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Abstract

Diffusion models generate synthetic images through an it-
erative refinement process. However, the misalignment be-
tween the simulation-free objective and the iterative pro-
cess often causes accumulated gradient error along the sam-
pling trajectory, which leads to unsatisfactory results and
a failure to generalize. Guidance techniques like Classi-
fier Free Guidance (CFG) and AutoGuidance (AG) alle-
viate this by extrapolating between the main and inferior
signal for stronger generalization. Despite empirical suc-
cess, the effective operational regimes of prevalent guid-
ance methods are still under-explored, leading to ambiguity
when selecting the appropriate guidance method given a
precondition. In this work, we first conduct synthetic com-
parisons to isolate and demonstrate the effective regime of
guidance methods represented by CFG and AG from the
perspective of weak-to-strong principle. Based on this, we
propose a hybrid instantiation called SGG under the prin-
ciple, taking the benefits of both. Furthermore, we demon-
strate that the W2S principle along with SGG can be mi-
grated into the training objective, improving the general-
ization ability of unguided diffusion models. We validate
our approach with comprehensive experiments. At inference
time, evaluations on SD3 and SD3.5 confirm that SGG out-
performs existing training-free guidance variants. Training-
time experiments on transformer architectures demonstrate
the effective migration and performance gains in both con-
ditional and unconditional settings. Code is available at
https://github.com/Westlake—-AGI-Lab/SGG

1. Introduction

Diffusion and flow matching models have become the de-
facto standard for modern image synthesis [2, 8, 16, 28,
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30, 44, 46], prized for their ability to generate highly real-
istic images via iterative refinement. However, this multi-
step process suffers from a misalignment between the local
simulation-free training objective and the global, iterative
sampling trajectory. This discrepancy, known as exposure
bias [32], leads to the accumulation of network errors during
sampling [5, 20]. Consequently, unguided models, particu-
larly for complex conditional generation tasks like text-to-
image generation, often fail to generalize properly, producing
samples that are out of distribution and perceptually unac-
ceptable [15].

To counteract this sampling drift, which is known to de-
grade generalization [19, 26, 45], inference-time guidance
has become one of the standard practices, but the effec-
tive regimes of different prevalent guidance methods still
present ambiguity. Classifier-Free Guidance (CFG) [15], for
instance, is widely adopted due to its robustness. More re-
cently, AutoGuidance (AG) [21] was proposed to address a
flaw in CFG: the entanglement of condition-adherence and
sample diversity. AG attempts to resolve this by guiding the
generation with a condition-aligned, inferior model. How-
ever, despite its empirical success on specific scenarios [22],
the idea of guiding with a condition-aligned weak model has
not fully replaced CFG. In complex, large-scale tasks like
text-to-image (T2I) generation, AG-inspired methods often
serve as a complement to CFG [34] or are found to be less
performant when used in isolation [29, 34].

To first give a better understanding of the operational
regimes of two types of prevalent guidance methods analo-
gous to CFG [15] and AG [21], we conceptualize them from
the perspective of weak-to-strong principle, where we catego-
rize these approaches into two classes: condition-dependent
and condition-agnostic. Under this perspective, we conduct
synthetic experiments to isolate and demonstrate the effec-
tive regimes and failure modes of each class. Our analysis
reveals that appropriate guidance can be influenced by two
key factors: the intrinsic granularity of the condition [57]
and the fitting capacity [10, 26] of the model. Based on this
insight, we propose SeGmented Guidance (SGG), a simple
yet effective instantiation under the principle that synergizes
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Figure 1. I: Weak-to-strong guidance principle: Guidance methods serve as tools for improving generalization capacity, we propose SGG to
combine the benefits of condition-dependent (CDG) and condition-agnostic guidance (CAG). 11I: Integration to the training framework,

improving the generalization ability of unguided diffusion models.

the benefits of both classes to better handle practical, realis-
tic generation scenarios. Specifically, SGG operates by first
leveraging condition-dependent guidance to seek the correct
manifold, then switching to condition-agnostic guidance to
refine intra-condition details.

