
fixed-interval, online heuristic, and global optimization. The first two
may miss temporal sensitivity structure or accumulated segment-level
degradation, while the last incurs substantial offline cost. We propose
Equal-Risk Caching (ERC), which builds a one-dimensional temporal
risk profile from a single fixed-length probing cache curve and uses cu-
mulative risk mass as a global surrogate for segment sensitivity. ERC
places refresh boundaries by equal-mass partitioning on the cumulative
risk axis, automatically allocating denser recomputation to high-risk re-
gions and longer reuse to low-risk regions. This reduces the offline pro-
filing cost of schedule construction from O(T · L) to O(T ). Experiments
on multiple diffusion models demonstrate an overall competitive quality–
speed trade-off.

Keywords: diffusion cache · image and video generation · diffusion
model acceleration

1 Introduction

In recent years, diffusion models [10,13,36,38,39] have emerged as the paramount
generative paradigm, fundamentally transforming the landscape of visual con-
tent synthesis. In the realm of image generation, these models have decisively
surpassed previous state-of-the-art frameworks such as GANs [10]. By operating
within compressed latent spaces [31, 32] and integrating robust deep language
understanding [33], modern text-to-image diffusion models demonstrate unprece-
dented capabilities in producing photorealistic, highly diverse, and semantically
intricate static visuals. Building upon this phenomenal success in image synthe-
sis [31,32], researchers have rapidly extended diffusion architectures to the tem-
poral dimension for video generation [2, 6, 12]. Recent breakthroughs have suc-
cessfully tackled complex spatio-temporal dependencies, empowering video dif-
⋆ Corresponding author.
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Fig. 1: Main pipeline of Equal-Risk Caching (ERC). We estimate a timestep-
wise surrogate risk from a single probing cache length l′ by measuring E(t, l′) between
cache and vanilla outputs, which scales as O(T ) and avoids exhaustive global-error
profiling over all lengths (O(T · L)). The obtained risk curve is then accumulated and
partitioned into equal-risk areas to place refresh boundaries, producing an adaptive
schedule that allocates more fresh computation to high-risk regions and longer cache
reuse to low-risk regions (green: fresh, blue: cache).

fusion models to generate high-definition, temporally consistent dynamic scenes
with astonishingly realistic motion and physical plausibility [3, 4].

However, despite these breathtaking generative capabilities, their practical
deployment in real-world scenarios remains severely hindered by the exorbitant
inference costs and slow generation speeds inherent to their multi-step, compu-
tationally massive iterative sampling paradigm. To accelerate diffusion models,
a wide range of methods [7, 18, 20, 22, 23, 27, 34, 41] have been proposed, includ-
ing sampler optimization, model distillation, token pruning, quantization, and
caching. Among them, caching-based methods [5, 8, 26, 28, 35, 47] are particu-
larly attractive because they require no additional training. By reusing similar
features across timesteps, caching reduces redundant full forward passes during
sampling, offering a practical inference-time acceleration strategy.

A key challenge in caching-based acceleration lies in determining when to per-
form a full forward recomputation (i.e., refresh). Existing approaches typically
follow three paradigms. The first paradigm [8,21,35] adopts a naive fixed-interval
strategy, refreshing at predefined timesteps while reusing cached features in be-
tween. The second paradigm [5, 20, 29, 48] dynamically triggers refreshes based
on online local signals, such as the change in model outputs between adjacent
timesteps and predefined thresholds. These methods assume that small varia-
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a) Ground-Truth Cache Risk b) Surrogate Cache Risk c) Correlation between Ground-
Truth and Surrogate Risk

Fig. 2: Comparison and correlation between ground-truth and surrogate
cache risks on FLUX.1 [dev]. (a) Ground-Truth Cache Risk E(t, l) evaluated across
different timesteps and cache lengths. (b) Surrogate Cache Risk H(t, l) approximated
using a fixed probe length l′ = 5. (c) Correlation analysis between H(t, l) and E(t, l).
The results exhibit a strong positive correlation, validating the effectiveness of using
the cumulative risk as an efficient proxy.

tions between neighboring outputs imply limited final deviation. However, such
locally greedy criteria ignore the accumulation of small errors over time, which
may lead to noticeable degradation in generation quality and content consistency.

