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A. Error correction analysis on ImageNet

A.1. Derivation of optimal conditional velocity

Previous work has derived the optimal denoiser
D(x¢,t) [16] and score-matching objective s(x¢,t) [9].
Here, we provide a detailed derivation of the optimal
conditional velocity, v(x¢, t, c), given a state (x;,t) and a
condition c.

We adopt the flow matching (OT) [2, 20, 21] schedule,
where oy = 1—t, 0y = t, and the state is x; = (1—t)xo+te.
The corresponding true velocity is u = € — Xg.

The optimal conditional velocity v(x¢, t, c) is the func-
tion that minimizes the mean-squared error. This is achieved
by the conditional expectation of the true velocity, given the
current state and condition:

\.’(Xta t, C) = IExowp(-|(:),e[6 — X | Xt, t, C] (D

We can simplify this expression. Given ¢ = (x; — (1 —
t)xg)/t, the true velocity u becomes:

—(1—=1t)xg X — Xo
u=€c—Xp=—— 77— Xg = ———

; " 2

Substituting this back into the expectation, and noting that
x; and ¢ are given:

. Xt — X
V(Xtat,c) = Ex0~p(~|c) |: t 2 | Xt)t7C:| 3
1
=7 (x¢ — E[xo | x¢,t,¢]) 4

The problem thus reduces to finding the posterior mean
E[xo | x¢,t,c]. We find the posterior distribution p(xq |
Xy, t, ¢) using Bayes’ rule. Note that the perturbation kernel
po: 18 independent of c:

pot (Xt | X0)p(xo | €) 5)
(Xt | )

(XO | Xt,t C)

We now assume a finite dataset. Let the subset of data
points belonging to condition ¢ be a finite set of N sam-
ples, {x}}¥ . The conditional data distribution p(xg | c)
can be expressed as a sum of Dirac delta functions:

N
Z X0 — X{) ©6)

The denominator, p;(x; | c), is the conditional marginal
probability:

p(x0 | c) =

plxi €)= [ mlxi [ x| €)dxo )
/Nxt,l—txo,t2 ( Zé 0—X0>dX0
®)
1 & ,
= NZIN(xt; (1 —t)xp, £°T) 9)

With the numerator and denominator defined, the full pos-
terior p(xo | x¢,t,¢) is a weighted sum of Dirac deltas:

Sy N (xi; (1 = 6)x, PT)8 (x0 — xp)
SN N (e (1 — ), £21)

p(XO | Xt,tvc) =

(10)



The posterior mean E[x | x¢, t, ¢] is therefore the weighted
average of the conditional data points {x}}:

Efxo | x0,t, 0] = / xop(%o0 | X, ¢, ¢)dxg (11

Zf\il xbN (x5 (1 — t)x, t21)
= ~ - (12)
Zj:1 N (x5 (1 —t)x}), t21)

Finally, we substitute this posterior mean (Eq. 12) back into
our velocity expression (Eq. 4):

N i,
1 (e T NG = S XN ()
=3 ( Z;V=1N() ) (14)

N (e — xB)N (x5 (1 — t)x, £°1)
= - : (15)
£ o N(xes (1= t)x3, t21)

Given the set of data points {x}}¥ | corresponding to con-
dition c, this equation provides the exact velocity target.

A.2. Experiments configurations

Pretraind model configuration. For the comparison of CFG
and AG against optimal velocity, we pre-trained a SiT-B/2
model for 400k iterations to serve as the strong model. We
also pre-trained a SiT-S/2 model for 100k iterations to serve
as the weak model required for AutoGuidance (AG) [17].

