
TOWARDS EFFICIENT DIFFUSION MODELS FOR TEXT-
CONDITIONED IMAGE SYNTHESIS: ARCHITECTURE
DESIGN, SAMPLERS AND DISTILLATION

ABSTRACT

The emerging latent diffusion models for image synthesis have shown great image
quality. However, compared with other generative models like generative adver-
sarial networks, the inference time required for diffusion models is relatively high.
On the other hand, the sizes of diffusion models from the industry are increasing,
leading to higher training and inference costs. In this review, we focus on the
methods that improve the efficiency of the backbone, and faster solvers to reduce
the number of steps required for generating high-quality images.

1 INTRODUCTION

In recent years, latent diffusion models(LDMs)(1) have become prominent in text-conditioned image
synthesis, as higher resolution and more realistic photos can be generated. However, this led to
larger sizes of LDMs from the industry, well-known LDMs like Stable Diffusion 3.5 with 8.1B
parameters, Flux.1(2) with 12B parameters and Playground v3 with 24B parameters(3), which are
computationally expensive and unlikely to be deployed on devices with consumer-grade and mobile
hardware. The way LDMs sample the previous time latent varibales, by iterative sampling and de-
noising the latent variables, requires multiple steps. Also, for the state-of-the-art LDM backbones,
they contain attention-based layers are inefficient due to the quadratic time complexity, making
the sampling way more inefficent. Therefore, research on accelerating LDMs are mainly in the
following areas:

• The backbone architecture: The backbone of the LDM is responsible for noise prediction.
The state-of-the-art backbone of LDMs, Diffusion Transformer(DiT), due to the quadratic
time complexity of self-attention of the transformer architecture, the noise prediction phase
becomes inefficient for high-resolution image generation. Hence designing efficient back-
bone architectures becomes a trend in DM-related research.

• Faster sampling: To accelerate the sampling during the inference phase, the two main areas
are:

– Efficient solvers: The original explicit, stochastic sampling method from Denois-
ing Diffusion Probablistic Model(DDPM)(4) is tremendously time-consuming, re-
quiring thousands of Number of Function Evaluations(NFE) to generate high-fidelity
images. The later implicit and deterministic method, Denoising Diffusion Implicit
Model(DDIM)(5) only requires around hundreds of NFE. In further research on
solvers, reducing NFE for high-fidelity images is still a dominant topic in image syn-
thesis.

– Distillation: Distillation has shown great potential for efficient sampling. In re-
cent implementations of distillation methods, the distilled models can produce high-
quality images even with a single step. The state-of-the-art distillation approach can
also reduce the size of the model, making lightweight but powerful models.

This review aims to discuss topics related to more efficient diffusion models, specifically for faster
inference time, with a focus on faster sampling methods and training methods that can accelerate
inference phase. In Section 2, the background of the latent diffusion models, sampling methods
in the reverse process and the backbone are introduced to better understand why inferencing of
latent diffusion models are inefficient. In Section 3, the state-of-the-art architecture designs, sampler
methods, and distillation methods for faster sampling are discussed, with rectified flow, a concept
that further improves the sampling. In Section 4, the potential future works and the conclusion for
the review are given.
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2 RELATIVE BACKGROUND

This section gives the basic concepts of text-conditional LDMs, with the original diffusion model
algorithms, state-of-the-art backbone architectures and previous works on efficiency improvements
on the sampling methods.

2.1 LATENT DIFFUSION MODEL

Denoising Diffusion Models (DMs), initially introduced by Sohl-Dickstein et al.(6; 7), are a class of
unsupervised generative models that operate in two joint distributions act as two stages: a forward
process in Eq.1 and a reverse process in Eq. 2.

q(x1:T |x0) =
T∏
t=1

q(xt|xt−1), q(xt|xt−1) = N (xt;
√
1− βtxt−1, βtI) (1)

pθ(x0:T ) = p(xT )
T∏
t=1

pθ(xt−1|xt), pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)) (2)

which is a Markov Chain gradually perturbed with Gaussian noise to destroy its structure with a
total of T steps to obtain xT , and a reverse process, where the model restores the perturbed xT step
by step to x0, to generate a sample from a normally distributed variable that p(xT ) = N (xt; 0, I), as
shown in Figure 1.