More recently, a third line of work [11] measures the final risk induced by
different caching intervals offline and employs path search or dynamic program-
ming to identify an optimal schedule. By explicitly modeling the global effect
of caching segments, these methods effectively prevent instability caused by lo-
cal heuristics and significantly improve content consistency under acceleration.
Nevertheless, constructing a complete risk map over all possible intervals re-
quires extensive offline evaluation. The computational cost grows rapidly with
the number of timesteps and candidate segment lengths, making low-cost and
flexible scheduling difficult.

At their core, these approaches face the same fundamental challenge: caching
schedules aim to decide refresh boundaries without a structural characterization
of how caching-induced risk distributes over time. Local methods approximate
risk using instantaneous variations, while global optimization methods treat in-
terval risk as a black-box quantity that must be exhaustively enumerated. These
represent two extremes: low overhead but prone to cumulative-error-induced
quality drift, and stronger global quality control but high offline computational
cost. Both lack a continuous surrogate that describes the temporal structure of
risk accumulation.

As shown in Fig. 2, we observe that caching-induced risk exhibits a stable
temporal structure throughout the diffusion process. Certain time regions are
more sensitive to feature reuse, while others tolerate longer caching intervals.
Furthermore, for caching segments with different starting timesteps and lengths,
the final risk shows a strong monotonic correlation with a cumulative quan-
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tity defined along the time axis. Importantly, this cumulative measure can be
constructed from a single fixed-length caching curve, without enumerating the
complete interval risk map.

Based on this observation, we reformulate the refresh scheduling problem
from selecting timesteps to partitioning risk mass. Specifically, we treat full for-
ward computations as segment boundaries and perform equal partitioning along
a cumulative risk axis to directly determine the refresh set. We term this strat-
egy Equal-Risk Caching. Unlike heuristic methods that rely on local signals,
our approach determines the schedule using a global cumulative surrogate. Un-
like error-map-based optimization methods, it avoids the costly construction of
a full interval risk graph, requiring only a single proxy curve to generate stable
schedules.

Because refresh density is automatically concentrated in high-risk regions
and extended in low-risk regions, Equal-Risk Caching stabilizes the final risk
under the same computational budget while significantly reducing offline mod-
eling cost. Experiments across multiple diffusion models demonstrate that our
method achieves a superior quality–speed trade-off compared to heuristic meth-
ods and approaches the performance of global optimization strategies under
identical computation budgets.

Our contributions are summarized as follows:

– Correlation-Based Efficient Risk Surrogate. We identify a strong cor-
relation between the ground-truth caching risk and a lightweight cumulative
temporal signal. This insight enables a linear-time O(T ) surrogate metric,
bypassing the expensive O(T · L) evaluation of the full risk map.

– Equal-Risk Caching Strategy. We propose Equal-Risk Caching, a sim-
ple yet effective algorithm that determines optimal refresh boundaries by
equal-mass partitioning on the cumulative risk axis. This avoids complex
search heuristics and directly derives schedules from the 1D surrogate.

– Broad Applicability and Performance. We validate our method on di-
verse Text-to-Image and Text-to-Video diffusion models. Our method achieves
stable acceleration with competitive generation quality while requiring sub-
stantially lower offline computation cost than existing baselines.

2 Related Work

2.1 Diffusion Acceleration

Accelerating diffusion sampling has become an important research direction due
to the high computational cost of iterative denoising. Existing approaches im-
prove efficiency from several perspectives, including sampler design, attention
sparsification, token compression, model quantization, and feature reuse.

A direct strategy is to reduce the number of sampling steps. DDIM [37]
generalizes DDPM [13] to non-Markovian diffusion processes and enables deter-
ministic sampling with significantly fewer steps. DPM-Solver++ [24] formulates
diffusion sampling as solving an ODE under a data-prediction parameterization
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and derives high-order solvers tailored to diffusion dynamics. UniPC [46] unifies
predictor and corrector steps into a single framework, achieving strong sample
quality with very few function evaluations.

