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Abstract

Controllable generative models have been widely used to im-
prove the realism of synthetic visual content. However, such
models must handle control conditions and content genera-
tion computational requirements, resulting in generally low
generation efficiency. To address this issue, we propose a
Hybrid-Grained Cache (HGC) approach that reduces com-
putational overhead by adopting cache strategies with dif-
ferent granularities at different computational stages. Specif-
ically, (1) we use a coarse-grained cache (block-level) based
on feature reuse to dynamically bypass redundant computa-
tions in encoder-decoder blocks between each step of model
reasoning. (2) We design a fine-grained cache (prompt-level)
that acts within a module, where the fine-grained cache reuses
cross-attention maps within consecutive reasoning steps and
extends them to the corresponding module computations of
adjacent steps. These caches of different granularities can be
seamlessly integrated into each computational link of the con-
trollable generation process. We verify the effectiveness of
HGC on four benchmark datasets, especially its advantages in
balancing generation efficiency and visual quality. For exam-
ple, on the COCO-Stuff segmentation benchmark, our HGC
significantly reduces the computational cost (MACs) by 63%
(from 18.22T — 6.70T.), while keeping the loss of semantic
fidelity (quantized performance degradation) within 1.5%.

1 Introduction

Controllable generative models (Zhang, Rao, and Agrawala
2023; Li et al. 2024) incorporate conditional information
into the content generation process, enabling more pre-
cise and tailored outputs compared to traditional genera-
tive methods. Thus, these models have gained widespread
adoption (Tang et al. 2025b,a; Zhang et al. 2025). However,
during the denoising generation process, these models must
simultaneously compute two critical components: the con-
trol module and the generative module. This dual compu-
tation significantly increases computational complexity and
inference latency, leading to slower generation speeds and
reduced usability.

To investigate the impact of various components in the
controllable generative models on generation efficiency and
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Figure 1: We visualize the intermediate results of adding
conditions at different steps in the controllable generative
model: (a) adding throughout steps, (b) adding only in the
first ten steps, and (c) adding only after ten steps.

quality, we visualize the intermediate results of incorporat-
ing conditions at different stages of the model, as shown in
Figure 1. Where the model (a) applies conditions throughout
all steps, (b) applies conditions only in the first ten steps, and
(c) applies conditions only after the first ten steps.

Comparing (a) and (b), the image structure increasingly
aligns with the conditional image during the latter stages of
the model’s denoising process, indicating lower computa-
tional demands at this point. However, comparing (a) and (c)
reveals that omitting the conditional image constraint early
on results in significant differences in the final output. Ad-
ditionally, the discrepancies between (b) and (c) underscore
the critical influence of when the conditional image is intro-
duced. This suggests that establishing the semantic structure
early is essential, though its importance diminishes signifi-
cantly during the later stages of detail generation. These re-
sults show that there are a lot of redundant calculations in
controllable generative models, and not every step requires
the introduction of conditional calculations.

To reduce the computational complexity of the model, re-
cent methods have introduced caching mechanisms. For ex-
ample, Faster Diffusion (Li et al. 2023a) employs temporal-
aware optimization, leveraging the gradual evolution of en-
coder features compared to rapidly changing decoder fea-



tures across timesteps. It selectively skips encoder com-
putations and reuses cached decoder outputs. DeepCache
(Ma, Fang, and Wang 2024) targets structural redundancy
in denoising paths, exploiting deep-layer feature similarity
to bypass recomputation through intelligent caching while
preserving shallow-layer updates. T-GATE (Zhang et al.
2024b) accelerates attention mechanisms by caching sta-
bilized cross-attention outputs after convergence, minimiz-
ing redundant calculations. However, directly implement-
ing caching in this model may compromise control fidelity,
as the control module interacts closely with the generative
module, requiring intensive computations. Research (Kar-
ras et al. 2022) indicates that the generative module’s com-
putational demands surge in later stages, focusing on refin-
ing fine-grained details during the final denoising steps. To
address this, we propose Hybrid-grained Caches (HGC),
which combines block-level caching for stage-wide effi-
ciency with prompt-level caching for granular optimization.

