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Abstract

Classifier-Free Guidance (CFG) is a cornerstone of modern
text-to-image models, yet its reliance on a semantically vac-
uous null prompt (∅) generates a guidance signal prone to
geometric entanglement. This is a key factor limiting its pre-
cision, leading to well-documented failures in complex com-
positional tasks. We propose Condition-Degradation Guid-
ance (CDG), a novel paradigm that replaces the null prompt
with a strategically degraded condition, cdeg. This reframes
guidance from a coarse “good vs. null” contrast to a more
refined “good vs. almost good” discrimination, thereby
compelling the model to capture fine-grained semantic dis-
tinctions. We find that tokens in transformer text encoders
split into two functional roles: content tokens encoding ob-
ject semantics, and context-aggregating tokens capturing
global context. By selectively degrading only the former,
CDG constructs cdeg without external models or training.
Validated across diverse architectures including Stable Dif-
fusion 3, FLUX, and Qwen-Image, CDG markedly improves
compositional accuracy and text-image alignment. As a
lightweight, plug-and-play module, it achieves this with
negligible computational overhead. Our work challenges
the reliance on static, information-sparse negative sam-
ples and establishes a new principle for diffusion guidance:
the construction of adaptive, semantically-aware negative
samples is critical to achieving precise semantic control.
Code is available at https://github.com/Ming-
321/Classifier-Degradation-Guidance.

1. Introduction
Diffusion Models (DMs) have become a dominant force in
generative modeling [15, 37, 38], with latent diffusion [29]
and transformers [26] continually advancing text-to-image
synthesis. Pivotal to this progress is Classifier-Free Guid-
ance (CFG) [14], which steers generation by extrapolating
unconditional predictions toward conditional ones, and has
become a cornerstone of modern text-to-image systems [6–
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8, 12, 17, 20, 25, 34, 44, 45].
While pivotal, CFG exhibits failure modes in composi-

tional tasks—text rendering, complex attribute binding, and
spatial relationships (Fig. 1). We argue this stems from the
semantic poverty of ∅: the large gap between c and ∅ yields
an entangled guidance signal that mixes content generation
with style and structure [21, 31]. In contrast, a semantically
close cdeg enables common-mode rejection—suppressing
shared components to isolate pure semantic corrections, as
validated in Sec. 4.

Existing methods to address CFG’s limitations fall into
two camps. Process Rectification methods [21, 31, 33, 36]
retain c vs. ∅ but apply post-hoc corrections—treating
symptoms, not causes. Meanwhile, Negative Reframing
methods [1–3, 9, 19, 28, 30, 32] explore alternatives to
∅—using weak models, random perturbations, attention
manipulations, or VLM-generated negatives—yet none ex-
ploit the inherent semantic structure within the prompt’s
own token embeddings. A critical question remains: how
to construct a negative condition that adaptively degrades
the core semantics of the positive prompt in a principled
manner?

We address this challenge through a key structural obser-
vation: in transformer-based text encoders, token embed-
dings naturally divide into content tokens (encoding object-
specific semantics) and context-aggregating tokens (encod-
ing global compositional context). By selectively remov-
ing content tokens while preserving context-aggregating to-
kens, a strategy we call stratified degradation, we con-
struct a degraded condition cdeg that retains the prompt’s
global semantic scaffold while losing fine-grained details,
reframing guidance from “good vs. null” to “good vs. al-
most good”. We instantiate this principle in Condition-
Degradation Guidance (CDG), a lightweight, plug-and-play
module (Fig. 1).

Stratified degradation rests on the role of context-
aggregating tokens: padding and special tokens that orig-
inally lack intrinsic semantics but acquire rich global con-
text through attention. This is not a quirk of specific ar-
chitectures but a fundamental property of transformer en-
coders; we confirm generality across diverse architectures
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On the blackboard in the 
classroom, red chalk was 
written 'Welcome to new 

students'.

A legendary fantasy 
sword with glowing runes, 
stuck in an ancient mossy 

stone.

An abstract stained glass 
window panel depicting the 

four seasons. The design uses 
bold, black lines to separate 

sections of vibrant, jewel-toned 
glass representing spring, 

summer, autumn, and winter.

A wooden shelf with a 
white cat lying on its 
stomach on the upper 

level and a blue book on 
the lower level.