Beyond sampler optimization, recent works reduce per-step computation.
Sparse VideoGen (SVG) [44] observes structured sparsity patterns in attention
heads and applies dynamic sparse computation during inference. Token-level re-
dundancy is addressed by methods such as Fourier Token Merging [22], which
clusters tokens in the frequency domain before merging them, and ToMA [25],
which formulates token merging as a submodular optimization problem with re-
versible attention-like transformations. Model quantization further reduces mem-
ory and arithmetic cost. SVDQuant [18] mitigates activation outliers by absorb-
ing them into low-rank components, enabling stable 4-bit diffusion models with
competitive performance.

Orthogonal to these techniques, caching accelerates inference by reusing in-
termediate features across timesteps. Since diffusion trajectories exhibit tempo-
ral smoothness, feature reuse can substantially reduce redundant computation
without retraining.

2.2 Caching in Diffusion Models

DeepCache [28] is an early attempt to exploit temporal redundancy in diffusion
models. It studies both uniform and manually designed non-uniform caching
intervals within U-Net architectures, demonstrating that intermediate features,
especially in later denoising stages, change smoothly across steps.

TaylorSeer [21] improves upon uniform caching by approximating feature
evolution with Taylor series expansion, using higher-order derivatives to predict
intermediate representations. TeaCache [20] introduces a calibrated polynomial
estimator to model output variation conditioned on time embeddings. These
methods rely on explicit approximation of feature dynamics.

More recent approaches aim to reduce calibration overhead and better control
accumulated error. MagCache [29] discovers a “magnitude decay law” between
consecutive residuals to reduce the reliance on multi-prompt offline calibration.
EasyCache [48] leverages the relative stability of transformation rates across
denoising stages to estimate output deviation without polynomial fitting. Di-
Cache [5] introduces a lightweight online probe, exploiting the correlation be-
tween shallow-layer risk and final output error to guide adaptive caching. LeM-
iCa [11] argues that local heuristic risk may underestimate global degradation.
It measures the final output error induced by caching each segment, formulates
caching scheduling as a directed graph, and constrains worst-case path error to
bound accumulated deviation.

Compared with LeMiCa, our method does not require high-coverage offline
interval evaluation. Instead, we model the distribution density of risk along the
time axis and allocate refresh steps accordingly, enabling lightweight and risk-
aware scheduling.
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Algorithm 1 Equal-Risk Caching
1: Input: Diffusion model, timesteps {0, . . . , T − 1}, fixed surrogate length l′, refresh

budget B
2: Output: Refresh boundary timesteps {ti}B−1

i=0

3: // Step 1: Estimate per-timestep surrogate risk
4: for t = 1 to T − 1 do
5: Compute r(t) = E(t, l′) using Eq. (4)
6: end for
7: // Step 2: Construct R(T ) as the prefix sum of risks before timestep t
8: // must refresh when t=0, so r(0) is excluded, then we define R(1)=0
9: R(1)← 0

10: for t = 2 to T do
11: R(t)← R(t− 1) + r(t− 1)
12: end for
13: // Step 3: Equal-risk partition
14: // ti: the i-th refresh boundary timestep
15: t0 ← 0
16: ∆R← R(T )/(B − 1)
17: for i = 1 to B − 1 do
18: ti ← min{t | R(t) ≥ i ·∆R}
19: end for
20: tB−1 ← T − 1
21: return {t0, t1, . . . , tB−1}

3 Method

We propose a diffusion caching framework built upon two core ideas: (1)
a low-cost surrogate for cache risk estimation, and (2) an equal-risk scheduling
strategy that distributes refresh boundary steps according to the cumulative risk
density over time. The complete procedure is summarized in Fig. 1 and Alg. 1.

3.1 Formulation

Diffusion Model. Diffusion models generate data by progressively reversing
a forward noise process. Starting from pure noise xT ∼ N (0, I), the inference
process iteratively applies a denoising network for T steps. Modern diffusion ar-
chitectures, such as DiT [30], typically adopt the Flow Matching framework [19].
The generative process is modeled as an Ordinary Differential Equation (ODE)
that transforms noise to data over time t ∈ [0, 1]. The model vθ(xt, t, c) is trained
to predict the velocity field of the flow. During inference, this ODE is solved nu-
merically to step backward from t to t−∆t:

xt−∆t = xt −∆t · vθ(xt, t, c), (1)

where ∆t represents the step size and c denotes the conditioning signal (e.g.,
text prompts). Since the heavy velocity prediction network vθ must be fully eval-
uated at every integration step to determine the update direction, the sequential
generation incurs significant computational costs.
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Cache Reuse Strategies. At cache steps, we reuse cached features instead
of performing the full computation. Different methods employ different reuse
formulations; here we summarize two representative strategies commonly used in
diffusion caching works. The first is direct reuse from the latest full-computation
timestep:

