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Abstract

Text-to-image diffusion models are capable of generating
high-quality images, but suboptimal pre-trained text repre-
sentations often result in these images failing to align closely
with the given text prompts. Classifier-free guidance (CFG)
is a popular and effective technique for improving text-
image alignment in the generative process. However, CFG
introduces significant computational overhead. In this paper,
we present DIstilling CFG by sharpening text Embeddings
(DICE) that replaces CFG in the sampling process with half
the computational complexity while maintaining similar gen-
eration quality. DICE distills a CFG-based text-to-image dif-
fusion model into a CFG-free version by refining text embed-
dings to replicate CFG-based directions. In this way, we avoid
the computational drawbacks of CFG, enabling high-quality,
well-aligned image generation at a fast sampling speed. Fur-
thermore, examining the enhancement pattern, we identify
the underlying mechanism of DICE that sharpens specific
components of text embeddings to preserve semantic infor-
mation while enhancing fine-grained details. Extensive ex-
periments on multiple Stable Diffusion v1.5 variants, SDXL,
and PixArt-oc demonstrate the effectiveness of our method.

Code — https://github.com/zju-pi/dice
Extended version — https://arxiv.org/abs/2502.03726

Introduction

Diffusion-based generative models (Sohl-Dickstein et al.
2015; Song and Ermon 2019; Ho, Jain, and Abbeel 2020)
have recently achieved remarkable advances, driven by con-
tinuously refined theoretical frameworks (Song et al. 2021;
Karras et al. 2022; Chen et al. 2024b; Kingma and Gao
2024) and fast evolution of model architectures (Peebles
and Xie 2023; Bao et al. 2023). Their impressive generation
ability brings text-to-image generation to unprecedented lev-
els (Rombach et al. 2022; Saharia et al. 2022; Podell et al.
2024; Esser et al. 2024), and enables a multitude of new con-
ditional generation tasks (Croitoru et al. 2023).

In text-to-image generation (Nichol et al. 2022; Rom-
bach et al. 2022; Saharia et al. 2022), diffusion models use
text embeddings produced by pre-trained encoders such as
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Figure 1: Comparison of text-to-image generation: unguided
sampling, guided sampling, and DICE. Top: Average aes-
thetic score (Schuhmann et al. 2022) over 5,000 images
plotted against the number of function evaluations (NFE).
Bottom: An example of image synthesis using different
methods at NFE =4, 8, 12, and 16.

CLIP (Radford et al. 2021) and T5 (Raffel et al. 2020).
These embeddings are fixed-dimensional vectors that en-
capsulate the semantic content of text prompts. However,
they are not specifically optimized for image generation (Li
et al. 2024). Moreover, images often encompass more de-
tailed information than text prompts can convey, making
precise text-image semantic alignment challenging (Schrodi
et al. 2024). Consequently, as illustrated in Figure 1, sam-
pling with text-to-image models in their original conditional
form—hereafter referred to as unguided sampling—often
produces blurry and semantically inaccurate outputs (Meng



et al. 2023; Karras et al. 2024). To address the limited se-
mantic signals provided by text embeddings, guided sam-
pling techniques (Dhariwal and Nichol 2021; Ho and Sal-
imans 2022) have been introduced to steer samples toward
a more concentrated distribution. Classifier-Free Guidance
(CFG) (Ho and Salimans 2022) is a widely adopted tech-
nique for guided sampling. It directs the generative process
at each sampling step by extrapolating the direction between
the conditional prediction and an unconditional prediction,
with the guidance strength modulated by a hyperparame-
ter known as the guidance scale. CFG enhances both im-
age quality and text-image alignment, making it a popular
choice in practice. However, an important drawback of CFG
is that it requires an additional model evaluation at each step,
thereby increasing the sampling overhead (Ho and Salimans
2022). Moreover, since CFG deviates from the sampling
path of a normal diffusion model, it complicates the under-
standing of sampling dynamics (Karras et al. 2024; Zheng
and Lan 2024; Bradley and Nakkiran 2024).