First, we introduce a block-level caching strategy to
speed up the generation process of the controllable genera-
tive model. Specifically, we compute the similarity between
block outputs to pinpoint the moment when the structure
changes the most, and cache the state at this critical mo-
ment to preserve the intermediate representation of the for-
mer stage (where the conditional image has the greatest im-
pact). Reusing these cached blocks in subsequent steps can
eliminate redundant computations in stages that focus on de-
tail refinement rather than structure redefinition. It reduces
computational overhead by avoiding repeated processing of
the conditional image in all stages, while ensuring that the fi-
nal output is consistent with the expected guidance by main-
taining early semantic integrity. These operations are used
in both the control module and the generative module, but
in the generative module, we introduce two control ratios
to adjust the cache strength between different modules and
denoising stages. Although block-level caching reduces re-
dundant computation by reusing early structural representa-
tions, it still requires processing the entire block computa-
tion (including the cross-attention layer and multi-layer per-
ceptron (MLP)). Therefore, to further reduce the computa-
tional cost, we propose a prompt-level caching strategy that
achieves intra-block performance savings by focusing on the
cross-attention mechanism. By analyzing the similarities be-
tween cross-attention outputs of adjacent blocks, we identify
moments of minimal change and cache these states at key
points, enabling the network to skip repeated computations
without sacrificing image quality. This cue-level cache com-
plements the block-level cache by storing and reusing cross-
attention states, reducing the need to recompute these out-
puts and their associated multi-layer perceptrons (MLPs),
and further reducing computational overhead while main-
taining early semantic fidelity.

We define block-level caching as a coarse-grained cache,
and correspondingly, prompt-level caching is defined as a
fine-grained cache. These caches, with varying granulari-
ties, seamlessly integrate into each stage of the controllable
generation process to enhance computational efficiency. Our
contributions are threefold:

* We propose a coarse-grained cache that adjusts intervals
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based on feature similarity across steps, reducing over-
head in structural synthesis while keeping quality.

* We design a fine-grained cache that reuses stable cross-
attention maps across denoising steps using temporal
similarity to skip redundant steps and keep precision.

* Our HGC reduces MACs by approximately 63% across
diverse datasets and tasks, achieving comparable quality
while significantly boosting model speed.

2 Related Work

In this section, we briefly introduce the controllable genera-
tive models and the related acceleration methods.

2.1 Controllable Generative Models

Ho et al. (Ho, Jain, and Abbeel 2020) introduced the Denois-
ing Diffusion Probabilistic Model (DDPM), laying a robust
foundation for iterative denoising in diffusion-based gener-
ative models. Dhariwal and Nichol (Dhariwal and Nichol
2021) added classifier guidance to direct sampling toward
specific attributes, while Ho et al. (Ho and Salimans 2022)
advanced this with classifier-free guidance, embedding con-
ditions directly into the model for enhanced flexibility and
sample quality. For spatially conditioned synthesis, Zhang
et al. (Zhang, Rao, and Agrawala 2023) extended text-to-
image diffusion models with ControlNet, enabling precise
geometric control, later improved by ControlNet++ (Li et al.
2024) through consistency feedback to minimize artifacts. In
text-to-image generation, latent diffusion models like Sta-
ble Diffusion (Rombach et al. 2022) and Imagen (Saharia
et al. 2022) achieved high-fidelity synthesis by embedding
text prompts in compact latent spaces, balancing semantic
control and efficiency. Video Diffusion Models (VDM) (Ho
et al. 2022) adapted these methods for temporally consis-
tent video synthesis, supporting text or frame-based condi-
tioning for dynamic storytelling. In 3D generation, Poole et
al. (Poole et al. 2022) proposed Score Distillation Sampling
(SDS), using 2D diffusion priors to optimize 3D assets like
neural radiance fields. Domain-specific applications, such as
MedSegDiff (Wu et al. 2024), customized diffusion for med-
ical image segmentation with anatomical constraints.