We take a step further by migrating the Weak-to-Strong
(W2S) guidance principle and SGG from inference directly
into the training objective. This approach enhances the gen-
eralization capacity of the unguided diffusion model, thereby
reducing the reliance on extra guidance costs during sam-
pling. We also explore various weak-model construction
methods, providing a suite of practical choices tailored for
transformer architectures. The overall pipeline is illustrated
in Fig. 1. We validate our methods in both inference and
training settings. For inference, SGG outperforms compet-
ing guidance variants on SD3 and SD3.5 [8]. For training,
we verify the effectiveness of W2S principle and SGG on
SiT models in both conditional and unconditional settings,
elevating the generalization capacity of unguided diffusion
models. Our contribution can be summarized as follows:

* We categorizes and analyze the operational regimes of
condition-dependent and condition-agnostic guidance un-
der W2S perspective.

* Based on this analysis, we introduce a hybrid instantiation
called SGG, a simple yet effective technique that syner-
gizes the benefits of both guidance paradigms.

* We migrate W2S principle and SGG from inference-time

mechanism into the training objective, directly improving
the generation ability of unguided diffusion models.

2. Related work

Condition-dependent guidance. Guidance techniques are
crucial for controlling the synthesis process in diffusion mod-
els. An early approach, Classifier Guidance (CG) [7], lever-
ages the gradients of a separately trained classifier to steer
generation. The now-ubiquitous Classifier-Free Guidance
(CFGQG) [15] eliminated this need for an external classifier by
reformulating the guidance term using Bayes’ rule, which
requires the model to be jointly trained on conditional and
unconditional outputs. Various variants have since been pro-
posed to refine the application of CFG [9, 11, 24, 3740, 52].
For instance, Guidance Interval [24] suggests skipping guid-
ance during specific time intervals to mitigate observed neg-
ative effects. APG [38] alleviates the oversaturation problem
in high guidance scale through decomposition of the guid-
ance term. CFG-Zero-Star [9] proposes omitting guidance
during the initial sampling steps to enhance performance.

Condition-agnostic guidance. Recently, the idea of using a
condition-aligned inferior model for guidance has emerged
in several methods [1, 3, 4, 17, 21, 34, 49], serving as ei-
ther a complement or an alternative to CFG under certain
conditions. These methods operate by constructing an in-
ferior prediction to guide the expert output. The inferior
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signal can be generated in several ways: by training a sepa-
rate, inferior model, as in AutoGuidance (AG) [21]. Through
self-perturbation, such as skipping residual or attention lay-
ers [1, 17], by using a stochastic subnetwork, as proposed
in S2-Guidance [4], or by perturbing the input tokens, as
in TPG [34]. However, despite their practical success, these
weak-model-based approaches have been reported to be less
effective or robust than CFG when used in isolation [34], or
often function only as a complement to CFG rather than a
complete replacement [4].

Training acceleration in diffusion models. Recent works
accelerate diffusion model training convergence via two
main strategies: improving representation capacities or mod-
ifying the regression objective [6, 47, 48, 50, 54-56]. For
representations, REPA [56] aligns the intermediate features
of a Diffusion Transformer (DiT) with those from a base
model like DINOvV2 [33], VA-VAE [55] applies a similar
principle to the features of the tokenizer. SRA [18] propose
to align the features of a former block to a latter transformer
blocks. For modification on regression objective, contrastive
Flow Matching [47] introduces a contrastive term for separa-
tion of paths, and STF [54] replace the high-variance single-
sample target with a more stable, lower-variance batch-level
expectation. GFT [6] and MG [48] propose to modify the
training target by adding the unconditional guidance term
from CFG [15] to enhance generation without guidance.

3. Preliminaries

Diffusion models. Diffusion Models [16, 44, 46] are gen-
erative models that learn to reverse a process that gradually
maps data to noise. Given a predefined data distribution pgyq,,
the general diffusion forward process can be defined by the
following perturbation kernel:

P(Xt \ Xo) = N(Xt;OétXmU?I)» X0 "~ Pdata (D

Where o4, o; defines the noise schedule. Under the mathe-
matical equivalence of various noise schedules [23, 25], we
choose the parameterizations of flow matching (i.e.stochastic
interpolants, o, = 1 — ¢, 0, = t, along with velocity pre-
diction model) [2, 28, 30] for brevity. The following reverse
time ordinary differential equation is conducted to generate
samples:

dx; = vo(x¢, t)dt, xr ~N(0,I), t:T—=0 (2)
To obtain the network approximate vy (x¢, t) given the state.
One has to conduct the following simulation-free conditional
flow matching training:

B, xo.e [[1vo(xe, 1) = (€ —x0)|3] ©)

Where xg, € are sampled from the data distribution pgu,
and isotropic gaussian A/ (0, I) respectively. The state x; is

sampled from the conditional probability path p;(- | xq, €),
which is x; = (1 — t)x¢ + te.