A person with a surfboard 
in a room.

A cat is observing the 
dishwasher in the kitchen.

SD3 SD3.5 Flux

Figure 1. Qualitative comparison between Classifier-Free Guidance (CFG) and our Condition-Degradation Guidance (CDG) across
three state-of-the-art models (SD3, SD3.5, and Flux). These examples demonstrate CDG’s superior capability in handling complex
compositional prompts where CFG often fails. CDG consistently outperforms CFG in accurate text rendering, precise spatial relationships
and attribute binding, as well as complex object interactions.

(Sec. 6.2).
We validate CDG on Stable Diffusion 3, SD3.5,

FLUX.1-dev, and Qwen-Image, demonstrating consistent
improvements over baselines on FID, CLIP Score, VQA
Score, and GenAI-Bench compositional reasoning with
minimal overhead.

In summary, our contributions are:
• We reveal a functional dichotomy in transformer text en-

coders between content tokens and context-aggregating
tokens, and propose stratified degradation as a principled
strategy for constructing semantically degraded negative
conditions.

• Based on this finding, we introduce Condition-
Degradation Guidance (CDG), a lightweight, training-
free, plug-and-play module requiring no external models
or additional training.

• Extensive experiments across diverse models (SD3,
SD3.5, FLUX.1-dev, Qwen-Image) validate CDG, pro-
viding geometric evidence for superior signal orthogo-
nality and demonstrating consistent metric improvements
with negligible overhead.

2. Related Work

Our work is situated within a broad research effort to en-
hance text-to-image generation. We contextualize CFG re-
finements [14], then focus on paradigms moving beyond the
null prompt.

Refinement of the CFG Framework. Many meth-

ods focus on refining how the standard c vs ∅ guidance
is applied, via geometric corrections (APG [31]) or SVD
(TCFG [21]). While impactful, this research retains the
foundational reliance on the semantically poor null condi-
tion.

Beyond the Null Prompt. Another paradigm moves be-
yond ∅ entirely, reframing guidance as a contrast between
a “good” prediction and a “degraded” one. These methods
can be distinguished by the source of degradation:
• Model Level. One approach uses a separate, typi-

cally weaker model to provide the negative signal, such
as in Autoguidance [19] and Weak-to-Strong Diffu-
sion [3]—effective but requires external model tuning.

• Internal Mechanism Level. Another direction perturbs
the model’s internal representations during the forward
pass, including perturbing attention matrices (PAG [1]) or
smoothing energy curvature (SEG [16]). These methods
manipulate the model’s computational flow to generate
an implicit negative signal. As they operate on a different
principle from input-level modifications, they are largely
orthogonal to our approach and can potentially be com-
bined.

• Input Level. The most direct strategy is to degrade the
conditioning signal c itself. Methods in this category
include using random prompts (ICG [32]), adding un-
structured Gaussian noise (CADS [30]), spatially vary-
ing negatives (SFG [2]), and VLM-generated negatives
(DNP [9]). However, these approaches either remain se-
mantically blind or require expensive external models,
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without exploiting the inherent semantic structure within
the prompt’s own token embeddings.
Our Approach. To address this gap, our Condition-

Degradation Guidance (CDG) exploits the inherent func-
tional dichotomy in transformer text encoders between
content tokens and context-aggregating tokens. Through
stratified degradation—selectively removing content to-
kens while preserving context-aggregating tokens—CDG
constructs a semantically degraded condition that retains
global compositional context. This creates a precise “good”
vs. “almost good” contrast, directly improving guidance
quality without external models or blind perturbations.

3. Background
Denoising Diffusion. Denoising diffusion generates sam-
ples from a data distribution pdata by reversing a process
that gradually corrupts the data with Gaussian noise. This
process yields smoothed densities p(x;σ) = pdata(x) ∗
N (0, σ2I), indexed by the noise level σ. The genera-
tion process is then defined by a probability flow ODE
[18, 35, 38] that evolves samples from pure noise back to-
wards the data distribution:

dxσ = −σ∇xσ
log p(xσ;σ)dσ. (1)

The core of this process is the score function,
∇xσ

log p(xσ;σ), which directs the update.
The score is approximated by a neural network

