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Appendix Overview
This appendix provides additional details and supplementary results to support the main paper. In Section 1, we review related
literature to place our work in a broader context. Section 2 presents the detailed proofs of the theoretical results introduced
in the main text. In Section 3, we further explore the connection between our MSE bound and Harnack-type inequalities,
highlighting their theoretical implications. In Section 4, we show the difference between standard CFG and our method. Finally,
Section 5 reports additional experimental results and visualizations.

1. Related Work
A scaling factor for conditional diffusion models was first introduced in CG [7], which controls the trade-off between fidelity
and diversity:

µ̂ = µθ,uncond + γ Σθ(xt, t)∇ log pt(y | xt), (1)

where µθ,uncond denotes the predicted mean of the unconditional denoiser, Σθ(xt, t) is the predicted covariance (or noise scale)
at step t, and ∇ log pt(y | xt) represents the conditional score function with respect to the label y. The hyperparameter γ is the
classifier-free guidance scale: γ > 1 strengthens conditioning at the cost of diversity, while γ < 1 weakens conditioning but
increases sample diversity. This scaling modifies the reverse sampling distribution as:

p̃(xt−1 | xt, y) =
p(xt−1 | xt) pγ(y | xt−1)

Z(xt, y)
, Z(xt, y) =

∑
xt−1

p(xt−1 | xt) pγ(y | xt−1). (2)

Then CFG [11] eliminates the need for an external classifier by jointly training the network for both conditional and
unconditional predictions:

ϵθ(xt, t, y) = µθ,uncond +Σθ(xt, t)∇ log pt(y | xt), ϵθ(xt, t, ϕ) = µθ,uncond. (3)

where ϵθ is the neural network’s output for noise prediction. Substituting these into equation 1 and setting γ = w yields the
CFG formulation:

ϵ̂(xt, t, y) = w [ϵθ(xt, t, y)− ϵθ(xt, t, ϕ)] + ϵθ(xt, t,∅), (4)

We see that CFG and CG are using the same scaling factor. And for now CFG with this scaling technique that has been widely
adopted in mainstream diffusion models, typically with a fixed CFG-scale.

However, recent studies have pointed out that using a constant guidance weight is not necessarily optimal and may lead
to limitations in balancing fidelity and diversity. Specifically, several works have proposed various forms of dynamic or
time-dependent scaling strategies to improve generation quality. [23] proposes Frequency-Decoupled Guidance (FDG), an
improved version of classifier-free guidance that operates in the frequency domain, which chooses a low cfg-scale for low
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frequencies and a high cfg-scale for high frequencies. [15] observe that applying a constant classifier-free guidance (CFG)
weight across all noise levels is suboptimal: guidance harms diversity in the high-noise regime, has little effect in the low-noise
regime, and is only beneficial in the middle. They propose restricting guidance to a limited interval of noise levels, which
both improves sample fidelity and diversity while reducing computational cost. [20] propose a geometric guidance method for
CG to address the vanishing gradient issue in late denoising stages of probabilistic approaches. Its core innovation enforces
fixed-length gradient updates (∥∇p∥-normalized) proportional to data dimension (

√
D/T ), maintaining consistent guidance

strength throughout sampling. [17] rescale classifier-free guidance to prevent over-exposure. [18] propose β-adaptive scaling
to address the trade-off between image quality and prompt alignment in standard CFG. It dynamically adjusts guidance
strength via a time-dependent β-distribution β(t), enforcing weak guidance at initial/final steps and strong guidance during
critical mid-denoising phases. [26] investigate different time-dependent schedulers for the guidance weight. Their analysis
and experiments confirm that dynamic weighting strategies outperform fixed weights, with high weights being beneficial
in the mid-noise regime but detrimental at the extremes. [6] and [4] improve diffusion model performance by constraining
CFG to the data manifold, enabling higher-quality generation, better inversion, and smoother interpolation at lower guidance
scales. [24] mitigate spatial inconsistency in classifier-free guidance by introducing Semantic-aware CFG, which segments
latent images into semantic regions via attention maps and adaptively assigns region-specific guidance scales, leading to
more balanced semantics and higher-quality generations. [25] propose Diffusion-NPO, which incorporates non-parametric
optimization into diffusion sampling via nearest-neighbor matching, improving sample diversity and quality without retraining
and working across different models and datasets. [3] investigate PCG, a theoretical foundations of CFG, and reveal the
differrence and relationship between DDPM and DDIM, embedding CFG in a broader design space of principled sampling
methods. [27] introduce TFG, a framework which encompasses existing methods as special cases. In their framework, they
defined a hyper-parameter space for their algorithm and analyze the underlying theoretical motivation of each hyper-parameter.

As for recent work, RAAG [29] recompute ω at every reverse step via a lightweight exponential map of the current RATIO:
ω(ρ) = 1 + (ωmax − 1) exp(−αρ), which is similar to the form of our C2FG. However, RAAG is primarily designed for
text-to-image generation under strong conditioning, whereas our analysis highlights intrinsic properties of diffusion dynamics,
making the applicability of our framework broader and not restricted to text-to-image tasks. Besides, their exponential design
is motivated by empirical intuition, while ours is supported by formal theorems, providing a stronger theoretical grounding.
Stage-wise Dynamic of CFG [12] analyze CFG under multimodal conditionals and show that the sampling process can be
seen as three successive stages: early direction drift, mid mode separation and late constration. And then propose a stage-wise
guidance schedule. However, their dynamic guidance schedule can actually be seen as a piece-wise CFG guidance ω(t) just
like [15]. Moreover, their method seems relies on task-specific properties such as large guidance scales ω(t), suffering from a
lack of generality. S2-Guidance [5] propose a novel method in which network parameters are stochastically masked to form
a latent subnetwork during each forward pass, guiding the model away from potential low-quality predictions and toward
higher-quality outputs. However, their approach also relies on task-specific settings, such as text-to-image and text-to-video
generation. [22] introduce an extension of CFG called TSG, whose motivation is based on the structure of diffusion network.
They compute the model outputs for the clean time-step embedding and a perturbed embedding and use their difference to
guide the sampling. Importantly, the motivation behind TSG arises from the interaction between conditional and timestep
embeddings within the network architecture, rather than from a theoretical analysis of the diffusion framework itself.

While these approaches have shown promising improvements, they are still largely heuristic in nature and often lack
rigorous theoretical justification, leaving the principles of adaptive weight design not fully understood. To address this gap,
our work provides a theoretical foundation for adaptive guidance. By establishing a sequence of results (Theorems 1–4), we
uncover structural properties of diffusion processes under different initial distributions. These insights naturally motivate the
design of adaptive, theoretically grounded scaling functions. In this way, our framework offers a more robust and general basis
for conditional generation.

2. Proof of Theorems
In this section we give the proof of theorems below:

Theorem 1 (VP-SDE Score MSE Bound). Assume that the sample space is bounded and closed. Then we consider the
VP-SDE

dxt = −1

2
β(t)xt dt+

√
β(t) dwt, (5)

let p(x, t) and p̃(x, t) denote the probability densities at time t, induced by initial distributions p(x0) and p̃(x0), respectively.