Inception distance between guided velocity and opti-
mal velocity. For the inception distance [11] analysis, we
use the standard extrapolation guidance formula v,, =
Veond + W * (Veond — Vweak )- For CFG [12], we use uncondi-
tional output v(xy,t, ) as Vyea. For AG [17], we use the
condition-aligned output v (x¢, ¢, c) from SiT-S/2 as Vyeax.
We tested extrapolation scales of w € {1.0,1.2,1.4,1.6}.
The w = 1.0 case represents the unguided conditional output
(Vw = Veond) and serves as our baseline for comparison. For
a given class ¢, we calculate the following distance objective:

Et’xtHv(Xt’t7C) —Vw(Xt,t7C)|‘§ (16)

We sample 100000 samples to calculate the correspond-
ing state (x¢,t) given timestamp ¢.
B. Toy experiment implementation

B.1. Network architectures

For all 2D toy experiments we train a class-conditional dif-
fusion model with a velocity parameterization
v:R? x[0,1] x C — R, (x¢,t,€) = v(xe, t,¢),
a7

where x; € R? is the noisy state, ¢ € [0, 1] is the continuous
time index, and ¢ € C = {1,..., CLS} is the class label.
For network architectural design, we follow the score net-
work in [17] but apply the following modification to enable
conditional and unconditional prediction on the same model
architecture. We introduce a learnable class-embedding table

E:Cu{l} -R%  e.=Ec), (18)

where ¢ = () denotes the unconditional (null) condition
and d,. is the embedding dimension. Let Enc(x;,t) € R4
denote the standard feature encoding of the noisy state and
time as in [17]. We then form the input to the backbone as

hy = [Enc(xt,t); ec] € Rntde, (19)

and use the same network weights for all ¢ € C U {(}}. This
design allows us to obtain both

v(x¢,t,c) and  v(xg,t,0) (20)

from a single model, thereby enabling classifier-free guid-
ance [12] and our segmented guidance without changing the
backbone.

Training follows the flow-matching parameterization
adopted in the main paper. We sample Xg ~ Pdata(Xo | €)
and € ~ N(0,I), and construct the noisy state via the
stochastic interpolant

xi=(1-t)xo+te, teplt), @D

where p(t) is the lognormal time sampling distribution used
throughout the paper. The network is trained with the stan-
dard velocity regression objective

Lioy(8) = Erexe [[V(xest.€) — (e = x0)[[2].  (22)
B.2. Construction of the toy dataset

Our toy dataset construction shares the principle of using
a mixture of Gaussians as the building block as in [17],
but explicitly exposes the granularity of the condition via
the number of classes and the recursive depth. The dataset
returns a Gaussian mixture distribution constructed from a
collection of leaf- and branch-like components.

We denote the class set by

c=1{1,...,CLS}, (23)

corresponding to the num_classes argument. Internally,
the function assembles a list of Gaussian components in-
dexed by i = 1,..., K, each with a weight ¢; > 0, mean
w; € R?, covariance ; € R?*2, and a discrete class label
¢; € C U {cpase }- After selecting a subset of labels through
the classes argument, the final distribution is the normal-
ized Gaussian mixture

1

- |Csel| ’
(24)

pdata(X07 C) = p(C) pdata(XO ‘ C), p(C)



where Cse1 C C is the set of selected class labels and

Pdata(Xo | €) = Z 7r§°) N(xo0; pis i), Z 7r§c) =1.

i€l, i€l

(25)

Here I. = {i : ¢; = c} collects all components assigned

to class ¢, and the mixture weights wgc) are obtained by
normalizing the raw branch weights ¢; within the class.

The geometry of the mixture components is determined

by a recursive branching construction. A single “main

branch” of length
Limain = 0.4 (14 0.1 - num_classes) (26)

is grown from a base point Xp,se € R? with initial angle
Qmain ~ 85°. This branch is split into num_classes seg-
ments, and each segment serves as the attachment point for
a class-specific subbranch.