Classifier and Classifier-Free Guidance. To control the
generation process, guidance techniques modify the score
or velocity field at inference time. Classifier Guidance [7]
was first introduced to steer generation by sampling from
a distribution p,,(x; | ¢) x p(x)p(c | x¢)™, which in
practice approximate the score function as:

Vx, log pw (Xt | C) =V, logp(xt) +w: Vy, lng(C | Xt)
“)
Classifier-Free Guidance (CFG) [15] avoids the need for
a separate classifier by instead training a single diffusion
model to learn both conditional and unconditional distribu-
tions. This is achieved by randomly dropping the condition
¢ during training (i.e., replacing it with a null token (J). The
guided velocity is then formed by extrapolating from the
unconditional prediction to the conditional one:

Vw(xt7t>c) =w- V(Xtatvc) + (1 - ’U}) : V(Xt7t7®) (5)

where w is the guidance scale.

Inferior Model Guidance/Condition-Agnostic Guidance.
Inferior Model Guidance [1, 4, 17, 21, 34] bears a
parameterization-level similarity to CFG but arises from
a different motivation. Instead of using an unconditional es-
timate, it leverages an inferior but condition-aligned model,
Vg, to guide the primary strong model, vg. The guided ve-
locity is computed via a similar extrapolation:

Vi (X, t,¢) = w - v(xg, t,¢) + (1 —w) - v(x¢,t,¢) (6)

Here, the weak model v is conditioned on the same inputs
and is designed to be less accurate than vg. This is typically
achieved by using a smaller network [21] or by perturbing the
architecture of the strong model at inference time [1, 17, 34].

4. Method

In this section, from the perspective of weak-to-strong (W2S)
principle, we first categorize existing guidance methods
into two major groups: condition-dependent and condition-
agnostic approaches. We analyze the operation regimes of
these two categories under various preconditions and, based
on our findings, propose SGG that combines their respec-
tive benefits. Finally, we extend W2S with SGG beyond
inference by migrating it into the training phase, offering a
suite of choices to directly improve the unguided diffusion
models’ generalization capacity.

4.1. Weak-to-strong guidance principle
A general extrapolation formula for weak-to-strong guidance
can be expressed as:

Vuw (Xh t, C) = Vweak T+ w(Vstrong - Vweak)

Vstrong = V(Xt7 t, C>7

(7

Vweak = {/(xh ta é)
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Figure 2. Recursive toy example with varying class complexity and in-class distribution (granular of the condition). 1st row: In a well fitted
model and the conditional information is blurry, CFG [15] exhibits mode-seeking capacity while lack diversity. 2nd row: In a less fitted
model and the conditional information is sharp, AG [21] improves diversity while leads to outliers. 3rd row: In practice, SGG incorporates
the mode-seeking capacity of CFG in high noise levels while applying AG in low noise levels to preserve the in-class distribution.

where v, c and v, ¢ is the strong and weak velocity output
and their corresponding condition input. w is the guidance
scale. The primary distinction between guidance methods
lies in how the weak signal v(x¢, ¢, €) is constructed.

In Condition-Dependent Guidance (CDG), exemplified
by CFG [15], creates a weak signal by manipulating the con-
dition: the model architecture is identical, but the condition
is dropped (v = v, ¢ = ()). On the other hand, Condition-
Agnostic Guidance (CAG) [1, 17, 21] creates a weak signal
by manipulating the model: the condition is preserved (ei-
ther with or without), but the model itself is made inferior
(V = Vinferior, ¢ = ¢) by either using a separate smaller
network [21] or by perturbing the main model [4, 17].

4.2, Effective regimes of CAG and CDG

The choice between CAG and CDG is not absolute. On
one hand, CAG, such as AG [21] with EDM?2 [22] models,
has been shown to outperform CDG (e.g.CFG) on class-
conditional benchmarks like ImageNet [21, 22]. On the
other hand, CDG remains the dominant and more robust
method for large-scale text-to-image [1, 34] and audio gen-
eration [49] tasks, where CAG-based methods like AG [21]

and PAG [1] fall short.