Then, the mean-square error (MSE) between the scores satisfies the uniform bound

∥∇ log p(x, t)−∇ log p̃(x, t)∥ ≤ α(t)

σ2(t)
C, ∀x ∈ supp, t ≥ 0, (6)

where C is a constant, α(t) = exp (− 1
2

∫ t

0
βsds), and σ(t) = α(t)

√∫ t

0
βs

α2(s)ds.

Theorem 2 (VE-SDE Score MSE Bound). Assume that the sample space is bounded and closed. Then we consider the
VE-SDE

dxt =

√
dσ2

t

dt
dwt, (7)

let p(x, t) and p̃(x, t) denote the probability densities induced by initial distributions p(x0) and p̃(x0), respectively. Assume
that the sample space is bounded and closed.

Then, the mean-square error (MSE) between the conditional and unconditional scores satisfies the uniform bound

∥∇ log p(x, t)−∇ log p̃(x, t)∥ ≤ C

σ2(t)
, ∀x ∈ supp, t ≥ 0, (8)

where C is a constant.

Theorem 3 (Harnack-type Inequality of VP-SDE). Let p(xt, t) ∈ C2,1(Rn× [0,+∞)) denote the probability density function
of the VP-SDE equation 5, and define

s(t) =
1

2

∫ t

0

βrdr, t(s) = s−1(t).

Then for any α > 1, x1, x2 ∈ Rn, 0 < s1 < s2 < +∞, the following inequality holds:

p(x1, t(s1)) ≤ p(x2, t(s2))

(
s2
s1

)mα
2

exp

(
α2∥x1 − x2∥2

4(s2 − s1)
+

∥x2∥2 − ∥x1∥2

2

)
, (9)

where m ≥ n and ∥ · ∥ denotes the Euclidean distance.

Theorem 4 (Harnack-type Inequality of VE-SDE). Similarly, let p(xt, t) ∈ C2,1(Rn × [0,+∞)) denote the probability
density function of the VE-SDE equation 7, and define

s(t) = σ2
t , t(s) = s−1(t).

Then for any α > 1, x1, x2 ∈ Rn, 0 < s1 < s2 < +∞, the following inequality holds for p:

p(x1, t(s1))) ≤ p(x2, t(s2))

(
s2
s1

)nα
2

exp

(
α2∥x1 − x2∥2

4(s2 − s1)

)
. (10)

2.1. Proof of Theorem 1
Proof of Theorem 1. For VP-SDE

dxt = −1

2
βtxtdt+

√
βtdwt, (11)

we can represent xt with x0:

xt = α(t)x0 + σ(t)ξt, (12)

where α(t) = exp (− 1
2

∫ t

0
βsds), σ(t) = α(t)

√∫ t

0
βs

α2(s)ds, and ξt ∼ N (0, I).



Hence we can get the p(xt, t|x0):

p(x, t|x0) =
1

(2πσ2(t))n/2
exp

(
− ||x− α(t)x0||2

2σ2(t)

)
, (13)

by using Bayes formula, we can get theprobablity density function :

p(x, t) =

∫
Rn

1

(2πσ2(t))n/2
exp

(
− ||x− α(t)x0||2

2σ2(t)

)
p(x0)dx0, (14)

then we can get the score:

∇ log p(x, t) =
∇p(xt, t)
p(xt, t)

(15)

=

∫
Rn

α(t)x0−x
σ2(t) exp

(
− ||x−α(t)x0||2

2σ2(t)

)
p(x0)dx0∫

Rn exp
(
− ||x−α(t)x0||2

2σ2(t)

)
p(x0)dx0

(16)

=
1

σ2(t)

(
α(t)E[x0|xt = x]− x

)
. (17)

Denote that p(x0|y) = p̃(x0), consider the MSE:

∥∇ log p(x, t)−∇ log p̃(x, t)∥ =
α(t)

σ2(t)
∥Ex0∼p[x0|xt = x]− Ex′

0∼p̃[x
′
0|xt = x]∥, (18)

then we try bounding f(t, x) = ∥Ext∼pt [x0|xt = x]− Ex′
t∼p̃t

[x′0|x′t = x]∥ term. Assume that f(t, x) is a smooth function
on Rn × [0,+∞), it’s easy to find that

f(0, x) = 0, f(+∞, x) = ∥Ex0∼p[x0]− Ex′
0∼p̃[x

′
0]∥,

hence f(t, x) is a bounded function on t, and we denote its bound by C(x).Note that we cannot say that when t → 0,
α(t)
σ2(t)∥Ex0∼p[x0|xt = x]− Ex′

0∼p̃[x
′
0|xt = x]∥ → 0, because σ(t) → 0, too.

In practical engineering applications of diffusion models, the sample space is often assumed to be compact, reflecting the
fact that physical quantities are naturally limited and numerical simulations are performed on finite domains. So C(x) can be
bounded by C without loss of convince.Assume that we talk about x0 on any bounded domain K with supz∈K |z| ≤ R. Let
total variation distance be TV(µ, ν) = 1

2

∫
|µ(dx)− ν(dx)|

f(t, x) =
∥∥Ext∼pt

[
X0 | xt = x

]
− Ext∼p̃t

[
X0 | xt = x

]∥∥
=

∥∥∥∫ x0
(
p(x0 | xt = x)− p̃(x0 | xt = x)

)
dx0

∥∥∥
≤ 2M · TV

(
p(· | xt = x), p̃(· | xt = x)

)
≤ 2R = C.

Then we can rewrite equation 18

∥∇ log p(x, t)−∇ log p̃(x, t)∥ ≤ 2α(t)

σ2(t)
R. (19)



2.2. Proof of Theorem 2
Proof of Theorem 2. For VE-SDE

dxt =

√
dσ2

t

dt
dwt. (20)

we can represent xt with x0:

xt = x0 + σ(t)ξt, (21)

where ξt ∼ N (0, I).
Like the proof of Theorem 1, we have

∥∇ log p(x, t)−∇ log p̃(x, t)∥ ≤ 1

σ2(t)
C. (22)

2.3. Proof of Theorem 3
First we give Lemma 1 and Lemma 2 without proof as below:

Lemma 1 (Cut-off Function [10]). There exists a cut-off function η ∈ C∞
c (BR) with 0 ≤ η ≤ 1, such that η ≡ 1 on BR

2
, and

for any x ∈ Rn,

|∇η|(x) ≤ C

R
η

1
2 , ∆η(x) ≥ − C

R2
(23)

where C > 0 depends only on the dimension n.

Lemma 2 (Bochner formula and Bakry–Émery Inequality of Heat equation with Witten Laplacian [2]). Define linear operator
L = ∆−∇ϕ · ∇, and ∇2ϕ is positive semi-definite, then for any g ∈ C3, we have

1

2
L|∇g|2 = |∇2g|2 + ⟨∇g,∇Lg⟩+∇gT∇2ϕ∇g, (24)

and furthermore

1

2
L|∇g|2 ≥ |Lg|2

m
+ ⟨∇g,∇Lg⟩+∇gT∇2ϕ∇g (25)

where |∇2g|2 = Σn
i,j=1(∂ijg)

2 and m ≥ n denotes the virtual dimension.