To mitigate the increased sampling overhead, prior re-
search distilled CFG into a single model evaluation per sam-
pling step (Meng et al. 2023; Hsiao et al. 2024). While these
methods can effectively reduce the computational cost of
CFQG, they typically incur significant training overhead due
to the large number of trainable parameters required and suf-
fer from practical issues. For instance, on the Stable Dif-
fusion v1.5 model (Rombach et al. 2022), Guided Distilla-
tion (GD) (Meng et al. 2023) fine-tunes the whole model in-
volving 859M trainable parameters and the fine-tuned model
cannot be applied to new scenarios. Plug-and-Play Distilla-
tion (PnP) (Hsiao et al. 2024) trains an auxiliary model with
361M parameters but requires multiple operations during in-
ference, reducing the ratio of acceleration.

In this paper, we introduce DIstilling CFG by sharp-
ening text Embeddings (DICE) as an alternative approach
for achieving high-quality image generation with unguided
sampling. Specifically, we refine the model’s input condi-
tion, i.e., text embeddings, under CFG-based supervision by
training a lightweight sharpener that operates only once in-
dependently of the primary text-to-image model with only
2M model parameters (Figure 2). With sharpened embed-
dings, our enhanced unguided sampling achieves image
quality on par with guided sampling while maintaining com-
putational efficiency. By inspecting the underlying mecha-
nism, we reveal that DICE identifies a universal enhance-
ment pattern: the semantically irrelevant components of the
text embedding are primarily amplified, preserving essential
semantic information while enriching fine-grained details in
the generated images. Extensive experiments across various
text-to-image models, encompassing different model capac-
ities, image styles, and network architectures, validate the
effectiveness of our method in diverse scenarios.

Preliminaries
Diffusion Models

Given a data sample xo € R? from the implicit target data
distribution pg (in this case, the distribution of all natu-
ral images), the forward process in diffusion models grad-
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Figure 2: Overview of DICE sampling and comparison with
traditional unguided and guided sampling. With sharpened
text embeddings, DICE achieves high-quality image gener-
ation comparable to guided sampling while maintaining the
same computational overhead as unguided sampling.

vally adds white Gaussian noise to the sample, follow-
ing a stochastic differential equation (SDE) (Song et al.
2021): dx; = f(x¢,t)dt + g(t)dw,, where t € [0,T],
f(,t) : R — R% g(-) : R — R are drift and diffu-
sion coefficients and w; € R? is the Wiener process (Ok-
sendal 2013). The backward process in diffusion mod-
els achieves the data reconstruction through a reverse-time
SDE, dx; = [f(x¢,t) — g°(t)Vx, log pi(x;)]dt + g(t)dw,,
which shares the same marginal distributions {p; }7_, with
the forward process (Song et al. 2021). This reverse-time
SDE has a probability flow ordinary differential equa-
tion (PF-ODE) counterpart (Song et al. 2021; Chen et al.
2024b), dx; = [f(x,t) — 9% (t) Vx, log pi(x;)]dt. Follow-
ing the parametrization in EDM (Karras et al. 2022), where
f(x¢,t) = 0 and g(t) = v/2t, we simplify the PF-ODE into

dx; = —tVy, log p(x;)dt. (D

The analytically intractable Vi, log p;(x;) is known as the
score function (Hyvirinen 2005; Lyu 2009), which is typi-
cally estimated by either a score-prediction model sy (x;), or
a noise-prediction model €y (x;), i.e.,
€p(X

<t 2 2
For simplicity, unless otherwise specified, we will drop
the time dependence of the model subsequently to re-

Vi, logpe(xt) = sp(x:) = —
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Figure 3: Text-image alignment with scaled text embeddings. Images are generated by DreamShaper (Lykon 2023), a popular
variant of Stable Diffusion v1.5 (Rombach et al. 2022) with a CLIP text encoder (Radford et al. 2021), and PixArt-a (Chen
et al. 2024c) with a T5-XXL text encoder (Raffel et al. 2020). Left: Text embeddings are scaled by a factor s and images are
generated via unguided and guided sampling. Right: A grid search is conducted to identify the optimal scaling factor with
respect to the CLIP score (CS) and Aesthetic score (AS). An optimal scaling factor improves the sample quality but varies
across model. Meanwhile, naive scaling is insufficient to improve unguided sampling to the image quality achieved by guided
sampling, which necessitates exploring the embedding space for a fine-grained dynamic scaling. Prompt: “An epic landscape”.

