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Abstract
Classifier-Free Guidance (CFG) has been a de-
fault technique in various visual generative mod-
els, yet it requires inference from both condi-
tional and unconditional models during sampling.
We propose to build visual models that are free
from guided sampling. The resulting algorithm,
Guidance-Free Training (GFT), matches the per-
formance of CFG while reducing sampling to a
single model, halving the computational cost. Un-
like previous distillation-based approaches that
rely on pretrained CFG networks, GFT enables
training directly from scratch. GFT is simple to
implement. It retains the same maximum like-
lihood objective as CFG and differs mainly in
the parameterization of conditional models. Im-
plementing GFT requires only minimal modi-
fications to existing codebases, as most design
choices and hyperparameters are directly inher-
ited from CFG. Our extensive experiments across
five distinct visual models demonstrate the ef-
fectiveness and versatility of GFT. Across do-
mains of diffusion, autoregressive, and masked-
prediction modeling, GFT consistently achieves
comparable or even lower FID scores, with similar
diversity-fidelity trade-offs compared with CFG
baselines, all while being guidance-free. Code:
https://github.com/thu-ml/GFT.

1. Introduction
Low-temperature sampling is a critical technique for en-
hancing generation quality by focusing only on the model’s
high-likelihood areas. Visual models mainly achieve this via
Classifier-Free Guidance (CFG) (Ho & Salimans, 2022). As
illustrated in Fig. 1 (left), CFG jointly optimizes the target
conditional model and an extra unconditional model during
training, and combines them to define the sampling process.
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Figure 1: Comparison of GFT and CFG method. GFT shares
CFG’s training objective but has a different parameterization
technique for the conditional model. This enables direct
training of an explicit sampling model.

By altering the guidance scale s, it can flexibly trade off
image fidelity and diversity, while significantly improving
the sample quality. Due to its effectiveness, CFG has been
adopted as a default technique for a wide spectrum of visual
generative models, including diffusion (Ho et al., 2020),
autoregressive (AR) (Chen et al., 2020; Tian et al., 2024),
and masked-prediction models (Chang et al., 2022; Li et al.,
2023).

However, CFG is not problemless. First, the reliance on
an extra unconditional model doubles the sampling cost
compared with a vanilla conditional generation. Second,
this reliance complicates the post-training of visual models
– when distilling pretrained diffusion models (Meng et al.,
2023; Luo et al., 2023; Yin et al., 2024) for fast inference
or applying RLHF techniques (Black et al., 2023; Chen
et al., 2024b), the extra unconditional model needs to be
specially considered in the algorithm design. Third, this also
renders a sharp difference from low-temperature sampling
in language models (LMs), where a single model is suffi-
cient to represent the sampling distributions across various
temperatures. Similarly following LMs’ approach to divide
model output by a constant temperature value is generally
ineffective in visual sampling (Dhariwal & Nichol, 2021),
even for visual AR models with similar architecture to LMs
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Figure 2: Impact of adjusting GFT sampling temperature� for guidance-free DiT-XL/2. GFT achieves similar results to
CFG without requiring dual model inference at each step. More examples are in Figure 13.

(Sun et al., 2024). All these lead us to ask,can we effectively
control the sampling temperature for visual models using
one single model?

Existing attempts like distillation methods for diffusion mod-
els (Meng et al., 2023; Luo et al., 2023; Yin et al., 2024) and
alignment methods for AR models (Chen et al., 2024b) are
not ultimate solutions. They all rely heavily on pretrained
CFG networks for loss de�nition and do not support train-
ing guidance-free models from scratch. Their two-stage
optimization pipeline may also lead to performance loss
compared with CFG, even after extensive tuning. General-
izability is also a concern. Current methods are typically
tailored for either continuous diffusion models or discrete
AR models, lacking the versatility to cover all domains.

We propose Guidance-Free Training (GFT), a foundational
algorithm for building visual generative models with no
guidance. GFT matches CFG in performance while requir-
ing only a single model for temperature-controlled sam-
pling, effectively halving sampling costs compared with
CFG. GFT offers stable and ef�cient training with the same
convergence rate as CFG, almost no extra memory usage,
and only 10–20% additional computation per training up-
date. GFT is highly versatile, applicable in all visual do-
mains within CFG's scope, including diffusion, AR, and
masked models.

The core idea behind GFT is to transform the desired sam-
pling model into easily learnable forms. GFT optimizes
the same conditional objective as CFG. However, instead
of aiming to learn an explicit conditional network, GFT
de�nes the conditional model implicitly as the linear in-
terpolation of a sampling network and the unconditional
network (Figure 1). By training thisimplicit model, GFT
directly optimizes the underlying sampling network, which
is then employed for visual generation without guidance. In
essence, one can consider GFT simply as a conditional pa-
rameterization technique in CFG training. This perspective
makes GFT extremely easy to implement based on existing
codebases, requiring only a few lines of modi�cations and

with most design choices and hyperparameters inherited.