To reduce computational costs and learn important representations, we adopt the diffusion models
in the latent space, in which the encoder part of the autoencoder E is used to compress the data
into lower-dimensional variables, also known as latent variables, and restore latent variables with
the decoder part D to the original sizes, therefore, they are also known as latent diffusion mod-
els(LDMs), which were proposed by Rombach et al.(1) for text-conditioned image synthesis, where
the architecture is shown in Figure 2.
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Figure 1: The forward and reverse process of the diffusion model. Figure from Ho et al.(7)

For text-conditioned image synthesis tasks, the LDM has a structure that includes the text encoder to
ensure the text-conditioned latent variable, the backbone that works as the noise predictor, the noise
scheduler during the training phase to define the noise schedule, the sampler during the inference
phase in the reverse process, and the autoencoder for data compression during the training phase and
generative images from the latent variable. Moreover, Ho and Salimans found that jointly training
a conditional and unconditional model, and sampling with a combination of predicted results from
the conditional and unconditional model, can generate images that attain a trade-off between sample
quality and diversity, and such method, which is called Classifier-Free Guidance(CFG)(8).

2.2 BACKBONE OF LDMS

The backbone of the LDM is a denoising neural network to predict noise ϵθ(zt, t) given the timestep
t and the latent variable related to time zt. In the original LDM implementation, the transformer
architecture(9), which is overwhelmingly popular in tasks related to natural languages, as well as in
previous research in image synthesis for GAN and autoregressive models, combined with U-Net(10),
a convolutional neural network architecture originally used in biomedical image segmentation as the
backbone. Later, Peebles and Xie proposed Diffusion Transformer(DiT) (11) by adopting the Vision
Transformer (ViT) architecture(12) to first “patchify” the latent variable into a sequence of tokens
with positional embedding methods of ViT, with adaptive layer norm and the adaLN-zero block by
zero-initializing the final convolutional layer to speed up training. In the class-conditional image
synthesis experiment trained on ImageNet, DiT has outperformed all other backbones for LDMs,
with the notable scaling law of Transformer applied to diffusion models. Both of the state-of-the-art
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Figure 2: The architecture of the LDM. Figure from Rombach et al.(1)

backbones contain attention-based layers with original softmax attention from Vaswani et al.(13)
with query Q, key K and value V :

Attention(Q,K, V ) = softmax(
QK⊤
√
d

)V (3)

where the U-Net in LDM and DiT use cross-attention and self-attention respectively. The drawback
of attention-based layers is due to the multiplication of matricesQK⊤, which makes attention-based
layers inefficient with the time complexity O(N2).

2.3 SAMPLING METHOD OF LDMS

In the original DDPM method(7), the sampling phase at time t for the previous state xt−1 with t
from T to 0 is defined as:

xt−1 =
1√
αt

(xt −
1− αt√
1− ᾱt

ϵθ(xt, t)) + σtz, z ∼ N (0, I) if t > 1 else z = 0 (4)

Where αt is equal to 1 − βt where βt is the noise schedule, σ2 is typically set to σ2 = β̃t =

βt · 1−ᾱt−1

1−ᾱt
, ᾱ is the product of αt from 1 to current t and ϵθ(xt, t) is the predicted noise given by

the backbone. However, this sampling method is stochastic and explicit. Song et al. first proposed
score-based generative modelling with Stochastic Differential Equations(SDEs)(14) which samples
by solving SDE dx based on the deterministic term with drift coefficient and a stochastic term
with w̄ denoted as a standard Wiener process, also known as Brownian Motion, in the reverse-time
direction, and the term ∇x log pt(x) is the score function, which is approximated by the backbone
output ∇x log pt(x) ≈ ϵθ(xt, t) as shown in Eq.5. For solving SDE, they found methods for SDEs
such as Euler-Maruyama and Runge-Kutta methods can be applied to the score-based function. They
also proved that the SDE can be converted into a probability flow ODE as shown in Eq.6 with the
Fokker-Planck equation enabling faster sampling.

dx = [f(x, t)− g(t)2∇x log pt(x)]dt+ g(t)dw̄, (5)

dx =

[
f(x, t)− 1

2
g(t)2∇x log pt(x)

]
dt, (6)