duce notational clutter. The training objective of diffu-
sion models is a weighted minimization of a regression
loss (Ho, Jain, and Abbeel 2020; Nichol and Dhariwal
2021; Kingma and Gao 2024). For distillation tasks in
which a student model €y is supervised by a fixed teacher
model €, the training objective is defined as L(6)
Ei14(0,7),e~N(0,1) [)\(t)||eg(xt) — ég(xt)H], where A(t) is
a weighting function, x; = x¢ + te, and xg ~ pg follows
the forward transition kernel po; (x;[x0) = N (x¢; %0, t°1).

In text-to-image generation, the diffusion model receives
embeddings of a text prompt ¢ € R¥*de encoded by a pre-
trained text encoder to predict the score function conditioned
on the text prompt, where K denotes the token number and
d. is the context dimension of each token. Starting from a
random Gaussian noise x7 with a manually designed time
schedule, sampling from diffusion models is to numerically
solve dx; = €p(x¢, c)dt through, for example, an Euler dis-
cretization (Song, Meng, and Ermon 2021),

3

where 0 < s < t < T. Advanced numerical solvers us-
ing higher-order derivatives can also be employed to achieve
accelerated sampling of diffusion models (Zhang and Chen
2023; Zhou et al. 2024).

xs =% + (s — t) €g(x¢, €),

Classifier-free Guidance

The standard class-conditional sampling for text-to-image
generation with Equation 3 usually produces blurry, dis-
torted, and semantically inaccurate images (Meng et al.
2023; Karras et al. 2024). In practice, classifier-free guid-
ance (CFG) (Ho and Salimans 2022) is widely used to trade
sample fidelity with diversity, allowing the model to achieve
low-temperature sampling without the need for an auxiliary
classifier-based guidance (Dhariwal and Nichol 2021). This
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technique modifies the model output by another model eval-
uation conditioned on a fixed null text embedding cuu:

€5 ™" (x¢,¢) = weg(xy,€) — (w— 1) €9(X¢, Count),  (4)
Xs = X¢ + (5 — 1) € (x4, €), (5)

where w > 1 is known as the guidance scale, with w = 1
corresponding to unguided sampling, and w > 1 to guided
sampling. Despite the ability to perform high-quality gen-
eration, CFG requires one more model evaluation in each
guided sampling step, highly increasing the inference costs.

Method
Sharpening Text Embeddings by Scaling

Text-to-image diffusion models are trained on large datasets
of text-image pairs (Rombach et al. 2022; Podell et al.
2024; Esser et al. 2024). In this process, text prompts are
first encoded into embeddings using pre-trained text en-
coders (Radford et al. 2021; Raffel et al. 2020) and then
integrated into the model inference via cross-attention mod-
ules. However, these models often struggle to generate im-
ages that closely align with the input prompts when using
unguided sampling.

We hypothesize that this misalignment stems from two
primary factors. First, current text encoders are not specifi-
cally designed for image generation. CLIP models align text
and images in the embedding space via contrastive learn-
ing (Radford et al. 2021), while TS models are fine-tuned on
large-scale natural language processing tasks (Raffel et al.
2020). Neither is optimized to provide text embeddings tai-
lored for high-quality image generation. Second, there is
an inherent information imbalance between text and im-
ages. Images encapsulate rich details such as layout, tex-
ture, and fine-grained elements, whereas manually annotated
captions typically describe only the main concepts (Radford



Algorithm 1: DICE Training

Input: dataset D, guidance scale w, maximum timestamp
T, text-to-image model €4+, -), null text embedding cpy,
learning rate 7
Initialize: sharpener r4(-, -)
while not converged do
Sample image-embedding pairs (xg, c) ~ D
Sample a timestamp ¢ ~ U(0,T)
Forward diffusion process x; ~ A (xq, t2I)
€y " (x4, €) = wep(xt, ) — (w — 1) €p(xXt, Coun)
cyp = C+ ary(c, o)
£(6) = lleg(xe, ¢4 — e (x1,0)]
6« 6 — 1V L£(0)
end while

et al. 2021; Schuhmann et al. 2022). This disparity leads
to a well-known modality gap between text and image do-
mains (Liang et al. 2022; Schrodi et al. 2024), particularly
when the text prompt length is limited. This may result in
subpar sample quality in unguided sampling.