Each subbranch is generated by a recursive procedure
with maximum depth, branching factor, and curvature. At
recursion depth d € {0, ..., max_depth — 1}, a subbranch
located at position p(¥) with direction u(¥) € R? and overall
size s(¥) generates a sequence of Gaussian components

3, =R D@ R(d)T7

27)
for several values of A € (0,1) along the branch; here
s = scale € R? scales the coordinates, R(? is the 2 x 2
rotation induced by the current branch angle, and D(% is a
diagonal matrix encoding the anisotropic thickness of the
branch. The raw weight of each component is proportional
to a depth-dependent factor ¢; o< s(%(0.6)?, which causes
branch segments closer to the root to receive higher total
mass.

pi=P% +xu?) os,

B.3. Guidance baselines and configurations

We evaluate four guidance configurations on the above toy
datasets: unguided sampling, condition-dependent guidance
(CDQG, instantiated by CFG [12]), condition-agnostic guid-
ance (CAG, instantiated by AG [17]), and our proposed seg-
mented guidance (SGG). All methods act on the same strong
model v(x;,t, c), and differs only in how they construct the
weak signal vyeax Within the weak-to-strong extrapolation.
Unguided. We use the strong model directly,

Vung(xt, t, C) = V(Xtv t, C), (28)

corresponding to w = 1.

CDG: CFG. Here the weak signal is the unconditional
prediction Vyeak (Xt,t,¢) = v(xy,t,0) and the strong sig-
nal is the class-conditional prediction Vgtrong(X¢,t,¢) =
v(xy,t,c). This yields the usual classifier-free guidance
form

VSFG (Xtv ta C) = V(Xta tv C)+

29
(w—1)(v(x¢,t,c) — v(x4,t,0)). 9

CAG: AG Following autoguidance [17], we construct a
weaker but condition-aligned model vy (x¢, ¢, ¢) by reducing
capacity or early stopping. In this case the weak signal is
Vweak (Xt, t,€) = Vg(X¢, t, c), which leads to

V’LAUG(Xta t7 C) = V(Xt7 ta C)+

30

(w —1)(v(x¢,t,€) — V(x4 1, €)). G0

Segmented guidance (SGG, ours). SGG uses a time-

dependent segmentation between CDG and CAG. For a
switching time 7 € (0, 1) we define

v(xy,t,c) — v(xyg, t,0), t>T,

g(x¢,t,c) = { B €2y

V(Xtatvc) - OQ(Xt,t,C),
and set
VEJGG(Xtat7C) = V(Xt7t7 C) + (w - 1) g(xt7t7 C)' (32)

To simulate the interplay between condition granularity
and model fitting capacity, we vary the tuple

(CLS, Depth, B)

where CLS is the number of classes, Depth is the maximum
recursion depth and B is the number of branches per split,
together with the training budget 7" of the strong model. We
consider three representative configurations:

* Config A (blurry condition, complex in-class). This
regime uses a small number of classes but a deep recursive
structure,

CLS =4, Depth=3, B=2 T=2",
which yields blurry conditions and highly intricate within-
class manifolds (well-fitted but hard to disambiguate at the
label level).

* Config B (sharp condition, simple in-class). This regime
uses many classes but a shallow recursive structure,

CLS =24, Depth=1 B=2 T=21
leading to sharp conditions with relatively simple mani-
folds that are harder to fit under the limited training budget.

* Config C (intermediate, realistic regime). This regime
interpolates between the above two,

CLS =12, Depth=2 B=2 T=21,
producing moderately complex intra-class structure to-
gether with non-trivial conditioning. The difficulty of this
task is relatively higher than Config A and B, attempting

to project to realistic scenarios.
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Figure 1. Quantitative comparison of guidance scale (w) for CFG and SLG with SD3.5 on LAION-5B-1K and MSCOCO-1K datasets.

Setting Tmain Tweak T Wefg Wag
Config A 215 211 0.5 2.0 2.0
Config B 212 210 0.1 2.0 2.0
Config C 215 211 0.3 2.0 2.0

Table 1. Hyperparameter settings for toy experimentation.

Configurations across settings. Here we provide the full
setting on toy experiments across Configurations and hyper-
parameters, as illustrated in Table 1.