For DDIM(5), it can be considered a special case of a generalized DDPM as shown in Eq.7. which

in the case of DDIM, where σt is defined by a hyperparameter η that σt(η) = η
√

1−αt−1

1−αt

√
1−αt

αt
,

and for DDIM, η is set to 0, hence the noise term σtz is omitted, and makes the sampling implicit
and deterministic. In the DDIM work, Song et al. find that DDIM is also a special case of the prob-
ability ODE from the work of score-based diffusion. Sampling with DDIM, the number required
for generating high-fidelity images is significantly reduced from around 1000 steps with DDPM to
around a hundred steps.
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xt−1 =
√
αt−1

(
xt −

√
1− αt ϵθ(xt, t)√

αt

)
︸ ︷︷ ︸

“predicted x0”

+
√
1− αt−1 − σ2

t · ϵθ(xt, t)︸ ︷︷ ︸
“direction pointing to xt”

+ σtz︸︷︷︸
random noise

(7)

3 LITERATURE REVIEW

This section is the literature review of the efficient design for the text-conditioned image synthesis
LDMs, including the methods for efficient backbones, efficient sampling methods and distillation
methods for LDMs.

3.1 EFFICIENT BACKBONE

Research on efficient backbone architectures has become popular due to the quadratic time com-
plexity of the self-attention blocks of both state-of-the-art DiT and U-Net architectures for LDM.
There are two main areas of improvement:

• One focuses on linear time attention based on the Transformer with linear time complexity
during inference, for instance, the linear attention(15) by substituting the original softmax
attention into a kernel method with linear time complexity in Eq. 8 using the elu activation
function for the kernel ϕ(·) = elu(·) + 1. In the work by Xie et al.(16), they adopt the
linearized attention using the ReLU activation function ϕ(·) = ReLU(·) for DiT. They also
discovered that the linear attention model suffered from slower convergence. Therefore,
they substitute the Multilayer-Perceptron Feed-Forward Network(MLP-FFN) block of DiT
with a Mix-FFN block(17), by using a 3x3 convolutional block with gated units. They
even found that the positional embedding for the patchified tokens can be omitted with the
Mix-FFN block.

Attention(Q,K, V ) =
ϕ(Qi)

T
∑i
j=1 ϕ(Kj)V

T
j

ϕ(Qi)T
∑i
j=1 ϕ(Kj)

(8)

• Other than improving the efficiency of the Transformer architecture, one focuses on
attention-free architectures. Discretized State Space Models(SSMs) proposed by Gu et
al.(18) have been considered an efficient substitute for the Transformer architecture with
relatively lower time complexity during the inference phase, and have shown better per-
formance for addressing long-sequence dependencies. Yan et al. proposed DiffuSSM
by constructing bidirectional SSM blocks and found bidirectional structure state-of-the-
art performance with the time complexity of O(N logN)(19). In the recent work, Liu et
al. proposed a novel architecture LinFusion(20) by applying generalized linear attention
within the Mamba-2 architecture for SSMs, further improving efficiency.

3.2 EFFICIENT SAMPLING

This section is about efficient sampling methods, including SDE/ODE solvers and distillation for
LDMs.

3.2.1 SAMPLERS WITH FEW TIME STEPS & RECTIFIED FLOW

The sampling methods given in Section 2.3 are all first-order Euler methods for ODE solvers, and
are still extremely slow as they generate images in hundreds or thousands of steps with reasonable
quality, showing the score-based sampling and DDIM still need further improvements. DPM-Solver
proposed by Lu et al.(21) enables higher-order ODE solvers for both continuous-time and discrete-
time DMs, by approximating the diffusion ODE using the Taylor expansion over the exponentially
weighted integral

∫
e−λϵ̂θ(x̂λ, λ)dλ of the change of Signal-Noise Ratio(SNR = α2

σ2 ) between the
current time t and the previous time t− 1:
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xti−1→ti =
αti
αti−1

x̃ti−1−αti
k−1∑
n=0

ϵ
(n)
θ

(
x̂λti−1

, λti−1

)∫ λti

λti−1

e−λ
(λ− λti−1

)n

n!
dλ+O(hk+1

i ) (9)

where λt = log αt

σt
is the one half of the log SNR, hi = λti − λti−1 , and ϵ̂

(n)
θ (x̂λ, λ) = dnϵ̂θ(x̂λ,λ)

dλn

is the n-th order derivative of ϵ̂θ(x̂λ, λ), hi = λt − λt−1 and O(hk+1
i ) is the error term of the