Fpred,t = Ftα , (2)

The second is first-order extrapolation using the two most recent full-computation
timesteps:

Fpred,t = αFtα + βFtβ . (3)

Here tα and tβ denote cached reference timesteps corresponding to the two most
recent steps where full model computation is performed. The coefficients α and
β are scalar weights determined by the specific reuse formulation (e.g., the dy-
namic cache trajectory alignment in DiCache [5] or the discrete Taylor expansion
in TaylorSeer [21]). Intuitively, first-order extrapolation captures local temporal
trends by linearly combining features from the two latest fully computed steps.
Our method is orthogonal to the reuse strategy: ERC focuses on when to re-
fresh, while the reuse rule determines how cached features are utilized between
refreshes.

3.2 Cache Risk Surrogate

Consider a diffusion process with T timesteps. Let x0 denote the output gener-
ated by full inference without caching. For a given starting timestep t and cache
length l, we denote by xt,l the final output obtained when caching is contin-
uously applied for l consecutive steps starting from timestep t. We define the
ground-truth cache risk as

E(t, l) = LPIPS(xt,l, x0), (4)

which measures the perceptual deviation between the cached output and the full
inference result. The variation trend of this risk is illustrated in Fig. 2 a). To
determine appropriate caching intervals, one would need to evaluate E(t, l) for
all combinations of (t, l). If l ∈ L denotes the set of candidate cache lengths,
the total computational cost becomes O(T · L). This quadratic dependence on
T makes exhaustive evaluation impractical for large diffusion steps.

To reduce the complexity, we introduce a surrogate cache error. Instead of
evaluating every (t, l) pair, we fix a surrogate cache length l′ in advance and
define a per-timestep risk signal as

r(t) = E(t, l′). (5)

Here l′ is a predefined probe length shared across all timesteps. It serves as
a consistent surrogate to measure the cache sensitivity at each timestep. In
practice, the choice of l′ is determined empirically, and we analyze its impact in
the ablation study.
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Based on this per-step risk, we approximate the segment-level cache error
using cumulative risk:

H(t, l) =

t+l−1∑
t̂=t

r(t̂). (6)

The surrogate risk H(t, l) can be computed in O(T ) time, since r(t) is eval-
uated only once per timestep. The variation trend is displayed in Fig. 2 b.

Empirically, as illustrated in Fig. 2, we observe a strong positive correlation
between the ground-truth cache risk E(t, l) (Fig. 2 a) and the surrogate cumu-
lative risk H(t, l) (Fig. 2 b). The scatter plot in Fig. 2 c further validates this
relation with significantly high correlation coefficients.

This indicates that the cumulative per-step risk captures the dominant struc-
ture of cache-induced degradation. Therefore, in practice, we replace E(t, l) with
H(t, l) for cache schedule design, achieving substantial computational savings
without constructing the full two-dimensional risk map.

3.3 Equal-Risk Caching

Building upon the observed correlation, we propose Equal-Risk Caching, a
strategy that determines refresh boundaries by analyzing the surrogate risk dis-
tribution rather than relying on expensive ground-truth evaluations. The core
motivation behind this strategy is to allocate computational resources adaptively
according to the model’s temporal sensitivity. In diffusion processes, the Ground-
Truth Cache Risk E(t, l) varies significantly across timesteps. A uniform caching
schedule (i.e., fixed interval size) is suboptimal because it treats all timesteps
equally: high-risk regions accumulate error rapidly, leading to artifacts, while
low-risk regions waste computations on unnecessary refreshes. To address this,
we treat the caching schedule as a risk allocation problem. By distributing the
total allowable risk budget equally across segments, we naturally enforce denser
refreshes in high-sensitivity regions and allow longer cache reuse in stable regions.