Instead of relying on CFG in the sampling process with
double computational overhead, we improve the text-image
alignment by sharpening the text embeddings. We begin by
verifying the existence of such embeddings using the most
straightforward approach: scaling. In Figure 3, we scale the
text embeddings c input to the text-to-image models by a
factor s and apply the scaled embeddings to both unguided
(Equation 3) and guided (Equation 5) sampling. Sharpened
text embeddings yield enriched image details and improved
image contrast, but the optimal scaling factor varies across
text-to-image models and text prompts. As illustrated in Fig-
ure 3, scaling factors of 0.6 and 1.4 can both enhance im-
age details. Naive scaling alone is insufficient for improving
unguided sampling to the level of image quality achieved
by guided sampling. However, our pilot experiment demon-
strates that while text-to-image models are trained on pre-
traiend text embeddings, they can generalize to a broader
embedding space, making optimal sharpened text embed-
dings worth exploring. To learn the patterns of sharpened
text embeddings that can more effectively improve text-
image alignment, we propose training a lightweight neural
network to dynamically scale the text embeddings.

DICE

We present DIstilling CFG by sharpening text Embeddings
(DICE) which enhances unguided sampling by aligning its
sampling trajectory with the CFG trajectory. As such, DICE
cuts the computational cost of CFG in half as it calls the
denoising model only once per sampling step, while keep-
ing the high generation quality of CFG. Specifically, given
a text embedding c encoded by the text encoder, we train a
lightweight sharpener 7.4+, -) : RUCxde)x(Kxde) _y RExde
with the trainable parameters ¢, to sharpen the original text
embedding, i.e.,

(6)

where o is a hyperparameter controlling the sharpening
strength. Similar to Equation 3, the unguided sampling be-

¢y = ¢+ arg(c, cuun),
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Figure 4: Top: a text embedding consists of a semantic and
padding embedding. Bottom: replacing the original text em-
bedding with the sharpened semantic and padding embed-
ding. The latter one largely improves the sample quality.

comes X, = x; + (s —t) €g(xy, cy). We obtain the sharp-
ened text embedding using CFG-based supervision while
keeping the original text-to-image model frozen. Given
image-embedding pairs (xg,c), the training loss for the
sharpener is formulated in a distillation manner as:

(Xt7C)Ha (7)

where the trainable parameter is ¢, and € remains fixed. The
training procedure is described in Algorithm 1. As shown
in Figures 1 and 2, with the sharpened text embedding c,
DICE achieves high-quality image generation comparable to
guided sampling while requiring only half the computation.

In text-to-image generation, descriptive text prompts are
typically termed as positive prompts. However, images gen-
erated solely from positive prompts may not meet the de-
sired quality standards. To address these issues, negative
prompts are employed for image editing and quality en-
hancement. Previous works that distill CFG omit the en-
try for negative prompts, limiting practical applicability.
In DICE, we can integrate the embedding of negative text
prompts c,, into the sharpener, which is achieved by c4 =
c+arg(c,c,) — B(cn, — Cpyuu) Where 3 is a hyperparamter
controlling the strength of the introduced semantic shift.
During training, negative prompts are randomly sampled
from open-source datasets, and the training process remains
consistent with Algorithm 1, except that negative text em-
beddings replace all the original null text embeddings. This
strategy is especially effective for Stable Diffusion v1.5 vari-
ants (Rombach et al. 2022) and we consider it as an optional
choice to endow DICE sharpener with better robustness to
the semantic shift (see the Appendix).

