




Consistency Distillation. A Consistency Model is a single-
step generative approach distilled from a pre-trained dif-
fusion model [47]. The learning is achieved by enforcing
a self-consistency in the predicted signal space. Based on
this idea, following work [7, 11, 19, 44] have focus on im-
proving the training techniques. However, learning con-
sistency models for conditional generation has yet to be
thoroughly studied. In this paper, we compare our method
against a baseline approach that enforces self-consistency
in an already fine-tuned conditional diffusion model. Our
results demonstrate that our conditional distilled model out-
performs the baseline approach, indicating the effectiveness
of our proposed distillation strategy.
Diffusion Models Adaptations. Leveraging the knowl-
edge of pre-trained models for new tasks, known as model
adaptation, has gained significant traction in NLP and
computer vision domains. This approach utilizes model
adapters [9, 22, 30, 33, 48, 56] and HyperNetworks [1, 6]
to effectively adapt pre-trained models to new domains and
tasks. In the context of diffusion models, model adapters
have been successfully employed to incorporate new con-
ditions into pre-trained models [26, 57]. Our proposed
method draws inspiration from these approaches and in-
troduces a novel application of model adapters: distilling
the sampling steps of diffusion models. Compared to fine-
tuning the entire model [39], our method offers enhanced
efficiency and flexibility. It enables the adaptation of multi-
ple tasks using the same backbone model.

3. Background

Continuous-time VP diffusion model. A continuous-time
variance-preserving (VP) diffusion model [8, 42] is a spe-
cial case of diffusion models1. It has latent variables {zt|t ∈
[0, T ]} specified by a noise schedule comprising differen-
tiable functions {αt, σt} with σ2

t = 1− α2
t . The clean data

x ∼ pdata is progressively perturbed in a (forward) Gaus-
sian process as in the following Markovian structure:

q(zt|x) = N (zt;αtx, σ
2
t I), (1)

q(zt|zs) = N (zt;αt|szs, σ
2
t|sI), (2)

where 0 ≤ s < t ≤ 1 and α2
t|s = αt/αs. Here the latent zt

is sampled from the combination of the clean data and ran-
dom noise by using the reparameterization trick [13], which
has zt = αtx+ σtϵ.
Deterministic sampling. The aforementioned diffusion
process that starts from z0 ∼ pdata(x) and ends at zT ∼
N (0, I) can be modeled as the solution of an stochastic
differential equation (SDE) [46]. The SDE is formed by

1What we discussed based on the variance preserving (VP) form of
SDE [46] is equivalent to most general diffusion models like Denoising
Diffusion Probabilistic Models (DDPM) [8].

a vector-value function f(·, ·) : Rd → Rd, a scalar function
g(·) : R → R, and the standard Wiener process w as:

dzt = f(zt, t)dt+ g(t)dw. (3)

The overall idea is that the reverse-time SDE that runs back-
wards in time, can generate samples of pdata from the prior
distribution N (0, I). This reverse SDE is given by

dzt = [f(zt, t)− g(t)2∇z log pt(zt)]dt+ g(t)dw̄, (4)

where the w̄ is a also standard Wiener process in reversed
time, and ∇z log pt(zt) is the score of the marginal distri-
bution at time t. The score function can be estimated by
training a score-based model sθ(zt, t) ≈ ∇z log pt(zt) with
score-matching [45] or a denoising network x̂θ(zt, t) [8]:

sθ(zt, t) := (αtx̂θ(zt, t)− zt)/σ
2
t . (5)

Such backward SDE satisfies a special ordinary differential
equation (ODE) that allows deterministic sampling given
zT ∼ N (0, I). This is known as the probability flow (PF)
ODE [46] and is given by

dzt = [f(zt, t)−
1

2
g2(t)sθ(zt, t)]dt, (6)

where f(zt, t) = d log αt

dt zt, g2(t) =
dσ2

t

dt − 2d log αt

dt σ2
t

with respect to {αt, σt} and t according to [12]. This
ODE can be solved numerically with diffusion samplers like
DDIM [43], where starting from ẑT ∼ N (0, I), we update
for s = t−∆t:

ẑs := αsx̂θ(ẑt, t) + σs(ẑt − αtx̂θ(ẑt, t))/σt, (7)

till we reach ẑ0.
Diffusion models parametrizations. Leaving aside the
aforementioned way of parametrizing diffusion models with
a denoising network (signal prediction) or a score model
(noise prediction equation 5), in this work, we adopt a pa-
rameterization that mixes both the score (or noise) and the
signal prediction. Existing methods include either predict-
ing the noise ϵ̂θ(xt, t) and the signal x̂θ(zt, t) separately
using a single network [5], or predicting a combination of
noise and signal by expressing them in a new term, like the
velocity model v̂θ(zt, t) ≈ αtϵ − σtx [39]. Note that one
can derive an estimation of the signal and the noise from the
velocity one,

x̂ = αtzt − σtv̂θ(zt, t), and ϵ̂ = αtv̂θ(zt, t) + σtzt. (8)

Similarly, DDIM update rule (equation 7) can be rewritten
in terms of the velocity parametrization:

ẑs := αs(αtẑt−σtv̂θ(ẑt, t))+σs(αtv̂θ(ẑt, t)+σtẑt). (9)

Self-consistency property. To accelerate inference, [47]
introduced the idea of consistency models. Let sθ(·, t)
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be a pre-trained diffusion model trained on data x ∼
Odata. Then, a consistency function fϕ(zt, t) should sat-
isfy that [47] where fϕ(x, 0) = x and

fϕ(zt, t) = fϕ(zt′ , t
′), ∀t, t′ ∈ [0, T ], (10)

where {zt}t∈[0,T ] is the solution trajectory of the probabil-
ity flow ODE (PF-ODE) (equation 6). A boundary condi-
tion, i.e., fϕ(x, 0) = x is parameterized with skip connec-
tions for ensuring continuous properties similar as done in
previous works [2, 10, 47]:

Fϕ(zt, t) = cskip(t)x+ cout(t)fϕ(zt, t), (11)

where cskip(0) = 1, cout(0) = 0. In practice, fϕ(zt, t)
is usually a denoising network that is distilled from a pre-
trained diffusion model. We later show that we can replace
the frozen PF-ODE with the distillation network and thus fit
the PF-ODE for new conditional data during distillation.

4. Method
4.1. From Unconditional to Conditional

In order to utilize the image generation prior encapsulated
by the pre-trained unconditional2 diffusion model, we first
propose to adapt the unconditional diffusion model into a
conditional version for the conditional data (x, c) ∼ pdata.
Similar to the zero initialization technique used by control-
lable generation [27, 57], our method adapts the uncondi-
tional pre-trained architecture by using an additional condi-
tional encoder.

To elaborate, we take the widely used U-Net as the dif-
fusion network. Let us introduce the conditional-module
by duplicating the encoder layers of the pretrained network.
Then, let hθ(·) be the encoder features of the pretrained
network, and hη(·) be the features on the additional condi-
tional encoder. We define the new encoder features of the
adapted model by

hθ(zt)
′ = (1− µ)hθ(zt) + µhη(c), (12)

where µ is a learnable scalar parameter, initialized to µ =
0. Starting from this zero initialization, we can adapt the
unconditional architecture into a conditional one. Thus,
our conditional diffusion model ŵθ(zt, c, t) is the result
of adapting the pre-trained unconditional diffusion model
v̂θ(zt, t) with the conditional features hη(c).

4.2. A New Conditional Diffusion Consistency

Our core idea is to optimize the adapted conditional diffu-
sion model ŵθ(zt, c, t) from v̂θ(zt, t), so it satisfies a con-
ditional diffusion consistency property:

ŵθ(zt, c, t) = ŵθ(ẑs, c, s), ∀t, s ∈ [0, T ], (13)
2The discussed unconditional models include text-conditioned image

generation models, e.g., StableDiffusion [32] and Imagen [37], which are
only conditioned on text prompts.

where the ẑs belong to the probability flow ODE (equa-
tion 6) of the adapted model. Note that this consistency
property differs from the one in consistency models [47] in
the probability flow ODE model used for sampling ẑs and
the consistency loss space. To motivate this formulation, let
us introduce the following general remark.

Remark 1. If a diffusion model, parameterized by
v̂θ(zt, t), satisfies the self-consistency property (equa-
tion 10) on the noise prediction ϵ̂θ(zt, t) = αtv̂θ(zt, t) +
σtzt, then it also satisfies the self-consistency property on
the signal prediction x̂θ(zt, t) = αtzt − σtv̂θ(zt, t).