While varying factors such as data distribution, training
iterations, weak model construction, and sampling initial
noise can all contribute to the performance gap, this work
investigates the following two perspectives. We interpret that
the effectiveness of each guidance type is not absolute, but
can be influenced by two key factors: granularity of the
condition and the model’s fitting capacity. To visually sub-
stantiate this hypothesis, we conduct synthetic experiments
across settings to isolate the effective operational regimes
of CAG and CDG. For dataset construction, we follow the
principle of [21] by creating a toy dataset based on a recur-
sive mixture of Gaussians. This setup allows us to precisely
control the class number (granularity of the condition) and
the recursive depth (in-class complexity). We choose CFG
and AG as instances of CDG and CAG respectively. Detail
of the configuration can be referred in the appendix.

Failure mode of CDG. In our first experiment, we simu-
late a task with conditional ambiguity (i.e., fewer classes)
but high in-class complexity: CLS = 4, Depth = 3. We
train the model for T = 2!° iterations to ensure a rela-
tively strong fit to the in-class distributions. Illustrated in
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Figure 3. Applying guidance reduces the gap to optimal velocity
v. The error-correction of CFG is prominent at high noise levels,
while the effect of AG is prominent at low noise levels.

1st row of Fig. 2, we observe that once the model has cap-
tured the overall shape of each cluster, applying CDG causes
mode-seeking behavior [7]: it pushes samples toward high-
density regions, failing to cover the lower-density parts of
the class manifold. In contrast, CAG avoids mode collapse,
sharpening the class distribution while preserving intra-class
coverage. This finding is analogous to results on well-fitted
models on ImageNet-1K [36, 58], where CFG is inferior to
AG [22] or even under the performance of unguided gen-
eration [58]. However, this trend is inverted in large-scale
text-to-image generation [8]. Given the complexity of the
task along with the poor unguided generation results, the
robustness of CFG consistently surpasses CAG variants like
TPG [34] and PAG [1].

Failure mode of CAG. To provide a counter-example where
CAG loses its effectiveness in synthetic settings, we now
increase the task’s conditional complexity while keeping
the in-class distribution simple: CLS = 24, Depth = 1 .
We use T' = 2'? training iterations, which is insufficient to
fit the data. As shown in 2nd row of Fig. 2, the unguided
conditional generation from this model produces outliers. In
this underfitted regime, CAG struggles to generate plausible
samples and produces artifacts that lie off-manifold or belong
to incorrect classes. CDG, in contrast, successfully mitigates
this failure by strongly enforcing the condition, it steers the
errant samples back toward their classes, removing outliers.
We therefore infer that CDG excels at inter-class separation
and class manifold seeking. And CAG is better suited for
intra-class refinement once the model is already well-fitted
to the condition manifolds.

Simulating realistic scenarios. Practical applications, such
as large-scale text-to-image models, are characterized by
complex condition and detailed in-class distributions. Usu-
ally needs large guidance scale (e.g.7.5 for Stable Diffu-
sion [8, 35]) for better generalization. We now increase the
recursive depth to 2 with 12 classes. In this setting, the model
(T = 2'9) captures the approximate in-class shape but still
produces significant outliers. Illustrated in 3rd row of Fig. 2,
both standard guidance methods fail in distinct ways: CDG,
as before, exhibits mode-seeking behavior [7, 15] and col-
lapses the in-class structure, while CAG preserves the gen-

eral shape but fails to correct the outliers, leaving them far
from the data manifold. Given the trade-offs of CAG and
CDQG, it is natural to take a step further by devising a practi-
cal implementation based on their operational regimes.
Introducing Segmented Guidance (SGG). To bridge the
gap between our 2D synthetic analysis and high-dimensional
images, we now quantify the error-correction capacities of
CDG and CAG on ImageNet [36]. This allows us to investi-
gate their operational regimes in a realistic, high-dimensional
setting.

Theoretically, a perfectly fitted model could reconstruct
the entire training set (memorization), but in practice, net-
work inductive biases and inevitable approximation error
lead to generalization [13]. In large-scale tasks [8, 36], this
approximation error accumulates, often causing the unguided
model’s trajectory to drift far from the data manifold and re-
sulting in perceptually unsatisfying samples. To understand
how CDG and CAG alleviate this, we pretrain a SiT-B/2
model on ImageNet. We then compute the guided velocity
Vi (X¢, t, ¢) for both CFG (as CDG) and AG (as CAG) across
all timesteps during generation and measure its distance to
the theoretical optimal velocity, v(x¢, ¢, c).