Then we first prove such lemma:

Lemma 3 (Cut-off Function for Heat Equation with Witten Laplacian). There exists a cut-off function η ∈ C∞
c (BR) with

0 ≤ η ≤ 1, such that η ≡ 1 on BR
2

, and for any x ∈ Rn, ϕ = k(|x|)x, k ≥ 0 on BR,

|∇η|(x) ≤ C

R
η

1
2 , ∆η(x) ≥ − C

R2
, ∇ϕ · ∇η(x) ≤ 0, (26)

C > 0 depends only on the dimension n.

Proof. Step 1. Construction of the cutoff. We construct a radial cutoff function by setting

η(x) = ψ
(

|x|
R

)
,

where ψ ∈ C∞
c ([0,∞)) satisfies:

ψ ≡ 1 on [0, 1/2], ψ ≡ 0 on [1,∞), ψ′ ≤ 0,



together with the standard cutoff estimates

|ψ′| ≤ C
√
ψ, |ψ′′| ≤ C.

Step 2. Gradient estimate. Writing r = |x|, we compute

∇η(x) = 1

R
ψ′( r

R

) x
r
.

Hence
|∇η(x)| ≤ 1

R

∣∣ψ′( r
R

) ∣∣ ≤ C

R

√
η(x).

Step 3. Laplacian estimate. Using the radial Laplacian formula, we have

∆η(x) =
1

R2
ψ′′( r

R

)
+
n− 1

rR
ψ′( r

R

)
.

The first term is bounded byC/R2 since |ψ′′| ≤ C. For the second term, note that ψ′ = 0 when r ≤ R/2, and for r ∈ [R/2, R],
we have ∣∣∣∣n− 1

rR
ψ′( r

R

)∣∣∣∣ ≤ C

R2
.

Therefore
|∆η(x)| ≤ C

R2
, ∆η(x) ≥ − C

R2
.

Step 4. Witten Laplacian estimate. Finally,

Lη(x) = ∆η(x)− kx · ∇η(x).

Since
x · ∇η(x) = r

R
ψ′( r

R

)
,

and ψ′ ≤ 0, the term k(x)x · ∇η(x) ≤ 0.

Based on this we give proof of Theorem 5:

Theorem 5 (Gradient Estimate of Heat Equation with Witten Laplacian). Let u be a positive solution to the heat equation

∂tu = (∆−∇ϕ · ∇)u, (27)

on (0, T ]×BR. Assume that ∇2ϕ is positive semi-definite, ϕ = k(|x|)x, k ≥ 0 on BR, then for any (t, x) ∈ (0, T ]×BR
2

, the
following inequality holds:

|∇u|2

u2
− α

∂tu

u
≤ mα2

2t
+
Cα2

R2

(
1 +

α2

α− 1

)
, (28)

where m ≥ n denotes the virtual dimension, C(m,n) is a constant depends on (m,n).

Proof. We define linear operator L = ∆ − ∇ϕ · ∇, and function f = log u, F = t(|∇f |2 − α∂tf), then applying it into
equation 27, we have

∂tf = Lf + |∇f |2, (29)

Lf = −|∇f |2 + ∂tf = − F

αt
− α− 1

α
|∇f |2, (30)

∆f = Lf + ⟨∇ϕ,∇f⟩ = − F

αt
+

〈
∇ϕ− α− 1

α
∇f,∇f

〉
. (31)



Based on Lemma 2 and equation 29,equation 30, equation 31, we can get

LF = t((∆−∇ϕ · ∇)|∇f |2 − α∂t((∆−∇ϕ · ∇)f))

= t
(
2|∇2f |2 + 2 ⟨∇f,∇Lf⟩ − α∂t(Lf) + 2∇fT∇2ϕ∇f

)
≥ t

(
2

m
|Lf |2 + 2 ⟨∇f,∇Lf⟩ − α∂t(Lf) + 2∇fT∇2ϕ∇f

)
≥ t

2| − F
αt +

〈
−α−1

α ∇f,∇f
〉
|2

m

+ t

(
2

〈
∇f,∇

(
− F

αt
− α− 1

α
|∇f |2

)〉
− α∂t(−

F

αt
− α− 1

α
|∇f |2)

)
=

(
2

mα2

(
F 2

t
+ 2(α− 1)F |∇f |2 + (α− 1)2t|∇f |4

))
− 2

α
⟨∇f,∇F ⟩

− 2(α− 1)

t
α
〈
∇f,∇|∇f |2

〉
− F

t
+ ∂tF + 2(α− 1)t ⟨∇f, ∂t∇f⟩

≥
(

2

mα2

(
F 2

t
+ 2(α− 1)F |∇f |2

))
− 2

α
⟨∇f,∇F ⟩ − F

t
+ ∂tF

+
2(α− 1)

t
α
〈
∇f,∇(−|∇f |2 + α∂t∇f)

〉
=

(
2

mα2

(
F 2

t
+ 2(α− 1)F |∇f |2

))
− 2 ⟨∇f,∇F ⟩ − F

t
+ ∂tF,

hence we have

(∂t − L)F ≤ −
(

2

mα2

(
F 2

t
+ 2(α− 1)F |∇f |2

))
+
F

t
+ 2 ⟨∇f,∇F ⟩ . (32)

Let us consider the cut-off function η which satisfies ⟨∇ϕ,∇η⟩ ≥ 0(Lemma 3). We use the Bochner technique to estimate its
upper bound, ∀T ′ ∈ (0, T ], suppose ηF attains its maximum over (0, T ′]× B̄R at (t0, x0). Without loss of generality, assume
(ηF )(t0, x0) > 0; otherwise, the conclusion of the theorem holds trivially. Consequently, we have η(x0), F (t0, x0) > 0,
which implies x0 /∈ ∂BR, t0 > 0. Thus, (t0, x0) lies in the interior of (BR)T . Then we consider

(∂t − L)(ηF ) = −F · Lη − 2 ⟨∇η,∇F ⟩+ η(∂t − L)F
= −F ·∆η + F · ⟨∇ϕ,∇η⟩ − 2 ⟨∇η,∇F ⟩+ η(∂t − L)F

≤ C

R2
F − 2 ⟨∇η,∇F ⟩+ F · ⟨∇ϕ,∇η⟩

+ η

(
−
(

2

mα2

(
F 2

t
+ 2(α− 1)F |∇f |2

))
+
F

t
+ 2 ⟨∇f,∇F ⟩

)
.