We verify the effectiveness and ef�ciency of GFT in both
class-to-image and text-to-image tasks, spanning 5 distinc-
tive types of visual models: DiT (Peebles & Xie, 2023),
VAR (Tian et al., 2024), LlamaGen (Sun et al., 2024), MAR
(Li et al., 2024) and LDM (Rombach et al., 2022). Across
all models, GFT enjoys almost lossless FID in �ne-tuning
existing CFG models into guidance-free models (Sec. 5.2).
For instance, we achieve a guidance-free FID of 1.99 for
the DiT-XL model with only 2% of pretraining epochs,
while the CFG performance is 2.11. This surpasses previous
distillation and alignment methods in their respective appli-
cation domains. GFT also demonstrates great superiority in
building guidance-free models from scratch. With the same
amount of training epochs, GFT models generally match or
even outperform CFG models, despite being50%cheaper in
sampling (Sec. 5.3). By taking in a temperature parameter
as model input, GFT can achieve a �exible diversity-�delity
trade-off similar to CFG (Sec. 5.4).

2. Background

2.1. Visual Generative Modeling

Continuous diffusion models. Diffusion models (Ho
et al., 2020) de�ne a forward process that gradually injects
noises into clean images from data distributionp(x ):

x t = � t x + � t � ;

wheret 2 [0; 1], and� is standard Gaussian noise.� t ; � t

de�nes the denoising schedule. We have

pt (x t ) =
Z

N (x t j� t x ; � 2
t I )p(x )dx ;

wherep0(x ) = p(x ) andp1 � N (0; 1).

Given data followingp(x ; c), we can train conditional dif-
fusion models by predicting the Gaussian noise added to
x t .

min
�

Ep(x ;c) ;t; �
�
k� � (x t jc) � � k2

2

�
: (1)
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More formally, Song et al. (2021) proved that Eq. (1) is
essentially performing maximum likelihood training with
evidence lower bound (ELBO). Also, the denoising model
� �

� eventually converges to the data score function:

� �
� (x t jc) = � � t r x t logpt (x t jc) (2)

Given conditionc, � � can be leveraged to generate images
from p� (x jc) by denoising noises fromp1 iteratively.

Discrete AR & masked models. AR models (Chen et al.,
2020) and masked-prediction models (Chang et al., 2022)
function similarly. Both discretize imagesx into token
sequencesx 1:N and then perform token prediction. Their
maximum likelihood training objective can be uni�ed as

min
�

Ep(x 1: N ;c) �
X

i

p� (x n jx <n ; c): (3)

For AR models,x <n represents the �rsti tokens in a pre-
determined order, andx i is the next token to be predicted.
For masked models,x i represents all the unknown tokens
that are randomized masked during training, whilex <n

are the unmasked ones. Due to discrete modeling, the data
likelihoodp� in Eq. (3) can be easily calculated.

2.2. Classi�er-Free Guidance

Continuous CFG. In diffusion modeling, vanilla temper-
ature sampling (dividing model output by a constant value)
is generally found ineffective in improving generation qual-
ity (Dhariwal & Nichol, 2021). Current methods typically
employ CFG (Ho & Salimans, 2022), which rede�nes the
sampling denoising function� s

� (x t jc) using two models:

� s
� (x t jc) := � c

� (x t jc) + s[� c
� (x t jc) � � u

� (x t )]; (4)

where� c
� and � u

� respectively model the conditional data
distributionp(xjc) and the unconditional data distribution
p(x). In practice,� u

� can be jointly trained with� c
� , by

randomly masking the conditioning data in Eq. (1) with
some �xed probability.

According to Eq. (2), CFG's sampling distributionps(x jc)
has shifted from standard conditional distributionp(x jc) to

ps(x jc) / p(x jc)
�

p(x jc)
p(x )

� s

: (5)

CFG offers an effective approach for lowering sampling
temperature in visual generation by simply increasings > 0,
thereby substantially improving sample quality.

Discrete CFG. Besides diffusion, CFG is also a critical
sampling technique in discrete visual modeling (Li et al.,
2023; Team, 2024; Tian et al., 2024; Xie et al., 2024).

