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ABSTRACT

Score Distillation Sampling (SDS) has emerged as the de facto approach for text-
to-content generation in non-image domains. In this paper, we reexamine the SDS
process and introduce a straightforward interpretation that demystifies the neces-
sity for large Classifier-Free Guidance (CFG) scales, rooted in the distillation of an
undesired noise term. Building upon our interpretation, we propose a novel Noise-
Free Score Distillation (NFSD) process, which requires minimal modifications to
the original SDS framework. Through this streamlined design, we achieve more
effective distillation of pre-trained text-to-image diffusion models while using a
nominal CFG scale. This strategic choice allows us to prevent the over-smoothing
of results, ensuring that the generated data is both realistic and complies with the
desired prompt. To demonstrate the efficacy of NFSD, we provide qualitative ex-
amples that compare NFSD and SDS, as well as several other methods.

1 INTRODUCTION

Image synthesis has recently witnessed significant progress in terms of image quality and diver-
sity (Yu et al., 2022; Ding et al., 2021; Gafni et al., 2022; Chang et al., 2022; Kang et al., 2023;
Chang et al., 2023). Specifically, text-to-image models are rapidly improving, with diffusion-based
methods leading the way (Sohl-Dickstein et al., 2015; Ho et al., 2020; Dhariwal & Nichol, 2021;
Rombach et al., 2022; Balaji et al., 2022; Saharia et al., 2022). Seeking to project the great power
of such diffusion-based text-to-image models to other domains beyond images, Score Distillation
Sampling (SDS) was introduced. In their seminal work, DreamFusion, Poole et al. (2022) introduce
the SDS loss which utilizes the strong prior learned by a text-to-image diffusion model to optimize
a NeRF (Mildenhall et al., 2020) based on a single text prompt. Other works have shown that this
mechanism can also be used to optimize other representations, such as meshes (Chen et al., 2023),
texture maps (Metzer et al., 2022; Tsalicoglou et al., 2023), fonts (Iluz et al., 2023; Tanveer et al.,
2023), and SVG (Jain et al., 2023).

Despite the widespread adoption of the SDS loss in various domains and representations, there is
still a gap in visual quality between images generated by the standard denoising diffusion process
(ancestral sampling) and those resulting from an SDS-based optimization process. Specifically, as
noted by previous works (Poole et al., 2022; Wang et al., 2023b; Zhu & Zhuang, 2023), SDS tends to
produce over-smoothed and over-saturated results, exhibiting limited ability to generate fine details,
a trait where modern text-to-image models typically excel. Furthermore, the SDS loss remains
intriguing, as it is still not fully understood.

In this paper, inspired by SDS (Poole et al., 2022), we present a general framework that allows us-
ing a pretrained diffusion model to optimize a differentiable image renderer. Treating the diffusion
model as a score function (Song et al., 2020), we propose a formulation that decomposes the score
into three intuitively interpretable components: alignment with the condition, domain correction,
and denoising. Based on insights gained by viewing the score function in light of our new decompo-
sition, we introduce a new Noise-Free Score Distillation (NFSD) loss, and show that it outperforms
SDS without incurring any additional computational costs.

To demonstrate the general nature of our framework, we show that our novel formulation sup-
ports and provides a more concise and straightforward explanation for recent methods, such as
VSD (Wang et al., 2023b) and DDS (Hertz et al., 2023), which have shown improvements over SDS.
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Figure 1: Results obtained with our Noise Free Score Distillation (NFSD). Top: two learnt NeRFs
(movies of these and many other examples are included in the supplementary materials). Bottom: a
gallery of images optimized with NFSD.

We validate our formulation and approach by utilizing Stable Diffusion (Rombach et al., 2022) as
our score function with a focus on images and NeRFs as our representations. A few example re-
sults are showcased in Figure 1. Through careful design, our Noise-Free Score Distillation (NFSD)
addresses some of the issues present in SDS and leads to improved visual results.