The proof is a direct consequence of change of vari-
ables from noise into signal and is given in Appendix.
Based on this general remark, we claim that we can opti-
mize the conditional diffusion model ŵθ(zt, c, t) to jointly
learn to enforce the self-consistency property on the noise
prediction ϵ̂θ(zt, c, t) and the new conditional generation
(x, c) ∼ pdata with the signal prediction x̂θ(zt, c, t). We
then impose the boundary condition for consistency distilla-
tion by parameterizing the noise prediction ϵ̂θ(zt, c, t) with
the same skip connections of equation 11.
Prediction of ẑs. In the distillation process given by equa-
tion 15, the latent variable ẑs is achieved by running one
step of a numerical ODE solver. Consistency models [47]
solve the ODE using the Euler solver, while progressive dis-
tillation [39] and guided distillation [25] run two steps using
the DDIM sampler (equation 7).

We propose an alternative prediction for ẑs that lever-
ages the adapted diffusion model, x̂θ(zt, c, t), as opposed
to the conventional frozen pretraining one. We then sample
ẑs in the adapted diffusion model PF-ODE by

ẑs = αsx̂θ(zt, c, t) + σsϵ, with zt = αtx+ σtϵ, (14)

and ϵ ∼ N (0, I). This novel formulation effectively harmo-
nizes the conflicting optimization directions between con-
sistency distillation from pretrained data and conditional
guidance from conditional data.
Training scheme. Inspired by consistency models [47], we
use the exponential moving averaged parameters θ− as the
target network for stabilize training. Then, we can minimize
the following training loss for conditional distillation:

L(θ) :=E[dϵ(ϵ̂θ-(ẑs,s,c), ϵ̂θ(zt,t,c))) + dx(x, x̂θ(zt, t, c)].
(15)

where dϵ(·, ·) and dx(·, ·) are two distance functions to mea-
sure difference in the noise space and in the signal space
respectively. Note that the total loss is a balance between
the conditional guidance given by dx, and the noise self-
consistency property given by dϵ.

The overall conditional distillation algorithm is pre-
sented in Appendix. In the following, we will detail how
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(a) Depth (b) ControlNet (c) CoDi (Ours)

Figure 5. Samples generated according to the depth image (left) from ControlNet sampled in 4 steps (middle), and ours from the uncondi-
tional pretraining sampled in 4 steps (right). Please see our supplement for many more examples.

Input IP2P (200 steps) CoDi (Ours) (1 step)

make it sunset

Input IP2P (200 steps) CoDi (Ours) (1 step)

make it long exposure
Input IP2P (200 steps) CoDi (Ours) (1 step)

make it low key

Input IP2P (200 steps) CoDi (Ours) (1 step)

make it sunny

Figure 6. Generated edited image according to the input image and the instruction (bottom) from Instructed Pix2Pix (IP2P) sampled in 200
steps and ours sampled in 1 step. Please see our supplement for many more examples.

configurations is shown in Table 1. Additionally, we com-
pare our method to recently introduced fast ODE solvers,
including DPM-Solver [17] and DPM-Solver++ [18].
Real-world super-resolution. We evaluate our method
on the challenging real-world super-resolution task,
where the degradation is simulated using Real-ESRGAN
pipeline [50]. Following StablSR [49], we compare all
methods on 3,000 randomly degraded image pairs. The
quantitative performance is shown in Table 2. The results
demonstrate that our distilled method leads to a signifi-
cant better performance than other distillation techniques.
Our method achieves better results than fine-tuned diffusion
models that requires 50× more sampling setps. Compared
with the distilled model by applying the guided-distillation,
our model outperforms it both quantitatively and qualita-
tively. The visual comparison presented in Figure. 4 also
demonstrates the superiority of our method.
Inpainting. Similar to the above super-resolution compar-
isons, we demonstrate our method on the inpainting task
that conditioned on the masked image, as the quantitative

performance shown in Table 2. Similar to Palette [36], we
apply random masks into ImageNet data [35] for both train-
ing and testing. Note that we conduct experiments on the
up-scaled images in a 512× 512 resolution, which is differ-
ent than Palette in 256 × 256 resolution. Even though we
evaluate their results in the same resoltuion, their number
can only be used for reference.
Depth-to-image generation. In order to demonstrate the
generality of our method on less informative conditions, we
apply our method in depth-to-image generation. The task
is usually conducted in parameter-efficient diffusion model
finetuning [26, 57], which can demonstrate the capability
of utilizing text-to-image generation priors. As Figure 5
illustrated, our distilled model from the unconditional pre-
training can effectively utilize the less informative condi-
tions and generate matched images with more details.
Instructed image editing. To demonstrate our conditional
distillation capability on text-to-image generation, here we
apply our method on text-instructed image editing data [3]
and compare our conditional distilled model with the In-
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