W, Cnull

EtNLl(O,T),xth(xo,tzl) ||50(Xt7 C¢>) — €y

Inspecting the sharpened Text Embedding

Compared to existing works that distill CFG (Meng et al.
2023; Hsiao et al. 2024), decoupling the sharpener from the
text-to-image model allows us to gain a deeper understand-
ing of the proposed method by focusing on analyzing the



HPS v2.1 (1)

Model NFE #Param FID({) CS(1) AS() DrawBench (1)
Anime Concept Painting Photo
SD15 (w = 5) 40 - 22.04 30.22 5.36 24.29 23.16 22.88 24.62 23.83
SDI5(w=1) 20 - 32.80 21.99 5.03 17.79 17.69 17.40 19.41 18.43
Scaling (s = 1.2) % 20 - 32.54 22.89 5.13 18.11 17.94 17.73 19.57 18.80
GDt (Meng et al. 2023) 20 859M 23.54 28.02 5.30 21.84 20.58 20.19 23.48 21.99
PnP{ (Hsiao et al. 2024) ~ 28 361M 26.57 27.72 5.39 23.17 21.72 22.03 24.17 23.12
DICE (ours) 20 M 22.22 28.54 5.28 22.78 20.67 20.71 24.96 23.32
DreamShaper (w = 5) 40 - 30.35 30.50 5.87 30.20 28.92 28.85 27.62 26.84
DreamShaper (w = 1) 20 - 24.17 27.22 5.74 24.42 24.44 24.61 23.56 22.05
Scaling (s = 1.3) % 20 - 24.05 27.74 5.73 24.63 24.44 24.47 23.66 22.19
GD7T (Meng et al. 2023) 20 859M 32.53 28.48 5.86 28.34 27.50 27.59 26.40 25.27
PnPf (Hsiao et al. 2024) ~ 28 361M 35.57 28.46 5.87 29.53 28.72 28.80 27.35 26.04
DICE (ours) 20 M 30.36 29.03 5.87 29.17 28.44 28.49 27.27 25.77
SDXL (w = 5) 40 - 23.95 32.10 5.60 29.67 28.19 28.19 26.51 26.03
SDXL (w =1) 20 - 61.19 21.92 5.59 19.64 19.23 19.92 18.74 17.65
Scaling (s = 1.5) % 20 - 59.14 23.50 5.60 20.33 20.03 20.51 19.07 17.94
GD7T (Meng et al. 2023) 20 2.6B 28.88 30.84 5.57 28.83 27.65 28.11 26.39 25.43
PnPt (Hsiao et al. 2024) =~ 30 1.3B 32.52 30.31 5.76 29.29 27.59 28.15 26.44 25.35
DICE (ours) 20 M 28.01 30.63 5.68 29.06 27.72 28.10 26.48 25.44
Pixart-o (w = 5) 40 - 38.39 30.67 6.03 31.43 29.97 29.60 28.97 27.95
Pixart-a (w = 1) 20 - 41.74 25.30 6.11 26.29 25.73 25.90 23.63 23.23
Scaling (s = 1.2) % 20 - 41.89 25.79 6.10 26.26 25.60 25.60 23.73 23.25
GD7T (Meng et al. 2023) 20 611M 42.77 28.52 6.06 28.94 27.09 27.62 26.68 26.04
PnPt (Hsiao et al. 2024) =~ 30 295M 40.06 29.55 5.99 29.29 28.24 27.96 26.55 25.55
DICE (ours) 20 M 39.80 29.51 6.01 30.10 28.59 28.69 27.91 26.60

Table 1: Comparison of quantitative results. Images are generated with the same random seeds by the 20-step DPM-
Solver++ (Lu et al. 2022). *: Naive scaling using searched optimal scaling factor. {: Our reimplementmentation of Guided
Distillation (GD) (Meng et al. 2023) and Plug-and-Play Distillation (PnP) (Hsiao et al. 2024). PnP trains a ControlNet (Zhang,
Rao, and Agrawala 2023) which introduces near half of the parameters of the base models and thus leads to larger NFE.

sharpened text embeddings for inference. Next, we investi-
gate the underlying mechanisms of our method and demon-
strate how the sharpened text embeddings influence sam-
ple quality and sampling dynamics through both quantitative
and qualitative evidence.