2 BACKGROUND

In this section, we provide the necessary background regarding diffusion models and the SDS loss
(Poole et al., 2022) that enables text-to-3D generation by optimizing the parameters of a differen-
tiable image generation function.

Diffusion models Diffusion models (Sohl-Dickstein et al., 2015; Ho et al., 2020) are a family of
generative models that are trained to gradually transform Gaussian noise into samples from a target
distribution pdata. Starting from an initial noisezT � N (0; I) , at each diffusion timestept, the
model takes as input a noisy samplezt , and predicts a cleaner samplezt � 1, until �nally obtaining
z0 = x � pdata. Thus, such models effectively learn the transitionsp(zt � 1jzt ).

Commonly, diffusion models are parameterized by a U-net� � (zt ; t) (Ho et al., 2020), which predicts
the noise� that was used to producezt from x = z0, rather than predictingx or zt � 1 directly. This
is known as� -prediction. Previous works (Ho et al., 2020; Song et al., 2020) have also observed that
� � (zt ; t) is proportional to the predicted score function (Hyvärinen & Dayan, 2005) of the smoothed
denistyr z t logpt (zt ), wherept is the marginal distribution of the samples noised to timet. The
score function is a vector �eld that points towards higher density of data at a given noise level. Thus,
intuitively, taking steps in the direction of the score function gradually moves the sample towards
the data distribution.

In this work, we focus on diffusion models that strive to generate samples aligned with a given
conditiony (e.g., class, text prompt). To this end, the diffusion process is conditioned ony. This
is typically achieved via classi�er-free guidance (CFG) (Ho & Salimans, 2022), where the condi-
tioned prediction� � (zt ; y; t) of the noise is extrapolated away from the unconditioned prediction
� � (zt ; ? ; t) by an amount controlled by a scalars 2 R:

� s
� (zt ; y; t) = � � (zt ; y = ? ; t) + s (� � (zt ; y; t) � � � (zt ; y = ? ; t)) ; (1)
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where? indicates a null condition (unconditioned). CFG modi�es the score function to steer the
process towards regions with a higher ratio of conditional density to the unconditional one. However,
it has been observed that CFG trades sample �delity for diversity (Ho & Salimans, 2022).

Score Distillation Sampling (SDS) Over the last two years, text-to-image diffusion meth-
ods (Rombach et al., 2022; Saharia et al., 2022; Ramesh et al., 2022; Podell et al., 2023) have
achieved unprecedented image generation results by incorporating textual encoder outputs as a con-
dition to the diffusion model. These powerful models are trained on billions of text-image pairs,
and such extensive data is currently not available for other domains. The recent introduction of
Score Distillation Sampling (SDS) (Poole et al., 2022; Wang et al., 2023a) enables leveraging the
priors of pre-trained text-to-image models to facilitate text-conditioned generation in other domains,
particularly 3D content generation.

Speci�cally, given a pretrained diffusion model� � , SDS optimizes a set of parameters� of a differ-
entiable parametric image generatorg, using the gradient of the lossL SDS with respect to� :

r � L SDS = w(t)
�
� s

� (zt (x); y; t) � �
� @x

@�
; (2)

wherex = g(� ) is an image rendered by� , zt (x) is obtained by adding a Gaussian noise� to x
corresponding to thet-th timestep of the diffusion process, andy is a condition to the diffusion
model. In practice, at every optimization iteration, different values oft and Gaussian noise� are
randomly drawn. The parameters� are then optimized by computing the gradient ofL SDS with
respect tox and backpropagating this gradient through the differentiable parametric functiong.

Poole et al. (2022) formally show thatL SDS minimizes the KL divergence between a family of
Gaussian distributions aroundx and the distributionsp(zt ; y; t) learned by the pretrained diffusion
model. Intuitively, Equation 2 can be interpreted as follows: sincex = g(� ) is a clean rendered
image, Gaussian noise is �rst added to it in order to approximately project it to the manifold of
noisy images corresponding to timestept. Next, the score� s

� (zt (x); y; t) provides the direction in
which this noised version ofx should be moved towards a denser region in the distribution of real
images (noised to timestept and aligned with the conditiony). Finally, before the resulting direction
can be used to optimize� , the initially added noise� is subtracted. We interpret this last step as an
attempt to adapt the direction back to the domain of clean rendered images.