Dθ(xσ;σ) parameterized by weights θ. While this net-
work can be parameterized in various ways (e.g., to predict
noise), we follow the formulation where it is trained as a
denoiser to predict the clean sample x0 from a noised input
xσ:

θ∗ = argmin
θ

Ex0,σ,ϵ

[
∥Dθ(x0 + σϵ;σ)− x0∥2

]
. (2)

The expectation is taken over x0 ∼ pdata, ϵ ∼ N (0, I), and
σ ∼ ptrain, where ptrain governs the noise level distribution
during training. Given Dθ, we can estimate of the score
function ∇xσ

log p(xσ;σ) ≈ (Dθ(xσ;σ) − xσ)/σ
2. For

conditional generation, the network is trained with an addi-
tional conditioning input c (e.g., a text embedding), becom-
ing Dθ(xσ;σ, c), which provides an estimate of the condi-
tional score ∇xσ

log p(xσ|c;σ).
Classifier-Free Guidance. Due to approximation errors

inherent in finite-capacity networks, generated images often
fail to match the fidelity of the training data.

A widely adopted technique to counteract this is
Classifier-Free Guidance (CFG) [14], which enhances sam-
ple quality by extrapolating from an unconditional predic-
tion towards a conditional one:

DCFG
θ (xσ;σ, c) = Dθ(xσ;σ, c) (3)

+ (w − 1)(Dθ(xσ;σ, c)−Dθ(xσ;σ, ∅)),

where w > 1 is the guidance scale.
Recalling the equivalence between the denoiser and the

score function, we can rewrite the above equation as:

∇xσ
log pw(xσ|c;σ) = ∇xσ

log p(xσ|c;σ) (4)

+ (w − 1)∇xσ
log

p(xσ|c;σ)
p(xσ|∅;σ)

.

4. Understanding CDG: A Geometric Perspec-
tive

We propose Condition-Degradation Guidance (CDG),
which replaces the semantically distant null condition ∅ in
CFG with a semantically degraded condition cdeg that is
close to the original prompt c:

DCDG
θ (xσ;σ, c) = Dθ(xσ;σ, c) (5)

+ (w − 1)(Dθ(xσ;σ, c)−Dθ(xσ;σ, cdeg)).

This reframes guidance from a coarse “good vs. null” con-
trast to a refined “good vs. almost good” discrimination. But
why does this substitution improve guidance quality? We
hypothesize that semantically distant contrasts (c vs. ∅) may
produce guidance signals that interfere with the primary de-
noising direction, while semantic differencing (c vs. cdeg)
achieves better decoupling. To test this hypothesis, we ana-
lyze the geometric properties of the guidance signals.

Analytical Framework. Our analysis builds on the
manifold hypothesis [4, 11], which posits that high-
dimensional natural image data resides on low-dimensional
manifolds. The diffusion process can be viewed as an evo-
lution across a series of progressively smoother manifolds
Mt. Recent theoretical and empirical work [21, 39] has
demonstrated that the score function ∇ log pt(zt) aligns
with the manifold’s normal space Nzt(Mt), which gov-
erns the primary denoising direction, throughout the re-
verse process. Following [21], we apply SVD to conditional
predictions {εc} across diverse prompts from MS-COCO
2017 [23] to approximate the principal denoising subspace
Sc(t) at each timestep t.

To quantify the geometric relationship between guidance
signals and Sc(t), we introduce two metrics, where Sg de-
notes the subspace spanned by the guidance signal ∆ε:
• Geometric Decoupling measures orthogonality between
Sg and Sc:

Decoupling(Sg,Sc) =
1

k

k∑
i=1

sin2(θi), (6)

where θi is the i-th principal angle between the two sub-
spaces and k is the subspace dimension; values approach-
ing 1 indicate near-perfect orthogonality.
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Figure 2. CDG synthesizes a geometrically superior guidance
signal compared to CFG. (Top) Geometric Decoupling: CDG
maintains near-perfect orthogonality throughout generation, while
CFG suffers from significant early-stage entanglement. (Bottom)
Interference Energy Ratio: CDG exhibits minimal interference,
in stark contrast to CFG’s substantial energy waste in misaligned
directions. Together, these analyses demonstrate that CDG’s guid-
ance signal is structurally cleaner and more efficient from its in-
ception, explaining its enhanced compositional control.