The optimal conditional velocity v, derived from the
dataset (please refer to appendix for derivation and con-
figuration), is:

V(Xta tu C) = Exowp(-\c),ewN(O,I) [ll =€ —Xp | Xty ﬂ (8)
SN (% — XN (x5 (1 — )b, 121)

= : 9
S NG (e

We measure the guidance error as the Inception dis-
tance [14] between the guided and optimal velocities, Ae =
Ex, [d(V, vy)], capturing the perceptual alignment on high
dimension images. As observed in Fig. 3, the error-correction
properties of the two classes are temporally separated: CDG
(CFG) is most effective at high noise levels, while CAG (AG)
is more effective at low noise levels. This corroborates the
finding that semantic, high-level information (inter-class) is
resolved in early sampling steps [53, 57], while fine-grained
perceptual details (intra-class) are resolved in late steps close
to data [5].

Inspired by these distinct operational regimes, we pro-
pose a simple yet effective hybrid mechanism called SGG
(Segmented Guidance). Formally, the guided velocity v, is:

V(X t,¢) = v(xyg, t,c) + (w—1) - g(x¢,t,¢)  (10)

where v is the strong model, w is the guidance scale, and the
guidance direction g is segmented by time 7:

ift>r
ift<r

v(x¢, t,¢) — v(xe, t,0)

V(Xh ta C) - {’(Xh ta C)

g(x¢,t,¢) = { (11)
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Figure 4. I: Two groups of construction of the weak models, condition-dependent and condition-agnostic. II: Segmented Guidance applied

in training and sampling

The core idea is to first leverage CDG for condition mani-
fold seeking at high noise levels (¢ > 7) and subsequently
apply CAG for in-condition refinement at low noise levels
<.

4.3. Training integration

While both the regression target and guidance mechanisms
are critical for generalization [21, 45], they remain funda-
mentally decoupled, applied separately during training and
sampling. We take a step forward by integrating the Weak-to-
Strong (W2S) principle with SGG directly into the training
phase. This approach aims to improve the generalization
of unguided diffusion model, thereby boosting inference
efficiency by reducing the need for an extra guidance call.
Training target modification. To integrate the extrapolation
capacity of guidance explicitely into the training phase, thus
reducing the extra forward call of guidance during inference,
we modify the standard velocity-matching objective. The
conventional training target is the coupling level [28] optimal
transport u = e—xp. We augment this target with a guidance
term derived from the difference between the strong and
weak signal:

Uyos = u+ w - g(xy,t,c) (12)

This modification encourages the strong model to move be-

yond the conservative fit of standard MSE training and expl-

citely improve its extrapolative capacity. The training objec-
tive is:

‘Cs = Et,xo,e |:HV9(Xta ta C)

s (13

— (u+w-sg[g(x¢, t,c)]) HJ

Stop-gradient (sg) is used to stablize training, following pro-

tocols of [6, 12, 48]. The primary model network serves as

the strong model. The main design choice lies in constructing

an effective and efficient weak signal vye,k.

Construction of Weak Signals for Training. We adapt ex-

isting inference-time guidance methods for the training phase

and introduce a novel, highly efficient Condition-Agnostic

Guidance (CAG) variant:

* CDG: CFG/MG. Migrating the unconditional term
(v(z¢,t,0)) in CFG [15] into the training objective, an
approach similar to MG [48].

* CAG: AG. Following AutoGuidance [21], we maintain a
separate, smaller and less-trained network during training
to function as the weak model.

* CAG: BR. Inspired by the sequential structure of trans-
former blocks, this approach generates the weak signal by
supervising an auxiliary output branching from an inter-
mediate layer.

BR is condition-agnostic and requires no extra forward
calls during training for guidance. We also explored layer-
perturbation methods (e.g., SLG [17]) but found they de-
graded performance when integrated into training, thus ex-
cluded them (Further discussion are provided in the ap-
pendix). Subsequently, we apply the idea of Segmented
Guidance (SGG) directly to the training framework. The
training-time version of SGG uses the condition-dependent
guidance (CFG) signal for high noise levels (¢ > 7) and
switches to the condition-agnostic guidance (BR) signal for
low noise levels (¢t < 7). [llustration of the pipeline is pro-
vided in Fig. 4.