Applying ∇F = ∇(ηF )
η − ∇η

η F , we have

(∂t − L)(ηF )(t0, x0) ≤
C

R2
F − 2

η
⟨∇η,∇(ηF ))⟩+ 2

|∇η|2

η
F + F · ⟨∇ϕ,∇η⟩

+ η

(
−
(

2

mα2

(
F 2

t0
+ 2(α− 1)F |∇f |2

))
+
F

t0
+ 2 ⟨∇f,∇F ⟩

)
Using the properties of maximum

∇(ηF )(t0, x0) = 0,∆(ηF )(t0, x0) ≤ 0, ∂t(ηF )(t0, x0) = 0,



and applying Lemma 1 so that

0 ≤ C + 2C2

R2
F − 2

mα2

ηF 2

t0
− 4(α− 1)

mα2
ηF |∇f |2 + ηF

t0
(33)

+ 2η ⟨∇f,∇F ⟩+ F · ⟨∇ϕ,∇η⟩ (34)

=
C + 2C2

R2
F − 2

mα2

ηF 2

t0
− 4(α− 1)

mα2
ηF |∇f |2 + ηF

t0
(35)

+ 2 ⟨∇f,∇(ηF ))⟩ − 2F ⟨∇f,∇η⟩+ F · ⟨∇ϕ,∇η⟩ (36)

=
C + 2C2

R2
F − 2

mα2

ηF 2

t0
− 4(α− 1)

mα2
ηF |∇f |2 + ηF

t0
(37)

− 2F ⟨∇f,∇η⟩+ F · ⟨∇ϕ,∇η⟩ , (38)

then let us consider two of the terms 4(α−1)
mα2 ηF |∇f |2 + 2F ⟨∇f,∇η⟩,

4(α− 1)

mα2
ηF |∇f |2 + 2F ⟨∇f,∇η⟩ ≥ 4(α− 1)

mα2
ηF |∇f |2 − 2F |∇f ||∇η|

≥ 4(α− 1)

mα2
ηF |∇f |2

− F (
4(α− 1)R2

mα2C2
|∇f |2|∇η|2 + mα2C2

4(α− 1)R2
)

≥ − mα2C2

4(α− 1)R2
F

then inequality 38 can be turn into

0 ≤
(

mα2C2

4(α− 1)R2
+
C + 2C2

R2

)
F − 2

mα2

ηF 2

t0
+
ηF

t0
+ F · ⟨∇ϕ,∇η⟩ ,

then we divide F and then get

ηF (t0, x0) ≤
mα2

2
t0

(
mα2C2

4(α− 1)R2
+
C + 2C2

R2
+
η

t0
+ ⟨∇ϕ,∇η⟩

)
≤ mα2

2
t0

(
mα2C2

4(α− 1)R2
+
C + 2C2

R2
+

1

t0

)
≤ mα2

2
+
mα2

2

(
mα2C2

4(α− 1)R2
+
C + 2C2

R2

)
t0

≤ mα2

2
+
C1α

2

R2

(
α2

α− 1
+ 1

)
T ′,

(C1 = max{m2C2/8, C2 + C/2}),

On BR
2

, η = 1,∇η = 0, so for all (t, x) ∈ (0, T ′]×BR
2

t(|∇f |2 − α∂tf)|t=T ′ = F (T ′, x) = ηF (T ′, x) ≤ ηF (t0, x0)

≤ mα2

2
+
C1α

2

R2

( α2

α− 1
+ 1

)
T ′,

T ′ is arbitrary, so

(|∇f |2 − α∂tf) ≤
mα2

2t
+
C1α

2

R2

( α2

α− 1
+ 1

)
. (39)



From Theorem 5 we can conclude Theorem 6

Theorem 6 (Harnack-type Inequality of Heat Equation with Witten Laplacian ). Let u be a positive solution of the heat
equation ∂tu = Lu in (0, T ]×BR, where α > 1. For any x1, x2 ∈ BR

2
and 0 < t1 < t2 ≤ T , the following inequality holds:

u(x1, t1) ≤ u(x2, t2)

(
t2
t1

)mα
2

exp

(
α2∥x1 − x2∥2

4(t2 − t1)
+
Cα

R2

(
1 +

α2

α− 1

)
(t2 − t1)

)
, (40)

where C = C(m,n).

Proof. Let f = log u. Consider the line segment

L(s) = (1− s)(t2, x2) + s(t1, x1).

We have

log
u(x1, t1)

u(x2, t2)
=

∫ 1

0

d

ds
f(L(s)) ds

=

∫ 1

0

[∇f(L(s)) · (x1 − x2) + ∂tf(L(s))(t1 − t2)] ds.

Moreover, using the inequality

−∂tf ≤ − 1

α
|∇f |2 + mα

2t
+

[
Cα

R2

(
α2

α− 1
+ 1

)]
,

we get

log
u(x1, t1)

u(x2, t2)
≤

∫ 1

0

[
|∇f(L(s))| |x1 − x2|

+
(
− 1

α
|∇f |2(L(s)) + mα

2[(1− s)t2 + st1]

+
Cα

R2

(
α2

α− 1
+ 1

))
(t2 − t1)

]
ds.

Using the inequality

|∇f(L(s))| |x1 − x2| −
t2 − t1
α

|∇f |2(L(s)) ≤ αd2(x1, x2)

4(t2 − t1)
,

we obtain

log
u(x1, t1)

u(x2, t2)
≤ αd2(x1, x2)

4(t2 − t1)
+
mα

2
ln
t2
t1

+
Cα

R2

(
α2

α− 1
+ 1

)
(t2 − t1).

Finally, we can prove Theorem 3:

Proof of Theorem 3. The VP-SDE is given by

dxt = −1

2
βtxtdt+

√
βtdWt, (41)

and its corresponding Fokker-Planck equation (FPE) is

∂pt(x)

∂t
=

1

2
βt (∇x · [xpt(x)] + ∆xpt(x)) . (42)



We can reparameterize t by letting ds = 1
2βtdt. Then,

s(t) =
1

2

∫ t

0

βrdr, (43)

d
dt

=
1

2
βt

d
ds
. (44)

Thus,
∂pt(s)(x)

∂s
=
∂pt
∂t

dt
ds

=
∂pt(x)

∂t
· 1

1
2βt

= ∇x · [xpt(x)] + ∆xpt(x). (45)

For this new FPE
∂pt(s)(x)

∂s
= ∇x · [xpt(s)(x)] + ∆xpt(s)(x), (46)

the corresponding SDE is
dxt(s) = −xt(s)ds+

√
2dWs. (47)

Assume p(x, t) is a positive solution to this FPE, and let u(x, t) = p(x, t)e|x|
2/2. Computing the right-hand side:

∇(xp) = x∇p+ np = (nu+ x∇u− |x|2u)e−|x|2/2, (48)

∆p = ∇ · [(∇u− xu)e−x2/2] = [∆u− nu− 2x∇u+ |x|2u]e−|x|2/2, (49)

∇(xp) + ∆p = [∆u− x∇u]e−|x|2/2. (50)

Thus, the FPE for u is
∂ut(s)(x)