Though the guidance operation performs on the logit space
instead of the score �eld:

`s
� (x n jx <n ; c) =

`c
� (x n jx <n ; c) + s[`c

� (x n jx <n ; c) � `u
� (x n jx <n )]:

Given` � / logp� , it can be proved the sampling distribu-
tion for discrete visual models also satis�es Eq. (5).

3. Method

Despite its effectiveness, CFG requires inferencing an extra
unconditional model to guide the sampling process, directly
doubling the computation cost. Moreover, CFG complicates
the post-training of visual generative models because the
unconditional model needs to be additionally considered in
algorithm design (Meng et al., 2023; Black et al., 2023).

We proposeGuidance-Free Training (GFT) as an alterna-
tive method of CFG for improving sample quality in visual
generation without guided sampling. GFT matches CFG in
performance but only leverages a single model to represent
CFG's sampling distributionps(x jc).

We derive GFT's training objective for diffusion models
in Sec. 3.1, discuss its practical implementation in Sec.
3.2, and explain how it can be extended to discrete AR and
masked models in Sec. 3.3.

3.1. Algorithm Derivation

The key challenge to directly learn the target sampling
model � s

� is the absence of a dataset that aligns with the
distributionps(x jc) in Eq. (5). This makes it impractical to
optimize a maximum-likelihood-training objective like

min
�

Eps (x ;c) ;t; �
�
k� s

� (x t jc) � � k2
2

�
;

as we cannot draw samples fromps. In contrast, training
� c

� (x jc) and� u
� (x ) separately as in CFG is feasible because

their corresponding datasets,f (x ; c) � p(x ; c)g andf x �
p(x )g, can be easily obtained.

To address this, we reformulate Eq. (4):

� c
� (x t jc)

| {z }
p(x jc)

Learnable

=
1

1 + s
� s

� (x t jc)
| {z }
ps (x jc)

 Target sampling model +

+
s

1 + s
� u

� (x t )| {z }
p(x )

Learnable

: (6)

Although learning� s
� directly is dif�cult, we note it can be

combined with an unconditional model� u
� to represent the

standard conditional� c
� , which is learnable. Thus, we can

leverage thesameconditional loss in Eq. (1) to train� s
� ,

namely:

min
�

Ep(x ;c) ;t; �

�
k

1
1 + s

� s
� (x t jc) +

s
1 + s

� u
� (x t ) � � k2

2

�
;

(7)
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Algorithm 1 Guidance-Free Training (Diffusion)

1: Initialize � from pretrained models or from scratch.
2: for each gradient stepdo
3: // CFG training w/ pseudo-temperature�
4: x ; c � p(x ; c)
5: � � U(0; 1), t � U(0; 1)
6: � � N (0; I 2)
7: x t = � t x + � t �
8: c? = c masked by? with 10%probability
9: Calculate� s

� (x t jc? ; � ) in training mode
10: // Additional to CFG
11: Calculate� u

� (x t j? ; 1) in evaluationmode
12: � � = �� s

� (x t jc? ; � ) + (1 � � )sg[� u
� (x t j? ; 1)]

13: // Standard Maximum Likelihood Training
14: �  � � � r � k� � � � k2

2 (Eq. 9)
15: end for

where� is standard Gaussian noise,x t = � t x + � t � are
diffused images.� t and� t de�ne the forward process.

To this end, we have a practical algorithm for directly learn-
ing guidance-free models� s

� . However, unlike CFG which
allows controlling sampling temperature by adjusting guid-
ance scales to trade off �delity and diversity, our method
still lacks similar inference-time �exibility as Eq. (7) is
performed for a speci�cs.

To solve this problem, we de�ne a pseudo-temperature
� := 1=(1 + s) and further condition our sampling model
� s

� (x t jc; � ) on the extra� input. We can randomly sample
� 2 [0; 1] during training, corresponding tos 2 [0; + 1 ).
The GFT objective in Eq. (7) now becomes:

min
�

Ep(x ;c) ;t; � ;�
�
k�� s

� (x t jc; � ) + (1 � � )� u
� (x t ) � � k2

2

�
:

(8)
When� = 1 , Eq. (8) reduces to conditional diffusion loss
k� s

� (x t jc; � ) � � k2
2. When � = 0 , Eq. (8) becomes an

unconditional lossk� u
� (x t ) � � k2

2. This allows simultaneous
training of both conditional and unconditional models.

As pseudo-temperature� decreases1 ! 0, the modeling
target for� s

� gradually shifts from conditional data distri-
butionp(x jc) to lower-temperature distributionps(x jc) as
de�ned by Eq. (5) (See Fig. 2).

3.2. Practical Implementation

A desirable algorithm should not only ensure soundness but
also offer computational ef�ciency, seamless integration,
and practical deployability. To achieve this, we further
present Eq. (9) as a practical loss function of GFT. The
implementation is in Algorithm 1.