Formally, given the per-step risk signal r(t), we define the cumulative risk
function R(t) as the prefix sum of risks before timestep t:

R(t) =

{
0, t = 1,

R(t− 1) + r(t− 1), 2 ≤ t ≤ T.
(7)

We set R(1) = 0 as the origin of the cumulative risk because the initial timestep
is always computed from scratch, and no cache-induced risk is defined at t = 0.
The total accumulated risk over the cacheable diffusion timesteps t ≥ 1 is R(T ).
Suppose we are given a refresh budget of B segments, where each segment is
identified by its right-end refresh boundary. The initial timestep accounts for
one mandatory refresh excluded from the risk partition. Instead of uniformly
partitioning the time axis, we partition the cumulative risk axis into equal por-
tions. The target risk mass for each segment is calculated with remaining refresh
budget as:

∆R =
R(T )

B − 1
. (8)
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Fig. 3: Qualitative comparison in text-to-image generation. Best viewed zoomed in.

Let {ti}B−1
i=0 denote the refresh boundaries, with t0 = 0 and tB−1 = T −1. By

Eq. (6) and Eq. (7), the surrogate segment risk is exactly the cumulative-risk
increment:

H(ti, ti+1 − ti) = R(ti+1)−R(ti). (9)

Under equal-risk partitioning, we then choose boundaries so that

R(ti+1)−R(ti) ≈ ∆R, (10)

for i = 1, . . . ,B − 2. Here ti+1 denotes the next segment boundary (i.e., refresh
boundary) in the sequence {tj}B−1

j=0 rather than a one-step increment in denoising
time. The approximation arises because timesteps are discrete, so the exact
target risk ∆R cannot always be matched. This formulation yields an equal-
risk caching schedule. Regions with high r(t) will cause R(t) to grow sharply,
consuming the quota ∆R quickly and triggering an early refresh. Conversely,
regions with low r(t) result in slow growth of R(t), allowing for extended cache
intervals.

4 Experiments

4.1 Experimental Setup

Metrics. Following prior work, we use LPIPS [45], PSNR [15], and SSIM [42]
as visual consistency metrics relative to the vanilla result. For video models,
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Table 1: Quantitative comparison in text-to-image generation on FLUX.1 [dev] and
Qwen-Image. Best and second-best results within the same recomputation budget are
highlighted in bold and underline.

Method LPIPS ↓ SSIM ↑ PSNR ↑ Latency(s) ↓ Speed ↑

FLUX.1 [dev] 1024×1024

Original – – – 15.60 1.00×
LeMiCa (B = 15) 0.1857 0.8637 24.9852 4.83 3.23×
Ours (B = 15) 0.1954 0.8628 25.4227 4.83 3.23×
TeaCache (l = 0.6) 0.3548 0.7191 17.8193 4.97 3.14×
DiCache (δ = 0.4) 0.2235 0.8396 24.2674 5.19 3.01×
TaylorSeer (N = 3, O = 2) 0.2088 0.8329 21.7558 6.08 2.57×
TeaCache (l = 0.4) 0.3117 0.7496 18.7167 6.45 2.42×

LeMiCa (B = 26) 0.0886 0.9354 30.1025 8.21 1.90×
Ours (B = 26) 0.0816 0.9442 31.5304 8.21 1.90×

Qwen-Image 1664×928

Original – – – 45.20 1.00×
LeMiCa (B = 17) 0.1506 0.9234 27.9708 15.94 2.84×
LeMiCa(B = 17)+DCTA 0.1194 0.9344 28.5831 15.94 2.84×
Ours (B = 17) 0.1268 0.9316 27.6859 15.94 2.84×
Ours (B = 17)+DCTA 0.0842 0.9477 28.9992 15.94 2.84×
DiCache (δ = 0.25) 0.0978 0.9420 28.3096 17.26 2.62×
TaylorSeer (N = 3, O = 2) 0.2055 0.8416 20.0409 18.14 2.49×