Limitations across dimensionality. Toy examples are pow-
erful for visualizing algorithmic behavior at the distribution
level, rather than relying solely on aggregate quantitative met-
rics [3, 6, 7, 17]. However, there is an inherent gap between
2D toy class-conditional tasks, image class-conditional tasks,
and image prompt-conditional (text-to-image) tasks, and
phenomena observed in the 2D plane are not guaranteed to
transfer to high-dimensional image space with 100% accu-
racy [29, 33]. Our inductive bias in this work is to isolate the
interplay between condition granularity and fitting capacity
as the factors influencing the behavior of CDG and CAG.
The 2D toy results should therefore be viewed as qualitative
insight into these mechanisms, providing explanations for
real image-generation setups.

C. Inference implementation and ablations

C.1. Inference time settings

Pretrained models and baseline methods selection. For
pre-trained model, we use the SD3-Medium and SD3.5-
Medium as base models [4]. We use MS-COCO-1k [19]
subset and LAION-1k [27] randomly selected subset for
prompt instantiation. We compare our method against sev-
eral baselines, including standard conditional generation
(no guidance), CFG [12], and Skip-Layer Guidance (SLG).
We also include comparisons to recent advanced guidance
variants, such as S2-Guidance [3], Guidance Interval [18],
CFG+SLG [14], CFG-Zero* [5] and Rectified-CFG++ [25].
We use the standard 28 inference steps throughout experi-
ments. All methods are evaluated using HPSv2.1 Score [32]
and Aesthetic Score [26]. We select standard CFG [12] as
CDG and SLG [14] as CAG in SGG implementations.

Hyperparameter settings. For standard CFG [12], we
performed a grid search for the guidance scale w in the
range [1.0,9.0] with an interval of 0.5, selecting the op-
timal value of w = 5. For Guidance Interval [18], we
searched for the optimal interval ¢ with a step of 0.1, find-
ing that removing guidance for the 20% of timestamps
closest to the data (¢ < 0.2) yielded the best results. For
S2-Guidance [3], CFG+SLG [14], CFG-Zero* [5], and
Rectified-CFG++ [25], we adhered to the recommended

Method Avg  Aesthetic Overall Cons. Imaging Qual. Subject Cons. Dynamic Deg. Motion Smooth.
CFG 0.6877  0.6003 0.2317 0.6553 0.9391 0.7222 0.9776
SLG 0.6809  0.5822 0.2026 0.6597 0.9504 0.7083 0.9820
SGG 0.7001  0.6107 0.2314 0.6624 0.9402 0.7778 0.9785

Table 2. Comparison on WAN-1.3B [31] with CFG, SLG and SGG (Ours). Best results are bolded, and second-best results are underlined.



hyperparameter settings from their respective papers. For
our method, SGG, we set the segmentation timestamp 7 =
12/28 (t,, = 0.69,SD3.5), 7 = 16/28 (t,, = 0.8,SD3)
and use a scale of w = 5 for the CDG (CFG) component
and w = 3 for the CAG (SLG) component for both models.
The skipping layers are the default setting in vanilla SLG
with 7,8,9.

C.2. Ablations on inference guidance scale

Besides ablations on the segmentation timestamp 7 provided
in the main paper, here we provide an additional ablation
on the inference-time guidance scale w. We fixed the seg-
mented timestep 7 = 0.5 and ablate the guidance scale of
CFG and SLG. As illustrated in Figs. la and b, this anal-
ysis highlights a notable trade-off: CFG excels at semantic
adherence (measured by HPSv2.1), but its aesthetic scores
are comparatively low. Conversely, SLG produces high aes-
thetic quality but remains less competitive on HPSv2.1. Our
method, SGG, successfully synergizes these two, achieving
strong, comparable results across both metrics.

C.3. More metrics on condition-adherence

CLIPScore and GenEval. Besides HPSv2.1 [32], we
additionally report CLIPScore [10] and GenEval [§] on
MS-COCO-1K and LAION-5B-1K for SD3.5-medium. As
shown in Table 4, SGG improves Aesthetic while remaining
competitive on condition-based metrics.