2.2 Model Acceleration

Common methods for accelerating in diffusion models are
grouped into four categories: pruning, quantization, effi-
cient sampling, and caching. Pruning simplifies models
by removing less essential components while maintaining
performance. It is divided into unstructured pruning (Dong,
Chen, and Pan 2017; Zhu et al. 2025c¢), which masks indi-
vidual parameters, and structured pruning (Liu et al. 2021;
Wang et al. 2020), which removes larger structures such as
layers or filters. For example, DiP-GO (Zhu et al. 2025a)
uses a plugin pruner to optimize constraints for better syn-
thesis quality, and DaTo (Zhang et al. 2024a) dynamically
prunes low-variance tokens to enhance temporal feature dy-
namics in self-attention. Quantization compresses models
by representing weights and activations in lower-bit for-
mats. Key approaches include Quantization-Aware Training
(Bhalgat et al. 2020; Zhu et al. 2024b), which integrates
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Figure 2: Controllable Generation with our Hybrid-grained Caches (HGC), where the coarse-grained cache performs either
full or partial caching of blocks across different steps. The fine-grained cache is governed by the gate step, which activates the
cache of cross-attention maps at their respective steps.

quantization during training, and Post-Training Quantiza- to reduce errors in future caching.
tion (PTQ) (Li et al. 2021; Zhu et al. 2025b), which quan-
tizes pre-trained models without retraining. For example, Q- 3 Method

Diffusion (Li et al. 2023b) improves calibration with time

. : A . In this section, we first introduce the preliminaries of con-
step-aware sampling and a noise-prediction quantizer. Ef-

trollable generative models, and then describe our accelera-

ficient sampling encompasses two paradigms: retraining- tion strategy Hybrid-Grained Cache (HGC) in detail.
based optimization and sampling-algorithm enhancement.
Retraining methods, such as knowledge distillation (Sali- 3.1 Preliminaries

mans and Ho 2022; Zhu et al. 2024c; Wang et al. 2018),
modify architectures for fewer-step generation but require
additional training resources. Training-free methods refine
sampling dynamics. For instance, DDIM (Song, Meng, and
Ermon 2020) accelerates inference with non-Markovian de-
terministic trajectories, while DPM-Solver (Lu et al. 2022)
uses high-order solvers to reduce steps theoretically. Con-
sistency models (Song et al. 2023; Zhu et al. 2024a; Guo
et al. 2019) enable single-step sampling via learned transi-

Controllable generative models comprise two components:
the control module and the generative module, where the
control module processes conditional information and feeds
it to the generative module for targeted content generation.
Control Module acts as the conditional interface, direct-
ing the generation process by processing external guidance
signals, such as edge maps or segmentation masks. Given a
conditional image (I©), noise (z), and prompt text (P), it

tion mappings. Caching accelerates generation by reusing uses T calculation steps (S© = {s{ ¢T=01) to encode these
computations. It falls into two categories: rule-based meth- content, where each step contains an encoder and mid-block
ods (Selvaraju et al. 2024; Ma, Fang, and Wang 2024; Qiu, calculation layer (s{ = [ef, m{]). Thus, the control output
Lu, and Wang 2025), which reuse or skip specific step- (OF) of each step can be formulated as:

s/blocks based on sampling-induced feature variations, and

e Of = [0Y,,05, ]
training-based methods (Ma et al. 2024), where models learn i

e, Ym,i

to bypass non-critical modules. These are widely adopted in — [eZC( I€ + 2 p), m?(ef?( I€ + 2 P)). b
DiT architectures(Liu et al. 2025; Zheng et al. 2025; Zou

et al. 2024) due to their consistent data dimensionality dur- Finally, the outputs are used to guide the generation process.
ing sampling. U-Net-based methods like DeepCache (Ma, Generative Module, typically a pre-trained model, han-
Fang, and Wang 2024) and Faster Diffusion (Li et al. 2023a) dles the core synthesis process. It consists of 7'¢ generation
achieve low-loss computation skipping via feature reuse. steps (S¢ = {s¥ inl), and each generation step contains
Adapting cache to DiTs is challenging, but Fora (Selvaraju encoder block e®, mid-block m©, and decoder block dC.
et al. 2024) reuses attention or MLP layer outputs across de- Therefore, the generation process can be defined as:

noising steps, and A-DiT (Chen et al. 2024) targets specific

blocks. EOC (Qiu et al. 2025b) and GOC (Qiu et al. 2025a) IS = p(IS|I%: ) = 8%a(s5a_,(2;P)), (2
proposes method that determines when caching steps require G GG Cr G .
optimization and leverages gradients in the caching process where s%(z; P) = d~([e”;m"(e”(2; P))]), p is a pre-

diction function and [; | denotes the concatenation of features
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along the channel dimension. As for controllable generation,
the control information generated by the control module is
used in each step of the calculation process. Specifically, e’
and m¢ in of are loaded into the existing s$* calculation:

si(z;P) = df ([e% +€f; (m§ +mf) (ef (2: P))]). (3)

Our Hybrid-grained Caches (HGC) is built on the con-
trollable generative model. The pipeline is shown in Fig-
ure 2. The Block-Level Cache focuses on the former steps of
the control module, where the features stabilize and become
less sensitive to changes. This cache strategy eliminates re-
dundant computations, improving the overall efficiency of
the model. In the generative module, the Block-Level Cache
improves computational efficiency by controlling the fre-
quency of updates to the model’s blocks. The process is di-
vided into two stages, with two parameters Aiptra and Ajpger
governing the cache density at different levels. On the other
hand, the Prompt-Level Cache is introduced to address re-
dundancy in prompt signal processing. By reusing cross-
attention features, the model reduces computational costs
while preserving the fidelity of prompt-specific information
throughout the generation process.

3.2 Block-Level (Coarse-grained) Cache

Control Module primarily focuses on the former half of the
steps, and the calculation of the latter half has little effect
on the overall generated results. Therefore, we directly dis-
card computations in the latter steps and focus solely on the
characteristics of features in the former steps.

Denoting the output of all steps of the control module as

0° = {of ZT:Cl , we calculate the similarity between the out-
puts before | T /2] steps by cosine similarity:

afj = Cosine(of, ojc),
_ }( <0S,z‘aog,j> <O$n,i’09n,j> ) “
2 Hogz”HOSz” ||Ogrm||||ognz|| 7

wherei =1,---,|T¢/2]andj =i+ 1,---,[TC/2]. (-,-)
is the inner product between two vectors.

Then we find the most influential step 7€ based on the
similarity score between each step and all the subsequent
steps. Specifically, denoting the similarity score set of the
i-th step and subsequent steps as:

&)

Then, we determine whether all similarity scores in this step
are greater than the threshold 6: a > 6, where Va$’ € A¢.
If the step satisfies all the conditions, we define this ¢-th step
as the cached 7€ step and use it in the control module. In
other words, we cache the control output at step 7€ and re-
place the control outputs for all subsequent steps with the
cached output OSC:

c_ C c c
AP =05501,0549, » @i | TC/2)"

3

of « 0%,j=7"+1,--,[T2]. (6)
If the ¢-th step does not satisfy the above conditions, we con-
tinue to judge the next (i + 1)-th step until the | 7€ /2] step.
This strategy helps us optimize the generation process by
preventing redundant calculations in the control module.
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Generative Module typically uses an interval-based cache
strategy (Ma, Fang, and Wang 2024). It updates the cache
every N time steps:

{88 1, 88 v 1} < 8, i=1,14+N,142N,--- . (7)

However, this full-scale brute-force caching will be unsta-
ble during the detailed calculation process. Therefore, we
divide the generative module into the former and the latter
parts, just like similar operations in the control module, and
design two balance parameters (Aiptra and Ajpter) to control
the caching strength of different steps. Specifically, Ajntra 1S
used to control the relative cache density between different
blocks throughout the former steps. Thus, the cache inter-
val for the mid-blocks m“ and decoder blocks d® in the
generative module is defined as:

Nintra =N- )\intraa (8)

where Aintra € (0, 1] controls the compression ratio. As
Aintra increases, the frequency of updates for the control
module output into the generative module decreases. Con-
versely, a smaller \jnt;, results in more frequent updates.
Then, the cache used in the former steps can be formulated
as two parts, one of the full cache of the encoder blocks:

{efi .- ey 1} el i= 1,1+N,1+2N,--.(.9)
And the partial cache of the mid-blocks and decoder blocks:
{micj,-lf" amicj-N« _1}%7’1’7]?,

G G intra G (10)
{diy, - diin,,,. 1) < di,

where ¢ = 1,1 + Ningra, 1 + 2Nintra, = - -

As for the latter steps, we introduce a scalable cache in-
terval via a hyperparameter \ipe, as the generative module’s
high computational demands for refining fine-grained details
limit its caching capacity. Thus, the cache operation used in
the latter steps can be rewritten as:

G G G
{81 ,Si+1vimer—1} S8, (11)

where Nipter = N - Ainter> and i = |T¢/2],|T€/2] +
Nintera |_TC/2J + 2Nintera -+ +. Similar to the >\intra’ )\inter €
(0, 1] adjusts the cache interval ratio based on the module’s
computational requirements.

3.3 Prompt-Level (Fine-grained) Cache

Control Module consists of the encoder block and mid
block. These blocks have been proven to change minimally
during the calculation (Li et al. 2023a). Thus, we opt to
cache the cross-attention features at the first computation
step of the control module. Denoting the cross-attention fea-
tures of the first computation step in s{ as £, we reuse the
FC in the subsequent steps:

fe— fCi=1,.---,TC.

Generative Module uses the cross-attention guiding the
model to generate images aligned with the textual input.
However, as described in T-GATE (Zhang et al. 2024b): the
outputs of cross-attention tend to converge after a few infer-
ence steps, leading to redundancy in its computational use

12)



Dataset Method ControlNet ControlNet++
FID, CSt \ MACs] L.} S. FID, CS7 \ MACs] L.} S.

NoCache 38.13 31.10 | 18.22T 5.24s 1.00x | 30.51 31.96 | 18.22T 5.24s 1.00x

- ADE20k DeepCache | 38.74 3098 | 9.30T 3.03s 1.73x | 2991 31.84 | 9.30T 3.03s 1.73x
g T-GATE 37.92 30.79 | 13.51T 427s 1.23x | 28.12 31.77 | 13.51T 427s 1.23x
g HGC 3944 3026 | 6.70T 2.60s 2.02x | 2893 3157 | 6.70T 2.60s 2.02x
a NoCache | 22.50 31.85 | 18.22T 5.24s 1.00x | 19.99 32.37 | 1822T 5.24s 1.00x
3 COCOStuff DeepCache | 22.98 31.80 | 9.30T 3.03s 1.73x | 2046 32.36 | 9.30T 3.03s 1.73x
T-GATE 2215 3140 | 13.51T 4.27s 1.23x | 19.03 31.99 | 13.51T 4.27s 1.23x

HGC 2293 30.82 | 6.70T 2.60s 2.02x | 20.29 31.52 | 6.70T 2.60s 2.02x

NoCache | 21.22 32.13 | 18.22T 5.24s 1.00x | 20.14 31.75 | 18.22T 5.24s 1.00x

& Multi-20M DeepCache | 20.69 32.04 | 9.30T 3.03s 1.73x | 19.38 32.04 | 9.30T 3.03s 1.73x
E T-GATE 20.43 31.44 | 13.51T 427s 1.23x | 19.11 31.06 | 13.51T 4.27s 1.23x
HGC 20.81 30.97 | 6.70T 2.60s 2.02x | 19.15 30.63 | 6.70T 2.60s 2.02x

NoCache 19.84 32.32 | 18.22T 5.24s 1.00x | 1594 32.33 | 1822T 5.24s 1.00x

'«2 Multi-20M DeepCache | 20.58 32.08 | 9.30T 3.03s 1.73x | 16.23 3229 | 9.30T 3.03s 1.73x
5 T-GATE 19.54 3122 | 13.51T 4.27s 1.23x | 1439 31.51 | 13.51T 4.27s 1.23x
HGC 21.87 30.55 | 6.70T 2.60s 2.02x | 17.26 30.90 | 6.70T 2.60s 2.02x