LeMiCa (B = 25) 0.1192 0.9490 31.5807 23.03 1.96×
Ours (B = 25) 0.0653 0.9711 33.5913 23.03 1.96×

we additionally use VBench [16] to evaluate human preference. We measure
inference efficiency using speedup ratio and inference latency.
Models and baselines. We evaluate on three representative diffusion models:
FLUX.1 [dev] [1], Wan2.1 [40], and Qwen Image [43]. Baselines include Tay-
lorSeer [21], TeaCache [20], DiCache [5], and LeMiCa [11]. Our method pri-
marily focuses on when to refresh cached features; for how to reuse cache at
selected timesteps, multiple design choices are possible. By default, we follow
LeMiCa [11] and reuse the residual cache from the most recent full compu-
tation. On Wan2.1-T2V-1.3B and Qwen Image, we additionally combine our
method and LeMiCa [11] with DCTA (dynamic cache trajectory alignment, pro-
posed in DiCache [5]) to provide a fairer comparison with higher-order cache
reuse methods such as DiCache and TaylorSeer.
Implementation details. For text-to-image generation, we use 200 prompts
from DrawBench [33]. For text-to-video generation, we randomly sample 200
prompts from VBench and conduct evaluations at a resolution of 480×832 with
81 frames. Inference experiments for FLUX.1 [dev] and Qwen Image are con-
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Table 2: Quantitative comparison in text-to-video generation on Wan2.1-T2V-1.3B.
Best and second-best results within the same recomputation budget are highlighted in
bold and underline.

Method LPIPS ↓ SSIM ↑ PSNR ↑ VBench(%) ↑ Latency(s) ↓ Speed ↑

Original – – – 74.80 276.58 1.00×

LeMiCa (B = 17) 0.1622 0.8912 29.5242 73.98 101.73 2.72×
Ours (B = 17) 0.1642 0.8890 29.3016 74.08 101.73 2.72×
Ours (B = 17)+DCTA 0.1242 0.9179 30.6336 74.80 101.73 2.72×
DiCache (δ = 0.2) 0.1594 0.8879 28.2667 74.24 106.72 2.59×
TaylorSeer (N = 3, O = 2) 0.3047 0.7412 20.2040 74.39 113.02 2.45×

LeMiCa (B = 25) 0.1146 0.9345 33.5376 74.53 144.10 1.92×
Ours (B = 25) 0.1133 0.9357 33.5746 74.64 144.10 1.92×
TeaCache (l = 0.07) 0.1291 0.9151 30.4393 74.61 176.44 1.57×

ducted on NVIDIA RTX PRO 6000 96GB GPUs, while Wan2.1-T2V-1.3B is
evaluated on NVIDIA RTX 4090D 24GB GPUs. Unless otherwise specified, the
original (non-cached) inference uses 50 sampling steps. FlashAttention-2 [9] is
enabled by default in all experiments. For FLUX.1 [dev], we disable the classifier-
free guidance (CFG) [14] unconditional branch by default. For Wan2.1-T2V-1.3B
and Qwen Image, the unconditional branch is included at all timesteps, with a
single whitespace character used as the unified negative prompt.

4.2 Comparison with Existing Methods

Quantitative analysis.
Tab. 1 reports text-to-image results on FLUX.1 [dev] and Qwen-Image. Un-

der the same recomputation budget and latency, ERC consistently delivers com-
petitive quality against existing schedulers. On FLUX.1 [dev] at B = 15 (3.23×),
ERC achieves the best PSNR (25.4227). LPIPS/SSIM remain close to LeMiCa
(0.1954/0.8628 vs. 0.1857/0.8637), and ERC clearly outperforms online base-
lines such as DiCache (0.2235, 0.8396, 24.2674) and TeaCache (0.3548, 0.7191,
17.8193). At a milder acceleration (B = 26, 1.90×), ERC obtains the best results
on all three metrics (LPIPS 0.0816, SSIM 0.9442, PSNR 31.5304), showing that
equal-risk partitioning remains effective when quality requirements are stricter.

On Qwen-Image, ERC also shows strong robustness across budgets. At B =
17 (2.84×), ERC improves over LeMiCa on LPIPS/SSIM (0.1268/0.9316 vs.
0.1506/0.9234), while LeMiCa is slightly higher on PSNR (27.9708 vs. 27.6859).
ERC+DCTA further achieves the best fidelity (0.0842, 0.9477, 28.9992), sur-
passing DiCache and TaylorSeer by a clear margin. At B = 25 (1.96×), ERC
again ranks first on all metrics (0.0653, 0.9711, 33.5913), confirming that our
schedule construction generalizes well from aggressive to moderate acceleration
regimes.