C.4. Ablations and guidance schedules

Guidance schedules. SGG is orthogonal to scalar guidance
scheduling w(¢) [23]: it changes the guidance family across
noise regimes and can be combined with standard schedules.
We include linear w(t) variants for CFG and SGG in Ta-
ble 4, with mild early-time clamping (e.g., starting from a

non-trivial scale), increasing schedules do not weaken condi-
tioning.

More ablations. We test (i) swapping CDG/CAG orders, (ii)
removing CDG (CFG) from SGG, and (iii) removing CAG
(SLG) from SGG. All variants are inferior to standard SGG
in Table 4, supporting the intended regime assignment.

C.5. Extension to video generation

To further evaluate the applicability of Segmented Guidance
(SGG) principle across modalities, we extend our experi-
ments to video generation using the Wan2.1-1.3B [31]
model on the subset of VBench [13] prompts corresponding
to the metrics. For inference configuration, we adhere to the
default setting with 50 sampling steps and 5.0 CFG scale.
For SGG, we set the segmented timestamp 7 = 25, and SLG
scale 3.0. We selected 6 metrics and calculate the average
score. The quantitative results in Table 2 demonstrate that
SGG manages to generate videos with better Aesthetic and
imaging quality, while also remain competitive on physical
plausibility.

D. Training implementation and analysis

D.1. Training time settings

Models and metrics selection. We conduct training evalu-
ation mainly on SiT-B/2 model [22] due to computational
constraints. We use lognormal-timestep sampling throughout
all experiments to boost convergence, following [28]. 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.

Conditional Unconditional
Parameter Baseline AG BR MG SGG Baseline AG BR
Training configuration
Generation Type Cond Cond Cond Cond Cond Uncond Uncond Uncond
Batch-size 256 256 256 256 256 256 256 256
Num. GPUs (A100) 4 4 4 4 4 4 4 4
Noise Schedules oT oT oT oT oT oT oT oT
LR 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001
W2S guidance
Guidance Scale w / 0.3 0.3 0.5 0.6/0.5 (REPA) / 0.3 0.3
Inferior model / SiT-S/2 (T/4) / / / / SiT-S/2 (T/4) /
Output layers / / 4(/12) / 4 (/12) / / 4.(/12)
Total params 137.8M 137.8 (+39.5M 139.0M 137.8M 139.0M 137.8M 137.8 (+39.5)M 139.0M
time/it 1.00 1.27 1.02 1.23 1.22 1.00 1.26 1.02
Segmented stamp 7 / / / / 0.2 / / /

Table 3. Training information for W2S guidance experiments. All models are trained on SiT-B/2. For AG, we train a separate weak model

with T/4 iterations, where T is the strong model’s iteration.



Method | MS-COCO-1K | LAION-5B-1K
‘ HPSv2.1 Aesthetic CLIP GenEval ‘ HPSv2.1 Aesthetic CLIP GenEval

CFG 29219 5279 26316 0628 | 28234 5203  27.521  0.674
SLG 27295 5714 25145 0507 | 26050 5512 25440  0.523
CFG+SLG 28931 5678 26485 0598 | 27246 5421  27.154  0.638
CFG (linear schedule) | 28.833 5261 26351  0.633 | 27954 5220  27.777  0.665
SGG (swap orders) 27393 5366 25523 0534 | 26270 5311 26283  0.579
SGG (w/o CDG (CFG)) | 26050 5685 24630 0497 | 25195 5516 24800 0515
SGG (w/o CAG (SLG)) | 27.832 5207 26112 0602 | 27.173 5178 27422  0.647
SGG 29736 5717 26713 0632 | 28.687 5518  27.649  0.668
SGG (linear schedule) | 29.712 5752 26595  0.637 | 28564  5.525 27783  0.672

Table 4. SD3.5-medium on MS-COCO-1K and LAION-5B-1K

Implementation details of training W2S variants. Here
we summarize the training-time implementation of AG, BR,
CFG (our reimplementation of MG), and SGG. The objec-
tive of the weak model in all variants shares the same base
regression target u = € — X and differs only in how the
weak prediction and the W2S-modified strong target are con-
structed. Further hyperparameter choices and information
are listed in Table 3.