Taylor expansion, typically omitted. Zhang and Chen discovered that the Euler method for solving
ODE suffered from drawbacks such as low accuracy and volatility when not choosing a small step
size(22). To handle this, they proposed Diffusion Exponential Integrator Samplers(DEIS) to adopt
exponential integrators for the probability flow ODE, which also enables higher-order ODE solvers
for multiple variants using the Runge-Kutta method, Heun’s method and Adam-Bashforth method.
DEIS is also a multistep method solver that saves the previous noise prediction outputs into the buffer
and reuses it during the reverse process as this extrapolation shows better results. Lu et al., based
on their previous work on DPM-Solver, proposed DPM-Solver++(23) as they found, for conditional
LDMs using classifier-free guidance, the higher-order sampling methods produce unstable results
and more time required for generating high-fidelity images when the classifier-free guidance scale
is large. They combine the multistep way of solving ODE of DEIS and, instead of using the change-
of-variable for the noise ϵ̂θ, DPM-Solver++ uses the change-of-variable of the predicted data x̂θ ≈
xθ := xt−σtϵθ

αt
and substitute ϵ̂

(n)
θ (.) into x̂

(n)
θ (.). They also derived a SDE version of DPM-

Solver++, based on the score-based SDE method by Song et al.(14). This method has shown that
higher-order DPM-Solver++ can stabilize the reverse process compared with first-order DDIM and
higher-order DEIS and DPM-Solvers when choosing a large guidance scale. An overview of the
details of higher-order samplers is arranged in Table 1.

x̃ti =
σti
σti−1

x̃ti−1
+ σti

k−1∑
n=0

x
(n)
θ (x̂λti−1

, λti−1
)

∫ λti

λti−1

e−λ
(λ− λti−1

)n

n!
dλ+O(hk+1

i ) (10)

r
=
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r
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r
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2
r
=

3
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Figure 3: By increasing the number of extrapolation r for sampling, the solver can generate better
results under the same NFE. Figure from Zhang and Chen(22).

DEIS DPM-Solver DPM-Solver++ SDE-DPM-Solver++
(Zhang & Chen, 2023 (22)) (Lu et al., 2022 (21)) (Lu et al., 2023 (23)) (Lu et al., 2023 (23))

First-Order DDIM (η = 0) DDIM (η = 0) DDIM (η = 0) DDIM (η = σt
√
1− e−2h)

Model Type ϵθ ϵθ xθ xθ
Taylor Expansion ϵθ for t ϵ̂θ for λ x̂θ for λ x̂θ for λ

Solver Type (High-Order) Multistep Singlestep Singlestep + Multistep Multistep

Table 1: Comparison of samplers and their characteristics. Table from Lu et al.(23)

The recent contribution by Liu et al., entitled “Rectified Flow”, has been recognised as a straightfor-
ward and effective methodology for solving ODE given two distributions π0, π1. The rectified flow
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technique, based on flow matching that combines continuous normalizing flows(24) and diffusion
model, involves learning the ODE that adheres to the flow Z between points X0, X1 sampled from
distributions π0 and π1, focusing with the training objective of the parameters of the velocity pre-
diction model θ̂ to minimize the expectation of transportation costs between X0 and X1 shown in
Equation 11, and later samples the rectified flow pair (Z0, Z1) based on Equation 12:

θ̂ = argmin
θ

E
[
∥X1 −X0 − v (tX1 + (1− t)X0, t) ∥2

]
, with t ∼ Uniform([0, 1]). (11)

dZt = vθ̂(Zt, t)dt, starting from Z0 ∼ π0 or Z1 ∼ π1 (12)
This method represents the shortest trajectory between two distributions and enables sampling with-
out the need for discretization of time, thus enhancing computational efficiency (25). Their research
demonstrated that through the recursive application of rectified flow, the method can make straighter
trajectories, which in turn optimizes the sampling process, as illustrated in Figure 4. The studies by
Albergo and Vanden-Eijnden (26), as well as by Lipman et al. (27), share analogous objectives and
results with those of Liu et al..