• Interference Energy Ratio measures the fraction of
guidance energy projected onto Sc(t):

Interference(∆ε) =
∥PSc(t)∆ε∥2F

∥∆ε∥2F
, (7)

where PSc(t) denotes the orthogonal projection onto
Sc(t); lower values indicate less interference with denois-
ing.
We evaluate these metrics on CFG and CDG across mul-

tiple diffusion timesteps, and the results in Fig. 2 reveal a
striking divergence.

As Fig. 2 shows, CDG maintains near-perfect orthogo-
nality with minimal interference throughout generation, di-
rectly supporting our hypothesis. This aligns with Sadat
et al. [31], who observed that perpendicular guidance com-
ponents improve quality while parallel ones introduce arti-
facts.

Why does CDG achieve this? We attribute it to a
common-mode rejection effect. As semantic neighbors, c
and cdeg share similar normal components; their difference
∆εCDG ∝ ∇zt log

pt(zt|c)
pt(zt|cdeg)

cancels these, leaving primar-
ily semantic distinctions. In contrast, CFG’s semantically
distant contrast (c vs. ∅) cannot achieve this cancellation,
leading to entangled signals that conflate correction with
denoising.

We hypothesize that the effectiveness of this “common-
mode rejection” may stem from ensuring that cdeg preserves

the “global context” shared with c (the common mode)
while removing “specific semantics” (the correction signal).
As we demonstrate in Sec. 5 (see Fig. 4), such a decoupling
is achievable through our stratified degradation strategy. In
Sec. 6.3.2 and Sec. 6.3.3, we will observe asymmetric pat-
terns in experimental results that are consistent with this ge-
ometric interpretation.

5. Method
To construct cdeg as introduced in Sec. 4, we analyze the
model’s internal information flow to identify and strategi-
cally degrade the most semantically important tokens in the
original prompt c. Our complete pipeline is illustrated in
Fig. 3.

To validate the content/context-aggregating dichotomy
that motivates stratified degradation, we employ Weighted
PageRank (WPR) as an analytical tool for quantifying to-
ken importance. Unlike standard approaches that aggre-
gate cross-attention scores—which can paradoxically as-
sign higher importance to context-aggregating tokens (see
Appendix A)—we model the token relationships as a graph,
as shown in Fig. 3 (a–c). Specifically, at a designated block
λblock (detailed below), we extract the self-attention map
A ∈ RN×N , where N is the sequence length. The tokens
serve as the graph’s nodes, while the attention weights in
A provide the edge weights. We then apply the Weighted
PageRank (WPR) algorithm [40, 42] to this attention-
weighted graph to compute a final importance score vector
s ∈ RN (Fig. 3 (d)). The core iterative update of WPR is
defined as:

s(k+1) =
ATs(k)

∥ATs(k)∥1
, (8)

where s(k) is the importance score vector at the k-th itera-
tion, and the process is repeated until convergence. Details
are provided in Appendix A.

As shown in Fig. 4, WPR reveals a clear importance di-
chotomy: content tokens exhibit substantially higher impor-
tance scores than context-aggregating tokens. This separa-
tion is intuitive: content tokens (e.g., “minecraft”, “cook-
ing”) from meaningful text carry specific, fine-grained se-
mantics; context-aggregating tokens lack explicit content
before encoding. Despite this, they absorb contextual infor-
mation through the encoder, carrying coarse-grained global
semantics (as verified in Sec. 6.3.3). The dichotomy re-
vealed by WPR informs our design of the Stratified Degra-
dation strategy: rather than degrading blindly, such as set-
ting global degradation ratios, we exploit this structure to
design a degradation path that prioritizes content tokens
over context-aggregating tokens.

