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Abstract

Diffusion models have achieved unprecedented performance in image generation,
yet they suffer from slow inference due to their iterative sampling process. To
address this, early-exiting has recently been proposed, where the depth of the
denoising network is made adaptive based on the (estimated) difficulty of each
sampling step. Here, we discover an interesting “phase transition” in the sampling
process of current adaptive diffusion models: the denoising network consistently
exits early during the initial sampling steps, until it suddenly switches to utilizing
the full network. Based on this, we propose accelerating generation by employing
a shallower denoising network in the initial sampling steps and a deeper network
in the later steps. We demonstrate empirically that our dual-backbone approach,
DuoDiff, outperforms existing early-exit diffusion methods in both inference speed
and generation quality. Importantly, DuoDiff is easy to implement and complemen-
tary to existing approaches for accelerating diffusion.

1 Introduction

Diffusion models [21] have recently demonstrated impressive performance in generative tasks across
various modalities, including images [6, 3], videos [7, 8], audio [12], and molecules [9]. However,
generating new samples with diffusion can be slow, as numerous sequential calls to the denoising
network are required [25]. To improve sampling efficiency [26], some of the most promising
approaches focus on reducing the number of sampling steps (e.g., DDIM [22] and distillation-based
methods [19, 15]) or modifying the sampling space (e.g., latent diffusion [18]).

Complementary to these efforts to accelerate diffusion, early-exiting [24] has been proposed in
AdaDiff [23]. Unlike the aforementioned static methods, AdaDiff is an adaptive approach in which
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the utilized depth of the denoising network can vary between sampling steps. Specifically, the
difficulty of each sampling step t (where t decreases from the total number of steps T to 0) is
estimated by computing the uncertainty of the denoising network at each layer. If the uncertainty is
low enough, the forward pass terminates at that layer (i.e., the model exits early), thereby reducing
computation for that step.

In this work, we leverage the adaptive nature of early-exit models to study the dynamics of the
generative process in diffusion models. Interestingly, we find that early in the process (i.e., for large
t), only a few layers of the denoising network are active, whereas later in the process (i.e., when
t approaches 0), the full network is utilized (Figure 1). This suggests that the generation process
in diffusion models begins with an easier phase, followed by a more challenging one. Motivated
by these findings, we propose eliminating dynamic early-exit at every sampling step and instead
introduce a (static) dual-backbone design, DuoDiff. DuoDiff consists of two denoising networks: a
shallower one employed during the initial, easier phase of the generation process, and a deeper one
used in the subsequent, more difficult stage (Figure 3).

We experimentally demonstrate that DuoDiff outperforms existing early-exit diffusion models in both
sampling latency and image generation quality across a range of standard datasets (e.g., ImageNet
256� 256). Furthermore, compared to early-exit counterparts [23, 16], DuoDiff is better suited for
batch inference, as it does not require per-sample computational paths. Additionally, we show that
DuoDiff can be effectively combined with other popular efficiency-enhancing methods [22, 18].

2 Background

Diffusion models generate high-quality samples by progressively adding noise to data and learning
to reverse this process. The forward process, which adds noise to the original data, is defined as

xt =
p

��tx0 +
p

1� ��t�; � � N (0; I); (1)

where x0 � q0(x) is a data sample, t 2 fT � 1; : : : ; 0g, and ��t is a noise function that decreases
with t (see Figure 2). Learning the generative model then corresponds to the reverse process, which
entails fitting the denoising network f(xt; t) using the (simplified) regression objective [6]:

L = Et;x0;�jjf(
p

��tx0 +
p

1� ��t�; t)� �jj2 : (2)

After training, new samples are generated by first sampling xT � N (0; I), and then iteratively
applying the denoising network f according to the transition rules from DDPM [6] or DDIM [22].

Early-exiting is a popular paradigm for making inference more efficient by allowing the model’s
depth to adapt based on the difficulty of the given input [24]. It has been successfully applied across
various domains, including computer vision [10, 11] and language modeling [4, 20]. For diffusion
models, early-exiting has been previously explored in AdaDiff [23]. To enable dynamic inference in
AdaDiff, intermediate output heads are attached to the original backbone model (U-ViT [1]) before
each layer i = 0; : : : ; N � 1. Furthermore, an uncertainty estimate, ui;t 2 [0; 1], is defined at every
sampling step t and at each layer i. The early (noise) prediction is returned once the uncertainty at a
given layer falls below a predefined threshold � 2 [0; 1]:

f(xt; t; �) :=

8>>><>>>:
g0(L0;t) if u0;t � �;
...

...
gN−1(LN−1;t) if uN−1;t � �;
gN (LN;t) otherwise.

(3)

where Li;t denotes the activations before layer i, and gi denotes the i-th output head. For more details,
refer to Appendix A.

3 Methods

Early-Exit Trends in Diffusion Models. We begin by leveraging the adaptivity of AdaDiff [23]
to study the dynamics of the generative process in diffusion models. Specifically, in Figure 1, we
visualize the average exit layer across test samples for each sampling step t. Interestingly, we observe
that early-exit occurs exclusively at the beginning of the reverse process. For example, on ImageNet
64� 64 with threshold � = 0:09, the average exit layer equals 2 until t � 600, after which the full
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(a) CIFAR-10 (b) CelebA (c) ImageNet (64 � 64) (d) ImageNet (256� 256)

Figure 1:Early-exit trends in AdaDiff [23]. The plots show the average exit layer across 5,120
images for different datasets and various exiting thresholds� . We observe that early-exiting in the
denoising network occurs only at the start of the generation process (fort close toT), followed by a
sudden switch to using the full denoising network for the remaining generation steps. The pattern is
consistent across different datasets and resembles a step function.

Figure 2:Denoising objective.Given a noisy image and a timestep, the model must predict the
added noise. As we can observe, this task is easier for high values oft, in which the expected output
is very similar to the input.

model is utilized. This suggests that, based on AdaDiff's exit trends, the diffusion generative process
can be roughly divided into two stages, with the �rst one being `easier' than the second.

Although such behaviour is surprising at �rst (and was overlooked in the original AdaDiff paper
[23]), we demonstrate that it can be explained by taking a closer look at the training of diffusion
models. To this end, observe how ast grows,x t becomes increasingly dominated by noise (Eq. 1).
Consequently, the input and expected output of the denoising networkf begin to resemble each other
more closely, making the task easier, as the network primarily needs to learn an identity-like behavior
2. See Figure 2 for a more visual explanation. This is also re�ected at test time, with the denoising
network consistently early-exiting for largert, indicating an easier task.

DuoDiff. Building upon the early-exit trends reported above, we propose DuoDiff, a novel diffusion
framework designed to accelerate inference by employing a dual-backbone architecture. During the
initial timesteps of the reverse diffusion process, where the input is largely dominated by noise and
the task is simpler, DuoDiff utilizes a shallow three-layer backbone, as the early-exit layer for most
samples in these timesteps is usually lower than 3 (Figure 1). As the diffusion process progresses and
the input becomes more structured, DuoDiff switches to the full backbone for the remaining, more
complex timesteps. We denote byts the number of steps during which the shallow model is active.
Both the shallow and the complete backbones are trained from scratch on the same dataset using the
same diffusion training objective. In addition, both backbones are trained for all values oft such that
one can freely choosets after training. Figure 3 provides a detailed illustration of DuoDiff's design.

2This is further supported by the training loss being larger for smaller values oft , e.g., see Figure 2 in [17].
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