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ABSTRACT
Text-to-image diffusion models often use a fixed number
of denoising steps, balancing time costs and image qual-
ity. However, the optimal number of steps depends on the
complexity of the input text prompt. We propose an adap-
tive diffusion controller that dynamically adjusts the number
of steps to generate high-quality images efficiently, without
additional model training. By leveraging a mixture of step
schedules with varying step sizes and evaluating the error
term discrepancy at each timestep, our method transitions
between schedules to optimize performance. Experiments
on COCO and DiffusionDB show that our approach reduces
inference time while maintaining visual fidelity, offering a
more efficient alternative for text-to-image diffusion models.

Index Terms— Diffusion models, efficient AI

1. INTRODUCTION

Diffusion models have showcased an impressive ability to
create high-diversity and high-quality images from textual de-
scriptions [1, 2]. One of the primary challenges with diffusion
models is the high computational time incurred during the in-
ference process. Knowledge distillation and neural architec-
ture search techniques have been implemented to decrease the
required number of time steps in the generation process [3, 4].
However, these require supplementary training of models. In
addition, these methods typically use a fixed number of diffu-
sion steps without considering the specific needs or complex-
ity of the task. This one-size-fits-all approach to the denois-
ing schedule overlooks the nuanced dynamics of the diffusion
process, which can lead to either redundant computation or
potentially immature results. As illustrated in Figure 1, the
optimal number of steps is affected by the initialization of the
noisy image, i.e. the random seed, and the text prompt. No-
tably, the dependence of the optimal time step schedule for the
specific generation task has also been acknowledged by pre-
vious works [5]. In this paper, we address this inefficiency by
proposing an adaptive controller designed to allocate a mini-
mal number of steps required to achieve visually satisfactory
results for each text prompt. This allows better visual quality
retention while improving time efficiency, rather than simply
reducing the fixed schedule for all images. We named our ap-
proach as Adaptive Diffusion Step Controller (ADSC). ADSC

Fig. 1: Effect of text prompt and seed combinations on diffusion
steps for generating visually sufficient images. Step counts shown
are examples; optimal steps may vary.

does not require additional model training and functions by
monitoring the convergence of the generation process during
runtime to adjust the schedule accordingly. We postulate that
the cosine distance between the conditional and unconditional
update directions can serve as a heuristic for estimating con-
vergence. When the cosine distance is large, indicating that
the content described by the text prompt has not been gener-
ated in the denoised image yet, our scheduler opts for taking
smaller step sizes to refine the generative process with finer
granularity. Conversely, when the distance narrows, we in-
fer that such content information is already contained in the
image; thus taking larger step sizes are employed, expediting
the overall process without compromising the image quality.
Our observations reveal a discernible pattern where the co-
sine distance between update directions is initially substan-
tial, reflecting the high entropy in the early stages that the
diffusion process has not converged and the denoised image
has not aligned with the text prompt. This distance typically
diminishes as the process unfolds, permitting the scheduler to
incrementally increase the step size.

To validate the efficacy of our proposed method, we
conducted extensive experiments on two well-established
datasets: COCO [6] and DiffusionDB [7]. For evaluation
metric, we utilize a variant of the CLIP score [8]; namely
CLIP-I [9], and also the DINO metric [10, 9]. These metrics
mainly compare the feature-space projections of the gener-
ated and reference images. The experimental results reveal
that our adaptive approach can effectively reduce the average
number of timesteps required to generate images from a given
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sequence of text prompts, in some cases by more than 50%,
all while maintaining the visual quality.

2. RELATED WORK

To direct the generative process towards predetermined at-
tributes or categories, external classifiers were incorporated to
diffusion models but this requires the training and integration
of distinct classifier models. Classifier-free diffusion guid-
ance [11] effectively tackles this by embedding the guidance
mechanism within the diffusion model itself, eliminating the
need for an external classifier. Subsequent studies have en-
hanced the image generation process more precisely by guid-
ing the internal representations within the diffusion models
to control attributes like shape, location, and appearance of
objects [12] and also by incorporating additional inputs such
segmentation maps, keypoints and bounding boxes to intro-
duce spatial conditioning controls [13, 14]. Due to the iter-
ative nature of the denoising process, diffusion models face
a significant issue in that they require a considerable amount
of computational time during the inference process, as mul-
tiple forward passes are needed for each image generation.
To tackle this challenge, efficient solvers such as DDIM [15],
PNDM [16] and LMS [17] has been introduced to accelerate
the sampling process. In addition, architectural compression
[4], quantization [18], and knowledge distillation techniques
have been implemented to decrease the required number of
time steps in the generation process [3, 19]. Recently, Denois-
ing Diffusion Step-aware Models (DDSMs) [20] have been
developed, utilizing neural networks of varying sizes tailored
to the specific demands of different stages of the generation
process. The main drawback of these techniques is the need
for supplementary training of models specifically for distilla-
tion, as well as the requirement to undertake searches for the
most effective model architectures [5]. Furthermore, these
methods employ a fixed number of diffusion steps, overlook-
ing the need to adapt to the distinct challenges posed by dif-
ferent prompts.