L diff
� (x ; c? ; t; � ; � )

= k�� s
� (x t jc? ; � ) + (1 � � )sg[� u

� (x t j? ; 1)] � � k2
2: (9)

Figure 3: Comparison of computational ef�ciency between
GFT and CFG. Estimated based on the DiT-XL model.

Stopping the unconditional gradient. The main differ-
ence between Eq. (9) and Eq. (8) is that� u

� is computed in
evaluation mode, with model gradients stopped by thesg[�]
operation. To train the model unconditionally, we randomly
mask conditionsc with ? when computing� s

� . We show
this design does not affect the training convergence point:

Theorem 1 (GFT Optimal Solution). Given unlimited
model capacity and training data, the optimal� s

� � for opti-
mizing Eq. (9) and Eq. (8) are the same. Both satisfy

� s
� � (x t jc; � )

= � � t

�
1
�

r x t logpt (x t jc) � (
1
�

� 1)r x t logpt (x t )
�

Proof. In Appendix B.

The stopping-gradient technique has the following bene�ts:

(1) Alignment with CFG.The practical GFT algorithm (Eq.
9) differs from CFG training by a single unconditional in-
ference step. This allows us to implement GFT with only a
few lines of code based on existing codebases.

(2) Computational ef�ciency.Since the extra unconditional
calculation is gradient-free. GFT requires virtually no extra
GPU memory and only 19% additional train time per update
vs. CFG (Figure 3). This stands in contrast with the naive
implementation without gradient stopping (Eq. 8), which is
equivalent to doubling the batch size for CFG training.

(3) Training stability.We empirically observe that stopping
the gradient for the unconditional model could lead to better
training stability and thus improved performance.

Input of � . GFT requires an extra pseudo-temperature
input in comparison with CFG. For this, we �rst process�
using the similar Fourier embedding method for diffusion
time t (Dhariwal & Nichol, 2021; Meng et al., 2023). This
is followed by some MLP layers. Finally, the temperature
embedding is added to the model's original time or class
embedding. If �ne-tuning, we apply zero initialization for
the �nal MLP layer so that� would not affect model output
at the start of training.
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Table 1: Comparison of GFT (ours) and other guidance-free methods. Numbers are reported based on experiments for the
DiT-XL model or the VAR-d30 model. We use 8� 80GB H100 GPU cards.

Method Guidance Distillation Condition Contrastive Alignment Guidance-Free Training

Modeling target pc
� + pu

� ! ps
� (x jc) ps

� + pc
� ! p(x jc)

p(x ) ps
� + pu

� ! p(x jc)

Applicable area Diffusion AR & Masked All

Loss form



 � s

� � [(1+ s)� c
� � s� u

� ]



 2

2
� log� (r p

� ) � log� (� r n
� ); r � = 1

s log ps
�

pc
�

�f s
� +(1 � � )f u

� + Diff/AR Loss

Reference equation Eq. (13) Eq. (14) Eq. (9) & Eq. (11)

Train from scratch? Not allowed Not allowed Allowed

# Inference / Update 3 4 2

Train time / Update � 1.19 � 1.69 � 1.00

GPU memory usage � 1.15 � 1.39 � 1.00

Hyperparameters. Due to the high similarity between
CFG and GFT training, we inherit most hyperparameter
choices used for existing CFG models and mainly adjust
parameters like learning rate during �netuning. When train-
ing from scratch, we �nd simply keeping all parameters the
same with CFG is enough to yield good performance.

Training epochs. When �ne-tuning pretrained CFG mod-
els, we �nd 1% - 5% of pretraining epochs are suf�cient
to achieve nearly lossless FID performance. When from
scratch, we always use the same training epochs compared
with the CFG baseline.

3.3. GFT for AR and Masked Models

Similar to Sec. 3.1, we can derive the GFT objective for AR
and masked models as standard cross-entropy loss:

L AR
� (x ; c? ; � ) = �

X

i

logpc
� (x n jx <n ; c? ; � ) (10)

= �
X

i

log
è

c
� (x n j x <n ;c? ;� )

P
w2V è

c
� (w jx <n ;c? ;� )

; (11)

wherew is a token in the vocabularyV, and

`c
� (wjx <n ; c? ; � )

:= �` s
� (wjx <n ; c? ; � ) + (1 � � )sg[`u

� (wjx <n )]: (12)

In Sec. 5, we apply GFT to a wide spectrum of visual
generative models, including diffusion, AR, and masked
models, demonstrating its versatility.