(a) 1-Rectified Flow
Z1 = RectFlow((X0, X1))

(b) 2-Rectified Flow
Z2 = RectFlow((Z1

0 , Z
1
1 ))

(c) 3-Rectified Flow
Z3 = RectFlow((Z2

0 , Z
2
1 ))

Figure 4: More iterations of rectified flow make straighter paths. (a): Reflow with single iterarion.
(b): Reflow with two iterations. (c): Reflow with three iterations. Figure from Liu et al.(25).

Through the integration of rectified flow and an ODE solver, Esser et al.(28) amalgamated the flow
matching method with multimodal DiT, and introduced logit-normal sampling, mode sampling and
cosine schedule for sampling timesteps during the training phase, and using simple Euler ODE solver
in the inference phase. Based on this work, Xie et al. proposed Flow-DPM-Solver++ applying
DPM-Solver++ with transformation over data prediction with flow matching, and performed an
experiment to compare with the work of Esser et al.(16), by introducing the velocity prediction
model vθ and a hyperparameter named the timestep shift factor s. Flow-DPM-Sovler++ has shown
faster convergence with 14 ∼ 20 steps, compared with the Flow-Euler method by Esser et al. which
requires 28 ∼ 50 steps and even gives a worse result.

3.2.2 DISTILLATION

Knowledge distillation is a training framework first proposed by Hinton et al.(29) to train a smaller
and more efficient distilled “student” model from a larger, slow “teacher” model, and ensure the
student model achieves similar performance compared with the teacher model. Luhman and Luh-
man simply transfer the knowledge distillation methodology to the LDMs(30), performs knowledge
distillation for DDIM teacher model for training one-step sampling student model. Salimans and
Ho(31) proposed progressive distillation, by distilling multiple steps into single steps progressively
to reduce the number of steps with constant model size: Given the parameters of the teacher model η
1, the data perturbed with the noise scheduled at timestep t: zt and the numbers of student sampling
steps N , the student model first initialized its parameters θ to match up with the teacher’s (θ ← η).
Then, by sampling two DDIM steps using the teacher model, the sampled data x̃ then applied as
the target and train the student model with the objective w(λt)||x̃ − x̂θ(zt)||22, where w(λt)is the
reconstruction loss weight defined as w(λt) = exp(λt). Then this process can be iteratively applied
by promoting the student model to the teacher model(η ← θ), as shown in Figure 5. Following this
research direction, Li et al. proposed CFG-Aware step distillation, which adapts the classifier-free

1In Section 3.2.2, η is defined as the parameters of the teacher model, where the previous parts η is the
parameter for generalized DDIM for samplers.
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guidance to distill with a combination of unconditional and conditional outputs. They also improved
the training objective by adding the distillation loss with a weighted denoising loss.

Distillation

Distillation

Distillation

Figure 5: Two-iteration progressive distillation by distilling four Euler steps into a single Euler step.
Figure from Salimans and Ho(31).

Inspired by the score distillation sampling approach from DreamFusion proposed by Poole et
al.(32)(also known as score jacobian chaining from the work by Wang et al.(33)) which is based
on probability density distillation by omitting the jacobian term of the gradient of the diffu-
sion loss from training for an efficient gradient, Sauer et al proposed Adversarial Distillation
Diffusion(ADD)(34)by combining adversarial objective LG

adv(x̂θ(xs, s), θ) and the diffusion loss
Ldistill(x̂θ(xs, s), ψ), into the overall objective as:

L = LG
adv(x̂θ(xs, s), ϕ) + λLdistill(x̂θ(xs, s), ψ) (13)

where λ 2 is the hyperparameter for weighting the distillation loss, xs is the noisy data by applying
forward process from the training data, x̂θ(xs, s) is the generated image by the student model with
xs as the initial state, ψ denotes the parameters of the teacher model and ϕ is the parameter of the
discriminator head. The adversarial loss LG

adv(x̂θ(xs, s), ϕ) and the loss LD
adv((x̂θ(xs, s), ϕ) for a set

of discriminators Dϕ,k are:

LG
adv(x̂θ(xs, s), ϕ) = −Es,ψ,x0

[∑
k

Dϕ,k(Fk(x̂θ(xs, s)))
]