5. Experiments

We validate our methods in two settings. First, we demon-
strate the effectiveness of our inference-time SGG on state-
of-the-art text-to-image models (SD3, SD3.5 [8]). Second, to
perform a controlled and computationally feasible analysis
of our training-time integration, we follow standard prac-
tice [56] and use the SiT-B/2 model on ImageNet, which
allows us to ablate the W2S training targets (MG, AG, BR,
and SGG) and measure the impact on training convergence
and generalization.

5.1. Implementation details

Inference-time guidance. For pre-trained model, we use the
SD3-Medium and SD3.5-Medium as base models [8]. We
use MS-COCO-1k [27] subset and LAION-1k [42] subset
for prompt instantiation. We compare our method against
several baselines, including standard conditional generation
(no guidance), CFG [15], and Skip-Layer Guidance (SLG).
We also include comparisons to recent advanced guidance
variants, such as S?-Guidance [4], Guidance Interval [24],
CFG+SLG [17], CFG-Zero* [9] and Rectified-CFG++ [40].
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Models | | SD3-medium | SD3.5-medium

Dataset | | MS-COCO-1K | LAION-5B-1K | MS-COCO-1K | LAION-5B-1K

Metrics | NFE/s | HPSv2.1 ~ Aes. HPSv2.1 Aes. | HPSv2.1  Aes. HPSv2.1  Aes.
Conditional (w/o Guidance) 1 21.118  4.864 20215 4938 | 21204 4978 20.801 4978
CFG [15] 2 29.199 5267 28174 5193 | 29.199 5279 28333 5203
SLG [17] 2 26.685 5581 25000 5415 | 27295 5714 26050 5.512
CFG+SLG [17] 3 27759 5468 26147 5285 | 28331 5678 27.246 5421
CFG-zero-star [9] 2 28296 5250 28.139 5259 | 27.954 5249 28272 5244
S2 Guidance [4] 3 29.614 5333 28442 5244 | 29.614 5342 28491 5250
Rectified CFG++ [40] 3 28932 5399 28306 5443 | 28540 5425 28.122  5.406
Guidance Interval [24] 2 29.126 5321 28174 5257 | 29.077 5326 28.125 5254
SGG |2 | 29541 5614 28.638 5489 | 29736 5717 28.685 5518

Table 1. Quantitative comparison of guidance methods on MS-COCO-1K and LAION-5B-1K, evaluating both HPSv2.1 and aesthetic scores
for SD3 and SD3.5 models. Best results are in bold, second-best are underlined.

We use the standard 28 inference steps throughout experi-
ments. All methods are evaluated using HPSv2.1 Score [51]
and Aesthetic Score [41]. We select standard CFG [15] as
CDG and SLG [17] as CAG in SGG implementations.
Training-time guidance. We conduct training evaluation
mainly on SiT-B/2 model [31] due to computational con-
straints. We use lognormal-timestep sampling throughout
all experiments to boost convergence, following [43]. We
perform experiments in both unconditional and conditional
settings. CAG methods are applied in both settings, whereas
CDG method is naturally applied only in conditional train-
ing. For the conditional setting. All models are trained for
400k iterations. The sampling configuration is SDE Euler-
Maruyama sampler with steps=250. We report the FID, sFID
and Inception Score for all methods.

NFE/s & time/it. We report the NFE per sampling step
(NFE/s) during sampling. We also report wall-clock time per
training iteration, normalized by the baseline configuration’s
time (time/it) to track the computation of guidance during
training. Details of the implementation configurations across
experiments could be referred in the appendix.

5.2. Inference time comparison

We first conduct experiments to validate the effectiveness of
our Segmented Guidance (SGG) principle against standard
CFG and other prevalent guidance variants. As shown in Ta-
ble 1, a clear compromise between prompt-adherence (corre-
lated to HPSv2.1) and aesthetic quality is evident in using
CFG or SLG alone. For example, on the SD3.5/MS-COCO
benchmark, SLG achieves a high aesthetic score (5.714),
but at a significant cost to its HPSv2.1 score (27.295). Con-
versely, standard CFG achieves a competitive HPSv2.1 score
(29.199) but produces a comparatively low aesthetic score
(5.279). As a hybrid approach to take the benefits of two,
our Segmented Guidance (SGG) achieves the competitive

scores in both categories (HPSv2.1: 29.736 and Aesthetic:
5.717). This pattern holds across models and datasets in our
evaluation, where SGG reach comparable results to other
guidance variants. We also provide qualitative comparison
of our methods, As illustrated in Fig. 5.