As shown in Fig. 3(e), we partition the set of token in-
dices T into a content set Tcontent and a context-aggregating
set TCtxAgg. We then introduce two key hyperparame-
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attention graph extraction (a–c), where the self-attention map (b) from a transformer block (a) is modeled as a graph (c). Next, the Weighted
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these scores are used to generate a binary mask m (e). Finally, the mask facilitates the construction of cdeg via masked interpolation (f)
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Figure 4. WPR reveals a clear importance dichotomy between content and context-aggregating tokens: content tokens carry fine-
grained semantics while context-aggregating tokens carry coarse-grained semantics, as exemplified by the prompt “A man is cooking,
MineCraft Style.” (a) The stem plot shows that high importance scores (red for CLIP, cyan for T5) are almost exclusively concentrated on
semantic content tokens. (b) The ranked list confirms that the top tokens (“minecraft”, “cooking”, “man”) are almost all content-related.
This dichotomy motivates our Stratified Degradation strategy, which first degrades content tokens and then context-aggregating tokens for
controllable semantic degradation.

ters, rcontent ∈ [0, 1] and rCtxAgg ∈ [0, 1], which rep-
resent the desired replacement ratios for the content and
context-aggregating tokens, respectively. We parameterize
these two ratios through a single unified Degradation Ratio
Rdeg ∈ [0, 2], which maps to the per-type ratios via:

rcontent = min(Rdeg, 1.0), rCtxAgg = max(Rdeg − 1.0, 0).
(9)

This formulation ensures that semantically important con-
tent tokens are degraded before context-aggregating tokens.
Based on these ratios, the number of top-ranked tokens to
replace from each subset is determined: kcontent = ⌊rcontent ·
|Tcontent|⌋ and kCtxAgg = ⌊rCtxAgg · |TCtxAgg|⌋. The final bi-
nary replacement mask m ∈ {0, 1}N is then defined for
each token i as:

mi =


0 if i ∈ Tcontent and ranki ≤ kcontent,

0 if i ∈ TCtxAgg and ranki ≤ kCtxAgg,

1 otherwise,
(10)

where ranki is the rank of token i within its respective sub-
set, determined by sorting the corresponding importance

scores si in descending order. A smaller rank value (e.g.,
1) thus signifies higher importance.

Through this design, Rdeg = 1.0 represents a natural “se-
mantic boundary” that separates two degradation regimes:
• Rdeg ∈ [0, 1.0]: removes content tokens (fine-grained se-

mantics),
• Rdeg ∈ (1.0, 2.0]: removes context-aggregating tokens

(coarse-grained semantics).
This dichotomy-driven formulation provides an inter-
pretable control space. As we show in Sec. 6.3.2 (Fig. 5)
and Sec. 6.3.3 (Fig. 6), Rdeg = 1.0 serves as a robust default
across models—balancing multiple metrics while offering
computational efficiency (no WPR computation needed at
this boundary). Users can adjust around Rdeg = 1.0 to fine-
tune style-alignment trade-offs.

Using the final mask m, we construct the degraded con-
dition cdeg by performing a masked interpolation between
the original condition c and the null condition ∅, as shown
in Fig. 3 (f):

cdeg = m⊙ c+ (1−m)⊙ ∅, (11)
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where ⊙ denotes the element-wise Hadamard product. To
make this degradation adaptive, we introduce an interven-
tion block index, λblock, to specify from which transformer
block the attention map is extracted. At each step, reaching
λblock triggers mask construction via Eq. (10), applying cdeg
(Eq. (11)) for all subsequent blocks within that step.

For computational efficiency, we compute the mask m
only once at the first denoising step and reuse it through-
out generation (Tab. 4), introducing minimal overhead with
negligible performance impact.

6. Experiments
6.1. Experimental Setup
Base Model. Our experiments are built upon four text-
to-image diffusion models: Stable Diffusion 3 Medium
(SD3) [10], Stable Diffusion 3.5 (SD3.5) [10], FLUX.1-dev
(FLUX.1) [5], and Qwen-Image [41]. All models are based
on Transformer architectures at their core.

Dataset. We use 5,000 captions from the MS-COCO
2017 validation set [23] for comprehensive assessment.

Evaluation Metrics. To evaluate the performance
of text-to-image models, we adopt four key metrics:
FID [13], Aesthetic Score [43], CLIP Score [27], and VQA
Score [24]. These metrics primarily assess performance
from two aspects: image quality and text-image alignment.

Additionally, we report results on GenAI-Bench [22], a
compositional reasoning benchmark covering diverse basic
and advanced skills, to evaluate complex compositional ca-
pabilities.

More details of models, datasets, hyperparameters, and
metrics are provided in Appendix C.1–C.3.

6.2. Comparison with Baselines
We compare CDG against baselines including CFG [14],
CADS [30], ICG [32], PAG [1], SEG [16], SFG [2], and
DNP [9] under identical evaluation settings.