AG. For autoguidance [17], we use a separate weak model
vy, with a smaller backbone (SiT-S/2) and a strong model vg
(SiT-B/2). The weak model is updated once every 4 updates
of the strong model.

BR. In BR, the weak prediction is implemented as a
shallow branch head v§*(x;,t,c) (same architecture of
FinalLayer () ) that taps into intermediate features of the
same transformer, while the final head vi*!!(x;, ¢, c) serves
as the strong output. The extra computational overhead of

this model is negligible ( 2%, i.e., time/it = 1.02)

MG (CFG reimplementation). For MG/CFG, the weak pre-
diction is provided by the unconditional branch v (x;, t, )
of the same model, while vy(x;, t, ¢) is the strong (condi-
tional) output. We keep the default DROPOUT rate 0.1 to
train the unconditional model, as CFG [12]. This is equiva-
lent to Model Guidance [30] at the parameterization level.

SGG. SGG combines a condition-agnostic weak signal (BR)
and a condition-dependent weak signal (CFG) through a
time-dependent switch. With segmented timestamp set to
7 = 0.2. (Inspired by the inference time setting of [34]
on ImageNet, we also apply guidance interval [18] from
[0.8,0.2] to avoid extreme high noise level experiments for
SGG) The overall architecture is identical to BR while keep-
ing the conditional/unconditional training style to create
CFG signal. The extra parameter overhead is 0.8% com-
pared to vanilla SiT model. Further details can be referred
in Table 3.

D.2. Training instability of SLG

Compared to AG, BR, and MG, we observe that applying
Skip Layer Guidance (SLG) during training from scratch
exhibits degradation. We attribute this to the high variance
of the synthetic weak signal generated by layer perturba-
tion when applied to an unconverged model. To address
this, we use a warm-up phase utilizing pure regression loss.
As illustrated in Fig. 2, extending this warm-up period im-
proves performance, eventually surpassing the baseline at
100k and 200k iterations, likely by ensuring the model is
robust enough to provide a stable weak signal. Despite the
marginal performance gains, the limitations of this approach
are more obvious. Pure SLG [14] necessitates an additional
forward pass similar to CFG [12], yet the resulting weak sig-
nal is often inferior to the unconditional output. Furthermore,
tuning the warm-up hyperparameter becomes computation-
ally prohibitive when scaling to larger tasks. Given these
unfavorable trade-offs, we thus exclude SLG from our pro-
posed training framework.

However, for well-trained models at scale [4], the util-
ity of SLG becomes apparent. Training a separate inferior
model for AutoGuidance [17] is often impractical for large-
scale architectures like Stable Diffusion [4, 24]. In these
scenarios, where the primary model is sufficiently robust,
self-degradation techniques like SLG provide an efficient
mechanism for constructing the Condition-Agnostic Guid-
ance (CAQG) signal [1, 14].

D.3. Ablations on training guidance scale

Ablations on segmented timestamp 7 of SGG is provided
in the main paper, here we provide more ablations on the
selection of training time guidance scale w on AG and BR
variants on both conditional and unconditional setting, as
illustrated in Table 5.
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Figure 2. SLG in training, applied in different iterations.

E. Discussion

The generalization trade-off. Theoretically, a velocity pre-
dictor v that perfectly minimizes the objective is capable of
faithfully reconstructing training data points, a state charac-
terized as memorization [9]. In practice, however, network
inductive biases and inevitable approximation errors pre-
vent this, instead enabling the model to generalize to un-
seen data [15]. Yet, when scaled to complex text-to-image
tasks [4, 24], these accumulated errors often cause the un-
guided generation trajectory to diverge from the perceptu-
ally acceptable manifold—a deviation that often persists
regardless of the number of sampling steps. Consequently,
guidance techniques are required to steer the trajectory back
toward perceptually acceptable regions, albeit at the cost
of additional computation (e.g., computing an extra weak
signal). Thus, the generalization capability of diffusion mod-
els presents trade-offs: it is simultaneously enabled by, yet
suffers from, the approximation errors accumulated across
sampling steps.