∂s
= ∆u− x · ∇u = ∆u−∇ϕ · ∇u, ϕ =

|x|2

2
, (51)

which satisfies the equation in Theorem 6, and we can easily figure out that k(|x|) = 1 > 0.
Therefore, for any α > 1, x1, x2 ∈M, 0 < s1 < s2 < +∞, and let R→ ∞, the following inequality holds:

u(x1, t(s1)) ≤ u(x2, t(s2))

(
s2
s1

)mα
2

exp

(
α2∥x1 − x2∥2

4(s2 − s1)

)
. (52)

Rewriting it in terms of p, we obtain

p(x1, t(s1)) ≤ p(x2, t(s2))

(
s2
s1

)mα
2

exp

(
α2∥x1 − x2∥2

4(s2 − s1)
+

∥x2∥2 − ∥x1∥2

2

)
. (53)

2.4. Proof of Theorem 4
First we give Lemma 4 without proof as below:

Lemma 4 (Bochner Formula and Bakry–Émery Inequality [2]). For any g ∈ C3, we have

1

2
∆|∇g|2 = |∇2g|2 + ⟨∇g,∇∆g⟩ , (54)

and furthermore

1

2
∆|∇g|2 ≥ |∆g|2

n
+ ⟨∇g,∇∆g⟩ (55)

where |∇2g|2 = Σn
i,j=1(∂ijg)

2.

Based on this we give proof of Theorem 7:



Theorem 7 (Gradient Estimate of Heat equation). Let u be a positive solution to the heat equation

∂tu = ∆u, (56)

on (0, T ]×BR. Then for any (t, x) ∈ (0, T ]×BR
2

, the following inequality holds:

|∇u|2

u2
− α

∂tu

u
≤ nα2

2t
+
Cα2

R2

(
1 +

α2

α− 1

)
, (57)

where C(n) is a constant depends on n.

Proof. Like the proof of Theorem 5, just turn L into ∆ and then we can get the conclusion.

From Theorem 7 we can conclude Theorem 8:

Theorem 8 (Harnack-type Inequality of Heat Equation). Let u be a positive solution of the heat equation ∂tu = ∆u in
(0, T ]×BR, where α > 1. For any x1, x2 ∈ BR

2
and 0 < t1 < t2 ≤ T , the following inequality holds:

u(x1, t1) ≤ u(x2, t2)

(
t2
t1

)mα
2

exp

(
α2∥x1 − x2∥2

4(t2 − t1)
+
Cα

R2

(
1 +

α2

α− 1

)
(t2 − t1)

)
, (58)

where C = C(n).

Proof. Like the proof of 6.

Finally, we can prove Theorem 4:

Proof of Theorem 4. The VE-SDE form is given by dxt =
√

dσ2
t

dt dWt, and its corresponding FPE form is

∂pt(x)

∂t
=

1

2

dσ2
t

dt
∆x(pt(x)).

We can reparameterize t by letting s = 1
2σ

2
t , which gives ds

dt = 1
2

dσ2

dt . Therefore,

∂pt(s)(x)

∂s
=
∂pt
∂t

dt
ds

=
∂pt(x)

∂t

1
1
2

dσ2

dt

= ∆x(pt(x)).

For this new FPE ∂pt(s)(x)

∂s = ∆x(pt(x)), its corresponding SDE form is:

dxt(s) =
√
2dWs.

Assume p(x, t) is the fundamental solution of this FPE, satisfying Theorem 8.
Thus, for any α > 1, x1, x2 ∈M , and 0 < s1 < s2 < +∞, let R→ ∞, the following inequality holds:

u(x1, t(s1))) ≤ u(x2, t(s2))

(
s2
s1

)nα
2

exp

(
α2∥x1 − x2∥2

4(s2 − s1)

)
. (59)

3. Relationship Between MSE Bound and Harnack-type Inequality
In this section we provide a deeper insight into the connection between Theorems 1 and 3: they respectively lead to Theorems
12 and 10. In essence, these two results offer complementary perspectives on the evolution of the KL divergence.



3.1. Harnack-type inequality to KL-divergence
Starting from Harnack-type inequality, we can arrive at log-Harnack inequality. Consider SDE

dXt = −Xtdt+
√
2dWt,

we obtain Theorem 9:

Theorem 9 (log-Harnack inequality). Let u(t, x) = Ptf(x) =
∫
φt(x, y)f(y)dy with the OU Mehler kernel φt(x, y) =

(2πst)
−n/2 exp

(
− |y−e−tx|2

2st

)
, st = 1− e−2t. Assume supp(f) ⊂ B(0, R). Then for every t > 0 and every x, y ∈ Rn,

Pt log f(y) ≤ logPtf(x)+ | x− y | sup
z∈[x,y]

√
mα2

2t
+ α

(
e−t

st
S′(z, t)

)
,

where S′(x, t) = ((R2 + e−2t | x |2 +2e−tR | x |)2+ | x | R+ e−t | x |2 −ne−t), [x, y] := {x+ θ(y − x) : θ ∈ [0, 1]}. In
particular, on any bounded domain K with supz∈K |z| ≤M one has

Pt log f(y) ≤ logPtf(x)+ | x− y |

√
mα2

2t
+ α

(
e−t

st
S′(| x |=M, t)

)
(60)

= logPtf(x) + SK(t) | x− y | . (61)

Proof. From Theorem 5 we conclude that a Gradient estimate holds on Rn:

|∇u|2

u2
− α

∂tu

u
≤ mα2

2t
,

where α > 1,m > n. For φt, we have

∇x logφt(x, y) =
e−t

st
(y − e−tx), (62)

∆x logφt(x, y) = −ne
−2t

st
. (63)

Thus

∂t log u =
Lxu

u
(64)

=

∫
(∆xφt(x, y)− x · ∇xφt(x, y))f(y)dy∫

φt(x, y)f(y)dy
(65)

=

∫
(∆x logφt(x, y) + ∥∇x logφt(x, y)∥2 − x · ∇x logφt(x, y))φt(x, y)f(y)dy∫

φt(x, y)f(y)dy
(66)

= EY∼πt,x

[
∆x logφt(x, Y ) + ∥∇x logφt(x, Y )∥2 − x · ∇x logφt(x, Y )

]
, (67)

= EY∼πt,x

[
−ne

−2t

st
+
e−2t

s2t
∥Y − e−tx∥2 − e−t

st
(x · Y − e−tx2)

]
, (68)

where πt,x = φt(x,y)f(y)∫
φt(x,y)f(y)dy . As supp(f) ⊂ B(0, R),

∂t log u = EY∼πt,x

[
−ne

−2t

st
+
e−2t

s2t
∥Y − e−tx∥2 − e−t

st
(x · Y − e−t | x |2)

]
≤ −ne

−2t

st
+
e−2t

s2t
(R2 + e−2t | x |2 +2e−tR | x |)2

+
e−t

st
(| x | R+ e−t | x |2)

≤ e−t

st
((R2 + e−2t | x |2 +2e−tR | x |)2+ | x | R+ e−t | x |2 −ne−t)

=
e−t

st
S′(x, t).