Tab. 2 shows similar trends on Wan2.1-T2V-1.3B. At B = 25 (1.92×),
ERC improves over LeMiCa on LPIPS (0.1133 vs. 0.1146), SSIM (0.9357 vs.
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Fig. 4: Qualitative comparison in text-to-video generation. Best viewed zoomed in.

0.9345), PSNR (33.5746 vs. 33.5376), and VBench (74.64 vs. 74.53). At the
more aggressive setting B = 17 (2.72×), plain ERC is close to LeMiCa and
achieves slightly higher VBench (74.08 vs. 73.98), while ERC+DCTA provides
the strongest quality (0.1242, 0.9179, 30.6336) and VBench (74.80). It also sub-
stantially outperforms DiCache (0.1594, 0.8879, 28.2667) and TaylorSeer (0.3047,
0.7412, 20.2040). These results indicate that ERC offers a favorable and stable
quality–speed trade-off across both text-to-image and text-to-video generation.

Qualitative analysis. To demonstrate the visual superiority of our ap-
proach, we provide qualitative comparisons against existing acceleration base-
lines. Fig. 3 illustrates the generated results on state-of-the-art text-to-image
models, including FLUX and Qwen-Image. While achieving significant inference
acceleration, our method maintains exceptional visual fidelity, producing images
that are nearly indistinguishable from the original full inference baseline. In
contrast, as highlighted by the red bounding boxes, alternative caching methods
suffer from severe error accumulation, leading to structural distortions, missing
details, and inconsistencies compared to the original outputs.

Furthermore, we extend our qualitative analysis to the challenging video
generation task using Wan2.1, as shown in Fig. 4. Since video generation is highly
sensitive to temporal feature deviations, baseline methods exhibit noticeable
structural inconsistency with the original video frames (indicated by the red
boxes). Conversely, our approach robustly preserves both spatial details and
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a) Correlation for Probe 𝒍′ = 𝟏 b) Correlation for Probe 𝒍′ = 𝟏𝟏 c) Correlation Across Lengths

Fig. 5: Correlation for different probe lengths l′ on FLUX.1 [dev].

temporal consistency, strictly aligning with the unaccelerated original model
while providing substantial speedups.

4.3 Ablation Studies

Choice of the probe length l′. We instantiate the proxy as r(t) = E(t, l′)
and investigate how the probe length l′ affects the quality of the resulting ERC
schedule. Specifically, we vary l′ ∈ {1, 3, 5, 7, 9, 11}, construct ERC schedules
using the same procedure, and evaluate them under two recomputation budgets
on FLUX.1 [dev].

Tab. 3 shows an overall trend: a moderate probe length l′ works best, while
overly short or long probes degrade performance. At both B = 15 and B = 26,
l′ = 5 achieves the best LPIPS/SSIM/PSNR simultaneously.

Furthermore, Fig. 5 provides the scatter plots for l′ = 1 and l′ = 11, together
with correlations across probe lengths. The accumulated surrogate remains pos-
itively correlated with the 2D ground-truth, but the correlation decreases for
overly short or long probes, with l′ = 11 being the weakest. This observation is
consistent with the results in the Tab. 3: a moderate probe length, e.g., l′ = 5,
gives the best PSNR, while l′ = 1 still outperforms l′ = 11.

A possible explanation is that very short probes may underestimate nonlinear
accumulated errors, while very long probes mix different sensitive regions and
obscure timestep-specific risk. Thus, a moderate probe length better balances
local risk estimation and long-range error accumulation, leading to more effective
recomputation schedules.
Number of offline prompts. We further analyze how many offline prompts
are needed to build a reliable risk proxy r(t). We fix the probing length to l′

and vary the prompt count as P ∈ {1, 5, 10, 20, 50}. For each P , we construct
the proxy with the same pipeline and evaluate the resulting schedule under two
recomputation budgets.