4. Connection with Other Guidance-Free
Methods

Previous attempts to remove guided sampling from visual
generation mainly include distillation methods for diffusion

models and alignment methods for AR models. Alongside
GFT, these methods all transform the sampling distribu-
tion ps into simpler, learnable forms, differing mainly in
how they decompose the sampling distribution and set up
modeling targets (Table 1).

Guidance Distillation (Meng et al., 2023) is quite straight-
forward, it simply learns a single model to match the output
of pretrained CFG targets using L2 loss:

L GD
� =




 � s

� (x t jc; s) �
�
(1+ s)� c

� (x t jc) � s� u
� (x t )

� 

 2

2
;

(13)

where� u
� and� c

� are pretrained models.L GD
� breaks down

the sampling model into a linear combination of conditional
and unconditional models, which can be separately learned.

Despite being effective, Guidance distillation relies on pre-
trained CFG models as teacher models, and cannot be lever-
aged for from-scratch training. This results in an indirect,
two-stage pipeline for learning guidance-free models. In
comparison, our method uni�es guidance-free training in
one singular loss, allowing learning in an end-to-end style.
Besides, GFT no longer requires learning an explicit con-
ditional model� c

� . This saves training computation and
VRAM usage. A detailed comparison is in Table 1.

Condition Contrastive Alignment (Chen et al., 2024b)
constructs a preference pair for each imagex in the dataset
and applies similar preference alignment techniques for
language models (Rafailov et al., 2023; Chen et al., 2024a)
to �ne-tune visual AR models:

L CCA
� = � log� [r � (x ; cp)] � log� [� r � (x ; cn )] ; (14)

wherecp is the preferred positive condition corresponding
to the imagex , cn is a negative condition randomly and in-
dependently sampled from the dataset. Given a conditional
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Table 2: Model comparisons on the class-conditional Ima-
geNet256� 256benchmark.

Model Type
FID #

w/o Guidance w/ Guidance

Diffusion Models
ADM (Dhariwal & Nichol, 2021) 7.49 3.94
LDM-4 (Rombach et al., 2022) 10.56 3.60
U-ViT-H/2 (Bao et al., 2023) – 2.29
MDTv2-XL/2 (Gao et al., 2023) 5.06 1.58
DiT-XL/2 (Peebles & Xie, 2023) 9.34 2.11

+ Distillation (Meng et al., 2023) 2.11 –
+ GFT (Ours) 1.99 –

Autoregressive Models
VQGAN (Esser et al., 2021) 15.78 5.20
ViT-VQGAN (Yu et al., 2021) 4.17 3.04
RQ-Transformer (Lee et al., 2022) 7.55 3.80
LlamaGen-3B (Sun et al., 2024) 9.44 2.22

+ CCA (Chen et al., 2024b) 2.69 –
+ GFT (Ours) 2.21 –

VAR-d30 (Tian et al., 2024) 5.26 1.92
+ CCA (Chen et al., 2024b) 2.54 –
+ GFT (Ours) 1.91 –

Masked Models
MaskGIT (Chang et al., 2022) 6.18 –
MAGVIT-v2 (Yu et al., 2023b) 3.65 1.78
MAGE (Li et al., 2023) 6.93 –
MAR-B (Li et al., 2024) 4.17 2.27

+ GFT (Ours) 2.39 –

reference modelpc
� , the implicit rewardr � is de�ned as

r � (x ; c) :=
1
s

log
ps

� (x jc)
pc

� (x jc)
:

CCA proves the optimal solution for solving Eq. (14) is
r �

� = log p(x jc)
p(x ) , thus the convergence point forps

� (x jc) also
satis�es Eq. (5).

Both CCA and GFT train sampling modelps
� directly by

combining it with another model to represent a learnable
distribution. GFT leverages�p s

� + (1 � � )pu
� to represent

standard conditional distributionp(x jc), while CCA com-
binesps

� and pretrainedp� (x jc) to represent the conditional
residuallog p(x jc)

p(x ) . They also differ in applicable areas.
CCA is based on language alignment losses, which requires
calculating model likelihoodlogp� during training. This
forbids its direct application to diffusion models, where
calculating exact likelihood is infeasible.

5. Experiments

Our experiments aim to investigate:

1. GFT's effectiveness and ef�ciency in �ne-tuning CFG
models into guidance-free variants (Sec. 5.2)

2. GFT's ability in training guidance-free models from
scratch, compared with classic CFG training (Sec. 5.3)

Table 3: Model comparisons for zero-shot text-to-image
generation on the COCO 2014 validation set.