Quantitative Results. As shown in Tab. 1, CDG consis-
tently improves over CFG on all four backbones, achieving
best or near-best results in most categories.

Cross-Model Analysis. Tab. 1 reveals CDG’s im-
provements are more pronounced on SD3/SD3.5 than on
FLUX.1, consistent with their training paradigms: FLUX.1
employs Guidance Distillation [5], reducing dependence
on inference-time guidance. To further validate generaliza-
tion, we include Qwen-Image, which uses special tokens
(<|im end|>) instead of padding as context aggregators.
CDG consistently improves over CFG on this architecture
(Tabs. 1 and 2), confirming that stratified degradation gen-
eralizes beyond padding-token architectures to any model
with content/context-aggregating token structure.

Qualitative Results. Fig. 1 presents representative com-
parisons across three models, illustrating typical failure

Table 1. Quantitative comparison on the MS-COCO 2017 valida-
tion set. Results are shown for SD3, SD3.5, FLUX.1, and Qwen-
Image. Best results in bold, second-best underlined. (↓) indicates
lower is better, (↑) higher is better.

Method FID↓ CLIP
Score↑

Aesthetic
Score ↑ VQA

Score↑

SD3

CFG 35.69 31.73 5.66 91.44
CADS 36.16 31.72 5.65 91.44
ICG 39.09 31.41 5.79 90.89
SEG 41.90 30.28 5.56 84.15
PAG 50.60 30.15 5.52 81.27
SFG 38.92 31.72 5.52 90.52
DNP 34.68 31.30 5.51 89.65
CDG 34.05 32.00 5.70 92.40

SD3.5

CFG 34.56 31.85 6.21 91.94
CADS 34.58 31.86 6.21 91.83
ICG 35.41 31.70 6.32 91.80
SEG 38.90 30.71 6.16 88.49
PAG 39.70 30.60 6.25 87.96
CDG 33.07 31.96 6.26 92.61

FLUX.1

CFG 38.55 31.20 6.06 90.31
CADS 38.73 31.21 6.01 90.05
ICG 37.44 31.15 6.11 90.21
CDG 37.11 31.21 6.15 90.62

Qwen CFG 42.45 32.11 2.57 93.66
CDG 39.02 32.31 2.54 93.93

modes of CFG on compositional prompts. CFG struggles
with text rendering (producing misspelled words), spatial-
attribute binding (confusing positions or attributes), and
complex interactions (generating semantically ambiguous
compositions). In contrast, CDG consistently achieves ac-
curate rendering, precise spatial-semantic alignment, and
correct action semantics—improvements consistent with
quantitative gains on compositional benchmarks (Tab. 2).
Additional results are in Appendix C.9.

Benchmark Results. We evaluate CDG on GenAI-
Bench. Tab. 2 shows CDG consistently outperforms all
baselines on SD3.5, with particularly strong gains on Dif-
ferentiation (+3.64) and Comparison (+2.36)—tasks requir-
ing subtle semantic contrasts where CDG’s “good vs. al-
most good” paradigm excels. CDG also significantly out-
performs structure-level methods (PAG, SEG) that lack se-
mantic awareness. Full results are in Appendix C.7.

6.3. Ablation Study
Our ablation study examines four aspects: (1) compo-
nent necessity (Sec. 6.3.1), (2) hyperparameter configura-
tion (Sec. 6.3.2), (3) mechanism validation (Sec. 6.3.3), and
(4) computational efficiency (Sec. 6.3.4). In Sec. 6.3.1, we
use a fixed degradation budget (Rdeg = 1.1) to isolate the
contribution of each component; Sec. 6.2 reports results at
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Table 2. GenAI-Bench compositional reasoning results: Spatial
Relation (Spatial), Comparison (Comp), Differentiation (Differ),
and Universal (Univ).