3. ADAPTIVE DIFFUSION STEP CONTROLLER

Our Adaptive Diffusion Step Controller (ADSC) encom-
passes two key technical components. First, we establish a
diffusion step schedule control space within which our ADSC
operates. This space is comprised of various schedules with
distinct step lengths, enabling the controller to determine an
optimal configuration by intelligently blending these sched-
ules. Importantly, the step schedule control space allows
each generation task to be completed in a varying number of
steps, depending on the requirements of the generation task.
Secondly, we introduce a heuristic criterion that guides the
ADSC controller in crafting schedules tailored to each text
prompt. This criterion strives to estimate the convergence
of the diffusion process by monitoring the cosine distances
between the conditional and unconditional noise estimations
of the diffusion model.

3.1. Heterogenous schedule control space
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Fig. 2: The denoising process begins with the longest schedule (e.g.,
40 steps in the example) and transitions to shorter schedules (20 fol-
lowed by 10) upon detecting convergence.

The control space consists of K schedules, each with a
varying number of steps, denoted as Sk = {tk1 , tk2 , ...tkNk},
where |Sk| = Nk represents the number of steps in schedule
k ∈ [1,K]. The difference in time units between the steps
in each schedule is distinct, resulting in diverse step sizes
across the schedules. The controller initiates the execution
by following the schedule with the most number of steps. It
transitions to the corresponding step in the subsequent sched-
ule whenever convergence is flagged. Each schedule Sk has
fewer steps and consequently larger step sizes compared to
the previous one :

Nk >Nk+1 (1)

tk+1
i+1 − tk+1

i > tkj+1 − tkj > 0; ∀i ∈ [1, Nk+1), ∀j ∈ [1, Nk)

(2)

This is motivated by the presumption that as the diffusion
process converges and a major portion of the content infor-
mation has been generated, the estimation error incurred by
taking larger steps could have less impact on the final im-
age quality.Moreover, the control space can be represented by
C = {S1, S2, ..., SK}. When the transition criterion is met
during the execution of the tki timestep of a certain schedule
Sk, the controller transitions to the subsequent schedule and
resumes diffusion starting from the timestep tk+1

j that is clos-
est to tki , i.e.

j = argmin
j′

|tk+1
j′ − tki | (3)

Finally, the set of all possible mixtures of schedules that can
be generated by the controller through its exploration on the
control space, can be formulated as:

M =

K⋃
k=1

{tkst, . . . , tkend}; tk1 ≤ tst ≤ tend ≤ tkNk (4)

where tkst and tkend denote the starting and ending timesteps,
respectively, of the selected segment from schedule k. The
overall process is explained in pseudo-code format in Alg. 1.



Algorithm 1 Control Process of the ADSC Controller
1: Input: Control space C = {S1, S2, ..., SK}
2: Output: Mixed step schedule m
3: m← ∅, k ← 1, i← 1 ▷ Start with the longest schedule
4: while tki < tk

Nk do
5: if convergence detected then
6: k ← k + 1 ▷ Transition to the next schedule
7: i← argmin

j′
|tk

j′ − tk−1
i |

8: else
9: m← m ∪ {tki } ▷ Add the timestep to the mixed schedule

10: i← i + 1
11: end if
12: end while

3.2. Convergence criterion
In this work we consider text-to-image generation using
classifier-free guidance [11]. Classifier-Free Guidance gen-
erates both conditional and unconditional noise estimates
(denoted by ϵc and ϵu) at each denoising step, steering model
outputs to match specific conditions. The conditional esti-
mate targets the given condition (e.g., a text description),
while the unconditional estimate is produced without any
guiding condition. The noisy image xti is updated as

xti+1
= f(xti , ϵu + γ(ϵc − ϵu)︸ ︷︷ ︸

estimated noise (ϵ)

) (5)

where f is the function used to update the noisy image, and ϵ
is the total noise estimate. γ is a coefficient called “guidance
scale”, that adjusts the contribution of ϵc and ϵu while updat-
ing the image. To determine the convergence of the diffusion
process, we track the cosine distance between the uncondi-
tional noise estimate and the total estimated noise ϵ, which is
influenced by the conditional estimate ϵc. The cosine distance
at each time step t is denoted as d(t)cos(ϵu, ϵ) = dcos(t). As
the diffusion progresses, dcos(t) exhibits a decline that resem-
bles an inverse exponential function, as exemplified in Figure
3 for a sample drawn from DiffusionDB dataset.

