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Abstract

A major challenge in using diffusion models is aligning outputs with user-defined
conditions. Existing conditional generation methods fall into two major categories:
classifier-based guidance, which requires differentiable target models and gradient-
based correction; and classifier-free guidance, which embeds conditions directly
into the diffusion model but demands expensive joint training and architectural
coupling. In this work, we introduce a third paradigm: DISCrete nOise (DISCO)
guidance, which replaces the continuous conditional correction term with a finite
codebook of discrete noise vectors sampled from a Gaussian prior. Conditional
generation is reformulated as a code selection task, and we train prediction net-
work to choose the optimal code given the intermediate diffusion state and the
conditioning input. Our approach is differentiability-free, and training-efficient,
avoiding the gradient computation and architectural redundancy of prior methods.
Empirical results demonstrate that DISCO achieves competitive controllability
while substantially reducing resource demands, positioning it as a scalable and
effective alternative for conditional diffusion generation. Code is available at
https://github.com/dailongquan/disco.

1 Introduction

Diffusion models [4, 8] have achieved impressive success across diverse domains [11, 25, 47, 51],
scaling to billions of samples [27] and establishing themselves as foundational generative models.
They are particularly effective for conditional generation tasks [1, 13, 32, 44, 46] and support a
wide range of downstream applications [26, 38, 39, 30, 40, 31]. Consequently, the challenge of
conditional generation—tailoring outputs to satisfy user-defined constraints such as labels, attributes,
or spatiotemporal cues—is becoming increasingly critical.

Conditional generation in diffusion models typically follows one of two paradigms: classifier-based
guidance[10] and classifier-free guidance[15]. Both require training a dedicated model tailored
to each conditioning signal. More recently, training-free guidance, a subclass of classifier-based
methods, has emerged. These approaches leverage off-the-shelf, differentiable target predictors—such
as classifiers, loss functions, or energy functions—to steer generation without additional training.
The predictor evaluates sample quality and provides gradients to guide the diffusion process toward
desired outputs.

Classifier-based guidance[10] trains a noise-conditional classifier to estimate the class probability
pθ(c|zt). Training-free guidance[1, 13, 32, 44, 46] builds on this idea from an energy-based perspec-
tive [46], using pretrained target networks—such as depth or segmentation models—to approximate
pθ(c|zt) without training a dedicated classifier. While these predictors still require pretraining, their
decoupling from the diffusion model reduces overall computational cost. A key limitation, however,
is that these approaches require differentiable predictors, as guidance relies on computing the gradient
∇zt log p(zt|c) to apply conditional corrections during sampling.
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Classifier-free guidance[15] removes the need for an external classifier by interpolating between the
score estimates of a conditional diffusion model and its jointly trained unconditional counterpart
to form a conditional correction term. This approach relies on conditioning mechanisms [48] that
adapt an unconditional model into a conditional one. A major advantage of classifier-free guidance
is its ability to generate outputs more faithfully aligned with the conditioning input [18]. However,
this comes at the cost of increased training complexity: the conditional branch modifies features
throughout the diffusion model, requiring the full model to be loaded during training. In contrast,
classifier-based methods allow the conditional network to be trained independently.

In this paper, we propose a third approach: DISCrete nOise (DISCO) guidance, which overcomes
key limitations of existing methods. Both classifier-based and classifier-free methods aim to estimate
a conditional correction term �(zt, c), which transforms the zero-mean Gaussian noise used in
unconditional denoising into a non-zero-mean noise for conditional denoising. Our insight is that,
under certain conditions, this non-zero-mean noise can be effectively approximated using a finite
codebook of discrete vectors, pre-sampled from a Gaussian distribution. This reframes conditional
generation as a code selection problem: given the current diffusion state zt and conditioning input c,
the model selects an optimal code from the codebook. To realize this, we introduce a discrete noise
prediction network that learns to perform this selection efficiently and effectively. In summary, the
contribution of our DISCO are that:

Differentiability-Free: Our discrete noise prediction network directly selects the optimal code to
substitute for the non-zero-mean Gaussian noise, avoiding the need to compute gradients of
the target predictor as required in classifier-based guidance.

Training Efficiency: Training the discrete noise prediction network does not require loading or
fine-tuning the diffusion model, significantly reducing computational overhead. This is
because both inputs—zt and c—as well as the discrete code indices can be precomputed.

Alignment Improved: Our method explicitly trains the prediction network to select control noise,
providing direct supervision for controllability. In contrast, classifier-based guidance relies
on auxiliary classification loss, which does not directly align with the diffusion process.

2 Related Work

Classifier-based guidance has primarily focused on training-free approaches, where an independently
trained classifier is used to guide the diffusion process during inference without modifying the
diffusion model itself. In contrast, classifier-free guidance relies on learned conditioning, typically by
integrating an auxiliary conditional network into the diffusion model during training. In this section,
we briefly review both categories to contextualize our proposed DISCO method, which introduces a
third paradigm for conditional generation that is distinct from both classifier-based and classifier-free
approaches.