More intuition on the proposed method. CDG derives its
guidance signal from an external semantic discrepancy (i.e.,

c vs. (), and thus primarily steers global content such as
semantics, coarse structure, and layout. These attributes are
largely determined at earlier denoising stages, where the
model establishes low-frequency components of the sample.
In contrast, CAG is driven by the model’s internal predic-
tion error under the condition, making its signal inherently
condition-aligned and more effective for intra-class refine-
ment, including local details and texture that emerge in later
timesteps (high-frequency components) [17]. Consequently,
SGG adopts a natural division of labor: it applies CDG in the
high-noise regime to quickly locate the correct conditional
manifold, and then switches to CAG in the low-noise regime
to refine fine-grained details while maintaining prompt con-
sistency.

Conditional Unconditional

Method Guidance FID | sFID | Inception Score T FID | sFID | Inception Score T

Baseline w = 0.0 31.22 6.41 49.59 61.27 7.00 17.33
w=0.2 18.33 4.71 70.45 46.37 493 20.23

BR w=0.3 16.02 5.13 76.21 43.25 5.11 20.66
w=0.4 15.09 7.64 80.29 42.13 7.59 20.43
w=0.2 18.71 4.97 73.30 50.97 5.52 19.40

AG w=0.3 13.96 4.68 88.35 45.97 4.94 20.32
w=0.4 10.91 5.40 102.89 42.44 5.31 21.01

Table 5. Ablation study on guidance scale (w) for W2S training methods (BR and AG) in both conditional and unconditional settings. All

models are SiT-B/2 trained on ImageNet 256x256.



F. More qualitative results.

F.1. Qualitative results on text-to-video models

SGG
A high-speed, cinematic drone shot following a sleek, silver peregrine falcon as it weaves and
dives through a narrow canyon.
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Anime style girl with pink hair running through a field of sunflowers, bright blue sky, wind
blowzng hazr Studio Ghibli artistic style.

CFG

SGG

A playful puppy chasing its tail in a sun-drenched living room, blurry motion, happy energy,
cute animal behavior.

Figure 3. Qualitative comparison of CFG and SGG (Ours) on video generation



F.2. Qualitative results on text-to-image models

Unguided Conditional SLG CFG SGG
% | ¥ r 1 ¢ 7 4

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.

A futuristic cyborg
geisha walking through
a neon-drenched Tokyo
street during a
downpour, with
reflections on the wet
asphalt.

An ancient, moss-
covered stone dragon
perched atop a misty
mountain peak at
sunrise, rendered in a
detailed, cinematic
matte painting.

A small, curious
badger wearing a
tiny tweed vest and
reading a book by the
light of a glowing
mushroom in a deep
forest.

Figure 4. Qualitative Comparison between Unguided Conditional, CFG, SLG and SGG (Ours) (1/2)



Unguided Conditional

A magical, sparkling
unicorn leaping
gracefully over a
rainbow-colored
stream in a lush,
perpetually springtime
meadow.

Close-up of a human
eye reflecting a
complex circuit board,
highly detailed,
rendered in a 3D
digital art and
photorealistic style.

A steampunk
clockwork automaton
made of polished
brass and dark
leather, shown in a
low-key, dramatic
studio lighting setup..

A tiny, adorable Fkitten
wearing a miniature
birthday hat,
surrounded by glowing |
confetti and colorful
balloons in a whimsical

style.

A cute, friendly robot
giving a high-five to a
bird, rendered in a
vibrant, smooth 3D
Pixar-like animation

style.

The bronze plaque on
an ancient library
entrance, featuring
ornate, engraved
lettering that clearly
spells out "SEG".

Figure 5. Qualitative Comparison between Unguided Conditional, CFG, SLG and SGG (Ours) (2/2)



F.3. Qualitative results on ImageNet256

SiT-B/2 + REPA + SEG

Figure 6. Qualitative Comparison between SiT-B/2 (Baseline), SGG (Ours), REPA, REPA+SGG
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