Fig. 3: Plot of cosine distance between total and unconditional noise
estimates across diffusion steps, along with first and second deriva-
tive curves, for a sample from the DiffusionDB dataset. The X-axis
represents the diffusion steps.

The elbow point on this curve is the point after which
dcos(t) does not change significantly, indicating that the de-
noised image has sufficiently converged to the conditional, i.e.
the text prompt. At this stage, the quality of the denoised im-
age becomes less sensitive to estimation errors resulting from
large step sizes, which allows us to safely transition to the
next schedule in the control space. The cosine distance curve
Dcos(t) = {dcos(t1), dcos(t2), . . . , dcos(tT )} is subject to fluc-

tuations, and approaches that make use of the derivative val-
ues to locate the elbow can erroneously detect local minima
instead. To address this issue, we first smoothen the curve
by applying exponential averaging. Let d̃cos(ti) denote the
smoothed cosine distance at timestep ti, which can be com-
puted using exponential averaging:

d̃cos(ti) = αdcos(ti) + (1− α)d̃cos(ti−1) (6)

where α is the smoothing factor, which determines the degree
of smoothing applied to the curve. Next, we examine the first
and second derivatives of the smoothed cosine distance curve,
denoted by d̃cos(ti)

′ and d̃cos(ti)
′′ respectively:

d̃cos(ti)
′
= d̃cos(ti)− d̃cos(ti−1) (7)

d̃cos(ti)
′′
= d̃cos(ti+1) + d̃cos(ti−1)− 2× d̃cos(ti) (8)

If the absolute values of both derivatives fall below predefined
thresholds, we signal that the elbow point has been reached.
Finally, we define the convergence criterion in terms of the
first and second derivatives:

C =

{
1, if |d̃cos(ti)′| < δ1 and |d̃cos(ti)′′| < δ2,

0, otherwise.
(9)

As expressed in Eq. 9 the convergence criterion is set
to 1 (indicating convergence) if the absolute values of both
the first derivative, and the second derivative, fall below their
respective threshold values, δ1 and δ2.

4. EXPERIMENTS

We integrate ADSC into the Stable Diffusion pipeline [21]
and compare the quality of the generated images with those
produced using a fixed number of step size. Our experiments
involve utilizing PNDM [16] and DDIM [15] schedulers,
while attaching our ADSC to these schedulers to control the
generation process based on text prompts. In our experiments
we chose the number of schedules in our control space, K, as
4, with each schedule containing half the number of steps as
the previous one. This way we ensure one of every two time
steps to be coinciding among consecutive schedules, allowing
flexible transitions. For the guidance scale γ, we use the de-
fault value used in Stable Diffusion, that is 7.5. We evaluate
the performance of our approach on two text-to-image gen-
eration datasets, namely DiffusionDB [7] and COCO [6]. To
correct spelling errors, we pre-process DiffusionDB follow-
ing the procedure outlined in Wu et al. [22]. For evaulation
metrics, we use the CLIP-T variant of the CLIP score [8, 23],
that measures the alignment between the text prompt describ-
ing the image and the generated image itself. Later, to also
assess the visual quality, we used the CLIP-I [8, 9] and DINO
[10] scores which compares the CLIP and DINO image em-
beddings of the generated samples with the reference images.
Here we assume that images produced with many diffusion
steps - mostly 50 steps - are near-optimal and use them as
reference points.