Table 1: Main results of three conditions on ControlNet, ControlNet++, where bold denotes the best performance, and underline

indicates the second-best.

during the latter steps of image generation. Thus, we intro-
duce a gate step 7¢ = |TC/2|. Here, we split the data fed
into the model into two parts, one for prompt calculation and
the other for non-prompt calculation. We fuse the results of
these two parts in the 7 step. Denoting the results of the
cross-attention combined with the prompt and without the

G G . .
prompt as f;,TG and fgp,TG, respectively, the fusion opera-
tion can be formulated as:

RQ1: Is Hybrid-grained Caches (HGC) effective?
RQ2: What hyperparameter should be selected?
RQ3: Can HGC be applied to other models?

4.1 Experiment Settings

Models and Datasets. We utilize two baseline models in
our experiments: ControlNet (Zhang, Rao, and Agrawala
2023) and ControlNet++ (Li et al. 2024). These models have

G G
Ji f%se = ( ;:,TG + ;p,TG)/ 2. 13) similar architectures, including control modules and gener-
For subsequent steps i = 7C,7C + 1,--- , TS, we reuse ation modules. We tested our method on several datasets:
#S_to reduce the calculation (,:ost: ’ L ADE20K (Zhou et al. 2017) and COCOStuff (Caesar, Ui-
fuse jlings, and Ferrari 2018) for generation with segmentation
8 fioee (14) mask conditions, and the MultiGen-20M dataset from Uni-

To further enhance efficiency, we halve the batch size in
Control and Generative modules during the fusion phase,
significantly reducing memory overhead without compro-
mising generation quality. Specifically, During inference
with batch size n, the actual processing requires 2n com-
putations (n for f;jc and n for fng’TG). At step 7, we
cache both attention maps and subsequently replace the
dual computations with a fused version f&_, this fusion
reduces the computational batch size from 2n back to n,
halving the batch size. Notably, for subsequent steps ¢ =
76,78 41,--- , TG, although the cache interval decreases
to accommodate fine-grained detail refinement, the actual
computational overhead remains minimal due to the batch
size halving operation.

4 Experiment
In this section, we conduct experiments to evaluate the per-
formance of our proposed hybrid-grained cache (HGC). We
intended to address the following research questions (RQ):
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Control (Qin et al. 2023), a subset of LAION-Aesthetics
(Schuhmann et al. 2022), for generation of canny edge map
and depth map conditions. For datasets lacking text cap-
tions, such as ADE20K, we use MiniGPT4 (Zhu et al. 2023)
to generate one sentence image caption with the prompt:
“Please briefly describe this image in one sentence.” Then,
we use this caption as the prompt to evaluate our method.
Cache Settings. In our method, we set the number of steps
in the control module 7'C and the generative module 7 to
20. For Block-level Cache, we set the similarity threshold 6
to 0.9, which results in a cached step 7¢ = 6. In the gen-
erative module, we use a base cache interval N = 5, with
Aintra = 0.4 and Ajpter = 0.6 to control the caching behav-
ior. For Prompt-level Cache, we get the gate step 7¢ = 10,
which determines when the model switches to caching the
fused attention maps. Additionally, for DeepCache (Ma,
Fang, and Wang 2024), we set its cache interval to 5, and
for T-GATE (Zhang et al. 2024b), we set the gate step to
5. The complete set of hyperparameters and implementation
details is available in the source code.



Method | MACs] FID| CSt
NoCache 18.22T 19.99 32.37
DeepCache | 8.03T 24.84 31.68
T-GATE 10.23T 17.32 30.88
HGC 6.70T 2029 31.52

Table 2: Comparison of different acceleration methods.

6 | 7C | FIDL CSt | MACs|
0 | 1 3092 3126 | 553T
09| 6 | 2893 3157 | 670T
10 | 10 | 2872 3156 | 7.63T

Table 3: Comparison of different threshold 6.