Text to Image Models
FID #

w/o Guidance w/ Guidance

GLIDE (Nichol et al., 2021) – 12.24
LDM (Rombach et al., 2022) – 12.63
DALL �E 2 (Ramesh et al., 2022) – 10.39
Stable Diffusion 1.5 (Rombach et al., 2022) 22.55 7.87

+ Distillation (Meng et al., 2023) 8.16 –
+ GFT (Ours) 8.10 –

3. GFT's capability of controlling diversity-�delity trade-
off through temperature parameter� . (Sec. 5.4)

5.1. Experimental Setups

Tasks & Models. We evaluate GFT in both class-to-image
(C2I) and text-to-image (T2I) tasks. For C2I, we exper-
iment with diverse architectures: DiT (Peebles & Xie,
2023) (transformer-based latent diffusion model), MAR
(Li et al., 2024) (masked-token prediction model with diffu-
sion heads), and autoregressive models: VAR (Tian et al.,
2024) and LlamaGen (Sun et al., 2024). For T2I, we use
Stable Diffusion 1.5 (Rombach et al., 2022), a text-to-image
model based on the U-Net architecture (Ronneberger et al.,
2015), to provide a comprehensive evaluation of GFT's per-
formance across various conditioning modalities. All these
models rely on guided sampling as a critical component.

Training & Evaluation. We train C2I models on
ImageNet-256x256 (Deng et al., 2009). For T2I models,
we use a subset of the LAION-Aesthetic5+ (Schuhmann
et al., 2022), consisting of 18 million image-text pairs. Our
codebases are directly modi�ed from the of�cial CFG im-
plementation of each respective baseline, keeping most hy-
perparameters consistent with CFG training. We use of�cial
OPENAI evaluation scripts to evaluate our C2I models. For
T2I models, we evaluate our model on zero-shot COCO
2014 (Lin et al., 2014). The training and evaluation details
for each model can be found in Appendix D.

5.2. Make CFG Models Guidance-Free

Method Effectiveness. In Table 2 and 3, we apply GFT
to �ne-tune a wide spectrum of visual generative models.
With less than 5% pretraining computation, the �ne-tuned
models achieve comparable FID scores to CFG while being
2× faster in sampling. Figure 4 visually demonstrates this
quality improvement.

Comparison with other guidance-free approaches.
GFT achieves comparable performance to guidance distilla-
tion (designed for diffusion models) and outperforms AR
alignment method (Table 2 and 3). Notably, GFT demon-
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Vanilla conditional generation (w/o CFG) w/ CFG GFT (w/o Guidance)

Figure 4: Qualitative T2I comparison between vanilla conditional generation, GFT, and CFG on Stable Diffusion 1.5 with
the prompt “Elegant crystal vase holding pink peonies, soft raindrops tracing paths down the window behind it”. More
examples are in Figure 14.

strates superior ef�ciency compared to both methods (Ta-
ble 1). We attribute this effectiveness to GFT's end-to-end
training style, and to the nice convergence property of its
maximum likelihood training objective.

Finetuning Ef�ciency Figure 5 tracks the FID progres-
sion of DiT-XL/2 during �ne-tuning. The guidance-free
FID rapidly improves from 9.34 to 2.22 in the �rst epoch,
followed by steady optimization. After three epochs, our
model achieves a better FID than the CFG baseline (2.05
vs 2.11). This computational is almost negligible compared
with pretraining, demonstrating GFT's ef�ciency.

Figure 5: Ef�cient convergence of FID scores for GFT using
DiT-XL/2 model across training epochs.

5.3. Building Guidance-Free Models from Scratch

Training Guidance-Free Models from scratch is more tempt-
ing than the two-stage pipeline adopted by Sec 5.2. However,
this is also more challenging due to higher requirements for
the algorithm's stability and convergence speed. We inves-
tigate this by comparing from-scratch GFT training with
classic supervised training using CFG across various archi-
tectures, maintaining consistent training epochs. We mainly
focus on smaller models due to computational constraints.

Figure 6: Comparison of convergence speed between GFT
and CFG on diffusion and autoregressive models in from-
scratch training.

Performance. Table 4 shows that GFT models trained
from scratch outperform CFG baselines across DiT-B/2,
MAR-B, and LlamaGen-L models, while reducing evalu-
ation costs by 50%. Notably, these from-scratch models
outperform their �ne-tuned counterparts, demonstrating the
advantages of direct guidance-free training.

Training stability. An informative indicator of an al-
gorithm's stability and scalability is its loss convergence
speed. With consistent hyperparameters, we �nd GFT con-
vergences at least as fast as CFG for both diffusion and
autoregressive modeling (Figure 6). Direct loss comparison
is valid as both methods optimize the same objective: the
conditional modeling loss for the dataset distribution. The
only difference is that the conditional model for CFG is a
single end-to-end model, while for GFT it is constructed as
a linear interpolation of two model outputs.