Classifier-based guidance was introduced by Dhariwal and Nichol [10], who trained a time-
dependent classifier to approximate the posterior log pt(c|zt) using a pre-trained diffusion model.
Later works estimate the gradient ∇zt

log pt(c|zt) at inference using pre-trained predictors. Chung
et al. [6] applied Tweedie’s formula to linear inverse problems, which was extended to broader
conditional generation by Chung et al. [7], Yu et al. [46], Bansal et al. [1], and Wang et al. [37]. Song
et al. [32] reduced bias via multiple samples from a noisy Gaussian prior. Zhu et al. [52] introduced
manifold projection, later refined by He et al. [13] with an autoencoder enforcing guidance in the
tangent space. Yang et al. [43] further improved this by mitigating manifold drift without strong
assumptions. Despite these advances, classifier-based guidance fails when the target predictor is
non-differentiable.

Classifier-free guidance extends the conditional processing capabilities of diffusion models by
modifying the architecture to directly incorporate conditioning information. ControlNet [48] proposes
to utilize the trainable copy of the UNet encoder in the diffusion model to encode extra condition
signals into latent representations and then apply zero convolution to inject into the backbone of
the UNet in diffusion modal. However, ControlNet is a single-modality framework and requires a
separate model for each modality. To address this, unified ControlNet-like models [17, 18, 20, 29,
22, 49, 50, 34] are proposed to handle diverse control signals by inject multi-modality into original
diffusion model. Despite their flexibility, these models are typically resource-intensive to train.
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3 Preliminaries

In this section, we delve into two fundamental theorems that theoretically guarantee the practicality
of our discrete noise guidance approach.
Theorem 1. Let n � 2 denote the ambient dimension, and let� = \ (� ; � ) be the angle between

the mean vector� and a random vector� � N (� ; I ). Then,� = cos2 � =
�

h� ;� i
k� k�k � k

� 2
follows the

non-central beta distribution:
� � Beta(�; � ; � ) : (1)

where� = 1
2 , � = n � 1

2 , and� = k� k2. Let2F1 (a; b; c; z) be a Gaussian hypergeometric function.
The expectation ofcos2 � is given by

E[� ] =
� + �

� + � + �
� 2F1

�
1; � + 1; � + � + 1;

1
1 + �

�
�

1
� + �

: (2)

This theorem can be leveraged to assess whether a vector� is statistically consistent with being drawn
from N (� ; I ). Speci�cally, one can evaluate its cumulative probability under the above distribution
p = P(� � cos2 \ (� ; � )) , where� � Beta(�; � ; � ). A largep-value suggests that the observed
angle is likely under the assumed distribution. Thus, we have the following de�nition:
De�nition 1. Under the setup described above, we consider that a vector� is likely to be sampled

fromN (� ; I ) if
�

h� ;� i
k� k�k � k

� 2
> E[� ]: Equivalently, if the angle between� and� satis�es\ (� ; � ) <

arccos
� p

E[� ]
�

; we regard� as being drawn fromN (� ; I ).

Let K � 1 be the number of independent random samples. We consider independent random vectors
CK

n =
�

" (1) ; " (2) ; : : : ; " (K )
	

sampled fromN (0; I ) in then-dimensional space, and let� 2 Rn be
a vector. For eachi = 1 ; : : : ; K , � i = \ (� ; � ( i ) ) is de�end as the angle between� and� i . Thus
� i = cos2 � i be independent sampled from the non-central beta distribution (1).

The maximum off � i g is given by� K = max 1� i � K � i . As K ! 1 , the typical maximum of the
cosine square similarity� K is a valuebK such that:P(� K � bK ) ! 1. When the sample sizeK
becomes large, the typical maximum refers to the value that the maximum is most likely to take. It is
not exactly the expected value, nor is it concerned with rare extreme �uctuations; rather, it describes
where the maximum tends to be most of the time. We use it to describe how similar the random set
CK

n is to � and have the following theorem to estimate the typical maximum� CK
n

.

Theorem 2. Under the setup described above, letf � i gK
i =1 beK samples drawn from the non-central

beta distributionBeta(�; � ; � ). Whenn is moderately large andK is not too small, the typical
maximum� CK

n
is approximately the same:

� CK
n

�
2 logK

n
(3)

This theorem reveals that in high-dimensional spaces with largen, any two vectors are nearly
orthogonal as the typical maximum of approaches1. To increase the similarity between two vectors,
we must decrease the dimensionn and increase the number of samplesK . Since each� i measures
the cosine square similarity between" (K ) and� , the typical maximum� C describes how the setC
can approach� . Thus, under the setup described above, the de�nition in the following is reasonable.
De�nition 2. If � CK

n
> 0:15nE[� ], we say the setCK

n can provide a sample for the distribution
N (� ; I ) and say argmin� ( i ) 2C K

n
cos2 \ (� ; � ( i ) ) as the sample.