As shown in Tab. 4, performance improves substantially from very small
sample sizes to a moderate size (P = 10). For B = 15, increasing P to 20 or
50 yields slight additional gains, while for B = 26 the results at P = 10, 20, 50
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Table 3: Ablation on the probing cache length l′ for constructing r(t) = E(t, l′) on
FLUX.1 [dev].

l′
B = 15 (3.23×) B = 26 (1.90×)

LPIPS ↓ SSIM ↑ PSNR ↑ LPIPS ↓ SSIM ↑ PSNR ↑

1 0.2333 0.8475 25.2465 0.1199 0.9279 30.8135
3 0.2117 0.8547 25.3649 0.0960 0.9385 31.2367
5 0.1954 0.8628 25.4227 0.0816 0.9442 31.5304
7 0.1990 0.8603 25.0275 0.0891 0.9400 31.1941
9 0.2082 0.8486 24.3353 0.0920 0.9361 30.6320
11 0.2186 0.8415 24.0448 0.0997 0.9284 29.5831

Table 4: Ablation on the number of offline prompts P for constructing r(t) = E(t, l′)
with l′ = 5 on FLUX.1 [dev].

P
B = 15 (3.23×) B = 26 (1.90×)

LPIPS ↓ SSIM ↑ PSNR ↑ LPIPS ↓ SSIM ↑ PSNR ↑

1 0.2350 0.8407 25.2008 0.1080 0.9313 30.6737
5 0.2131 0.8552 25.4343 0.1022 0.9329 30.6291
10 0.1954 0.8628 25.4227 0.0816 0.9442 31.5304
20 0.1936 0.8644 25.5033 0.0820 0.9419 31.2272
50 0.1926 0.8648 25.4993 0.0819 0.9464 31.6257

remain close with only minor fluctuations. This demonstrates that a moderate
number of offline prompts already provides a stable and competitive proxy.
OOD prompt generalization. To further test distribution robustness, we con-
struct an out-of-distribution (OOD) prompt set by sampling 200 prompts from
GenAI [17], disjoint from the DrawBench prompts used in the main experiments.
We keep the same inference configuration as in the FLUX.1 [dev] text-to-image
setting and compare ERC (l′ = 5) with LeMiCa under the same recomputation
budgets B ∈ {15, 26}.

As shown in Tab. 5, at the more aggressive budget (B = 15), the two methods
are close: LeMiCa is slightly better on LPIPS (0.1960 vs. 0.1988), while ERC
achieves higher SSIM/PSNR (0.8689/25.5790 vs. 0.8658/25.0213). At B = 26,
ERC outperforms LeMiCa on all three metrics (0.0822, 0.9491, 31.9375 vs.
0.0921, 0.9383, 29.9245), indicating stronger generalization to unseen prompt
distributions.
Performance in few-step settings. We evaluate our method, MagCache, and
DiCache using DPM-Solver++ 2M with T = 30 on Qwen Image, as shown
in Tab. 6. All methods directly reuse the previous-step residual cache without
DCTA. Since LeMiCa has not released its DAG construction code, we could not
reliably reproduce it for this setting.
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Table 5: OOD prompt evaluation on a 200-prompt GenAI set (disjoint from Draw-
Bench) under the FLUX.1 [dev] setting. Best results are in bold.

Method B = 15 (3.23×) B = 26 (1.90×)

LPIPS ↓ SSIM ↑ PSNR ↑ LPIPS ↓ SSIM ↑ PSNR ↑

LeMiCa 0.1960 0.8658 25.0213 0.0921 0.9383 29.9245
Ours 0.1988 0.8689 25.5790 0.0822 0.9491 31.9375

Table 6: Performance in few-step settings on Qwen Image.

Method LPIPS↓ SSIM↑ PSNR↑ Speed↑

Ours (B = 15) 0.0694 0.9741 34.4771 1.95×
MagCache 0.0708 0.9676 32.6547 1.95×
DiCache 0.0794 0.9655 32.4783 1.88×

5 Conclusion

In this paper, we present Equal-Risk Caching (ERC), a training-free caching
method for accelerating diffusion models. Our method is motivated by an empir-
ical correlation between the expensive ground-truth cache risk and a lightweight
surrogate risk estimated from probing runs. Based on this observation, ERC
constructs refresh schedules by equal-mass partitioning on the cumulative risk
axis, allocating computation adaptively across timesteps. This design reduces
schedule construction complexity from O(T ·L) to O(T ) and maintains practical
flexibility. Experiments on both text-to-image and text-to-video models show an
overall competitive quality–speed trade-off across settings.
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