Method Spatial↑ Comp↑ Differ↑ Univ↑

SD3

CFG 78.66 74.08 77.22 70.74
CADS 78.55 74.05 76.98 70.11
ICG 78.09 73.10 75.89 69.39
SEG 72.26 69.51 70.46 65.52
PAG 69.65 66.40 67.09 64.80
CDG 79.84 74.86 78.26 71.53

SD3.5

CFG 79.66 73.70 75.10 72.21
CADS 79.58 73.54 75.08 71.94
ICG 78.90 74.13 75.63 70.23
SEG 76.34 71.43 72.80 67.73
PAG 75.64 71.02 72.38 66.17
CDG 80.69 76.06 78.74 73.13

FLUX.1

CFG 77.47 72.97 75.39 71.13
CADS 77.42 72.58 74.87 70.81
ICG 77.07 72.83 74.50 71.47
CDG 77.56 73.47 76.17 71.55

Qwen CFG 83.26 80.19 83.41 77.36
CDG 83.79 80.24 83.54 77.56

the default Rdeg = 1.0 identified in Sec. 6.3.2.

6.3.1. Core Component Analysis
We demonstrate that WPR-based ranking effectively cap-
tures semantic structure. Details of experimental setup are
in Appendix C.3.

Tab. 3 reveals that Stratified Degradation is the pri-
mary driver of CDG’s effectiveness. Both stratified vari-
ants (rows 1–2) dramatically outperform all non-stratified
variants (rows 3–5), with VQA improvements of +5.9–12.2
points and FID reductions of 0.9–16.8 points, confirming
that treating content and context-aggregating tokens as sep-
arate degradation pools is crucial for precise semantic con-
trol.

Rows 1 and 2 show comparable performance between
WPR-based and random ranking within the stratified frame-
work (FID: 33.89 vs. 34.17), confirming that WPR serves
as an analysis tool providing determinism and theoretical
grounding for the Rdeg = 1.0 boundary, rather than a nec-
essary component.

Within non-stratified variants, WPR-based ranking (row
3) significantly outperforms reverse ranking (row 4, FID
50.73) and random ranking (row 5, FID 47.02), validating
that WPR correctly identifies semantically important tokens
when ranking is applied.

6.3.2. Optimal Hyperparameter Analysis
Having established that WPR effectively captures semantic
structure (Sec. 6.3.1), we now analyze hyperparameter se-

Table 3. Ablation study on CDG core components at fixed degra-
dation budget (Rdeg = 1.1). ‘✓’ and ‘✗’ denote active and inactive
components. Asterisk (∗) indicates reverse ranking (least impor-
tant tokens).

Components Metrics

Importance Stratified FID↓ CLIP
Score↑

Aesthetic
Score ↑ VQA

Score↑

✓ ✓ 33.89 31.98 5.68 92.21
✗ ✓ 34.17 32.02 5.68 92.27

✓ ✗ 35.06 30.93 5.48 86.31
✓∗ ✗ 50.73 29.86 5.22 80.10
✗ ✗ 47.02 30.39 5.21 83.55

lection. This section demonstrates our hyperparameter se-
lection process on the SD3 model, which guided the config-
urations reported in Tab. 1.

We analyze two key hyperparameters: the intervention
block λblock and the unified Degradation Ratio Rdeg ∈ [0, 2]
introduced in Sec. 5, which maps to per-type degradation
ratios (rcontent, rCtxAgg) via Eq. (9).

0.8 1.0 1.2
Degradation Ratio

29.69

31.12

31.43

31.62

31.75

31.85

31.94

32.01 CLIP Score

block = 0
block = 1
block = 2
block = 13
block = 27

CFG

0.8 1.0 1.2
Degradation Ratio

4.14

5.10

5.31

5.43

5.52

5.59

5.65

5.69 Aesthetic Score

block = 0
block = 1
block = 2
block = 13
block = 27

CFG

Figure 5. Hyperparameter analysis: joint effect of intervention
block (λblock) and Degradation Ratio (Rdeg) on SD3.

As shown in Fig. 5, metrics exhibit an asymmet-
ric response around Rdeg = 1.0, consistent with the
content/context-aggregating dichotomy. The steep slope in
[0, 1.0] (removing content tokens) transitions to a gentler
slope in [1.0, 2.0] (removing context-aggregating tokens),
with the latter region exhibiting relative stability for fine-
grained style control. Experiments confirm λblock = 1 pro-
vides the most robust performance. We adopt Rdeg = 1.0 as
the default due to: (1) multi-metric balance, (2) cross-model
applicability (detailed in Appendix C.4), and (3) compu-
tational efficiency (all content tokens are degraded at this
boundary, bypassing WPR entirely).