(14)

LD
adv((x̂θ(xs, s), ϕ) = Ex0

[∑
k

max(0, 1−Dϕ,k(Fk(x0)) + γR1(ϕ)

]
(15)

+ Ex̂θ

[∑
k

max(0, 1 +Dϕ,k(Fk(x̂θ)))
]

where Fk is a pretrained feature network and R1 is the R1 gradient penalty(35) with a hyperpa-
rameter γ. The distillation loss Ldistill(x̂θ(xs, s), ψ) = Et,ϵ′ [c(t)d(x̂θ, x̂ψ(stopgrad(x̂θ,t); t)] is
controlled with a stopgrad(.) operator to avoid updating the weights of the teacher model. This
distillation loss is considered a special case of the score distillation diffusion loss by setting
d(x, y) = ||x − y||22 and choosing a specific choice for c(t). Figure 6 depicts the whole train-
ing process, and note that the pixel space variables are used for calculating the losses instead of the
latent space variables, as Yao et al. in their work of ARTIC3D(36) have shown the latent variables
backpropagated noisy gradients through the encoder, where using pixel-space variables can miti-
gate this problem. This novel adversarial approach combined with score distillation has given great
performances and only requires 1-4 sampling steps for high-fidelity images, which outperforms the
DPM-Solver, which requires more than 10 steps, and progressive distillation with worse metrics
results under the same and more numbers of sampling steps, as shown in Table 2.

2In Section 3.2.2, λ is the weighting factor for the distillation loss, where in the previous sections λ is the
half of log SNR.
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Distillation methods Number of steps latency(s) FID ↓ CLIP ↑
DPM-Solver(21) 25 0.88 20.1 0.318

8 0.34 31.7 0.320

Progressive
Distillation(31)

1 0.09 37.2 0.275
2 0.13 26.0 0.297
4 0.21 26.4 0.300

CFG-Aware Distillation(37) 8 0.34 24.2 0.300
Adversarial Distillation Diffusion(34) 1 0.09 19.7 0.326

Table 2: The comparisons between distillation methods with DPM-Solver. ↑ denotes the higher
score the better performance, and vice versa for ↓. Table from Sauer et al. (34).

Figure 6: Adverarial Diffusion Distillation. Figure from Sauer et al.(34).

4 SUMMARY & CONCLUSION

We have discussed the topics related to designing efficient text-conditioned LDMs, first give a gen-
eral background of the text-conditioned LDMs, from the original pixel-space forward pass and re-
verse pass, to the state-of-the-art backbones and samplers with their efficiency problems. Then we
reviewed three main topics: Efficient backbones for noise prediction with linearized attention, the
novel SSM approach with the adaptation of architecture design; The faster sampling approach by
designing faster training-free samplers from generalized DDIM, with a simulation-free training ob-
jective with flow matching to minimize the expectation of the costs between the sampled points
from two distributions and speed up the sampling; The distillation methods with multiple variants
to reduce the number of steps needed for image synthesis.

For potential future work topics, we have organized four main areas, with an additional topic that is
not discussed but a novel and powerful approach:

1. Further improvement on the backbone architecture: Design efficient noise-predicting back-
bone based on linearized attention, SSMs, or propose novel efficient architectures that
outperform current architectures, such as based on U-DiT architecture by Tian et al.(38)
combining U-Net and DiT but better performance.

2. Faster training-free samplers: Based on the state-of-the-art higher-order samplers, find
faster samplers that can sample high-fidelity images in fewer steps.

3. Distillation methods with better performance: Seek distillation methods that can beat the
current adversarial distillation approach, aiming to synthesize better quality images under
1 step of sampling.

4. Enhancement of autoencoder architecture: Recent research conducted by Chen et al. has
provided significant insights into advancing autoencoder design(39), as they discovered
that the variational autoencoder used by stable diffusion models are hard to optimize and
return low-quality reconstructed images when increasing the ratio of the spatial compres-
sion. They proposed deep compression autoencoder by integrating residual connection and
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Decoupled High-Resolution Adaptation to the autoencoder training to address this draw-
back and have shown unaffected reconstruction results with higher spatial compression
ratio, as well as faster inference speed when applied to text-conditioned LDMs.
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