4.1. COCO results

For our evaluation on the COCO dataset, we first processed
the prompts with our ADSC attached to the PNDM [16]
and DDIM [15] schedulers within the Stable Diffusion v1-
5 pipeline. In contrast to these fixed-step schedulers, our
method tailors the number of steps specifically for each
unique image sampling task. Therefore, to ensure a fair
comparison with fixed-step schedulers, we determine their
step counts based on the minimum, maximum, and average
number of steps utilized by our adaptive controller. These
values are displayed along with the visualization of the step
distributions in Figure 4. Results indicate that the distribu-
tion of steps for both schedulers exhibits similarities to the
Gaussian distribution. Moreover, the distribution of steps
differs for each schedule, and among the two, DDIM ap-
pears to require a smaller number of steps when controlled by
our ADSC. The ADSC-controlled DDIM resulted in 18.89

(a) DDIM (b) PNDM

Fig. 4: Distribution of steps upon controlling DDIM and PNDM
schedulers using our ADSC in COCO dataset.

steps taken on average per prompt while PNDM led to 24.48
steps on average. These step values are rounded and used for
DDIM and PNDM schedulers as baselines. After establishing
the number of steps for our baselines, we proceed to compare
our method using CLIP-I, CLIP-T, and DINO scores. For cal-
culating reference-based scores, namely CLIP-I and DINO,
we employ images generated by fixed 50-step schedules as 50
is the default number of step used in Stable Diffusion pipeline
[24]. As presented in Table 1, the results demonstrate that, on
average, ADSC attains enhanced visual quality retention for
the same number of reverse diffusion steps. When comparing
the ADSC-controlled DDIM scheduler to its 19-step fixed
counterpart, we observe a 3.3% (95.70 vs 92.40) increase in
CLIP-I score and an 8.30% (92.42 vs 84.12) improvement in
DINO score, with an average step count of 18.89 steps. Like-
wise, the ADSC-controlled PNDM scheduler outperforms its
fixed-step counterpart, with a CLIP-I score improvement of
1.50% (94.10 vs 92.60) and a DINO score increase of 4.28%
(89.24 vs 84.96). Notably, the ADSC-controlled DDIM also
surpasses the fixed 31-step schedule. This can be attributed
to the heterogeneous schedules offered by our adaptive con-
troller, which are not directly comparable to homogeneous
schedules containing the same number of steps. In the case
of CLIP-T, the scores remain relatively consistent across var-
ious baselines and our method, primarily because it evaluates
text-image alignment.

DDIM PNDM

Strategy
ADSC - ours*
(18.89 steps)

fixed
(12 steps)

fixed*
(19 steps)

fixed
(31 steps)

ADSC - ours*
(24.48 steps)

fixed
(16 steps)

fixed*
(24 steps)

fixed
(34 steps)

CLIP-I (↑) 95.70 90.00 92.40 95.20 94.10 91.30 92.60 94.50
CLIP-T (↑) 31.40 31.40 31.40 31.40 31.40 31.30 31.40 31.30
DINO (↑) 92.42 78.78 84.12 90.72 89.24 81.06 84.96 89.20
Avg wallclock
time (sec/img)(↓) 0.79 0.55 0.78 1.23 1.06 0.71 1.06 1.40

Table 1: Comparison between ADSC and baseline fixed-step sched-
ulers using various metrics on the COCO dataset. (*) highlights our
method and the main baselines.

To ensure a comprehensive assessment, we also measure
the average wall-clock times (latencies) per generated image.
The results reveal that the latency of ADSC is nearly iden-
tical to that of fixed schedulers, with only minor differences
up to two decimal places. For instance, the ADSC-controlled
DDIM scheduler took an average of 0.79 seconds for 18.89
steps, which is equal to the runtime of the 19-step DDIM
schedule. Lastly, we provide example images generated by
our ADSC and fixed baselines in Figure 5. The first and
last two rows are obtained by DDIM and PNDM schedulers,
respectively. An initial observation reveals that, in general,
ADSC resulted in higher-quality images within a smaller
number of timesteps compared to using a fixed step sched-
uler. Moreover, the prompts given in the first and last rows
required more steps to generate images of sufficient quality
compared to others. This can be attributed to the fact that the
objects described in these prompts inherently contain intri-
cate details, such as the keyboard and home screen of a laptop
or street names written on a sign. Conversely, cats, cars, and
tables are relatively more plain objects. The commonality of
the objects and their presence in the training dataset of the
diffusion model can be another contributing factor.

D
D

IM
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M

Fig. 5: Text prompts from COCO and images generated by our
ADSC, and schedulers fixed number of steps.