Evaluation. The images are generated using DDIM (Song,
Meng, and Ermon 2020) with a predefined 20 inference
steps with guiding scale (7.5) and resized to 512 x 512 res-
olution. We employed metrics such as Fr’echet Inception
Distance (FID) and CLIP Score (CS) to measure the qual-
ity of generated images. To evaluate the efficiency, we use
Calflops to count Multiple-Accumulate Operations (MACs).
Furthermore, we measure the end-to-end latency (£.) and
Speedup (S.) for processing a batch of 4 samples on a sys-
tem powered by one NVIDIA RTX 3090 GPU.

4.2 Main Results (RQ1)

We employed two generative models with three distinct con-
ditions (segmentation, edge, and depth maps) for our ex-
periments. Results are presented in Table 1. We can find
that our HGC helps the model achieve a speed improvement
while maintaining comparable generation quality. Specifi-
cally, compared to the 1.73x acceleration of DeepCache,
HGC achieves a 2.02x acceleration (16.8% 1). As for qual-
ity analysis, for the metric FID, the gap between HGC and
DeepCache is controlled within 2% for most tasks, with only
the depth task showing a gap of around 6%.

Meanwhile, we aligned the acceleration ratios of T-
GATE, DeepCache, and HGC to compare the quality of im-
ages generated using the COCO-Stuff-Seg dataset with Con-
trolNet. We ensured that the computational requirements
(MACs) for T-GATE, DeepCache, and HGC were nearly
identical. As shown in Table 2, HGC outperforms other
methods in generation quality under similar computational
budgets. Although T-GATE achieves the best FID score, its
CLIP Score is lower, indicating reduced alignment between
generated images and their prompts. Notably, we set T-
GATE’s gate step to 3, exceeding the recommended range in
the original T-GATE paper, suggesting HGC offers greater
acceleration potential than both T-GATE and DeepCache.

4.3 Ablation Studies (RQ2)

In this section, we conduct experiments on ADE20k with
segmentation mask and analyze the impact of various hy-
perparameters in our method. Specifically, we vary the target
parameters while keeping all other parameters constant.
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Aintra | FIDL  CST  MACs]
0 |2886 31.68 84I8T
04 |2893 3157 6.70T
1.0 | 2904 3149 5.826T

Table 4: Comparison of different parameter A;ptra.

Ainter | FIDL  CST  MACs]
0 | 2844 31.64 86IT
0.6 | 2893 3157 6.70T
1.0 | 3049 3140  6.06T

Table 5: Comparison of different parameter Aipter.

Selection of . As shown in Table 3, we evaluate threshold
values 6 € {0,0.9, 1.0}, which yield corresponding caching
steps 7€ = {0,0.4,1.0}. When 6 is set too low, the qual-
ity of the generated images significantly decreases, as ev-
idenced by the FID increasing from 28.93 to 30.92, a in-
crease of 6.88%. This suggests that when threshold is too
small, the model reaches the caching step too early, leading
to less precise feature processing and a noticeable decline in
image quality. On the other hand, setting 6 too high results in
computational redundancy. For example, increasing 6 from
0.9 to 1.0 increases the computational cost (MACs) by 1T,
but the image quality remains almost unchanged, with FID
only improving slightly from 28.93 to 28.72. This indicates
that excessively large thresholds lead to unnecessary com-
putations, with diminishing returns in image quality.
Selection of \;,;;.. As shown in Table 4, we evaluate three
distinct values of Aiptra € {0,0.4,1.0}. Quantitative analy-
sis reveals a consistent performance degradation trend: the
FID score increases from 28.86 to 29.04 while the CLIP
Score decreases from 31.68 to 31.49 as A, varies from
0 to 1.0. This inverse correlation between Ay, and gener-
ation quality suggests that excessive dependency on cached
features (higher Aintra) compromises the model’s ability to
maintain optimal image fidelity.