The text embedding used for text-to-image generation
consists of a <SOS> token (start of sentence), some se-
mantic tokens and the remaining padded <FEOS> tokens
(end of sentence). As shown by previous works, e.g., (Yu
et al. 2024), based on the position of the first <FOS> to-
ken, a text embedding can be divided into a semantic embed-
ding that contains most semantic information and a padding
embedding that encodes more about the image details. In
Figure 4, we replace the original embedding with sharpened
semantic and padding embeddings. To replace the padding
embedding, we recognize the index of the first <FOS> to-
ken and then replace the embedding after this token with a
sharpened one. It is observed that sharpened padding embed-
dings largely improve the image quality. Moreover, we com-
pute the cosine similarity between 1, 000 paired original and
sharpened semantic embeddings, obtaining a mean value of
0.75 and a standard deviation of 0.05, while for padding em-
beddings, they are 0.23 and 0.02. This indicates that padding
embeddings are more significantly modified compared to se-
mantic ones. Combining both qualitative and quantitative re-
sults, we conclude that DICE mainly emphasizes sharpening
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the padding embedding while maintaining the original se-
mantic embedding, leading to consistent semantic informa-
tion but significantly improved image details.

Experiments
Text-to-Image Generation

DICE’s sharpener consists of two fully-connected layers and
an attention block. The number of trainable parameters is
less than 1% of the text-to-image model, leading to a neg-
ligible increase in computational overhead. The sharpen-
ing strength = 1 and guidance scale w = 5 are fixed
during training. Our experiments are conducted on state-
of-the-art text-to-image generation models, namely, Stable
Diffusion v1.5 (SD15) (Rombach et al. 2022), Stable Diffu-
sion XL (SDXL) (Podell et al. 2024), Pixart-« (Chen et al.
2024c) and a series of SD15-based open source variants,
including DreamShaper', AbsoluteReality?, Anime Pastel
Dream?®, DreamShaper PixelArt*, and 3D Animation Diffu-
sion’. We use MS-COCO 2017 (Lin et al. 2014) for training

"https://huggingface.co/Lykon/DreamShaper
*https://huggingface.co/digiplay/AbsoluteReality_v1.8.1
*https://huggingface.co/Lykon/AnimePaste] Dream
“https://civitai.com/models/129879/dreamshaper-pixelart
Shttps://civitai.com/models/118086?model Versionld=128046
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Figure 5: Qualitative results with different model capacities, image styles and network architectures. Images are generated by
20-step DPM-Solver++ (Lu et al. 2022) on 7 text-to-image models including multiple SD15 variants (Rombach et al. 2022),
SDXL (Podell et al. 2024) and Pixart-o (Chen et al. 2024c). The used prompts are provided in the Appendix.

and evaluation. More details about training, evaluation and models and text prompts. In Figure 7, we separately train
pre-trained models are included in the Appendix. three sharpeners (sharpener ¢, ¢ = 1,2,3) on three dis-
We evaluate DICE on text-to-image models with varying tinct text-to-image models, i.e., DreamShaper (model 1),
capacities, ranging from 0.6B to 2.6B parameters, across ar- DreamShaper PixelArt (model 2), and Anime Pastel Dream
chitectures such as U-Net (Ronneberger, Fischer, and Brox (model 3). Subsequently, we plug each sharpener into all
2015) and DiT (Peebles and Xie 2023), and across di- models for unguided image generation. The results show
verse image styles including dreamlike, realistic, 3-D, pixel that the sharpeners exhibit strong generalization capabili-
art, and anime style. The sample quality are measured by ties across diverse domains, consistently and significantly
the Fréchet Inception Distance (FID) (Heusel et al. 2017), improving the original unguided sampling. In Figure 8, we
CLIP Score (CS) (Radford et al. 2021), Aesthetic Score further investigate the generalization ability of DICE on un-
(AS) (Schuhmann et al. 2022), HPS v2.1 (Wu et al. 2023) seen prompts outside the training dataset. We test the per-
and DrawBench (Saharia et al. 2022). Quantitative results formance of DICE on unusual and long prompts and find
are presented in Table 1. Our enhanced unguided sampling DICE closely mimics the behavior of guided sampling and
achieves sample quality comparable to that of guided sam- generalizes well to challenging text prompts.
pling and largely outperforms the original unguided sam-
pling, as illustrated in Figure 5. Moreover, with only text Related Works

embedding modified, DICE achieves performance compara-
ble to existing method (Meng et al. 2023; Hsiao et al. 2024)
with largely reduced trainable hyperparameters and without
increasing inference costs.