4 DISCO

In this section, we introduce DISCO, a method for conditional generation using diffusion models.
We begin by showing that conditional generation can be achieved by sampling noise from a non-zero-
mean Gaussian distribution. Next, we demonstrate that this sampling process can be replaced by
selecting discrete codes from a prede�ned codebook. This insight implies that accurately predicting
the correct discrete code based on the input condition enables effective conditional generation. To
realize this, we describe how to train a network that predicts these discrete codes from intermediate
diffusion states and the conditioning input.
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4.1 Non-zero-mean Gaussian Distribution for Conditional Generation

To derive conditional diffusion models, Dhariwal and Nichol[10] introducedclassi�er guidance,
which modi�es the score� � (zt ; c) � � � t r z t logp(zt jc) by adding the gradient of the log-likelihood
from a classi�er modelp� (cjzt ), which is proportional toexp(E(zt ; c)) , as shown below:

~� � (zt ; c) = � � (zt ; c)� w� t r z t logp� (cjzt ) = � � (zt ; c) + � w� t r z t logE(zt ; c)
| {z }

Conditional Correction� (z t ;c)

; (4)

wherew is a parameter controlling the strength of the classi�er guidance. The modi�ed score~� � (zt ; c)
is then used in place of� � (zt ; c) when sampling from the diffusion model, resulting in approximate
samples from the distribution:~p� (zt jc) / p� (zt jc)p� (cjzt )w . This approach effectively increases
the probability of data where the classi�erp� (cjzt ) assigns high likelihood to the correct conditions.

Since classi�er guidance relies on gradients from an image classi�er, Ho and Salimans[15] aim to
remove the need for the classi�er and introduceclassi�er-free guidance. This approach modi�es
� � (zt ; c) in a way that produces the same effect as classi�er guidance but without using a classi�er.
They train an unconditional denoising diffusion modelp� (z), parameterized by� � (zt ; c = ? ), along
with the conditional modelp� (z jc), parameterized by� � (zt ; c), where? denotes the absence of
the class identi�erc. Sampling is then carried out using the following linear combination of the
conditional and unconditional score estimates:

~� � (zt ; c) = � � (zt ; c) + w(� � (zt ; c) � � � (zt ; ? ))
| {z }
Conditional Correction� (z t ;c)

(5)

The DDPM denoising step [16] for conditional generation thus becomes

zt � 1 =
1

p
� t

�
zt �

1 � � tp
1 � �� t

~� � (zt ; c)
�

+ � t � 0; � 0 � N (0; I )

=
1

p
� t

�
zt �

1 � � tp
1 � �� t

� � (zt ; c)
�

+ � t � ; � � N (� (zt ; c); I )
(6)

where� (zt ; c) = � 1� � tp
� t

p
1� �� t

� (zt ; c) and the last term� is sampled from a non-zero-mean

Gaussian distirbutionN (� (zt ; c); I ).

4.2 Discrete Noise for Conditional Generation

Equation (6) shows that in conditional DDPM sampling, noise is drawn from a non-zero-mean
Gaussian distribution. We propose replacing this noise with a code selected from a �xed codebook
CK

n = " (1) ; : : : ; " (K ) , where each code" (k ) is independently sampled fromN (0; I ) and remains
unchanged during training and inference. The core idea is that an appropriate code from this set can
serve as an effective discrete approximation of the non-zero-mean Gaussia noise, enabling a simple
codebook lookup in place of continuous sampling.

Theorem 1 provides a criterion for selecting a good substitute for Gaussian noise. It shows that the
squared cosine similarity between� and� � N (� ; I ) follows a non-central beta distribution. If
there exists a code� ( i ) 2 CK

n whose squared cosine similarity with� (zt ; c) exceeds the expected
valueE[� ] of this distribution, then� ( i ) can be considered a valid substitute under De�nition 1.

Theorem 2 evaluates whether the codebookCK
n can provide such a substitute. It de�nes the typical

maximum similarity� CK
n

between� (zt ; c) and the codes inCK
n as in Equation (3). If� CK

n
> E[� ],

the codebook is deemed suf�cient to approximate samples from the target non-zero-mean Gaussian
distributionN (� (zt ; c); I ).

Since the latent space of SD 1.5 has size4096 = 4 � 64 � 64, the dimensionality of the noise
� in Equation (6) is also 4096. According to Theorem 2, in such high-dimensional spaces, a
prede�ned codebookCK

n cannot provide a good approximation to samples from a non-zero-mean
Gaussian distribution, as most vectors tend to be nearly orthogonal. To address this, we divide
� into 256 blocksf � i g256

i =1 , each of size4 � 4 � 4, so that� = cat(f � i g), and each block has
dimensionality 64. In this con�guration, the expected value ofBeta(0:5; 31:5; � ) is 0.0278, with
� = k� i k2 � 256 based on empirical statistics. For a prede�ned codebookC4096

64 with 4096
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