Selection of \;,¢c-. As shown in Table 5, we evaluate three
values 0, 0.6 and 1.0 for the ratio Ajpter. When Ajpger in-
creases, the image quality decreases. Specifically, when
Ainter increases from 0 to 0.6, the change in quality is min-
imal, with the FID increasing slightly from 28.44 to 28.93
and the CLIP Score decreasing from 31.64 to 31.57. How-
ever, when Ajpter increases from 0.6 to 1.0, there is a sig-
nificant drop in image quality, with FID increasing to 30.49
and CLIP Score decreasing further to 31.40. This indicates
that higher values of Aj,er lead to a more severe decline in
generation quality, while speed only improves slightly.
Different Caching Components. As shown in Table 6, all
four independent components successfully reduced compu-
tational costs while maintaining generation quality compa-
rable to the Baseline. From an internal comparison perspec-
tive, the acceleration achieved for the generative module at
the same granularity level was more substantial than that for
the control module, which aligns with the fact that the gen-
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Figure 3: The visualization of the generation with or without HGC: (a) and (b) generation with segmentation condition. (c)
generation with edge map. (d) generation with the depth map.

Method | MACs| FID] CSt
NoCache 18.22T 19.99 32.37
GM Block 12.09T 19.75 32.40
CM Block 1495T 20.86 32.22
GM Prompt | 13.51T 19.14 31.99
CM Prompt | 15.77T 20.27 32.19
HGC 6.70T 19.15 31.52

Table 6: Comparison of cache strategy performance across
different cache components, where GM denotes the genera-
tive module and CM refers to the control module.

Method | MACs| FID|

NoCache | 48.29T 11.03
HGC 28.88T 11.70

Table 7: Comparison of video generation performance be-
tween baseline and HGC approaches.

erative module accounts for the majority of computations
in Controllable Generation. From a granularity perspective,
coarse-grained approaches demonstrated greater accelera-
tion potential compared to fine-grained methods.

4.4 Exploration on Video Generation (RQ3)

We extend the evaluation of our HGC method to video
generation tasks by integrating it with the CTRL-Adapter
framework (Lin et al. 2024), using DAVIS 2017 dataset
(Pont-Tuset et al. 2017). As shown in Table 7, our ap-
proach achieves a significant 40% reduction in computa-
tional cost (from 48.29T to 28.88T MAC:s for 14-frame gen-
eration) while maintaining reasonable output quality, with
the FID score increasing from 11.03 to 11.70. This acceler-
ation demonstrates the effectiveness of our caching strategy
for video generation tasks, where the trade-off between com-
putational efficiency and visual fidelity remains within ac-
ceptable limits. Results suggest that our method can be suc-
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cessfully adapted to sequential generation tasks while pre-
serving its core advantages in computational reduction.

4.5 Visualization

Visualization results are shown in Figure 3, which includes:
(a) ADE20K dataset with segmentation masks, (b) COCO-
Stuff dataset with segmentation masks, (c) MultiGen-20M
dataset with Canny edges, and (d) MultiGen-20M dataset
with depth maps. Our comparative analysis under identi-
cal control images and prompts reveals that NoCache and
HGC methods generate images that faithfully align with the
structural and thematic requirements of the input constraints.
However, close inspection highlights HGC’s subtle trade-off
between efficiency and micro-detail fidelity: while it retains
macro-structural integrity, it exhibits reduced precision in
high-frequency details such as wood grain textures, shadow
gradations around televisions, and fine textural patterns in
clothing. This discrepancy stems from HGC’s block-level
cache mechanism—reusing intermediate features across de-
noising steps inherently smooths out transient details ac-
cumulated through iterative refinement. Despite this, HGC
achieves comparable visual coherence to NoCache in all
evaluated scenarios, successfully balancing computational
efficiency with perceptually acceptable quality degradation.

5 Conclusion

We propose HGC, a dual-level cache framework acceler-
ating controllable generation through joint optimization of
prompt-level and block-level cache mechanisms. Experi-
ments show HGC achieves nearly 2x speedup across di-
verse control tasks while maintaining output quality. How-
ever, limitations emerge in geometrically complex scenar-
i0s, where 3-5% CLIP Score degradation occurs due to in-
sufficient adaptability of cached cross-attention maps dur-
ing rapid scene transitions. These challenges highlight di-
rections for future work, particularly developing variance-
aware adaptive scheduling and attention-guided dynamic
cache invalidation strategies. Future work will explore more
general acceleration techniques to reduce performance loss.
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