Based on the above observations, we believe that GFT is
at least as stable and reliable as CFG algorithms, providing
a new training paradigm and a viable alternative for visual
generative models.
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Method Guidance
DiT-B/2 MAR-B LlamaGen-L VAR-d16

(Peebles & Xie, 2023) (Li et al., 2024) (Sun et al., 2024) (Tian et al., 2024)
FID # IS " FID # IS " FID # IS " FID # IS "

Base w/o 44.8 30.7 4.17 175.4 19.0 64.7 11.97 105.5
+ CFG w/ 9.72 161.5 2.27 260.7 3.06 257.1 3.36 280.1
+ GFT w/o 10.9 128.5 2.39 264.7 2.88 238.4 3.28 251.3

GFT w/o 9.04 166.6 2.27 279.5 2.52 270.5 3.42 254.8

Table 4: Performance comparison between GFT from-scratch training, CFG, and GFT �ne-tuning variants across different
model architectures. GFT and the base model are trained for the same number of epochs.

Figure 7: FID-IS trade-off comparisons on ImageNet. Up-
per: DiT-XL/2 with GFT (�ne-tuned), CFG, and Guidance
Distillation. Lower: LlamaGen-L with GFT (trained from
scratch) and CFG.

Figure 8: FID-CLIP trade-off comparison on COCO-2014
validation set. Methods compared using Stable Diffusion
1.5.

5.4. Sampling Temperature for Visual Generation

A key advantage of CFG is its �exible sampling temperature
for diversity-�delity trade-offs. Our results demonstrate that
GFT models share this capability.

We evaluate diversity-�delity trade-offs across various mod-
els, with FID-IS trade-off for c2i models and FID-CLIP
trade-off for t2i models. Results for DiT-XL/2 (�ne-tuning),
LlamaGen-L (from-scratch training) and Stable Diffusion
1.5 (�ne-tuning) are shown in Figures 7 and 8, with addi-
tional trade-off curves provided in Appendix C. For DiT-
XL/2 and Stable Diffusion 1.5, we also compare GFT with
Guidance Distillation, showing that GFT achieves results
comparable to CFG while outperforming Guidance Distilla-
tion on CLIP scores.

Figure 2 shows how adjusting temperature� produces ef-
fects similar to adjusting CFG's scales. This similarity
results from both methods aiming to model the same dis-
tribution (Eq. 5). The key difference is that GFT directly
learns a series of sampling distributions controlled by�
through training, while CFG modi�es the sampling process
to achieve comparable results.

6. Conclusion

In this work, we proposed Guidance-Free Training (GFT)
as an alternative to guided sampling in visual generative
models, achieving comparable performance to Classi�er-
Free Guidance (CFG). GFT reduces sampling computational
costs by 50%. The method is simple to implement, requiring
minimal modi�cations to existing codebases. Unlike previ-
ous distillation-based methods, GFT enables direct training
from scratch.

Our extensive evaluation across multiple types of visual
models demonstrates GFT's effectiveness. The approach
maintains high sample quality while offering �exible con-
trol over the diversity-�delity trade-off through temperature
adjustment. GFT represents an advancement in making
high-quality visual generation more ef�cient and accessible.
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A. Related Work

Visual generation model with guidance. Visual generative modeling has witnessed signi�cant advancements in recent
years. Recent explicit-likelihood approaches can be broadly categorized into diffusion-based models (Sohl-Dickstein et al.,
2015; Song & Ermon, 2019; Ho et al., 2020; Song et al., 2020b; Dhariwal & Nichol, 2021; Kingma et al., 2021; Rombach
et al., 2022; Ramesh et al., 2022; Saharia et al., 2022; Karras et al., 2022; Bao et al., 2023; Peebles & Xie, 2023; Esser et al.,
2024; Xie et al., 2024), auto-regressive models (Chen et al., 2020; Esser et al., 2021; Ramesh et al., 2021; Yu et al., 2021;
Tian et al., 2024; Team, 2024; Sun et al., 2024; Ma et al., 2024; Zhang et al., 2024; Tang et al., 2024), and masked-prediction
models (Chang et al., 2022; Yu et al., 2023a; Chang et al., 2023; Li et al., 2024; Yu et al., 2024; Fan et al., 2024). The
introduction of guidance techniques has substantially improved the capabilities of these models. These include classi�er
guidance (Dhariwal & Nichol, 2021), classi�er-free guidance (Ho & Salimans, 2022), energy guidance (Chung et al., 2022;
Zhao et al., 2022; Lu et al., 2023; Song et al., 2023a), and various advanced guidance methods (Kim et al., 2022; Hong et al.,
2023; Kynk̈aänniemi et al., 2024; Karras et al., 2024; Chung et al., 2024; Koulischer et al.; Shenoy et al., 2024).