4.2. DiffusionDB results

We followed the same procedures described in Section 4.1 to
evaluate our method on the DiffusionDB dataset. The distri-
bution of steps exhibits differences compared to COCO ex-
periments, as seen in Figure 6. These differences are also re-
flected in the avg, min, and max statistics. Overall, both adap-

(a) DDIM (b) PNDM
Fig. 6: Distribution of steps upon controlling DDIM and PNDM
schedulers using our ADSC in DiffusionDB dataset.

tive and fixed scheduling approaches saw an improvement in
CLIP-T scores beyond those observed in the COCO experi-
ments. Upon coupling ADSC with DDIM, we observed that
the improvement margins of CLIP-I and DINO remain sig-
nificant, which are 3.2% (95.10 vs. 91.90) and 6.4% (89.36
vs. 82.96) respectively. As for the PNDM scheduler, prompt-
adaptive control did not lead to any noticeable improvement
in CLIP-I and caused the DINO score to drop by 1.59%.
This suggests that ADSC is more compatible with DDIM and
more consistently improves performance when coupled with
it. However, it is also worth noting that ADSC did not degrade
PNDM performance significantly either. Therefore, consider-
ing the improvements seen in benchmarks like COCO, it re-
mains beneficial to employ ADSC to enhance PNDM as well.

Figure 7 contains images generated based on DiffusionDB
DDIM PNDM

Strategy
ADSC - ours*
(18.06 steps)

fixed
(12 steps)

fixed*
(18 steps)

fixed
(33 steps)

ADSC - ours*
(24.75 steps)

fixed
(16 steps)

fixed*
(25 steps)

fixed
(35 steps)

CLIP-I (↑) 95.10 89.40 91.90 95.20 93.70 89.90 93.60 95.70
CLIP-T (↑) 33.70 33.70 33.90 34.00 33.80 33.30 33.70 33.80
DINO (↑) 89.36 77.01 82.96 90.90 85.50 79.02 87.09 87.21
Avg wallclock
time (sec/img)(↓) 0.76 0.55 0.75 1.32 1.06 0.71 1.06 1.42

Table 2: Comparison between ADSC and baseline fixed-step sched-
ulers using various metrics on the DifusionDB dataset. (*) highlights
our method and the main baselines.

prompts. The first two and last two rows are generated using
DDIM and PNDM, respectively. For all four prompts, ADSC
produced high-quality images, while several problems can be
noticed in the images generated by fixed schedules. The first
one is the misalignment with the text prompt, which can be
observed in the last two rows: The 16 and 24-step generated
images from the prompt "A programmer in a cyberpunk..."
do not contain distinctive features of a programmer, and the
16, 24-step generated images from the prompt "A young man
with black..." miss the color information of facial features
described in the prompt as they are in grayscale. Although
the 34-step generated image contains blue eyes, it is incon-
sistent with the grayscale theme. The second problem is the
visual defects which can be seen in the first, second, and third

D
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Fig. 7: Text prompts from DiffusionDB and images generated by
our ADSC, and schedulers with fixed numbers of steps.

rows. Finally, we expand our evaluation by comparing our
method against fixed step schedules from two other sched-
ulers, DDPM [25] and LMS [17]. We employ our ADSC
combined with the DDIM scheduler for adaptive scheduling,
as it yielded the best results. Table 3 presents the findings.

Dataset
DiffusionDB

(50 → 18 steps)
COCO

(50 → 19 steps)
Metric CLIP-I CLIP-T DINO CLIP-I CLIP-T DINO
DDPM [25] 86.7 33.5 69.68 88.5 31.3 74.8
PNDM [16] 90.8 33.5 80.69 91.7 31.3 82.3
DDIM [15] 91.9 33.9 83.0 92.4 31.4 84.1
LMS [17] 94.1 33.7 88.2 94.8 31.3 90.5
DDIM + ADSC
(ours) 95.1 33.7 89.4 95.7 31.4 92.4

Table 3: Comparison with various schedulers

5. CONCLUSION

We introduced ADSC to address the inefficiency of fixed de-
noising schedules in text-to-image diffusion generative mod-
els. Our method dynamically adjusts the number of denois-
ing steps required to generate high-quality images based on
the specific characteristics of each text prompt, thereby opti-
mizing computational resources and time efficiency without
compromising significant visual quality. Experiments have
demonstrated the effectiveness of our approach in reducing
the average number of diffusion time steps, while still pre-
serving the visual fidelity. Importantly, our method does not
necessitate additional model training. One limitation is the
need for manual tuning of hyper-parameters, such as gradi-
ent thresholds, which can be time-consuming process. Future
work can explore adaptive thresholding and learned conver-
gence criteria using reinforcement learning methods.
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