5.3. Training convergence acceleration

We subsequently evaluate the effectiveness of the migration
of the weak-to-strong principle to boost training convergence,
in both conditional and unconditional settings (Table 2). In
the conditional setting, our experiments demonstrate that
all weak-to-strong guidance integrations consistently outper-
form the baseline. with the hybrid SGG approach yields the
best result. In unconditional setting, where CDG is not ap-
plicable, CAG methods (e.g.BR, AG) still provide a notable

Model NFE/s time/it FID | sFID] IS
Conditional Generation
SiT-B/2 1 1.00 31.22 641 49.59
+ CFG 2 1.00 6.02 547 183.83
AG 1 1.27 1396 88.36 4.68
BR 1 1.02 16.02 5.13 76.21
MG 1 1.23 5.88 6.19 253.74
SGG 1 1.22 4.58 495 264.06
SiT-B/2+REPA 1 1.00 2046 6.31 73.00
SGG+REPA 1 1.19 3.07 4.88 242.15
Unconditional Generation
SiT-B/2 1 1.00 61.27 7.00 17.33
AG 1 1.26 4597 4.94 20.32
BR 1 1.02 4325 5.11 20.66

Table 2. Training-time integration results on ImageNet 256 X256
with SiT-B/2, in conditional and unconditional settings.

43703



Unguided Conditional

A female elf archer in a
dense forest, wearing
intricate leather armor
and holding a bow,
with a quiver of arrows
on her back.

A bright, sun-drenched
meadow full of
wildflowers, with a
small, hand-painted
sign that says
"BREATHE".

A golden retriever
puppy looking utterly
confused by a bubble
floating past. Bright,
cheerful outdoor
setting.

Figure 5. Qualitative comparison between Conditional (w/o guidance), CFG [15], SLG [17], SGG (Ours).
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Figure 6. Ablation study on the segmentation timestep 7. We vary
7 from 4 (lightest) to 24 (darkest) in increments of 4, out of 28 total
sampling steps. The results indicate that a mid-range segmentation

point yields the best performance. .
performance boost over the baseline. We also observe that

SGG in training time can be complemented with REPA [56],
providing further performance gains.

Training integration of W2S guidance introduces a an ex-
tra forward call per iteration, e.g., an additional 22% for the
full SGG method. The cost could be offset by the resulting
model’s inference efficiency. The trained model’s unguided
output (NFE/s=1) achieves an FID of 4.58, which is superior
to the guided (NFE/s=2) output of the baseline model (FID
6.02). Furthermore, BR variant in CAG incurs only a 2%
training overhead. This minimal cost still yields a reasonable
FID improvement over the baseline, from 31.22 to 16.02 in
conditional setting and from 61.27 to 43.25 in unconditional

Segmented 7 0.0 0.1 0.2 0.3 0.4
FID | 5.88 5.26 4.58 4.99 5.79
sFID | 6.19 5.44 4.95 5.37 6.37

Inception Score T 253.74 26734  264.06 249.52  236.51

Table 3. Ablation study on segmentation timestamp 7 conditional
training with SGG on ImageNet 256x256. We choose 7 = 0.2 as
our default setting.

setting.
5.4. Ablation study

We ablate two critical components: (1) The segmented
timestep 7 between CDG and CAG. (2) The guidance weight
w. As illustrated in Fig. 6, our ablation on the guidance seg-
mentation point reveals a Pareto frontier. This frontier traces
the trade-off between HPSv2.1 (prompt adherence) and aes-
thetic score as the segmented step transitions from high noise
level to low noise level. We also conducted ablation on 7 in
conditional training configuration, shown in Table 3.

6. Conclusion

In this work, we first clarify the generalization issues in
common diffusion models and the alleviation by guidance.
We then systematically analyze the operational regimes of
condition-dependent and condition-agnostic approaches un-
der the perspective of weak-to-strong principle. Based on
this analysis, we proposed Segmented Guidance (SGG), a
simple and effective approach that synergizes the benefits
of both guidance types. We subsequently migrate W2S prin-
ciple along with SGG into the training objective, thereby
reducing the need for guidance during inference. Compre-
hensive qualitative and quantitative comparisons validate the
effectiveness of both Segmented Guidance and training-time
integration of weak-to-strong principle.

Limitations and future work. Our approach is limited to
continuous diffusion, future work could benefit from mi-
grating the segmentation idea of SGG to other modalities
(e.g.discrete diffusion) and further explore the combination
of different guidance instances under W2S principle.
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