To further illustrate the impact of degradation ratio ad-
justments, Appendix C.5 demonstrates qualitative results of
adjusting degradation ratio near optimal parameters.
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6.3.3. CFG* Validation Experiment
To validate the semantic properties of our constructed cdeg,
we design a CFG* experiment where we replace the positive
prompt c in Eq. (3) with cdeg, effectively using the degraded
condition to guide generation. This allows us to directly
probe what semantic information remains in cdeg at differ-
ent degradation levels. Detailed formulation and additional
qualitative results are provided in Appendix C.6.

Qualitative Analysis. As shown in Fig. 6(a), under a
fixed prompt, the generated results progressively lose se-
mantic information as Rdeg increases from 0.00 to 2.00.
In the range [0, 1], specific details such as “sleeping” and
“sofa” are lost, while in [1, 2], the main subject “cat” disap-
pears.

Quantitative Analysis. As shown in Fig. 6(b), the
CLIP Score exhibits monotonic decline with a noticeable
slope change near Rdeg ≈ 1.0. This inflection point aligns
with the content/context-aggregating boundary revealed by
WPR (Fig. 4) and corresponds with the qualitative analy-
sis, supporting our hypothesis that these two token types
encode different semantic granularities. Content token re-
moval (Rdeg ∈ [0, 1.0]) causes steep decline due to loss
of specific semantics, while context-aggregating token re-
moval (Rdeg > 1.0) shows gentler decline as only global
context degrades. Together with the asymmetric pattern in
Fig. 5, these observations provide converging evidence for
the dichotomy-driven design.

Degradation Ratio ↑

Prompt : A cat is sleeping on a couch.

Degradation Ratio ↑

C
LI

P 
Sc

or
e

(a)

(b)

deg 2.00R deg 1.75R deg 1.00R deg 0.70R deg 0.00R 

Figure 6. (a) Semantic degradation sequence under CFG* as Rdeg

increases from 0.00 to 2.00. (b) Quantitative analysis.

6.3.4. Computational Efficiency Analysis
CDG’s efficiency is critical. As shown in Tab. 4, a naive per-
step recomputation incurs substantial overhead (+47.2%)
with negligible performance difference compared to one-
time computation. In contrast, our one-time computation
strategy introduces only minimal overhead (+3.6%). Note
that we use Rdeg = 1.1 for this analysis to evaluate WPR’s
computational cost; at Rdeg = 1.0, WPR computation is

bypassed entirely (all content tokens are degraded), making
overhead assessment infeasible. Crucially, at our default
Rdeg = 1.0 setting, the strategy becomes a simple “replace
all content tokens” operation, achieving near-zero overhead.

Table 4. Efficiency comparison of CDG implementation variants
(one-time vs. per-step WPR computation) on SD3 with Rdeg =
1.1, λblock = 1.

Method Time (s) Aesthetic VQA

CFG (Baseline) 5.456 5.66 91.44

CDG (Per-Step) 8.031 (+47.2%) 5.68 92.33
CDG 5.655 (+3.6%) 5.68 92.21

6.4. Modularity and Applications

CDG is a plug-and-play module that operates directly on
text embeddings, making it naturally compatible with ex-
isting methods and downstream tasks. We demonstrate its
extensibility across three scenarios: (1) combination with
orthogonal methods like PAG [1], (2) image-to-image trans-
lation, and (3) ControlNet-based controllable generation,
with comprehensive results in Appendix C.9.

Appendix B illustrates the CDG pipeline and key code,
demonstrating the high extensibility of our method.

7. Conclusion

CFG’s reliance on the semantically vacuous null prompt
∅ produces geometrically entangled guidance signals, lim-
iting compositional accuracy. Our Condition-Degradation
Guidance (CDG) addresses this by constructing a semanti-
cally degraded condition cdeg through attention-based anal-
ysis, reframing guidance as “good vs. almost good” dis-
crimination. This design enables common-mode rejec-
tion, synthesizing guidance signals with superior orthogo-
nality to the denoising manifold. Validated on state-of-the-
art models, CDG consistently improves compositional rea-
soning and text-image alignment with negligible overhead.
This work establishes a principle: adaptive, semantically-
aware negative synthesis is essential for precise semantic
control in conditional diffusion models.
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