While SDS provides an elegant mechanism for leveraging pretrained text-to-image models, SDS-
generated results often suffer from oversaturation and lack of �ne realistic details. These issues
were, in part, attributed to the use of a high CFG value (Wang et al., 2023b), which Poole et al.
(2022) empirically found to be necessary to obtain their results. Several derivative approaches have
emerged to address these challenges (Metzer et al., 2022; Lin et al., 2023; Chen et al., 2023; Wang
et al., 2023b; Huang et al., 2023).

One effective approach for improving the generation quality is time annealing, which gradually
reduces the diffusion timestepst drawn by the optimization process, as it progresses (Lin et al.,
2023; Zhu & Zhuang, 2023; Wang et al., 2023b; Huang et al., 2023). Recently, VSD (Wang et al.,
2023b) and HiFA (Zhu & Zhuang, 2023) reformulated the distillation loss. HiFA uses a denoised
image version instead of the noise prediction, while VSD offers a variational approach, matching the
prediction of noisy real images with that of the noisy rendered images via an additional �ne-tuned
diffusion model. In image editing, DDS (Hertz et al., 2023) observed artifacts when applying SDS
to edit real images, which was attributed to a bias in SDS. To mitigate this bias, DDS employs a
subtraction of two SDS terms.

In the next section we propose our novel interpretation of SDS via decomposition of the predicted
score function into three interpretable components. The insights gained from this decomposition
lead us to propose a simple yet effective improvement to SDS, which we call Noise-Free Score
Distillation (NFSD), in Section 4. Furthermore, this decomposition enables a simple and uni�ed
interpretation of the recent progress in SDS, as discussed in Section 5.

3 SCOREDECOMPOSITION

As discussed earlier, the noise predicted by a trained diffusion model aims to be proportional to the
score functionr z t logpt (zt ), wherept is the marginal distribution of the samples noised to timet.
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Figure 2: Visualization of� C. The images in the left column are generated by Stable Diffusion (SD
version 2.1-base) with the prompts “A photo of a horse in a meadow” and “A statue of Buddha”. The
other columns visualize� C for added noise� with magnitude corresponding to different diffusion
timestepst. As can be seen,� C is fairly clean and concentrated around the main object in the
image. (The visualization is done by decoding each� C using the VAE decoder of SD, please refer
to Appendix A.1 for more details).

In order to gain a better understanding of SDS, it is helpful to examine the decomposition of the
score direction into several intuitively interpretable components.

First, consider the difference� C = � � (zt ; y; t) � � � (zt ; ? ; t) in Equation 1. While� � (zt ; y; t)
ideally points towards a local maximum in the probability density of noisy real images conditioned
on y, � � (zt ; ? ; t) points towards a denser region in the distribution of unconditioned noisy images.
Thus, the difference� C between the two predictions may be thought of as the direction that steers
the generated image towards alignment with the conditiony, and we henceforth refer to it as the
condition direction.

The condition direction� C is empirically observed to be uncorrelated with the added noise� and hav-
ing its signi�cant magnitudes around the condition-speci�c image regions. As demonstrated in Fig-
ure 2,� C is consistently aligned with the conditiony for noise corresponding to different timesteps
t of the diffusion process. This observation is consistent with the inspiration behind CFG (Ho &
Salimans, 2022): classi�er-guidance of an implicit classi�err z t logpi (yjzt ). Extending this ratio-
nale, such a classi�er, trained on noisy datazt , should be invariant to the additive noise� , and its
gradients with respect to the input imagezt should focus on details inzt that are most relevant toy.