Thus

∥∇ log u∥2 ≤ mα2

2t
+ α

(
e−t

st
S′
K(x, t)

)
, (69)

∥∇ log u∥ ≤

√
mα2

2t
+ α

(
e−t

st
S′(x, t)

)
, (70)

we can easily get that

log u(t, y)− log u(t, x) ≤| x− y | sup
z∈[x,y]

√
mα2

2t
+ α

(
e−t

st
S′(z, t)

)
, (71)

by Jesen’s inequality, we have

Pt log f(y) ≤ logPtf(x)+ | x− y | sup
z∈[x,y]

√
mα2

2t
+ α

(
e−2t

st
S′(z, t)

)
, (72)

as desired.

Thus we obtain theorem below.

Theorem 10 (entropy–cost inequality). Let K ⊂ Rn be compact, and assume the transition kernels Pt(x, ·) = φt(x, ·)dy
satisfy the pointwise log-Harnack inequality 60 above for all x, y ∈ K. Then for any two probability measures µ, ν supported
in K and any coupling π ∈ Π(µ, ν),

KL(Ptν ∥ Ptµ) ≤
∫∫

|x− y|SK(t)π(dx, dy) = SK(t)Eπ[|X − Y |].

Taking the infimum over couplings,

KL(Ptν ∥ Ptµ) ≤ SK(t)W1(µ, ν) ≤ SK(t)W2(µ, ν), (73)

so in particular the KL at time t is bounded by a compact-set constant SK(t) times the initial Wasserstein distance.

Proof. Recall the variational (Donsker–Varadhan) formula for relative entropy of two probability densities ρ, µ [8]:

KL(Ptν ∥ Ptµ) = sup
ϕ∈Bb

{∫
ϕ(z)Ptν(dz)− log

∫
eϕ(z) Ptµ(dz)

}
,

where Bb denotes bounded measurable functions, Ptν(dz) =
∫
y
φt(y, z) ν(dy) dz, Ptµ(dz) =

∫
x
φt(x, z)µ(dx) dz.

For an arbitrary bounded ϕ set f = eϕ ≥ 1. Then∫
ϕ(z)φt(y, z) dz ≤ log

∫
eϕ(z) φt(x, z) dz + |x− y|SK(t).

Taking the supremum over all bounded ϕ yields exactly

KL
(
φt(y, ·)

∥∥∥φt(x, ·)
)

≤ |x− y|SK(t).

Now fix any coupling π ∈ Π(µ, ν). By convexity of KL under mixtures (or the standard coupling inequality),

KL(Ptν ∥ Ptµ) = KL
(∫

φt(y, ·) ν(dy)
∥∥∥ ∫

φt(x, ·)µ(dx)
)

≤
∫∫

KL(φt(y, ·) ∥φt(x, ·)) π(dx, dy).

Using the kernel bound and factoring SK(t) yields

KL(Ptν ∥ Ptµ) ≤
∫∫

|x− y|SK(t)π(dx, dy) = SK(t)Eπ[|X − Y |].

Taking infimum over π gives the W1 form. Finally the monotonicity W1 ≤W2 yields the stated W2-bound.



3.2. Score MSE bound to KL-divergence
Definition 1 (Relative Fisher Information). Let ν and µ be two probability measures on Rn such that ν is absolutely continuous
with respect to µ. The relative Fisher information of ν with respect to µ is defined by

I(ν ∥µ) :=
∫
Rn

∥∥∥∇ log
dν

dµ
(x)

∥∥∥2 dν(x),
where dν

dµ denotes the Radon–Nikodym derivative of ν with respect to µ, and ∇ log dν
dµ is the score function of ν relative to µ.

Intuitively, I(ν ∥µ) measures the squared L2(ν)-distance between the score functions of ν and µ.

Theorem 11. Let Xt ∈ Rn be the output of the SDE

dXt = a(Xt, t)dt+ g(t)dWt. (74)

Then for the above KL-divergence, we have

d
dt
KL(Ptν ∥ Ptµ) = −1

2
g2(t)I(Ptν ∥ Ptµ). (75)

For OU process
dXt = −Xtdt+

√
2Wt,

we have the form:

d
dt
KL(Ptν ∥ Ptµ) = −I(Ptν ∥ Ptµ). (76)

Proof. We note Ptν = pt, Ptµ = qt for convenience. FPE of equation 74 is

∂tpt = −∇ · (apt) +
1

2
σ2(t)∆pt,

as for differential entropy H(Xt) = −
∫
pt log ptdx, we obtain

d
dt
H(Xt) = −

∫
∂tpt log ptdx−

∫
∂tptdx

= −
∫
∂tpt log ptdx

=

∫
∇ · (apt) log ptdx−

∫
1

2
g2(t)∆pt log ptdx,

then we calculate the terms in the above equation,∫
∇ · (apt) log ptdx = (−1)

∫ 〈
atpt,

∇pt
pt

〉
= −

∫
⟨at,∇pt⟩

= Ept
[∇ · at],

using ∆ log p = ∆p/p− (∇ log p)2,∫
1

2
g2(t)∆pt log ptdx =

1

2
g2(t)

∫
pt∆ log pt

=
1

2
g2(t)

∫
pt(∆pt/pt − (∇ log pt)

2)

= −1

2
g2(t)

∫
pt(∇ log pt)

2,



so we obtain

d
dt
H(Xt) =

1

2
g2(t)

∫
pt(∇ log pt)

2 + Ept
[∇ · at].

Then we consider the term S(pt, qt) = −
∫
pt log qtdx,

d
dt
S(pt, qt) = −

∫
∂tpt log qtdx−

∫
pt
qt
∂tqtdx

=

∫
∇ · (apt) log qtdx−

∫
1

2
g2(t)∆pt log qtdx

+

∫
∇ · (aqt)

pt
qt

dx−
∫

1

2
g2(t)∆qt

pt
qt

dx,

then we calculate the terms in the above equation,∫
∇ · (apt) log qtdx = (−1)

∫ 〈
atpt,

∇qt
qt

〉
= −

∫
⟨at,∇ log qt⟩ pt,

∫
∇ · (aqt)

pt
qt

dx = (−1)

∫ 〈
atqt,

qt∇pt − pt∇qt
q2t

〉
= −

∫ 〈
at,∇pt −

pt∇qt
qt

〉
= Ept

[∇ · at] +
∫

⟨at,∇ log qt⟩ pt,

∫
1

2
g2(t)∆qt

pt
qt

dx = −1

2
g2(t)

∫ 〈
∇qt,

qt∇pt − pt∇qt
q2t

〉
= −1

2
g2(t)

∫
⟨∇ log qt,∇ log pt −∇ log qt⟩ pt,

∫
1

2
g2(t)∆pt log qtdx = −1

2
g2(t)

∫ ∫
⟨∇ log pt,∇ log qt⟩ pt,

so we obtain

d
dt
S(pt, qt) = −1

2
g2(t)

∫
pt[(∇ log qt)

2 − 2 ⟨∇ log pt,∇ log qt⟩] + Ept [∇ · at].