Guidance distillation. To address the computational overhead introduced by classi�er-free guidance (CFG), One widely
used approach to remove CFG is guidance distillation (Meng et al., 2023), where a student model is trained to directly learn
the output of a pre-trained teacher model that incorporates guidance. This idea of guidance distillation has been widely
adopted in methods aimed at accelerating diffusion models (Luo et al., 2023; Yin et al., 2024; Lin et al., 2024; Zhou et al.,
2024a). By integrating the teacher model's guided outputs into the training process, these approaches achieve ef�cient
few-step generation without guidance.

Alternative Methods for Building Guidance-free Models. Recent studies in diffusion models show that perceptual
losses (Lin & Yang, 2023), score-based distillation (Sauer et al., 2025a; Zhou et al., 2024c; Sauer et al., 2025b; Zhou et al.,
2024b), and consistency models (Song et al., 2023b; Geng et al., 2024; Lu & Song, 2024) can also achieve comparable
FID scores to CFG. For auto-regressive models, Condition Contrastive Alignment (Chen et al., 2024b) could enhance
guidance-free performance through alignment (Rafailov et al., 2023; Chen et al., 2024a) in a self-contrastive manner.
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B. Proof of Theorem 1

We �rst copy the training objective in Eq. (9) and Eq. (8).

L raw
� = Ep(x ;c) ;t; � ;�

�
k�� s

� (x t jc; � ) + (1 � � )� u
� (x t ) � � k2

2

�
: (15)

L practical
� = Ep(x ;c? ) ;t; � ;� k�� s

� (x t jc? ; � ) + (1 � � )sg[� u
� (x t j? ; 1)] � � k2

2: (16)

Theorem 1(GFT Optimal Solution). Given unlimited model capacity and training data, the optimal� s
� � for optimizing Eq.

(15) and Eq. (16) are the same. Both satisfy

� s
� � (x t jc; � ) = � � t

�
1
�

r x t logpt (x t jc) � (
1
�

� 1)r x t logpt (x t )
�

Proof. The proof is quite straightforward.

First consider the unconditional part of the model. Let� = 1 in L raw
� , we have

L raw
� = Ep(x ;c) ;t; � ;� =1

�
k� u

� (x t ) � � k2
2

�
;

which is standard unconditional diffusion loss. According to Eq. (2) we have

� u
� � (x t ) = � � t r x t logpt (x t ) (17)

Then we prove for8� 2 (0; 1], stopping the unconditional gradient does not change this optimal solution. Taking derivatives
of L practical

� we have:

r � L practical
� (c? = ? ) = Ep(x ) ;t; � ;� r � k�� s

� (x t j? ; 1) + (1 � � )sg[� u
� (x t j? ; 1)] � � k2

2

= Ep(x ) ;t; � ;� 2� [r � � s
� (x t j? ; 1)]k�� s

� (x t j? ; 1) + (1 � � )� u
� (x t j? ; 1) � � k2

= Ep(x ) ;t; � ;� 2� [r � � s
� (x t j? ; 1)]k� s

� (x t j? ; 1) � � k2

= [2E� ]r � Ep(x ;c) ;t; � ;� =1
�
k� u

� (x t ) � � k2
2

�

= [2E� ]r � L raw
� (� = 1)

Since[2E� ] is a constant, this does not change the convergence point ofL raw
� . The optimal unconditional solution for

L practical
� remains the same.

For the conditional part of the model, since bothL raw
� andL practical

� are standard conditional diffusion loss, we have

�� s
� � (x t jc; � ) + (1 � � )� u

� � (x t ) = � � t r x t logpt (x t jc)

Combining Eq. (17), we have

� s
� � (x t jc; � ) = � � t

�
1
�

r x t logpt (x t jc) � (
1
�

� 1)r x t logpt (x t )
�

:

Let s = 1
� � 1, we can see that GFT models the same sampling distribution as CFG (Eq. 4).
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C. Additional Experiment Results.

Figure 9: FID-IS trade-off comparison in �ne-tuning experiments.

Figure 10: FID-IS trade-off comparison in from-scratch-training experiments.
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Figure 11: Precision-Recall trade-off comparison for DiT and LlamaGen in �ne-tuning experiments.

Figure 12: Precision-Recall trade-off comparison for DiT and LlamaGen in from-scratch-training experiments.
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