Rewriting Equation 1 using the condition direction� C de�ned above, we obtain:

� s
� (zt ; y; t) = � � (zt ; ? ; t) + s(� � (zt ; y; t) � � � (zt ; ? ; t)) = � � (zt ; ? ; t) + s� C: (3)

By the nature of its training, the unconditional term� � (zt ; ? ; t) is expected to predict the noise�
that was added to an imagex � pdata to producezt . However, in SDS,zt is obtained by adding
noise to an out-of-distribution (OOD) rendered imagex = g(� ), which is not sampled frompdata.
Thus, we can think of� � (zt ; ? ; t) as a combination of two components,� � (zt ; ? ; t) = � D + � N,
where� D is thedomain correctioninduced by the difference between the distributions of rendered
and real images, while� N is thedenoising direction, pointing towards a cleaner image. Intuitively,
we expect� D to be correlated with the content ofx(� ), while no such correlation is expected for� N.

We are not aware of any general way to explicitly separate� � (zt ; ? ; t) into these two compo-
nents. Nevertheless, we attempt to isolate the two components for visualization purposes in Fig-
ure 3. The idea is to examine the difference between two unconditional predictions� � (zt (x ID); ? ; t)
and� � (zt (xOOD); ? ; t), wherezt (x ID) andzt (xOOD) are noised in-domain and out-of-domain im-
ages, respectively, that depict the same content and are added the same noise� . Intuitively, while
� � (zt (xOOD); ? ; t) both removes noise (� N) and steers the sample towards the model's domain (� D),
the prediction� � (zt (x ID) mostly just removes noise (� N), since the image is already in-domain.
Thus, in Figure 3 we use the latter to visualize� N (column (c)) and the difference between the two
predictions to visualize� D (column (d)), effectively assuming that� N is shared betweenx ID ; xOOD.
As can be seen,� N indeed appears to consist of noise uncorrelated with the image content, while� D
is large in areas where the distortion is most pronounced and adding� D to xOOD effectively enhances
the realism of the image (column (e)). More details about this process can be found in the appendix.
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(a) x ID (b) x OOD (c) � N (d) � D (e) x OOD + � D

Figure 3: Visualization of� N and� D (at t = 400). Columns (a) and (b) show a pair of in-domain
(x ID) and out-of-domain (xOOD) images, both depicting the same underlying content. We add the
same noise to both images, and use the pre-trained diffusion model to predict the score. Intuitively,
the noisedx ID image requires no domain correction, and thus the predicted score consists of only
� N, shown in (c). Subtracting� N from the prediction for the noisedxOOD image gives us the domain
correction� D, shown in (d). Indeed, adding� D to xOOD produces a more realistic image (e).
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Figure 4: Visualization of� N � � . Top row: noise� corresponding to different diffusion timesteps
t is added to an in-domain image of a horse (as indicated below each column). Bottom row: the
residual� � (zt ; ? ; t) � � between the network prediction and the actual noise. Since the original
image is in-domain (generated by SD),� D � 0, and therefore,� � (zt ; ? ; t) � � N. For visualization
purposes, the residual is decoded and clamped between -1 and 1. Although we do not expect the
residual� N � � to be correlated with the image, it may be seen that some correlation in fact exists,
and furthermore, the residual becomes progressively noisier at smaller timestepst.

To summarize so far, using the components discussed above, we can rewrite the CFG score as:

� s
� (zt ; y; t) = � D + � N + s� C: (4)

Poole et al. (2022) de�ne the SDS loss using the difference between the CFG score and the noise�
that was added to the rendered imagex to producezt , i.e.,

r � L SDS = w(t)( � s
� (zt ; y; t) � � )

@x
@�

= w(t)( � D + � N + s� C � � )
@x
@�

: (5)

Note that while both� D and� C are needed to steer the rendered image towards an in-domain image
aligned with the conditiony, the residual� N � � is generally non-zero and noisy, and this issue
becomes increasingly pronounced when smaller time steps, responsible for the formation of �ne
details, are employed, as visualized in Figure 4. This residual may explain, in part, the lower quality
images generated using SDS, compared to ancestral sampling: at each optimization step, the opti-
mized parameters� are guided at a random direction depending on� N � � , resulting in an averaging
effect. While higher level semantics are roughly less affected, �ne and medium level details, from
lower diffusion timest tend to be over-smoothed. Previous works (Hertz et al., 2023; Wang et al.,
2023b) have also observed that the subtraction of� indeed leads to blurry results.