Then we have

d
dt
KL(pt∥qt) = −1

2
g2(t)I(pt ∥ qt).

Still, we consider SDE
dXt = −Xtdt+

√
2Wt,

then we obtain conclusion below via Theorem 11 and 1:



Theorem 12 (KL Bound for Ornstein–Uhlenbeck SDE). Consider the Ornstein–Uhlenbeck SDE

dXt = −Xt dt+
√
2 dWt,

by Theorem 1 we obtain

I(pt ∥ qt) ≤ 4R2 e−2t

(1− e−2t)2
,

and let pt and qt be the distributions of two solutions with different initial conditions. Then, there exists a constant C > 0 such
that for all t ≥ 0,

KL(pt ∥ qt) =
∫ ∞

t

I(ps ∥ qs) ds ≤
∫ ∞

t

4R2 e−2s

(1− e−2s)2
ds ≤ 2R2 e−2t

1− e−2t
,

where I(ps ∥ qs) denotes the relative Fisher information (or score MSE) of ps with respect to qs.
In particular, this provides an explicit upper bound for the KL divergence between pt and qt in terms of t.

3.3. Conclusion
Via Theorem 1 and 3, we can get Theorem 12 and 10, which both bound the KL-divergence KL(pt ∥ qt).

We can observe that these two approaches are closely related in spirit:
• The MSE-bound approach (Theorem 12) directly controls the relative Fisher information

I(pt ∥ qt) = Ept
[ |spt

− sqt |2 ],

and then integrates it over time to obtain an explicit upper bound for the KL-divergence.
• The Harnack inequality approach (Theorem 10) instead provides a pointwise control on the semigroup, which, via coupling

and Wasserstein distances, leads to a KL upper bound of the form

KL(Ptν ∥ Ptµ) ≤ SK(t)W1(µ, ν) ≤ SK(t)W2(µ, ν).

• In essence, both methods link the KL divergence at time t to some notion of discrepancy at the initial time: MSE-bound
does it via the score difference (relative Fisher information), while Harnack-bound does it via transport distances (W1 or
W2). The MSE bound can be seen as a “local-in-space” version of the Harnack control: if the pointwise kernel control from
Harnack implies a bound on ∇ log pt, then integrating it yields a Fisher-information-type bound. Thus, the two approaches
are complementary perspectives on how initial differences propagate under the dynamics of the SDE.
This observation highlights that controlling either the score differences or the pointwise semigroup can provide rigorous

quantitative bounds on the evolution of KL divergence in diffusion processes.

4. Algorithm Comparison
Figure 1 compares standard CFG and C2FG. At each timestep t during generation, the C2FG update replaces the standard
CFG as follows:

ϵ̂ωc (xt) = ϵ̂∅(xt) + ω(t)
[
ϵ̂c(xt)− ϵ̂∅(xt)

]
.

Algorithm 1 Reverse Diffusion with CFG
Require: xT ∼ N (0, Id), 0 ≤ ω ∈ R

1: for i = T to 1 do
2: ϵ̂ωc (xt) = ϵ̂∅(xt) + ω[ϵ̂c(xt)− ϵ̂∅(xt)]
3: x̂ω

c (xt)← (xt −
√
1− ᾱtϵ̂

ω
c (xt))/

√
ᾱt

4: xt−1 =
√
ᾱt−1x̂

ω
c (xt) +

√
1− ᾱt−1ϵ̂

ω
c (xt)

5: end for
6: return x0

Algorithm 2 Reverse Diffusion with Our Method
Require: xT ∼ N (0, Id), ω(t) ∈ C[0,+∞)

1: for i = T to 1 do
2: ϵ̂ωc (xt) = ϵ̂∅(xt) + ω(t)[ϵ̂c(xt)− ϵ̂∅(xt)]
3: x̂ω

c (xt)← (xt −
√
1− ᾱtϵ̂

ω
c (xt))/

√
ᾱt

4: xt−1 =
√
ᾱt−1x̂

ω
c (xt) +

√
1− ᾱt−1ϵ̂

ω
c (xt)

5: end for
6: return x0

Figure 1. Comparison between reverse diffusion process by CFG and C2FG. Our C2FG guidance weight ω(t) is a time-decay function.



5. Additional Experiments
More Visualized Analysis on Theorem 1. In Figure 2, each pixel in the heatmap corresponds to the logarithmic ratio of the
conditional prediction to the unconditional prediction at a specific spatial location and channel. A value of zero (shown as
white) indicates no difference (ratio=1). Positive values (red) indicate amplification of the conditional prediction relative to the
unconditional one, while negative values (blue) indicate suppression. Importantly, the further a pixel’s value deviates from
zero—whether red or blue—the larger the discrepancy between the two predictions. Thus, both strong red and strong blue
regions highlight locations where the conditional and unconditional outputs differ most significantly.

Building on Theorem 1, these heatmaps provide a visual representation of how the score discrepancy evolves over time and
across spatial locations. In particular, the early timesteps (larger t indices in the backward diffusion process) show relatively
mild color variations, consistent with the theoretical bound ∥∇ log p−∇ log p̃∥ ∝ α(t)/σ2(t), which predicts smaller score
differences at well-mixed later times. Conversely, at timesteps closer to the end of the reverse diffusion (smaller t indices), the
heatmaps exhibit more pronounced red and blue regions, indicating larger deviations between conditional and unconditional
predictions. This aligns with the theoretical observation that the MSE between scores can be large near small diffusion times,
where initial distribution differences are amplified. Therefore, the heatmaps not only highlight spatially localized discrepancies
but also corroborate the temporal trend predicted by Theorem 1, illustrating that both strong positive (red) and negative (blue)
regions correspond to locations and timesteps with significant score mismatch.
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Figure 2. Heatmaps of the logarithmic ratio (log2) between conditional and unconditional predictions at selected timesteps. White indicates
no difference (ratio=1), while red and blue highlight amplification and suppression, respectively. Stronger colors denote larger deviations
between the two predictions.

Comparisons of various forms of ω(t). As shown in Figure 3, we compare the performance of our method with the DiT-XL/2
baseline [19] under a fixed parameter λ = 1.0. We observe that the curve corresponding to our method consistently lies
below that of the baseline, indicating a strictly better IS–FID trade-off. In Figure 4b, we further evaluate several alternative
choices of the scheduling function ω(t) in [26], including sin

(
(t/tm)π

)
, t/tm, 1 − t/tm, together with our proposed

formulation(exp(1− t/tm)), whose trends are shown in Figure 4a. We observe that certain choices such as sine-based ω(t)
perform even worse than the DiT baseline. Besides, although some of these functions share a broadly similar decreasing trend
with our design, they are not aligned with the approximate exponential upper bound derived from our framework. Consequently,
their empirical IS–FID trade-off performance is consistently inferior to ours.