CFG distillation. Previous works have proposed distilling
CFG-based text-to-image models. Guided distillation (Meng
et al. 2023) incorporates the guidance scale as a new model
input through fine-tuning. Plug-and-Play (Hsiao et al. 2024)
trains an auxiliary guided model attached to the U-Net de-

Discussion and Ablation Study coder, which is transferable to new domains. A recent work

Sharpening strength «. In practical applications, CFG of- NoiseRefine (Ahn et al. 2024) proposes to refine the ini-
fers flexibility in controlling image quality by adjusting the tially sampled Gaussian noise to enhance unguided sam-
guidance scale. Although DICE maintains a fixed guidance pling. However, the distillation loss requires samples gener-
scale during training, it allows for this flexibility via the ated by both unguided and guided sampling, introducing ex-
sharpening strength o This capability stems from the under- tensive computational overhead during training. In contrast,
lying mechanism of DICE, which emphasizes on enhancing our method solely modifies the text conditioning without al-
image details while preserving semantic information. Figure tering the generative process of diffusion models and retains
6 presents a comprehensive evaluation, demonstrating that fast training speed. A more detailed comparison is provided
the sharpening strength « serves a role akin to that of the in the Appendix.
guidance scale w. Reward-based methods. The text encoder plays a cru-
Generalization. As the sharpener operates independently cial role in text-to-image generation. Several studies aim to
of the text-to-image model, we investigate the feasibility of improve guided sampling by fine-tuning the text encoder
applying a well-trained sharpener to unseen text-to-image through reinforcement learning (Chen et al. 2024a) and re-
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models. The sharpening strength acts like the guidance scale. Guidance scales: {1,1.5,2.5,5,7.5,10,12.5,15}. Sharpening strengths:
{0,0.1,0.2,- - - ,1.6}. Bottom: as « increases, the sharpener can maintain the semantic information while improving the sample quality.

Model 1

Model 2

Model 3

SN

“Close-up photo of a princess.”

Figure 7: Generalization across different models. The origi-
nal unguided sampling results are provided for comparison.
Each sharpener is independently trained on DreamShaper
(model 1), DreamShaper PixelArt (model 2), or Anime Pas-
tel Dream (model 3), and applied to other models.

ward propagation (Li et al. 2024). Our method differs in
two key aspects. First, it is specifically designed to improve
unguided sampling without relying on CFG. Second, it is
trained under CFG-based supervision and does not require
human feedback or any reward models. We include further
discussion in the Appendix.

Conclusion

Classifier-Free Guidance (CFG) is a prevalent technique in
text-to-image generation, enhancing image quality but intro-
ducing increased sampling overhead. In this work, we intro-
duce DICE, which fortifies text embeddings by training an

Unguided
sampling
(w/o. CFG)

Guided
sampling
(w. CFG)

DICE
(w/o. CFG)

Unusual prompts

Figure 8: Generalization of DICE to unusual and long text
prompts. DICE closely mimics the behavior of guided sam-
pling and generalizes well to unseen text prompts. The un-
usual prompts are “A blue apple” and “A cubic watermelon”.
The detailed long prompts are provided in the Appendix.

sharpener under CFG-based supervision, achieving efficient
and effective unguided text-to-image generation. We reveal
that DICE enhances fine-grained image details through a
universal enhancement pattern without compromising es-
sential semantic information. Extensive experiments across
various model capacities, image styles, and architectures
demonstrate the effectiveness of our method. Our approach
also exhibits strong generalization capability on unseen text-
to-image models and challenging text prompts.
Limitations. Similar to existing methods that distill the
CFG, the performance of DICE has not yet converged to the
level of guided sampling. To overcome this limitation, future
work will focus on enhancing our method beyond guided
sampling by mitigating the information loss caused by distil-
lation. Exploring ways to improve unguided sampling with-
out CFG-based supervision is also a promising direction.
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