Importantly, our decomposition in Equation 5 explains the need for using a large CFG coef�cient
in SDS (e.g.,s = 100), as this enables the image-correlateds� C term to dominate the loss, making
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s = 1 s = 4 s = 7 :5 s = 15 s = 30 s = 100

Figure 5: The impact of CFG on ancestral sampling. We generate all images using the same prompt
“A photo of a horse in a meadow” with the same seed and different values of the CFG parameters.
As can be seen, large values ofs lead to over-saturated and less realistic results.

the noisy residual� N � � relatively negligible. However, high CFG coef�cients are known to yield
less realistic results as demonstrated in Figure 5, typically leading to over-saturated images and
NeRFs. Although high CFG coef�cients have also been held responsible for lack of result diversity,
we demonstrate in Figure 11 that this assertion is not accurate.

4 NOISE FREE SCOREDISTILLATION

As discussed above, ideally only thes� C and the� D terms should be used to guide the optimization of
the parameters� . While � C is simply the difference between the conditioned and the null-conditioned
predictions,� D is more challenging to separate from� N, as they are both part of the predicted noise
� � (zt ; ? ; t).

To extract� D, we distinguish between different stages in the backward (denoising) diffusion process.
First, note that the noise variance, i.e., the magnitude of the noise to be removed, is monotonically
decreased in the backward process. Thus, for suf�ciently small timestep valuest, � N becomes small
enough to be neglected, and the score� � (zt ; ? ; t) = � N + � D is approximately� D. Speci�cally, we
apply this approximation fort < 200.

As for the larger timestep values,t � 200, we propose to approximate� D by the difference
� � (zt ; ? ; t) � � � (zt ; y = pneg; t), wherepneg = “unrealistic, blurry, low quality, out of focus,
ugly, low contrast, dull, dark, low-resolution, gloomy”. Here, we are making the assumption that
� C = pneg � � � D, and thus� � (zt ; ? ; t) � � � (zt ; y = pneg; t) = � � C = pneg � � D.

To conclude, we approximate� D by

� D =
�

� � (zt ; ? ; t); if t < 200
� � (zt ; ? ; t) � � � (zt ; y = pneg; t); otherwise,

(6)

and use the resulting� C and � D to de�ne an alternative,noise-free score distillationloss L NFSD,
whose gradients are used to optimize the parameters� , instead ofr � L SDS:

r � L NFSD = w(t) ( � D + s� C)
@x
@�

; (7)

In Figure 7 and Figure 8 we show that these seemingly small changes in the de�nition of the loss lead
to a noticeable improvement in the quality of generated images, as well as NeRFs. Note, that while
in the results of SDS we uses = 100, in our results we use the commonly used value ofs = 7 :5.
The reason for this is that by taking the measures described above to approximately eliminate the� N
component, it is no longer necessary to resort to a large value ofs to make the� C term dominant.

5 DISCUSSION

Our score decomposition formulation can be used to explain previous works that were proposed to
improve the SDS loss. This demonstrates the wide scope and applicability of our formulation.

DDS. Hertz et al. (2023) propose an adaptation of the SDS loss for image editing task. Speci�-
cally, instead of randomly initializing the optimization process as in SDS, it is initialized with the
(in-domain) input image. DDS optimizes the input image according to the text condition, while pre-
serving image attributes that are irrelevant to the edit task guided by the input prompt. The gradients
used by DDS are de�ned by

r � L DDS = r � L SDS(zt (x); y) � r � L SDS(~zt (~x); ~y); (8)
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