These results highlight that the improvement does not merely come from tuning the scaling magnitude, but primarily from
how the temporal modulation interacts with the diffusion dynamics. In particular, our schedule suppresses error amplification
in early steps while preserving semantic consistency in later denoising stages, yielding more stable and efficient generation
across the entire sampling trajectory.
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Figure 3. Impact of the initial schedule weight ω0 on IS–FID performance (with fixed λ = 1.0, 250 inference steps).
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Figure 4. Comparison of IS–FID performance under different hyperparameter settings on DiT-XL/2 and ImageNet-256.

ImageNet( 256×256 )
Model 25 inference timesteps FID↓ IS ↑ Prec↑ Rec↑
DiT-XL/2 (baseline, ω = 1.5) 11.88 192.13 0.7176 0.6651
DiT-XL/2+β-CFG (ω = 1.5, a = b = 2.0) 8.42 254.42 0.8038 0.6026
DiT-XL/2 + RAAG (ωmax = 18.0, α = 12.0) 21.57 444.57 0.8360 0.2636
DiT-XL/2 + Ours (ω0 = 1.0, λ = 1.0) 7.70 294.03 0.7994 0.6357

Table 1. Performance comparison between our method and existing adaptive CFG approaches on ImageNet-256.

To further validate our approach, we compare it against recent time-varying strategies, specifically RAAG [29] and β-
CFG [18]. We follow the official hyperparameters from the original papers (β-CFG: a = b = 2.0; RAAG: ωmax = 18.0, α =
12.0). These comparisons are conducted on the DiT-XL/2 model using ImageNet-256, with the results summarized in Table 1.
The quantitative comparison reveals that, under identical settings, our approach achieves superior overall performance,
particularly in term of FID (7.70). While β-CFG yields marginally higher Precision, it significantly lags in all other metrics.



Furthermore, we observe that though RAAG obtains the highest IS score (444.57) and the highest Precision, it suffers from
severely degraded FID (21.57) and Recall (0.2636). In other word, its guidance mechanism emphasizes semantic alignment
(IS) rather than accurate distribution fitting (FID), leading to degraded performance. We attribute this to its design focus on
text-to-image generation, which appears to generalize poorly to class-conditional settings. In contrast, our method demonstrates
superior generalization capabilities, proving robust across diverse tasks and model architectures.
Analysis of Parameters in C2FG. As shown in Figure 5a and 5b, ω0 sets the initial or maximum guidance strength, and λ
controls the rate of exponential decay. Moreover, Table 2 presents an ablation study on the hyperparameter λ. While the results
demonstrate that various λ values are effective for enhancing performance, the best outcome is achieved with λ = log e = 1.0.
The results indicate that this C2FG design is effective.
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Figure 5. (a) demonstrates the impact of initial weight ω0; (b) illustrates how different λ values affect the decay profile.

ImageNet(256×256), 50k samples, 250 SDE inference timesteps

Model FID↓
REPA (Fixed CFG = 1.35) 1.80
REPA (λ = log 2) 1.68
REPA (λ = 1(log e)) 1.51
REPA (λ = log 3) 1.58

Table 2. Comparison between the different effect of λ, fixing ω0 = 1.0.

Results on More Framework. In Table 3, we show the results of our C2FG on autoguidance introduced by [13] with the
model of EDM2 [14]. Autoguidance involves two denoiser networks D0(x;σ, c) and D1(x;σ, c) and the guiding effect is
achieved by extrapolating between the two denoising results by a factor ω:

Dω(x;σt, c) = ωD1(x;σt, c) + (1− ω)D0(x;σt, c),

based on their method, we make ω be a time-variance function ω(t) with the same formula of C2FG: ω(t) = ω0 exp(1−t/tmax).
As shown in Table 3, our dynamic guidance ω(t) consistently improves over the static guidance baseline. On ImageNet-64,
where the model operates directly in the pixel domain, our method achieves lower FID and FD-DINOv2 [1], indicating that
dynamic weighting not only preserves fidelity but also enhances semantic alignment. On high-resolution ImageNet-512, which
is considerably more challenging, we also observe clear gains under the same setting, confirming that the proposed C2FG can
robustly integrate with autoguidance across scales. These results highlight the generality of our approach: the time-dependent
extrapolation scheme provides a more adaptive balance between fidelity and diversity than a fixed scalar weight.
Denoising Process. As shown in Figure 6, we provide a qualitative comparison of intermediate decoding results between our
C2FG and the baseline across the denoising trajectory. From step 250 down to 50, both methods generate visually similar
results. However, in the final refinement stage (from step 50 to 0), the difference becomes more pronounced: our C2FG
produces sharper structures and more coherent details, highlighting the benefit of dynamically adjusting the guidance strength
in the later denoising steps.



ImageNet(64×64)

Model FID↓ FDDINOv2 ↓
EDM2-S-autoguidance (ω = 1.7) 1.044 56.3
EDM2-S-autoguidance+Ours(ω0 = 0.9, λ = 0.7) 1.028 52.7

ImageNet (512×512), 10k samples

EDM2-S-autoguidance (ω = 1.4) 5.27 121.2
EDM2-S-autoguidance+Ours(ω0 = 0.9, λ = 0.5) 5.15 116.7

Table 3. We evaluated conditional image generation on ImageNet with EDM2 and Autoguidance.

250 0510152050

O
u

r 
M

et
h
o

d
C

F
G

t

Figure 6. Comparison between results during the denoising process of C2FG and Baseline.

Table 4. Additional Comparisons. Left: Comparisons with dynamic guidance methods on SD1.5 (MS-COCO) and SiT (ImageNet). Right:
Results on modern T2I models (Flux, SD3).

Compare Fixed SD1.5,MS-COCO Fixed SiT,ImageNet Compare T2I models (CLIP↑)

Method CFG CFG++ β-CFG C2FG (4,1) FDG C2FG(1.7,0.15) Models Flux (1.5,1) SD3 (5,1)

FID(10k) ↓ 19.32 18.87 16.74 16.71 6.15 3.20 CFG 31.4 31.4
CLIP(10k) ↑ 32.0 32.0 31.7 32.0 – – C2FG 31.5 31.5

Additional Results. In Table 4 we compare our methods with other methods on different models. On SD1.5 [21], C2FG
achieves the best FID&CLIP, surpassing CFG++ [6] and β-CFG [18]. It also consistently improves Flux [16] and SD3 [9].
On SiT [28], C2FG outperforms FDG [23]. Thus C2FG consistently outperforms other methods across diverse tasks, verifying
its strong generality. And Figure 7 shows our visualized results on T2I tasks. Additionally, Figure 8 shows additional results
using our C2FG method on DiT and SiT models.



Figure 7. Visual Comparison. C2FG produces images that better align with the text prompt than standard CFG, yielding more faithful
details, consistent with the quantitative gains in Table 4.

SD3 +Ours Flux +Ours

Prompt: A rustic wooden signpost sticking out of the grass in a beautiful garden. The text 'Control CFG' is 
carved into the wood. Sunlight, lens flare, detailed textures.

(a) Images generated by the DiT-XL/2 model with C2FG on ImageNet-256.

(b) Images generated by the SiT-XL/2 (REPA) model with C2FG on ImageNet-256.

Figure 8. Additional results for C2FG.
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